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Abstract: To detect the moisture of dried Goji (Lycium barbarum L.) berries nondestructively, a near-
infrared (NIR) hyperspectral imager was used for experiments. NIR hyperspectral data were obtained
and processed by standard normal variate (SNV) calculation using the MATLAB software v.R2016a.
On the basis of the actual moisture of dried Goji berries, the predicted moisture was obtained based
on the partial least squares (PLS) algorithm and a prediction model for the moisture of dried goji
berries was established. It was found that the moisture of dried Goji berries was responsive to the
NIR hyperspectral imager. The established prediction model could accurately predict the moisture of
dried goji berries, and its R2-value was 0.9981. The results provide a theoretical basis for the design
of non-destructive moisture-detecting equipment for dried Goji berries.

Keywords: non-destructive detection; moisture; goji berry; L. barbarum polysaccharides;
NIR hyperspectral imaging; SNV; PLS

1. Introduction

Goji berries, because of their rich nutritional value, such as Lycium barbarum L. (L. bar-
barum) polysaccharides and phenolics, including caffeic acid, p-coumaric acid, rutin, scopo-
letin, N-trans-feruloyl tyramine, and N-cis-feruloyl tyramine, have become the world’s
favorite medicine and food dual-use product [1–4]. They have demonstrated their effects
on improving renal function and acting against cancer, and are often used in traditional
Chinese medicine [3–5]. In addition to medicinal uses, they can also be made into food or
juice, or used for drinking wine [5]. Goji berries are becoming popular in Europe in snacks,
muesli bars, or additives, and hair shampoo. There are few countries and regions in the
world that use Goji berries as a cash crop via wild domestication, large-scale cultivation,
and comprehensive development and utilization [6,7]. These countries are mainly China
and South Korea, and there are a few wild varieties in Japan. Goji berries are drought-
tolerant, salt-tolerant, and barren-tolerant, and their agricultural water demand is low.
Expanding the planting area of goji berries in Northwest China does not waste valuable
land and water resources. On the contrary, it can provide the functions of windbreaking
and sand fixation, soil and water conservation, air purification, and other functions, sig-
nificantly increase the economic income of goji berry growers, and provide a new path
for sustainable and healthy agricultural development in arid and desertification areas and
stable and continuous income increases for goji berry growers. At the same time, goji
berries have infinite inflorescence, their fruits are ovate or oval ovoid berries, and undergo
intermittent maturation; that is, flowering and fruiting occur at the same time [8,9]. Goji
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berries ripen from July to October and can be picked as they ripen. Goji berry harvesting is
intermittent, generally once every 5 to 7 days. According to the different harvesting times
of Goji berries, they can be divided into summer fruits and autumn fruits. Some researchers
have developed a lot of Goji berry-harvesting machines, and the problem of Goji berry
harvesting has been alleviated to a certain extent [10–20]. However, the harvested goji
berries face the problem of drying.

Dried Goji berries must be completely dried before being sold. If the drying is not
thorough, mildew easily forms on the dried Goji berries. Processing is a major factor
affecting the quality of fruit in the supply chain [21]. At the same time, the General
Administration of Quality Supervision, Inspection and Quarantine of the People’s Republic
of China and the Standardization Administration of China jointly issued the National
Standard of the People’s Republic of China GB/T18672-2014 “Wolfberry” (2014), which
pointed out that the moisture of dried goji berries that reach the grade and above should
not be more than 13.0 g/100 g. As for dried goji berries, moisture is a very important
indicator, but also a very important biomechanical property. The Agricultural Industry
Standard of the People’s Republic of China NY/T2966-2016 “Technical Specifications for
Wolfberry Drying” (2016) issued by the Ministry of Agriculture of the People’s Republic
of China stated that Goji berries need to be washed with water before drying, dewaxing
with no more than 2% food-grade sodium carbonate or sodium bicarbonate aqueous
solution, natural leaching. or mechanical air drying. Then, Goji berries should be dried in
a hot-air-temperature dryer set at 65 ◦C. However, the near-infrared (NIR) is sensitive to
moisture. Non-destructive NIR detecting has been applied in detecting the internal quality
or composition of wood [22] and fruits, like wine grapes [23] and kiwifruits [24–28], and
good results have been achieved [22–28]. The detection accuracy is high and the speed is
fast. In addition, moisture is absorbed at 1450 nm and 1930 nm in NIR hyperspectral data,
and some researchers have successfully predicted moisture by establishing a prediction
model based on a NIR hyperspectral imager. Therefore, the non-destructive NIR moisture
detection of dried Goji berries is feasible.

