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ABSTRACT

In xDSL technology, high-speed data are transferred betwiee central office and the
customers, or between two or more central offices using aeltd telephone lines. A
major impairment that hinders the increase in data-rataityiv the twisted-pair line is near-
end crosstalk (NEXT) between the adjacent twisted paird. §8tems with overlapping
transmit and receive spectra are susceptible to NEXT whighifcantly increases the
interference noise in the received signal and also redineesetiability and availablity of
the system. One way to cancel the NEXT in the received sign&b ideploy adaptive
filters. However, if adaptive filters are deployed to canaadrg possible NEXT signal
from the other twisted pairs, the computational compleiityreases in proportion téy?
whereN is the number of twisted pairs in the bundle and, therefoteeé¢omes prohibitive
even for small values oiV. In this dissertation, four new methods for NEXT reduction
are proposed. The methods aim at reducing computationgbleaity while maintaining
speed and performance.

In Chapter 3 an efficient NEXT cancellation system is propos&tle new system
first detects the NEXT signals present in the received signdl then assigns adaptive
filters to cancel the most significant NEXT signals detect€de detection process uses
a fast and efficient algorithm that estimates the crosskedioa between the transmitted
and received signal. By subtracting the adaptive filter ety of the NEXT signals that
have been detected and assigned adaptive filters for catae]lthe magnitude of smaller
NEXT signals can be estimated more accurately during the NB&tection stage. The
new system offers an overall computational complexity aeorV. This represents a large
reduction in the computational effort relative to that ieyipus NEXT cancellation system
which offer computational complexities of orda#.

In Chapter 4, the NEXT cancellation system proposed in Chapisrimplemented

using frequency-domain least-mean-square (FDLMS) agafitiers to cancel the NEXT



signals. Several schemes for assigning the adaptive fikkprszes are explored. It has
been found that by making the step sizes proportional to thgnitude of the NEXT sig-
nals during the initial phases of adaptation and then matkieg all equal during the later
phases, the convergence rate can be significantly imprévsdiby returning after conver-
gence to step sizes that are proportional to the magnituidie NEXT signals, a much
better tracking performance is achieved.

In Chapter 5, a new technique that reduces the computationgplexity in adaptive
filters for NEXT cancellation is proposed. In this technigthe filter length of each adap-
tive filter is adjusted according to the strength of the NEXghal. Since the NEXT signals
from the other twisted pairs are typically of different mégdes, using such a technique
leads to a significant reduction in the total number of fillggst when compared with fixed-
length adaptive filters. The NEXT cancellation is startedulsing adaptive filters with
minimum filter lengths. As the adaptation progresses, thex fiéngth of each adaptive fil-
ter is adjusted according to the magnitude of the NEXT sigdpbn convergence, another
algorithm is deployed which readjusts the filter lengthshofse adaptive filters that are too
long or too short.

Chapter 6 deals with another new method to mitigate NEXT based wavelet de-
noising technique. In xDSL systems, the received signataity has greater power in the
lower end of the frequency spectrum whereas the NEXT sigagldneater power in the
higher end. The wavelet technique takes advantage of tferehice between the power
spectrum of the received signal and that of the NEXT to miéighe crosstalk noise. In
addition, the method has a low computational complexityclhakes it fast, efficient,

and well suited for high data-rate applications.
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Chapter 1

Introduction

A subscriber line is the means whereby a telephone user isected to the telephone
network. Through it, the user transmits information to aalawitch to be distributed to
other subscribers on the same network or interconnectened. Due to their ubiquity,
subscriber lines are the most economical means of congettioustomers. During the
1970s and early 1980s the telephone subscriber lines wsseuakd as voice frequency
analog data links. With the advent of powerful and inexpensiomputers however the
demand for higher data transmission rates grew. This cdegbebmmunication system
designers to look beyond the voice channel bandwidth of 3ikldzder to exploit a greater
portion of the frequency spectrum. For telephone lines bidgmedwidth beyond 3 kHz is
severely limited by loop attenuation and crosstalk noiseweler, with advances in signal
processing, echo and crosstalk cancellation, and modaolégichniques developed during
the 1980s, a significant portion of these limitations can®@me. Hence, the loop plant
has rapidly evolved from a simple voice-frequency systemgophisticated access system
for high-speed digital services. This brought about theettggment of the digital loop

carrier and the digital subscriber line.

1.1 Digital Subscriber Lines

In this section, the makeup of a typical loop structure tloeinects the customer premises

to a central (or switching) office (CO) is described. This ibolwed by a description of
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the different types of digital subscriber line (DSL) seesdhat are currently in use. Since
in most of our simulation experiments HDSL and HDSL2 weredyskese systems are

described in more detail.

1.1.1 Cabling in a Typical Subscriber Loop

A typical subscriber loop consists of a pair of insulatedparpwires having a gauge that
ranges from 26 to 19 AWG (approximately 0.4 to 0.91mm). Thelateng dielectric is
usually polyethylene, but some paper-insulated pairslaceséill in service. Fig. 1.1 shows
atypical loop plant. At one end is a multipair feeder cabdd gtarts from the CO and ends
at a feeder distribution interface (FDI). The feeder calale tpp to 50 binder groups, each
of which may contain 12, 13, 25, 50 or 100 pairs. At the feedsridution interface (FDI),
the feeder cable is divided into several smaller distriouttables each consisting of up to
50 pairs. Each distribution cable is then separated intoynmatividual drop-wire pairs for
distribution to customer premises.

Within each cable, the two wires of each pair are twisted rmdoeach other to form
an unshielded twisted pair (UTP). And to reduce the coupliveg causes crosstalk, the

adjacent pairs are made to have different rates of twist.

g(:) Drop wire:

flat or twisted

/

Feeder Cable Distribution Cable

Feeder—distribution
interface

Figure 1.1. Typical loop plant.
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1.1.2 Types of DSL Systems

The DSL family includes the integrated services digitalwak (ISDN), high bit-rate
DSL (HDSL), HDSL2, single-pair symmetric DSL (SDSL), siegpair high-speed DSL
(SHDSL), asymmetric DSL (ADSL), and very-high-data-rat8sLD(VDSL). The Interna-
tional Telecommunications Union has already standari&&N, ADSL, and HDSL. The
ITU-T Recommendations G.995.1 [1] provides a comprehersieeview of ADSL and
HDSL recommendations. HDSL2, SHDSL, and VDSL are curreintiyhe process of be-
ing standardized. SDSL is not standardized but has beenypht various bit rates up to
2.32 Mbit/s. Some basic characteristics of the different B&rvices are listed below:

¢ ISDN. Basic rate ISDN (BRI) was initially aimed at providing aif@nm global net-
work for telephony and data communication. Using an 80 kHmadth, it offers a 160
kbit/s bidirectional data transmission consisting of twidk®it data channels and a 16 kbit/s
control channel. It uses the simple 2B1Q, 4-level pulse aog#i modulation (PAM), and
baseband transmission with echo cancellation. Threentarat ISDN, with different line
codes, exist in different parts of the world as specified aadppendices of ITU Recom-
mendation G.961 [2].

e HDSL. An HDSL transceiver operates at five times the dataoh&RI or standard
DSL. The required signal processing power, however, coal@®times greater because
the discrete channel and echo path impulse responsesrtéimeatimes as many samples
due to a sampling rate that is five times higher. The statettngssion throughput im-
provement of HDSL over ISDN-DSL is also facilitated by a reséd physical reach in
its carrier service area (CSA) operation range. Three HDSlegys are specified in the
ITU-T recommendation G.961 [3]. The first system uses twiad pairs in parallel: each
pair transports bidirectionally at a bit rate of 784 kbiflfie second system uses only two
pairs in parallel: each pair transports bidirectionallyadtit rate of 1168 kbit/s. The third
system uses only one pair with an increased bit rate of 23&skbidirectionally. The
line codes for all the systems are either 2B1Q or carrierlegditude/phase (CAP) modu-

lation [6]. The CAP modulation has a single carrier and is lsintb quadrature amplitude
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modulation (QAM). In North America, 2B1Q HDSL with a data ratfe784 kbit/s on each
pair is universal.

e HDSL2. Although HDSL?2 is classified as ‘second generatiorstem, it is not
a second-generation HDSL. Instead, it is more of a compléntethe existing HDSL.
HDSL?2 offers the same 1.544 Mbps capacity that HDSL offausitlmloes it on one pair of
copper wires rather than two pairs. HDSL2 offers three &igmi improvements: (1) full
T1 transmission rate of 1.544 Mbps over a single copper pidir avreach of 12,000 feet,
(2) equal or better spectral compatibility than traditibA®SL, and (3) interoperability
with other DSL systems. HDSL?2 uses overlapped pulse andglitnodulation with inter-
locking spectra (OPTIS). OPTIS uses overlapped but noticrspectrum for upstream
and downstream transmission. Essentially, it is a hybrigvben a symmetrically echo-
cancelled transmission and an FDM system that uses echelimn and asymmetric
spectrums for upstream and downstream transmissions. aacterizing the worst-case
noise conditions for North America, it has been noted thatrtbise environments at the
central office and the customer remote terminals are signifi¢ different. OPTIS takes
advantage of this fact by carefully shaping the upstreamdamehstream transmit spectra
for maximum performance in the worst-case noise conditi@t bccurs at either end of
the loop. Spectral shaping also minimizes OPTIS spectosistalk into other services. In
the upstream direction, the transmit spectrum is seveiraiyeld beyond 250 KHz in order
to minimize interference into the downstream ADSL spectréihthe same time, the up-
stream power spectral density (PSD) is boosted in the rahgeé®to 250 KHz, a region
where the receiver at the customer remote terminal expmgea relatively good signal-
to-noise ratio (SNR) in the presence of the mixed crosstalgenthat may exist on the
loop. To counteract the effect of boost in the upstream spextthe OPTIS downstream
PSD is notched in the region of 200 to 250 KHz. This notch @poads to the boost in
the upstream channel and is referred to as the interlock. ylatking the upstream and
downstream signals, OPTIS crosstalk into other servicesngnized.

HDSL2 uses a combination of decision feedback equiliza¢®RE) and Tomlinson
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precoding [4] to overcome the attenuation on the line. H@xewn high-noise conditions,
a wrong decision by the DFE slicer can cause propagationrofsethat will be fed to the
Veterbi decoder [5]. While the Veterbi decoder works wellwitdependent errors it does
not function well with burst errors. To get around this epoopagation problem, HDSL2
uses Tomlinson precoding. The DFE is used during the staréiung of the transceiver
to determine the line equalization characteristics. Befoecloop is fully activated, each
modem on either end of the line will share DFE equalizatioefficents, which will be
used to set the characteristics of the transmit precodeonr8dfie loop activates, the DFE
block switches off and the precoder switches on for the duratf the connection. By
using transmit precoding rather than DFE in the receiveargropagation in the Veterbi
decoder is minimized thereby improving the performancéefdecoder block.

e SDSL is not standardized but has been deployed. It uses 2BiEtde on one
twisted pair and offers various symmetric data rates up3a RAbit/s. Its advantages over
HDSL and HDSL?2 are variable data rates, lower cost, and greange.

e SHDSL uses 16-level PAM with trellis codes [7]. As in SDSLethit rate can be
adjusted from 300 kbit/s to 2.32 Mbit/s depending upon tmgtle of the loop. SHDSL
has been developed primarily to address interoperabil#tyas: the shape of its transmitted
signal PSD has been designed taking into consideratiorperal characteristics of line
coding and transmission techniques of other systems indtveonk. SHDSL is a modified
version of HDSL2 that uses trellis coded PAM with 16 levelseotoding (rather than
the 4 levels provided by 2B1Q) to provide better spectraliefiicy than SDSL. By using
trellis coding, Viterbi decoding and Tomlinson precodirgtiniques, the error rate and
SNR are as good as those in SDSL, if not better. SHDSL also hasch sharper roll-off
than SDSL. Thus, the potential for interference with an AX8ktomer is greatly reduced
while requiring less power. Overall, SHDSL causes lessudisince to ADSL equipped
loops, and ensures better spectral compatibility withtexgsdeployment.

e ADSL uses one twisted pair to offer asymmetric data transimisbetween the cus-

tomer and CO. The upstream and downstream data rates are &40akiol 6 Mbit/s, re-
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spectively, for a service radius of approximately 1200@figl 176 kbit/s and 1.544 Mbit/s
for a radius of approximately 18000 ft. The modulation tagbe is discrete multitone
transmission (DMT) [8, 10] with most systems also adoptiegi@iency-division duplexing
(FDD) between the upstream and downstream transmissianse 8DSL uses the fre-
guency spectrum that is above the voice band, it can thereftow simultaneous usage of
the voice band for telephone services.

e VDSL is an extension of ADSL technology with a shorter loopdéh than ADSL.
Due to this shorter loop length, it can use a wider bandwidththerefore offers a higher
data rate than ADSL. The downstream bit rate ranges from 1&/$/Mto 53 Mbit/s and
the upstream bit rate from 1.6 Mbit/s to 26 Mbit/s. One stadd# VDSL uses DMT
modulation while another standard uses CAP modulation. FD&lso used between the

upstream and downstream transmissions.

1.2 Noise Environment for xXDSL Sytems

The twisted pair subscriber loops were originally desigioedhe transport of analog voice

signals. As such, their termination impedances were dedigo that the balance is best in
the voice band. At the higher frequencies where the DSL Byst&perate there is a large
imbalance between the termination impedance and loop.iffiliglance causes the twisted
pairs to pick up detrimental differential signals from atkeurces. Such undesirable sig-

nals include crosstalk, radio signal interference (RFIY, mmpulse noise.

1.2.1 Crosstalk

Crosstalk between twisted pairs in a multipair cable is thaidant impairment in most
DSL systems. The causes of crosstalk are capacitve andtivelgouplings between the
twisted pairs (or, more precisely, imbalance between tiwtéd pair couplings). If one pair
is considered the interferer, then the voltages and cugieduced by the interferer onto

the other pairs travel in both directions: those that cadim the same direction as the
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interfering signal add up to form far-end crosstalk (FEXthpse that come back towards
the source of the interferer add up to form near-end crds@ XT). This is conceptually
illustrated in Fig. 1.2 where the thickness of the lines shgwthe crosstalk is a crude
indication of the strength of the signal. If both NEXT and FE&ccur in an xDSL system,
NEXT will in general be much more severe. NEXT increases Wefjuency and at VDSL
frequencies (up to 15 MHz) it would be intolerable. TherefafDSL systems are designed

to avoid NEXT altogether using FDD techniques.

