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Abstract

Soluble solid content (SSC) is one of the most important internal quality attributes that affect the quality and price of
fresh fruit. Spectral technology has been widely used to detect the attributes of agricultural products. However, the
accuracy and stability of a prediction model are the main factors that affect its practical application. Visible (Vis)—near-
infrared (NIR) spectroscopy combined with genetic algorithm (GA) was used to realize the rapid and nondestructive
detection of kiwifruit SSC and improve the accuracy and stability of prediction model. The laboratory Vis—NIR
spectroscopy system was built to collect the reflectance spectra of 120 kiwifruit samples at 4002200 nm. Reflectance
spectra were obtained after different pretreatments, namely, multiplicative scatter correction (MSC) and its combination
with Savitzky—Golay smoothing (SG) method. The prediction models of multiple linear regression (MLR), partial least
squares regression (PLSR), and least squares support vector machine (LS-SVM) were constructed for the prediction of
kiwifruit SSC using the full-spectrum and effective wavelengths selected by GA. Results demonstrate that MSC+SG is
the best pretreatment, the performances of the models established using the effective wavelengths selected by GA are
better than those of the full-spectrum models, and the best performance is achieved by the GA-LS-SVM model, which is
able to predict kiwifruit SSC with a correlation coefficient of prediction of 0.973 and a standard error of prediction of
0.362. The prediction accuracy is improved. This study demonstrates that the GA-LS-SVM model built using Vis—NIR
spectroscopy with GA can rapidly and nondestructively determine kiwifruit SSC. The proposed algorithm provides
evidence for the further development of a device for the nondestructive and rapid determination of kiwifruit SSC.
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1. Introduction

Kiwifruit is one of the important fruits consumed all over the
world for its healthy properties. Kiwifruit is widely
consumed because it is rich in vitamins, sugar, minerals, and
other nutrients. It is popular with consumers as the "fruit
king" [1, 2]. Sweetness or soluble solid content (SSC, mostly
sugars) is one of the most important internal quality
indicators of fruit. SSC is also a key factor in determining
fruit maturity and harvest time [3, 4, 5, 6, 7]. SSC affects the
taste, price, and consumers’ purchasing choices of fruit [8, 9,
10] and further affects the market competitiveness and
economic value of fruits [11, 12]. The determination of fruit
SSC has important reference value to evaluate the quality,
harvest time, and grading sale of fruit. Traditional methods
for the measurement fruit SSC require samples from internal
tissues and are carried out using a digital refractometer.
These methods are reliable, but destroy the sample and are
time consuming. Sample destructive test can coarsely assess
the quality of a whole batch of fruit. However, this method is
not suitable for the rapid, nondestructive, and online real-
time detection of fruit and does not meet the requirement of
consumers and market. Spectrum-based detection methods
are convenient, rapid, and nondestructive, have good
measurement reproducibility, and have been widely used
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during the past few decades in the detection of product
quality in the agricultural field. Thus, many studies have
detected fruit quality using spectral technology [13-18]. Liu
et al. [19] wused visible (Vis)-near-infrared (NIR)
spectroscopy in the spectral range of 350-1800 nm to
nondestructively measure the SSC and firmness of intact
pear fruit by developing a partial least squares regression
(PLSR) prediction model. The results showed that the
prediction correlation coefficients ( p) were 0.912 and 0.854

and the root mean standard errors of prediction (RMSEPs)
were 0.662 "Bx and 1.232 N for SSC and firmness,

respectively. Thus, Vis—NIR spectrometry is an accurate,
reliable, and nondestructive method for assessing the
internal quality indices of intact pear fruit. However, the
prediction model was built using the full spectrum and its
prediction accuracy was low. Gao et al. [20] used NIR
spectroscopy for the rapid nondestructive detection of the
sugar content of red globe grape, and the results showed that
the coefficient correlation of prediction set ( R,,) was 0.980.

