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Abstract: In near-infrared (NIR) analysis of plant extracts, excessive background often exists in near-infrared spectra. The
detection of active constituents is difficult because of excessive background, and correction of this problem remains difficult. In
this work, the orthogonal signal correction (OSC) method was used to correct excessive background. The method was also
compared with several classical background correction methods, such as offset correction, multiplicative scatter correction (MSC),
standard normal variate (SNV) transformation, de-trending (DT), first derivative, second derivative and wavelet methods. A
simulated dataset and a real NIR spectral dataset were used to test the efficiency of different background correction methods. The
results showed that OSC is the only effective method for correcting excessive background.
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INTRODUCTION
When using near-infrared (NIR) spectroscopy to
analyze plant extracts, excessive background often
exists within the NIR spectra. It is mainly caused by
the strong absorbance of the solvent, such as water
and ethanol. In addition, the absorbance of the active
constituents in plant extracts is often weak and disguised by the excessive background. It is necessary to
correct the excessive background, but how to achieve
this goal is still troublesome.
The classical method to subtract background is
to fit the background as a line or a polynomial curve.
Offset correction is an old method applied to correct
flat background (Candolfi et al., 1999). Multiplicative
scatter correction (MSC) (Geladi et al., 1985) and
standard normal variate (SNV) transformation (Barnes et al., 1989) are proposed as methods for cor‡
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recting multiplicative scatter effect in NIR spectra,
but they can also be used to correct sloping background. De-trending (DT) (Karstang and Kvalheim,
1991) is a method to correct curvilinear background
by modelling the background as a function of wavelengths with a second-degree polynomial. But in
many cases, the background is not as “ideal” as a line
or a polynomial curve, so the above methods are inefficient.
Another very common method for background
correction is mathematical derivative of the spectrum
(Tahboub and Pardue, 1985) usually first derivative
and second derivative. A flat background can be removed by first derivative, and a sloping background
can be removed by second derivative. In fact, derivative can be seen as removing low-frequency components and amplifying high-frequency components of
the spectrum. By selecting proper order of derivative,
the background can be removed as low-frequency
components, but meanwhile the noise is amplified.
However, wavelet method is a more efficient method
than derivative method. The spectrum can be decomposed into different frequency components by
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wavelet functions, and the background can be removed by setting the very-low-frequency components
to zero values (Alsberg et al., 1997), whereas the
noise is not amplified and noise can be removed as
very high frequency components (Barclay and Bonner, 1997). Background correction based on wavelet
had been reported. Ma and Zhang (2003) applied
wavelet transform to background correction in inductively coupled plasma atomic emission spectrometry. Tan and Brown (2002) developed a criterion based on Shannon entropy to judge and remove
the low-frequency background reasonably and automatically. Mittermayr et al.(2001) removed the
highly varying background successfully by wavelet
vanishing moments. But when excessive background
existed, the frequency contributions of analytical
signal and background can hardly be discriminated,
and then background cannot be separated from spectrum by derivative or wavelet method.
Some methods based on multivariate calibration
had been proposed for background correction.
Schechter (1995) proposed a method for correcting
nonlinear fluctuating background by using two reference spectra with known concentrations. But it can
only be used in monovariate analytical systems. Sun
(1997) proposed a PCA (Principal Component
Analysis)-like method to remove the excessive background from a set of NIR spectra of human blood by
assuming some of the principal components represented the background variations. A specially
designed experiment was used to identify principal
components whether they represented the excessive
background or not, although the principal components
representing background often contain the information
of interest components and could not be removed. In
practice, the complexity and the need of some prior
knowledge restrict the application of these methods.
Unfortunately, it seems that none of the classical
methods are suitable for correcting excessive background. A new popular method called orthogonal
signal correction (OSC) showing potential for correcting excessive background was introduced by
Wold et al.(1998) for removing synthetical noise
including background, scatter effect, etc. It works by
removing the parts linearly unrelated (orthogonal) to
the response of the calibration model. As a preprocessing method, OSC is widely and successfully applied to spectral analysis of NIR (Sjoblom et al.,

839

1998), NMR (Brindle et al., 2003), and DRIFTS
(Peussa et al., 2000).
In this paper, OSC and other common background correction methods were used to correct the
excessive background. A simulated dataset and a real
NIR spectral dataset were analyzed by different
background correction methods, whose results
showed that the OSC method is the only effective
method for correcting excessive background.