FEXT
\ \ Pair1 2
L \— pair 34
NEXT
Pair 12
- - Pair 34

Figure 1.2. Interpair coupling causing FEXT and NEXT.
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1.2.2 Radio Frequency Interference

In twisted pair telephone lines, the aerial segments sudhesirop wires can act like
antennae. Because of line imbalance, these lines pick upnektadio frequency noise
causing interference or ingress noise at the DSL receivére ifigress noise level can
sometimes be larger than the crosstalk level and therdfoamnot be ignored by designers.
Conversely, this line imbalance can also cause the linesitdxh signals thereby causing
interference to other RF receivers, like for example, AM anthgeur radio where the

operating frequency spectrum overlaps with that of the Dg@&itesn.

1.2.3 Impulse Noise

Impulse noise is short-term nonstationary interferenomfhigh-power electrical sources
such as lightning strikes, power lines, switching trantsieri machinery, arc welders, and
the like. To partially avert problems caused by impulse ®oBSL systems have a 6 dB

design margin.

1.3 NEXT in xDSL Systems

In larger telecom cables, the twisted pairs are grouped ipabunits and each unit is
wrapped with coloured tape to form a binder group. Many hirgteups are combined
together with a common physical and electrical shield tonfer cable. Within the cable
however, there is crosstalk between the twisted pairs deapacitive and inductive cou-
plings. In the voice band crosstalk is minimal — one can hahnélar the voice energy from
an adjacent pair because the crosstalk loss is usually im&neB0 dB while the voice chan-
nel loss is less than 20 dB. However, at the higher frequetita#OSL systems operate, it
becomes intolerable [17] [18].
In general, the effect of cable crosstalk is minimized ndy doy the use of good in-

sulation materials between the twisted pairs but also bytap different rates of twist
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among adjacent twisted pairs in a binder group. Even thesbigbups are twisted so that
no two groups are adjacent for long runs. However, sincewdfftial twisting of twisted
pairs is intended for reducing crosstalk in the voice baind,inadequate at DSL operating
frequencies where the interpair couplings are still sigaiit. Consequently, in DSL tech-
nology where the signal bandwidth reaches into the MHz raogesstalk noise is still the

major limiting factor to the achievable throughput.

1.3.1 Characteristics of NEXT

NEXT is strongest at the point where the transmitter traisgtfee signal to the cable. There-
fore, any receiver adjacent to the transmitter will recéineeNEXT signal in addition to the

intended signal. The NEXT signal can significantly lower signal-to-interference ratio

(SIR) of the received signal. And if the intended signal doetsdominate the interferers,
then NEXT becomes a problem. NEXT interference is commogmmsetric systems like

ISDN DSL, HDSL, and HDSL2 where similar transmitters areiatied on both ends of

the twisted pair.

The NEXT that is produced within a binder group full of colkted transceivers is
called worst-case NEXT. And if the NEXT is between similast®ms, like for example,
DSL to DSL, HDSL to HDSL, or T1 to T1, then it is called ‘self NHX

Due to cable design and manufacturing variations, the abadINEXT between twisted
pairs can differ with cable type. However, at the same tifme amount of NEXT also de-
pends upon the NEXT couplings between the twisted pairshyhicturn, depends upon
the frequency and the relative location of the pairs wittiea binder group. At a given
frequency, the NEXT loss is defined as the power sum of thestaliksfrom all the other
twisted pairs in a cable binder group. In most crosstalk &tran models, the 1% worst-
case NEXT loss is used. This means that on the average, atmfgaquency, 1% of the
twisted pairs will have a NEXT loss which is worse (less) thaNEXT model.

When simulating DSL systems, the commonly adopted PSD mod®EXT is one
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due to Werner et al. [11], and it is given by
[Hyoxr(f,n)|” = S(f)Xw f2n"° (1.1)

where|Hygxr(f,n)* is the 1% worst-case crosstalk powgris the frequencyy is the
number of disturbing systemg&] is a scalar constant, arff{ /) is the PSD of the inter-
fering system. In this model, it is assumed that all of theggivolved are of the same
binder group, all have the same length, and all have intengahat are of the same type.
In a mixed environment where the bundle hasfferent types of interferers, the crosstalk
power is given by

N 0.6

[ Hypxr(f,n)? = | D (Si(f)Xn f2n)0)s (1.2)

=1
whereN is the number of interferers in the cable. This estimate mseswhat pessimistic
since it implicitly assumes that each of the different segsiis using the worst pair in a
binder, which is physically impossible. A newer and moreusate technique for estimat-

ing the crosstalk from mixed sources is described in [25].

1.4 Previous Methods to Mitigate NEXT

Several techniques to mitigate or cancel the NEXT in xDSliesps have appeared in
the literature such as spectral shaping [19] [20] and fraquelivision duplexing (FDD).
Since spectral shaping relies more on the average spelotnaateristics of the NEXT in a
transmission line, it does not always yield optimal resuNgvertheless, spectral shaping
techniques have improved the interoperability of differBx$L systems by reducing the
amount of NEXT between the lines. FDD has been used in asynu&L (FDD-ADSL)
and very-high rate DSL (FDD-VDSL) systems [21]. Howeveraimixed environment
with different DSL and non-DSL systems where the transngtand receiving spectrums
overlap, FDD systems are subjected to NEXT from other DStesys which would require

cancellation [23]. In other techniques, the NEXT sourcea lime are first identified and
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NEXT cancellation methods or spectrum management techsigre then used to supress
the NEXT [24]. In a paper by Zeng et al. [23], a network maiatere center that identifies
the crosstalk coupling functions among the twisted paithénDSL systems is discussed.
These crosstalk functions can be used to improve the datamdtto facilitate provisioning,
maintenance, and diagnosis of XDSL systems.

Yet another effective technique that can mitigate NEXT ideploy adaptive filters to
cancel the NEXT signals from the other lines [26]. Althougtsttechnique can result in
a significant reduction in NEXT, it tends to be computatibnaery expensive especially
when the number of twisted pairs in the bundle is large. Famalle with NV twisted pairs,
N(N — 1) adaptive filters would be needed to cancel the- 1 possible NEXT signals
from the other lines. At the same time, accessibility to tlamsmitted signals from the
other twisted pairs would be required. In a central office (G is not a problem. Thus,
if the computational complexity can be reduced, the use aptwk filters can lead to a
workable solution in a CO where the number of twisted pairsbardle is generally large

and the NEXT among twisted pairs is high.

1.5 Scope and Contributions of Thesis

The thesis is composed of seven chapters. Chapter 2 destirédbesnstruction of simu-
lation models of twisted-pair and NEXT channels. These rsodee required in order to
test the performance of the newly developed algorithms ioua twisted-pair channels
and NEXT-noise conditions. The construction of the modelsased on two-port network
theory using the ABCD-parameter representation. Chaptersa&itute the main part of
the thesis where four new NEXT-mitigation algorithms aregmsed. Chapter 7 provides
concluding remarks and suggestions for further study.

In Chapter 3, a new NEXT cancellation algorithm for DSL systesproposed based
on using adaptive filters to cancel the NEXT signals. Therdlgm attempts to reduce the

computational complexity involved in NEXT cancellatiohuses the fact that in a bundle
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of twisted-pair lines, the NEXT that occurs on a particulaelis caused by the adjacent
twisted-pair lines, which constitute a small percentagtheftotal number of twisted-pair
lines in the bundle. Hence, rather than deploying adaptitexgito cancel every possible
NEXT signal on all the lines, a significant amount of compiotattan be saved if adap-
tive filters are deployed to cancel only the NEXT signals @&t actually present on the
lines. To achieve this, the algorithm first identifies theesirthat cause NEXT and then
deploys adaptive filters to cancel the significant NEXT slgoketected. Since the NEXT
detection process is done for every twisted-pair line intthedle, it is important that the
detection process be computationally efficient. This probls solved by using the sign
algorithm [29], which efficiently estimates the cross ctatien of the transmitted and re-
ceived signals; this estimate is then used to compute thaitoag of each NEXT signal
present on the receiving line. By detecting the NEXT signegsent on a line first and then
deploying adaptive filters to cancel the significant NEXThsilg, an overall computational
complexity of the algorithm of orde¥ is achieved, wher&/ is the number of twisted-pairs
in the bundle. This represents a large reduction in the ctatipnal effort relative to that
in previous NEXT cancellation systems [15][26] which oftemmputational complexities
of order N2. This algorithm is ideally suited for NEXT cancellation incantral office
where the number of twisted-pair lines in a bundles is in thedneds, and access to the
transmitted signals in the adjacent twisted-pair linevalable.

Chapter 4 is devoted to a new method of NEXT cancellation ih digta-rate DSL sys-
tems. Since the sampling rate in these systems is high, tqatiae-filter length required
to span the impulse response of a NEXT channel is relativatg.l For DSL systems
with sampling rates that exceed 1 MHz, the filter length resgiusually exceeds 40. It
has been shown in [33][34] that when the adaptive-filter flerexceeds 40, it becomes
computationally more efficient to use frequency-domaineiad of time-domain adaptive
filters. Chapter 4 explores the use of frequency-domain-leastin-square (FDLMS) adap-
tive filters to cancel the significant NEXT signals that aréedeed. Further, an analysis

of the convergence rate and tracking performance of mal)LMS adaptive filters is
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carried out. By assuming that frequency bins in an adaptiter fire statistically indepen-
dent from one another [1], the analysis is simplified to tHahaoltiple adaptive filters with
single-frequency bins. From the analysis of the convergeate of the NEXT cancellation
system, it is found that when the step size of the adaptiar fdtmade proportional to the
magnitude of the NEXT signal that is to be cancelled, théahtionvergence rate improves
significantly relative to that in the case where the stepssaze all equal. In the later phases
of adaptation, however, the convergence rate is improvéteitep sizes of the adaptive
filters are all equal. Consequently, based on these obsamgatin effective technique to
improve the overall convergence rate of the system is tosatie adaptive-filter step size
in proportion to the magnitude of the NEXT signal during thigial phases of adaptation.
Later on in the adaptation, when the error signal of the adafitters is reduced by more
than 3 dB, the step sizes are made all equal. Further, fromalpsas of the tracking per-
formance of the NEXT cancellation system, it is observed sleéting the adaptive-filter
step sizes proportional to the magnitude of the NEXT sigatits the adaptive filters have
converged, significantly improves the tracking perforneotthe NEXT cancellation sys-
tem. Computer simulations show that this method of adjustiegadaptive-filter step sizes
significantly improves the convergence rate and the tracgerformance relative to those
of FDLMS adaptive filters with fixed step sizes.

For a particular twisted-pair line, the NEXT can originatenh several adjacent twisted-
pair lines in the bundle. For each NEXT signal, the magniigakpendent on the amount
of capacitive and inductive couplings between the twigiaitHine causing the NEXT and
the line in consideration. Since the degree of coupling betwany two twisted-pair lines
is random, the magnitudes of the NEXT signals on a twistedlipa are, as a result, corre-
spondingly random. Hence, using fixed-length adaptiversilte cancel the NEXT signals
is not efficient since each filter length will have to be longegh to effectively cancel the
largest possible NEXT signal. However, if the filter lengfreach adaptive filter is varied
in accordance with the magnitude of the NEXT signal that ibéacancelled, significant

savings in computation can be achieved. On the basis of gresaples, a NEXT cancel-
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lation method is developed in Chapter 5 that uses adaptieesfivhere the filter lengths
are varied in accordance with the magnitudes of the NEXTagynThe estimation of the
adaptive-filter length is based upon the statistical digtron of energy across the length
of the impulse response of the NEXT channels. Using thigidigion, an optimization
technique to estimate the optimum filter length is obtairgdden the magnitude of the
NEXT signal to be cancelled and the maximum noise toleraplié system. In the real
world scenario, however, the actual filter length requirad sometimes be different from
the statistically optimum filter length. Hence, to make attpuents for this difference, an-
other algorithm that further refines the length of the adaiiter is used. The proposed
method in combination with the method described in Chaptan3sgnificantly reduce the
computational complexity of the NEXT cancellation systangreover, as the number of
twisted pairs in a bundle increases the advantage of usisgnitthod over existing meth-
ods [15][26] increases even more. The method describedsichiapter can also be used to
reduce the complexity in active noise cancellation systetmsre multiple adaptive filters
are required to supress multiple noise components.

Chapter 6 is devoted to a new method of mitigating NEXT in whiehNEXT removal
is done in the wavelet-transform domain. Typically in twdipair lines, the spectrum of
the received signal has greater energy in the low-frequendyof the spectrum whereas
that of the NEXT signal has greater energy in the high-fregyeend. The new method
uses this difference in spectra between the NEXT and red¢sigaals to remove the NEXT
from the received signal. The advantages of using the watr@esform to remove the
NEXT are threefold: First, depending upon the characiesisif the NEXT and the re-
ceived signals for a particular cable type, appropriateeles can be designed to provide
maximal removal of the NEXT from the received signal. Sec¢midce NEXT noise is
almost Gaussian [50], the threshold values for removing\NBXT noise across the var-
ious wavelet levels can be accurate estimated [55][56][2¥d third, the wavelet noise
removal is performed blockwise and is, therefore, extrgneéiicient and well suited for
NEXT removal in high data-rate DSL systems. Unlike NEXT calation with adaptive
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filters, the new method does not require any reference sigmakrder to remove the NEXT
signals. Hence, it can even be adopted to remove FEXT, wheredrresponding refer-
ence signals are usually not available. Furthermore, ffrsimulation results it is found
that the amount of NEXT reduction achieved is dependent tipetype of wavelet used:
the Battle-Lemarie wavelet, for example, offers an improgetrof around 2 dB over the
Daubechies wavelet of order 10. Also, simulation compassaf two wavelet thresholding
estimates, the universal estimate and the Stein’s unisiagstimate (SURE), reveal that in
low SNR conditions the universal estimate performs bettbile in high SNR conditions

it is the SURE estimate.



Chapter 2

Simulation Models

2.1 Introduction

Setting up a laboratory containing an actual testbed oftrassion lines for a DSL system
can be quite expensive. Besides, a physical testbed wilgglnot be flexible enough to
provide the different kinds of environments that are presethe real world. A more cost-
effective and versatile method is to employ accurate sitilanodels of the transmission
lines and DSL systems. Simulation models also provide thxébflegy to vary the model
parameters so that different noise and channel envirorsrgamt be simulated for testing
the algorithms. It is important, however, for the simulatimodel to represent the actual
system accurately. An accurate simulation model will reglittle or no modification of
the algorithm when it is later deployed in the field.

To model a channel, extensive loop surveys are made to adtpgiichannel parameters
of typical loop configurations. By using accurate measuripgigment, the primary para-
meters of the loops are obtained. These parameters aredbdnasimulate and derive the
channel impulse responses of various loop configurations.

