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Abstract

In this paper, the problem of estimating the background of a spectrum is addressed. We propose to fit this background to a low-order

polynomial, but rather than determining the polynomial parameters that minimise a least-squares criterion (i.e. a quadratic cost function),

non-quadratic cost functions well adapted to the problem are proposed. To minimise these cost functions, we use the half-quadratic

minimisation. It yields a fast and simple method, which can be applied to a wide range of spectroscopic signal. Guidelines for the choice of

the design parameters are given and illustrated on simulated spectra. Finally, the effectiveness of the method is shown by processing

experimental infrared and Raman spectra.

D 2004 Elsevier B.V. All rights reserved.
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1. Introduction

Spectra (such as infrared or Raman spectra on which this

method of background correction will be applied) generally

consist in peaks and noise superimposed on a background.

This background, or baseline, which can be either flat, linear

with a positive or negative slope, curved or a combination of

all three, is mainly characterised by the fact that it does not

vary as quickly as the peaks do. In Raman spectra, this

background is often due either to residual Rayleigh

scattering at low Raman wavenumbers or to fluorescence

of organic molecules intrinsic to the analysed sample or

coming from contamination. In infrared spectra, the devia-

tions in intensity can be due to a scattering of infrared beam

caused by heterogeneities in the solid, extern light or a

source of non-specific absorption. Subtracting the estima-

tion of the background from the raw spectrum leads to a
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more interpretable signal, allowing to determine peak

wavenumbers and to measure area and amplitude of peaks

more accurately.

In most softwares (like Origin1 or PeakFit2) as well as

published papers [1,2], the background is estimated by a

least-squares polynomial fitting performed on a user defined

subset of points, which should belong to the background.

Providing that the points are correctly selected, the fitting

yields satisfactory results. This can be attributed to the

ability of the polynomial model to represent a wide class of

backgrounds. But selecting the right points is not always

easy and could be a burdensome and time-consuming

operation if one has to process many spectra since that

should be done for each spectrum individually. In that

respect, there is a real need to develop methods that perform

an automatic point selection or that are insensitive to the

occurrence of peaks [3–5]. This is the topic addressed in this

paper; however, before going further, let us mention that
ory Systems 76 (2005) 121–133
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many other approaches are available for the background

estimation.

The wavelet transform has became a useful chemo-

metric tool [8–11], in particular for background removal.

Basically, the developed methods consist in applying a

wavelet transform (Daubechies or Symlet wavelets in

many applications) to the spectrum, from which the

wavelet coefficients are computed, and then separating

the background supposed to be in the low-frequencies

part in the spectrum (approximation coefficients) from

the peaks and the noise supposed to be in the high-

frequencies (detail coefficients). The main shortcoming

of such an approach is that it implicitly supposes that

the background is well separated (in the transformed

domain) from the rest of the signal. Direct orthogonal

signal correction (DOSC) methods aim at removing,

from a sequence of spectra, the variations which are, as

much as possible, orthogonal to the concentration matrix

[12,13]. This is carried out by projecting the spectra

sequence matrix on the concentration matrix, thus

decomposing the spectra sequence matrix into two

orthogonal parts, one part lying in the concentration

space (the estimated spectrum), and the other part being

orthogonal to it (the estimated background). However, as

this method is designed as a preprocessing step for

spectroscopic calibration, it requires the recording of a

sequence of spectral data as well as a known concen-

tration matrix. Some authors have addressed the problem

in a Bayesian framework [14,15]. They model the

background as cubic splines and look at estimating both

the knot positions and cubic spline coefficients while

imposing some smoothness prior to the background.

Because the posterior density is difficult to minimise,

Monte Carlo Markov Chain (MCMC) methods are used,

leading to a high computational burden. Note that, in

Ref. [15], the background estimation is coupled with the

peak deconvolution.

In this paper, we address the problem of background

estimation as a polynomial fitting where the polynomial

coefficients are estimating by minimising a non-quadratic

criterion. The paper is organised as follows: in Section 2,

the model is presented. Then, the cost functions are

designed to avoid the peaks to be too influent on the

estimation. In this respect, Huber and truncated quadratic

cost functions are considered and extended to the case of

only positive peaks resulting in asymmetric cost functions.

Because the minimisation of these cost functions is not

straightforward, we use half-quadratic minimisation [16,17].

