Pre prints.org

Article Not peer-reviewed version

Assessment of Melon Fruit Nutritional
Composition Using VIS/NIR/SWIR
Spectroscopy Coupled with
Chemometrics

Dimitrios S. Kasampalis , Pavlos Tsouvaltzis i , Anastasios S. Siomos

Posted Date: 24 April 2025
doi: 10.20944/preprints202504.2079.v1

Keywords: chemometrics; PLS; spectroscopy; quality; flavor; non-destructive techniques

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/774122
https://sciprofiles.com/profile/1130844

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 April 2025 d0i:10.20944/preprints202504.2079.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Assessment of Melon Fruit Nutritional Composition
Using VIS/NIR/SWIR Spectroscopy Coupled
with Chemometrics

Dimitrios S. Kasampalis !, Pavlos Tsouvaltzis 2* and Anastasios S. Siomos !

! Department of Horticulture, Aristotle University of Thessaloniki, 54124 Thessaloniki, Greece
2 Department of Horticultural Sciences, University of Florida, 34142 Immokalee, FL

* Correspondence: ptsouv@ufl.edu

Abstract: The objective of this study was to evaluate the feasibility of using visible, near-infrared and
short-wave infrared (VIS/NIR/SWIR) spectroscopy coupled with chemometrics for non-destructive
prediction of nutritional components in Galia-type melon fruit. A total of 175 fully ripened melons
were analyzed for soluble solids content (S5C), dry matter (DM), pH, and titratable acidity (TA) using
partial least squares regression (PLSR), principal components regression (PCR), and multilinear
regression (MLR) models. Reflectance spectra were captured at three fruit locations (pedicel,
equatorial, blossom end) in the 350-2500 nm range. PLSR models yielded the highest accuracy,
particularly for SSC (R= 0.80) and SSC/TA (R= 0.79) using equatorial zone data. Genetic algorithm
and variable importance in projection (VIP) analyses identified critical wavelengths around 680-720
nm and 900-1000 nm. The study demonstrates the potential of VIS/NIR/SWIR spectroscopy for rapid,
non-destructive melon quality assessment, with implications for commercial postharvest
management.

Keywords: chemometrics, PLS, spectroscopy, quality, flavor, non-destructive techniques

1. Introduction

The assessment of fruit quality is a critical objective within the agricultural sector, essential for
ensuring consumer satisfaction, maintaining market competitiveness, and minimizing postharvest
losses. Traditional methodologies employed for quality assessment have often been characterized by
their destructive nature, time-consuming procedures, and unsuitability for rapid, large-scale
analysis, thus presenting significant limitations in modern agricultural practices. In response to these
challenges, visible-near infrared (VIS/NIR) spectroscopy has emerged as a promising non-destructive
alternative, offering a more efficient and effective means of evaluating fruit quality across a broad
spectrum of applications.

VIS/NIR spectroscopy provides a rapid and accurate method for determining fruit soluble solids
content (SSC) without causing damage to the fruit, addressing a key parameter in quality assessment.
This technique's effectiveness and applicability for large-scale detection make it particularly valuable
in the fruit industry, contributing to enhanced consumer satisfaction and reduced waste. The
application of spectral technology is increasingly important for non-destructive testing (NDT) of
fruits [1], highlighting its growing role in ensuring fruit safety by assessing various attributes such as
size, weight, and internal components, all without compromising the fruit's integrity.

Several studies have demonstrated the effectiveness of VIS/NIR spectroscopy for assessing
various quality parameters in fruits. For instance, VIS/NIR spectroscopy has been used for non-
destructive measurement of water content in fruits such as dragon fruit, guava, sapodilla, and banana
[2] or for predicting sucrose content in healthy and Fusarium spp. infected potatoes [3], non-
destructive assessment of tomato fruit firmness [4] and total phenolics and carotenoids in tomato
fruits [5] among others. The advantages of VIS/NIR spectroscopy extend beyond its non-destructive
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nature, as it not only allows non-invasive measurement of chemical composition in intact citrus fruit
[6] but has shown effectiveness in evaluating chemical quality in fruit products like juices and wine
[7,8].

