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Abstract

Many wavelet shrinkage methods assume that the data are observed on an equally spaced grid of
length of the form2J for someJ . These methods require serious modification or preprocessed data to
cope with irregularly spaced data. The lifting scheme is a recent mathematical innovation that obtains
a multiscale analysis for irregularly spaced data.

A key lifting component is the “predict” step where a prediction of a data point is made. The
residual from the prediction is stored and can be thought of as a wavelet coefficient. This article
exploits the flexibility of lifting by adaptively choosing the kind of prediction according to a criterion.
In this way the smoothness of the underlying ‘wavelet’ can beadapted to the local properties of the
function. Multiple observations at a point can readily be handled by lifting through a suitable choice
of prediction. We adapt existing shrinkage rules to work with our adaptive lifting methods.

We use simulation to demonstrate the improved sparsity of our techniques and improved regres-
sion performance when compared to both wavelet and non-wavelet methods suitable for irregular
data. We also exhibit the benefits of our adaptive lifting on the real inductance plethysmography and
motorcycle data.

Keywords: Curve estimation, lifting, nonparametric regression, wavelets.

1 Introduction

Wavelet shrinkage is used extensively for estimating functions which have been corrupted by noise.
We assume a basic knowledge of wavelet shrinkage but reiterate key points throughout the paper.
Recall that the general idea is to wavelet transform the observed data, for example using the discrete
wavelet transform (DWT), threshold the wavelet coefficients, and then invert the transform to form an
estimate.

This paper proposesadaptive lifting, a wavelet-like decomposition motivated by the aim of adapt-
ing the smoothness ofeachwavelet basis function to the local features of the given data. We will
demonstrate that our adaptive ‘wavelets’ possess good compression and denoising properties for ir-
regularly spaced data. Many real data sets contain multipleobservations at single data points which
our adaptive lifting methodology can readily handle (and which classical wavelet shrinkage usually
cannot).
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We have found that modified versions of empirical Bayes methods described by Johnstone and
Silverman (2004a,b, 2005) work well for shrinkage on our adaptive lifting transforms. We shall show
through simulations that our two adaptive lifting transforms perform well against other smoothing
methods, such asLocfit (Loader, 1997, 1999), smoothing splines and the wavelet method introduced
by Kovac and Silverman (2000) for irregular data.

Section 2 reviews wavelet shrinkage methods for both regularly and irregularly spaced data and re-
views the lifting scheme in general terms. Section 3 introduces our adaptive versions of the coefficient-
by-coefficient lifting scheme and discusses methods of shrinkage for nonparametric regression. Sec-
tion 4 investigates the sparsity of adaptive lifting coefficient sequences on simulated data and compares
it to other wavelet methods. Section 5 presents a comprehensive simulation study that compares our
new methods to other wavelet and non-wavelet techniques andalso illustrates our methods on real
data. Section 6 concludes and outlines ideas for further work.

2 Multiscale methods for regression

Multiscale methods for nonparametric regression have become increasingly popular over the last
decade. See Vidakovic (1999); Abramovichet al. (2000); Percival and Walden (2000) for reviews.

A popular model that dominates the wavelet shrinkage literature is given by

fi = g(xi) + εi, (1)

for i = 1, . . . , n. The goal of wavelet shrinkage is to estimateg from thefi sequence. Most of the
work in this area is univariate and many methods, implicitlyor explicitly, cope only with situations
that further assume:

1. The regression ordinatesxi are equally spaced. Typicallyxi = i/n for integersi = 1, . . . , n;

2. n is a power of two;

3. Theεi are independent and identically distributed and sometimesassumed to be Gaussian;

4. For eachi there is one (and only one)fi.

These assumptions are not satisfied by many real data sets: for example, the well-knownmcycle
motorcycle data from Silverman (1985). The methods we develop here are designed to work with
irregularly spaced data sets of any length, with the possibility of multiple fi for eachi. We also
consider departures from the third assumption in Section 3.3.

2.1 Review of wavelet methods for regular designs

By now wavelet shrinkage with the classical DWT is well known. To help establish our notation for
what comes later we shall briefly outline the procedure.

A multiresolution analysis of a functiong(x) ∈ L2(R) is an expansion given by

g(x) =
∑

k∈Z

c∗0,kϕ0,k(x) +
∑

j≥0

∑

k∈Z

d∗j,kψj,k(x), (2)

whereψj,k(x) = 2j/2ψ(2jx − k) and similarly forϕj,k(x). The functionsψ(x) andϕ(x) are called
the mother wavelet and scaling function respectively. The name wavelet arises fromψ(x) being an
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oscillatory function of short extent, ideally of compact support. For certain choices ofψ ∈ L2(R),
the family{ψj,k(x)}j,k∈Z forms an orthonormal wavelet basis ofL2(R), in which case{d∗j,k}j,k∈Z is
given byd∗j,k =< g,ψj,k > and provides information aboutg at scale2−j near position2−jk.

For an equally spaced sequenceg = {g(i/n)}n
i=1 for n = 2J the DWT computes discrete (peri-

odic) wavelet coefficientsd∗ = {d∗j,k}j=0,...,J−1;k=0,...,2j−1, where thed∗j,k have the same scale and
location interpretation as before, but now about the sequence g rather than the functiong(x). Note
that we abuse notation by keeping the same symbols for both the discrete and continuous wavelet
coefficients. It is also possible to decompose the sequenceg down to some primary resolution
level, L, so that the discrete wavelet coefficients ared∗ = {c∗L,ℓ, d

∗
j,k} for ℓ = 0, . . . , 2L − 1 and

j = L + 1, . . . , J − 1 andk = 0, . . . , 2j−1. In other words, the coefficients are divided into scaling
function coefficientsc∗L,ℓ (which carry information about the average of the sequenceg at a given

scaleL and location2−Lℓ) and wavelet coefficientsd∗j,k (as before). The DWT can be expressed as
a matrix multiplicationd∗ = Wg, whereW is an orthogonal matrix derived from theψ(x) wavelet.
However, in most implementations the fast DWT of Mallat (1989) is used for computing the DWT.

Applying the DWT to model (1) yields:

d = d∗ + e, (3)

whered is the DWT off = {fi}
n
i=1 ande is the DWT of{εi}n

i=1. The wavelet shrinkage problem
then becomes how can one estimated∗ from thed? For many real signals the wavelet transform ofg is
sparse and hence a thresholding approach is often adopted and successful. For further information on
carrying out the DWT and basic thresholding in a statisticalcontext see Nason and Silverman (1994);
for early work on wavelet shrinkage see Donoho and Johnstone(1994, 1995); Donohoet al. (1995);
see the above mentioned references for further reviews.

Here we have only mentioned the most popular orthonormal transform linked to an orthonormal
basis of wavelets. More general and flexible schemes includeRiesz bases or bases where there are
biorthogonal analysis and synthesis wavelets.

