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A B S T R A C T

Blood oranges are gaining attention due to their vibrant red pigmentation and associated health benefits, pri
marily attributed to their high content of anthocyanins. These pigments not only enhance the fruit's visual appeal 
but also offer potent antioxidant and anti-inflammatory properties, which contribute to the prevention of 
metabolic disorders such as cardiovascular diseases and diabetes. As consumer demand increase, it is crucial for 
packing houses and breeding programs to non-destructively assess internal fruit quality parameters, including 
total soluble solids (TSS), titratable acidity (TA), maturity index (MI) and anthocyanin content. Understanding 
how climatic conditions influence these parameters is also essential for optimizing fruit quality and meeting 
market expectations. This study first investigates how chilling temperatures affect anthocyanin biosynthesis in 
‘Sanguinelli’ blood oranges. It then aims to develop and compare models for the non-destructive prediction of 
key quality parameters, including TSS, total anthocyanin content and MI, using NIR hyperspectral imaging. 
Results indicated that early-season chilling hours were strongly correlated with increased anthocyanin accu
mulation. In contrast, late-season chilling was associated with a slight reduction in TSS content. Three machine 
learning models were employed for predictive modeling: Partial least squares (PLS), support vector machine 
(SVM), and a multi-layer perceptron (MLP). The prediction of TSS and anthocyanin content achieved R2 scores of 
0.72 and 0.61, respectively. However, the predictions for TA and MI were not satisfactory. When assessing in
ternal pigmentation, the best model, the MLP achieved accuracies of 79 % and 66 % for two and three different 
pigmentation groups, respectively. The MLP also achieved high accuracy for internal pigmentation discrimina
tion and demonstrated good predictive capabilities for TSS and internal pigmentation. These findings confirm the 
potential of NIR as a rapid and reliable tool for the non-destructive quality control and internal pigmentation 
sorting of ‘Sanguinelli’ blood oranges.

1. Introduction

Oranges, particularly blood oranges [Citrus sinensis L. (Osbeck)], play 
a significant role in Europe and Spain due to their cultural, economic, 
and nutritional importance. The Mediterranean region leads orange 
production in the EU, with Spain producing 56 % of the total, followed 
by Italy with 24 % and Greece with 14 % (Eurostat, 2025). Blood or
anges are widely appreciated by consumers, and being acknowledged as 
a functional food with remarkable health benefits (Pio Ávila et al., 
2022). Their distinctive red colour, caused by anthocyanins, makes 

them visually appealing and emphasizes their unique biochemical 
composition (Garrido-Auñón, Padilla-González, et al., 2025). Anthocy
anins are powerful antioxidants that give blood oranges their distinctive 
pigmentation. These compounds have radical-scavenging properties 
that contribute to their anti-cancer, anti-inflammatory, and cardiovas
cular protective effects. Blood oranges also contain other bioactive 
compounds, such as flavonoids, carotenoids, ascorbic acid, and 
hydroxycinnamic acids, which enhance their health benefits further 
(Grosso et al., 2013) These health benefits are a key factor in the 
growing popularity of blood oranges (Lo Piero, 2015).
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The acceptance of blood oranges among consumers varies by country 
and is influenced by factors such as familiarity, sensory characteristics, 
and perceived health benefits. A cross-cultural study conducted in 
China, Mexico, Spain, and Italy by Giménez-Sanchis, Zhong, et al. 
(2022) found that Italians had the highest availability and consump
tion of blood oranges. Across all the countries studied, the main moti
vations for consumption were ‘liking’ and ‘health benefits’. Spanish 
consumers particularly appreciated the intense pigmentation of blood 
oranges but found them less convenient to eat than other citrus fruits. A 
similar study involving Italian and Spanish consumers by the same 
author, Giménez-Sanchis, Pons-Gómez, et al. (2022), p. 3058, revealed 
that Spanish consumers preferred blood orange cultivars with less 
intense pigmentation to deeply red ones. In Spain specifically, consumer 
response to blood oranges is positively influenced by health-related 
claims; however, this did not significantly change the preferences of 
Italian consumers.

The internal quality and pigmentation of blood oranges can vary 
significantly between seasons, primarily due to environmental factors 
such as temperature. Cold temperatures are known to increase the 
amount of anthocyanin content in blood oranges by triggering specific 
genetic and biochemical pathways (Crifò et al., 2011). This process is 
mediated by the activation of the ‘Ruby’ gene, which is essential for 
anthocyanin biosynthesis and cold-dependent (Caruso et al., 2016; Chen 
et al., 2023). During colder periods, transcriptomic changes activate 
flavonoid biosynthesis pathways, increasing pigmentation in pulp and 
rind. Seasonal differences also affect other internal quality parameters, 
such as sugar content and acidity, which are influenced by maturation 
stages and environmental conditions (Caruso et al., 2016). In addition, 
deficit irrigation can also lead to increased total soluble solids (TSS), 
titratable acidity (TA) and anthocyanins (Pérez-Pérez et al., 2023). 
Given the importance of internal quality in blood oranges, it is crucial to 
determine their quality in a non-destructive way. While traditional 
methods require the destruction of the sample, hyperspectral imaging 
(HSI) is a powerful, non-destructive technology that combines imaging 
and spectroscopy to assess fruit quality (Cai et al., 2025; Riccioli et al., 
2021; Sun, 2010). Sugar content, acidity, anthocyanins and internal 
pigmentation are all vital factors in determining fruit quality, and HSI 
could be an efficient tool for quality control in commercial operations. 
While the research conducted by Riccioli et al. (2021) and Cai et al. 
(2025) demonstrates the efficacy of HSI for evaluating quality in 
blond oranges, these studies do not specifically focus on blood oranges. 
Consequently, a knowledge gap exists regarding the use of these 
non-destructive technologies to estimate the unique internal attributes 
of blood oranges without fruit destruction.