In this study, to detect the moisture content of dried Goji berries nondestructively, a
NIR hyperspectral imager was used for the experiments. NIR hyperspectral data were
obtained and processed using SNV in the MATLAB software. On the basis of the actual
moisture content of dried Goji berries, the predicted moisture content was obtained based
on the PLS algorithm and a prediction model for the moisture content of dried Goji berries
was established. The results will provide a theoretical basis for the design of non-destructive
moisture-detecting equipment for dried Goji berries.

2. Materials and Methods
2.1. Non-Destructive NIR Moisture Experiments on Dried Goji Berries

All experiments were carried out on 15–16 July 2021 at the Near-Infrared Hyperspec-
tral Laboratory, Graduate School of Bioagricultural Sciences, Nagoya University, Furo-cho,
Chikusa-ku, Nagoya, Japan. It was very important to ensure that all dried Goji berries were
completely dried in the experiments. At the same time, in order to study the NIR hyperspec-
tral characteristics of dried Goji berries under different moisture levels, it was necessary to
design different temperature gradients. Therefore, according to the Agricultural Industry
Standard of the People’s Republic of China NY/T2966-2016 “Technical Specifications for
Wolfberry Drying” (2016) issued by the Ministry of Agriculture of the People’s Republic of
China, 250 regular and undamaged Goji berries were selected as the samples to be dried
and tested under three gradients of 50 ◦C, 65 ◦C, and 80 ◦C. All Goji berries were processed
in strict accordance with the above-mentioned standards. That is, all Goji berries were
continuously dried in the dryer for 20 h at the specified temperature. During this time, the
moisture of each dried Goji berry was measured every two hours. To be specific, a Mettler
balance was used to weigh the berries each time, and the difference between the two times
was the moisture content. Then, they were tested with a NIR hyperspectral imager, as
shown in Figure 1.
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Figure 1. NIR hyperspectral imager.

Before the experiments, it was necessary to prepare the NIR hyperspectral imager.
First, the NIR hyperspectral imager was preheated and turned on for an hour under a
stable-voltage state. Then, the system was configured. Through debugging, when the
frequency was selected as 200 Hz and the exposure time was selected as 4.5 ms, dried Goji
berries could be observed more clearly. Then, black and white calibration was performed.
A black and white grid board was placed in the field of view, leaving enough field of
view space. Then, the focal length was adjusted. When the grid could be clearly observed,
the focal length was determined to be the focal length in the experiments. Then, the
whiteboard calibration was carried out. The whiteboard was placed in the field of view.
The relevant parameters were determined under the condition that the brightness was
not higher than the maximum threshold and not lower than the visual limit. Finally, the
scanning speed was calculated. Through adjustment, it was determined that the size of the
field of view was 100 mm in the experiments. According to the size of the field of view and
relevant parameters, the pixel size could be calculated as 0.3125 mm/pixel. According to
the relationship between frequency and pixel size, the scanning speed could be calculated
as 62.5 mm/s, and the parameters were adjusted in the software of the NIR hyperspectral
imager. Before the experiments, all dried Goji berries were cleaned and placed on the
sample table in a stable state. In the meantime, NIR hyperspectral data of the blackboard
and whiteboard should be obtained before the experiments for the subsequent calculation
of reflectivity.

After the above operations, the experiments were carried out. In order to ensure
that the results were not affected by environmental conditions as much as possible, NIR
hyperspectral data of 25 dried Goji berries were obtained at the same time, as shown in
Figure 1. In order to obtain zero-moisture dried Goji berries, after each experiment, all
dried Goji berries were continuously dried until the moisture content did not change, and
they were weighed and their NIR hyperspectral data were obtained.