There are several families of wavelets that one might use. Popular families include the Daubechies
(1992) compactly supported wavelets which offer wavelets with widely varying degrees of smooth-
ness. A common question, not well answered by the existing wavelet shrinkage literature is “which
wavelet should I use?” General advice is to “use a wavelet that matches or exceeds the smoothness
characteristics ofg(x)”. Of course, in practice,g(x) is unknown and so the advice is not always of
much help. Some work (e.g. Nason (2002)) suggests using cross-validation to choose the wavelet
smoothness, which can help, but not for functions that possess varying degrees of smoothness in
different locations.

One of the philosophies of ouradaptive liftingis that not only do the (effective) smoothing pa-
rameters change over the domain of the data butalso the (smoothness) class of the basis functions,
and so the precise choice of wavelet no longer rests with the user.

2.2 Review of wavelet methods for irregular designs

Various methods have been proposed to adapt irregularly spaced data to the “equally-spaced” DWT.
We discuss the advantages and disadvantages of some of these.

Cai and Brown (1998) proposed taking into account the irregularity by using the correspondence
xi = H−1(i/n), whereH is a strictly increasing function which usually needs to be estimated. This
allows the mapping of the functiong collected on an irregular grid into the functiong ◦H−1 collected
on a regular grid, which hence can be estimated. By composingthis estimator withH, an estimator
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of g can be obtained. Yet this proves not to be a good estimator, especially wheng is much smoother
thanH. In these conditions, for piecewise Hölder functions, an estimator ofg is constructed, based
on the wavelet decomposition of ProjVJ

n−1/2
∑n

i=1 fiϕ
per
J,i (x). A new threshold is obtained by a

generalization of the Donoho and Johnstone (1994) VisuShrink. The final estimator is proved to enjoy
nice theoretical properties.

Sardy et al. (1999) proposed four ways (comparable in performance) of extending the Haar
wavelet transform to irregularly spaced data, and then adapted VisuShrink to the modified transform.
Out of the proposed transforms, the isometric Haar waveletsare computationally simplest, and the
authors point out that they can be generalized to wavelets ofhigher order than Haar.

Cai and Brown (1999) show that when thexi are distributed independently on [0,1] the wavelet
method with universal threshold can be applied directly, asif the grid were regular. The motivation is
the use of the approximationx(i) ∼ E(x(i)) = i/(n + 1), and so the observations(i/(n + 1), fi) are
considered instead of(xi, fi). This estimator is also within a logarithmic factor of the minimax risk
over a range of Hölder functions.

Kovac and Silverman (2000) map irregularly spaced data,f , to a regular grid,̃f , by a linear
interpolation of the original noisy values:̃f = Rf where the matrixR describes the interpolation.
The usual wavelet shrinkage can be applied tof̃ and, additionally, to permit accurate thresholding,
the variance of the wavelet coefficients can be computed using a fast wavelet algorithm akin to the
2D DWT. To simultaneously handle the choice of wavelet, primary resolution level and threshold for
estimating the true function, Nason (2002) developed a fastcross-validation algorithm, able to work
on irregular grids using the Kovac-Silverman (KS) procedure.

Antoniadis and Fan (2001) formulated a penalized least squares problem in terms of the unknown
wavelet coefficients ofg(i/n). Initially assuming a regular grid andn = 2J , and under certain con-
ditions on the penalty function, they proved that a solutionexists and is unique. They also introduced
a new universal threshold, proved to produce estimators with smaller risk than by using the classical
one. The procedure was extended to irregular data by constructing non-linear regularized Sobolev
interpolators as estimators and then improving them by constructing a regularized one-step estimator.

In Pensky and Vidakovic (2001) thexi’s are endowed with a probability space:X is considered to
be a random variable, with density function sayh, to be estimated. The regression functionE(f |X =
x) is then estimated by its projection on the spaceVJ of a multiresolution analysis, i.e.

∑

k ĉJ,kϕJ,k,
whereĉJ,k is an estimator ofcJ,k based onϕJ,k and the estimator ofh. The final estimator has good
properties, provided thath is reasonably smooth.

All the above methods enable wavelet shrinkage to be carriedout for irregularly spaced data.
However, some of them assume models for the grid values that either might not apply (e.g. uniformly
distributedxi), or require the estimation of additional quantities (e.g.the functionH or the density
h) that might be unreliable for small sample sizes. For interpolation methods, choices need to be
made, such as location and spacing of the regular grid or interpolation method, which will influence
performance. For some of the other methods, unreasonable assumptions on the smoothness ofg are
made which might not hold in practice.

In our simuation study later we also compare our new methods with two non-wavelet methods:
Locfit and smooth.spline() . Locfit is a technique hat implements smoothing by using local
regression. A polynomial model is fitted to the data within a sliding window whose bandwidth controls
the smoothness of the fit. The S-Plus functionsmooth.spline() finds the functionµ(x) which
minimizes

∑

i{fi−µ(xi)}
2+λ

∫

µ′′(x)2 dx. The solution to this optimization problem is a piecewise
cubic spline function. The parameterλ controls the balance between the fidelity to the data and the
‘wiggliness’ of the curve. A detailed discussion of both these methods is beyond the scope of this
paper so we refer the reader to Loader (1999, 1997) for details onLocfit and Green and Silverman
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(1994) for details on smoothing splines.

2.3 Lifting

Recently, a new mathematical technique calledlifting was developed, which enabled wavelet-like
multiresolution analyses to be applied to very general datasituations. In particular, lifting can be
applied to irregularly spaced data.

We will first provide an informal introduction to the liftingscheme as introduced by Sweldens
(1996, 1997). Lifting a signal consists of three main steps:split, predict (dual lifting) and update
(primal lifting) which we now describe. Split: the pointsfi are separated into odd- and evenly-indexed
sets. The next task is topredict the odd-indexedf -values by using the information contained in the
evenly-indexedf -values. Of course, good prediction is only possible if the functionf possesses some
degree of local smoothness. The prediction error (the difference between the true function values on
the odd positions and the predicted values on the same positions) is then quantified in a vector, called
adetail vector. The final update step consists ofupdating thef -values on the even positionsby using
a linear combination of the (old) evenly-indexedf -values and the detail vector. The purpose of this
update stage is to preserve in the updated values some quantity of the initial signal (such as the mean
value of the signal) over successive repetitions of this procedure. After iterating the split-predict-
update procedure on the updated values, the initial data,f , is replaced by the remaining updated
subsample (which reproduces the coarse scale features of the signal) and the detail coefficients which
accumulate throughout the process. This is similar to the DWT which replacesf by a set of father and
mother wavelet coefficients.

The above construction can be put in a formal biorthogonal multiresolution analysis (MRA)
framework, that parallels the one that introduces the classical wavelets, with a few important dif-
ferences (see Sweldens, 1997). One very important difference, is that the basis functions are no
longer necessarily dilations and translations of the same functions. Also, the lifting construction gen-
erates bases that are not guaranteed to be Riesz, and hence they can exhibit stability problems, which
we investigate for our construction below. (Stability issues with odd/even splits and suggestions for
improvements appear in Simoens and Vandewalle (2003). AlsoVanraeset al. (2002) show that in-
creasing grid irregularity can result in stability problems and propose two stabilisation schemes).