Although most of the spectroscopy studies use the VIS/NIR (400-1700 nm) part of the
electromagnetic spectrum, there is evidence that capturing reflectance data at wavelengths beyond
1700 nm- in the short-wave infrared region (SWIR)- also plays a crucial role in improving the accuracy
of non-destructive quality assessments in horticultural products. Despite being limited in number,
these studies have demonstrated the value of including these longer wavelengths, as this spectral
region contains key absorption features related to chemical bonds such as O-H, C-H, and N-H, which
are associated with moisture, sugars, acids, and other internal quality attributes. In particular, Zhao
et al. (2024) [9] and Zhang et al. (2024) [10] reported that extending the spectral range up to 2500 nm
significantly enhanced the prediction of soluble solids content and firmness in fruits. Similarly, Chen
et al. (2023) [11] and Liu et al. (2022) [12] showed that reflectance data beyond 1700 nm improved the
discrimination of internal quality traits, reducing prediction errors, while Sun et al. (2021) [13] and
Wang et al. (2009) [14] found that including the 1700-2500 nm range increased the R? values and
reduced RMSE in models predicting moisture and sugar content in apricots and juices. Furthermore,
studies by Li et al. (2012) [15] and Huang et al. (2025) [16] confirmed that the 1700-2500 nm range
contributed critical spectral information for robust non-destructive evaluation of tropical fruits and
mangoes. Collectively, these findings underline the importance of capturing reflectance data beyond
1700 nm for developing sensitive, reliable models in postharvest quality assessment.

There is a need for more fundamental research to understand the complex interaction between
light and fruits, which is crucial for developing more accurate and robust detection models. This
research should aim to enhance the accuracy and robustness of detection models for commercial
applications, facilitating wider adoption and greater impact in the fruit industry [1].

The main objective of this study was to determine whether it is feasible to develop reliable
models for assessing the internal composition of melon fruit, specifically dry matter, soluble solids,
pH, and titratable acidity, by using VIS/NIR spectroscopy coupled with chemometric analyses. The
study aims to contribute to the wider application of non-destructive testing techniques in the melon
industry by addressing these challenges and advancing quality assessment methodologies.

2. Materials and Methods

Plant material

Galia type melon plants (cv. Espartan F1) were grown in an open field, at the farm of Aristotle
University in Thessaloniki, following the usual production practices. One hundred and seventy-five
fully ripened melon fruits, as assessed visually based on the uniform yellow color of the skin, were
harvested by hand on the same day, were transferred to the laboratory within 15 min and were wiped
with dry paper to remove dust and foreign particles from the surface. All fruit were subjected to
nondestructive measurements and were immediately frozen for further nutritional composition
determinations.

VIS/NIR Spectroscopy

A portable spectroradiometer (PSR+ 3500, Spectra Evolution, MA, USA) was used in order to
capture the reflectance spectra of the skin in melon fruits. Three scans were acquired per fruit, one
near the pedicel (P), one at the equatorial diameter (D) and one near the end blossom end (B) of each
fruit (Figure 1). The internal sensor has a 4° field of view under controlled laboratory conditions
capable of capturing the reflectance of fruit tissue at the 350-2500 nm region of the electromagnetic
spectrum, from visible (VIS; 350-725 nm) to near infrared (NIR; 725-1700 nm) and short-wave infrared
(SWIR; 1700-2500 nm). A white plate (spectralon diffuse reflectance standard) was used as the
reference reflectance spectra, capturing almost 100% reflectance in the 350-2500 nm range.
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Figure 1. The locations on the melon fruit that spectral reflectance was measured using the portable PSR+ 3500

spectroradiometer.

Nutritional composition

The inner flesh of all the melon fruit were individually homogenized in a waring blender and
the tissue was used to determine the nutritional composition.

Dry matter was determined after drying 50 g of homogenized tissue at 105 °C for 24 h. Total
soluble solids were determined with the use of a portable electronic refractometer (PAC-1, Atago Co
Ltd., Tokyo, Japan) in juice obtained after squeezing the homogenized sample.

The pH and the titratable acidity were determined in the filtered extract by adding 100 mL
distilled water into 10 g of blended material. The extract was titrated to pH 8.2 with 0.1N NaOH, and
the titratable acidity was expressed as percentage of citric acid.