The simulations were done using MATLAB. The platform was a Blade 2000 work-

station running the Sun Solaris operating system.
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2.2 Channel Modelling

One way to model a twisted-pair channel is to define the cHanrierms of the primary

and secondary parameters of a distributed circuit model lofea [12]. A unit of such

| |+dl

>0 YN 6o
Rdx Ldx
\Y —— V+dV
Gdx T Cdx
X x+dx

Figure 2.1. A two-port network model of a transmission line unit.

a model called thé? LGC model is shown in Fig. 2.1. The equivalent circuit for an idea
transmission line is a cascade of many such units, eachaetitical, frequency-dependent
primary parameters. Using the primary parameters, thenskacy parameters such as the
impedance, attenuation, phase, ahdC D chain parameters can be derived.

The primary parameters for the twisted pair line are obthohiesctly or indirectly us-
ing wide-bandwidth, high-precision test equipment. Thesoused in th&? LGC models
of the common AWG primary inter-exchange carrier (PIC) callese based on careful
measurements and curve fitting done in the early 1970s. Tieeladieved to be valid up
to 10 MHz and represent the typical values for such cables.

The primary parameters can be represented either as pararteeequations that have
been curve fitted to measured data orfgsL, C, and G values versus frequency [13,
14]. Table 2.1 gives the values of the primaRy.GC' parameters for a 26-AWG PIC
cable at different frequencies. Using the primary paramsethe characteristic impedance

Z,(s), the propagation constamts), and the transfer functioH (d, s) of the cable can be
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Table 2.1. Cable parameters for 26-AWG filled PIC

MHz R G L C
(ohm/Km) | (uS/Km) | (mH/Km) | (nF/Km)
0.304| 397.8 48.3 0.685 46.44
0.327 398.7 52 0.682 46.77
0.357 399.5 56 0.68 47.09
0.388 400.3 60.2 0.677 47.38
0.418 401.6 64.9 0.676 47.64
0.456 403.9 69.7 0.674 47.9
0.496 407.3 75.1 0.672 48.15
0.534| 4139 80.8 0.671 48.37
0.582 423.1 86.9 0.67 48.59
0.633 437.7 93.6 0.668 48.78
0.682 454.6 101 0.667 48.95
0.743 478.8 108 0.665 49.07
0.809| 506.4 117 0.663 49.14
0.871 533.3 125 0.661 49.18
0.949 565.9 135 0.658 49.15
1.033 595.1 145 0.654 49.08
1.112 616.4 156 0.652 49.05
1.212 635.4 168 0.649 48.98
1.319 649.9 181 0.646 48.95
1.421 665 195 0.644 48.97
1.548 688.1 209 0.643 48.99
1.684 721.9 226 0.641 49
1.814 758 243 0.639 48.99
1.977 796 261 0.637 48.93
2.151 821.3 281 0.634 48.86
2.317 840 302 0.633 48.86
2.525 871.4 326 0.632 48.85
2.748 913.4 351 0.63 48.82
2.959 948.7 377 0.628 48.81
3.225 979.9 406 0.627 48.77
3.509 1018 436 0.625 48.75
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MHz R G L C
(ohm/Km) | (uS/Km) | (mH/Km) | (nF/Km)
3.78 1057 471 0.624 48.75
4119 1100 506 0.623 48.72
4.482 1153 545 0.621 48.69
4.827 1196 586 0.62 48.68
5.26 1243 630 0.619 48.66
5.724 1300 679 0.618 48.63
6.165 1347 730 0.617 48.62
6.718 1403 786 0.616 48.6
7.31 1467 846 0.614 48.57
7.874 1519 909 0.614 48.57
8.58 1581 980 0.613 48.54
9.337 1650 1054 0.612 48.52
10.06 1712 1134 0.611 48.52
10.96 1785 1222 0.61 48.5
11.92 1872 1312 0.609 48.48
12.84 1943 1415 0.608 48.48
14 2024 1522 0.608 48.46
15.23 2129 1637 0.607 48.43
16.4 2206 1763 0.606 48.44
17.87 2307 1894 0.605 48.42
19.45 2431 2042 0.605 48.4
20.95 2513 2196 0.604 48.4
22.83 2636 2363 0.603 48.38
24.84 2759 2545 0.603 48.36
26.76 2886 2734 0.603 48.37
29.16 2996 2947 0.602 48.35
31.73 3149 3170 0.601 48.33
34.17 3301 3411 0.601 48.35
37.24 3470 3673 0.6 48.33
40 3671 3946 0.6 48.34
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evaluated by using the equations

_ [ B{) + sL(f)

Zo(s) = \/m (2.1)

v(5) = VIG() + sCNIR(S) + sL(f)] (2.2)
H(d,s) = e D (2.3)

where d is the length of the cable which is assumed to be perfectipiteated, and
s=j2nf.

2.3 ABCD Two-Port Parameters

A subscriber loop is made up of sections of different wireggsuand terminated with
a resistive impedance. Older loop plants may even have dutitigps. However, due to
impedance mismatch, the transfer function of the teleplsabscriber loop is not a simple
product of the transfer functions of the twisted-pair caddetions. To accurately estimate
the subscriber loop channel, the two-pdBC D parameters are used.

For a standalone two-port network, the input/output vatagd current relationships

are given by

‘/1 = AVQ + BIQ (24)
L =CVo+ DI, (2.5)
or in matrix form by
A B

Vi
5L C D

where theABC D parameters are defined as

[ . ]
(2.6)
I,
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A= — 2.7
A 2.7)
p- (2.8)
]2 V2=0
L
C == 2.9
A (2.9)
p-h (2.10)
]2 V2=0

The ABC' D parameters for a cable are complex and frequency deperahehgre related

to the characteristic impedange(s), and the propagation constayits) by

Als) = costir(s)d (2.11)
B(s) = Z,(s)sinh(s)d] (2.12)
0@zziﬁmmwﬂ (2.13)

D(s) = costy(s)d] (2.14)

whered is the length of the cable.

Each cable section can be described by its oW’ D parameters. Since a twisted-
pair telephone loop is generally made up of many cables insedheABC D parameters
for the entire subscriber loop are a simple matrix produtchefA BC' D matrices of all the
cable sections.

The input impedance and cable transfer function can alsaxpeegsed in terms of

ABCD parameters. For a twisted pair loop with terminal impedafige), the input
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impedancéZ;(s) is given by
B(s)

Zi(s) = —%8 (2.15)

Zy(s)
and the transfer functiof/ (s) of a twisted pair loop with a source impedanggs) as-
sumes the form

Zy(s)

1) = 226 + Do) + AGIZ6) + B

(2.16)

The magnitude of the input impedance and the amplitude rsspof CSA test loop@tof
length9000 ft and gauge6 AWG are shown in Figs. 2.2 and 2.3, respectively.

[
o
o
o

800 |
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2001

Magnitude of Input Impedance (ohm)

0 1 1 1 1
0 2 4 6 8 10
Frequency (Hz) % 10°

Figure 2.2. Magnitude of the input impedance versus frequency of CSAdoop

For a bridged tap, the two-port network can be consideredat@ fonly a shunt im-

pedance. Therefore, th&BC' D parameters of a bridged tap can be computed using an
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Figure 2.3. The amplitude response of CSA loop 6.
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open-ended transmission line formula

1 0 1 0
- - (2.17)
— br{S
z 1 Ab'r(s) 1

whereA,,.(s) andCy,(s) are the frequency-dependetBBC' D parameters of the section of

A B
¢ D

the cable that is connected as a bridged tap.

400 ft, 26 AWG 800 11, 26 AWG

6250 ft, 26 AWG
H2TU-C |—e ' @ ®— H2TU-R
550 fi, 26 AWG 800 fi, 26 AWG

Figure 2.4. CSA loop 4 with two bridged taps.

The configuration of a subscriber loop with two bridged tapshown in Fig. 2.4. The
corresponding input impedance and amplitude responseharensin Figs. 2.5 and 2.6,
respectively. Comparing Figs. 2.5 and 2.6 with Figs.2.2 aBdr2spectively, we note that
the presence of bridged taps in CSA loop 4 has caused mordii&yjavith frequency, in

the input impedance and amplitude response.

2.4 NEXT Model

In order to estimate the impulse response of the NEXT chamveluse the method de-
scribed by Chen [15] where it is assumed that the NEXT is cabgeain imbalance in
coupling capacitances between the twisted pairs. In thihode the capacitive coupling
between two twisted-pair loops is broken down into smalletsuof lengthAl. As can be
seenin Fig. 2.7, the capacitive couplings in each of thegie are represented by four cou-

pling capacitances. By combining the couplings of each anigverall capacitive coupling
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Frequency (Hz) % 10°

Figure 2.5. Magnitude of the input impedance versus frequency of CSAdoop
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Figure 2.6. The amplitude response of CSA loop 4.
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Figure 2.7. Capacitive model of crosstalk coupling.
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between the two twisted-pair loops is obtained. A corredpantwo-port network model

of the individual coupling mechanism is shown in Fig. 2.8.ohder to model the NEXT,

L
x=kAl L-x
Receiver D ~ h " Z,
[:] Z, Cable Cable
3\
J
o \| G
c, o)
Crosstalk
Source Coupling
I A Y
e— j
4) Zs Cable Cable [:I Z,

Figure 2.8. A two-port network equivalent circuit for crosstalk coupling

the loop sections beyond the coupling point can be simplifiedsing a parallel impedance
similar to a bridged tap. The complete model of the NEXT betw&vo twisted pairs is

shown in Fig. 2.9. As can be seen, it is a combination of twd-petworks representing the
cable sections, the capacitive coupling between the td/igéérs, and the parallel twisted

pair loop impedances. Th&BC D parameters for the crosstalk-originating cable section

are given by
CrZy+ D
AO Bo AN BN 1 0 AN—I—BNAF ! r By
- CrZ,+ Dp - C’thji-—gF
Co Do C'N DN = 1 CVN"’ZDNM DN
AFZt+BF AFZt+BF

(2.18)
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where subscripfV denotes the near-end section and the subsétigenotes the far-end

section of the cable with reference to the location of thest@k source and the receiver.

ZS
- 1—
() Cable Z; Z; Cable Z,
Ccoup
Crosstalk Receiver
Source

Figure 2.9. A simplified two-port circuit for crosstalk.

The ABC'D parameters for the crosstalk-receiving cable section igendpy

AR BR 1 0 AN BN
= CrZ; + Dp
1
Cr Dr | 4.7, + Br Cn Dy
AN BN
= CrZ; + Dp CrZ; + Dp (2.19)
AyE2t T 2E L oy By 22t EE 4 p
L NAFZt + Bp N NAFZt + Bp N
dof 1o “f Gl Gl 1¢

(@) (b)
Figure 2.10. Equivalence of the two-port coupling network.

To obtain theABC' D parameters of the capacitive couplings between the twisaed
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sections, the four coupling capacitors are split into twoafal two-port networks as de-

picted in Fig. 2.10. For network (a) in Fig. 2.10, tA&C' D parameters are given by

1

Ax B I ————=

SR Jw(Cr + Cy) (2.20)
Ca Dy 0 1

and for network (b) they are given by

Ap B - 1 ! |

BomE jw(Cs + Cy) (2.21)
Cp Dg 0 1

The capacitive coupling is therefore the parallel combamedf networks (a) and (b), whose

ABCD parameters are given by

1 1
1 - 1 -
Ac Be _ Jw(C1+Cy —C5—Cy) | = JwCeoup (2.22)
CC D¢ 0 1 0 1

whereC.,,, is the coupling capacitance, which may be negative. To at@lthe NEXT
transfer function, the twisted pair is divided intsections, each of length/. For thek-th

section, the NEXTABC D parameters are evaluated by cascading the crosstalkvatiig

cable section, the capacitive coupling section, and thestatk-receiving cable section to
give
AR BR

AO BO
] ] 229
Co D, z=kAl Cr Dr z=kAl

wherex = kAl represents the location on the loop. Thus the frequencynsspof the

AC BC

Ce D¢

A/C Bk
Cr Dy

k-th section, in terms of thd BC' D parameters, is given by

Zy
) = 7 ()2 + Dil)) + A 2o+ Bul)

(2.24)

By multiplying the frequency responses of the various sestiave get the overall fre-

guency response of the NEXT channel as

Heposs(wi) = Hy(wi) (2.25)
k=1
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The amplitude response of the simulated NEXT channel ismdudieby taking the absolute
value of H..,ss(w;), and the impulse response is obtained by taking the invevsedf
transform of H.,.ss(w;). The NEXT was simulated by using two twisted-pair loops of
gauge 26 AWG and length 8 kft with a source and terminal impeelaf 135 ohms, and an
HDSL transformer. The two twisted-pair loops have unifgratiktributed random coupling
capacitances ranging from10 to 10 pF with Al = 9 feet. The simulated NEXT amplitude
response is shown in Fig. 2.11 and the impulse response airthdated NEXT channel
after passing through a fourth-order Butterworth lowpadsaiasing filter with a -3dB

cutoff frequency of 200 KHz is shown in Fig. 2.12.
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Figure 2.11. Estimated NEXT amplitude response.
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Figure 2.12. Estimated NEXT impulse response sampled at 571.333 KHz.



2.5 Conclusions 33

2.5 Conclusions

The simulation models described in this chapter were usegtterate the crosstalk and
received signals for our crosstalk cancellation experisiemo verify and to improve the
accuracy of the models, the Telcordia’'s NEXT coupling measients [9], which were
measured from real transmission cables, were used asmeéerBy using the simulation
models we were able to simulate various kinds of cables witardnt numbers of twisted

pairs and different combinations of DSL systems.



Chapter 3

NEXT Cancellation System

3.1 Introduction

In this chapter, a new NEXT cancellation system is propobad tises a fast and effi-

cient algorithm to estimate the crosscorrelation betweertriansmitted and received sig-
nal. The detection and cancellation are carried out simetiasly, and are integrated in a
way such that the estimation of the smaller NEXT signals brexomore and more accu-
rate as the larger NEXT signals are cancelled. The chapteg&ized as follows: Section

3.2 describes a fast and efficient algorithm to estimatertb&scorrelation for detecting the
NEXT signals. Section 3.3 presents a NEXT cancellationesyghat detects and cancels
the NEXT signals. Simulation results are presented anduggsd in section 3.4 while in

section?? a comparison is made between time- and frequency-domagptiaedilters for

use as NEXT cancellers. Conclusions are drawn in section 3.5.

