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Abstract

Visible near-infrared (Vis-NIR) spectroscopy is less accurate for detecting -OH
molecules, therefore, the use of Vis-NIR spectroscopy is challenging for samples
containing high water content, such as fruits. However, as Vis-NIR spectroscopy is a
portable and economical instrument, it can be used in the field by small-scale farmers.
This study aimed to evaluate Vis-NIR spectra to measure water content in fruits. Four
fruits were used in this study, including dragon fruit, guava, sapodilla and banana (100
pieces each). All fruits were randomly divided into a calibration set (two-thirds of the
samples) and a prediction set (one-third of the samples). Water content was predicted
using partial least square regression (PLSR) analysis. The PLSR calibration model had a
coefficient of determination (R?*) of 0.29 for dragon fruit, 0.63 for guava, 0.62 for
sapodilla and 0.80 for banana. The prediction model had an R? of 0.11 for dragon fruit,
0.63 for guava, 0.52 for sapodilla and 0.75 for banana. These results show that Vis-NIR
spectroscopy has the potential to predict water content in relatively low water-content

fruits, such as bananas.

1. Introduction

Fruit is a perishable product in which quality easily
deteriorates over time. One of the quality parameters of
fruit is water content. Changes in the amount of water in
fruit affect the physical and mechanical parameters of the
fruit (Ehiem et al., 2016; Eboibi and Uguru, 2018). In
addition, the high water content in fruit triggers
microbial growth. Therefore, information on fruit water
content is important because it affects consumer
acceptance and determines the handling and storage of
fruit.

Water content can be determined using the
thermogravimetric method in which a sample is heated in
an oven and the water content of the sample is
determined from the loss of sample weight. However,
this method requires an extended time and destroys the
sample. Near-infrared (NIR) spectroscopy has been used
to determine water content in whole wheat flour (Manley
et al., 2002), processed cheese (Blazquez et al., 2004)
and vegetable seeds (Szulc et al., 2020). Water is
comprised of OH molecules, which dominate intensive
absorption in the near-infrared region at 1,440-1,930 nm
(Bogomolov et al., 2018). Water absorbs the majority of
the photon energy and causes light scattering (Xie et al.,
2008). The dominance of the water absorption band can
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interfere with the measurement of small concentrations
of other products; therefore, developing a calibration
model for water content using NIR spectroscopy usually
produces good results. However, the price of NIR
spectroscopy is relatively expensive, which hinders its
use in small-scale industries.

However, spectroscopy working in the short infrared
region (350-1,000 nm) or visible near-infrared (Vis-NIR)
region is available at a relatively inexpensive price. Vis-
NIR spectroscopy has been used to identify quality
parameters, such as color (Magwaza et al., 2014),
acidity, pH (Wati et al., 2021; Priambodo et al., 2022),
and Brix (Pahlawan et al., 2021). The authors have also
studied the effectiveness of Vis-NIR spectroscopy in
qualitative analyses, such as classifications of cocoa
beans (Saputro et al., 2022), soybean seeds, and flour
(Pahlawan et al., 2022) or detecting soybean seed
viability (Saputri et al., 2022). Unlike NIR spectroscopy,
the absorption of the -OH molecule is weak in the Vis-
NIR region (350-1,000 nm), as shown by its small and
broad absorption spectrum (Manley et al., 2007). Thus, it
is challenging to employ Vis-NIR spectroscopy to
predict water content in fruits in which water is present
in large quantities. Therefore, in this study, the
effectiveness of Vis-NIR spectroscopy in determining

eISSN: 2550-2166 / © 2024 The Authors.
Published by Rynnye Lyan Resources



10 Amanah et al. / Food Research 8 (Suppl. 2) (2024) 9 - 14

fruit water content was determined using several fruits
with various peel thicknesses. This study also employed
chemometrics  analysis, which exports spectral
information, and relates the spectra with a desired
variable (Masithoh et al., 2020). Partial least squares
regression (PLSR) analysis based on the original and
various pre-processed spectra was used to evaluate the
calibration and prediction models.

2. Materials and methods
2.1 Sample and spectra measurement

Dragon fruit, sapodilla, guava and banana (100
pieces of each) were used as fresh samples. The
reflectance spectra of each sample were measured using
a modular type Vis-NIR spectrometer (Flame-T-VIS-
NIR Ocean Optics, Dunedin, USA; 350-1,000 nm with a
resolution of 0.22 nm), equipped with a tungsten halogen
lamp (360-2,400 nm, HL-2000-HP-FHSA Ocean Optics)
and a reflectance probe (QR400-7 VIS-NIR Ocean
Optics). Spectra acquisition was set as explained by
(Masithoh et al., 2021). The spectra were acquired using
OceanView 1.6.7 software with 100 integration times,
100 scans to average, and 1 boxcar width.

2.2 Water content analysis

Water content was measured on the fruit flesh
without the fruit rind. Therefore, the dragon fruit and
banana peels were removed before the water content
measurements. Water content was determined using the
thermogravimetric method. The samples (~3 g) were
dried at 105°C for 24 hrs in an oven (Wpefore oven). After 24
hrs, the dried samples were weighed (Wageroven), and
water content was calculated using Equation 1. Each
sample was analyzed in triplicate. Descriptive statistics,
such as mean, minimum, maximum range, standard
deviation (SD), and SD/range, were calculated.