The proposed methods are then linked with available

approaches such as least trimmed squares [18] and the

method proposed in [3] for which a mathematical founda-

tion is provided. Section 3 presents the simulated data used

to illustrate the performances of the methods. In this section,

some experiments are also performed to discuss the

respective advantages and disadvantages of the different

cost functions (symmetric/asymmetric, Huber/truncated
quadratic). The influence of the signal parameters (sample

size N and contamination rate Q) is studied and some

guidelines for the choice of the hyperparameters (the

threshold s and the polynomial order p) are given. The

effectiveness of the method is also demonstrated through

applications on experimental infrared and Raman spectra in

Section 4. Finally, some conclusions and perspectives are

given in Section 5.
2. Theory

2.1. Problem modeling

Defining a model of the spectra will allow us to design

the cost functions, but also to compare them using simulated

spectra (Section 3.1). We note y=( y1: : :yN)
T the N-point

spectrum, such as y=b+e, where:

! b denotes the background itself. It is modeled as a p-

order polynomial. Actually, taking a polynomial for the

background seems to be able to model most spectra [1–

3];

! e denotes the residual, gathering peaks, physical noise

and model uncertainties. The peaks, which can be either

positive and negative or all with the same sign, have

different shapes, amplitudes, positions and widths; the

physical noise and model uncertainties are modeled (for

algorithmic simplicity) as a white, Gaussian and additive

noise n with variance rn
2.

The background being modeled as a polynomial func-

tion, it can be written as b=Ta where T and a are defined as

T ¼
t01

: : : t
p
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and represent respectively the wavenumber Vandermonde

matrix and the polynomial coefficients.

2.2. Design of the cost functions

From a general point of view, the proposed method

consists in finding the polynomial coefficients a which will

minimise a criterion of the form:

J að Þ ¼
XN
k¼1

u yk � Tað Þk
��

ð1Þ

where (Ta)k represents the kth element of vector b=Ta. The

criterion depends on the function u, which, in the sequel,

will be referred to as the bcost functionQ. In this section, we

consider the design of such a cost function well suited to the

problem of background estimation.

First, consider the background estimation using the

classical least squares approach. It consists in finding the
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coefficients a, which minimise the mean squares error

between the estimated background and the signal. This

approach gives a useless result because the cost function

which is u(x)=x2 (Fig. 1(a)) gives a quadratic cost to

each value yk�(Ta)k. Thus, large values have a too high

cost. The point is that the values, which are very far

from the true background, will greatly affect the

polynomial coefficient estimation. Another way to see

the limitation of the least squares approach is to consider

its probabilistic interpretation. Indeed, using a quadratic

cost function is equivalent to assume that e is distributed

as a zero mean Gaussian [19], which is obviously not

the case since it is the sum of a Gaussian noise and

peaks.

To handle this problem, we may use cost functions

whose cost is lower for large values. These functions

should be quadratic in the neighbourhood of zero, i.e.

when the background and the spectrum are closed (this

satisfies the probabilistic interpretation of a Gaussian

noise around zero) but they should grow more slowly

than a quadratic beyond a threshold s so that the peaks

will be less influent on the background estimation (the

choice of this threshold is addressed in Section 3.6). In

Ref. [4], the two following cost functions, initially proposed
Fig. 1. Symmetrical (a) and asymmetrical (b) cost functions (: : :: quadratic,

- -: Huber function, —: truncated quadratic). s=2.
in the context of outlier robust estimation [20,21], are

considered:

! Huber function (Fig. 1(a), dashed line):

8x 2 R; u xð Þ ¼
�
x2 if jxjbs;
2sjxj � s2 otherwise;

ð2Þ

! Truncated quadratic (Fig. 1(a), plain line):

8x 2 R; u xð Þ ¼ x2 if jxjbs;
s2 otherwise:

�
ð3Þ

The quadratic function used in the least squares method

is also drawn on Fig. 1(a) (dotted line) for comparison with

the previous functions. While the least squares estimator

cost function is quadratic everywhere, Huber function and

the truncated quadratic are respectively linear and constant

beyond s. In the case of the truncated quadratic, the points

whose distance from the estimation is higher than s have a

constant cost. In other words, a great peak will affect the

estimation as if it were a small one.

The previous cost functions are symmetrical, which

means that they give a low cost for large positive values, but

also for large negative values, which is adequate for spectra

where peaks may either be positive or negative. In the

particular case of optical spectroscopy where there are only

positive peaks, we propose to use the corresponding

asymmetric cost functions:

! Asymmetric Huber function (Fig. 1(b), dashed line):

8x 2 R; u xð Þ ¼ x2 if xbs;
2sx� s2 otherwise;

�
ð4Þ

! Asymmetric truncated quadratic (Fig. 1(b), plain line):

8x 2 R; u xð Þ ¼
�
x2 if xbs;
s2 otherwise:

ð5Þ

These cost functions still give a low cost to positive

peaks, but are quadratic in the negative part to account for

the fact that, in this case, there is only Gaussian noise.