3.2 Estimation of Crosscorrelation

For xDSL systems in which there is an overlap between themnérand receive spectra, the
signal received on a single twisted pair in a bundle typycatintains an echo component
in addition to NEXT. For the purpose of crosstalk detectiad aancellation, we assume

that the echo at the hybrid has been cancelled by an echollearoefore detection is
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performed. The echo-cancelled signal can be expressed as
y-(n) =r(n) + n(n) + Z hi(n) = d;(n) (3.1)

wherey,(n) is the noisy observatiom,(n) is the received message signal(n) is addi-
tive background noise];(n) is the signal transmitted on pairandh;(n) is the impulse
response of the crosstalk coupling between paird the considered pair.

Usually, the impulse response of the channel can be reagtitpated [28]. Hence, the
received signal can be removed leaving only the crosstglkass. With the echoes from
the received signal and the transmitted signal removedretbeived signal,-(n) can be

expressed as

y(n) = m(n) + Z hi(n) * di(n) (3.2)

whered;(n) is the transmitted signal. Assuming thdt:) andd;(n) are widesense sta-
tionary, and that/;(n) is a random process of energy, which is made up of random
variables that are statistically independent and havedheegprobability distribution, the

crosscorrelation between the two signals is given by
Rya. (1) = Ely(n + 1)di(n)] = oghi(]) (3.3)

This shows that if signad;(n) is uncorrelated, the crosscorrelation is proportional to
the impulse response of the crosstalk coupling functiorwéi@r, in a mixed environment
where several DSL systems may interfere with one anotherreference input samples
from the other DSL system types will first need to be resamglélde sampling rate is
different from the line where the NEXT is to be cancelled. hattcase, the resampled

reference input signal is given by

N — . IT
di(n) =Y _d(l)sinc (n — T) (3.4)

=0
wherel/T is the sampling rate of the transmitted sigddh.), and1/7” is the sampling

rate of the resampled sign&l(n). To make the crosscorrelatid® ; (/) proportional to
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the NEXT impulse respongg(n), a deconvolution functior\,;, (n) can be found for each
DSL system type such thét ; (n) * Ay, (n) = o3h(1).
Assuming that the transmitted and received signals aredergthe crosscorrelation

R,q, can be approximated as

Ry (1) = 5= Sy + Dyda(n) (3.5)

whereN is the number of data samples.
Assumingd;(n) to be a zero-mean stationary Gaussian process, the crodation

can be efficiently estimated as [30] [31]

N
1 .
Rya (1) = 5= > y(n+1) sigrid;(n) (3.6)
n=1
where
) —1 forz <0
sign(z) =

1 forz >0

It can be shown that the crosscorrelation in (3.6) can be ctedpusing only additions.

This makes it computationally simple and well suited fordveatre implementation.

3.3 NEXT Cancellation System

The NEXT cancellation system of interest is illustrated ig.B.1. To achieve efficiency,
adaptation is used only for lines in a bundle that requireoneahof NEXT from the re-
ceived signal. As can be seen in Fig. 3.1, the cancellatistesyfor a certain twisted pair
consists of two parts, one for NEXT detection and one for NEEéRcellation. Using the
crosscorrelation technique described in section 3.2 th¥ N&gnals are detected in the
first part. Once the significant NEXT signals are detecteely ire assigned time-domain
adaptive filters for cancellation.

The received signaj(n) in (3.2) can be written as

y(n) = Z yi(n) +m(n) (3.7)
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Figure 3.1. NEXT cancellation system.

wherey;(n) = h;(n) * d;(n). Hence, if we assume thdi(n) is widesense stationary and
i.i.d, then from (3.3)R,q, (I) = o3h;(l). However, the presence of other crosstalk signals
and background noise can make the estimatg,f(!) rather noisy and inaccurate. The
degree of variation in the estimate®f,, (1) can be found by taking the variance®j,, (1),

which is given by

Var(Ryq,(1)] = Elly(n+)di(n)"] = Ely(n + )di(n)]*
= o Zth +Jd0nb — ogh2(I) (3.8)
i=1 k

Whereagb is the magnitude of the background noigén). Equation (3.8) shows that the
overall crosstalk noise, including the background noiseises the estimate &f,,, (/) to
be noisy. On the other hand, the presence of the negative-tetth?() implies that the
variance of the estimate decreases as the magnitutigi/ofincreases. This also implies
that if the NEXT signal is small, the estimate 8f,, () would be noisy and inaccurate.

In order to obtain a more accurate estimategf, (/), especially for smaller NEXT
signals, the adaptive filter estimates of the NEXT signads tlave already been detected
and assigned adaptive filters for cancellation should fiessdtbtracted from the received
signal before estimating,,, (/). This is achieved by using the error signéat), instead of

y(n), and then adding it to the adaptive-filter estimaie), if it has already been assigned
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an adaptive filter. The resulting sigral(n) is given by
si(n) = e(n)+ ay;(n) (3.9)

whereq is eitherl or 0, depending upon whether or not an adaptive filter has be@mnask

for cancelling the NEXT signal on line From Fig. 3.1, the errar(n) can be expressed as

eln) = yln) = > iuln)

= 2w = 3 6i(m) +m(n) (3.10)
Using (3.9) and (3.10)%;(n) can be expressed as
si(n) = > (y;(n) = §;(n) + vi(n) + m(n) (3.11)
Jig#i

Now taking the crosscorrelation ef(n) with d;(n), we get
Rya,(l) = E[si(n + )di(n)] = oghi(l) (3.12)

It can be observed from (3.3) and (3.12) that the valu&gf, (/) is the same as that of

R,q,(1). The variance oRz, 4, (1) is evaluated as
Var[R,.q.(1)] = El|si(n + 1)di(n)|*] — E[si(n + 1)d;(n)]? (3.13)

For LMS adaptive filters, we can assume thdt:) is independent ofl;(n), for i # j as
1 — 0[33]. Thus (3.13) can be simplified to

Var(R,q, ()] = o3 ) ol (n)+0y ) hi(k)+oioy, —oihi(l) (3.14)
k

G

J/

~

o (n)
whereagj(n) is the magnitude of the estimation error between the adafitter estimate
and the NEXT signal on lingafter iteratiom. Equation (3.14) shows that as the adaptation
progresses and the estimation erg(n) in each line decreases, the varianceyf;, (1)

also decreases thereby making the crosscorrelation moveste.
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Because the estimated eregtn) decreases as the adaptation progresses, the crosscor-

relationR;, 4, (1) can be expressed in a time-varying form as
R,a,(1,n) = o3hi(l) + cu(n) (3.15)

whereq,(n) is a zero-mean random sequence with varidagén) — o3h2(1)].

The termay(n) in (3.15) can cause random fluctuations in the estimat&.of (/, n)
but a smoother estimate can be obtained by lowpass filtéting(/, n) first. A lowpass
filtered estimate of the crosscorrelatiﬁ’gidi(l, n) can be obtained by using the first-order

recursive equation

A A

Rs.q,(l,n) = (1 — N Ry,q,(L,n — 1) + ARg,q, (I, n) (3.16)

where )\ is a positive constant less than unity that controls the shaphe amplitude
response of the lowpass filter.

The NEXT detection block computes the crosscorrelatigq. (, n) using (3.6) to esti-
mate the magnitude of the NEXT signals. The NEXT cancelhablock, consists of adap-
tive filters that are used to cancel the significant NEXT digidatected by the first block.
To decide whether a particular crosstalk signal is largaighdo require cancellation by

an adaptive filter, a threshold valliecan be set such that if
Yi(n) =Y Ry (l,n)*>T (3.17)

wherek, andk, are the filter-tap indices between which the maximum enesgpncen-
trated, the NEXT signal is considered large enough for datmen. The threshold” is
empirically selected depending on the maximum amount of WEX DSL system can
tolerate.

As can be seen in Fig. 3.1, the NEXT cancellers are coupldutivé NEXT detectors
so thats;(n) can be evaluated first and then used to estiniatg (/). As the adaptation
progresses and the adaptive filter estimation-error ofdtgel NEXT signals becomes less

and lessy;(n) for the smaller NEXT signals becomes more accurate.
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The adaptive filter can be an LMS filter, one of its variatioasgven an RLS filter.
The LMS filter is preferred because of its low computatiormahplexity and good stability
characteristics even in noisy environments [33]. Sincadference signal to the adaptive
filter is taken after the scrambler in a DSL system, it has adayenvalue spread which
improves the good convergence rate for LMS-type adaptitersil [33]. However, in a
mixed environment, the resampled signals tend to have ahigigenvalue spread, and
would need to be pre-whitened if a faster convergence ratessed.

The computational complexity in a NEXT cancellation systemependent on the per-
centage of twisted pairs causing NEXT in a line, which, imtus dependent on the type of
cable used, the number of twisted pairs in each cable, thempoithe transmitted signals,
the noise tolerance of the xDSL system, and so on. Howeverpimdle where the num-
ber of twisted pairs is large (larger than 20), the averageb®ar of twisted pairs causing
significant NEXT in a particular twisted pair is fairly coast and does not increase if the
number of twisted pairs in the bundle is increased. This tabse the NEXT is usually
caused by the surrounding adjacent twisted pairs whose eusilixed (typically around
seven for the innermost twisted pair layer [17]). Henceriftloe average, the NEXT on a
particular twisted pair is caused bytwisted pairs, the total number of adaptive filters that
would be required to cancel the NEXT in all the lines would/¥g where N is the total
number of twisted pairs in the bundle. Since the method fies¢als the NEXT signals
present on a line before assigning adaptive filters, the eurmbadaptive filters required
would also beNp. In the proposed implementation, the detection procelzagithe sign
algorithm which entails only additions and thus the amodrtamputation required for
the detection process is negligible relative to that remlilby an adaptive filter. For this
reason, the computational complexity of the proposed implgation typically increases
linearly with V as opposed to that in existing NEXT cancellation systemg [ which

increases in proportion t&y2.
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3.4 Simulations Results

The NEXT cancellation system was simulated for the caseet#dtond generation high
bit-rate DSL (HDSL2) environment using NLMS adaptive fitelhe transmission bundle
was assumed to comprise 7 twisted pairs of 26 AWG wire of ledgd0 feet as specified
in the T1E1.4 draft for HDSL2 system standard [36]. The larajtthe adaptive filters was
30, which is adequate for the sampling rate of an HDSL2 sysfEme NLMS coefficient
update equation is given by

(n = w;(n __H (n)e*(n .

wherew! (n) is the Hermitian transpose of a vector whose elements atfécients of
theith adaptive filter ang: is the adaptation constant. The length of the crosscoioalat
Rs.q4,(1,n) was fixed at 20 and was lowpass filtered using (3.16) with- 0.1 before
evaluatingy;(n) for each line using (3.17). The sampling rate was set to tifieesymbol
rate and the check whethey(n) exceeds the thresholdwas carried out after every 200
samples.

The crosscorrelatioR; 4, (1) was calculated by using the sign algorithm in (3.6) which
has been shown to be very fast and sufficiently accurate PB{] A comparison between
the sign algorithm and the standard method for calculafng, (/) in Figs. 3.2 and 3.3,
respectively, confirms the accuracy of the sign algorithrastimatingR, 4. (1). Fig. 3.4
shows the power spectral densities (PSDs) of the simulaEEXiN\signals and the associ-
ated noise floor. As can be seen, the PSDs are of varying nuiagsisimilar to what would
occur in the received signal of a real twisted pair. Fig. 3i&ves plots ofy;(n) for the var-
ious NEXT signals versus the number of iterations. The numiéhin square brackets
in the legend of the figure represent the magnitudes of the N&dnals. The threshold
used in the simulation was set@® x 10~!° and is represented by the horizontal dashed
line in the figure. As can be seen, the estimated magnitudibe dirst five NEXT signals,
i.e.,v(n) forn =1,...,5, exceed the threshold value and by focusing the computdtion

effort on eliminating these signals, increased computati@fficiency can be achieved.
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Figure 3.2. NEXT crosscorrelation using the sign algorithm.
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Figure 3.3. NEXT crosscorrelation using the standard formula
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Figure 3.4. PSDs of six simulated

sents the noise floor).

NEXT signals in a twisted pair (Horizbline repre-

This is because the estimated magnitude of the sixth signatlow the threshold value

and can thus be ignored. Although there was a savings of ardyadaptive filter in this

simulation, the amount of savings

increases tremendowstiieanumber of twisted pairs

in the bundle increases. This is because, as mentioned preék®us section, most of the

NEXT originates from a small number of surrounding adja¢emgted pairs in the bundle.

Fig. 3.6 shows a plot of the absolute value of the error sigrtedre each displayed

point represents the average absolute sum of 200 erroaisiglues. As can be seen, the

estimated magnitudes in Fig. 3.5 become steady and moresae@s the error in Fig. 3.6

reduces especially for the smallest

NEXT signal. The erréiig. 3.6 converges to a mean

residual error value of around -121 dBm most of which is coated by the sixth NEXT

signal of magnitude -122 dBm, which was not cancelled.
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3.5 Conclusions

An efficient NEXT cancellation system has been proposed. nEve system first detects
the NEXT signals present in the received signal and thegrassidaptive filters to cancel
the most significant NEXT signals detected. The detectiocgss is carried out by using
a fast and efficient algorithm that estimates the crosskedioa between the transmitted
and received signal. By subtracting the adaptive filter esttds of the NEXT signals that
have been detected and assigned adaptive filters for catae)lthe magnitude of smaller
NEXT signals can be estimated more accurately during the NB&tection stage. The
proposed system offers overall computational compleXityrder N whereN is the num-

ber of twisted pairs in the bundle. This represents a lardaat®on in the computational
effort relative to that in previous NEXT cancellation syagewhich offer computational

complexities of ordeV2.



Chapter 4

NEXT Cancellation Using FDLMS
Adaptive Filters

4.1 Introduction

As the sampling rate increases, the filter length required\Nf&XT cancellation also in-
creases since more samples are required to span the impgjsense of the crosstalk
coupling function. By using a frequency-domain least-mequnares (FDLMS) algorithm
instead of a time-domain least-mean-squares (TDLMS) algor the amount of compu-
tation can be greatly reduced especially when the lengtheofitlaptive canceller is large
[34] [33]. If the environment is nonstationary, the meana® error (MSE) will increase
resulting in increased noise in the system. This increaddSi& can be lowered by im-
proving the tracking performance of the NEXT cancellers.

In this chapter, a new NEXT cancellation system that usesN¥®ladaptive filters is
proposed. In this system, the NEXT signals are first deteas@éty a low-computational-
complexity technique similar to the one discussed in sec3i@. Once the NEXT is de-
tected, FDLMS adaptive filters are assigned to cancel omystpnificant NEXT signals.
Various schemes of assigning step sizes are also exploatdetid to improved conver-
gence rate and tracking performance.