However, Gao et al. only built a PLSR model, and the
stability of the model was uncertain. Marques et al. [21]
used a new handheld ultra-compact NIR spectrometer to
determine the SSC of ‘Tommy Atkins’ mango by building a
PLSR calibration model, and the results showed that the
coefficient of determination ( p2) and RMSEP values were

0.92 and 0.55 -g, , respectively. However, only a PLSR

prediction model was used, and the stability of the model
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was uncertain. Oliveira-Folador et al. [22] used NIR and
mid-infrared spectroscopy to evaluate the quality traits of
fresh passion fruit pulp. The predictive result of the PLSR
model for SSC was p2 _ () 95. However, the raw spectrum

for building the prediction model was not pretreated, and
external interference information was not eliminated;
therefore, the stability of the prediction model was low.
Huang et al. [23] used a new noncontact multi-channel
spectroscopic system for the Vis—NIR range of 550-1650
nm to nondestructively detect internal defect in apples. The
results showed that the classification model of partial least
squares discriminant analysis was significantly better
classification with an overall accuracy of 91.5%. However,
only the qualitative analysis was carried out, and a
prediction model was not built. Tian Xi et al. [24] used an
online spectrum measurement system in the wavelength
range of 650-1000 nm by combining algorithm-selected
effective wavelengths and different spectral preprocessing
methods to determine SSC of intact apple. The results
showed that the combination of mean normalization and 11
points smoothing was the best spectral preprocessing method,
and the performance of the best model was g = 9043 and

RMSEP=0.4787.

These aforementioned studies show that Vis—NIR
spectroscopy can predict the SSC of different fruits, such as
pear, apple, grape, and mango. These studies built prediction
models based on the full spectrum. The influences of
different pretreatment methods and effective wavelength
variables on the prediction precision of a prediction model
have not been studied. Studies on the rapid and
nondestructive prediction of kiwifruit SSC by Vis—NIR
spectroscopy combined with genetic algorithm (GA) are also
lacking. The accuracy and stability of a spectral prediction
model have great influence on its application and
popularization. Therefore, the accuracy and stability of
prediction model is necessary to improve.

In the present study, we attempted to develop a method
to predictive kiwifruit SSC by Vis—NIR spectroscopy
combined with GA; studied the effects of different spectral
preprocessing methods, full-spectrum variables, effective
wavelength variables, and different prediction models on the
prediction accuracy, and determined the best spectral
pretreatment method and best predictive model for kiwifruit
SSC. This study provides basis for the further development
of practical detection equipment. The remainder of this
paper is organized as follows. Section 2 describes the
materials and methods. Section 3 makes a discussion on the
results. Section 4 summarizes the conclusions.

2. Materials and Methods

2.1 Vis-NIR spectroscopy detection system

A Vis—NIR spectroscopy detection system in the wavelength
range of 400-2200 nm was established and used to acquire
the spectrum of kiwifruit samples in this study. The sketch
of the detection system is shown in Fig. 1. The Vis—NIR
spectroscopy detection system consisted of a Vis—NIR
spectrometer, a light source unit equipped with optical fibers,
a computer installed with data acquisition software, a sample
holder, and a shield case. The spectroscopy detection system
was enclosed in the shield case to minimize effect of
ambient light. The spectral resolution of the Vis—NIR

detection system was 0.8 nm in the visible band and 10 nm
in the NIR band.
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Fig. 1. Sketch of the detection system with visible and near-infrared
spectroscopy.

2.2 Sample preparation

One hundred twenty intact kiwifruit samples were purchased
from a local fruit market. The samples were transported to
the laboratory and stored in refrigerator at (. Before the

experiment, the samples were randomly selected and placed
in the laboratory under room temperature ( 54 o°c) for

more than 6 h to allow the kiwifruits’ temperature to
stabilize. Then, the spectral data and SSC values of each
kiwifruit sample were collected using the Vis—NIR
spectroscopy detection system and digital refractometer,
respectively.

2.3 Vis—NIR reflectance spectral data collection

Fig. 2 provides a view of the test system. The Vis—NIR
reflectance spectra of the samples were collected through the
established Vis—NIR spectroscopy detection system.
Kiwifruit was placed on the sample holder, and the distance
between the fiber probe and kiwifruit surface was adjusted to
20 mm. Four different measurement positions were marked
every g around each kiwifruit’s equator. The mean of the

four positions’ spectra was used as the final spectral data of
the tested sample for the establishment of the predictive
model. This approach can decrease the influence of
heterogeneous SSC distribution in the whole kiwifruit and
improve the predictive accuracy of the model.