One major benefit of HSI is its ability to analyse multiple internal 
parameters simultaneously without damaging the fruit. However, the 
thick rind of citrus fruits poses a challenge as it limits light penetration 
since light can only penetrate a few millimetres into the rind as proved in 
persimmon fruit by Rodríguez-Ortega et al. (2023), which reduces the 
accuracy of prediction of pulp parameter, such as pigmentation, sugar 
content or acidity.

To extract meaningful information from the high-dimensional spec
tral data generated by HSI, exploratory analysis and supervised model
ling approaches are commonly employed. Principal Component Analysis 
(PCA) is widely used as an exploratory step to identify dominant sources 
of variance, and reveal clustering patterns among samples prior to 
model development (Dunteman, 1989; Greenacre et al., 2022). Building 
on this foundation, supervised regression and classification methods can 
then be applied to establish predictive relationships between spectral 
features and quality parameters. Among these, Partial Least Squares 
regression (PLS) has been extensively adopted in food quality assess
ment due to its ability to handle collinear spectral data and small sample 
sizes. Support Vector Machines (SVM) offer robust performance in both 
regression and classification tasks by identifying optimal decision 
boundaries in high-dimensional feature spaces, making them well-suited 
for complex spectral datasets More recently, Multilayer Perceptron 

networks (MLP) have demonstrated strong predictive capacity for 
non-linear relationships in spectroscopic applications (Cen & He, 2007; 
Müller & Guido, 2016; Sharma et al., 2021). The combined use of these 
methods provides a comprehensive analytical framework for the 
non-destructive assessment of fruit quality from HSI data.

The present research study examines the viability of HSI for these 
complex measurements. Several studies have previously examined the 
internal quality of citrus fruits using hyperspectral imaging or spec
troscopy, with some focusing particularly on the impact of environ
mental factors on peaches, sweet lemon or orange quality parameters 
(Moomkesh et al., 2017; Pan et al., 2016; Riccioli et al., 2021; Tian et al., 
2022). To date, no studies have specifically applied HSI to assess quality 
in ‘Sanguinelli’ blood oranges. Therefore, this research aims to 
non-destructively predict key parameters, including TSS, TA, anthocy
anin content, and maturity index (MI). Additionally, given the signifi
cance of anthocyanins for human health and the distinctive internal 
pigmentation of blood oranges, which enhances their value compared to 
blond oranges, this study also emphasizes in predicting and classifying 
blood oranges based on their internal pigmentation which would be very 
useful for both packing houses and retailers.

2. Materials and methods

2.1. Plant material and climate data

Blood orange trees [Citrus sinensis L. (Osbeck)] of the ‘Sanguinelli’ 
cultivar were grafted onto Citrus macrophylla vigorous rootstock in 2011, 
were used in the experiments, which were conducted over three seasons 
(2022–2023, 2023–2024 and 2024–2025) when the trees were 10, 11 
and 12 years old. The research was carried out in a commercial plot 
owned by Las Moreras Fruits & Veggies and located in Algorfa, Alicante, 
Spain (GPS coordinates: 38.08369, −0.77392). A total of 1080 ‘San
guinelli’ blood oranges were used in this study, which was conducted 
over three different seasons in order to capture sufficient variability. 
This is because fruit quality is closely linked to climatic conditions, 
which can vary significantly from year to year. A total of 360 oranges 
were analysed in each season: 2023 (25th January), 2024 (7th 
February), and 2025 (14th January). Samples were collected at random 
from the orchards in January and February to ensure variability.

Climate data were obtained from the weather station located at 
Rojales (Alicante, Spain), named ‘El Molino’ from the (AEMET - Estación 
meteorológica Rojales, n.d.).

2.2. Hyperspectral imaging system and data acquisition

Each fruit was independently imaged using a hyperspectral system at 
the Valencian Institute for Agricultural Research (IVIA) in Spain. This 
consisted of a NIR hyperspectral camera (Headwall NIR R-Series camera, 
Bolton, MA, USA) with a spectral range of 900–1700 nm and 5 nm 
spectral resolution; a Kowa lens (Kowa LM25HC-SW, Nagoya, Japan); a 
dark box; an illumination dome containing 18 halogen lamps of 55 W 
and 12 V (LLB477 Lucas Lighting, Itasca, IL USA); two fans; a conveyor 
belt travelling at 20 mm s−1; and a computer. The reflectance images 
were then corrected using white and dark references (Spectralon, NH, 
USA) and subsequently segmented.

Segmentation was performed by applying PCA exclusively as a pre
processing tool to facilitate background removal from the hyperspectral 
images. This use of PCA is strictly instrumental, serving as an image 
processing step. Specifically, the first principal component (PC1) was 
extracted from each hyperspectral image using the scikit-learn Python 
library, as it captured the greatest variance in the data and provided 
sufficient contrast between the sample and the background. This 
contrast enabled straightforward binarization and mask generation 
using Otsu's thresholding method from the scikit-image library. The 
resulting mask was then applied to the original hyperspectral image to 
isolate the region of interest and remove the background. Subsequently, 
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the mean spectrum of each segmented image was extracted and saved, 
forming the spectral dataset for each year. Finally, Standard Normal 
Variate (SNV) scatter correction was applied to the raw reflectance 
spectra. SNV is a spectral preprocessing technique that standardizes 
each individual spectrum by subtracting its mean and dividing by its 
standard deviation, thereby reducing the effects of scatter and baseline 
variations caused by differences in surface properties or illumination 
(Fearn et al., 2009).

2.3. Quality analysis

After the spectral data acquisition, blood orange juice was extracted 
from each fruit individually using an electric juicer. All destructive an
alyses were conducted within the CIAGRO postharvest facilities at 
Miguel Hernández University (Orihuela, Alicante, Spain). The TSS 
content was measured in duplicate for each individual juice sample 
using a digital refractometer (Hanna Instruments, Rhode Island, USA) at 
20 ◦C, with results (mean ± SE) expressed as ◦ Brix. On the other hand, 
the TA was also determined in duplicate per fruit via automatic titration 
(1010 OMNIS Sample Robot S, Metrohm, Herisau, Switzerland) to a pH 
endpoint of 8.10, using 1 mL of juice in 25 mL of distilled water and 0.1 
N NaOH. TA results (mean ± SE) were reported as percentage (%) of 
citric acid in fresh weight (FW). Finally, the MI of the blood oranges was 
shown as an absolute value obtained by dividing the TSS by the TA 
(Serna-Escolano, Giménez, Serrano, et al., 2024).