Delouilleet al.(2001) and Delouilleet al.(2004) both describe some of the first lifting techniques
for nonparametric regression of irregularly spaced data. The first of these nice papers describe the
unbalanced Haar transform, a way of adapting Haar wavelets to an irregular design. The second
builds on this work and enables smoother ‘wavelets’ using interpolation in the predict step. Both of
these techniques make use of a dyadic-like partitioning of the interval on which they are working.

In more than one dimension it is not possible to use the even/odd split, but there are various
alternatives. In our work, described below, we adopt the ‘one coefficient at a time’ split proposed by
Jansenet al. (2001, 2004), where the current scaling coefficients are split into two groups, but one
group containsonly one coefficientthat gets predicted by its neighbours from the other group.

The ‘one coefficient at a time’ approach also makes it extremely easy to introduce adaptivity to
the lifting: every time a coefficient gets removed we can makea choice about how we lift it to achieve
the ‘best’ wavelet coefficient at that particular point.
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3 Adaptive lifting

We introduce anadaptivelifting algorithm which forms a key component of our nonparametric re-
gression algorithm. The advantages are:

1. The algorithm is highly adaptive. This means that,at each step, a choice of the type of predic-
tion is made: this permits a local choice of vanishing moments (wavelet smoothness). At each
step we try a number of possibilities for prediction and choose the one which gives maximum
compression (measured as the smallest absolute value of thewavelet coefficient).

2. Lifting coefficients resemble wavelet coefficients and somany techniques previously designed
for ‘denoising’ wavelet coefficients can also be used here.

3. The algorithm is computationally efficientO(n).

4. It is simple to handle the situation of multipley values for a givenx value.

Like many manifestations of lifting that have gone before, our technique is entirely computational.
However, comprehensive simulations, shown later, demonstrate that adaptive lifting is competitive. Of
course, a statistical theory for its asymptotic or even a mathematical theory for the lifting smoothness
properties would be extremely interesting, but challenging.

3.1 Previous adaptive lifting schemes

The ideal of adaptivity in lifting is clearly appealing. Most adaptive lifting has been used in a 2D
context (mostly for image compression) although some 1D studies exist.

Claypooleet al. (2003) proposed an adaptive lifting scheme for image compression. Their pre-
diction step consists of adaptively choosing from a set of linear predictors (the(1, N) branch of the
Cohen-Daubechies-Feauveau family), in such a way that if anedge is detected in the image, then the
wavelet is chosen such that its support does not overlap the edge. In order not to send information
on the predictor being chosen when applying the algorithm for lossy coding, and to ensure that the
update stage preserves the frequency localisation, the update stage is applied first. In this way all the
‘scaling function’ coefficients (down to the coarsest scale) are obtained through updating, and then
quantised. Then the prediction stage is applied to the quantised coefficients, and the detail coeffi-
cients are computed, quantised and transmitted. The “update first” approach originates in the paper
Claypooleet al. (1998), where two adaptive algorithms are proposed: the scale-adapted transform in
which the predictor gets adapted to match the signal structure at each scale, and the space-adapted
transform, which chooses from a family of predictors the onethat minimises each detail value. A
small simulation study on regular grids is provided, which shows that the proposed algorithms give
very similar results, sometimes slightly better than thoseobtained if using the Daubechies wavelets
on denoising the classical Donoho-Johnstone signals.

Piella and Heijmans (2002) also follow an update first strategy, followed by the prediction step, but
unlike Claypooleet al. (1998) they introduce adaptiveness into the update stage, leaving the predictor
of a fixed form. The algorithm’s behaviour is briefly investigated by denoising a few signals, and only
compared to the results produced by its fixed linear version,no other comparisons being made.

Trappe and Liu (2000) built adaptiveness into the prediction step which has the goal of minimising
thel2-norm of the signal by using Wiener filtering. This adaptive algorithm was used for decorrelating
the low-pass and high-pass subbands of an AR(2) process, andthen for the shrinkage of the same
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process, corrupted by Gaussian noise. Boulgouriset al. (2001) develop an adaptive lifting scheme for
the still image lossless compression.

In all the above work the philosophy is to choose the ‘waveletfunctions’ locally to represent
the signal in the most efficient way. The above adaptive lifting techniques use the usual odd/even
splitting, whereas we augment the ‘one coefficient at a time’methodology of Jansenet al.(2001) with
adaptiveness. Further, we address the statistically important case of multipley values for each given
x.

3.2 Adaptive lifting one coefficient at a time

First we summarize a slightly simplified 1D version of the multivariate lifting ‘one coefficient at a
time’ algorithm of Jansenet al. (2001). Then we explain how to make the algorithm adaptive.

3.2.1 Lifting one coefficient at a time

Suppose we have a functionf , sampled atn irregularly-spaced points,xi, on the real line. Our
aim is to transform the sampled function values by means of lifting into a set of detail and scaling
coefficients. Since we work in 1D, we can order thex-values and associate intervals to each point. A
simple way of doing this is to construct intervals having theendpoints as the midpoints between the
initial grid points.

In order to express the initial (input) function as a linear combination of scaling functions, we
take the initial scaling functions to be the characteristicfunctions of the intervals associated with each
point. Hence, we then have the property thatϕn,k(xi) = δi,k, for k, i ∈ {1, . . . , n}, andf can be
expressed as

f(x) =

n
∑

k=1

cn,kϕn,k(x), (4)

wheref(xi) =
∑n

k=1 cn,kδi,k = cn,i. In this way, the function values on the irregular grid are used as
the initial scaling coefficients.

For the first lifting step (say, stagen) a point to be lifted must be chosen. We choose the point to
be lifted, jn, such that

∫

ϕn,jn(x) dx = mink∈{1,...,n}

∫

ϕn,k(x) dx. By using the minimum scaling
function integral, we choose the point with the finest detail. Since we use the interval construction to
represent the scaling function integrals, the smaller integral values correspond to regions where the
function has been densely sampled, and thus removal of a point will only cause small information loss
in the signal. So the first coefficients to be obtained are the ones corresponding to the finest detail,
with further steps eliciting progressively coarser detail.

After choosing the point to be removed,jn, we identify its set of neighbours,In. Since there is a
one-to-one correspondence between the point to be removed and its removal stage, we index each set
of neighbours by the stage (here,n). We use the neighbours to predict the value of the function at jn
using simple regression techniques. Both neighbourhood definition and regression method are crucial
to our installation of adaptivity, and so we defer their description to the next section.

The prediction phase yields an estimate of the form
∑

i∈In
an

i cn,i, wherean are the weights re-
sulting from the regression procedure overIn. If jn has only one neighbour,i, then the prediction is
f(xi). The detail coefficient will be obtained from

djn := cn,jn −
∑

i∈In

an
i cn,i, (5)

7



or in the one neighbour case,
djn := cn,jn − cn,i. (6)

The update phase only affects the scaling coefficients associated with the neighbouring points:

cn−1,i := cn,i + bni djn , ∀i ∈ In, i 6= jn. (7)

For anyi /∈ In (i 6= jn) the scaling coefficients are unaffected,cn−1,i := cn,i. The aim of the update
stage is to keep

∑

i∈In
cn,i

∫

ϕn,i(x) dx constant across the scales. In other words:

∑

i∈In

cn,i

∫

φn,i(x) dx =
∑

i∈In−1

cn−1,i

∫

φn−1,i(x) dx. (8)

and thebn are obtained using this condition. Further, the integral associated with the removed point
gets redistributed to its neighbours, see Jansenet al. (2001, 2004) for further details on these issues.