2.3. Half-quadratic minimisation of the cost functions

To sum up, we have to minimise the criterion (1). In the

case of the least squares method, u is quadratic and the

minimisation is easy and yields the following explicit

expression:

âa ¼ ðTTTÞ�1
TTy:

Contrarily to the least squares approach, the minimi-

sation of the other cost functions is not straightforward.

So, we propose to minimise these criteria using the half-

quadratic (HQ) minimisation, which is an iterative

technique simplifying the optimisation of a non-quadratic



3 The authors are very indebted to one of the reviewer for pointing out

these references.

V. Mazet et al. / Chemometrics and Intelligent Laboratory Systems 76 (2005) 121–133124
criterion [16,17]. Provided that u satisfies the following

condition:

aamax=8a 2 ½0; amax½; ga xð Þ ¼ x2=2

� au xð Þ is strictly convex;

the HQ minimisation consists in introducing an auxiliary

variable d=(d1: : :dN)
T leading to an augmented criterion

Kð7Þ admitting the same minimum as J :

K a; dð Þ ¼ 1

a

XN
k¼1

1

2
ððyk � ðTaÞk � dkÞ2 þ faðdkÞÞ;

where the function fa is defined from u as follows:

fa dð Þ ¼ sup
x

ðau xð Þ � x� dð Þ2=2Þ:

Note that the new criterion K is quadratic in a and

convex in d, justifying the name bHQ criterionQ. Huber

function and the truncated quadratic verify the previous

condition, both with amax equal to 1/2. Then, the algorithm

LEGEND used in computed imaging for the minimisation

of J can be applied [16]; it estimates alternately a and d as

follows:

initialise â0

repeat until convergence:

d̂d i ¼ arg min
d

Kðâai�1; dÞ

âai ¼ arg min
a

Kða; d̂d iÞ

The value of a should be chosen close to amax in order

to speed up the convergence; in our application, we choose

a=0.99
amax and a is initialised as the least squares

estimation. The convergence is considered to be reached

when the difference K i � K i�1
becomes lower than a

predefined value. Then, the two steps of one iteration

become (the superscripts are omitted for notational

simplicity):

! the minimisation of K with respect to a when d is fixed

yields:

ðTTTÞâa ¼ TT yþ dð Þ; Z âa ¼ TTT
� ��1

TT yþ dð Þ: ð6Þ

This result can be interpreted as the least squares

estimator on the signal y+d. To make the algorithm faster,

the matrix (TTT)�1TT can be calculated and saved only

once at the beginning.

! when a is fixed, the minimum of K is reached at:

8k; d̂d k ¼ � ek þ auVðekÞ ð7Þ
where Ek=yk–bk=yk–(Ta)k and:

uV xð Þ ¼
� � 2s if xV� s

2x if jxjbs
2s if xzs

symmetric Huber functionð Þ;

uV xð Þ ¼
�
2x if jxjbs
0 otherwise

symmetric truncated quadraticð Þ;

uV xð Þ ¼ 2x if xbs

2s otherwise
asymmetric Huber functionð Þ;

�

uV xð Þ ¼
�
2x if xbs

0 otherwise
asymmetric truncated quadraticð Þ:

Note that the Huber cost function being convex, the

convergence of the algorithm to the unique global minimum

is ensured [16]. On the contrary, the truncated quadratic

being not convex, the criterion K may have local minima,

even if it is convex with respect to a when d is fixed and

vice versa. So, using LEGEND, we cannot guarantee the

global minimum to be reached. However, in all the trials, we

have performed on simulated spectra, the estimated back-

grounds were very close to the actual ones, letting us to

think that the global minimum is reached at each time.

2.4. Comparison with other asymmetric cost function based

approaches

The idea of an asymmetric cost function has already been

used in Refs. [6,7].3 In particular, the method proposed in

Ref. [6] is applied to the problem of background estimation,

while the method of Ref. [7] could be easily adapted to that

problem.

These two papers propose to minimise the following

criterion:

K bð Þ ¼
XN
k¼1

f yk � bkð Þ þ k
XN
k¼1

g D2bk
� �

where, in the first term, f corresponds to the asymmetric cost

function, and the second (regularisation) term controls the

smoothness of the solution through the minimisation of the

second derivate of the estimation. The positive parameter k
sets the weight of the second term: the larger k is, the

smoother the estimation is. In Ref. [6],

f xð Þ ¼ vx2; g xð Þ ¼ x2:
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where v=s if xN0 and v=1�s otherwise, with s2[0,1]. In
Ref. [7],

f xð Þ ¼ x s � Ixb0ð Þ; g xð Þ ¼ jxj:

where s2[0,1] and the estimation is constrained to the class

of cubic splines.