Statistical analysis

Various regression models between spectra reflectance data and nutritional components were
generated using several chemometric techniques, such as principal components regression (PCR),
partial linear squares regression (PLSR) and multilinear regression (MLR) analyses. PCR and PLSR
are advanced modern regression methods that in contrary to MLR are recommended for analysis of
highly collinear data, as are the spectra reflectance ones. The principal components (PCs) of PCR
model and the latent vectors (LVs) of PLSR are features of these two methods of high importance in
the generation of the regression models. The number of PCs and LVs were selected based on the
lowest root mean square cross validation error (RMSECYV) using the ‘random subset’ method. The
extracted PCs and LVs were later used as inputs in multiple linear regressions (MLR), in order to test
the probability to assess the nutritional components’ content in the melon fruits. MLR is the linear
modeling of the relationship between a dependent and more than one independent variable, as well
as the simplest linear regression method. However, it often encounters multicollinearity issues
among the variables and needs to be used with caution, in order to avoid model overfitting.
Therefore, only models with variance inflation factor (VIF), an indicator of the severity of
multicollinearity, values lower than 4 were selected in the present study. Data analyses were carried
out using Microsoft Excel 2016, SPSS v. 25, MATLAB (Version R2017, The Math-works Inc., Natick,
MA, USA) and PLS Toolbox 8.6 (Eigenvector Research Inc., Manson, WA, USA).

3. Results

The nutritional composition of the 175 melon fruits at harvest is presented in Figure 2. The
average values were 8.75 °Brix for soluble solids content (SSC), 6.12 for pH, 1.17% for titratable acidity
(TA), 7.01% for dry matter (DM), and 8.78 for the SSC/TA ratio. The standard error values were 0.18
for SSC, 0.05 for pH, 0.03% for TA, 0.14% for DM, and 0.34 for SSC/TA, indicating noticeable
variability among the individual melon fruits, especially for the latter component.
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Figure 2. The average (X), the median (horizontal line in the box) and maximum and minimum values of soluble
solids content (SSC), pH, the ratio SSC to titratable acidity (SSC/TA), dry matter (DM) and titratable acidity (TA)
of 175 melon fruit that were harvested at the ripe stage.

Partial least squares regression (PLSR) analysis yielded promising results for predicting melon
nutritional components based on reflectance spectra (Table 1). Table 1 presents the regression
coefficients (Re) and root mean square errors of cross-validation (RMSECV) for SSC, pH, SSC/TA,
and DM predictions using reflectance data captured at the pedicel, equatorial, and blossom end areas.
Among the three fruit areas, the equatorial zone consistently provided the highest prediction
performance for all parameters. Specifically, the highest R was achieved for pH prediction at the
equatorial zone (R = 0.835, RMSECV = (.35 °Brix), followed by SSC (R = 0.815, RMSECV = 1.35 °Brix).
The prediction accuracy for SSC/TA ratio and DM pH was comparatively lower, with R values of 0.79
and 0.77, respectively. At the pedicel and blossom end areas, the predictive performance was
generally lower for all parameters compared to the equatorial zone. In addition to overall predictive
performance, the regression coefficients and root mean square errors for cross-validation (RMSECV)
for each component in Table 2 further support the robustness of the PLSR models in the pooled
datasets, where the regression coefficients exceeded the value of 0.800 (R= 0.820-0.831), significantly
higher that the individual fruit locations or the other regression,methods (PCR and MLR on the
specific wavelengths) (Table 2), also highlighting the advantage of combining multiple measurement
areas.
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Table 1. Regression coefficients and root mean square errors of prediction of soluble solids (SSC), pH, the ratio
SSC to titratable acidity (SSC/TA) and of dry matter in melon fruit based on reflectance data that were captured
on the pedicel, equatorial zone and blossom end area of 175 fruit. The predictions were based on partial least
square regression analyses of all reflectance data in the 340-2500 nm part of the spectrum, followed by analyses
of data from specific regions that were detected using the genetic algorithm and finally based on individual

wavelengths with significant VIP scores within each fruit area.

