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Abstract Two sensitive wavelength (SWs) selection meth-
ods combined with visible/near-infrared (Vis/NIR) spec-
troscopy were investigated to determine the soluble solids
content (SSC) and pH value in peaches, including latent
variables analysis (LVA) and independent component
analysis (ICA). A total of 100 samples were prepared for
the calibration (n=70) and prediction (n=30) sets. Calibra-
tion models using SWs selected by LVA and ICA were
developed, including linear regression of partial least
squares (PLS) analysis and nonlinear regression of least
squares-support vector machine (LS-SVM). In the nonlin-
ear models, four SWs selected by ICA achieved the optimal
ICA-LS-SVM model compared with LV-LS-SVM and both
of them better than linear model of PLS. The correlation
coefficients (7, and r.,), root mean square error of cross
validation, root mean square error of prediction, and bias by
ICA-LS-SVM were 0.9537, 0.9485, 0.4231, 0.4155, and
0.0167 for SSC and 0.9638, 0.9657, 0.0472, 0.0497, and
—0.0082 for pH value, respectively. The overall results
indicated that ICA was a powerful way for the selection of
SWs, and Vis/NIR spectroscopy incorporated to ICA-LS-
SVM was successful for the accurate determination of SSC
and pH value in peach.
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Introduction

Visible and near-infrared reflectance spectroscopy (Vis/
NIRS) is a well-established technique for constituent
analysis of agricultural and food products as it has many
advantages when compared with classical chemical and
physical analytical methods (Murray et al. 2001). It has
several attractive features including fast analytical speed,
ease of operation, and nondestructive measures. The most
important one is that it can give the response of the covalent
molecular bounds of its corresponding chemical constitu-
ents to the spectrum, such as O-H, N-H, and C-H. In
recent years, it is regarded as a method for nondestructive
sensing of fruit quality. Lammertyn et al. (1998) examined
the prediction capacity of the quality characteristics like
acidity, firmness, and soluble solid content of Jonagold
apples with a wavelength range between 380 and 1,650 nm.
Carlini et al. (2000) used visible and near-infrared spectra
to analyze soluble solids in cherry and apricot. Lu (2001)
evaluated the potential of NIR reflectance for measurement
of the firmness and sugar content of sweet cherries.
McGlone et al. (2003) used Vis/NIR spectroscopy to
analyze mandarin fruit. Pedro and Ferreira (2005) predicted
solids and carotenoids in tomato by using NIR.

Recently, variable selection or uninformative variable
elimination has attracted more and more attention for the
development of multi-component calibrations using spec-
troscopic techniques. The recently developed methods for
variable selection included generalized simulated annealing
(Kalivas et al. 1989), genetic algorithm (Jouan-Rimbaud et
al. 1995), correlation coefficients and B-matrix coefficients
(Min and Lee 2005), latent variables analysis(LVA),
x-loading weights (Esbensen 2002; Liu et al. 2007),
uninformative variable elimination (Centner et al. 1996),
regression coefficient analysis (Liu et al. 2008; Chong and
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Jun 2005), independent component analysis (ICA; Hyvérinen
et al. 2001; Krier et al. 2008), and so on. Among these
methods, ICA has recently attracted broad attention and has
been successfully used in many fields, e.g., medical signal
analysis, image processing, dimension reduction, fault detec-
tion, and near-infrared spectral data analysis (Hyvarinen
1999; Hoyer and Hyvarinen 2000; Hyvarinen and Hoyer
2000; Chen and Wang 2001; Bi et al. 2004).

Various calibration methods have been used to relate
near-infrared spectra with measured properties of materials.
Principal components regression, partial least squares
(PLS), multiple linear regression, and artificial neural
networks are the most used multivariate calibration techni-
ques for NIRS (Workman et al. 1996). PLS was usually
considered for a large number of applications in fruit and
juice analysis and was widely used in multivariate
calibration because it takes the advantage of the correlation
relationship that already exists between the spectral data
and the constituent concentrations. However, PLS is based
on linear models, and unsatisfactory results may be
obtained when nonlinearity is present (Li and He 2009).