Because of their asymmetric shapes, the cost functions

f can be used to perform the polynomial fitting proposed

in this paper. They are expected to yield similar results

than those provided by the asymmetric Huber function.

Indeed, they give a higher cost to negative values than to

positive values. But, as they do not have a constant part,

the high value peaks still remain influent on the

estimation.

In the approach proposed in this paper, the smoothness of

the estimated background is controlled by fixing the

polynomial order to a low enough value. Instead, in Refs.

[6,7], the smoothness of the estimation is ensured by adding

a regularisation term to the cost function, the smoothness

being controlled by the parameter k. Then, this estimation is

not constrained to be a polynomial function, which can be

interesting to fit very irregular backgrounds. The same can

be done in the proposed polynomial fitting approach by

increasing the polynomial order, but this may lead to

numerical problems.

Future works could be directed at combining the

proposed cost functions with the smoothness regularisation

of Ref. [6], that is to use one of the proposed cost functions

in the criterion of Ref. [6]. In that respect, the half-quadratic

minimisation provides a very attractive approach to perform

the minimisation of this new criterion.

2.5. Remarks about the truncated quadratic

2.5.1. Link with the least trimmed squares

It can be noted that the asymmetric truncated quadratic

cost function is similar to that of a least trimmed squares

(LTS) approach, as defined in Ref. [18]. Indeed, the LTS

performs a least squares estimation on a subset of the data

points, while ignoring the other points (peaks in our

application): this is equivalent to assigning a constant cost

to these peaks. The subset point number being set to a

predefined value at the beginning, the algorithm aims at

finding the subset which minimises the squared residual on

the considered subset. To avoid an exhaustive search of

this subset, a fast method is also proposed in Ref. [18].

Because the HQ minimisation approach gives a constant

cost to peaks and a quadratic cost to the rest of the

spectrum, it also defines two subsets of points. Assuming

that the same points are affected to the two subsets, both

methods would produce exactly the same result from

which it can be concluded that the two methods are

equivalent. In fact, the only difference between the two

approaches comes from the way in which the subset search

is performed. These methods give almost equivalent results
but our method is faster [5]. As a conclusion, it appears

also that the proposed method is equivalent to the one used

in most commercial softwares, which computes the LS

estimator on a predefined subset, but the point is that the

subset selection is automatic.

2.5.2. Link with [3]

Lieber and Mahadevan-Jansen [3] have presented an

iterative algorithm to estimate the background on a Raman

spectrum (where peaks are positive) by a least-squares-

based polynomial fitting in which peaks are eliminated. The

estimation is computed from the signal y, redefined at each

iteration. Each point is set equal to the estimated back-

ground if the corresponding spectrum intensity is higher

than the estimated background, otherwise it is set equal to

the spectrum.

This method is equivalent to minimise an asym-

metrical truncated quadratic with a threshold s set to

zero. Indeed, LEGEND estimates the background as the

least squares estimation on the signal y+d (Eq. (6)):

âa ¼ TTT
� ��1

TT yþ dð Þ:

From Eq. (7), and considering a particular sample k,

yk þ d̂d k ¼ yk � ek þ auV ekð Þ

¼ bk þ auV yk � bkð Þ ð8Þ

where, choosing the limit value a=amax=1/2, we have:

auV yk � bkð Þ ¼ yk � bk if yk � bkbs; i:e: ykbbk þ s;
0 otherwise:

�

So Eq. (8) becomes:

yk þ dk ¼
yk if ykbbk þ s;
bk otherwise;

�

meaning that LEGEND consists in computing the least

squares estimator b on the signal y+d, then, at each sample

k, the estimation is set to yk if yk is lower than the previous

background estimation plus the threshold, otherwise it is

equal to this estimation. Thus, the method presented in Ref.

[3] is a particular case of the one presented in this article, in

which the threshold of the asymmetric truncated quadratic is

equal to zero. As mentioned in Section 3.6, a zero value

threshold will result in an estimated background pushed

down to the bottom of the spectrum. To overcome this

problem, the authors propose to let the algorithm running

until a maximum number of modified points is reached,

which, in turn, is very similar to the LTS stopping rule (see

Section 2.5.1).
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2.6. Computation