Area on fruit Wavelength regio R., RMSECV Wavelength region R., RMSECV Wavelength region R., RMSECV

Latent vectors selected from the Specific regions selected with genetic  Specific wavelengths (nm) selected
Pedicel whole spectrum algorithm with VIP scores
SSC 340-2500 nm 0.785 1450 A 0.817 1.343 693, 1945 0.752  1.538
pH 340-2500 nm 0.837 0.346 B 0.847 0.335 690, 1079, 1400 0.822  0.340
SSC/TA 340-2500 nm 0792 2733 C 0.822 2.537 660, 754 0.769 2.835
DM 340-2500 nm 0.696 1.310 D 0.736 1.236 2131 0.670 1.351
Diameter Diameter
SSC 340-2500 nm 0.799 1403 E 0.815 1.353  691,2018 0.759 1.516
pH 340-2500 nm 0.832 0.350 F 0.835 0.348  691,1193,1406 0.811 0.369
SSC/TA 340-2500 nm 0.794 2702 G 0.791 2.723 691, 978, 2215 0.777  2.794
DM 340-2500 nm 0.749 1.208 H 0.771 1.160 2002 0.707 1.287
Blossom end Blossom end
SSC 340-2500 nm 0.801 1.397 I 0.802 1.396  676,1728,1890  0.743 1.564
pH 340-2500 nm 0.832 0350 ] 0.825 0.357  688,1191, 1403  0.807 0.372
SSC/TA 340-2500 nm 0.793 2.708 K 0.777 2.808 688, 2027 0.769 2.836
DM 340-2500 nm 0.746 1.215 L 0.727 1.253 2026 0.645 1.390

A:350:374, 600:624, 1025:1074, 1100:1124, 1175:1249, 1325:1349, 1450:1474, 1675:1699,1725:1749, 1825:1849, 2050:2124, 2350:2399, 2425:2449 nm

B: 350:374, 425:449, 475:524, 550:574, 600:624, 725:749, 775:799, 825:849, 875:899, 1025:1049, 1075:1099, 1150:1174, 1300:1324, 1350:1449, 1500:1549,
1575:1599, 1625:1649, 1675:1699, 1775:1799, 1950:1974, 2425:2449 nm

C:375:399, 525:599, 700:724, 775:799, 825:874, 1025:1124, 1250:1399, 1650:1674, 1775:1799, 2100:2149, 2200:2299, 2325:2424, 2475:2499 nm

D: 350:424, 500:524, 550:574, 1050:1099, 1150:1199, 1225:1249, 1675:1699, 2025:2049, 2075:2099, 2125:2149, 2175:2249, 2450:2474 nm

E: 350:374, 450:474, 525:549, 575:599, 650:674, 1375:1399, 1450:1474, 1500:1524, 1600:1624, 1675:1799, 2050:2074, 2100:2124, 2200:2224, 2275:2324 nm

F: 450:499, 575:599, 1300:1324, 1375:1449, 1525:1549, 1575:1599, 1625:1649, 1675:1724, 1750:1774, 2050:2074, 2225:2249, 2350:2374, 2475:2499 nm

G: 425:474, 575:624, 1125:1149, 1175:1199, 1300:1324, 1625:1649, 1800:1824, 2000:2124 nm

H: 450:574, 650:674, 875:899, 1225:1249, 1350:1374, 1400:1424, 1475:1499, 1525:1574,1725:1749,1775:1799, 1825:1849, 2000:2099, 2250:2374, 2400:2424 nm
1: 425:474, 525:574, 650:674, 850:899, 975:1024, 1225:1249, 1375:1424, 1525:1549, 1675:1749, 1775:1849, 2275:2299 nm

J: 450:474, 525:574, 850:874, 1225:1299, 1325:1399, 1600:1624, 2025:2049, 2375:2399, 2450:2499 nm

K: 400:499, 625:649, 1275:1374, 1400:1424, 1575:1599, 1625:1674, 1700:1724, 1800:1824, 2000:2024,2075:2099, 2150:2174, 2200:2249, 2375:2399, 2425:2449 nm