The chapter is organized as follows: In section 4.2, the emgence rate and tracking

performance of the proposed NEXT cancellation system aiiexd and ways to improve
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the convergence rate and tracking performance are propbsedction 4.3 simulation re-
sults are presented while in section 4.4 a comparison is ingitheeen time- and frequency-

domain adaptive filters. Conclusions are drawn in section 4.5

4.2 Improved Convergence Rate & Tracking Performance

The model of the frequency-domain adaptive-filter algonittor NEXT cancellation is
shown in Fig. 4.1 where the DFT-FFT blocks compute the diedfeurier transform (DFT)
using a fast Fourier transform (FFT) (see Chap. 7 of [22]). sTikian extension of a
model used by Bershad et al. [38], which incorporates meltgaaptive filters [4]. The
input signalsd;(n) to the DFT-FFT blocks are assumed to be statistically indeest,
joint Gaussian, and widesense stationary thereby makmgligjoint spectral outputs un-
correlated. Under these circumstances, the outputs of&atie DFT-FFT blocks in the
different disjoint frequency bins are statistically inéepent of one another. Thus, the
analysis can be simplified by considering only one frequdmiy39]. Since the DFT op-
erations are linear with respect to the joint Gaussian ispquences, the DFT outputs are
jointly complex Gaussian sequences.

The weight update equation for adaptive filidor each frequency bin is given by
wi(k 4+ 1) = wi(k) + pe(k)z; (k) (4.1)

wherew; (k) is the complex scalar weight at tiéh iteration of adaptive filtei, k = n/L
where L is the length of the DFT blocky;(k) is the ith frequency-domain input data

sequencey; is theith feedback coefficient, and

N
e(k) = z(k) = z(k)+n(k)
=1
N N
= D aulk) =Y z(k) + (k) (4.2)
=1 =1
is the error for each frequency bin whergk) is the NEXT from linei for a particular

frequency bin and; (k) = w;(k)z;(k) is the output from théth adaptive filter.
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Typical frequency bin
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Figure 4.1. Model for the FDLMS algorithm for each frequency bin.

If an additive Gaussian noisgk) which is statistically independent relative to the input
and the received NEXT signals is added to the ertby, then the relevant statistics af k)
andz;(k) are

Elzi(k)] = Elz(k)] =0
Ellz:(k)]*] = o
Ellz(k)’] = lal*o;
Blzi(k)z; (k)] = a0,
Elln(k)] = oy
Elxi(k)z;(k)] = 0 fori#j (4.3)
whereq; is the complex correlation coefficient of the desired sign@l) when E[|e(k)|?]
IS minimized.

Subtractingy; from both sides of (4.1) so thaj(k) = w;(k) — «; yields

k1) = () D20+ () = D wy(R)ey(0)| i) (44)
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Squaring the magnitude on both sides in (4.4), taking theestion, and then evaluating

each of the terms yields a first-order linear difference &qodor E[|v;(k)|?] of the form

Ellvi(k+ 1P = (1 - 207 + 20,17 E[|vs(k)|?]
N
+ugot Y Elv(k)) + plolon (4.5)
j=1,ji

If 1o; = pio?, (4.5) can be written as

BllviCk+ D) = (1= 25+ 22) E (D)
v Y Bl 4 (2) 6)
=L z

Expressing (4.6) in matrix form, we have

v(k+1)=Av(k)+b (4.7)
where
v(E) = |E[m®)F] E[m)?] - E[|VN(I<:)\2]] (4.8)
(1 = 2401 + 2p13,) Mo o Har
2 1—-2 02 + 2112 .. 2
A b (1—2p : Ha2) | foo (4.9)
L Hon Hon (1= 2p0n + Q'uiN)_
and
r_ O
b’ = o2 Moy Moy o Moy (4.10)

Assuming that the system is stable, the solution of the i@iffee equation in (4.7) can be

obtained as
v(k) = A"v(0) + (A '+ A2+ ...+ 1)b (4.11)
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or more compactly as

v(k) = AFv(0) + (T - AT - AFDb (4.12)

4.2.1 Stability

For stability, the norm of matripA for the system in (4.12) must be less than unity; that is
[JA]ls <1 (4.13)

Matrix A givenin (4.9) can be expanded into a sum of two matrices as

(1= )2 0 e 0 ] _%J_fT
N O (1 _./VLO2)2 () . ,u.32 1 (4.14)
0 0 o (M= en)®| |ken] |1
Now for any two matrices or vectos andY, we have
IX+ Y[ < [IXI][+]Y] (4.15)
XY < [IX]] Y]] (4.16)

and if we apply the properties in (4.15) and (4.16) to (4.9 obtain

1AL < max{(1 = )} + | N Y (4.17)

The system described by (4.7) can always be made stable bpgriale right-hand side of

(4.17) less than unity. Hence in practical applicatioresh#ity can be achieved by ensuring

N
max{(1 — o)’} + | N Yl < 1 (4.18)

that the condition

is satisfied.
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4.2.2 Convergence rate
The MSE for the proposed system is given by
N
Elle(k)"] = o3 Y Ellni(k)] + oy (4.19)
=1

In real-world echo cancellers, the adaptation step giretypically significantly smaller
than the speed-optimal gain or the stability-limit gain][40he same is true for NEXT
cancellers especially when the number of adaptive filtethersystem is large. The value
loi 1S generally much smaller than the stability-limit gain aiis always less thah It
is, therefore, safe to assume that is significantly larger tham?,. With this assumption,

matrix A can be approximated as

(1 = 2p01) 0 0
A 0 (1-2up) - 0
axA-| 0 U7 | (4.20)
0 0 o (1= 2p0n)

Thus, (4.12) can be simplified as

v(k) = A*(0)+ T —-A)"H(I- A"b (4.21)
where
(1 = 2p01)" 0 0
. 0 1 —2pup)* - 0
Ak = | (1= 2u2)” - | (4.22)
0 0 e (1= 2p0n)"
and
(1 . -
(1 2/“’601) 0 . 0
2”01
I—A)"HI—-AF) = 202
- o k
L 210N i

(4.23)
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In NEXT cancellation, the NEXT originating from the othemdis is variable and, assuming

that the initial weightyv;(0), of each adaptive canceller is zero, we hax@) = —«;; thus

B )R] [ o]
o) - Enuz:<o>|2] ) |a:2|2 24
E[un(O)F)] | laxl?)

Using (4.21) and (4.24), the MSE in (4.19) can be expressed as
2 a; - k| 12
Elle(k)"] = 72 2(1 = 2pt01) [ s

0.2
+,um'{l - (1 — 2N0i)k]0__727} + 0'2 (425)

T

The minimum MSE can be estimated by lettihng- oo in (4.25) so that
2 N
MSE, i ~ E[le(c0 :>§§jm+a$ (4.26)

Simplifying (4.25) and neglecting the squared and highenseof 1.,;, we get an approxi-
mate value fo=[|e(k)|?] as

N

N
~ o) Z |ai|* — 207 Z klevi | poi + 02 (4.27)

=1 =1
For u,; < 1, (4.27) would be reasonably accurate during early itenatismall values of
k) since the contributions of higher-order terms are indigant. Hence, from (4.26) and
(4.27), we see that ftovzl lto; = constant, the MSE will be subjected to a greater initial
reduction per iteration if
ot = I |0 ? (4.28)

whereK is a constant, rather than making all of g equal.
In an FDLMS adaptive filter|o;| is generally not known until the adaptive filter has
fully converged. Also|«;| tends to vary for each frequency bin depending on the spactru

of the NEXT channel transfer function. However, a good eateof the average value of
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|a;| over the entire NEXT frequency range is the maximum valugRf, (1)| defined in
(3.6), that is,

@l erage ~ ¢ [mase{ By, (1)} (4.29)
where|a;|average 1S the average value dfy;| for each frequency bin, andis some con-
stant. SinceR,,, (1) is calculated when estimating in (3.17), it can be reused without
additional computation. Thus, a good approximation fo2&} for practical purposes for

all the frequency bins of thagh adaptive filter is given by
toi = & | max{| Ry, (1)} (4.30)

wherex is an appropriate constant chosen such that the minimum M$E26) is below

a prescribed threshold.

4.2.3 Tracking Performance

The tracking performance of the proposed FDLMS NEXT caatielh system can be in-
vestigated by extending the time-domain adaptive-filtedehalescribed in [41] to the fre-
guency domain [5]. The model for a single frequency bin issiitated in Fig. 4.2. Coeffi-
cientsay (k), as(k), ..., an(k) are used to modeV unknown NEXT channels ang(k) is
a complex additive Gaussian noise. The unknown NEXT charcael be made nonstation-
ary by making each coefficient (k) time-varying. The parametets (k), wy(k), . .., wxn(k)
are the frequency-domain complex scalar weights of thetagefiiters for the frequency
bin under consideration. From Fig. 4.2, the nonstationapyad z(k) can be written as
N
2(k) = z(k) wherez;(k) = o(k)a;(k) (4.31)
=1
In order to model theth unknown channel as a first-order Markov process [33, 44], a
recursive, first-order, lowpass digital filter with transfenction1/(z — a) was used with
a zero-mean white noise signal k) as input. The difference equation of such a filter is
given by
a;(k +1) = acy(k) + B;(k) (4.32)
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Figure 4.2. Time-varying model of the frequency domain adaptive filteraf single fre-

guency bin.

In the analysis to follow, it is assumed that the nonstatipeavironment is a slowly chang-
ing one. Such an environment can be simulated by settingareneter in (4.32) very

close to unity. This ensures that the filter has a passbartti witich is much smaller than
the bandwidth of the incoming signal. A consequence of thsumption is that many it-
erations of the Markov model would be required to produceaicant change in the tap

weighta; (k). Since the coefficient; (k) is time varying, the weight error is given by
vi(k) = w;i(k) — a;(k) (4.33)
Using (4.1), (4.31), (4.32), and (4.33), we get
vilk+1) = wi(k+1)—a;(k+1)

= vi(k) — il (B)* D vilk) + pin (k) (k) — Bi(k)  (4.34)

=1
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Squaring the magnitude of both sides in (4.34), taking theeetation, and evaluating the

terms yields
Ellvi(k+DPP] = Ellv(k)")(1 - 207 +m%2 v (K
+pioy (k)02 + o3, (4.35)
Upon convergence, we have
Ellvi(k + D*] = ElJvi(k)[] (4.36)

Substituting (4.36) in (4.35) and replacipgr? by u,,; yields

Ellv: 2 _ %7 7By o Ellv. 2 4.37
Summing (4.37) with respect taand rearranging terms gives
N o5 N 1N %
T 1= ILLO’L' + 9 = " Z
> Eluk)P) =2 2 1 2t (4.38)
i=1 1— 3> im1 Hoi

In a wireline environment, the magnitude of NEXT dependshmamount of capacitive

(inductive) coupling between the twisted pairs causingNEXT and the twisted pair re-
ceiving the NEXT. In a nonstationary xDSL environment, thesuplings tend to vary
over time due to variations in temperature, mechanicaktibn, displacement, etc. For a
nonstationary environment where the couplings vary slavigr time, it is reasonable to
assume that variation in the coupling capacitance (ineheetpis proportional to the mag-
nitude of the coupling capacitance (inductance). HenaesideringC, (k) to be a random
variable denoting the NEXT capacitive coupling, we can assthat at a certain time in-

stantk, the variation is such that
E[{Cy(k) — A(k)}?] ox A(k)? (4.39)
where\(k) = E[C,(k)], so that

~ constant (4.40)
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In an xXDSL environment, if the attenuation is considereda@pproximately proportional
to /f wheref is the frequency in Hz, then the crosstalk power spectrunbeaxpressed

as [21] (rCRY?
4¢

whereC' is the cross-coupling capacitanck,is the load impedanceé,is the length of

| Hyexr(f,0)]* =~ Fro(1 — etV (4.41)

the loop, and; is the real part of the propagation constant [21]. In (4.448, inductive
coupling is ignored altogether. For the differential modes typically smaller than the
capacitive coupling but it is not insignificant [21]. From44) it is observed that the power
of the NEXT for a particular frequency is dependent on the mtage of the capacitive
coupling. On the basis of (4.40), it follows that the relatidegree of variation in the

complex coefficienty; (k) will be approximately the same for every frequency bin. Thus

we get
E|Bi(k)|?
M ~constan=§  fori=1,...,N (4.42)
| (k)]
whered represents the degree of variation. Now upon using (4.4@).88), we have
N o) N 155N Jai(h)?
oot D imt Moi + 50D g
S Bl = ELE e T (4.43)
i=1 1—3 > ic1 Hoi

This equation shows that for a fixed valuedf | 1., S, E[|v;(k)|?] will be a minimum

if uo; is made proportional tay;(k)|?, that is
poi = Klay(k)|* (4.44)

whereK is a constant. Equation (4.44) is, however, identical t2g%.Hence, as explained
in section 4.2.2, a good approximation to realizing the benef (4.28) and, therefore, to

(4.44) is to vary the step sizes as in (4.30).
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4.3 Simulation Results

Extensive simulations were undertaken to study the coeverg rate and tracking perfor-
mance of the proposed system in an HDSL2 environment [36p different methods of
assigning step sizes, referred to as methods A and B, werstigated. For both methods,
the termeV:1 El|lv;(k)|*] in (4.19) was evaluated using (4.11). For method Augliwere

made equal whereas for method B they were made proportiona|t as in (4.28).

4.3.1 Convergence rate

To study the convergence rate, simulations were carriedsing each of methods A and B
for assigning the step sizes assuming six different NEXTag The random values 0.9,
0.8, 0.2, 0.1, 0.3, and 0.2 were assigned to the magnitudé® afix NEXT signals, i.e.,

the weight vector (0) assumed the form
v(0) =[0.9 0.8 0.2 0.1 0.3 0.2]"

ando? andag were set tal.0 and0.1, respectively. The convergence rate was evaluated
for five different values of< (0.0096, 0.019, 0.028, 0.038, 0.048) and the results addain
are plotted in Fig. 4.3. As can be seen, method B offers anawegt rate of convergence
(steeper MSE curve) during the initial phase of convergemicereas method A offers a
better rate of convergence later on when the MSE has redocaddlue below about -5
dB. Therefore, an effective strategy to achieve an improsaeziaf convergence would be to
use method B initially and then switch over to method A whenMSE has been reduced
to a value less than -5 dB.

The convergence rate of the NEXT cancellation system ofFigwas then studied. Six
NEXT signals were assumed, having magnitudes of 0.0068, 0.27, 1, 0.02, and 0.58.
The simulations were carried out in an HDSL2 environmemg$&DLMS adaptive filters
each of length 100 to cancel the NEXT signals. Methods A anceBewsed for updating
the step sizes as described above except that in methggdvigas set using (4.30). A third
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Figure 4.3. Plot of the MSE fop,,; all equal andy,; proportional to|a;|*.

method was also explored, referred to here as method C, wh#relstep sizes were set
according to method B during the initial phases of convertgesnd when the MSE was
reduced by 5 dB, the step sizes were estimated as per methdoeAe$ults obtained are
plotted in Fig. 4.4. As can be seen, method C combines thentatyes of methods A and
B.