All treatments were performed using in-house codes

written in Matlab 6.5 (The Mathworks, MA), on a Pentium

4 1.8 GHz. The Matlab function polyfit is used to

perform the polynomial fitting. To avoid numerical prob-

lems, the wavenumber vector t has to be centered and

rescaled in [�1;1]. The sources can be freely downloaded

for evaluation on the CRAN website. No particular

toolboxes are needed to run the algorithm.
Fig. 2. Estimation with a symmetric (- -) and an asymmetric (: : :) truncated

quadratic, compared with the real background (—). (a) Positive and

negative peak spectrum and (b) only positive peak spectrum (a.u. means

arbitrary units).
3. Influence and choice of the design parameters

3.1. Simulated data

Simulated data, in which the backgrounds are perfectly

known, are used to evaluate and compare the accuracy of

the different methods. The simulated spectra follow the

model given in Section 2.1: they are the sum of a

background, peaks and a white Gaussian noise. The

background is randomly chosen as a 4- or 5-order

polynomial (the two orders are equiprobable) whose

coefficients are generated from a zero-mean Gaussian with

variance 1. The polynomial function is then offset to be in

the positive part. The peak signal consists is a sparse spike

train signal (modeled as a Bernoulli–Gaussian signal whose

Bernoulli parameter and peak variance are set by the user)

convolved with a Gaussian pulse whose width is let to the

user’s choice. At last, the variance of the white Gaussian

noise is fixed so as to obtain the needed signal-to-noise

ratio.

The influence of the spectrum length N, noise variance,

polynomial order, threshold, peak number and width will

now be discussed.

The performance index used to assess the methods in

terms of background estimation is the mean square error

(MSE) defined as:

MSE ¼ 1

N

XN
k¼1

bk � b̂bk
� �2

where b̂=Tâ.

3.2. Symmetric or asymmetric cost function?

To illustrate the influence of the shape of the cost

function, two kinds of spectra are presented on

Fig. 2 (a: positive and negative peaks; b: only positive

peaks), on which the background is estimated with a

symmetrical and an asymmetrical cost function (we

choose the truncated quadratic because it yields the best

estimation—see next section). On Fig. 2(a), the best

estimation is given by the symmetrical form of the cost

function and, on Fig. 2(b), the asymmetrical form yields
the best result: this is in agreement with the discussion of

Section 2.2.

In order to give some quantitative insights into the

comparison of the symmetrical and asymmetrical forms of a

cost function, we have computed 200 simulations on the two

kinds of spectra (Table 1). For each simulation, the MSE

between the real and estimated background is computed. It

is clear that a symmetrical cost function is better suited for

positive and negative peak spectra, while an asymmetrical

one should be preferred for spectra with one kind of peak.

3.3. Comparison between Huber function and the truncated

quadratic

We now study which cost function (Huber function or

truncated quadratic) gives the best estimation. Fig. 3(a) and

(b) shows two spectra (one with positive and negative peaks

and the second with only positive peaks) whose back-

grounds are estimated using the two cost functions, depicted

on Fig. 3(c) and (d). For each cost function, the threshold

(referred to as the optimal threshold) is chosen as the one

giving the best estimation in terms of MSE.



Table 1

Comparison between the four cost functions

Positive and

negative peaks

Only positive

peaks

Symmetric Huber function 49.1d 10�5 241.8d 10�5

Asymmetric Huber function 1129.1d 10�5 14.8d 10�5

Symmetric truncated quadratic 2.7d 10�5 21.4d 10�5

Asymmetric truncated quadratic 6387.1d 10�5 2.0d 10�5

The table shows the average MSE between the real and the estimated

background for the two kind of peaks.

Fig. 4. Mean square error in function of the signal length.
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In all trials we have done (see also Table 1), the truncated

quadratic yields the best estimation, providing that the shape

(symmetric/asymmetric) is well-chosen with respect to

the kind of spectrum. Indeed, with that cost function, all

peaks have a constant cost, so that they do not affect the

estimation, while, with the Huber cost function, the peaks

still influence it. As a consequence, in general, to reduce

peak influence, the optimal threshold of the Huber function

is lower than that of the truncated quadratic (see Fig. 3(c)

and (d)).

3.4. Influence of the signal length N

To assess the influence of the signal length on the

estimation quality, we have created a 65,536-point spec-

trum, which was then decimated with different factors to
Fig. 3. Comparison between Huber function (- -) and the truncated quadratic (: : :). T

and negative peaks (s=0.02 for Huber function, s=0.13 for the truncated quadratic)

for the truncated quadratic). (c) Symmetrical cost functions used in Fig. 3(a). (d) A

correspond to the threshold.
obtain signals having different lengths but the same back-

ground, noise level and contamination rate (defined in

Section 3.5). For each signal, the background was estimated

and the corresponding MSE was computed (see Fig. 4). It

appears that the spectrum length does not significantly affect

the estimation quality, providing that the signal length is

large enough.

Fig. 5 represents the computation time in function of the

point number N. We observe that the computation time is

almost linear with respect to the point number and that it

remains reasonable even for large signals (less than 1 s for a

16,000-point signal).
he real background is represented as a plain line. (a) Spectrum with positive

. (b) Spectrum with only positive peaks (s=0.01 for Huber function, s=0.04

symmetrical cost functions used in Fig. 3(b). The circles in Fig. 3(c) and (d)



Fig. 5. Computation time in function of the signal length.