2.4 Measurement of real SSC value

After spectra collecting, The SSC reference values of
kiwifruits were measured immediately after spectra
collection using the traditional method. First, the skin of the
marked position on the kiwifruit sample was peeled and the
flesh was cut out. Second, the juice was squeezed using a
fruit squeezer (Model: HY-150; Hangzhou, China). Then,
SSC was measured using a digital refractometer (Model:
PR-101; Atgo Co., Ltd., Tokyo, Japan) with a refractive
index accuracy of +( 1 and a range of 0%—45% with

temperature correction. The mean of the SSC reference
values of the four marked positions was taken as the final
reference value of a tested sample. Therefore, 120 SSC
reference values were obtained.

MLR is one of the statistical methods [27] that attempt
to model the relationship between two or more interpretive
variables and a response variable by fitting a linear equation
into the observed data. The model for MLR is:

Vi=aytax,tax,+.+tax +e (1)
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where y is the dependent variable, a, is a constant, X, is
1 .

an independent variable, a, is the vector of regression

coefficient, and ¢ is a random measured error.
1

Fig. 2. The view of the test system.

PLSR is a widely used multivariate linear regression
method in present spectroscopic analysis [28]. PLSR
simultaneously considers the target chemical property matrix
Y (the properties of interest) and the variable matrix X (the
spectrum) and finds the fundamental relations between X
and Y. In this study, PLSR analysis was performed to
develop a regression model for the prediction of kiwifruit
SSC. PLSR was also applied as a regression method to
extract the latent variables (LVs). LVs were considered as
new eigenvectors of the original spectra to reduce the
dimensionality and compress the original spectral data.
Certain selected LVs were employed as the inputs of PLSR.
The number of LVs is a critical parameter in establishing a
PLSR model. The optimal number of LVs is helpful to avoid
overfitting or underfitting the model. Full cross-validation
was used in the development of the PLSR model to
determine the optimal number of LVs by root-mean-square

error of cross-validation to prevent overfitting problems [29].

LS-SVM, which was proposed by Suykens and
Vandewalle, is a simplified and improved model of support
vector machine. LS-SVM is used in classification and
regression problems. LS-SVM uses a set of linear equations
for training and improves the convergence speed of the
algorithm. Therefore, LS-SVM has been widely used in
classification and regression [30]. The prediction belongs to
the regression problem. For regression problems, the training
set is supposed to be ('xi’yj)’ where ;=12,3,. n; x[is the

input variable, and ¥, is the output variable. The

optimization problem and the constraint condition of LS-
SVM can be described as follows:

"
minJ (wb.& )=1 WTW‘*‘%}’ z &
=1

@

{s.ry" [l o( x; )+b =18, i=1,...n

where  is the weight vector; £ is the slack variable for

x5 ¥ is the regularization factor, which is used to adjust
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the confidence interval of LS-SVM and the proportion of
empirical risk; and p is a partial vector.

Proper kernel function and optimal LS-SVM
parameters should be solved before the application of LS-
SVM. Linear kernel, polynomial kernel, and radial basis
function (RBF) are frequently obtained as the kernel
function of LS-SVM. RBF could handle the nonlinear
relationships between the spectra and target attributes,
reduce the computational complexity of the training
procedure, and perform well. Therefore, RBF was used as
the kernel function of LS-SVM in this study. The
regularization ¥ and RBF kernel function parameter ;2 are

two important parameters that determine the learning ability,
prediction ability, and generalization ability of LS-SVM. In
this study, K-fold cross-validation was applied to find the
optimal values of ¥ and 2 [31].

2.5.2 Genetic algorithm (GA) method

GA is a numerical optimization method based on random
search and is particularly suitable for dealing with complex
nonlinear  optimization problems and combination
optimization problems. GA begins with a population
initialized randomly over the search space of the
optimization problem. GA generates improved approximate
solutions or optimal solutions through an iterative procedure
by simulating the Darwinian evolution principle of “survival
of the fittest.” A detailed description of the algorithm can be
referred to the literature [32]. GA has been successfully used
as a feature selection technique, as it improves the predictive
ability of prediction models and makes model predictions
very easy. In this study, the GA-selected feature variables of
the best-parameter spectra were used as input variables for
the development of prediction models.