2.2. Processing of NIR Hyperspectral Data of the Moisture of Dried Goji Berries

In order to construct an accurate prediction model for the moisture content of dried
Goji berries, it was necessary to make use of the characteristics of NIR hyperspectral data.
Therefore, it was necessary to process NIR hyperspectral data first. Firstly, in the MATLAB
software, the invoking function of NIR hyperspectral data for the moisture of dried Goji
berries was compiled. In other words, NIR hyperspectral data were obtained by using
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the Specim_ReadRaw function. As all suffixes of obtained NIR hyperspectral data were
.raw, only data with the same suffix were invoked during the invoking process. However,
before processing the NIR hyperspectral data, it was necessary to find the segmentation
values of the background and dried Goji berries so as to segment dried Goji berries from the
background one-by-one and carry out the following processing. Through repeated tests, on
the basis of the NIR hyperspectral image of the 30th band of dried Goji berries, it was easy
to segment the dried Goji berries from the background. Therefore, the Image_band function
was used here to create a new matrix of NIR hyperspectral data. However, as the NIR
hyperspectral data were three-dimensional, it was necessary to carry out dimensionality
reduction. In the MATLAB software, the reshape function is a function that can transform
a specified matrix into a matrix of a specific dimensionality and ensure that the number of
elements in the matrix remains unchanged. This function can readjust the numbers of rows,
columns, and dimensionalities of a matrix. Using the reshape function for dimensionality
reduction could effectively retain the characteristics of NIR hyperspectral data. Here,
the reshape function was used to reduce three-dimensional NIR hyperspectral data into
two-dimensional NIR hyperspectral data. Then, it was necessary to find the segmentation
value of the background and dried Goji berries. Here, a rectangular frame was first used to
separate the dried Goji berries from the background, and the Imagesc function was used
for imaging in the MATLAB software, as shown in Figure 2. In the MATLAB software,
the Imagesc function can convert the value of elements in a matrix into different colors
according to its size and stain the corresponding positions of the coordinate axis with this
color. This allows for more intuitively observing the size of each element’s numerical value
and discovering its boundary value. At the same time, in imaging process, the axis image
command was used to lock the coordinates of the image. This could ensure comparison
under the same coordinate scale, and it was easier to find the segmentation values for the
background and dried Goji berries.
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On the basis of finding the segmentation value of the background and dried Goji
berries, the NIR hyperspectral data of the 30th band of the dried Goji berries after di-
mensionality reduction were divided by the segmentation value. A new matrix could be
obtained. In the new matrix, the region where the value of every data point was not less
than 1 was the region of dried Goji berries, and the region where the value of every data
point was less than 1 was the region of the background. Therefore, at this time, the binary
processing could separate the dried Goji berries from the background one-by-one. In the
MATLAB software, the im2bw function in the DIP toolbox could convert the grayscale
image into the binary image using the threshold transform method. Therefore, the im2bw
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function was used here to binarize the new matrix, and the result was named BW. BW
obtained at this time was the area of dried Goji berries. Next, it was necessary to find the
number of “1” in BW, that is, to search for the number of “1”. In this way, the area of dried
Goji berries could be obtained. In the MATLAB software, the Find function was commonly
used to locate a string in the original data to determine its position. In particular, when the
Find function located a string, it always started from the specified position and returned
the position of the first matching string found, regardless of whether there was a matching
string after it, which could prevent the number of “1” from being lost. After obtaining
the region of dried Goji berries, the matrix of NIR hyperspectral data of the 30th band
for dried Goji berries after binarization was multiplied by the original matrix of the NIR
hyperspectral data of the moisture of dried Goji berries. Because the matrix of NIR hyper-
spectral data of the 30th band for dried Goji berries after the binarization was processed
by the dimensionality reduction, it was two-dimensional. However, the original matrix of
NIR hyperspectral data of the moisture of dried Goji berries was three-dimensional. In the
MATLAB software, it was impossible to multiply these matrices because of the different
dimensionalities. Therefore, before multiplication, the matrix of NIR hyperspectral data for
the moisture of dried Goji berries after binarization, the dimensionality should be increased
first to ensure that it has the same dimensionality. In the MATLAB software, the Repmat
function, also known as the repeat matrix function, was mainly used to copy matrices. Its
definition format was: B = repmat(A, m, n), where A is the original matrix to be copied,
m is the number of rows to be copied, n is the number of columns to be copied, and B
is the new obtained matrix to be copied. It was necessary to use the Repmat function to
increase the dimensionality of the matrix of NIR hyperspectral data of the 30th band for
dried Goji berries after binarization. Because the dimensionality of the obtained matrix
after increasing the dimensionality at this time was inconsistent with the original matrix
of NIR hyperspectral data of the moisture of dried Goji berries, it was also necessary to
transpose the original matrix of NIR hyperspectral data of the moisture of dried Goji berries.
In the MATLAB software, the permute function could rearrange the dimensionalities of
the matrix in the specified order. Here, the permute function was used to transpose the
original matrix. Specifically, the second dimensionality was placed in the position of the
original first dimensionality, the third dimensionality was placed in the position of the
original second dimensionality, and the first dimensionality was placed in the position of
the original third dimensionality. On this basis, the reflectivity was calculated. Specifically,
(NIR hyperspectral data of dried Goji berries–NIR hyperspectral data of blackboard)/(NIR
hyperspectral data of whiteboard–NIR hyperspectral data of blackboard). At this time,
for the matrix of NIR hyperspectral data of the 30th band of dried Goji berries after the
transposition, the hyperspectral value of the region of the background was 0. Then, this
matrix was multiplied by the original matrix to obtain the matrix of NIR hyperspectral
data for the moisture of dried Goji berries. The NIR hyperspectral values of the moisture
of dried Goji berries were calculated by the summation. The result was the summation of
NIR hyperspectral values. In the MATLAB software, the sum function is one of the most
commonly used functions, which can calculate the sum of elements of a vector or matrix.
Therefore, the sum function was used here to calculate the sum of NIR hyperspectral values
of the moisture of dried Goji berries in each page of 256. Finally, the summation of NIR
hyperspectral values was divided by the region of dried Goji berries obtained above. The
result was the average NIR hyperspectral data.

