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Intensity Values
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Artificial neural network (ANN) and partial least-squares regression (PLSR) models were developed to
predict the changes of anthocyanin (AC), ascorbic acid (AA), total phenols (TP), total flavonoid (TF),
and DPPH radical scavenging activity (SA) in bayberry juice during storage based on fractal analysis
(FA) and red, green, and blue (RGB) intensity values. The results show the root mean squared error
(RMSE) of ANN-FA decreased 2.44 and 12.45% for AC (RMSE = 18.673 mg/100 mL, /® = 0.939) and
AA (RMSE = 8.694 mg/100 mL, R? = 0.935) compared with PLSR-RGB, respectively. In addition,
PLSR-FA (RMSE = 5.966%, R? = 0.958) showed a 12.01% decrease in the RMSE compared with
PLSR-RGB for predicting SA. For the prediction of TP and TF, however, both models showed poor
performances based on FA and RGB. Therefore, ANN and PLSR combined with FA may be a potential
method for quality evaluation of bayberry juice during processing, storage, and distribution, but the
selection of the most adequate model is of great importance to predict different nutritional components.
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INTRODUCTION

Chinese bayberry (Myrica rubra Sieb. & Zucc.), an important
economic Asian fruit crop belonging to the Myricaceae family, is
a fruit with high nutritional components such as anthocyanins,
carbohydrates, organic acids, flavonoids, and vitamins and is
popular with local people (/). China is the major commercial
production area for bayberry, and the annual output is about
300,000 tons (2). However, a key limitation to the commercial
development of this fruit is its relatively short shelf life: it can be kept
fresh for only 3 days at 20—22 °C and for 9—12 days at 0—2 °C (3),
because it has no epicarp protection and ripens in the hot and rainy
season of June—July. Although Wang et al. (4) and Yang et al. (§)
applied methyl jasmonate and high-oxygen atmosphere to reduce
fruit decay and improve the quality of Chinese bayberry fruit during
storage, respectively, many fruits, to extend their consumption time,
are usually processed into various products, especially bayberry
juice. During storage, however, fruit juice usually undergoes a
number of deteriorative reactions such as some nutrient degrada-
tion, microbial spoilage, development of off-flavor, and color
changes, resulting in quality degradation of the product.

Recently, the nutritional quality of food during storage has
become an increasingly important problem. Therefore, predicting
the behavior of nutritional quality during the storage of foods by
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an accurate mathematic model is important. Several kinetics
studies have been carried out to model nutrient changes in foods,
such as anthocyanins (6,7), ascorbic acid (8,9), and lycopene (10).
The Weibull distribution function as a new model has been used
to describe chemical degradation kinetics of ascorbic acid in
orange juice (//), antioxidant potential in fresh-cut water-
melon (/2), and anthocyanins in fresh-cut strawberries (/3) during
storage. In addition, many authors have proposed computer
simulations to predict the quality degradation of foods during
storage (14—16). Artificial neural networks (ANN) have the ability
to model any linear or nonlinear relationship between the input
and output data sets (/7) and are widely applied in tasks involving
economics (/8), physics (19), engineering (20), geology (21), hy-
drology (22), etc. Recently, ANN also is an interesting method in
several food-processing applications such as quality control (23),
drying applications (24), thermal processing (25), and food freez-
ing (26). Partial least-squares regression (PLSR) is a method for
comparing two data sets by a linear multivariate model (27) and
has been widely used as a calibration tool in chemometrics (28),
QSAR (29), disease prediction (30), food research (31), etc. How-
ever, there have been no reports on modeling nutritional quality
changes of bayberry juice using ANN and PLSR models based on
fractal analysis (FA).

Food color is the first property that the consumer observes and
has a remarkable influence on its acceptance. In the European
Union, the color of food has been implemented in the quality

©2010 American Chemical Society
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Figure 1. Graphical representation of the five fractal parameters calcu-
lated from the fractal spectrum of each color in this study: X,, X, peak
coordinates X and Y, and peak area S. The baseline with the fractal
dimension D = 1 separates the fractal (D > 1) from the nonfractal (D < 1)
zone of the spectrum.

control of the food industries (32). Tepper (33) also reported color
retention of citrus juices is one of the parameters of its quality in
the United States. Therefore, color changes of food materials
during storage have been studied by many researchers (34—36).
Fractals are mathematical sets that process high degrees of
geometrical complexity and can model numerous natural phe-
nomena (37). Fractal analysis has been successfully used in
several areas such as materials science, geology, texture analysis,
plant classification, and medical imaging (38—42). It has also
been used to study structural and mechanical attributes of food
materials (43). However, no information is available on using
fractal measure of the color image to evaluate the quality of fruit
Juices during storage.