2.5.3 Model evaluation standard

The stability, reliability, and dynamic adaptability of the
prediction models were used as the evaluation criteria of
model performance. Four statistical indices, namely, the
correlation coefficient of calibration set ( RC), the standard

error of calibration (SEC), the correlation coefficient of
prediction set ( R, ), and the standard error of prediction

(SEP), were calculated as shown in Equations (3)—(6) to
evaluate the performance of the established models.

Rc=\/§‘,(§,.—y,.)2 / \/Z(yi—ymf

3)
Rp=J:Z"I(yA,.—y,.)2 / Jiz:di—ymf @
SEC=\/ﬁ;ZI(},—ym)2 ©
SEP= \/#i(;,-—ym)z ©)
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where, ; is the jz, predicted value, y isthe jy; measured

i

value, V. is the mean of the calibration or prediction set,
nciS the number of samples in the calibration set, and n, is

the number of samples in the prediction set. Generally,
models with higher R and Rp or with lower SEC and

standard error of prediction (SEP) are more satisfactory than
models with lower R, and R,, or with higher SEC and SEP.

In this study, data analysis was performed in the Matlab
R2010 software (The Mathworks, Inc., Natick, MA, USA).

3. Results and discussion

3.1 Spectral analysis of sample and SSC values

Mahalanobis distance outlier detection approach was used
before establishing the models to detect the samples’
spectral data and SSC values to identify the potential
abnormal samples and eliminate the influence of
unavoidable outliers in the training sample on the predictive
ability and accuracy of the predictive models [33]. Six
outlier samples were detected and removed from the 120
samples. The original spectra of the remaining 114 kiwifruit
samples are shown in Fig. 3. These spectra had some
crossovers and overlapping; however, the trends of the
spectra were quite consistent. An obvious absorption peak
was found around 1190 nm, which was assigned to the
second overtone of the C—H band. The original spectra have
evident scattering, noise, and baseline shift. Therefore,
preprocessing methods (MSC and SG) were applied to the
original spectra. The preprocessed spectra shown in Fig. 4
have no baseline shift and noise.

All samples were randomly divided into a calibration
set and a prediction set at a ratio of 3:1. A calibration set
with 86 samples and a prediction set with 28 samples were
obtained. The statistical characteristics of the SSC of
kiwifruits in the calibration and prediction sets are shown in
Table 1. The maximum SSC in the calibration set was larger
than that in the prediction set, and the minimum SSC in the
prediction set was smaller than that in the calibration set.
The standard deviation (SD) of the calibration and prediction
sets was close; thus, the sample division was rational.

3.2 Prediction models established using full spectrum

After the samples were divided into the calibration and
prediction sets, the full spectrum was pretreated by MSC or
MSC+SG and then used as the input variable to build the
prediction models. The MLR, PLSR and LS-SVM models
for SSC based on the full spectrum were built. The results of

prediction are shown in Table 2. As shown in Table 2, the
performances of the three models preprocessed with
MSC+SG were better than those preprocessed with MSC
only. Therefore, MSC+SG was selected as the preprocessing
method for building the prediction models. The performance
of the LS-SVM model was the best among the three models

with B =0898 gpc—g 567, K, =0797 .14 SEP=0.815,

and the PLSR model was better than the MLR model.
However, the prediction accuracies of the three models are
not high. The main reason may be that the full spectrum
contains a large amount of useless redundant information,
which reduces the prediction ability and accuracy of the
model. Thus, useless wavelength information should be
removed and effective wavelength variables should be
selected from the full spectrum to improve the prediction
ability and accuracy of the model.

Reflectance(%6)

[ [ [ [ [ [ [ [ [
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Wavelength(nm)

Fig. 3. Original spectra of all kiwifruit samples.
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Fig. 4. Kiwifruit samples’ spectra pretreated by MSC and SG methods.