4.3.2 Tracking performance

The tracking performance of the proposed system was igatstl by carrying out sim-
ulations in a nonstationary environment. The coefficients) of the unknown NEXT
channels were made time-varying by updating them usin@J4The initial magnitudes of

the six NEXT signals used in the simulations were 0.00039%600.0009, 10, 0.0003, and
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Figure 4.4. Plot of the estimated MSE for (g),; all equal (b) i,; proportional to
max{|R,q, (1)|*} and (c) method C.

8.3774. The variance of the process noise for each NEXT alavels made proportional
to the squared magnitude of the coefficient of the unknownickon the basis of equation
(4.42),i.e.,

o5, = ElB;(k)]’] = o]eu(k)|?

and the nonstationary parametewas set to -45 dB. Two tracking tests were carried out
using the same set of data. In the first test, the system wasdaged over 50,000 iterations
using method A for assigning the step sizes. In the secohdhessystem was again simu-
lated with method A and when convergence had been achiex3jQQ0 iterations method
A was replaced by method B. The sa@é\;l Ito; Was used for the two methods to ensure

that both methods converge to the same MSE in a stationamoenvent. The results ob-
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dB.
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tained are shown in Fig. 4.5. As can be seen, the use of metladigBnitial convergence
to the minimum reduces the MSE by another 3 dB when compargdmethod A.

The investigation of convergence has shown that an improwadergence rate can be
achieved by using method C for assigning the step sizesnethod B followed by method
A. The investigation of tracking has shown that a much bétaeking performance can be
achieved by using method B. Therefore, by using method C tbveitén and switching over
to method B when convergence is achieved, the convergete@savell as the tracking
performance can both be improved.

For a stationary environment, the minimum MSE upon convergegiven by (4.26)

can be expressed as
2 N
MSEnun ~ E |€ = 717 Z 02 + 0'72] (445)

and if u,; is much less than unity, then both methods will have the samemam MSE in a
stationary environment EZN:I [Lo; 1S the same for methods A and B. This fact is confirmed
by Fig. 4.6 which depicts the results of simulations.

In subsection 4.2.3, it was assumed that the nonstatiomaigoement is a slow time-
varying one. For environments where the NEXT channel carergudsudden changes,
though unlikely in an xDSL environment, it would be prefdeato use method A for as-

signing the step sizes.

4.4 Comparison of time- and frequency-domain implemen-

tations

Two alternative NEXT cancellation implementations haverbexplored in Chapter 3 and
Sections 4.1-4.3, namely, through the use of time- and &eggrdomain adaptive filters. In
this section, we compare the two implementations with retsjgecomputational efficiency

and latency.



4.4 Comparison of time- and frequency-domain implementabns

63

—— Method A
l| === Method B

|
~
H

Est. MSE (dB)
0y
'—\
S

|

~

N
T

2000 4000

6000 8000 10000 12000 14000
No. of iterations

Figure 4.6. Plot of the estimated MSE upon convergence in a stationarnyamment.
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The computational complexities of the NLMS and FDLMS alfjunis are estimated
as follows: a) For the NLMS algorithm withi/ tap weights operating on real dat&]
multiplications are performed to compute the output andrénéw M multiplications are
performed to update the tap weights for a totakaéf multiplications per iteration. The
normalizing factor requires 1 multiplication per iteratiocConsequently, for a block @/
output samples, the total number of multiplicationgig? + M.

b) For the FDLMS algorithm, eacV-point FFT (and IFFT) requires approximately
Nlog, N real multiplications whereV. = 2M [34]. As per the structure in [34], five
frequency transformations are performed, which accountfdlog, N multiplications.
Moreover, the computation of the frequency-domain outgetaer required /N multiplica-
tions and that of the cross-correlations relating to theligra vector estimation requires
anotherd N multiplications. Consequently, the total number of muitations performed
in the FDLMS algorithm for a block of/ samples i90M log, M + 26 M [34].

Based on the above estimates, the computational compleatityof the FDLMS rela-
tive to the NLMS algorithm can be defined as

2M +1

S(M) = 4.46
(M) 101og, M + 26 (4.46)

Using this formula, the computational complexity can beteldas shown in Fig. 4.7. From
the plot it can be seen that using NLMS adaptive filters woddnrwore efficient when the
required adaptive filter length is less than 40.

In most existing DSL systems, the sampling rate is less thigiHz and the impulse
response duration of the NEXT channel is less thap2(15]. For such systems, a length
of 30 for the adaptive filters would be quite adequate andgetbee, the time-domain im-
plementation would be preferred. On the other hand, foesystthat require a filter length
larger than 40, the frequency-domain implementation dised in this chapter would offer
improved computational efficiency. In effect, the time- dretjuency-domain are comple-
mentary with respect to computational efficiency.

Another difference between the time- and frequency-donmapiementations has to
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Figure 4.7. Plot of the complexity ratié (1) of FDLMS to NLMS adaptive filters versus
the filter length.

do with latency. The time-domain implementation proceskesdata sample by sample
unlike the frequency-domain implementation which proessthe data block by block.
Consequently, the frequency-domain implementation iniced latency which can be a
problem in real-time applications where the delay intretuby the block exceeds the

maximum-delay tolerance of the application.

4.5 Conclusions

A new NEXT cancellation system for high data-rate xDSL systevas proposed. The
new system is equipped with a mechanism whereby the NEXTaEgre detected and
then FDLMS adaptive filters are assigned to cancel only tgeifstant NEXT signals.

By this means, the computational load can be significantlyeced. Three methods for
assigning the step sizes in the adaptive filters were iyastil. By making the step size
for each adaptive filter proportional to the magnitude ofM&EXT signal during the initial

phases of adaptation and then making them all equal durenfater phases, i.e., by using

method C for assigning the step sizes, the convergenceaateecsignificantly improved.
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And by returning after convergence to step sizes that anggptional to the magnitudes of
the NEXT signals, a much better tracking performance camtasachieved.

The time-domain and frequency-domain implementations H@en compared with
respect to computational complexity. The choice betweentwo depends critically on
the required filter length. For applications where a filtengh less than 40 is acceptable,
reduced computational complexity can be achieved by usiagime-domain implementa-
tion. On the other hand, if a larger filter length is requirét frequency-domain imple-

mentation would be preferable.



Chapter 5

NEXT Cancellation Using

Variable-Length Cancellers

5.1 Introduction

In Chapter 3 the computational complexity is reduced by dietgthe major NEXT sources
using a low-complexity crosscorrelation algorithm alonighwixed-length adaptive filters
[31] [1]. If the filter length of each adaptive filter is allodk¢o vary with the magnitude
of the NEXT signals, significant savings can be achievedrmseof the total filter length
of the adaptive filters. This reduction in the total filterddm results in improved usage of
hardware which also translates into significant saving®mputations.

In this chapter, an algorithm that adjusts the lengths ofattieptive filters according
to the magnitudes of the NEXT signals is proposed. By nornmgjiand then combining
many NEXT impulse responses for a particular cable, a naze@dINEXT profile is cre-
ated [2]. Using this profile, the starting and ending tap t@ss$ of the adaptive filter for
a certain maximum noise threshold are computed. The atgorstarts the NEXT cancel-
lation by using adaptive filters with minimal filter length¥he filter taps are positioned
along the locations where the maximum absolute value of A& Nimpulse responses
typically occur. As the adaptation progresses, the taptipasifor each adaptive filter are
periodically adjusted based on the absolute peak valueatf adaptive filter. When all

the adaptive filters have fully converged, another algorith used to readjust the length of
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those adaptive filters with filter lengths that may be too lontpo short.

The chapter is organized as follows: In section 5.2 the ¢mmd for optimizing the
filter length of each adaptive filter are derived. In sectidhd&n algorithm that minimizes
the number of filter taps under the constraint that the mamirortosstalk noise is below a
given threshold is described. Simulation results are ptesen section 5.4 and conclusions

are drawn in section 5.5.

5.2 Filter-tap minimization

Suppose an adaptive filter of lengthis used to cancel the near-end crosstalk fromdine
Using (3.10) the instantaneous eredn) due to all the NEXT sources in the bundle upon

convergence can be written as
N ~
e(n) =y(n) =Y > hi(k)di(n — k) (5.1)

Whereﬁi(k;) is the estimated NEXT impulse response of itieadaptive filter anaV is the
number of adaptive filters used to cancel the NEXT signals.
Assuming that the transmitted data are statistically ietejent and wide-sense station-

ary with zero mean, the mean-square-error upon convergeamcke expressed as

ElemP] = 0% 3 hi(k) — (k)P

=1

N %)
+> o Y k)P + o} (5.2)
=1 k=L;

whereh;(n) is the near-end crosstalk impulse response fromtthéne, /,;(n) is the esti-
mated NEXT impulse response of tith adaptive canceller of lengily, Ui is the variance
of the transmitted data, and is the variance of the additive noise in the system.

Assuming that all of the lines have the same DSL type, theamag of the transmitted
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data in each of the lines can be considered to be equal. ThdiBes (5.2) to

N L;—1
Ellem)P) = 03> > |hi(k) — hi(k)|”
i=1 k=0
+03 Y > (k)P + o (5.3)
=1 k=L;
wherec, = 04, = -+ = 04, = --- = 04,. Upon convergence, the first term in (5.3) is

much smaller than the background noﬁeand hence

N 00
Rog > Y |k + ol (5.4)

i=1 k=L,

Suppose thaf[|e(n)|?] is fixed at),,., which is the maximum noise that is tolerable by

the system, we can minimi2e.." | L; subject to the constraint

Amaz = 03 3 Y |hi(k)]* + o (5.5)

i=1 k=L;
This is an optimization problem of finding the minimum totdtefi length of the adaptive
filters for a given maximum tolerable NEXT noise.

Suppose, however, that the total number of taps of all the NEaticellers is fixed, that
is, ZL L; = constant, then a length; can be found for each NEXT canceller such that

Elle(n)|?] is minimized, that is, we solve the optimization problem

min Fle(n)|’] (5.6)
N
subjectto " L; = constant (5.7)

i=1

Using (5.4) and neglecting the constant termp®ndo,,, we can state the problem as

min > 3 (k)

i=1 k=L;

N
subjectto " L; = constant (5.8)
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or

subjectto " L; = constant (5.9)

5.3 Optimizing the filter lengths

In order to estimate the lengily for adaptive filteri, we create a NEXT impulse-response

profile for a given cable type, defined by

Cp(k) = max (0] 1) | Jha(E)] (5.10)
hmAXL hPMAX:  'MAX .
whereh)pax ; is the normalizing factor given by
hmax; = max|hi(1)], [hi(2)], ..., [hi(c0)]] (5.11)

andh;(n) denotes the NEXT impulse response inclusive of the trarsngitreceive filters.
The NEXT impulse responses used for generatihgt) can be obtained either through
crosstalk impulse-response measurements for the panticable type, or can be generated
through simulations [15].

For a cable of certain specifications, the envelopes of th€ NiEhpulse responses are
similar to one another although of varying magnitudes. Tagimum NEXT between any
two twisted pairs occurs in the initial portion of the cabl2l]; hence, the maximum ab-
solute values of the NEXT impulse responses will each haveadl slelay that is localized
around some small value on the time scale. From the NEXT profi(k), the peak value

of the NEXT impulse responses can be found to localize aréypdwhere

Cp(kmaz) = maX[Cp(i)] (5.12)

7

Since the peak values of all the crosstalk impulse respatses around,,,..., we can start

with adaptive filters that have filter taps positioned aroking.. Assuming that all the peak
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values occur betweefk,,.. — M/2) and (k... + M/2), we can have NEXT cancellers
with filter taps positioned betweén,,,.. — M /2) and (k.. + M/2). Thus the minimum
number of filter taps that each of the NEXT cancellers can isé + 1.

For the:th filter, the maximum absolute value of the M + 1 filter taps is defined as

M
oy = mZaXth(kmax - 7)‘7 SR |hz(k5ma:ﬁ)’7 ceey ’hz(kmax + 7)” (513)

The NEXT profile in (5.10) gives the maximum possible absokdlue of a normalized
NEXT impulse response at each filter-tap position. As willdeen, the profile is used
for obtaining the filter tap starting and ending positionsyohimum length for a given
maximum noise tolerance.

An adaptive canceller with filter taps starting fromg,,. + 1) and terminating at
(nstop — 1), Will not be able to cancel the NEXT impulse response beforg,,; + 1)
and after(ng,, — 1). Thus, if the NEXT impulse response is normalized so thagbéizk
absolute value is unity then the maximum possible NEXT pativat is not cancelled is

given by

Nstart

Tmae = Y, Ch(k)+ Y Co(k) (5.14)
k=0

k:nstop
Similarly, the maximum power; that is not cancelled before,,., is given by

Nstart

M(natare) = Y C2(k) (5.15)
k=0

and the maximum powey;, that is not cancelled after,,,, is

nh(nstop): Z Cz(k) (516)

k:nstop

Using (5.15) and (5.16), we can write (5.14) as

Nmaz (nsmrta nstop) =M (nstart) + Nh (nstop) (517)

From (5.15), we can get a plot gf versusn,,:. Sincern, is monotonically increasing

with ng.,+, @ unique inverse function(n;) that gives the starting tap position;,,; for a
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maximum power), can be obtained from the plot, that is

Nstart = g1 (nl) (518)

Similarly, (5.16) gives the plot ofy, versusn,,, from which an inverse functiop,(7;)

that gives the ending tap positian,,, is obtained; that is

Nstop = Gn(1n) (5.19)

Using (5.18) and (5.19), the filter length can be obtained as

Nstop — Nstart = Jh (nh) - gl(nl) (520)

For a fixed uncancelled powerthat lies before:,,,, and aftern,,, finding the tap po-
sitionsng.« andng,, such that (5.20) is minimized is the optimization problend][df

minimizing (5.20) subject to the constraint
m+nn = A (5.21)

Assuming that the impulse response has been normalizedréoitsapeak value at unity,
the solution of the optimization problem gives the startamgl ending tap positions of the
minimum filter length for a maximum tolerable noise

We let the solution of the optimization problem in (5.20) gbd21) be two functions
fstart(Ai) @nd foz0,(A;) such that

Nstarti = fstart ()\z) (522)

and
Nstop,i = fstop()\i) (523)

whereng,,.;, andng,,; are the optimum starting and ending tap positions for adapti

filter 7, and)\; is a rescaled value of and defined by

(5.24)
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whereq; is given in (5.13).