MC (‘%)Wb) _ Wpefore oven ~Wafter oven % 100%

Whefore oven

2.3 Chemometric analysis

The acquired spectra were compiled in Excel and
imported into Unscrambler® X (10.5.1 version software,
CAMO, Oslo, Norway). Three spectra were used from
each sample without being averaged. Spectra <400 nm
and >1,000 nm were cut before the chemometrics
analysis due to heavy noise. Spectra within the
wavelength range of 400-1,000 nm were used to build
the PLSR calibration model. Before the analysis, all data
were randomly divided so that two-thirds of the data
were used as the calibration set and one-third of the data
were used as the prediction set. The calibration set was
used to build the calibration model, and the prediction set
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was used to validate the model. Calibration models were
built separately for each fruit using the spectra as the
predictor (X) and water content as the reference variable
(Y). The performance of the model was evaluated based
on the coefficient of determination (R?) and the root
mean square error (RMSE). A good model has high R?
and low RMSE wvalues. Several pre-processing
techniques were applied to the spectra, such as Savitsky-
Golay’s first and second derivatives (side points = 60,
polynomial = 2), Savitsky-Golay’s smoothing (side
points = 60, polynomial = 2), normalization, standard
normal variation (SNV), and multiple scatter correction.

3. Results and discussion
3.1 Water content of the fruits

Table 1 shows that the water contents of the dragon
fruit, guava, sapodilla and banana were 85-91%, 81.3-
90.5%, 70.2-80.0%, and 62.90-72.1%, respectively, for
the calibration model, and 85.6-90.5%, 84.8-90.4%, 72.5
-78.2%, and 62.6-72.1%, respectively, for the prediction
model. The range in water content for the prediction data
set was in the range of the calibration set (interpolation
prediction), which agreed with Chia et al. (2012) in
which interpolated prediction performance was better
than the extrapolated prediction. Table 1 also shows that
the highest water content was detected in dragon fruit
followed by guava, sapodilla and banana. Moreover, the
broadest range in water content was found in sapodilla
followed by banana and guava, while the narrowest
range occurred in dragon fruit.

The highest mean water content was detected in
dragon fruit followed by guava, sapodilla and banana.
Dragon fruit had the lowest SD. The highest SD was
observed for bananas followed by sapodilla. A low SD
indicates a small variation in the water content that is
close to the mean value. A broader data range and a
larger SD are required to obtain a good model, although
it results in a large RMSE (Kuang and Mouazen, 2011).
The SD range (16-29%) obtained for the calibration set
indicates that the variation in the data will produce a
good calibration model (Savenije et al., 2000).

3.2 Reflectance spectra of the fruits

Figure 1 shows the reflectance spectra of all fruits.
Each fruit had different characteristics, particularly in the
visible light region, which is correlated with pigments.
Figure 1 also shows the absorbance profiles of
chlorophyll in all fruits at 680 nm. The highest
absorbance was detected in sapodilla, followed by guava,
banana and dragon fruit. However, the NIR spectra
showed a similar high reflectance trend, indicating low
absorbance of the 700-1,000 nm spectra by water (Zhang
et al., 2012), which is typical of Vis/NIR spectroscopy
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Table 1. Statistical analysis of water content in samples.

Calibration set

Sample Mean SD Max Min Range SD/Range
Dragon Fruit 88.70% 1.20% 91.00% 85.00% 6.00% 19.20%
Guava 87.20% 1.50% 90.50% 81.30% 9.20% 16.50%
Sapodilla 74.80% 2.00% 80.00% 70.20% 9.80% 20.20%
Banana 68.00% 2.70% 72.10% 62.90% 9.20% 29.10%
Prediction set
Sample Mean SD Max Min Range SD/Range
Dragon Fruit 88.60% 1.10% 90.50% 85.60% 4.90% 22.45%
Guava 87.50% 1.30% 90.40% 84.80% 5.60% 23.21%
Sapodilla 75.20% 1.20% 78.20% 72.50% 5.70% 21.05%
Banana 68.20% 2.20% 72.10% 62.60% 9.50% 23.16%

SD: standard deviation, Max: maximum, Min: minimum.
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Figure 1. Reflectance spectra of samples.
(Manley et al., 2007).

Dragon fruit had a broad reflectance valley at 420-
580 nm, which correlated with betacyanin content
(Sanchez et al., 2006) and created the red-purple colour
of the dragon fruit. Guava is characterized by a low
reflectance valley indicating high absorbance at about

Table 2. PLSR model performance.

680 nm, which is correlated with chlorophyll and creates
the green colour of the guava fruit. Sapodilla had the
lowest reflectance in the visible wavelength region (400-
500 nm) due to the dark brown colour of the sapodilla
fruit. Banana had a low reflectance indicating high
absorbance of chlorophyll at 680 nm and causing the
green colour of the banana (Masithoh et al., 2021).