Least-squares support vector machine (LS-SVM) could
handle the linear and nonlinear relationships between the
spectra and response chemical constituents (Suykens and
Vanderwalle 1999; Suykens et al. 2002, Liu and He 2009).
Therefore, a new combination of ICA with LS-SVM was
proposed as a nonlinear calibration model for quantitative
analysis using spectroscopic techniques. The performance
of ICA-LS-SVM was evidenced by a case study to
determine the soluble solids content (SSC) and pH value
of peach, with the purpose of developing a fast and accurate
nonlinear model using fewer selected variables for quality
estimation of peach.

The objective of this paper is to study the performance of
ICA and LVA combined with nonlinear methods (LS-SVM)
and compare them with the traditional approach based on
linear regression methods (PLS) to predict the SSC and pH
value.

Materials and Methods
Sample Preparation

To get dependable prediction equations from Vis/NIRS, it is
necessary that the calibration set covers a wide range of
fruit samples with enough variability. Two kinds of
peaches: Milu peach (from Fenghua of Zhejiang, China)
and Hongxianjiu peach (from Shandong, China) used in
this experiment were cultivated in 2008, and the maximum,
minimum, and average diameters of the peach used in this
study were 98, 84, and 87 mm. A total of 100 peaches used
for the experiment were purchased at a local market and

stored for 2 days at 20 °C. All samples were divided into
calibration sets of 70 samples (35 samples for each kind)
and prediction sets of 30 samples (15 samples for each
kind) for performing a cross-validation. No single sample
was used in calibration and prediction sets at the same time.
The performance of different calibration models and the
samples in the calibration and prediction sets kept un-
changed for all calibration models.

Before measuring the SSC and pH wvalue, peach
samples were ground and filtered to juice. The SSC was
measured by an Abbebenchtop refractometer (Model:
WAY-2S, Shanghai Precision & Scientific Instrument Co.
Ltd., Shanghai, China). The refractive index accuracy is
+0.0002, and the °Brix (%) range is 0-95% with
temperature correction. pH was measured by a pH meter
(SJ-4A, Exact instrument Co., Ltd., Shanghai, China).
Both of these measurements were performed immediately
after Vis/NIRS measurements.

Spectral Collection and Preprocessing

A Lowell pro-lam interior light source (Assemble/128930)
with the Lowell pro-lam 14.5 V Bulb/128690 tungsten
halogen, which could be used both in the visible and near-
infrared regions, was placed at a distance of 300 mm from
the fruit surface, and it never changed to all the 100 peach
samples. The reflectance was calculated by comparing the
near-infrared energy reflected from the sample with the
standard reference. Three reflection measurements (325—
1,075 nm) were taken at three equidistant positions around
the equator (approximately 120°) of each peach, using a
spectrophotometer (FieldSpec Pro FR (325-1,075 nm)/
A110070, Analytical Spectral Devices, Inc. (ASD)) and
the RS? software for Windows®. Figure 1 shows the
schematic diagram of the experimental apparatus for peach.
For each reflectance spectrum, the scan number was set to 10
at exactly the same position, and thus the total scan number
was 30. After all spectral measurements were performed, the
acquired data were properly stored for later use.

Before the calibration stage, the Vis/NIR spectra data
were preprocessed. Considering their effects on the mea-
surement accuracy, the first 75 and the last 75 wavelength
values were eliminated for all analyses. Thus, all consider-
ation was based on the wavelength range from 400 to
1,000 nm. The Savitzky—Golay smoothing was used to
reduce the noise (Savitzky and Golay 1964; Gorry 1990),
with a window width of 7 (3—1-3) points. The multiplica-
tive scatter correction (MSC) was used to correct additive
and multiplicative effects in the spectra (Helland et al.
1995). The preprocessing was carried out using “The
Unscrambler V9.6” (CAMO PROCESS AS, Oslo, Nor-
way), a statistical software package for multivariate
calibration.
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Fig. 1 The schematic diagram
of the experimental apparatus
for peach