At this point, Jansenet al. (2004) state that the signal can be represented as

f(x) = djnψjn(x) +
∑

i∈{1,...,n}\{jn}

cn−1,iϕn−1,i(x), (9)

whereψjn and(ϕn−1,i)i are the analogues of the usual wavelet and scaling functions. To summarize,
we started with representation (4), a point,jn, is identified, the scaling functionφn,jn is destroyed and
a waveletψjn is created with new coefficientdjn . All neighbouring scaling function coefficients of
point jn get updated. All this results in representation (9).

However, unlike the usual discrete wavelet case there are noneat analytical formulae for the
scaling and wavelet functions. These functions are recursively constructed as the algorithm proceeds
and depend on the locations of the input points{xi}. It is possible to construct the wavelet functions
by performing a forward transform on a zero function at the locations{xi}, then inserting the value 1
at the location of the wavelet coefficient whose wavelet function you want to construct and applying
the inverse lifting transform. This same method is often used to construct pictures of mother wavelets
in the regular case.

More details on the precise interpretation and construction can be found in Jansenet al. (2001,
2004). Orthogonality of the wavelet and scaling functions is a desirable feature since it would ensure
the stability of the transform, but it does not hold in this context.

After obtaining the predicted and updated values, the grid point jn is removed, and the process
repeated: a new point is chosen based on the minimum of the updated integrals, a neighbourhood
structure is determined out of the remaining grid points (the ones which have not been removed yet
nor chosen at the current stage), and the prediction and update steps are performed.

As a result, at the end of stager (after pointsjn, jn−1, . . . , jr have been removed), the signalf
will be represented as a linear combination of then − r + 1 wavelet functions generated through
the transform and of the remaining (updated) scaling functions, with the corresponding coefficients
consisting of details and “low frequency” coefficients:

f(x) =
∑

k∈{n,n−1,...,r}

djk
ψjk

(x) +
∑

i∈{1,...,n}\{jn,jn−1,...,jr}

cn−1,iϕn−1,i(x), (10)
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3.2.2 Adding adaptivity

Let us return to the issue ofneighbour choice. We can employ prediction based onsymmetrical
neighbours: the same number of neighbours on the left and right of the removed point or choosethe
closest neighboursto the removed point irrespective of which side they lie. Oursoftware allows for
prediction with any number of neighbours.

For prediction we use regression of up to order three using the neighbours as explanatory variables
(that is linear, quadratic or cubic regression over the specified neighbourhood). In wavelet language
this corresponds to locally using more vanishing moments, which is of great utility when the function
is locally smooth, but not when there are discontinuities present.

We want our transform to adjust itself to the local signal structure. Hence for each lifting step we
permit two sources of adaptiveness:order of the regressionandneighbourhood size and configuration.
The two methods we introduce are:

AdaptPred. At each step the order of regression (linear, quadratic, cubic; with or without intercept)
is chosen that generates the smallest detail coefficient in absolute value. The neighbourhood
size and configuration are specified by the user. The ‘waveletbases’ adapt themselves to the
signal smoothness.

AdaptNeigh. In addition toAdaptPred, a choice is made over several possibilities of neighbourhood
size and configuration, such that the smallest detail coefficient (in absolute value) is obtained.
The considered neighbourhood configurations are symmetricneighbours up to and including a
pre-specified number each side, and of closest neighbours upto twice the specified number.

At this point one might like to refer to Figures 6 and 7 which show two test signals decomposed
with an AdaptNeigh algorithm. The plots show where linear, quadratic and cubic basis functions get
placed.

Let us now make some remarks on the implications of the above constructions.

• In Jansenet al. (2001), for each stager the prediction weights(ar
i )i∈Ir are designed to sum to

one. When regression with an intercept is used the sum is one,and areas where the function is
constant yield exactly zero detail coefficients. When an intercept is not used the weights are not
guaranteed to sum to one.

• A consequence of using closest neighbours is that the prediction weights can take negative
values. This in turn will imply that when updating the corresponding integrals, they will become
smaller rather than larger, contradicting the intuition that since we remove a point, each of the
remaining points should span a larger set to account for the removed point. Hence note that for
this situation, the observation in Jansenet al. (2004) that the scales of the wavelet functions are
a monotonic function of the index, does not hold.

• The number of neighbours to be used in either of the two configurations (closest or symmetrical)
is pre-specified by the user, and the choice can be made based on prior knowledge of the signal.
When the point to be removed is on the boundary, rather than using the requested number of
neighbours (coming from only one side), we use only its closest neighbour to prevent using
artificial boundary neighbours. Also, after reiterating the algorithm several times, the requested
number of neighbours might not be available, and in this casewe decrease the number of used
neighbours to the maximum available.
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• To ensure a stable transform, non-degenerate regression curves are desired. Yet the higher
the order of prediction we use, the more neighbours we have torequest in order to get non-
degenerate curves. For instance, in order to obtain a line with a slope, we need at least two
points (neighbours), but for a parabola we will need at leastthree, while for a cubic at least
four. At certain steps of the transform we will be in situations of having fewer neighbours
than requested, so we decrease the order of the prediction curve as necessary. Hence the final
transform will be a mixture of regression orders even when requiring a fixed order of prediction
(linear, quadratic or cubic) all way through the lifting scheme, and so the final order of our
MRA will not be exactly 2, 3 or 4, respectively.

• When using the lifting scheme with a fixed prediction strategy (linear, quadratic or cubic), the
prediction and update weights will depend on the grid structure and on the type of prediction,
hence the transform is a linear one. However, when using an adaptive approach, the prediction
weights will be a function of the signal, since we build filters which depend onf . Hence
the signal influences the prediction weights, and it also influences the updated integrals and
the choice of the point to be removed next. As a consequence, the matrix associated to the
transform,W̃ , will be a function of the signal,f , which means that the adaptive transform is
no longer linear. Thus, we cannot simply characterise the stability of our adaptive transform in
terms of matrix condition numbers (see Section 4), althoughsome form of expected condition
number might be of some use.

3.3 Statistical shrinkage for adaptive lifting

We now examine how to denoise signals. We assume the following well-established model for our
observation data(fi)

n
i=1

fi = gi + εi, (11)

for i ∈ {1, . . . , n}, wheregi is the population value to be estimated andεi is identically distributed,
independent noise, assumed here to follow aN(0, σ2) distribution. This classical problem has been
thoroughly addressed in the statistical literature. With wavelet shrinkage, denoising is achieved by
taking the wavelet transform of (11). Theoretically the wavelet coefficients ofgi can be shown to
form a sparse set, and it can be shown that diagonal coefficient shrinkage is an optimal strategy (see,
e.g., Donoho and Johnstone, 1994). We demonstrate computationally (in Section 4) that our adaptive
lifting produces sparse coefficient sets, so it makes sense to adopt recent wavelet shrinkage techniques
for our coefficient processing. A review of wavelet shrinkage appears in Abramovichet al.(2000) and
some more recent techniques are described and compared in Barber and Nason (2004). Our shrinkage
is based on Johnstone and Silverman (2004a,b, 2005), which also contains further detailed references
to related and earlier work in this large body of literature.