Rescaling\ is necessary becaugg,,.(;) andf.,,()\;) are obtained from the crosstalk
profile C, (k) which has been normalized so that its absolute peak valustis Therefore,
in order to find the tap limits of an impulse response with &mdasolute value of;, we
need to rescalg according to (5.24).

We start the NEXT cancellation with each adaptive filter hgvi/ + 1 taps positioned
between(k,,.. — M/2) and (ke + M/2). The maximum uncancelled NEXT impulse
power that can be tolerated is fixed)afor each line. To find the maximum uncancelled

power from all of the lines, we first defing anda; such that

1 if o? C2(k) — M —1] > X

a; = az[Zk p() } (525)
0 otherwise

a; = complement of; (5.26)

The expression; = 1 implies that the maximum power of the NEXT impulse resporise a
all but theM + 1 tap positions is greater than Thus, in order to bring down the maximum
uncancelled NEXT power ta, the filter length of the adaptive filter has to be increased
beyondM + 1. This is done by using (5.22) and (5.23) which gives theisigdnd ending
tap positions for adaptive filterfor a given value of\ anda;.

Whena; = 0, the maximum uncancelled NEXT impulse response power fadaptive
filter with M +1 taps is less thai and therefore the filter length is not increased but fixed at
M+1. Thus, the maximum uncancelled power wher- 0 is given bya; [, C2(k)—M].

The total uncancelled NEXT impulse powey,,. from all the lines is therefore

N N
Fmaax = Z CLZ‘/\ + Z diOéZ-Q
=1

i=1

> C2k)— M - 1] (5.27)
k

Solving (5.27) for\ can be complicated since anda; are also dependent on The

solution can be simplified if; anda; are approximated by, andb, such that

1 if o[}, CHk) — M — 1] > Dwae
bi _ az[Zk p( ) } N (528)
0 otherwise

b; = complement of, (5.29)
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Hence,
N N
Fmaac ~ Z bz)\ + Z BZOZZQ
=1 =1

Solving for \, we get

> C2k)— M - 1] (5.30)
k

Fmaa: - ZZ]\L1 Elazz [Zk C]?(k) - M- 1}

A pr—
Zi\il bi

(5.31)

where
N
D b #0 (5.32)
=1

Thus by knowingy; for each adaptive filter, we use (5.31) to fikdor a given value of
I'.q2- ONcel is obtained, we can use (5.24) to fizdfor each adaptive filter. Knowing;,
we then use (5.22) and (5.23) to get the starting and endmgdsitions for adaptive filter

i.

5.3.1 Adjusting the tap weights on convergence

Once all the adaptive cancellers have fully converged,apditits can be adjusted further
to reduce the mean residual error while keeping the totall dfter lengths fixed. An al-
gorithm that minimizesZ(|e(n)|?) in (5.4) by adjusting the filter lengths while keeping the
total of all the filter lengths fixed is used. The algorithmresthe sum of squares of the last
n filter taps on all the adaptive filters, and compares the maxirvalue with the minimum.
Parametern can be varied from 1 to the minimum filter lengtth + 1. If the ratio of the
maximum to the minimum exceeds a certain threshold valeeadaptive filter having the
minimum value is reduced in length by one tap, and the onengatie maximum value is
increased by one tap. Itis assumed that with the new filtgitkethe minimum mean-square
error value upon convergence will be smaller than the ptsi@lue, thereby maximizing
ZiN:l Zf;l |hi(k)|?, which is also the same as solving the maximization probte(s.9).
The same procedure is repeated each time the adjusteddp®have converged. It stops

when the ratio of the maximum to the minimum value is belowespribed threshold.
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5.4 Simulation Results

In the simulations, the crosstalk impulse-response measemts were taken from mea-
surements performed on a University of Ottawa cable [47{eAfemoving the d.c. com-
ponent, the impulse responses were convolved with thertriaad receive filters of an
HDSL2 system [36]. A total of 50 crosstalk impulse responsese used to generate the

crosstalk profile defined in (5.10). A plot of the generateafif is shown in Fig. 5.1. From

0
220 240 260 280 300 320

Figure 5.1. Near-end crosstalk profile generated from 50 NEXT impulseoresgs.

the crosstalk profile€’, (k) defined in (5.10), functiong,(r;) and gy () were found using
(5.18) and (5.19), respectively; their plots are given igskb.2 and 5.3. Functiog(1;)
gives the starting tap position,,; for a givenn, while functiong(n,) gives the ending
tap positionn,, for a givenny,.

Once functiongy,(n;) andgy, (1) were known, equation (5.20) was minimized with re-
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Figure 5.2. Plot of g;(n) versusy;.
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Figure 5.3. Plot of g, (n) versusy;,.
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spect to where) is defined in (5.21). This is an optimization problem whodetsan are
two functions fy..+(A;) and fq.,(;) as defined in (5.22) and (5.23), respectively. Func-
tions fyart(A:) and fs0,(A;) give the starting and ending tap positions for a gisenTheir

plots are shown in Figs. 5.4 and 5.5.

262 - . . N . -

260}

258}

250

248

246

10 10

Figure 5.4. Plot of f,,+(\) versusi.

During the NEXT cancellation process, we can ysg.:(\;) and fq.,(\;) to find the
starting and ending tap positions for each adaptive filtertaBing the difference between
the ending and starting tap positions the required filtegtlens obtained. A plot of this
difference versus is shown in Fig. 5.6. Equation (5.13) giveg for each adaptive filter
and (5.31) gives the value of Using (5.24), we use the values @f and A obtained to

estimate); for each adaptive filter. The NEXT cancellers used in the Rtrans were
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normalized least mean-square (NLMS) adaptive filters [38) the initial number of taps
M +1 setto 3. Filter length adjustments were done after everytg@tions of the adaptive
filters. After 2000 iterations, the adaptive filters wereumssed to have attained convergence
and the second algorithm described in section 5.3.1 wasubed; this algorithm is used
to readjust the filter length of each adaptive filter whiledag the total length of all the

adaptive filters fixed.

5.5 Conclusions

A new method that adjusts the length of each adaptive filteoraing to the magnitude
of the near-end crosstalk signal has been proposed. Siade¢BXT signals are typically
of varying magnitudes, using the method can result in a s@luof the total filter length
relative to that achieved with fixed-length adaptive filtérise NEXT cancellation is started
by using adaptive filters with minimum filter lengths. As thdaptation progressed, the
filter length of each adaptive filter is adjusted accordingh® magnitude of the NEXT
signal. Upon convergence, another algorithm is initiated teadjusts the filter lengths of

those adaptive filters that may be too long or too short.



Chapter 6

NEXT Mitigation using Wavelets

6.1 Introduction

The techniques presented in Chapters 3, 4, and 5 for the tattmebf NEXT require that
the transmitted signals of the crosstalk sources be alailalthe adaptive filters cancelling
the NEXT signals and if this is not the case the techniqueddwoat be suitable.

In this chapter, a new crosstalk mitigation technique tlatschot require the transmit-
ted signals from the crosstalk sources to be available {gg®d. In the new technique, the
noisy signal is first transformed to the wavelet domain arh thn appropriate threshold
technique is applied to reduce the crosstalk noise. Crasstase, i.e., NEXT or FEXT,
has spectral power that is typically confined to the higher@fthe signal frequency band
while the received signal is more concentrated at the lowdr €he new threshold method
takes advantage of the difference in spectral-power Higidn to significantly improve
the signal-to-crosstalk-noise ratio (SCNR) of the signaler€fore, it is appropriate for
reducing FEXT as well as background noise in addition to NEBFEXT and background
noise cannot be cancelled by adaptive filters since theawmdersignals for these sources
are generally not available. Moreover, unlike the compora complexity in NEXT can-
cellation with adaptive filters, the computational comgexn the wavelet technique is
independent of the number of crosstalk sources (or equithgl¢he number of lines in the
bundle) thereby making it very efficient for bundles with eglanumber of twisted pairs.

Another attractive feature of this technique is that untkgimal linear estimators, such
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as the Wiener filter, where prior knowledge of the magnitude exact statistics of the
crosstalk is required for optimal performance, the prodasethod does not require any
prior knowledge about the crosstalk magnitude but estisnages the algorithm progresses.
Furthermore, since the processing is done blockwise rdbi@r sample-by-sample, the
technique has a low computational complexity. And with tee af new fast wavelet trans-
form algorithms such as those in [48] [49], which have comipyeof the order ofL log L
wherelL is the length of a block of data, the technique can be veryieffiand fast.

This chapter is organized as follows: Section 6.2 desctiesharacteristics of NEXT
and FEXT, namely, their frequency distributions, and tli&aussian nature. Section 6.3
presents the various wavelet denoising techniques for NEedtiction. Simulation results

are presented and discussed in section 6.4 while conchiar@drawn in section 6.5.

6.2 Gaussian Nature of Crosstalk

In a transmission cable, the communication channel is stdgjeto crosstalk interference
from multiple twisted pairs. Due to the presence of multpiasstalk interferers, the NEXT
tends to be a Gaussian random process [50]. Assuming thatatemitted signals in all
the interfering pairs have the same power density specttaenNEXT PSDSy(f) for

sufficiently long loops of 1000 feet or more can be expressed a

[

Sn(f) = xS(f)f (6.1)

where x is a Gaussian random variable which is a function of the dist pair under
consideration and( f) is the PSD of the input voltage of the interfering pairs. Egsion
(6.1) has been found to be quite accurate for the kind of Amtkirference NEXT that is

observed in practice [17]. Similarly, a corresponding esgion for FEXT is given by
Sr(f) = ¥S(f)f*de V7 (6.2)

wheret is a Gaussian random variable which is a function of the dist pair under

considerationd is the cable length, andis the proportionality constant. As such, the filters
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defined by (6.1) and (6.2) can be used to simulate NEXT and F&als, respectively,
by using white Gaussian noise as the input signal.

Since NEXT is more dominant than FEXT, the focus in this cajston NEXT reduc-
tion. However, the proposed technique can also be used igat@t-EXT in environments
where the crosstalk interference is predominantly FEXT efcample, in an ADSL envi-
ronment.

Unlike the power in NEXT signals, that of the received sigeahore attenuated in the
higher frequency regions of the transmission band. Thietabse the amplitude response
of a twisted-pair channel usually decreases with frequefgpically, the attenuation is

approximately proportional t¢/f [17].

6.3 Crosstalk Mitigation Using Wavelets

Since the paper of Donoho et al. on wavelet denoising in 1998, fhe use of wavelet
techniques for the removal of noise from a signal has becowreasingly popular. One
reason is that it provides a quasi-optimal minmax estiméi oisy piecewise-smooth
signal on a wavelet basis, which for certain classes of gneen outperforms linear esti-
mators [52]. Another reason is the flexibility in choosing thavelets. Depending upon the
nature of the signal, the most appropriate wavelet thatmizgs the number of coefficients
can be selected and used for removing the noise [53].

When denoising a signal, it is important to have a knowledgeehature of the noise.

Consider a noise-corrupted signdkh) which can be modelled as
z(n) = s(n) +w(n) (6.3)

wheres(n) is the noise-free signal and(n) is the noise. Ifw(n) is an additive white
Gaussian noise, the wavelet transformugf.) will also be white Gaussian with the same

magnitude across all levels. Hence, (6.3) can be expresgbd wavelet domain as

r(n) = o(n) +~(n) (6.4)
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wherex(n) is the wavelet transform of(n), 6(n) is the wavelet transform of(n), and
v(n) is the wavelet transform af(n). It should be noted that(n), like w(n), will also be
white Gaussian with the same variance.

In order to reconstruct(n) from measures of(n), it is necessary to remove the noise
contribution fromx(n). Donoho and Johnstone have proposed two types of shrinkage
functions for a given threshold [54]:

e Soft thresholding, which is defined by

) saniy(n)l(fy(n)] = A) i fy(n)[ > A
ys(n) = .
0 if ly(n)] <A

(6.5)

e Hard thresholding, which is defined by
y(n) i [y(n)| > A
yr(n) = , (6.6)
0 iffy(n)| <A
In order to determine the thresholgdwe use the so called universal threshold proposed by

Donoho and Johnstone, which is given by [55]

)\uni'u =0y 2 loglo N (67)

where
_ MAD (kr)

0.6745
N is the length of the signal, is the finest wavelet scale,; is a vector whose elements

(6.8)

are the wavelet coefficients of the finest scale, and MAD igtleeian absolute deviation
of the coefficients. Equation (6.8) follows from the facttttize wavelet coefficients are
Gaussian random variables and thus the MAD is proportiantileé standard deviation

If the noise disturbance is correlated, the noise levelsactbe different levels would
be different and, as such, the threshold defined in (6.7) dvoat be effective. Instead, a
level-dependent threshold is used. A popular level-depenthreshold method proposed
by Johnstone and Silverman [56], which assumes that the m{Saussian distributed, is

given by
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where

5, _ MAD () (6.10)
0.6745

andk; is a vector whose elements are the wavelet coefficientsyet de
Another method of estimating; is to apply Stein’s unbiased risk estimate (SURE)
threshold method. As described in [57], the SURE estimatieoadh first investigated for

white Gaussian noise settings [58], remains unbiased eitercarrelated Gaussian noise;

it is given by
)‘iSURE - Oit(%) (611)
g
where
t(z) = argmin 0<t</TTogd Ul(t) (6.12)
and
Ut) =ni+Y_{min(a},t*) — 2I(|z| < 1)} (6.13)

k
where! is the indicator function(-) = 1 if |z;| < tandl (-) = 0if |xx| > t), andn, is

the number of coefficients at level

6.3.1 Estimate of the crosstalk noise across the wavelet levels

Since the NEXT noise has greater power towards the higheofthe frequency spectrum,
the magnitude of the wavelet coefficients at the higher veveVvels will be predominantly
due to NEXT. However, there are instances where the magnifithe NEXT noise in a
twisted pair is small or the received signal is large. In soakes, the magnitude of the
wavelet coefficients at the higher levels will also have gigant contributions from the
received signal. As such, using the lowest level waveleffiotents to estimate the NEXT
noise will not always be accurate, especially, when the SCNReaeceived signal is high.
In order to get a fairly accurate estimate of the magnitudén@MNEXT noise in each
wavelet level, we take advantage of the fact that the sdqmiveer of the NEXT signal is

confined to the higher end of the frequency spectrum whil@tweer of the received signal
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is confined to the lower end. Hence, first, the typical distidns of the NEXT magnitudes
across the different wavelet levels are estimated. Thismnedy passing white Gaussian
noise through a filter with NEXT PSD as given in (6.1), takitgywavelet transform, and

then using the wavelet-transformed signal to evaluate ¥ Ndistribution ratioo;, given

by
_ MAD(v,)

Q= —————~
MAD (v;)
wherev, is a vector whose elements are the wavelet coefficients ovalrelet-transformed

(6.14)

crosstalk noise for level, and L the finest (highest) level. Next, the distributions of the
magnitude of the received signal across the wavelet levelgestimated. This is done by
taking the wavelet transform of the received signal anduataig the ratigj; given by

MAD (§;)

b= MAD (5;)

(6.15)

whered; is a vector whose elements are the wavelet coefficients ofdkelet-transformed
received signal for leval Thus, by using the ratias; andg; it is possible to estimate the
powers of the NEXT signal and the received signal at a pdatiauavelet level.