Computer

Partial Least Squares Analysis

In the development of PLS model, calibration models were
built between the spectra and the SSC and pH values. Full
cross-validation was used to evaluate the quality and to
prevent over-fitting of calibration models. The optimal
number of LVs (LVA) was determined by the lowest value
of predicted residual error sum of squares. The prediction
performance was evaluated by the correlation coefficients
(rp and r.,), root mean square error of calibration
(RMSEC), and root mean square error of cross validation
(RMSECYV) or prediction (RMSEP).

Independent Component Analysis

ICA is a well-established statistical signal processing
technique that aims to decompose a set of multivariate
signals into a base of statistically independent components
with the minimal loss of information content. The indepen-
dent components are latent variables, meaning that they
cannot be directly observed, and the independent compo-
nent must have non-Gaussian distributions.

There are lots of algorithms for performing ICA
(Hyvérinen et al. 2001; Lee 1998). Among these algo-
rithms, the fast fixed-point algorithm (FastICA) is highly
efficient for performing the estimation of ICA, which was
developed by Hyvérinen and Oja (2000). FastICA was
chosen for ICA and carried out in Matlab 7.0 (The Math
Works, Natick, USA).

Least Squares-Support Vector Machine

LS-SVM can work with linear or non-linear regression or
multivariate function estimation in a relatively fast way
(Suykens and Vanderwalle 1999; Borin et al. 20006). It uses
a linear set of equations instead of a quadratic programming
problem to obtain the support vectors. The details of LS-
SVM algorithm could be found in the literature (Guo et al.
2006; Chen et al. 2007).

In the model development using LS-SVM and radial
basis function (RBF) kernel, the optimal combination of
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50W halogen lamp

Sample

gam (q) and sig? (0%) parameters was selected when
resulting in smaller root mean square error of cross
validation. In this study, gam (v) were optimized in the
range of 27'-2'" and 2-2'° for sig® (¢?) with adequate
increments. These ranges were chosen from previous
studies where the magnitude of parameters was optimized
(Liu et al. 2009). The grid search had two steps; the first
step was for a crude search with a large step size, and the
second step was for the specified search with a small step
size. The free LS-SVM toolbox (LS-SVM v 1.5, Suykens,
Leuven, Belgium) was applied with MATLAB 7.0 to
develop the calibration models.

Results and Discussion

Overview of Spectra and Statistic Values of SSC and pH
Value

Figure 2 shows the average Vis/NIRS spectral curve for two
types of peach. There exist two of the spectra obviously
different from others, which were caused by its irregular

Milu peach

........... Hongxianjiu peach
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Fig. 2 The average spectral curves for two types of peach samples
from wavelengths 400 to 1,000 nm
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shape, and this may influence the spectral curve, but to the
SSC and pH analysis, it was normal. The range of SSC was
from 7.4 to 13.5 °Brix, and the pH value was from 4.08 to
4.82. The trend of spectral curves in Vis/NIR region is
similar, and the average spectra for each peach type treated
with second derivative to find some peaks and valleys are
shown in Fig. 3. There are noises near wavebands 400 and
1,000 nm. The prominent features are the absorption peaks
associated with a third overtone stretch of CH and second
and third overtones of OH around 700~900 nm; wave-
lengths below 700 nm were mainly attributed to the color or
shape of peach.

PLS Models

PLS model was developed after preprocessing the spectra
by Savitzky-Golay smoothing and MSC. Calibration
models were built between the spectra and SSC or pH
values. Different LVs were applied to build the calibration
models, and no outliers were detected in the calibration set
during the development of PLS models. The models were
used to predict the remaining 30 samples, and the 7y, r,,
RMSECYV, RMSEP, and bias were 0.9295, 0.9241, 0.6259,
0.6214, and —0.0291 for SSC and 0.8542, 0.8497, 0.1108,
0.1045, and 0.0426 for pH value, respectively. Figure 4
shows the predicted versus measured charts. The solid line
is the regression line corresponding to the correlation
between the prediction and reference values.