Juice anthocyanin extractions and quantifications were carried out 
using a method adapted from that reported by (Habibi et al., 2020). The 
total anthocyanin content of the juice was measured by extracting 2.5 
mL of juice with 5 mL of methanol/hydrochloric acid/water (25:1:24, 
v/v/v) using a mortar and pestle. The extracts were then centrifuged at 
10,000 g for 10 min at 4 ◦C. Total anthocyanin content in the resulting 
supernatant was quantified by measuring the absorbance at 520 nm 
using a spectrophotometer (UV-1900 Spectrophotometer, Shimadzu 
USA Manufacturing Inc., Canby, USA). Quantification was performed 
using an external calibration curve of cyanidin-3-O-glucoside (Sig
ma-Aldrich, St. Louis, MO, USA) as a standard. The calibration standards 
were prepared in the extraction solvent across a concentration range of 
0.5 to 100 mg L−1, exhibiting high linearity (R2 = 0.998). Results were 
expressed as mg of cyanidin-3-O-glucoside equivalents (C3G) per L of 
juice.

2.4. Model development and calibration

Predictive internal pigmentation groups were established by 
applying k-means clustering (Scikit-learn, Python) to anthocyanin 
values. The optimal number of clusters was determined using the Elbow 
method, which assesses the explained variance across increasing 
numbers of clusters; the point at which additional clusters yield 
diminishing returns (‘the elbow’) was selected as optimal (Madhulatha, 
2012). Differences in the internal chemistry of ‘Sanguinelli’ blood or
anges such as TSS, acidity and anthocyanin levels were observed when 
the fruit was grown under different climate conditions each year. These 
differences affect the fruit's spectral signatures. Therefore, the models 
may misinterpret these climate-driven spectral shifts as changes in 
chemical quality. A common approach to improving calibration per
formance in a new validation population is to add samples from the 
validation dataset to the calibration dataset (Cavaco et al., 2018; Guthrie 
et al., 2005; Pires et al., 2022), proving it solves problems when using 
external validation with a different harvest season while avoiding in
ternal calibration. This provides less realistic predictions than testing 
with new independent data (Serna-Escolano, Giménez, Zapata, et al., 
2024; Zude et al., 2008). In this study, calibration was performed 
using datasets from the first two seasons; 2022–2023 and 2023–2024, 
and was then recalibrated using 30 % of the validation dataset which 
corresponds to the 2024-2025 season.

Three commonly used machine learning (ML) algorithms were 

implemented: PLS, SVM, and a multilayer perceptron MLP. Model 
training and subsequent data analysis were conducted on a workstation 
equipped with a 14-core Intel i9 processor (12th generation; Intel Inc., 
Santa Clara, CA, USA), 64 GB of DDR4 RAM, and an 8 GB GPU (NVIDIA 
GeForce RTX 5070 Ti; Nvidia Inc., Santa Clara, CA, USA).

Hyperparameter optimisation was performed using 10-fold cross- 
validation implemented via the Python scikit-learn library. For the 
PLS models, the optimal number of latent variables was determined 
using GridSearchCV to evaluate every possible value of n_components 
from 1 up to the maximum number of available wavelengths (170 
combinations). For the SVM and MLP models, RandomizedSearchCV 
was utilised to explore their respective parameter spaces: for the SVM, C 
= logspace(−2, 5, 200), kernel = {linear, poly, rbf, sigmoid}, gamma =
{scale, auto}, and degree = {2, 3, 4, 5}, yielding 6400 combinations; for 
the MLP, n_layers = {2, 3, 4, 5, 6, 8, 10}, first_layer_nodes = {200, 150, 
75, 60}, and intermediate_layer_nodes = {200, 179, 157, 136, 114, 92, 
71, 49, 27, 6}, yielding 280 combinations. A total of 6849 combinations 
were explored across all three models. Across all models, the final 
hyperparameters were selected based on the same performance criteria: 
the lowest root mean square error of cross-validation for regression 
tasks, and the highest accuracy for classification tasks. The parameters 
selected for the regression and classification models are shown in Ta
bles 1 and 2, respectively.

The performance of the regression models was evaluated on both the 
training and validation datasets using the coefficient of determination 
(R2), mean absolute error (MAE) and root mean squared error (RMSE). 
R2 indicates the proportion of the variance in the dependent variable 
that is explained by the independent variables. MAE measures the 
average absolute difference between the predicted and actual values, 
while RMSE also measures the average absolute error between the 
predicted and actual values, but expresses it in the same units as the 
original data. Classification models were evaluated using accuracy, 
precision, and recall, and confusion matrices were generated for the 
validation set. Accuracy measures the proportion of correctly classified 
samples out of the total number of samples. Precision indicates how 
many of the samples assigned to a given class were correctly classified. 
Recall indicates how many of the true samples in a given class were 
correctly detected by the model (Ballabio et al., 2018; Sokolova & 
Lapalme, 2009).

2.5. Statistical and spectral analysis

Statgraphics Centurion 19 (Statistical Graphics Corporation, Rock
ville, MA, USA) was used to perform a multifactor analysis of variance 
(ANOVA) and a Tukey's multiple range test on the instrumental orange 
quality data to analyse the effect of each season. Since neither parameter 
followed a normal distribution, the non-parametric Kruskal–Wallis test 
was also employed to identify significant differences in quality param
eters based on year and environmental temperature. A Pearson corre
lation matrix was also created using Python and the Seaborn library to 
study the linear relationship between the measured quality parameters 
and the harvest seasons. Statistically significant differences were 
considered at p < 0.05.