3.3 Partial least squares regression to determine water
content

Table 2 shows the performance of the PLSR model
developed using the original and several spectral pre-
processing methods. The PLSR model yielded
coefficients of determination of calibration (R*C) of 0.07
-0.3 for dragon fruit, 0.27-0.63 for guava, 0.38-0.62 for
sapodilla and 0.43-0.8 for banana. The root mean square
of errors of calibration (RMSEC) was 0.97-1.11% for
dragon fruit, 0.89-1.23% for guava, 1.22-1.56% for
sapodilla and 1.18-2.02% for banana. The best PLSR
model to quantify water content in dragon fruit was

Fruits ORI SNV MSC AN SGS SGDI _ SGD2
R:C 0.17 0.18 0.07 0.16 0.21 0.20 0.30
Dragon RMSEC  1.04 1.05 111 1.06 1.03 1.04 0.97
Fruit — ReCV 0.08 0.08 0.05 0.07 0.1 0.12 0.18
RMSECV  1.10 1.12 113 1.13 1.10 1.10 1.06
R:C 0.30 0.42 0.45 0.43 0.27 0.53 0.63
Gua  RMSEC 123 1.10 1.08 0.98 1.16 0.98 0.89
R2CV 0.23 0.34 037 0.35 0.19 0.47 0.55
RMSECV 130 118 1.16 1.05 1.22 1.04 1.00
R:C 0.54 0.62 0.62 038 0.44 0.46 0.53
_ RMSEC 134 122 122 1.56 1.48 1.46 136
Sapodilla ey 0.40 0.50 0.51 031 0.33 0.35 0.38
RMSECV 154 1.40 139 1.65 1.62 1.60 1.56
R:C 0.70 0.70 0.43 0.75 0.68 0.72 0.80
RMSEC  1.47 1.45 2.02 134 1.52 1.42 1.18

Banana
R2CV 0.66 0.65 0.29 0.69 0.64 0.68 0.74
RMSECV 157 1.59 226 1.48 1.61 153 136

ORI: original spectra, SNV: standard normal variate, MSC: multiple scatter correction, AN: area normalization, SGS: Savitsky-
Golay’s smoothing, SGD1: Savitsky-Golay’s 1st derivative, SGD2: Savitsky-Golay’s 2nd derivative
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obtained from the SGD2 spectra with an R2C value of
0.30 and RMSEC of 0.97%; the R?C value for guava
obtained from the SGD2 spectra was 0.63, that obtained
for sapodilla from the SNV spectra was 0.62 with an
RMSEC of 1.22%, an R2C of 0.80, and RMSEC of
1.18% was obtained for banana from the SGD2 spectra.

The regression coefficient is used to understand the
relationship between the wavelength and a predicted
variable (water content). Strong correlations between
wavelength and water content are shown as peaks or
valleys, depending on whether the correlation is positive
or negative. The regression coefficient can also be used
to select important variables (Amanah et al., 2021). The
regression coefficient values of the best model for each
fruit are shown in Figure 2. Dragon fruit had more
distinct peaks at 400-600 nm than the other fruits, which
are highly correlated with anthocyanin. Guava had peaks
at 650-700 nm, which correlate with chlorophyll.
Presumably chlorophyll content in guava is higher than
in sapodilla, banana and dragon fruit. The regression
coefficients at 700-950 nm were small and relatively
noisy due to the limitations of the instrument in the near-
infrared region. The regression coefficients were also
very noisy at 950-1,000 nm where the absorption of
water molecules occurs. Dragon fruit had a more distinct
peak at about 970 nm compared to the other fruits
probably because of the high water content of dragon
fruit (Table 1). From the regression coefficient profiles
(Figure 2), specific variables that contribute to water
content cannot be clearly defined. However, since the

PLSR models were developed using the whole
wavelength, the water content resulted from the pigments
in the visible region and C-H and O-H vibrations in the
shortwave near-infrared region of 900-1,000 nm
(Magwaza and Opara, 2015).

Figure 3 shows the scatterplot between each fruit's
actual and predicted water content. Bananas performed
the best compared to the other fruits with an R? of
prediction (R2P) of 0.75 and an RMSE of prediction
(RMSEP) of 1.11%, followed by guava and sapodilla
with R?P of 0.63 and RMSEP of 0.77%, and R?P of 0.52
and RMSEP of 0.89%, respectively. Dragon fruit had the
worst PLSR model with an R? of 0.11 and RMSEP of
1.05% possibly due to its high water content and thick
peel.

4. Conclusion

The absorption of water in the Vis and NIR region
(350-1,000 nm) is very weak which makes it a challenge
to determine the water content of products. However, as
water is a primary quality parameter and the price of Vis-
NIR spectroscopy is quite low, the use of Vis-NIR
spectroscopy to determine water content is feasible. This
study demonstrated the effectiveness of Vis-NIR
spectroscopy combined with PLSR to predict water
content in fruits. The best PLSR model was developed
for banana, which has low water content, while the worst
model was for dragon fruit, which has high water
content. Nevertheless, Vis-NIR spectroscopy can be used
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to determine water content in fruits with low water

content.
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