Fig. 6. Influence of the contamination rate (100 simulations). (a) Mean

square error and (b) threshold.
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3.5. Influence of the contamination rate Q

The contamination rate Q is defined as the ratio between

the points belonging to the peaks and those belonging to the

background. Then, the higher the peak number or the peak

width is, the higher the contamination is. Inevitably, the

higher Q is, the more difficult it is to estimate the

background, because there are fewer points only belonging

to the background.

To assess the influence of the contamination rate, the

following simulation has been performed. One hundred

clean spectra (i.e. without background and noise) have been

simulated. For each of them, 10 backgrounds and 10 noise

signals have been generated, resulting in 10 different spectra

with the same contamination rate. Then, the background

was estimated and the average of the optimal thresholds and

the MSE were saved. Fig. 6 shows the performances in

terms of MSE (Fig. 6(a)) and the normalised threshold s/rn

(Fig. 6(b)), both with respect to the contamination rate.

From this simulation, one can actually define three parts:

! in the first part (lower than 10%), the contamination rate

is very low. In other words, there are few peaks. Then,

the threshold may be higher than twice the noise standard

deviation. Anyway, the estimation will be very satisfac-

tory (see Fig. 6(a));

! in the second part (up to 70%, in fact the general case),

the ratio s/rn decreases almost linearly from 2 to 1, while

the MSE increases slowly. In that respect, Fig. 6(b) can

be helpful to fix the threshold value;

! the third part (greater than 70%) corresponds to spectra

containing almost only peaks. For these spectra, it is very

difficult to fit the real background. The best way is to fit

the bottom of the peaks by setting the threshold to a very

low value. However, as seen in Fig. 6(a), the MSE is not

satisfactory.

To conclude this section, the method can fit correctly the

background if the contamination rate is not too high

(typically lower than 70%). So, from a practical point of
view, to have a low contamination rate (and, thus, to

estimate more accurately the background), it would be better

not to consider only the relevant spectral range, but to record

spectra on an extended area including only background parts

as well.

3.6. How to choose the threshold s?

As shown in Section 3.5, the threshold s has to be chosen

according to the contamination rate Q and the noise level rn

to yield a satisfactory background estimation.

This point is illustrated on Fig. 7 which shows two signals

corresponding to the same spectrum (whose contamination

rate is almost 35%) with two different noise levels. On Fig.

7(a), rn is set to 0.1 and the optimal threshold is 0.24: about

2.5 times the noise standard deviation. On Fig. 7(b), rn is set

to 0.03 and the optimal threshold is found to be equal to 0.05,

i.e. about 1.5 times the noise standard deviation. So, the

optimal value is in accordance with the Fig. 6(b) where the

optimal threshold is slightly lower than twice the noise

standard deviation for a 35% contamination rate correspond-

ing to that of the spectrum.

To assess the threshold influence on the estimation, Fig. 8

shows a spectrum with a 40% contamination rate and the



Fig. 7. Influence of the noise (asymmetric truncated quadratic cost function)

the estimated background is represented as a plain line. (a) rnf0.10,

s=0.24. (b) rnf0.03, s=0.05. Fig. 8. Estimation of the background with the asymmetric truncated

quadratic for three different thresholds. The real background is represented

as a plain line (rnf0.07). (a) Simulated spectrum and its background. (b)

Real background and its three estimations (dashed-dotted line: 0.14, dotted

line: 10, dashed line: 0.1).

Fig. 9. Evolution of the MSE with respect to the normalised threshold for

three different contamination rate (—: 12%, - -: 36%, : : :: 90%).

V. Mazet et al. / Chemometrics and Intelligent Laboratory Systems 76 (2005) 121–133 129
background estimation using the asymmetric truncated

quadratic with three different thresholds.

! The threshold which gives the best estimation is twice

greater than the noise standard deviation (that is to say,

0.14). This is in accordance with Fig. 6(b).

! If the threshold is set too high, say 10, the estimation

tends to the least-squares estimation (dotted line): the

cost function tends to a quadratic when the threshold

tends toward the infinity;

! On the contrary, when the threshold is set too low, say

0.1, the estimation tends to fit the bottom of the spectrum

(dashed line). This is due to the fact that at a low

threshold, the negative costs are quadratic, while positive

ones tend to zero, then all positive points have a zero cost

and are privileged over negative points. Yet, the result

would be different for a symmetric cost function. Indeed,

when the threshold tends toward zero, the symmetric

truncated quadratic tends to a constant function, so that

the estimation does not change from one iteration to the

next: it remains the least squares estimation, which is the

initial background estimation (then, for the truncated

quadratic, when the threshold tends either to zero or to

infinity, the estimation tends toward the least-squares

estimation anyway). In the case of the symmetric Huber

function, the estimation tends to minimise the mean
absolute error, which yields a non-satisfactory estimation

too.