Therefore, the objectives of this research are (1) to evaluate the
effectiveness of prediction of the changes of anthocyanin, ascor-
bic acid, total phenols, total flavonoid, and DPPH radical
scavenging activity during storage of bayberry juice by means of
fractal spectra traits originated from image analysis; (2) to
compare the performance of prediction models based on fractal
parameters and red, green, and blue (RGB) intensity values; and
(3) to evaluate the performance derived by the use of ANN and
PLSR models.

MATERIALS AND METHODS

Preparation of Bayberry Juice Samples. Fresh bayberries (M. rubra
Sieb. & Zucc. cv. Biqi) were obtained from a local market in Jinghua
(Zhejiang, China). The fruits were squeezed in a home juicer (Midea,
JP351, China). Then the pulp—juice mixture of each fruit was filtered
through a double layer of cheesecloth to remove the pulp. All juice samples
were equally divided (25 mL) into 50 mL glass bottles (60 bottles) and
pasteurized in a thermostatic water bath operating at 90 °C for 90 s before
storage. After that, bayberry juices were rapidly cooled in an ice bath and
were stored in a temperature-controlled storage locker at 25 °C in the dark
for 12 days. About six bottles were selected at random to analyze each
index every 2 days (0, 2, 4, 6, 8, 10, and 12) during storage.

Chemicals. 2,2-Diphenyl-1-picrylhydrazyl (DPPH) free radical
(purity = 90%) and rutin (purity > 95%) were of analytical grade and
purchased from Sigma-Aldrich (St. Louis, MO). Gallic acid (purity >
98%), ascorbic acid (purity = 99%), Folin—Ciocalteu reagent (purity >
99%), and 2,6-dichlorophenol indophenol (purity > 99%) were purchased
from Shanghai Sangon Biological Engineering Technology and Services
Co., Ltd. (Shanghai, China).

Determination of Anthocyanin (AC) Content. The AC content of
juices was determined with a modified pH differential method described by
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Figure 2. ANN model structure for predicting the changes of anthocya-
nins, ascorbic acid, total phenols, total flavonoids, and radical DPPH
scavenging activity during storage of red bayberry juice based on fractal
parameters (A) and RGB intensity values (B).

Meyers et al. (44), using two buffer systems: potassium chloride 0.025 M at
pH 1.0 and sodium acetate 0.4 M at pH 4.5. Briefly, 1 mL of sample was
transferred to a 10 mL volumetric flask and made up with each buffer. The
absorbance of each equilibrated solution was then measured at 510 and
700 nm, using a UV—vis spectrophotometer. Quartz cuvettes of 1 cm path
length were used, and all measurements were carried out at room
temperature (25 °C). Absorbance readings were made against distilled
water as a blank. The major anthocyanin is cyanidin-3-glucoside, which
represents > 95% of the total anthocyanins in bayberry fruits (45). The AC
content was calculated on the basis of cyanidin-3-glucoside (46) with a
molecular weight of 445.2 g/mol and an extinction coefficient of 29600 L/
mol-cm (47), as

AC = [(Asi0 = A700)pp1.0 — (As10 = A700) ppa s] X MW x DF

xwa (1)

where MW is the molecular weight of cyanidin-3-glucoside, DF is the
dilution factor, L is the path length in cm, and ¢ is the molar extinction
coefficient for cyanidin-3-glucoside. Results were expressed as milligram
cyanidin-3-glucoside equivalents per 100 mL of juice.

Determination of Ascorbic Acid (AA) Content. The indophenol—
xylene extraction method (§) for determination of AA content was
performed by using a UV—vis spectrophotometer at a wavelength of
500 nm against xylene. Results of AA content were expressed as milligrams
of ascorbic acid per 100 mL of juice. The AA content was measured in
triplicate.