Following spectral preprocessing, PCA was applied to the spectral 
dataset as an exploratory multivariate analysis tool to characterise and 
understand the underlying spectral differences among samples accord
ing to their composition and grouping. This application of PCA was 
distinct from its use in Section 2.2, where it served solely as an image 
segmentation aid. Here, PCA was employed in its classical statistical 
role: an unsupervised multivariate technique that reduces the dimen
sionality of the data by transforming the original correlated variables 
into a smaller set of uncorrelated principal components, ordered ac
cording to the amount of variance they explain (Dunteman, 1989). The 
resulting scores plots were used to visualise the distribution and clus
tering of samples in the reduced spectral space, providing insight into 
the main sources of spectral variation across the dataset.
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3. Results

3.1. Correlation analysis of quality parameters

Table 3 shows significant statistical differences in TSS, TA, MI and 
total anthocyanin content between seasons. Samples from 2025 season 
showed the highest TSS, TA and anthocyanin levels, whereas the 2023 
season showed the lowest TA and anthocyanin values. The average TSS 
value was the highest in 2025 season at 11.195 ◦Brix, followed by the 
2023 season at 11.058 ◦Brix, and the lowest was in 2024 season at 9.556 
◦Brix. TA values were highest in 2025 season at 1.337 % citric acid, 
followed by 2024 season at 1.188 % and the 2023 season at 1.155 %. 
Regarding MI, the highest values were found in the 2023 season (9.847), 
followed by 2025 season (8.509) and 2024 season (8.199). In addition, 
significant differences in anthocyanin levels were found among years, 
meaning that the internal pigmentation varied considerably from year to 
year. The average total anthocyanin value was 50.460 mg L−1 in 2025, 
whereas in 2023 it was 2-fold lower (21.921 mg L−1). This indicates that 
the flesh pigmentation of the blood oranges in 2023 was not very red, 
whereas in 2025 it was much redder. The anthocyanin values in 2024 
were closer to those in 2025 than in 2023, with an average value of 
42.618 mg L−1.

The differences mentioned earlier may be due to the environmental 
conditions of each year. Therefore, the temperature evolution over the 
two months before harvesting was evaluated, as this is key to the final 
quality and pigmentation of the fruit. However, the average tempera
tures were similar in the three years 13.0 ◦C in the 2022–2023 season, 
13.8 ◦C in the 2023–2024 season, and 13.2 ◦C in the 2024–2025 season 
(Fig. 1). Nevertheless, the daily maximum and minimum temperatures 

Table 1 
Summary of configurations and hyperparameters for the regression models applied to ‘Sanguinelli’ orange quality. ϒ

Parameters predicted
Models

PLS SVM MLP

TSS ​ Kernel: rbf* Layers: 4
Latent variables: 18 Gamma: Scale Neurons per layer: 60, 33, 5, 1

Class weight: Balanced Activation function: Softplus
C: 12173 Last layer activation function: Linear

​ ​ Loss function: MSE***
TA Latent variables: 12 Kernel: Linear Layers: 4

Gamma: Scale Neurons per layer: 100, 53, 15, 1
Class weight: Balanced Activation function: Softplus
C: 23272 Last layer activation function: Linear

​ ​ ​ Loss function: MSE***
MI Latent variables: 11 Kernel: Linear Layers: 4

Gamma: Scale Neurons per layer: 50, 28, 5, 1
Class weight: Balanced Activation function: Softplus
C: 23272 Last layer activation function: Linear

​ ​ ​ Loss function: MSE***
Total Anthocyanins Latent variables: 17 Kernel: Poly** Layers: 4

Gamma: Scale Neurons per layer: 200, 103, 15, 1
Class weight: Balanced Activation function: Softplus
C: 37834 Last layer activation function: Linear
​ ​ Loss function: MSE***

ϒ Abbreviations: PLS (partial least squares); SVM (support vector machine); MLP (multi-layer perceptron); TSS (total soluble solids); TA (titratable acidity); MI 
(maturity index); rbf* (radial basis function); Poly** (polynomial of degree 3); and MSE*** (mean squared error).

Table 2 
Summary of configurations and hyperparameters for the classification models 
applied to ‘Sanguinelli’ orange quality. ϒ

Parameters 
predicted

Models

PLS SVM MLP

Internal 
colour in 
3 groups

Latent 
variables: 
5

Kernel: rbf* Layers: 5
Gamma: 0.1 Neurons 

per layer:
150, 102, 
54, 15, 3

Class 
weight:

Balanced Activation 
function:

Softplus

C: 2.8117 Last layer 
activation 
function:

Softmax

​ ​ Loss 
function:

Categorical 
crossentropy

Internal 
colour in 
2 groups

Latent 
variables: 
7

Kernel: rbf* Layers: 4
Gamma: 0.1 Neurons 

per layer:
75, 40, 5, 1

Class 
weight:

Balanced Activation 
function:

Softplus

C: 0.6866 Last layer 
activation 
function:

Sigmoid

​ ​ Loss 
function:

Binary 
crossentropy

ϒ Abbreviations: PLS (partial least squares); SVM (support vector machine); MLP 
(multi-layer perceptron); TSS (total soluble solids); TA (titratable acidity); MI 
(maturity index); rbf* (radial basis function); Poly** (polynomial of degree 3); 
and MSE*** (mean squared error).

Table 3 
Evolution of chemical and functional quality parameters and statistical significance across the 2023–2025 harvesting seasons. ϒ

ANOVA & Kruskal-Wallis test TSS (◦ Brix) TA (% citric acid) MI Total anthocyanins (mg L−1)

Seasons *** *** *** ***

2022–2023 11.058 ± 0.042 b 1.155 ± 0.011 c 9.847 ± 0.076 a 21.921 ± 0.588 c
2023–2024 9.556 ± 0.043 c 1.188 ± 0.011 b 8.199 ± 0.079 c 42.618 ± 0.597 b
2024–2025 11.195 ± 0.048 a 1.337 ± 0.012 a 8.509 ± 0.087 b 50.460 ± 0.661 a

ϒ Levels of significance are indicated by asterisks; *** denotes significance at p < 0.001, as determined by an ANOVA and Kruskal-Wallis test. According to Tukey's least 
significant difference test, different lowercase letters within the same column indicate significant differences among seasons at p < 0.05 for each parameter tested. 
Abbreviations: TSS (total soluble solids); TA (titratable acidity); and MI (maturity index).
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for the three seasons, showed apparent differences when comparing 
years. During the 2022–2023 season, there were no days with temper
atures below 5 ◦C in December, and it was hotter overall, while the 
2023–2024 season recorded the highest number of days with tempera
tures below 5 ◦C in December. In the 2022–2023 season, zero chilling 
hours (hours below 5 ◦C) were recorded. In the 2023–2024 season, 34 h 
below 5 ◦C were measured, and in the 2024–2025 season, 45 h below 
5 ◦C were recorded after 22nd of January.