3. Results and Discussion
3.1. Analysis of NIR Hyperspectral Data of the Moisture of Dried Goji Berries

On the basis of obtaining average NIR hyperspectral data, an analysis was carried out.
Here, average NIR hyperspectral data could be also referred to as the reflectivity. The plot
function was used to plot the wavelength as the horizontal coordinate and the reflectivity
as the vertical coordinate, as shown in Figure 3.
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Different reflectivity values represented the absorption degree of NIR hyperspectral
data, and the absorption of the moisture could also be reflected. It could be seen from
Figure 3 that the average NIR hyperspectral data had good characteristics, and all dried
Goji berries had relatively uniform NIR hyperspectral absorption characteristics. In order to
better explore the significant relationship between the average NIR hyperspectral data and
the moisture content, the average NIR hyperspectral data needed to be processed. SNV is a
common data preprocessing method, which is mainly used to process NIR hyperspectral
data. It could center and standardize NIR hyperspectral data, so that NIR hyperspectral
data were better comparable and interpretable. Here, the SNV function was used to process
the average NIR hyperspectral data. The plot function was used to plot the wavelength
as the horizontal coordinate and average NIR hyperspectral data by SNV as the vertical
coordinate, as shown in Figure 4. As shown in Figure 4, the NIR hyperspectral data exhibit
absorption phenomena at 1450 nm and 1930 nm. This was consistent with the known
absorption phenomena of the moisture. This also showed that a NIR hyperspectral imager
could be used to detect the moisture content of dried Goji berries.
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3.2. Establishment of Prediction Model of the Moisture of Dried Goji Berries

The research and development of non-destructive detecting equipment for the mois-
ture content of dried Goji berries was based on the establishment of an accurate prediction
model for the moisture content of dried Goji berries. The PLS algorithm is a nonlinear
algorithm, generally referred to as the PLS algorithm. It uses the least-squares regression
method to fit data by minimizing the residual sum of squares. In previous studies, some
researchers used the PLS algorithm to model NIR hyperspectral data and predict the mois-
ture [22]. They achieved good prediction results. In the experiments, NIR hyperspectral
data were obtained using a NIR hyperspectral imager, and the corresponding relationship
between NIR hyperspectral characteristics and the moisture content was intended to be
found in the obtained NIR hyperspectral data. Therefore, the PLS algorithm could be used
for the establishment of an accurate prediction model. First, NIR hyperspectral data after
SNV were extracted using the MATLAB software. Then, PLS modeling was carried out
between NIR hyperspectral data after SNV and the moisture content. It could be known
from the program that PLS modeling was conducted between the NIR hyperspectral data
after SNV and the moisture content. Since the number of dried Goji berries for the PLS
modeling was 250, the PLS parameter was set to 250. In the process of PLS modeling,
because BETA was a relational parameter, the coefficient whose first row in BETA was
similar to the intercept. It was necessary to create a new Excel sheet and set all the first
columns to 1, thus creating a new matrix named Data_original_with_BETA. Then, the
moisture content of dried Goji berries was predicted. The predicted moisture was obtained
by multiplying the newly created matrix named Data_original_with_BETA by the relational
parameter BETA. Finally, the actual and predicted moisture contents of dried Goji berries
were processed in the MATLAB software to plot a scatter graph of the actual and predicted
moisture contents of dried Goji berries, as shown in Figure 5.
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Through statistical software processing, the fitting equation of the prediction model
for the moisture content of dried Goji berries was y = 0.9981x + 0.0689, its slope was 0.9981,
and its intercept was 0.0689. In the regression model, the existence of the intercept could
make the prediction model have better fitting performance. The intercept could adjust the
base value of the prediction result and played an important role in linear regression. The
intercept directly affected the position of the fitting equation on the vertical coordinate
(dependent variable). This was because, when determining the fitting equation of the
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prediction model, the vertical distance between all data points and the fitting equation was
calculated first, that is, the residual. All residuals were squared and were then summed
to obtain the sum of squared errors. Then, the slope and intercept of the fitting line were
adjusted to minimize the sum of the squared errors. Finally, after several iterations, the
slope and intercept of the best-fitting equation were obtained. If the intercept was positive,
then, when the independent variable was 0, the predicted value of the dependent variable
would be high. If the intercept was negative, then the predicted value of the dependent
variable would be low. In the prediction model of the moisture of dried Goji berries
established in the experiments, the intercept was 0.0689. However, the absolute value of
0.0689 was very small, which indicated that the prediction model was very effective in
fitting the equation; that is, the predicted moisture content was very close to the actual
moisture content.