THEORY
The basic idea of OSC is very simple and can be
understood easily. When pretreating the NIR spectra
in multivariate analysis, we simply want to remove
from the spectral matrix (X) only the part that is unrelated to the response matrix (Y), namely the part that
is orthogonal (or as close as possible orthogonal) to
the response matrix (Y). To achieve such orthogonality, the matrix X can be decomposed into score matrix
T, which is required to be orthogonal to Y, and loading matrix P.
To obtain the OSC score matrix T, different algorithms have been developed. (Wold et al., 1998,
Sjoblom et al., 1998, Fearn, 2000), direct orthogonalization (DO) (Andersson, 1999), direct OSC
(DOSC) (Westerhuis et al., 2001), orthogonal projection to latent structures (OPLS) (Trygg and Wold,
2002). A previous study of ours showed that the results obtained by different OSC algorithms were
similar, and that the best were those of Sjoblom et
al.(1998). So the Sjoblom’s OSC algorithm is used,
which is described in the following text.
For distinguishing ability, the final score vector,
loading vector and weight vector of OSC are represented by t ⊥ , p⊥ and w⊥ .
Before the calculations, X and Y are centered and
scaled as usual.
In the first step, the first principal component of
X is calculated as the initial score vector, t. This ensures that t is an optimal linear summary of X.
Then orthogonalize t to Y

tnew=(1−Y(YTt)−1YT)t
Next, calculate a new weight vector w by

(1)
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T
w = X T t new (t new
t new )

(2)

And then the OSC-component is removed using
loading matrix P⊥

And scale w to unit length

X OSC =X new − Tnew P⊥T

(3)

w =w / w

EXPERIMENTAL DETAILS

Now calculate the new score vector t

t =Xw

(4)

Repeat Eqs.(1)~(4) until t becomes stable. The
final t is now a good describer of the part of X that is
orthogonal to Y.
The next step is to build a PLS (partial least
square) model with X calibrated against t. Proper
PLS-components are selected to ensure that t is described well by the model. Calculate the prediction

Simulated dataset
The simulated data mimicked common NIR
spectral data with excessive background. A simulated
spectrum was obtained by adding a background (a
broader Gaussian peak), an analytical signal (a narrower Gaussian peak), and normal distributed noise.
The Gaussian peaks were generated by

1
xi =A exp[− ( xi − x0 ) 2 / σ 2 ]
2

vector b̂ of the PLS model as the weight vector w⊥
of OSC,

w⊥ =bˆ =W ( P TW ) −1 q

(11)

where A is the height at the centre, x0 is the position of
the centre and σ is the standard deviation of the

(5)

where W is the weight matrix of the PLS model above,
P is the loading matrix, q is the regression coefficient
vector for the inner relation between t and the score
matrix T.
Then the score vector t ⊥ of OSC is calculated by

t ⊥ = Xw⊥

(10)

(6)

Gaussian peak, and 2σ is the peak width (Brereton,
2003).
A simulated dataset with 40 samples and 400
variables were used in this paper. The parameters x0, σ
of background and analytical signal are shown in
Table 1. The peak heights A are proportional to concentrations for analytical signal, whereas the peak
heights for background are random. The simulated
spectra are shown in Fig.1.
Table 1 The parameters of the simulated dataset

And the loading vector p⊥ of OSC is calculated by
p⊥ =X T t ⊥ /(t ⊥T t ⊥ )

(7)

Parameters
x0
σ

(8)

Several OSC-components can be removed by
repeating the steps above.
To correct the new spectra, a score matrix is first
calculated.
Tnew =X newW⊥

(9)

b
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Fig.1 The simulated NIR spectra
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a: The simulated analytical signal, b: The simulated background
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Real dataset
NIR spectral data on process analysis of purification of natural herb (Yang et al., 2003) was used to
test background correction methods. The eluting
process of a natural herb, Coptis chinensis, was
monitored by NIR spectroscopy simultaneously. The
spectra were measured in the range 11 000 to 4 000
cm−1 with a resolution of 8 cm−1 (1816 points). Forty
samples were obtained in eluting process (Fig.2). The
contents of an active constituent in Coptis chinensis,
berberine were determined by HPLC.
5
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Fig.2 The NIR spectra of process analysis of purification
of Coptis chinensis

Computation
All computation was performed in Matlab Version 6.5. All wavelet transforms were achieved using
the Mathworks wavelet toolbox for Matlab.