After transformation, model (11) is converted to

dj,k = d∗j,k + ej,k, (12)

wheredj,k are the observed wavelet coefficients,d∗j,k are the true coefficients andej,k is the DWT of
the noiseεn,i. For the classical DWT,ej,k is itself distributed as independentN(0, σ2), but for our
lifting which lacks orthogonality, the noise will be correlated and different coefficients have different
variances. This phenomenon is carefully considered below so that a suitable shrinkage algorithm can
be devised.
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3.3.1 The empirical Bayesian wavelet shrinkage approach

First let us review how empirical Bayes wavelet shrinkage works for the DWT and then we shall
describe the modifications necessary for adaptive lifting.

For wide classes of functions we know that their DWT coefficients are sparsely populated (i.e.
most wavelet coefficients are zero and a few are non-zero). Hence a good choice of prior for a DWT
coefficient is:

d∗j,k ∼ (1 − π)δ0 + πγ, (13)

whereπ is the prior probability of a DWT coefficient being non-zero,and conditioned on it being non-
zero it has density function given byγ. Recent work by Johnstone and Silverman (2004a, 2005) shows
that a heavy-tailed choice ofγ demonstrates excellent theoretical and practical advantages: here we
use their “quasi-Cauchy” prior. In the DWT it is assumed thatwavelet coefficients at the same scale,
j, all have the same prior probability, denotedπj , of being non-zero. From the signal plus noise model
in (12) we know that the likelihood ofdj·|d

∗
j· is given bydj· ∼ N(d∗j·, σ

2) independently conditional
on thed∗j.. The posterior distribution ofd∗j· givendj· can be calculated from the prior and likelihood
in the usual way. The hyperparameters are estimated as follows: πj is estimated using a level-wise
marginal-maximum likelihood (MML) andσ is estimated from the median absolute deviation (MAD)
from zero of the finest observed details (as in Donoho and Johnstone, 1994). The “true” wavelet
coefficients can then be estimated by the median of the posterior distribution (this operation acts as a
true thresholding operation on the noisy wavelet coefficients d∗j·).

3.3.2 Modifications for adaptive lifting

Lack of discrete dyadic scales.In the DWT scale is a discrete dyadic quantity. In ‘one coefficient
at a time’ lifting, scale becomes more of a continuous concept, and we define the scale of the detail
coefficient associated toψjr to be the integralIr,jr . Then we mimic the Bayesian model above by
introducingartificial scale levelsthrough partitioning the detail coefficients according to their scale
Ir,jr . That is, we find the median, the upper quartile, the 87.5th quantile, etc. so that the “finest scale”
half of the coefficients are put into the finest scale level, the next “finest” half goes into the next finest
level, and so on andπj for each artificial scale level is estimated as before by MML.This definition
of (continuous) scale and artificial levels is borrowed fromJansenet al. (2001, 2004).

Correlation structure.
The structure of the adaptive lifting transform is dependent on the input function,f . Hence the

following results are obtained by, and only valid for, conditioning on the local structure.
The first step of the lifting transform in (5) is:djn = cn,jn −

∑

i∈In
an

i cn,i. Since the initial
observations are assumed independent, we have

var(djn) = σ2

{

1 +
∑

i∈In

(an
i )2

}

. (14)

The update step in (7) gives, for alli ∈ In, i 6= jn,

var(cn−1,i) = var(cn,i) + (bni )2 var(djn) + 2bni cov(cn,i, djn), (15)

wherecov(cn,i, djn) = −an
i σ

2 from (5).
Also, for i, j ∈ In, i 6= j, i, j 6= jn,

cov(cn−1,i, cn−1,j) = (−an
i b

n
j − an

j b
n
i )σ2 + bni b

n
j var(djn) (16)
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and fori ∈ In, j /∈ In, i, j 6= jn we have

cov(cn−1,i, cn−1,j) = −an
j b

n
j σ

2. (17)

For anyi, j /∈ In, cov(cn−1,i, cn−1,j) = 0.
The above argument shows that the update step induces correlations between the coarser coeffi-

cients as the algorithm proceeeds, with the correlations propagating through the collection of coeffi-
cients. IfW̃ is the matrix associated with the transform, then the resulting vector of coefficients can
be written asW̃f . Hencevar(W̃f) = W̃ var(f)W̃ t = σ2W̃W̃ t under model (11).

Following Jansenet al. (2001, 2004) we ignore these correlations in our empirical Bayes pro-
cedure. On the other hand, given the normality assumptions in (11) the detail coefficients will be
normally distributed.

From the above it is also clear that even though eachfi has varianceσ2, the resulting details will
have different variances. To overcome this we apply the empirical Bayes method to the normalized
detail coefficientsdjr{diag(W̃ W̃ t)r}

−1/2 which all have the same variance. The final thresholded
coefficients are the medians of the posterior distributionsof the normalized details, multiplied by
{diag(W̃ W̃ t)r}

1/2. The thresholded coefficients are then inverted to obtain the denoised signal.
We have also developed procedures to take into account situations when the initial signal obser-

vations are subject to heteroscedastic noise. Assuming theinitial observations variances are known
up to proportionality, we getvar(fi) = σ2γ2

i , whereγi is the known proportionality factor andσ2

is unknown. After applying the lifting transform (in one of its linear variants), the variances of the
detail coefficients are described byvar(dj) = σ2

∑

i∈{1,...,n} γ
2
i W̃

2
j,i, whereW̃j,i is the(j, i)th entry

in W̃ . To estimateσ we normalize the wavelet coefficients by dividing by
√

∑

i∈{1,...,n} γ
2
iW

2
j,i and

then use the MAD of the normalized details belonging to the first artificial level. After normalizing,
thresholding and “un-normalizing”, we can invert the transform to form an estimate.

If the variance is heteroscedastic without any structural knowledge (like known up to a constant),
then we estimate the varianceσj associated with the detail coefficientdj as suggested by Kovac and
Silverman (2000). First identify any other detail coefficients within a window centered on thexj in
the data domain. Then we estimateσj by the MAD of the identified coefficients lying in the finest
artificial level. Then we can threshold and invert the transform.

Multiple observations at a single gridpoint. For example, section 5.2 uses the famous motorcy-
cle data described by Silverman (1985) which contains such multiple observations. There are several
issues with multiple observations that arise in our liftingalgorithm:

Problems with no modifications. If nothing in our algorithm is changed to take account of multiple
observations then we obtain the situation where some pointsreceive zero integrals (since the
“distance” from one multiple point to another is zero). Hence, the points that get removed first
are the multiple ones. This is clearly a degenerate situation and so multiple points are considered
as havingonex value, not many.

Removed point’s neighbours have multiple values.In this situation, the prediction regression curve
will be estimated using all of the extra information contained in the repeated observations at
neighbouring points. Since the regressions we use are simply polynomial ones this is easy to
do.