Fig. 9 shows the evolution of the MSE as a function of

the normalised threshold for three different contamination

rates (12%, 36% and 90%). This simulation yields some



Fig. 10. Estimation of the background with the asymmetric truncated

quadratic for two different polynomial orders (: : :: 2, - -: 10) and the same

threshold.

Fig. 11. Background correction with the asymmetric truncated quadratic

cost function as it is applied on experimental infrared spectra of gibbsite

Al(OH)3. (a) Raw measured spectra (A), (B) and (C), and background

estimations with five order polynomials and threshold of 0.005. (b) After

removal of the backgrounds which correspond to real physical scattering

process.
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insights into the robustness of the method with respect to the

threshold choice from which the analysis of Section 3.5 can

be completed.

! we have seen that, for a low contamination rate

(QV10%), the threshold can be set greater than twice

the noise standard deviation. Note that, from Fig. 9, a

greater threshold does not degrade significantly the

estimation since the MSE keeps almost constant beyond

the minimal value of s. In fact, when the threshold

increases, the cost function tends toward a quadratic, so

the estimation tends toward the least-squares estimation

(see before). This is the best estimator when there is no

peak, that is when all the signal points can be considered

as background points;

! for a medium contamination rate (10%VQV70%), the

estimation quality still remains acceptable even if the

threshold is set around its optimal value. For example,

for a 36% contamination rate, the threshold can be

chosen in the interval [rn;4rn] without affecting

significantly the MSE. Note that the range of acceptable

values of s decreases as the contamination rate increases.

! for a high contamination rate (Qz70%), Fig. 9 shows

that the threshold has to be precisely chosen, since the

MSE significantly increases for a small variation of s.

Anyway, in that case, the estimation quality is poor and

the results become erratic, enlightening the limit of the

proposed method.

3.7. How to choose the polynomial order p?

Some methods can be envisaged to estimate the

polynomial order automatically such as the AIC criterion

[24]. However, we believe that it should be let as a user

defined parameter allowing to give some degree of freedom

to the algorithm. Basically, the polynomial order allows to

adjust the estimated background smoothness. So, it is clear

that it has to be fixed in function of the background to fit but
also of the user need. Indeed, some spectra could have a part

of the signal, which can be considered as a background or

not. For example, Fig. 10 shows such a simulated spectrum

whose bbumpQ around 700 a.u. may be interpreted as

belonging to the background or not. Adjusting the poly-

nomial order allows to fit this part of the signal or not.
4. Application on real spectra

4.1. Experimental infrared and Raman spectra

The samples are gibbsite Al(OH)3 particles prepared

by oxidation of aluminum powder in sodium hydroxide

solution (see Refs. [22,23] for details of gibbsite

preparation).

4.1.1. Infrared spectra

Infrared spectra were obtained with a Fourier transform

infrared spectrometer, Perkin Elmer system 2000, by trans-

mission through self-supporting disks. Analysed disks were

prepared by dilution of gibbsite in a non-absorbing medium

as KBr (0.1% weight of gibbsite). Each 25-mm diameter
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disk was obtained under a 10 MPa pressure. Spectra were

recorded from 400 to 4500 cm�1 at 4 cm�1 resolution.

Acquisition time was 1 min per spectrum. The spectra are

presented in absorbance unit: A=�log10(I/I0) where I is the

sample signal and I0 is the reference signal of a pure KBr

disk. For the same sample signal, we have used different

reference signals obtained from different pure KBr pellets.

By this procedure, we have obtained different infrared

spectra composed of the same absorption spectrum com-

bined with different scattering backgrounds. Noise ampli-

tude is around 0.0005 absorbance unit.

4.1.2. Raman spectra

The Raman spectra were recorded with a triple-sub-

stractive-monochromator Jobin Yvon T64000 spectrometer

equipped with a confocal microscope. The detector was a

charged-coupled device (CCD) cooled by liquid nitrogen.

The Raman spectra were excited by a laser beam at 514.3

nm emitted by an argon laser, focused on the samples with a

diameter of about 1.5 Am and a power of about 50 mW. The

Raman backscattering was collected through the micro-

scope objective (
50) and dispersed by a 1800 groove/mm

grating to obtain 2.7 cm�1 resolution and a data point each

0.6 cm�1. We choose an integration time of 60 s per

accumulation while accumulation number of each spectrum
Fig. 12. Background correction with the asymmetric truncated quadratic cost func

polluted gibbsite sample and background estimation. (b) Background corrected s

sample and background estimation. (d) Background corrected spectrum of highly
varied in order to obtain different noise amplitudes. We

have recorded three spectra: a pure sample of gibbsite and

two polluted samples of gibbsite. These polluted samples

were obtained by leaving pure gibbsite powder in a

cigarette smoking area. Both polluted samples have

(almost) identical Raman signal but different fluorescence

backgrounds.