RESULTS AND DISCUSSION
For evaluating the performances of the different

Correction methods
None
Offset correction
MSC
SNV
DT
First derivative
Second derivative
Wavelet
OSC
*

L.V.*
7
6
1
1
4
3
2
4
2

L.V. is the latent variables of PLS models
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background correction methods, calibration models
were established by partial least square (PLS) regression in the corrected spectra. The datasets were
divided into two sets, one for building PLS model
(calibration set) and the other for validating the model
(validation set). The optimal number of PLS components was determined by Leave-one-out
Cross-Validation. The room mean square errors of
correction (RMSEC, calibration set) and prediction
(RMSEP, validation set) and the multiple correlation
coefficient r2 of two sets were calculated.
Analysis of simulated dataset
The simulated data mimicked typical NIR spectral data with excessive background. The peak heights
and widths of the background are obviously larger
than those of the analytical signals (Fig.1).
Forty samples were randomly divided into two
datasets, 20 in calibration set and the others in validation set. OSC and some classical background correction methods were selected for correction of excessive background. After being corrected by different background correction method, a PLS model of
analytical signals was built. The results are shown in
Table 2.
Without background correction, the RMSEP was
3.536 and the r2 of the validation set was only 0.8862.
The results showed that the prediction of PLS model
should be improved. But after correcting by offset
correction, MSC, SNV, DT and second derivative,
poor results were obtained. It was clear that these
methods were unsuitable for the correction of excessive background. The results of the correction by first
derivative method and wavelet method were better
than the original PLS, but still not acceptable.

Table 2 The results of the simulated dataset
Calibration set
RMSEC
r2
2.006
0.97430
2.277
0.96690
12.070
0.07027
11.980
0.08472
2.331
0.96530
1.428
0.98700
1.888
0.97720
1.843
0.97830
2.011
0.97420

Validation set
RMSEP
r2
3.536
0.88620
4.447
0.81190
10.200
0.03805
10.330
0.05060
3.984
0.85500
3.172
0.91200
10.080
0.11930
2.947
0.91970
2.533
0.94640
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Use of OSC for correction yielded perfect result.
The prediction error and complexity of models were
decreased distinctly. Compared to original PLS,
RMSEP decreased from 3.536 to 2.533, r2 increased
from 0.8862 to 0.9464, and latent variables of PLS
models decreased from 7 to 2. The results of simulated dataset showed that OSC was the only effective
method for excessive background correction.
Analysis of the real dataset
In order to test the efficiency of OSC in practice,
the method was tested by real NIR spectral data on
Coptis chinensis extracts. Half of the samples were
used in the calibration set and the other half in the
validation set. Fig.2 shows that the absorbance peaks
of the O-H bond at 6944 cm−1 and 5155 cm−1 are

Correction methods
None
Offset correction
MSC
SNV
DT
First derivative
Second derivative
Wavelet
OSC

L.V.*
2
4
2
2
2
2
2
7
3

very large, these peaks are mainly attributed to water
and alcohol. But the absorbance of berberine was so
weak that no absorbance peaks can be found in the
spectra. Building a PLS model of berberine would be
a challenging work.
After correction by different background correction method, a PLS model of berberine was built.
The results are shown in Table 3 showing that without
data correction, poor result was obtained. Slightly
better or worse results were obtained by the classical
data correction methods such as offset correction,
MSC, SNV, DT, wavelet, first and second derivative.
It seems that these methods are poorly suited for
correction of excessive background variations. The
best results were obtained by OSC, as shown in the
simulated datasets.

Table 3 The results of the real NIR dataset
Calibration set
RMSEC
r2
5.6830
0.6021
2.1610
0.9424
4.9940
0.6927
4.9810
0.6942
5.6990
0.5998
2.3600
0.9314
4.4660
0.7543
0.5967
0.9956
0.8184
0.9852

Validation set
RMSEP
5.356
4.954
4.994
4.999
5.378
4.447
4.967
3.612
2.144

r2
0.4787
0.6984
0.5282
0.5289
0.4528
0.7383
0.5255
0.8160
0.9487

*

L.V. is the latent variables of PLS models

CONCLUSSION
This paper discussed the pretreatment of NIR
spectra of plant extracts with emphasis on the problem of excessive background. As mentioned before,
many classical background correction methods have
been developed. But the classical methods of offset
correction, MSC, SNV, DT, first and second derivative,
and wavelet, seem unable to correct the excessive
background. Thus a novel popular method, OSC, was
used to correct the excessive background in this paper.
A simulated datasets and a real NIR dataset were
used for testing the efficiency of different background
correction methods. The result of both simulated
dataset and real dataset showed that the OSC is the
only effective method for correction of excessive
background.
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