In the update step, all multiple neighbours get updated in the same way by the function of the
detail coefficient. So, if a neighbour point is multiple before the update step, it remains so
afterwards.
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Removed point is itself multiple. In this situation there are many possibilities. Each of the repeated
observations can form individual distinct detail coefficients (just the difference between the
datum and the prediction curve). To form just one detail coefficient we take the mean of the
distinct individual detail coefficients (although other quantities such as the minimum might be
an interesting alternative).

Multiple points after all lifting steps. If any of the scaling coefficients are multiple after all lifting
steps, then their mean is used in the inverse transform.

4 Sparsity demonstration

A successful classical wavelet shrinkage algorithm relieson how efficient the transform is at sparsely
representing functions. This section examines the sparsity of our adaptive lifting transforms and
compares it to established methods. Our tests will be performed on theDoppler, Bumps, Blocks
andHeaviSinefunctions devised by Donoho and Johnstone (1994), and on thepiecewise polynomial
(Ppoly) from Nason and Silverman (1994). We will investigate sparsity both on regular grids (to
facilitate comparison with classical Daubechies wavelets) and irregular (jittered) grids with varying
degrees of regularity.

Jittered grids. Start with a regular division of the interval [0,1] consisting of n points, wheren
is the number of observations of the functionf . The irregularity will be generated by shifting each
point around its location with a random value generated froma uniform distribution on the interval
(−d/(n − 1), d/(n − 1)). We used to denote the degree of jitter. Three possible values were used,
d1 = 0.01, d2 = 0.1 andd3 = 1. The reason for using jittered grids over, say, complete uniformly
distributed points in the interval is that for very small jitter,d1, we can compare results with classical
wavelets on regular grids, and then we can see how our techniques perform as we progressively move
towards more random locations. When the jitter valued3 is chosen the data locations look uniform
and have lost all semblance of regularity.

We perform simulations with data sets containingn = 256 points. For each jitter value we
measure the average performance of our transforms over 50 generated sets.

Sparsity plot construction. We shall construct a diagnostic tool called asparsity plot, as follows.
We decompose the test signal on its irregular locations downto two scaling coefficients (all the rest are
detail coefficients). We then arrange the detail coefficients in ascending order of their absolute value.
Then, one by one, starting from the smallest, we replace eachdetail coefficient by zero, inverting
the transform each time. The number of detail coefficients which remain at each step (the ones not
transformed into zeroes) is plotted on the abscissa, and on the vertical axis we compute (at each step)
the integrated squared error after performing the transform inverse,ISE(i) =

∑

j(fj − f̂j(i))
2. Here

i indexes the number of non-zero detail coefficients andf̂j(i) denotes the reconstructed value offj

based on these details and the scaling coefficients. Soi = 0 means that we perform the reconstruction
containing only the scaling coefficients. Then asi increases with each step we bring in one more
detail, starting from the largest one, in decreasing order of their absolute size.

Stability. Unlike classical wavelets, adding an extra coefficient doesnot necessarily reduce the
ISE. Our adaptive lifting transforms do not even satisfy theconditions required of a Riesz basis: the
set(ξk)k of L2(R) is a Riesz basis if,∀f ∈ L2(R), ∃ (ck)k such thatf(x) =

∑

k ckξk(x) and

m‖c‖l2 ≤ ‖f‖L2 ≤M‖c‖l2 ,

wherem,M are finite and depend only on the wavelet basis. The ratiok = Mm−1 is called the
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condition numberof the basis. For an orthonormal basisk = 1, whereas large values ofk indicate
potential problems.

We have numerically evaluated the condition number of our adaptive lifting transforms. Of course
one needs to take care because the precise form of the transform depends both on the exact type of
irregularity in the data set locations, andalso on the characteristics of the test function. However,
some general conclusions emerge: (i) when larger neighbourhoods in the prediction step occur the
condition number is higher; (ii) higher orders of the prediction error curve also tend to give rise to
high condition numbers.

Sparsity plot discussion. In our plots and tables we abbreviate the names of our methods
with a two-letter code. So LP=Linear Prediction, QP=Quadratic Prediction, CP=Cubic Prediction,
AN=AdaptNeigh (above) and AP=AdaptPred (above). Then thiscode is followed by a number,N ,
which indicates the number of neighbours used in the prediction step. Finally, except for AN where
both nearest and symmetric neighbours are considered, a single letter, N or S indicates that either the
nearest neighbours were used or neighbours were obtained symmetrically either side of the point to
predict (note that when the code is S then the actual number ofneighbours is twiceN ).

LP (fixed linear prediction) with 2 neighbours gives the bestcompression out of all the linear
algorithms, and it is also associated with small condition numbers across the different data set loca-
tions. An interesting feature is that increasing irregularity did not seem to decrease sparsity or unduly
increase the condition number. Over our simulations we found that AP2N, AP1S and AN1 have small
condition numbers (all of them in the same range across the grids), indicating stability. All adap-
tive transforms give better compression than the non-adaptive ones, and increasing the adaptiveness
increases the sparsity of the wavelet coefficients. However, because of potential stability issues, we
would recommend using AN1, as it provides a good balance between sparsity and stability, followed
by AP2N and AP1S. These general conclusions were valid for all our test signals although withHeav-
iSine there was not a lot of difference between AP2N, AN1 and LP2S. As the irregularity of our
input dataxi increases (jitter increases) we have not noticed any major differences in sparsity, see, for
example, Figure 1.

When faced with not having enough neighbours to completely determine the required curve (e.g.
at the boundary), we tried another type of prediction step: the highest possible order curve forced
through the origin. However, we found that there was a tendency for this type of prediction step to
cause instability, though asymmetric neighbour selectiondid not adversely affect stability as long as
there were enough neighbours.

Figure 2 shows the sparsity plot for theBlockssignal that compares two of our new methods
(AP1S and AN1), with a similar construction for the KS algorithm and also sparsity plots constructed
for Daubechies’ Extremal Phase wavelets (Haar and D7) on a regular grid. Figure 3 shows a blowup
of Figure 2 in the region where few non-zero coefficients are inserted. Our AN1 method seems
competitive with the regular wavelet methods (remember thecurves for the irregular methods are
average curves, not a singleISE curve which occur for the methods that work on a regular grid).
The KS method suffers from the problem that it can only estimate an interpolated version of the true
signal. If the interpolation of the ‘true’ signal is not a good approximation to the sampled signal on
the KS equally spaced grid then the ISE of KS will not tend to zero. Figures 4 and 5 present the same
plots as Figures 2 and 3 but forDoppler.