L: 525:549, 650:674, 725:749, 825:874, 1150:1199, 1325:1374, 1425:1449, 1525:1549, 1700:1749, 1775:1824, 1950:1974, 2025:2074, 2100:2124, 2175:2224,
2250:2324,2350:2374, 2425:2449 nm
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Table 2. Regression coefficients and root mean square errors of prediction of soluble solids (SSC), pH, the ratio

SSC to titratable acidity (SSC/TA) and of dry matter in melon fruit based on the integrated reflectance data that

were captured on the pedicel, equatorial zone and blossom end are of 175 fruit. The predictions were based on

principal component (PC) or partial least square (PLS) regression analyses of all reflectance data in the 340-2500

nm part of the spectrum, followed by multilinear regression analyses using data from individual wavelengths

that were extracted using the VIP scores criterium within each fruit area.

Wavelength regions R, RMSECV
Principal components
SSC P1, P2, D3, B4 0.810 1.367
pH P2, P3, B1, B4 0.845  0.337
SSC/TA D3, B1, B2, B3 0.803  2.647
DM P1, D1, D3, B2, B4 0.775 1.515
Latent vectors
SSC P1, D3, B2, B3, B4 0.831  1.301
pH P2, P3, Bl 0.846  0.336
SSC/TA P1,P4,D3,B1,B2,B3 0.808 2.618
DM P1, D3, B1,B2,B3,B4  0.820 1.045
Specific wavelengths
SSC 693p, 2018d, 1890b 0.794 1421
pH 690p, 1079p, 1403b 0.825  0.357
SSC/TA 660p, 754p, 2215d, 202! 0.784  2.755
DM 2131p, 2002d, 2026b 0.740 1.224

Px, Dx and Bx represent the pricncipal components or latent

vectors that were extracted using the principal component

regression (PCR) and partial linear regression (PLSR)

Principal Component Regression (PCR) performance was slightly lower overall, as shown in
Figure 3, which illustrates the prediction results for SSC, pH, SSC/TA, and DM using PCR models
based on pooled reflectance data captured at the pedicel, equatorial, and blossom end areas.
Predictions for SSC, SCC/TA and pH yielded R values of 0.81, 0.80 and 0.85, respectively, and slightly
lower for dry matter (R= 0.78). According to Table 1, it turned out that the prediction of these

components using the PCR model is not significantly different than the measurements on the

individual areas on fruit.
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Figure 3. Prediction of soluble solids content (SSC), pH, the ratio SSC to titratable acidity (SSC/TA) and dry
matter (DM) based on principal component (PC) regression analyses of reflectance data captured initially at the
pedicel, equatorial zone and blossom end area of 175 melon fruit at 350-2500 nm and later being integrated into

a pooled data set.

When combining data measurements from all fruit areas into a pooled dataset (Figure 4), PLSR

models consistently improved prediction accuracy for all components; SSC (R =0.83, RMSECV =1.30
°Brix), SSC/TA (R = 0.76, RMSECV= 2.62), pH (R = 0.85, RMSECV = 0.34) and dry matter (R = 0.83,
RMSECV=1.05%). Figure 3 displays these results graphically, highlighting the superior performance
of PLSR in the pooled dataset compared to single-area models (Table 1), as well as to PCR model-

based assessments (Figure 3).
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Figure 4. Prediction of soluble solids content (S5C), pH, the ratio SSC to titratable acidity (SSC/TA) and dry
matter (DM) based on partial least squares (PLS) regression analyses of reflectance data captured initially at the
pedicel, equatorial zone and blossom end area of 175 melon fruit at 350-2500 nm and later being integrated into

a pooled data set.

Figure 5 presents the regression coefficients linking principal components (PCs) to specific
wavelengths across the three fruit zones: pedicel, equatorial, and blossom end. These coefficients
provide insight into how different spectral regions contribute to the prediction of each nutritional
component in melon fruit. Each subplot highlights the spectral loadings corresponding to the most
influential principal components retained in the PCR models. Distinct wavelength bands showed
strong associations with individual components. For instance: for soluble solids content (SSC), the
highest coefficient peaks were observed near 680-720 nm, 970-980 nm, and 1450-1500 nm, which
correspond to absorption features related to pigments and water-soluble compounds. Dry matter
(DM) was primarily influenced by the 900-1000 nm and 1900-1950 nm regions, indicative of complex
carbohydrate and moisture content absorptions. Titratable acidity (TA) and pH exhibited less distinct
but still meaningful associations, especially within the 1050-1150 nm and 1350-1450 nm bands,
reflecting possible associations with organic acid content and related molecular structures.
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Figure 5. Regression coefficients between the principal components (PCs) and the specific wavelengths for each

of the measurement area upon 175 melon fruit that were harvested at the ripe stage.