4.2. Results

The previous sections showed that the asymmetric

truncated quadratic is the cost function which gives the best

results to estimate the simulated background on spectra with

only positive peaks. It is now applied on real optical spectra.

Since the three raw infrared spectra exposed in Fig. 11(a)

contain the same quantity of infrared beam absorption

combinedwith different scattering backgrounds, the perform-

ance of the background correction method could be evaluated

by its ability to return only the infrared absorption component

from raw spectra. The backgrounds are estimated by a 5-order

polynomial with a threshold of 0.005. After removal of the

scattering backgrounds (Fig. 11(b)), all three spectra become

identical in agreement with what is expected.

Polluted samples of gibbsite exhibit fluorescence back-

ground in their Raman spectra (Fig. 12(a) and (c)). As
tion as it is applied on experimental Raman spectra of gibbsite. (a) Slightly

pectrum of slightly polluted gibbsite sample. (c) Highly polluted gibbsite

polluted gibbsite sample.
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Raman spectrum of pure gibbsite (in dotted line in Fig.

12(b) and (d) average SNR of 100) is free from fluorescence

background, it can be used as a reference spectrum to test

background correction of raw spectra recorded for polluted

gibbsite samples. Fig. 12(a) shows the raw spectra of a

slightly polluted gibbsite sample prior to fluorescence

subtraction where maximum fluorescence intensity is of

order of the maximum Raman intensity (intensity of 2500 at

540 cm�1) and noise amplitude is around 25 (average SNR

is 30). Fig. 12(c) shows the raw spectra of a highly polluted

gibbsite sample prior to fluorescence subtraction where

maximum fluorescence intensity is 20 times more than the

maximum Raman intensity and noise amplitude is around

50 (average SNR is 15). The fluorescence backgrounds are

estimated by a 4-order polynomial and thresholds of 13 and

30 for slightly and highly polluted spectra. After back-

ground correction, extracted Raman spectra are in good

agreement with the reference spectrum of non-polluted

gibbsite (solid line in Fig. 12(b) and (d)). The spectra were

offset for clarity.
5. Conclusion

This paper presents an iterative method to estimate

spectral backgrounds as the polynomial minimising a cost

function. Providing that the cost function is correctly

designed for the considered spectrum, the method is well

adapted to a wide range of spectroscopy (infrared,

Raman, UV–Vis, NMR, etc.) because it does not require

any modeling of the peaks. Different cost functions have

been designed to avoid the peaks to be too much influent

on the estimation, as they are in classical least squares

estimation whose cost function is a quadratic. Because

the cost function is not quadratic, half-quadratic mini-

misation is used to optimise the criterion. Huber and the

truncated quadratic functions have been proposed and

evaluated: they are quadratic in the neighbourhood of

zero (modeling a Gaussian noise) and respectively linear

and constant beyond a threshold (modeling the peak

distribution).

Experiments showed that the truncated quadratic cost

function yields the best results. For optical spectroscopy,

where the peaks are only positive, asymmetrical cost

functions are proposed, actually providing better results

while symmetrical cost functions are better suited for

background estimation on data with both negative and

positive peaks. To implement the method, two parameters

need to be set up: the threshold of the cost function and

the polynomial order. It turns out that the optimal value

of the threshold depends on both the noise standard

deviation and contamination rate. However, in many

practical cases, the threshold can be set from once to

twice the noise standard deviation, giving a satisfactory

estimation. It is clear that there is no formal argument

justifying this empirical rule. However, the robustness of
the method to that choice has been verified experimen-

tally providing that the contamination rate is low enough.

Concerning the polynomial order, it should be chosen in

dependence of the estimated background smoothness.

Even if some automatic methods can be developed to

estimate it, we believe it should be let as a user defined

parameter allowing, for example, to fit (or not to fit that

is the question) the background to bbumpsQ present in the

spectra. Furthermore, the algorithm yields a low computa-

tional time, even on very large signals. Tests have been

carried out for background correction on experimental

optical Raman and infrared spectra. In all the considered

cases, the method was very effective leading to an

efficiency background removal and no alteration of the

signal of interest. Finally, even if the background of most

spectra can be correctly estimated, using splines rather

than a polynomial could be a better way to fit irregular

backgrounds; this will be the subject of future works.
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