Sensitive Wavelengths Analysis Based on Regression
Coefficients

The sensitive wavelengths reflecting the characteristics of
spectra for SSC and pH were obtained based on regression

coefficients (Fig. 5). The wavelengths between 700 and

0.0086 -

—— Milu peach
+------- H onggianju peach

MMWW |

0.004

0.002

0.000

2nd Derivative

-0.002

-0.004 -

-0.006 -

T ' T ' T ¥ T L T ' T ¥ T
400 500 600 700 800 S00 1000
Wavelengths (nm)

Fig. 3 The average spectral curves for two peach types after second
derivative preprocessing from wavelengths 400—1,000 nm
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Fig. 4 Vis/NIR prediction results of 30 unknown samples from the
PLS model for SSC (a) and pH (b)

950 nm may result from a third overtone stretch of CH and
second and third overtones of OH in peach which was
referred by Rodriguez-Saona et al. (2001) in their article
about rapid analysis of sugars in fruit juices by Fourier
transform-NIR spectroscopy. Slobodan and Ozaki (2001)
also proposed the detailed band assignment for the short-
wave NIR region useful for various biological fluids. From
Fig. 5a, we can find that wavelengths of 650~680 and
970~990 nm might be of particular importance for the SSC
calibration. The regression coefficients shown in Fig. 5b
also have strong peaks and valleys at certain wavelengths
such as 685~695 nm, and 910~925 nm may relate to pH
value.

However, the absorption wavelengths 650~680 nm could
be attributed to the color of peach, and the same effect
occurs with pH in the 685~695 nm region. So in our
research, to SSC, wavelengths 970~990 nm might be of
particular importance, and to pH value, 910~925 nm were
better. This finding was similar to the earlier literature; He
(1998) found that wavelength of 914 nm was sensitive to
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Fig. 5 Regression coefficients with corresponding loadings for SSC
(a) and pH (b)

the SSC of satsuma mandarins, and wavelengths near
900 nm were corresponding to organic acid of oranges.

LV-LS-SVM Models

LVs obtained from PLS were applied as inputs of LS-SVM
models to improve the training speed and reduce the
training error of Vis/NIR model because the training time
increased with the square of the number of training samples
and linearly with the number of variables. From the
aforementioned analysis of the performance of PLS models,
the LVs from the Vis/NIR region were used as new
eigenvectors to enhance the features of spectra and reduce
the dimensionality of the spectra data matrix. Several LVs
were extracted from the spectra of 100 samples. Table 1
shows the explained variance of Y of the first five to nine
LVs. The variance of the first five LVs could explain more
than 90% of the total variance, and the ninth LV only
interpreted an additional 0.814%, which contributed not so
much as the other LVs. So it was not necessary for the
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consideration of less than five LVs or more than nine LVs.
The LS-SVM models with five to nine LVs were developed
separately in order to find out the best number of LVs.

Before the LS-SVM calibration model was built, three
steps are crucial for the optimal input feature subset, proper
kernel function, and the optimal kernel parameters. Firstly,
the five to nine LVs obtained from PLS analysis were used
as the input data set. Secondly, RBF could handle the
nonlinear relationships between the spectra and target
attributes. Finally, two important parameters gam () and
sig? (0?) should be optimal for RBF kernel function as
aforementioned in multivariate analysis.

The performance of the Vis/NIR models was evaluated
by 30 samples in prediction set. With a comparison of the
results for calibration and prediction sets, the best perfor-
mance was achieved with six LVs. The r, r.,, RMSECYV,
RMSEP, and bias for prediction sets were 0.9409, 0.9432,
0.4918, 0.5004, and 0.0242 for SSC and 0.9208, 0.9184,
0.0812, 0.0707, and —0.0120 for pH value, respectively.
Figure 6 shows the predicted versus measured charts. The
results for calibration and prediction sets showed that LV-
LS-SVM models outperformed PLS models.