Suppose a received signaln) corrupted by NEXT noise is transformed such that the
wavelet coefficients for level are represented by vectar; in such a case, the MAD
estimater,; is given by

o2, = MAD (k;) (6.16)

If 0%, ando?, are the NEXT signal power and the received signal powereasly, for

level i, theno?, will be the sum ob%;, ando?,, i.e.,

02, = 0% + 0% (6.17)

By using (6.14), (6.15), and (6.17), we have the following equations for théth andZth
levels:

U]ZVL+U§L:U§L (6.18)

aioyy + Bloe, = ol (6.19)
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Solving (6.18) and (6.19), the crosstalk noise power esérfa leveli is given by
2 2 2

o = QG oNg, = a2ﬁ (6.20)
Once the powers of the crosstalk noise at the different $elialve been estimated, the
threshold values for the various levels are computed. Bahuttiversal and the SURE
threshold estimates, given in (6.9) and (6.11), respdygfigcan be used. However, in situ-
ations of extreme sparcity in the wavelet coefficients ofdisired signal, which happens
when the SNR of the received signal is low, the SURE princigiecdbed in (6.11) has a
serious drawback [58]: the noise contributed to the SUREIprb¥i the many coordinates
at which the signal is zero swamps the information contadub the SURE profile by the
few coordinates where the signal is nonzero. Hence, in saséscthe universal threshold
given in (6.9) would be a more accurate threshold estimatas€yuently, a hybrid scheme
similar to the one proposed in [58] can be adopted; that ignthe SNR of the signal is
below a certain threshold the universal threshold estinsatesed, and when the SNR is

above the threshold the SURE estimate is used. In equation fbrs is given by

Nisore TSNR>T
\; = SUR (6.21)
Xi... FSNR<T
wherel is an appropriately selected threshold. Since the SNR afiteived signal is not
readily available, an approximate estimate can be obtdigelving equations (6.18) and

(6.19) foro%;,, ando?,, respectively, and taking their ratios; that is,

0.2
SNR~ k5L (6.22)
ONL

wherek is some constant which can be determined empirically.

6.4 Simulation Results

The NEXT-corrupted received signal for the simulations g@aserated as shown in Fig. 6.1.
As can be seen in the figure, the received signal was gendrafeassing a zero-mean uni-

formly distributed random sequence through a channel.filtee channel filter was used
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Figure 6.1. Block diagram for generating NEXT-interfered received aign

to model a twisted pair channel of length 7600 feet and ga6g®/2G. The NEXT signal
was generated by passing white Gaussian noise throughranmiltePSD as given in (6.1).
The termS(f) in (6.1) represents the combined PSD of the HDSL2 mask, Hrestnit
filter, and the receive filter. The NEXT-interfered receiggnal was obtained by adding
the NEXT noisew(n) with the clean signad(n). By adjusting the gaitz, the magnitude
of the NEXT noise (or correspondingly the SNR of the receisigthal) can be adjusted.

The NEXT noise distribution ratie; and the received signal distribution ratipwere
evaluated for a particular wavelet using (6.14) and (6 .dspectively. The two ratios were
evaluated beforehand, and were required in order to estithatcrosstalk noise power at
the various wavelet levels.

In order to study the wavelet technique, two simulation expents, Experiments A

and B, were conducted as detailed below.

Experiment A
In Experiment A, two threshold methods, namely, the unafesiad SURE threshold meth-
ods were tested. The setup used is shown in Fig. 6.2. In bathoae the noisy signal was

divided into blocks, each of length 2048, and by using WAVEAhe discrete wavelet

! Available from the Stanford Statistics Department, caytef D. L. Donoho and I. M. Johnstone
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transform was applied on each block. The NEXT-noise powarsefrels 7, 8, 9 and 10
were then estimated using (6.20). Once the NEXT-noise poatahe different levels were
estimated, the threshold values were next evaluated usmgireshold methods, namely,
the universal and SURE threshold methods. To reduce (orikghlhia wavelet coefficients
the soft thresholding method in (2.4) was used. Tables &d16ah show a comparison of
the two threshold methods for the Battle-Lemarie wavelettaedDaubechies wavelet of
order 10, respectively. On comparing the SNRs in Tables @IB&) it can be seen that the
Battle-Lemarie wavelet gives better SNR improvement (bywadBs) than the Daubechies
wavelet of order 10. It is also observed that at high SNRs, thRESthreshold method
gives better SNR improvement whereas at very low SNRs thestsal threshold method
outperforms the SURE method. Hence, by adopting the hykehthigue in (6.21), the best

of the two threshold methods can be utilized.

Universal A .
3 Thresholding > Sunv (N,

x(n)

> SURE > /S\ (n

Thresholding SURE

Figure 6.2. Simulation setup for comparing the performance between ninersal and
SURE estimates in reducing NEXT.

Experiment B
In Experiment B, the SNR was evaluated by passing both they mmid denoised signals
through a matched filter, that is, a filter that maximizes tN&RDf the received signal. A

block diagram of the simulation setup used is shown in Fig. &1 our simulations, the
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Table 6.1. Comparison between the universal and SURE estimates, usin@adttle-

Lemarie wavelet.

SNR; () | SNRs,,..,(n) | SNRsgy s (n)
(dB) (dB) (dB)
-25 13.9 -3
-5 19.8 15.8
0.03 21.2 19.36
10 23.36 24.3
20 26.2 31.8

Table 6.2. Comparison between the universal and SURE estimates, usriggibechies

wavelet of order 10.

SNR:(n) | SNRs,,.,(n) | SNRsgy 55 (n)
(dB) (dB) (dB)
-25 14.02 33
-5 18.8 15.29
0.03 20.37 18.48
10 22.53 23.95
20 25 28.68
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causal matched filter was realized by using the expression
ft) =h(C —1) (6.23)

where(C' is some constant anfd ) is the received pulse shape of finite length of a single

data symbol. To select the threshold, the hybrid estimatgvas in (6.21) was used. The

> Hybrid %Wb (n) » | Matched Son (N)

Thresholding Filter

AN

Sm(n)

Matched
) Filter

Figure 6.3. Block diagram of the simulation setup for comparing the SNRop@ance

between the noisy signal and the denoised signal (the Bagtiearie wavelet was used).

measured SNRs of the received signal are given in Table 6. @m Ene table, it can be
seen that for low SNRs, the wavelet-denoised sigpaln) has significantly better SNR
than the noisy signad,,(n). However, as the SNR of the received signal increases, the
SNR improvement obtained by using the wavelet-denoisinthatedecreases. And when
the SNR becomes relatively high as in row 5 of Table 6.3, thed signal has a much
lower SNR than the noisy signal. The power spectra,gf) ands,,,(n) are compared

in Figs. 6.4 and 6.5 for two SNRs of the noisy sigméh); the power spectra of a clean
(NEXT-free) received signal is also shown in both the figuoeserve as a reference. The
SNR ofz(n) in Fig. 6.4 is -5 dB while in Fig. 6.5 it is 10 dB. From the two figst, it can be
seen that at a low SNR of -5 dB there is greater spectral ingonewit in using the wavelet

technique than at a higher SNR of 10 dB, in agreement with thatsein Table 6.3.
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Table 6.3. Effectiveness of the wavelet denoising technique in regudEXT.

SNR,(n) | SNR;, ,(n) | SNR;,, (n) | SNRs, (n)
(dB) (dB) (dB) (dB)
-25 13.9 27.37 17
-5 15.8 43.7 37
0.03 19.36 46.53 42.03
10 24.3 52.41 52.04
20 31.8 57.47 62

= N == s (n)

= --=s |

= — NEXT-free

[}

o

©

! i

=)

‘»

-

)

N 1

S 3

E \

5 .

e =
50 100 150 200 250 300 350 400 450 500

frequency (KHz)

Figure 6.4. PSD of the noisy signal, denoised signal, and crosstakk-dignal after both

are passed through the matched filters (the SNR of the noisglsigas—5 dB).
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Figure 6.5. PSD of the noisy signal, denoised signal, and crosstakkg$ignal after they

are passed through the matched filter (the SNR of the noisglsigas 10 dB).
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6.5 Conclusions

A new method to mitigate near-end crosstalk noise in xDSltesys was proposed. The
method entails using wavelet denoising techniques to eethe crosstalk noise in the re-
ceived signal. Unlike the received signal, which has grespectral power in the lower
end of the frequency spectrum, NEXT power typically incesawith frequency; the pro-
posed method uses a wavelet denoising technique that tdkastage of this difference in
spectral power distribution to mitigate the crosstalk aoiBurthermore, the wavelet tech-
nigue has a low computational complexity which makes it igffit; fast, and well suited for
high data-rate applications. Simulation results confirtiedeffectiveness of the proposed
method in reducing the NEXT noise, especially, in low SNRdibons where NEXT mit-
igation is critical. As the SNR of the received signal in@es, the effectiveness of the
proposed method decreases; however, in high SNR condM&XSI' mitigation is not as

critical and is usually not required.



Chapter 7

Conclusions

Various NEXT cancellation techniques that reduce the cdatfmnal complexity, increase
the convergence rate, and improve the tracking performawece developed. The various
techniques are
A) Cancellation using adaptive filters
B) Cancellation using FDLMS adaptive filters
C) Cancellation using variable-length cancellers
D) Mitigation using wavelets

Technique A is an efficient NEXT cancellation technique. Tibes system first detects
the NEXT present in the received signal and then assigngiaddifters to cancel the most
significant NEXT signals detected. The detection of the NESxgnals is done by using
a low computational complexity crosscorrelation techeiqBy subtracting the adaptive
filter estimates of the NEXT signals that have been deteatddaasigned adaptive filters
for cancellation, the magnitude of smaller NEXT signals barestimated more accurately
during the NEXT detection stage. The new system offers anathvaomputational com-
plexity of order N where N is the number of twisted pairs in the bundle. This represents
a large reduction in the computational effort relative tattim previous NEXT cancellation
system which offered computational complexities of ordiér

Technique B is based on the same NEXT cancellation systeracmifue A but uses
frequency-domain instead of time-domain adaptive filtersancel the NEXT signals. The

technique is suitable for NEXT cancellation in high dateer@SL systems where the re-
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quired adaptive filter length easily exceeds 40. Also, sdv&hemes of assigning the
adaptive filter step sizes were explored. It was found thatbking the step sizes pro-
portional to the magnitude of the NEXT signals during theiahiphases of adaptation
and equal later on, the convergence rate is significantlyorga. And by returning af-
ter convergence to step sizes that are proportional to tlgmit@es of the NEXT signals,
a much better tracking performance is achieved. Adaptiterdilwith variable step sizes
can become unstable and finding the conditions that willrase stability of the NEXT
cancellation system is of importance. This problem wasesblyy deriving the stability
bounds for the adaptive filter step sizes.

Technique C reduces the computational load in a NEXT caattehl system. It entails
adjusting the filter length of each adaptive filter accordinghe strength of the NEXT
signal, thereby resulting in a minimum usage of filter taps.e$timate the adaptive filter
length required, a normalized NEXT profile is created by redimmg and then combin-
ing many NEXT impulse responses for a particular cable. TEXN profile is used for
computing the start and end tap positions for a given maximEXT noise threshold.
The algorithm starts the NEXT cancellation by using adapfiers with minimum filter
lengths. As the adaptation progresses, the algorithm tsdjues filter length of each adap-
tive filter according to the magnitude of the NEXT signal,ddhen the NEXT profile. And
when all the adaptive filters have fully converged, anotthgor&thm is used to readjust the
filter length of those adaptive filters that are too long orgbort.

Technique D entails using wavelet denoising techniquesdaae the crosstalk noise
in the received signal. Unlike the received signal which geeater power in the lower
end of the frequency spectrum, NEXT signals typically hareater power in the higher
end. The proposed method uses a wavelet denoising techthigiuiakes advantage of this
difference in frequency spectra to mitigate the crosstalisen The performance of the
technique is very much dependent on the type of wavelet ubatljs, wavelets that are
more correlated with the received signal and less cormladth the NEXT signals give

better performance. Unlike the previous three techniqiexshnique D is a blind technique,
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which does not require the transmitted signals of the catisstources to be available.
Furthermore, the technique has a low computational contplthat is independent of the
number of crosstalk sources, which makes it efficient, fastl well suited for high data-

rate applications.

7.1 Suggestions for Future Research

Due to the high numerical complexity associated with NEXThasdlation, more work
needs to be done to reduce the required computational &fidineer. Infinite impulse re-
sponse (IIR) adaptive filters present a better alternatiidRoadaptive filters due to their
capability to accurately model the NEXT transfer functiothsa much lower filter order.
For example, in high data rate systems where the requirec&#gtive filter length easily
exceeds 100, using an IIR adaptive filter of order less thawiR0in most cases, provide
the same level of NEXT reduction, if not more. One major dragkbof IIR adaptive filters,
however, is the possible existance of multiple local minonavhen the reference signal to
the adaptive filter is colored [60][61]. Another drawbackhe potential instability associ-
ated with IIR adaptive filters which would necessitate cotapanally expensive stability
checks at every iteration [62]. Further research shouldiden ways to ensure that the
IIR adaptive filters always converge to the global minimurd drthis is not possible to a
good suboptimal minimum. Also, new ways to reduce the coatprial effort required to
assure filter stability should be explored.

Another area for further research is crosstalk mitigatisingiwavelet techniques. From
the simulation results presented in section 6.4, it is akeskthat using the Battle-Lemarie
wavelet resulted in better NEXT removal than using the Dablas wavelet of order 10.
These observations indicate that by using wavelet baségake into consideration the
nature of the NEXT and received signals, improved SNR peréorce can be obtained. In
effect, future work should explore wavelet bases that areerapecific to crosstalk mitiga-

tion. One approach is to refine the current best basis setetetchniques [63][53] to take
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into account the nature of both the crosstalk and the redeigmal.
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