Determination of Total Phenolic (TP), Total Flavonoid (TF), and
Radical DPPH Scavenging Activity (SA). In this study, TP and TF
contents and SA were measured according to methods described in our
earlier paper (25, 48). The TP content in bayberry juice was determined
using Folin—Ciocalteu reagent, the TF content was evaluated by a colori-
metric assay method, and the SA value of juice was evaluated using the
stable radical DPPH. The TP and TF contents were expressed as milligrams
of GAE per 100 mL of juice and milligrams of rutin per 100 mL of juice,
respectively, and the SA was the percentage of DPPH scavenging (%).

Image Acquisition and Fractal Spectrum. Bayberry juices were
photographed using a Canon EOS 50D camera with a Canon EF-S 18—
55mm £/3.5—5.6 IS lens at 50 mm. The lighting for images was entirely from
natural light on a sunny morning in the summer. All image acquisitions were
carried out at least in triplicate. Fractal parameters were determined using
fractal image analysis software (HarFA, Harmonic and Fractal Image
Analyzer 5.4, freeware at http://www.fch.vutbr.cz/lectures/imagesci/) as
described by Pandolfi et al. (38). The basic procedures were as follows: (i)
each fruit color image was split in RGB color channels; (ii) each channel was
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Figure 3. Changes of juice color (A) and fractal spectra of the red (B), green
(C), and blue (D) channels derived from red bayberry juice during storage.

thresholded for a color value between 0 and 255; (iii) the fractal dimension
(D) for each color channel was determined by the box counting method; (iv)
then we got something called a “fractal spectrum”, where fractal dimension
is presented as a function of thresholding condition. After the baseline
(D = 1) that separates the fractal (D >1) from the nonfractal (D <1)
zone of the spectrum had been drawn, five fractal parameters (X,, Xy, X,
Y, and S) for each channel were calculated by OriginLab (OriginPro,
version 7.5), as shown in Figure 1. In addition, average RGB intensity values
from fruit images were obtained using the color histogram tool of Image J
(National Institutes of Health, Bethesda, MD).

ANN Model. ANN, the structure and function of which are inspired
by the organization and function of the human brain (49), is a nonlinear
mathematical model that has the capability of developing meaningful
relationships between input and output variables through a learning
process. Many theoretical works have shown that a single hidden layer

Zheng et al.

Table 1. Fractal Parameters; Red, Green, and Blue Intensity Values; and
Nutrition Parameters Used for ANN and PLSR Models in This Study

no. of range
parameter samples (min—max) mean
fractal parameters
red
Xa 40 93.39—182.43 146.15
Xo 40 108.06—196.49 160.29
X 40 100.00—189.00 152.63
Y 40 1.55—1.84 1.73
S 40 4.81-9.10 6.78
green
Xa 40 0.47—93.39 35.14
Xo 40 8.01—111.11 51.00
X 40 3.00—101.00 41.46
Y 40 1.55—1.80 1.70
S 40 3.35—11.61 7.36
blue
Xa 40 0.47—-67.10 18.47
Xo 40 4.95—88.09 35.90
X 40 3.00—75.00 24.51
Y 40 1.50—1.77 1.66
S 40 1.70—14.10 7.89
color intensity parameters
R 40 110.24—188.51 153.82
G 40 3.33—100.91 42.86
B 40 0.84—76.25 25.83
nutrition parameters
AC? 40 46.12—246.16 131.44
AA? 40 52.57—128.47 81.54
TP° 40 35.14—51.57 44.29
TF 40 30.43—111.67 61.65
SA® 40 44.37—-93.94 72.71

@ Anthocyanin content (mg/100 mL). °Ascorbic acid content (mg/100 mL).
°Total phenols content (mg/100 mL). 9Total flavonoid content (mg/100 mL).
°DPPH radical scavenging activity (%).

is sufficient for ANN to approximate any complex nonlinear function (50).
Therefore, a one-hidden-layer feed-forward network structure with input,
output, and hidden layers was used in this study. Figure 2 gives a
diagrammatic representation of an ANN containing multi-input neurons
(A, 15 fractal parameters; B, 3 RGB intensity values) and one output
neuron (for AC, AA, TP, TF, or SA). In this study, the number of neurons
within the hidden layer varied from 1 to 10. The back-propagation
algorithm was utilized in training of ANN models (57). The hyperbolic
tangent sigmoid was used as the transfer function in the hidden layer and
output layer. Minimization of error was accomplished using the Leven-
berg—Marquardt (LM) algorithm (52, 53). The numerical values of the
input and output variables were normalized in the range of 0—1.