A Pearson correlation matrix was created to explore the relationships 
among various destructive parameters (TSS, TA, MI, and total antho
cyanins), seasons and temperature conditions (Fig. 2). The harvesting 
season showed a strong correlation with anthocyanin content, with a 

correlation coefficient of 0.73. To investigate the effect of temperature 
on anthocyanin content, the number of chilling units (hours at tem
peratures below 5 ◦C) was recorded in two periods referred to as 1st T 
and 2nd T. The 1st T was 1st to 22nd December, and 2nd T from 23rd 
December until 25th January, 7th February and 14th January for 2022- 
2023, 2023-2024 and 2024-2025 seasons respectively, which were the 
harvest dates. These periods are referred to as 1st T and 2nd T in Fig. 2.

A correlation of 0.75 was observed between anthocyanin content and 
the number of chilling hours recorded during the first temperature 
period. Samples harvested at the end of January from seasons with more 
chilling hours measured in December exhibited higher anthocyanin 
levels. For instance, in the 2024–2025 season, 45 h below 5 ◦C were 
recorded, resulting in the highest total anthocyanin levels, as shown in 
Table 3, with an average value of 50.460 mg L−1. In contrast, samples 
from the 2022–2023 season, which recorded zero chilling hours, dis
played significantly lower anthocyanin concentration, with an average 
value of 21.921 mg L−1, as can be observed in Fig. 1 and Table 3. In the 
2023–2024 season, 34 h below 5 ◦C were measured and the average 
anthocyanin content was 42.618 mg L−1. Furthermore, temperatures at 
the end of the season (2nd T) had a slight impact on anthocyanin con
tent, while TSS content showed a negative correlation of −0.69. This 
indicates that higher chilling hours are associated with lower TSS values.

3.2. Spectral exploratory analysis and internal pigmentation clustering

Packing houses need to sort oranges according to their internal 
pigmentation. To this end, clusters were formed according to total 
anthocyanin levels, since is known that the anthocyanin content, is 
correlated with the red pigmentation of the blood orange fruit 
(Garrido-Auñón, Puente-Moreno, et al., 2025). After plotting the inertias 
against the number of clusters, as can be observed in Fig. 3, and ana
lysing the elbow curve, it was determined that the optimal number of 
clusters was two or three. Consequently, the samples were labeled ac
cording to these two methods of clustering.

In addition, Fig. 4 shows the violin plots of anthocyanin distribution 
for samples classified into two or three clusters. Samples with high 
anthocyanin levels are less common than those with low levels in both 
violin plots. These clusters were subsequently used to label the orange 
samples according to their internal pigmentation profile, enabling a 
spectral characterisation of each group.

The reflectance spectra of all orange samples, recorded in the 

Fig. 1. Comparative analysis of thermal profiles: Maximum and minimum daily temperatures from December to February across three consecutive seasons 
(2022–2023, 2023–2024, and 2024–2025).

Fig. 2. Heatmap of Pearson correlation coefficients (r) among fruit quality 
attributes, harvest season, and thermal indicators. Abbreviations: TSS (total 
soluble solids); TA (titratable acidity); MI (maturity index); 1st T (from 1st to 
22nd December; and 2nd T (from 23rd December until harvest dates).
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900–1700 nm range after SNV correction, are presented in Fig. 5 left. 
Besides, Fig. 5 right shows the average spectra of each of the clusters 
representing the three pigmentation levels. Spectra followed a consis
tent pattern, with distinct regions exhibiting higher spectral variability: 
around 970 nm, associated with the second overtone of O–H stretching 
vibrations linked to water content, differences near 1100 nm and around 
1450 nm, corresponding to the first overtone of O–H bonds. Differences 
in spectra were also observed between 1200 and 1300 nm, which has 
been associated with C–H combination bands related to carbohydrate 
and organic acid content in fruit tissue (Pasquini, 2003; Vranić et al., 

2020; Wu & Sun, 2013). Furthermore, separation was observed in the 
1600–1700 nm region, primarily associated with the first overtone of 
C–H stretching vibrations, which are characteristic of soluble sugars, 
structural carbohydrates, and phenolic compounds. While anthocyanins 
do not possess isolated absorption peaks in this specific NIR range, they 
belong to the broader class of phenolic compounds whose aromatic C–H 
bonds contribute to absorption in this region (Nicolaï et al., 2007). This 
demonstrates that SNV reduced inter-sample scatter variability, allow
ing subtle differences in internal chemical composition, such as those 
associated with anthocyanin accumulation and pigmentation levels, to 
become analytically accessible (Custodio-Mendoza et al., 2024).

To support the interpretation of the spectral differences observed 
among pigmentation groups, PCA was performed on the SNV- 
preprocessed spectra and the resulting scores and loadings plots 
(Fig. 6) were examined to identify which wavelengths are driving the 
group separation observed in the mean spectra.