The variation in regression coefficients across the three fruit areas underscores spatial
heterogeneity within melon fruits. Notably, the equatorial zone consistently exhibited stronger and
more coherent coefficient profiles, reinforcing earlier findings that this region offers the most stable
predictive capacity for all measured traits.

Variable selection using genetic algorithm (GA) successfully identified spectral regions critical
for each nutritional parameter. Figures 6-8 display the specific wavelength regions selected by GA
for SSC, pH, SSC/TA, and DM predictions at the pedicel, equatorial, and blossom end areas,
respectively. At the pedicel area (Figure 6), key wavelengths for SSC were found around 670-700 nm
and 1050-1100 nm, with important wavelengths for pH prediction located near 1450 nm, and for dry
matter in the ranges 1900-1950 nm. At the equatorial zone (Figure 7), SSC prediction was most
influenced by reflectance in the 680-720 nm and 900-1000 nm regions. Similar ranges were influential
for dry matter and SSC/TA ratio predictions. At the blossom end (Figure 8), similar regions showed
importance for SSC and DM, though overall predictive performance was slightly lower than the
equatorial zone.
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Figure 6. Specific wavelength regions from the reflectance data that were captured on the pedicel area of melon
fruit and were identified using the genetic algorithm (GA) that exhibit the most significant importance in
nutritional components predictions, in each of the components; soluble solids content (SSC) (in blue), pH (in

yellow), the ratio SSC to titratable acidity (in green) and dry matter (DM) (in red).
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Figure 7. Specific wavelength regions from the reflectance data that were captured on the equatorial zone area

of melon fruit and were identified using the genetic algorithm (GA) that exhibit the most significant importance
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in nutritional components predictions, in each of the components; soluble solids content (SSC) (in blue), pH (in

yellow), the ratio SSC to titratable acidity (in green) and dry matter (DM) (in red).
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Figure 8. Specific wavelength regions from the reflectance data that were captured on the blossom end area of
melon fruit and were identified using the genetic algorithm (GA) that exhibit the most significant importance in
nutritional components predictions, in each of the components; soluble solids content (SSC) (in blue), pH (in

yellow), the ratio SSC to titratable acidity (in green) and dry matter (DM) (in red).

Variable importance in projection (VIP) analysis (Figure 9) confirmed that specific wavelengths
between 680-720 nm, 900-1000 nm, 1400-1500 nm, and 1900-2000 nm were consistently critical in
predicting SSC, DM, and SSC/TA ratio, with peaks approaching or exceeding the significance
threshold. The highest VIP scores for SSC prediction were noted around 690 nm and 950 nm, while
dry matter prediction was influenced most by wavelengths in the 1450 nm and 1950 nm ranges. The
1400-1500 nm region was particularly important for predicting pH and SSC/TA, likely due to its
sensitivity to water and acid contents.
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Figure 9. Specific wavelengths that were identified using the variable importance in projection (VIP) scores, with
peaks that exhibit the greatest importance in nutritional component predictions; soluble solids content (55C) (in
blue line), pH (in red line), the ratio SSC to titratable acidity (in yellow line) and dry matter (DM) (in purple line).
The red dotted line represents the significant threshold, above of which reflectance is strongly associated with

the nutritional components.

4. Discussion

The findings of this study confirm the high potential of VIS/NIR/SWIR spectroscopy combined
with chemometric analysis for predicting internal quality attributes of melon fruit. The quality
assessment of fruits is a critical aspect of postharvest management, influencing consumer satisfaction,
market value, and agricultural sustainability. As noted above, while the traditional methods for
evaluating fruit quality, such as refractometry, titratable acidity measurements, and destructive
texture analysis, are often time-consuming, labor-intensive, and impractical for large-scale
applications [9], the visible and near-infrared (VIS-NIR) spectroscopy has emerged in recent decades
as a powerful non-destructive tool for rapid and accurate quality assessment across a wide range of
fruits, including melons [2,17,18]. Unlike destructive methods, spectroscopy enables rapid, non-
invasive measurements, making it ideal for high-throughput quality control in packinghouses and
supply chains [19-21]. This technology leverages the interaction of light with organic molecules to
predict internal quality attributes such as soluble solids content (SSC), firmness, acidity, moisture
content and other components without damaging the produce [22,23].