ICA-LS-SVM Models

ICA was applied for the selection of sensitive wavelength
(SWs), which could reflect the main features of the raw
absorbance spectra. FastiCA was used to the preprocessed
spectra data, and the main absorbance peaks and valleys
were indicated by the spectra of ICs. The SWs were
selected by the weights of the first four ICs, and wave-
lengths with the highest weights were selected as the SWs.
They were 985~992, 905~912, 975~982, and 702~708 nm
for SSC, 905~916, 997~1,000, 705~718, and 976~984 nm
for pH value. In order to evaluate the performance of SWs,
they were applied as the input data matrix to develop the
ICA-LS-SVM models. The prediction results showed the
Fps Fevn RMSECV, RMSEP, and bias were 0.9537, 0.9485,
0.4231, 0.4155, and 0.0167 for SSC and 0.9638, 0.9657,
0.0472, 0.0497, and —0.0082 for pH value, respectively.
Figure 7 shows the predicted versus measured charts. The
ICA-LS-SVM models achieved a better performance
compared to the best LV-LS-SVM models both in calibra-
tion and prediction sets. Wavelengths around 905~916 and
975~992 nm were close to the third overtone stretch of CH
and second and third overtones of OH in peach. Therefore,
the selection of SWs was suitable for such situation in the

Table 1 The explained variance of latent variables

LVs 5 6 7 8 9
EV (%) 90.412 93.121 95.438 97.108 97.922

LV latent variable, EV explained variance
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Fig. 6 Vis/NIR prediction results of 30 unknown samples from the
LV- LS-SVM model for SSC (a) and pH (b)

present study, and the effectiveness of SWs was also
validated.

Analysis of the Results

Compared with the above PLS, LV-LS-SVM, and ICA-
LS-SVM models, the nonlinear ICA-LS-SVM model
turned out to be the best for prediction of SSC and pH
value in peach, and the nonlinear LV-LS-SVM model was
better than linear PLS model. The ICA-LS-SVM models
had a better performance than the PLS models, and the
reason might be that the LS-SVM models took the
nonlinear information of the spectral data into conside-
ration, and the nonlinear information had improved the
prediction precision. The ICs from ICA were obtained by a
high-order statistic which is a much stronger condition
than orthogonality, so the SWs selected from ICs were
more effective, and it could be very helpful for the

development of portable instrument or real-time monito-
ring of the peach internal quality.

Conclusions

Vis/NIR spectroscopy was successfully utilized for the
determination of SSC and pH value of peach. A new
combination of ICA-LS-SVM was proposed with compar-
ison of nonlinear LV-LS-SVM and linear PLS models.
ICA-LS-SVM model turned out to be the best for
prediction of SSC and pH value in peach, and the nonlinear
LV-LS-SVM model was better than linear PLS model. SWs
selected from ICs were applied as the input data matrix of
ICA-LS-SVM models, and a two-step grid search technique
was used for the optimal RBF kernel parameters of (7, o).
The SWs represented most of the features of the original
spectra and could replace the whole wavelength region to
predict the SSC and pH value of peach. The ICA-LS-SVM
models were developed, and the best prediction perfor-
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Fig. 7 Vis/NIR prediction results of 30 unknown samples from the
ICA-LS-SVM model for SSC (a) and pH (b)
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mance was achieved. The r,, 7.,, RMSECV, RMSEP, and
bias by ICA-LS-SVM were 0.9537, 0.9485, 0.4231,
0.4155, and 0.0167 for SSC and 0.9638, 0.9657, 0.0472,
0.0497, and —0.0082 for pH value, respectively. Further-
more, the SWs might be important for the development of
portable instruments and online monitoring for commercial
applications of SSC and pH value of peach. The overall
results demonstrated ICA was powerful for variable
selection, and the newly proposed ICA-LS-SVM could be
applied as an alternative fast and accurate method for the
determination of SSC and pH value of peach.
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