The first five principal components accounted for 99% of the total 
spectral variance, confirming that the spectral dataset can be effectively 
summarised in a reduced dimensionality space. PC1 (52 %) displayed a 
near-constant loading profile across the entire spectral range, consistent 
with it capturing global reflectance differences driven by broadband 
scattering and baseline effects (Cen & He, 2007). This is corroborated by 
the PCA scores plot (Fig. 7), where PC1 primarily separates the High 
pigmentation group from Low and Medium along the horizontal axis, 
suggesting that high anthocyanin content is associated with a general, 
spectrally non-specific modulation of NIR reflectance (Elhady et al., 
2024). In contrast, the higher PCs exhibited structured loading profiles 
linked to specific spectral regions: PC2 (24 %) showed pronounced 
loadings around 1500–1600 nm, coinciding with the divergence 
observed between groups at longer wavelengths. PC3 (13 %) displayed 
sharp features around 960–1000 nm and 1100–1150 nm, associated 

Fig. 3. Elbow method for determining the optimal number of clusters based on 
within-cluster sum of squares (Inertia).

Fig. 4. Violin plots of total anthocyanin content distribution segmented by K-means clustering [k = 2 (left) and k = 3 (right)].

Fig. 5. Original spectra after SNV scatter correction (left) and average spectra after SNV correction of the three different pigmentation levels after clustering (right).
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with O–H and C–H combination bands related to water and organic 
compound content. And PC4 (7 %) and PC5 (4 %) captured additional 
structured variance around 1350–1450 nm (Nicolaï et al., 2007). 
Together, these results indicate that whilst the between-group spectral 
differences are subtle, they are systematic and distributed across the NIR 
range, providing a sufficient spectral basis for the machine learning 
models to discriminate between pigmentation levels.

To better characterise the underlying spectral differences among 
samples according to their composition or grouping, the results of an 

unsupervised analysis, using PCA are shown in Fig. 7. The ability of PCA 
to reveal spectral separation concordant with internal anthocyanin 
clustering is consistent with previous studies demonstrating that unsu
pervised chemometric analysis of NIR data can effectively discriminate 
samples based on compositional differences without a priori class in
formation (Dunteman, 1989).

The first two principal components (PC1 and PC2) together 
explained 76.5% of the total spectral variance (52.2% and 24.3%, 
respectively), confirming that the dominant sources of variation within 

Fig. 6. PCA loadings profiles across the NIR spectral range.

Fig. 7. PCA analysis of the spectra showing differences based on the internal cluster pigmentation.
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the dataset were adequately captured in a reduced two-dimensional 
space. Fig. 7 illustrates that the PCA score plot separated the spectra 
according to the defined clusters, with the most evident discrimination 
occurring between samples with high and low anthocyanin content, 
whereas the distinction between low- and medium-pigmented oranges 
was less pronounced. The partial overlap between low and medium 
samples suggests that while these groups share similar anthocyanin 
levels, their secondary separation is likely driven by variations in co- 
occurring metabolites, such as soluble sugars, water distribution, and 
other phenolic compounds which are known to influence the near- 
infrared spectral profile of citrus fruits (Elhady et al., 2024).

These findings confirm that the spectral data contain sufficient 
discriminatory information to distinguish oranges according to their 
internal coloration profile, providing a strong unsupervised basis for the 
subsequent supervised classification models.

3.3. Estimation of fruit quality attributes using non-destructive prediction 
models

Internal quality estimation is highly beneficial for packing houses 
and essential for consumers. Table 4 shows the prediction metrics for 
TSS, TA, MI, and total anthocyanin content across the three tested 
models. All models exhibited similar overall performances. The top 
predictions were achieved for TSS, with the MLP model producing the 
best results, with an R2 value of 0.724. The PLS and SVM models fol
lowed closely behind, with R2 values of 0.711 and 0.691, respectively. 
For anthocyanin prediction, the MLP model also outperformed the 
others, achieving an R2 value of 0.613. This success was due to the 
ability of neural networks to identify non-linear relationships in the 
data, whereas the PLS and SVM models showed R2 values of 0.591 and 
0.568, respectively. On the other hand, predictions for TA and MI were 
poor, with the highest R2 values being only 0.323 and 0.366, for MLP 
and PLS models respectively.

3.4. Estimation of internal pigmentation using non-destructive prediction 
models

The spectral differences observed in the previous exploratory anal
ysis indicated that internal pigmentation was associated with distin
guishable spectral patterns; therefore, classification and model training 
were conducted to assess the feasibility of predicting internal pigmen
tation from the hyperspectral data.

When predicting the three distinct pigmentation groups, the non- 
linear models (SVM and MLP) consistently outperformed the linear 
PLS model, as shown in Table 5. During training, MLP and SVM reached 
average accuracies of 0.92 and 0.90, respectively, demonstrating their 

strong capacity to learn complex spectral patterns, while PLS achieved 
an average training accuracy of 0.81. In validation, the SVM and MLP 
models maintained an overall average accuracy of 0.77, compared to the 
0.76 accuracy achieved by the PLS model.

However, a detailed examination of the confusion matrices (Table 6) 
and performance metrics reveals distinct differences in how the SVM 
and MLP models classify the various groups. The SVM model proved 
superior at identifying highly pigmented samples, achieving the highest 
validation accuracy (0.77), precision (0.70), and recall (0.52) for the 
“High” pigmentation class. This allowed for more precise differentiation 
between deeply red and less pigmented blood oranges. Conversely, the 
MLP model was more effective at classifying oranges from the low and 
medium pigmentation groups. In validation, MLP achieved the highest 
precision (0.76) and recall (0.88) for the “Low” class, as well as the 
highest precision (0.70) for the “Medium” class. Despite this strength, 
the MLP model struggled more with the “High” class, frequently mis
classifying high-pigmented oranges as medium-pigmented.

Predicting red and non-red blood oranges based on two distinct 
pigmentation groups performed better than attempting to separate them 
into three distinct groups. By merging the ambiguous medium class, the 
algorithms established a much clearer decision boundary. Ash shown in 
Table 7, during training the MLP and SVM achieving high average ac
curacies of 0.92 and 0.91, respectively, while the PLS model reached 
0.83. This strong performance translated into highly consistent results 
across all models during validation. Both the PLS and MLP models 
achieved an average validation accuracy of 0.79, while the SVM fol
lowed closely with 0.78.