Training was based on a supervised method with back-propagation
strategy and was finished when the mean square error (MSE) converged and
was <0.01. If the MSE did not go below 0.01, training was completed after
1000 epochs, where an epoch represents one complete sweep through all of
the data in the training set. This ANN was designed and programmed by
Matlab R2010a.

PLSR Model. PLSR is a linear algorithm for modeling the relation-
ship between two data sets (27). In this study, all fractal parameters and
individual quality indicators (AC, AA, TP, TF, or SA) were used to form
the explanatory matrix (X) and dependent matrix (Y), respectively. PLSR
was performed for the explanatory matrix (X) and dependent matrix (Y) to
study the regression model, which showed the relationship between fractal
parameters and chemical constituents during storage of bayberry juice.
The number of PLSR components to be included in the analysis was
determined by cross-validation (54), which is based on the number of
PLSR components with the smallest prediction error. The PLSR was
performed using SAS software (SAS, version 8.1).

Models Evaluation. To assess model performance and handle over-
fitting, a Monte Carlo technique (55) was used for cross-validation of the
ANN and PLSR models in this study, described as follows: (i) the original
data set of 40 samples was randomly divided into two subsets ina 7:3 ratio,
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Figure 4. Parameters and performance of ANN model for predicting the change of anthocyanins (A), ascorbic acid (B), total phenols (C), total flavonoids (D),
and radical DPPH scavenging activity (E) during storage of bayberry juice based on fractal parameters.

with 70% of the samples used for model development and the other 30%
are predicted; (ii) the ANN and PLSR models were built with the training
set and the root mean squared error (RMSE) calculated; (iii) steps i—iii are
repeated K times (K = 10, in our study); (iv) the averaged RMSE was
calculated, and the lower they are, the better the model. The RMSE was
calculated using the equation

where N is the total number of data; kp represents the predicted value from
the model, whereas kg is the experimental value.

Statistical Analysis. All determinations were carried out at least in
triplicate. The data were analyzed and graphically plotted using OriginLab
(OriginPro, version 7.5).

RESULTS AND DISCUSSION

Training Phase of ANN and PLSR. Figure 3 shows fractal
spectra of the red, green, and blue channels derived from bayberry
juice during storage. The five fractal parameters of fractal spectra
of each color channel were calculated and are given in Table 1.
Five chemical attributes (AC, AA, TP, TF, and SA) were
determined for the juice samples at different storage times. Table 1
also shows RGB intensity values and antioxidant attributes of
bayberry juice. In the training phase of the ANN and PLSR
models, 70% of the samples are randomly selected to build the
models. To avoid overfitting, we used Monte Carlo cross-valida-
tion (55) to perform rigorous validations for ANN and PLSR.

The single hidden layer ANN with multi-input neurons and a
single output neuron are used in this study. The optimal number
of nodes in the hidden layer was selected by using a trial and error
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Figure 5. Parameters and performance of ANN model for predicting the change of anthocyanins (A), ascorbic acid (B), total phenols (C), total flavonoids (D),
and radical DPPH scavenging activity (E) during storage of bayberry juice based on RGB intensity values.

method. Figures 4 and 5 show the change of RMSE in the
prediction of AC, AA, TP, TF, and SA with different numbers
of neurons in the hidden layer during storage of bayberry juice
based on fractal parameters and RGB intensity values, respec-
tively. For ANN based on fractal parameters, the optimal
numbers of nodes in the hidden layer are 6, 6, 7, 5, and 6 for
predicting the changes of AC, AA, TP, TF, and SA, respectively.
Moreover, the optimal number of nodes is 3 for AC, AA, TP, and
SA and 6 for TF in the hidden layer of ANN based on RGB
intensity values.