Figures 6 and 7 show which kind of basis function is chosen at each point that gets removed for
theBlocksandBumpssignal. For theBlockssignal, an efficient linear fit is used for nearly every point.
For theBumpssignal, the type of basis function is much more varied and more quadratic and cubic
functions are used at certain points of the signal.
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Figure 1: Blowup of sparsity plot forDopplersignal using AN1 over the three different jitter values:
d1 (dotted);d2 (dot-dashed);d3 (dashed).
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Figure 2: Sparsity plot forBlockssignal using different algorithms. Jitter wasd3 = 1 for irregular
methods: AP1S (solid); AN1 (dashed); KS using Haar wavelets(3 dots dash). Regular grid for
Daubechies’ Extremal Phase wavelets: best sparsity was Haar wavelets (dots); worst sparsity was D7
wavelet (dot dash).
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Figure 3: Blowup of Figure 2.
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Figure 4: Sparsity plot forDoppler signal using different algorithms. Jitter wasd3 = 1 for irreg-
ular methods: AP1S (solid); AN1 (dashed); KS using D4 wavelets (3 dots dash). Regular grid for
Daubechies’ Extremal Phase wavelets: best sparsity was D4 wavelets (dots); worst sparsity was Haar
wavelets (dot dash).
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Figure 5: Blowup of Figure 4. Initially D4 wavelets and KS do well for up to 7 coefficients but then
the adaptive methods do better.
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Figure 6: Plot showing choice of prediction scheme for theBlockstest signal decomposed with AN2
on an irregular grid (d=1). Horizontal placement of symbol indicates location of following kinds of
prediction: linear (�); quadratic (△); cubic (+); scaling functions (⋄).
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Figure 7: Plot showing choice of prediction scheme for theBumpstest signal decomposed with AN2
on an irregular grid (d=1). Horizontal placement of symbol indicates location of following kinds of
prediction: linear (�); quadratic (△); cubic (+); scaling functions (⋄).

5 Real data examples and simulations

5.1 Inductance plethysmography data

Figure 8 shows the inductance plethysmography data introduced by Nason (1996). In this experiment
the plethysmograph is arranged around the chest and abdomenof a set of patients and is used to
measure the flow of air during breathing. The study in Nason (1996) commented on how well the
wavelet methods (for the data on a regular grid) preserved the peaks whilst removing the noise. Here
a similar phenomenon is observed.

All of the methods in Figure 8 do a good job as following the peaks and removing the noise.
However, we would suggest that our adaptive lifting gives sharper peaks than the smoothing spline
and KS and it also removes noise a bit better than the KS methode.g. the “double peak” at around
1257 on the KS plot. Our method also seems to be able to “select” between rounded and sharp peaks
(e.g. the first 6 peaks in our method are sharp, the 7th is more rounded).

5.2 Motorcycle data (example of multiple observations at a point)

Figure 9 shows the motorcycle data analysed by Silverman (1985). The data contains 133 samples
(at 94 time points) of head acceleration in simulated motorcycle crashes versus time in an experiment
to determine the efficacy of crash helmets. No recipe is supplied in Kovac and Silverman (2000) for
handling multiple observations at one time point, so we supplied KS with the mean of the multiple
observations at those points.

The KS estimate in Figure 9 is very noisy. However, this particular KS estimate uses the basic
algorithm, no allowance has been made for the changing variance. It should be noted that Kovac
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Figure 8: Estimators applied to 700 irregularly
spaced samples from the inductance plethysmog-
raphy data. Noisy data shown with estimate
shifted up by 0.1 for visibility. Top left: smooth-
ing spline with cross-validated smoothing param-
eter; Top right: KS estimate, D6 Daubechies’
wavelet, primary resolution 3, usingSureShrink
thresholding; Right: adaptive lifting using AP1S
andEbayesThreshposterior median thresholding. Time (s)
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(1998) uses a further procedure to remove outliers and gets amuch better looking estimate. Our
adaptive lifting estimate seems quite similar to the smoothing spline one except for (a) ours looks less
smooth, this is due to the basis functions being linear (b) our “main peak” after the dip occurs later
than the one in the smoothing spline, but this “lateness” hasalso been observed in, e.g. some of the
plots in Kovac (1998) (c) our estimate has a ‘glitch’ near thebottom of the dip which we think is
unlikely to be a true feature.

We believe that the true motorcycle curve is actually most likely to be smooth and as such the
smoothing spline is maybe the best estimate here. The wavelet methods (KS and ours) really come
into their own on irregular sets (e.g. with sharp peaks, or jumps). However, it is pleasing that our
lifting estimate in Figure 9 does a reasonable job in this case.

5.3 Further examples

Several further examples of our methodology outperformingexisting wavelet methods can be found
in Popa and Nason (2004). In the task of predicting transmembrane protein segments, improvements
of up to 13% appear through the use of adaptively constructedwavelets over the classical Daubechies
wavelets.

5.4 Simulation results

This section compares our adaptive lifting methodology with Locfit (Loader, 1999, 1997), the smooth-
ing spline function in S-Plus,smooth.spline() and the wavelet algorithm for irregular data in-
troduced by KS.
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Figure 9: Motorcycle crash data and denoised es-
timates. Small circles=data; solid line=estimate.
Top left: smoothing spline with cross-validated
smoothing parameter; Top right: KS estimate,
multiple y-values are averaged resulting in 94
points input to KS, D6 Daubechies’ wavelet, pri-
mary resolution of 3 andSureShrinkthreshold-
ing; Right: adaptive lifting using AP1S with
heteroscedastic variance computation (see text),
EbayesThreshposterior median thresholding. Time (ms)
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Tables 1, 2 and 3 show our simulation results for signal-to-noise ratios of 3, 5 and 7, where this
ratio is given bySNR =

√

var(g)/σ using the notation of model (11). Each simulation is carriedout
on the jittered grid described in the previous section with three jitter valuesd1 = 0.01, d2 = 0.1, d3 =
1. For each simulation,k = 1, . . . ,K = 100, we obtain an irregularly spaced set ofn = 256 data
points, evaluate the test function,gk, at these points and add zero mean normal noise of an appropriate
variance to achieve the correct SNR forfk. We then denoisefk to obtain our estimatêgk and compare
this to the truth,gk. A measure of the overall accuracy of the estimates is theaverage mean square
error defined by

AMSE = (nK)−1
K

∑

k=1

n
∑

i=1

(gk
i − ĝk

i )2. (18)

We tested several linear, quadratic, cubic and adaptive lifting methods as well asLocfit and
smooth.spline with cross-validation (SSCV) and KS. We always chose to use EBayesThresh
with posterior median shrinkage for our adaptive lifting methods. We also report the AMSE values
obtained by using the KS algorithm (although these values are computed on the regular grid that KS
provides estimates on, and so they are only approximately comparable to the ones in (18) which are
computed at the data points).

With KS, as with all classical wavelet-based transforms, a decomposing wavelet has to be chosen.
For a comprehensive study, we usedall combinations ofthe Daubechies’ Extremal Phase wavelet
family with vanishing moments ranging from 1 to 10 (D1,. . . , D10), all primary resolution levels and
thresholding techniquesSureShrinkandEbayesThresh. However, we only report the results corre-
sponding to the combination (wavelet, primary level, threshold method) that yields thebestestimate
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Table 1: AMSE (×103) simulation results for test signals with SNR=3 with three levels of jitter,dℓ,
for various denoising methods described in the text.