In the experiments, the good and bad parts of the prediction model should to be
evaluated by the fitting degree test. The fitting degree test was conducted to test the
prediction model that had been developed and compare the degree of agreement between
the prediction results and actual results. The commonly used fitting degree test method
was R2 (R-squared). R2, also known as the decision coefficient, is a measure used to assess
how well a linear regression model fits. Specifically, the R2 value represents the proportion
of the total variation in the dependent variable that is explained by the model, and can also
be understood as how well the model fits the actual data. It typically ranges from 0 to 1,
with a higher value indicating a better fit and a value of 1 indicating a perfect fit. In general,
if a linear regression model has an R2 value close to 1, it means that the model can explain
most of the variance in the data, that is, the model is relatively reliable. If the R2-value
is small, it means that the model cannot explain the changes in the data well, and it is
necessary to change the model or find other variables to further improve the explanatory
power of the model. In general, the R2 value was between 0 and 1, and the larger the value,
the better the model fit. In general, if the R2 value is greater than 0.8, the model fits the data
very well. If the R2 value is between 0.6 and 0.8, the model has a good fit. If the R2 value is
between 0.4 and 0.6, the model has a moderate fit. If the R2 value is less than 0.4, the model
has a poor fit. It should be noted that the R2 value is only suitable for models with linear
relationships, and it would give incorrect results for nonlinear problems. In addition, the
R2 value does not prove causation, and sometimes a high R2 value might only indicate that
there is a common influence between two related variables. To sum up, as an indicator of
linear regression model evaluation, the R2 value could help us to understand the degree of
fit of the model, but it was necessary to comprehensively evaluate the model in conjunction
with other indicators in actual analysis. In the experiments, the fitting equation of the
prediction model of the moisture content of dried Goji berries was y = 0.9981x + 0.0689,
which was linear. Through the fitting degree test, its R2 value was 0.9981, indicating that
the prediction model perfectly fitted the actual results.

It was found that the moisture of dried Goji berries was responsive to the NIR hyper-
spectral imager. The established prediction model of the moisture content of dried Goji
berries could accurately predict the moisture content.

4. Conclusions

In this study, to detect the moisture content of dried Goji berries nondestructively, a
NIR hyperspectral imager was used for the experiments. NIR hyperspectral data were
obtained and processed in the MATLAB software by SNV. On the basis of the actual
moisture content of dried Goji berries, the predicted moisture content was obtained based
on the PLS algorithm and a prediction model for the moisture of dried Goji berries was
established. It was found that the moisture content of dried Goji berries was responsive to
the NIR hyperspectral imager. The established prediction model could accurately predict
the moisture content of dried Goji berries and its R2 value was 0.9981. Compared with
manually observing whether dried Goji berries are completely dried, the accuracy of this
detection method is high and the speed is fast. Because the price of dried Goji berries is very
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high, this detection can avoid very large economic losses for industrial food production.
The results provide a theoretical basis for the design of non-destructive moisture detection
equipment for dried Goji berries.
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