The application of spectroscopy in fruit quality evaluation has been extensively studied, with
notable success in species like apples [24,25], tomatoes [26,27], citrus [28,29], and stone fruits [30,31].
However, melons present unique challenges due to their thick rinds, internal structural variability,
and the need for precise maturity assessment at harvest [32-34]. Despite these challenges, recent
advancements in spectroscopic techniques and machine learning algorithms have demonstrated the
feasibility of using spectroscopy for melon quality assessment with high accuracy [16,35,36]. In our
study, the PLSR models demonstrated excellent predictive ability for soluble solids content and dry
matter, especially when using reflectance data from the equatorial zone. This is consistent with
previous research on other fruits, where equatorial measurements often offer the most representative
spectral information due to reduced rind interference and uniform tissue structure [37].

VIS/NIR/SWIR spectroscopy operates on the principle that different chemical bonds in organic
molecules absorb and scatter light at specific wavelengths, producing spectral signatures that
correlate with fruit composition [38]. The 680-720 nm range corresponds to chlorophyll absorption,
while the 900-1000 nm region is associated with water and sugar absorptions, explaining their strong
influence on SSC and dry matter prediction [39]. The identification of critical wavelength regions
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through both genetic algorithm and VIP scores analyses aligned with reported studies in fruits such
as apples, peaches, and citrus [28,30,31]. Several studies have demonstrated the effectiveness of
spectroscopy in predicting key melon quality parameters. For instance, Sun et al., (2017) [34] utilized
hyperspectral imaging (400-1000 nm) to assess SSC and titratable acidity in Hami melons, achieving
robust predictive accuracy (R? > 0.90) using partial least squares (PLS) regression. Similarly, Bureau
et al. (2009) [30] and Camps & Christen (2009) [31] applied portable NIR spectroscopy to evaluate
apricot fruit quality, highlighting the potential for similar applications in melons. The non-
destructive nature of these techniques allows for repeated measurements on the same fruit,
facilitating dynamic quality monitoring during storage and ripening [37].

Despite its advantages, the application of VIS/NIR/SWIR spectroscopy for melon quality
assessment faces several challenges. These challenges include issues related to data acquisition,
model performance, and the influence of external and internal interferences that can affect the
accuracy and reliability of measurements [1]. Biological variability, environmental influences,
differences between cultivars, growing conditions, and postharvest handling [33], can limit model
generalizability. Probably the major limitation in melons is the thick rind of certain melon varieties
(e.g., watermelon, cantaloupe), which can impede light penetration and reduce the accuracy of
internal quality predictions [32,40]. The latter authors investigated dielectric spectroscopy for melon
quality sensing but found that surface measurements provided limited correlation with internal
sweetness, emphasizing the need for deeper-penetrating optical techniques. However, traditional
calibration models developed for one melon variety may not generalize well to others, necessitating
cultivar-specific adjustments [41]. Additionally, environmental factors such as temperature
fluctuations and sample moisture content can influence spectral readings, requiring robust
preprocessing techniques to enhance model stability [42,43].

To address these challenges, researchers have explored advanced chemometric and machine
learning approaches to improve the robustness of VIS/NIR models. Partial least squares regression
(PLSR) remains the most widely used algorithm due to its ability to handle multicollinearity in
spectral da [6,44]. The superior performance of PLSR over PCR and MLR models in our study reflects
its capacity to handle collinearity and capture latent relationships within spectral data. According to
our findings, PLSR models yielded the highest accuracy, particularly for SSC (R=0.80) and pH (R=
0.83) when using equatorial zone data, further supporting the effectiveness of this method.
Additionally, combining measurements from multiple fruit areas into pooled datasets improved
model accuracy, reinforcing the value of multi-point sampling for fruits with internal heterogeneity
[35]. Indeed, our results confirmed that combining data from all fruit areas into a pooled dataset
improved prediction accuracy for all components, with PLSR models consistently outperforming
single-area models.