Blocks Bumps HeaviSine Doppler Ppoly
Method d1 d2 d3 d1 d2 d3 d1 d2 d3 d1 d2 d3 d1 d2 d3

LP1S 72 71 68 81 80 73 20 20 21 54 53 52 16 16 18

LP2N 70 73 67 84 83 73 20 20 22 55 56 51 16 16 17

AP1S 72 68 59 77 77 62 20 20 23 52 50 48 16 17 18

AP2N 69 70 59 78 75 64 21 21 22 53 52 48 15 16 17

AP3N 69 68 68 76 74 73 46 44 41 64 65 61 42 39 36

AN1 55 54 52 66 67 61 36 39 37 61 61 59 38 33 32

Locfit 73 72 64 110 108 101 11 11 11 58 58 54 21 20 19

SSCV 74 74 67 307 315 250 12 11 12 61 60 53 20 20 19

KS 79 78 87 179 181 259 13 12 15 51 52 57 18 17 18

Table 2: AMSE (×103) simulation results for test signals with SNR=5 with three levels of jitter,dℓ,
for various denoising methods described in the text.

Blocks Bumps HeaviSine Doppler Ppoly
Method d1 d2 d3 d1 d2 d3 d1 d2 d3 d1 d2 d3 d1 d2 d3

LP1S 24 25 22 31 28 27 10 10 10 23 23 23 6 6 7

LP2N 23 23 22 30 30 27 10 10 11 23 23 22 6 6 6

AP1S 22 23 20 30 29 23 10 10 10 22 22 21 6 6 7

AP2N 23 23 20 30 29 23 10 10 11 22 21 21 6 6 7

AP3N 27 27 26 30 30 29 18 18 16 26 26 26 16 15 14

AN1 19 20 18 26 26 24 15 16 16 25 24 24 13 13 12

Locfit 35 35 34 40 40 39 7 7 7 25 26 25 12 12 11

SSCV 51 51 46 277 285 227 7 7 7 37 37 30 11 12 11

KS 52 52 59 130 134 213 8 7 8 29 28 33 9 9 10

Table 3: AMSE (×103) simulation results for test signals with SNR=7 with three levels of jitter,dℓ,
for various denoising methods described in the text.

Blocks Bumps HeaviSine Doppler Ppoly
Method d1 d2 d3 d1 d2 d3 d1 d2 d3 d1 d2 d3 d1 d2 d3

LP1S 11 11 11 15 15 14 6 6 6 12 12 13 3 3 3

LP2N 11 11 10 16 15 13 6 6 6 13 12 12 3 3 3

AP1S 10 10 10 15 14 12 6 6 6 12 12 11 3 3 4

AP2N 11 10 10 15 14 12 6 6 6 12 12 12 3 3 4

AP3N 14 14 14 16 16 16 10 10 10 14 14 14 8 8 7

AN1 10 10 9 14 14 13 9 9 8 14 14 13 7 7 6

Locfit 20 20 19 21 20 20 5 5 5 13 13 16 9 9 8

SSCV 44 44 39 269 273 220 5 5 5 30 30 23 8 8 8

KS 45 45 52 119 122 195 6 6 5 22 22 25 5 5 6
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Table 4: Results of the Simulation Study,n = 100, SNR=4. AN1 result computed here, all other
results as computed by Delouilleet al. (2004). First row: square root of median MSE value; Second
row: interval shows square root of 1st and 3rd quartiles of the MSE results over 500 simulations. All
results×103.

Delouille et al.
AN1 With Update No update ANTO/FAN KS SUPSMO
588 610 792 819 775 706

[517, 654] [526, 675] [661, 989] [759, 875] [688, 856] [629, 807]

— Blocks: (D1, 2, SureShrink); Bumps: (D2, 0, EbayesThresh); HeaviSine: (D4, 4, SureShrink);
Doppler: (D4, 5,SureShrink); Ppoly: (D5, 4,SureShrink). Note that, in practice, thebestcombination
would not be knownand so, in general, KS’s performance would be much worse thandescribed here.

For our adaptive methods it is not necessary to choose a wavelet. However, there is a choice to be
made, akin to the usual primary resolution, in how many points get removed in the lifting algorithm.
Simulations in Nunes and Nason (2005) have shown that the exact choice of resolution level in the
adaptive lifting algorithms is not crucial as long as the level is low. Hence with the adaptive algorithms,
a full decomposition is made, and only the thresholding technique is subject to choice.

The standard quadratic and cubic methods and AdaptNeigh with neighbourhoods larger than 2 did
not work so well so our tables do not include these results.

Overall, our adaptive lifting methods perform very well. Examination of the simulation results
shows that, in particular, AN1 works extremely well on theBlocksandBumpsfunctions, outperform-
ing the three competitors. AP methods with two neighbours are suitable on smoother signals such as
the test functionsHeaviSine, Doppler andPpoly. On HeaviSineour method is outperformed by all
competitors when SNR=3 and 5, while on SNR=7 the methods havesimilar denoising capability. On
Doppler with SNR=3, the KS algorithm is the only competitor that approaches our results, whereas
with SNR=5, 7 our method outperforms all the other procedures, with the closest one beingLocfit.
OnPpoly, our method is better than the competitors, with the closestbeing KS.

Modified HeaviSine comparison. As an extra comparison we compared our AN1 method to the
results obtained in Delouilleet al. (2004). In their study the true function was theHeaviSinefunction
modified so that the jumps were 4 in size rather than 2, the{xi}i∈1,100 are distributed asN(0.5, (0.2)2)
and 500 simulations were performed. The other methods listed are ANTO/FAN which is Antoniadis
and Fan (2001) and SUPSMO is the “super smoother” of Friedman(1984). Table 4 shows that our
AN1 method appears to give a slight improvement over their method. However, from the simulations
reported above remember that our method performed worst overall on HeaviSine. At this point one
may wonder why our adaptive lifting methods work well compared to KS in Table 4 onHeaviSine
but not well in Tables 1 to 2. The reason appears to be that theHeaviSinefunction in Delouilleet
al. (2004) is a modified version of the originalHeaviSine. The modification makes the jumps twice
as extreme, and although the SNR is roughly the same, the increased jumps will make the associated
wavelet coefficients relatively much bigger. Hence, the relative signal around the important locations
in the signalchangebar(the points of discontinuity) is much higher and it is as if we locally are in a
higher SNR regime which is where our methods become more competitive forHeaviSine.
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6 Conclusions and further work

This article has introduced two nonparametric regression methods based on introducing adaptivity into
‘one coefficient at a time’ lifting. Simulation results showthat these new methods perform extremely
well when compared to other existing regression techniques. The technique can report what kind of
basis was used in different areas of the signal, giving information on the local character of the signal.
Real data applications show that our adaptive lifting transforms exhibit the benefits of classical wavelet
algorithms, but can do so on irregularly spaced data. Our techniques are designed to handle the case
where multiple observations exist at givenx points. All of these factors point to adaptive lifting being
a useful new tool in the regression toolkit.

There are several aspects that could be studied in further work. These include: considering how
to shrink in the face of coefficient correlations, thinking about fast computation of multiple predict
step competitors and alternative ways of handling multipledata points. A significant challenge would
be to devise an appropriate and useful theoretical framework from which to further study lifting and
adaptive lifting.

7 Appendix and Acknowledgements

Software that implements our adaptive lifting techniques is freely available at the CRAN R software
archive as an R package. It can also be found at
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˜maman/computerstuff/Adlifthelp/Adlifthelp.html
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