Table 1. Statistical results of the SSCs of the calibration and prediction sets

Set Number of Maximum Minimum Mean SD
samples

Calibration set 86 13.6 8.2 104 1.14

Prediction set 28 134 7.8 10.3 1.33
Table 2. Prediction results of kiwifruit SSC based on different models and preprocessing methods
Pretreatment MLR PLSR LS-SVM
method R. SEC R, | SEP R. | SEC R, | SEP R. | SEC R, | SEP
MSC 0.756 0.916 0.636 0.886 0.775 0.726 0.771 0.481 0.854 0.611 0.763 0.874
MSC+SG 0.786 0.710 0.734 0.909 0.805 0.680 0.762 0.487 0.898 0.567 0.797 0.815
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3.3 Prediction models effective
variables

The GA method was used to select the effective wavelength
variables from the full spectrum, and the effective variables
were used as input variables to establish the prediction
models of MLR, PLSR, and LS-SVM to reduce useless
information and improve the prediction precision. In the GA
method, the population size of chromosome was set to 30;
the probabilities of mutation and cross-over were set to 1%
and 50%, respectively; and the number of run times was set
to 100. The initial population of GA was generated
randomly every time, and GA was randomly run 5 times to
select the effective wavelength variables. Fig. 5 illustrates
one of the five variable selection processes, where the
selected parameter-combination spectra variables were
above the dotted line. On the whole, the GA-selected
variables were similar in each of the five selection processes;

established using

2080 nm; and greatly reduced information redundancy and
the number of variables required for developing the
prediction model. Fig. 6 shows the distribution of the GA-
selected effective variables at 4002200 nm. The optimized
variables were used to develop the prediction models of SSC
(referred to as GA-MLR, GA-PLSR, and GA-LS-SVM).
Table 3 shows the prediction results of the three different
prediction models built using the effective wavelength
variables selected by running GA five times. The results
show that the accuracies of the models built using the
effective wavelength variables are better than those of the
models built with the full spectrum (Table 2). The prediction
results of GA-LS-SVM were relatively satisfactory as

indicated by R =0.987 , SEC=0.365, R,, =0.973, and

SEP=0.362 (Fig. 7). These results also showed that GA was
able to extract effective wavelength variables and therefore

centered at the wavelengths of 760, 1360, 1440, 1640, and greatly improved the models’ prediction accuracy.
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Fig. 5. Frequencies of variables selected by GA.
Table 3. Prediction results of GA-MLR, GA-PLSR, and GA-LS-SVM
GA GA-MLR GA-PLSR GA-LS-SVM
Times R(‘ SEC Rp SEP R(; SEC Rp SEP Rr: SEC Rp SEP
1 0.926 0.576 0.905 0.515 0.946 0.453 0.928 0.492 0.962 0.374 0.950 0.373
2 0.941 0.505 0.906 0.550 0.930 0.569 0.920 0.568 0.945 0.406 0.937 0.478
3 0.905 0.585 0.896 0.544 0.969 0.364 0.919 0.463 0.961 0.391 0.930 0.450
4 0.928 0.528 0911 0.513 0.927 0.596 0.916 0.495 0.951 0.455 0.937 0.414
5 0.931 0.517 0.930 0.510 0.950 0.469 0.903 0.519 0.987 0.365 0.973 0.362
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Fig. 6. Distribution of the GA-selected effective variables in the spectral region of 400-2200 nm
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Fig. 7. Prediction and reference of SSC value with GA-LS-SVM model

4. Conclusion

Different preprocessing methods, GA-selected effective
wavelength variables, and prediction models were
comprehensively analyzed to study the performance of Vis—
NIR spectroscopy combined with GA in the determination
of kiwifruit SSC and to improve the accuracy and stability of
prediction. The notable conclusions of this study are as
follows:

(1) Vis—NIR spectroscopy combined with GA can
rapidly and nondestructively predict the SSC of kiwiftuit.

(2) The MSCHSG preprocessing method was better
than MSC alone in developing prediction models.

(3) The prediction accuracies of the MLR, PLSR, and
LS-SVM models built with the effective wavelength
variables selected by GA were superior those built with full-
spectrum variables. The best prediction model for kiwifruit
SSC was the GA-LS-SVM model, which showed improved

prediction accuracy with R, =0.973 and SEP=0.362 -, .

105

This study indicates that Vis—NIR spectroscopy
combined with GA may rapidly and accurately predict
kiwifruit SSC without destroying kiwifruit. This method is
very likely to be applied to the real-time detection of fruit
quality and attributes in the future and provides a basis for
the further development of practical nondestructive and
rapid detection equipment for fruit. However, only one
method of GA was used in this study. Thus, more algorithms
should be studied in the future to further improve the
accuracy and robustness of the prediction model.
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