However, the confusion matrices (Table 8) and detailed metrics 
highlight subtle operational differences between the models. The MLP 
model was slightly more balanced overall and was effective in predicting 
samples with lower pigmentation values, maintaining a solid validation 
precision of 0.67 for the “Low” class. On the contrary, the SVM excelled 
in correctly classifying samples with higher pigmentation levels, as in 
the three-pigmentation classification case, achieving an excellent vali
dation precision of 0.96 for the “High” group, meaning that when the 
SVM labeled an orange as highly pigmented, it was almost always cor
rect. Interestingly, while the PLS model is the simplest, it performed 
remarkably well in this binary task, matching the MLP's overall vali
dation accuracy and achieving the highest validation recall (0.94) for 
the “Low” class.

4. Discussion

The observed variations in anthocyanin content, total soluble solids 
(TSS), and titratable acidity (TA) across the studied seasons highlighted 
the complex physiological responses of citrus to environmental 

Table 4 
Training and validation performance metrics of PLS, SVM, and MLP regression models for non-destructive prediction of fruit quality parameters. ϒ

Parameter Train Validation

Model R2 MAE RMSE R2 MAE RMSE

TSS PLS 0.763 0.384 0.492 0.711 0.439 0.559
SVM 0.802 0.342 0.448 0.691 0.457 0.586
MLP 0.841 0.315 0.412 0.724 0.435 0.554

TA PLS 0.385 0.112 0.141 0.297 0.131 0.164
SVM 0.456 0.098 0.122 0.309 0.123 0.158
MLP 0.512 0.091 0.114 0.323 0.119 0.155

MI PLS 0.442 0.854 1.085 0.366 0.949 1.207
SVM 0.487 0.793 1.032 0.358 0.942 1.215
MLP 0.529 0.751 0.984 0.341 0.957 1.235

Anthocyanins PLS 0.654 7.341 9.215 0.591 8.058 10.337
SVM 0.712 6.582 8.453 0.568 8.398 10.619
MLP 0.785 5.924 7.641 0.613 7.854 9.963

ϒ Abbreviations: TSS (total soluble solids); TA (titratable acidity); MI (maturity index); R2 (R-squared/coefficient of determination); MAE (mean absolute error); and 
RMSE (root mean square error).
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conditions. While Tarancón et al. (2022) reported a positive correlation 
between pulp pigmentation and TSS, the data from the present study 
demonstrated that excessive rainfall could decouple the accumulation of 
sugars and anthocyanins. This aligned with the findings of Sadras and 
Moran (2012), who noted that sugar accumulation and secondary 

metabolite biosynthesis were regulated by independent physiological 
pathways. Consequently, anthocyanin levels remained relatively resil
ient to water-induced dilution, whereas TSS was significantly impacted.

Furthermore, the results confirmed that temperature was a primary 
driver of anthocyanin accumulation, consistent with previous studies 

Table 5 
Class-wise and overall performance metrics for the three-class pigmentation prediction models across training and validation sets.

Model Pigmentation Training Validation

Precision Recall Accuracy Precision Recall Accuracy

PLS Low 0.79 0.8 0.86 0.74 0.86 0.85
Medium 0.7 0.64 0.72 0.62 0.5 0.65
High 0.61 0.7 0.85 0.47 0.54 0.78
Average 0.7 0.72 0.81 0.61 0.63 0.76

SVM Low 0.89 0.9 0.93 0.75 0.87 0.85
Medium 0.78 0.82 0.87 0.52 0.56 0.69
High 0.91 0.84 0.92 0.7 0.52 0.77
Average 0.86 0.86 0.9 0.66 0.65 0.77

MLP Low 0.91 0.93 0.94 0.76 0.88 0.86
Medium 0.91 0.84 0.89 0.7 0.52 0.67
High 0.77 0.88 0.93 0.42 0.57 0.79
Average 0.86 0.89 0.92 0.63 0.66 0.77

Table 6 
Training and validation confusion matrices for the three-class pigmentation prediction models across training and validation sets.

Models

PLS SVM MLP

Real Real Real

Training Predicted ​ Low Medium High Low Medium High Low Medium High
Low 228 54 6 257 25 7 268 24 3
Medium 56 230 44 27 219 35 19 322 14
High 0 74 117 0 22 217 0 36 123

Validation Predicted ​ Low Medium High Low Medium High Low Medium High
Low 82 26 3 83 20 8 84 24 3
Medium 13 60 23 12 50 34 12 67 17
High 0 34 30 0 19 45 0 37 27

Table 7 
Class-wise and overall performance metrics for the two-class pigmentation prediction models across training and validation sets.

Model Training Validation

Pigmentation Precision Recall Accuracy Precision Recall Accuracy

PLS Low 0.74 0.84 0.83 0.65 0.94 0.79
High 0.9 0.83 0.83 0.95 0.7 0.79
Average 0.82 0.84 0.83 0.8 0.82 0.79

SVM Low 0.84 0.93 0.91 0.62 0.95 0.78
High 0.96 0.9 0.91 0.96 0.69 0.78
Average 0.9 0.92 0.91 0.79 0.82 0.78

MLP Low 0.88 0.94 0.92 0.67 0.9 0.79
High 0.96 0.91 0.92 0.91 0.71 0.79
Average 0.92 0.93 0.92 0.79 0.8 0.79

Table 8 
Training and validation confusion matrices for the two-class pigmentation prediction models across training and validation sets.

Models

PLS SVM MLP

Real Real Real

Training Predicted ​ Low High Low High Low High
Low 250 88 265 52 303 43
High 46 425 19 473 19 444

Validation Predicted ​ Low High Low High Low High
Low 93 51 90 54 97 47
High 6 121 5 122 11 116
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indicating that cold stress activated the genetic pathways responsible for 
pigmentation in blood oranges (Caruso et al., 2016; Chen et al., 2023; 
Crifò et al., 2011; Rapisarda et al., 2001). Specifically, a strong corre
lation (r = 0.73) was observed between total anthocyanin content and 
the number of chilling hours (below 4 ◦C) accumulated prior to harvest. 
This reflected the mechanism originally elucidated by Butelli et al. 
(2012), wherein cold exposure triggered the Ruby transcriptional 
regulator. Even when modern biostimulants were applied, low temper
atures remained the essential catalyst for pigment development in 
‘Sanguinelli’ oranges (Garrido-Auñón, Padilla-González, et al., 2025, 
Garrido-Auñón, Padilla-González, et al., 2025). Consequently, varia
tions in the timing and duration of chilling hours between seasons 
directly explained the inter-annual heterogeneity observed in the 
dataset.