The most important linear calibration method is PLSR,
because it can analyze data sets that are strongly collinear, noisy,
and numerous variables (27). In this study, PLSR has been

applied to predict the changes of AC, AA, TP, TF, and SA
during storage of bayberry juice as a function of fractal param-
eters or RGB intensity values. In our experiment, the optimal
number of PLSR model components and their predictive ability
were determined using a cross-validation method. That is, to
cross-validate the model with various numbers of components,
choose the number with minimum prediction error on the test set
and without overfitting. The RMSE of training and test phases as
a function of the number of PLSR components is illustrated in
Figures 6 and 7 for PLSR models based on fractal parameters and
RGB intensity values, respectively. The results show that the
optimal numbers of PLSR components are 1, 1, 1, 1, and 2 for
predicting the changes of AC, AA, TP, TF, and SA by PLSR
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Figure 6. Parameters and performance of PLSR model for predicting the change of anthocyanins (A), ascorbic acid (B), total phenols (C), total flavonoids
(D), and radical DPPH scavenging activity (E) during storage of bayberry juice based on fractal parameters.

based on fractal parameters, respectively. In addition, the optimal
number of components in the PLSR based on RGB intensity
values is 3 for prediction of all antioxidant attributes in this study.

Test Phase of ANN and PLSR. In this phase, an independent
data set (30% of the total data) was utilized to test ANN and
PLSR models. The agreement between the experimental data
and the model-predicted values and the plot of the residual values
at the stages of model evaluation are presented in Figures 4—7.
The residuals from ANN based on fractal parameters for AC
and AA and PLSR based on fractal parameters for SA follow
the normal distribution better than others at the test phase as
shown in Figures 4—7. To quantify the performance of ANN and
PLSR models, various parameters between experimental and
model-predicted values were calculated (Table 2): root-mean-
square error (RMSE) and coefficient of determination (R?).

According to Table 2, the optimal ANN based on fractal
parameters could predict the changes of AC, AA, TP, TF, and
SA during storage of bayberry juice with the RMSE of 18.673 mg/
100 mL, 8.694 mg/100 mL, 4.125 mg/100 mL, 13.192 mg/100 mL,
and 7.957% and R?values 0f 0.939, 0.935, 0.393, 0.655 and 0.859,
respectively. For ANN based on RGB intensity values, the RMSE
and R?are 21.805mg/100 mL and 0.923 for AC, 10.360 mg/100 mL
and 0.901 for AA, 4.530 mg/100 mL and 0.409 for TP, 14.128 mg/
100 mL and 0.624 for TF, and 8.421% and 0.869 for SA, respec-
tively. The PLSR model for predicting the changes of AC, AA, TP,
TF, and SA has RMSE values of 20.975 mg/100 mL, 10.265 mg/
100 mL, 3.914 mg/100 mL, 12.521 mg/100 mL, and 5.966% and the
R? values of 0.918, 0.943, 0.455, 0.641, and 0.958 based on fractal
parameters and RMSE values of 19.140 mg/100 mL, 9.930 mg/
100 mL, 3.860 mg/100 mL, 12.790 mg/100 mL, and 6.780% and the
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Figure 7. Parameters and performance of PLSR model for predicting the change of anthocyanins (A), ascorbic acid (B), total phenols (C), total flavonoids
(D), and radical DPPH scavenging activity (E) during storage of bayberry juice based on RGB intensity values.

R?0f0.931, 0.953, 0.489, 0.630, and 0.915 based on RGB intensity
values, respectively. For the prediction of AC and AA, the R* of all
prediction methods is >0.9, but the RMSE of ANN based on
fractal parameters is lower than that of other methods. According
to Table 2, the prediction error (RMSE) of ANN based on fractal
parameters could decrease 2.44 and 12.45% for AC and AA
compared with PLSR based on RGB intensity values, respectively.
Thus, ANN model combined with fractal analysis is recommended
for application in the prediction of changes in AC and AA during
storage of bayberry juice in this study. For the prediction of SA, the
PLSR model can be considered satisfactory, because the R’ values
are >0.9. The PLSR based on fractal parameters, however, has
lower RMSE and higher R? than the PLSR based on RGB intensity
values. From Table 2, the prediction error decreased by 12.01% for