Newer techniques such as support vector machines (SVM), artificial neural networks (ANN),
and convolutional neural networks (CNN) have shown promise in enhancing prediction accuracy,
particularly for complex datasets [45]. For example, Minas et al. (2021) [46] developed non-
destructive tools for peach quality assessment using VIS/NIR spectroscopy combined with machine
learning, achieving high accuracy for dry matter content (R2 = 0.92) and SSC (R? = 0.88). Similarly,
Yang et al. (2024) [47] proposed a knowledge-guided convolutional neural network (KGCNN) to
reduce predictive uncertainty in fruit quality assessment, demonstrating superior performance
compared to traditional PLS models. These advancements suggest that hybrid modeling
approaches—combining spectral data with environmental and agronomic variables—could further
improve melon quality prediction [36].

Furthermore, it is also important that these non-destructive methods are embedded with devices
that combine prediction accuracy and ease of use. In that sense, the development of portable NIR
spectrometers and hyperspectral imaging systems has expanded the potential for real-time, on-field
quality assessment. Portable devices, such as those tested by Lamptey et al., 2023 [19] and Kusumiyati
et al. (2020) [48], allow for rapid in-situ measurements of SSC and acidity in fruits, reducing reliance
on laboratory-based analyses. Hyperspectral imaging, which captures both spatial and spectral
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information, has been particularly effective in detecting internal defects and maturity gradients in
fruits like tomatoes and apple [4,49,50].

The integration of VIS/NIR spectroscopy into commercial fruit supply chains is still evolving,
with several barriers to widespread adoption. Cost remains a limiting factor, as these high-end
hyperspectral systems and portable NIR devices can be expensive for small-scale producers [51]
However, the decreasing cost of spectroscopic hardware and the development of open-source
machine learning tools are making technology more accessible [52] future research should focus on
i) multi-sensor fusion that will combine VIS-NIR spectroscopy with other non-destructive techniques
(e.g., acoustic resonance, X-ray imaging) to improve prediction robustness [53] ii) real-time
processing to enhance computational efficiency for inline sorting systems in packinghouses [17] and
iii) on the development of standardized protocols that will integrate universal calibration models
which account for varietal differences and environmental effects [54].

5. Conclusions

This study underscores the value of VIS/NIR/SWIR spectroscopy combined with advanced
chemometric modeling for rapid, non-destructive quality assessment of melons, particularly for SSC
and dry matter, where PLSR analyses consistently outperformed PCR and MLR in all cases. In
addition, the equatorial region of the fruit was proven to be the most reliable measurement point for
quality assessment, although combining measurements from multiple fruit areas enhanced
prediction performance, particularly for SSC and dry matter. At last, the 680-720 nm and 900-1000
nm ranges were repeatedly identified as key wavelengths for melon quality prediction, and indeed
specific wavelength ranges determined by the genetic algorithm and VIP analysis align with known
absorption features associated with sugars, water, and organic acids.

VIS-NIR spectroscopy represents a transformative tool for non-destructive melon quality
assessment, offering rapid, accurate, and scalable solutions for the horticultural industry. While
challenges related to light penetration, biological variability, and model generalizability persist,
advancements in machine learning, portable devices, and hyperspectral imaging are paving the way
for broader adoption. As demand for high-quality, sustainably produced fruits grows, VIS-NIR
spectroscopy will play an increasingly vital role in optimizing postharvest management and reducing
food waste.
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Abbreviations

The following abbreviations are used in this manuscript:

PLSR Partial least squares regression
VIS/NIR Visible-near infrared

SWIR Short wave infrared

PCR Principal components regression

MLR Multilinear regression
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LV Latent vectors

GA Genetic algorithm

VIP Variable importance in projection

VIF Variable inflation factor

S5C Soluble solids content

TA Titratable acidity

DM Dry matter

Rev Regression coefficient of cross-validation

PMSECV  Root mean squares error in cross-validation
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