Despite this heterogeneity, the predictive models developed in this 
study achieved reliable results, but their performance was dependent on 
the validation strategy. The models achieved accuracy comparable to 
previous studies, such as Pires et al. (2022), who reported R2 values 
around 0.80 for TSS and TA in Ortanique citrus using data from multiple 
seasons. However, there is a strong influence of climatic variability. 
Declines were reported by Guthrie et al. (2005) for mandarins (R2 

dropping to 0.35) and by Zude et al. (2008), who highlighted the ne
cessity of multi-season recalibration to account for precipitation effects. 
The results were also consistent with Serna-Escolano, Giménez, Zapata, 
et al. (2024), who observed that external calibration in lemons reduced 
the R2 for TA to 0.54. This underscored that, even with a 3 year dataset, 
there is a critical need for broad, multi-season datasets to build robust 
agricultural models.

Crucially, the ability of near-infrared (NIR) spectroscopy to predict 
internal parameters such as TSS and anthocyanins raised important 
questions regarding light penetration. Because NIR radiation has limited 
penetration depth in fruit, as proved in Persimmon fruit by 
Rodríguez-Ortega et al. (2023) or in avocado Wedding et al. (2024), the 
spectral signal primarily originated from the flavedo and albedo layers. 
However, the ‘Sanguinelli’ blood orange variety possessed a relatively 
thin rind compared to other citrus cultivars. The rind thickness of these 
fruits often fell within or near the upper limit of NIR diffuse reflectance 
penetration, allowing the light to interact more directly with the outer 
margins of the internal pulp (Borba et al., 2020). This physical charac
teristic facilitated the extraction of internal information that would be 
significantly more challenging, or even impossible, to acquire in 
thick-skinned varieties like navel oranges, where the rind acts as a se
vere barrier to light penetration (Aline et al., 2023; Song et al., 2019). 
Furthermore, the physiological triggers for pigmentation in blood or
anges (such as cold stress) simultaneously affect the biochemical 
composition of the rind altering its density, moisture, and secondary 
metabolite profile (Dong et al., 2022; Song et al., 2019). The models 
likely exploited both the partial direct penetration into the pulp and 
these co-varying superficial features as proxies for internal quality. 
While this combination of direct and indirect relationships enabled 
effective non-destructive sorting, it also explained the models' vulnera
bility to seasonal climatic shifts, which could alter rind characteristics 
independently of internal pulp composition.

Future studies should aim to incorporate data across more diverse 
environmental conditions and harvesting seasons to improve model 
transferability. Nonetheless, the current work demonstrated the prac
tical viability of sorting blood oranges based on internal pigmentation, 
providing packing houses with a valuable tool to non-destructively 
separate highly pigmented, high-value fruits from lighter ones.

5. Conclusions

This study demonstrated that the internal quality and pigmentation 
of ‘Sanguinelli’ blood oranges are highly dependent on seasonal climate, 
with early chilling hours critically driving anthocyanin biosynthesis. 
While near-infrared evaluation effectively predicted TSS (R2 = 0.72) and 

total anthocyanins (R2 = 0.61) using a MLP model, predictions for TA 
and MI were less satisfactory. A primary limitation identified is the 
models' vulnerability to seasonal variations. Because the spectral signal 
partially relies on co-varying superficial rind features as proxies for in
ternal quality, independent environmental factors (such as heavy rain
fall) can alter the rind and impact model accuracy.

Despite this limitation, the MLP model achieved 79% accuracy in 
classifying oranges by internal pigmentation. From an industrial 
perspective, this confirms the practical viability of non-destructive 
spectral sorting in commercial packing houses, enabling the auto
mated segregation of high-value, deep-red fruits to meet premium 
market demands. To guarantee reliable performance in future seasons 
under variable climatic conditions, subsequent research must integrate 
broad, multi-season datasets to enhance model robustness and com
mercial transferability.
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Garrido-Auñón, F., Puente-Moreno, J., García-Pastor, M. E., Zapata, P. J., Martínez- 
Romero, D., Serrano, M., & Valero, D. (2025). Brassinosteroid preharvest treatments 
as a useful tool to increase crop yield and red colour in blood orange fruits. Frontiers 
in Plant Science, 16, Article 1654517. https://doi.org/10.3389/fpls.2025.1654517
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=1&isAllowed=y.

Pio Ávila, B., Cardozo, L. O., Alves, G. D., Pereira, A. M., Gularte, M. A., & de 
Oliveira, R. P. (2022). Targeted chemical and sensory profiling to guide consumption 
of blood orange. Journal of Culinary Science & Technology, 20(4), 350–365. https:// 
doi.org/10.1080/15428052.2020.1843581

Pires, R., Guerra, R., Cruz, S. P., Antunes, M. D., Brázio, A., Afonso, A. M., Daniel, M., 
Panagopoulos, T., Gonçalves, I., & Cavaco, A. M. (2022). Ripening assessment of 
‘Ortanique’ (Citrus reticulata Blanco x Citrus sinensis (L) Osbeck) on tree by SW-NIR 
reflectance spectroscopy-based calibration models. Postharvest Biology and 
Technology, 183, Article 111750. https://doi.org/10.1016/J. 
POSTHARVBIO.2021.111750

Rapisarda, P., Bellomo, S. E., & Intelisano, S. (2001). Storage temperature effects on 
blood orange fruit quality. Journal of Agricultural and Food Chemistry, 49(7), 
3230–3235. https://doi.org/10.1021/JF010032L
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