SA using PLSR based on fractal parameters. In this study, the poor
R* values (R* = 0.624 and 0.655 for ANN and R* = 0.630 and
0.641 for PLSR) indicate that the ANN and PLSR models have
poor performances for the prediction of TF during storage of
bayberry juice based on fractal parameters and RGB intensity
values. In addition, all methods for predicting the change of TP
provide low R? values (R* = 0.393 and 0.409 for ANN and R* =
0.455 and 0.498 for PLSR), which indicate a poor relationship
between the degradation of TP and the changes of fractal param-
eters and RGB intensity values during storage of bayberry juice.
One possible explanation for these results is that TP content in
bayberry juice is more stable than its color during storage. Our data
show the change of TP content during the 12 day storage period at
25 °C ranged from 35.14 to 51.57 mg/100 mL juice. Other papers
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Table 2. Root Mean Squared Errors (RMSE) and Coefficients of Determination (R?) in the Prediction of the Changes of Nutritional Components during Storage of
Bayberry Juice at the Test Phases by ANN and PLSR Models Based on Fractal Parameters and RGB Intensity Values

fractal parameters RGB intensity values
ANN PLSR ANN PLSR
RMSE’ R RMSE R RMSE R RMSE R
AC? 18.673 0.939 20.975 0.918 21.805 0.923 19.140 0.931
AA® 8.694 0.935 10.265 0.943 10.360 0.901 9.930 0.953
TP 4.125 0.393 3914 0.455 4530 0.409 3.860 0.498
TFd 13.192 0.655 12.521 0.641 14.128 0.624 12.790 0.630
SA° 7.957 0.859 5.966 0.958 8.421 0.869 6.780 0.915

@ Anthocyanin content (mg/100 mL). b Ascorbic acid content (mg/100 mL). °Total phenols content (mg/100 mL). 9Total flavonoid content (mg/100 mL). ®DPPH radical
scavenging activity (%). ‘mg/100 mL or %.

have also shown the total phenol concentration in apples to be (8) Burdurlu, H. S; Koca, N.; Karadeniz, F. Degradation of vitamin C

relatively stable during storage (56). in citrus juice concentrates during storage. J. Food Eng. 2006, 74,
In conclusion, the ANN model combined with fractal analysis 211-216.

as a potential tool can be used to predict the changes of AC (9) Al-Zubaidy, M. M. 1.; Khalil, R. A. Kinetic and prediction studies of

ascorbic acid degradation in normal and concentrate local lemon
juice during storage. Food Chem. 2007, 101, 254—259.

(10) Sharma, S. K.; Maguer, M. L. Kinetics of lycopene degradation in
tomato pulp solids under different processing and storage condi-

and AA in bayberry juice during storage, and the PLSR
model based on fractal parameters is adequate for the pre-
diction of SA in this study. However, both models have poor

performances for estimgting the change of TP and TF during tions. Food Res. Int. 1996, 29, 309—315.

storage of bayberry juice based on fractal parameters and (11) Manso, M. C.; Oliveira, F. A. R.; Oliveira, J. C.; Frias, J. M.
RGB intensity values. The success of this research will pres- Modelling ascorbic acid thermal degradation and browning in
ent a new method for quality evaluation of bayberry juice orange juice under aerobic conditions. Int. J. Food Sci. Technol.
during processing, storage, and distribution. It is, however, 2001, 36 (3), 303—312.

Of great importance to Select the most adequate model for (12) Oms-Oliu, C}7 OdriOZOla-SerranO, I, SOliVa-FOrtUny, R, Martin-
the evaluation of different nutritional components in bay- Belloso, O. Use of Weibull distribution for describing kinetics of
berry juice. antioxidant potential changes in fresh-cut watermelon. J. Food Eng.

2009, 95, 99-105.
(13) Odriozola-Serrano, I.; Soliva-Fortuny, R.; Martin-Belloso, O. In-

ABBREVIATIONS USED i ) ) oo ) .
uence of storage temperature on the kinetics of the changes in
ANN, artificial neural network; PLSR, partial least-squares anthocyanins, vitamin C, and antioxidant capacity in fresh-cut
regression; AC, anthocyanin; AA, ascorbic acid; TP, total phe- strawberries stored under high-oxygen atmospheres. J. Food Sci.
nols; TF, total flavonoid; SA, DPPH radical scavenging activity. 2009, 2 (74), 184—191.
(14) Singh, R. P.; Heldman, D. R. Simulation of liquid food quality
during storage. Trans. ASAE 1976, 19 (1), 178—184.
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