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A B S T R A C T

Pistachio quality is a major determinant of market value, particularly in Mediterranean environments strongly 
influenced by irrigation and climate. This study evaluated effects of orchard location and irrigation on pistachio 
nutritional content and assessed VIS–NIR hyperspectral imaging coupled with machine-learning techniques as a 
non-destructive predictive approach. Field experiments were conducted in 2022 in two commercial orchards in 
Castilla y León, Spain, under control and high-irrigation treatments. A total of 2818 pistachio kernels were 
analysed using a portable VIS–NIR hyperspectral camera (400–1000 nm). Mean spectra were extracted for each 
nut, pre-processed using standard normal variate correction, and linked to reference measurements of minerals, 
proximate composition and fatty acids. Partial Least Squares regression, Support Vector Regression and Extra 
Trees Regressor models were calibrated and validated to predict quality parameters from spectral data. Location, 
irrigation and their interaction significantly affected most nutritional and lipid traits. Pistachios from Moraleja de 
las Panaderas showed higher nitrogen, phosphorus, protein, ash and oleic acid contents, whereas samples from 
La Seca exhibited relatively higher sodium and linoleic acid levels. Increased irrigation enhanced the accumu
lation of several minerals and saturated fatty acids. Among the evaluated algorithms, Partial Least Squares 
regression provided the most consistent performance, accurately predicting nitrogen (R2 

= 0.75), zinc (R2 
=

0.81), oleic acid (R2 = 0.91), linoleic acid (R2 = 0.87), ash (R2 = 0.81), carbohydrates (R2 = 0.87) and humidity 
(R2 = 0.84). Overall, VIS–NIR HSI with machine learning enables non-destructive, data-driven optimisation of 
pistachio irrigation management.

1. Introduction

Pistachio quality is a key determinant of market value, making it a 
central focus in orchard management and research (Khadivi et al., 2025; 
Martínez-Peña et al., 2023). In Mediterranean regions, where pistachios 
are a high-value crop, maintaining optimal nut quality is both an eco
nomic and agronomic priority (Memmi et al., 2016). Among the many 
factors influencing quality, irrigation stands out as a critical manage
ment tool, as it directly affects nut size, composition, and sensory at
tributes (Allakonon et al., 2022).

While irrigation is essential for sustaining pistachio production in 
areas with limited rainfall, its primary impact lies in how it shapes nut 
quality traits such as kernel development, lipid content, and nutrient 

composition (Kanber et al., 1993; Sedaghati & Hokmabadi, 2015). Both 
over and under-irrigation can compromise these quality parameters, 
leading to suboptimal texture, and nutritional value. Thus, the challenge 
is not merely to provide sufficient water, but to fine-tune irrigation re
gimes that maximize quality while minimizing resource use (Fader et al., 
2016).

Climate change adds complexity by altering water availability and 
increasing the unpredictability of growing conditions (Rockström & 
Barron, 2007; Seneviratne et al., 2010; Wang & Zhang, 2011). As a 
result, the relationship between irrigation and pistachio quality is dy
namic, requiring ongoing adaptation of management practices to sustain 
high-quality yields under shifting environmental pressures.

Traditional methods for assessing pistachio quality, such as chemical 
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analyses, are accurate but time-consuming and destructive. In this 
context, precision agriculture technologies offer new opportunities for 
real-time, non-invasive monitoring (Anjum et al., 2023), such as un
manned aerial vehicles (UAVs) and remote sensing, (Alvarez-Vanhard 
et al., 2021; Olson & Anderson, 2021).

However, to fully capture the nuances of pistachio quality, advanced 
techniques like hyperspectral imaging (HSI) are increasingly important. 
HSI enables rapid, detailed assessment of nut composition and quality 
attributes, supporting both research and on-farm decision-making. Be
sides, HSI combined with Machine Learning (ML) offers a non-invasive, 
high-throughput solution for assessing pistachio quality attributes 
(Bonifazi et al., 2021; Mohammadi-Moghaddam et al., 2018). By 
capturing a wide range of wavelengths, HSI enables detailed charac
terization of biochemical components in pistachios, including proteins, 
carbohydrates, minerals, and fatty acids. ML algorithms such as Partial 
Least Squares (PLS), Support Vector Machines (SVM), and Extra Trees 
Regressor (ETR) can then leverage these spectral signatures to predict 
key quality parameters rapidly and accurately in food products (Saha & 
Manickavasagan, 2021).

Despite the proven potential of HSI and ML in quality prediction, 
limited attention has been given to pistachio quality prediction under 
different irrigation regimes. Recent studies have demonstrated the 
effectiveness of hyperspectral imaging (HSI) and machine learning (ML) 
for classifying pistachios according to origin and irrigation regimes, 
offering a rapid, non-destructive traceability method, as done by 
Martínez-Peña et al. (2024). However, that work focused primarily on 
classifying treatments and locations without addressing the quantitative 
prediction of specific nutritional parameters (e.g., minerals and fatty 
acids).

This study takes a step further by applying regression-based HSI and 
ML methods to precisely predict important pistachio components: ni
trogen, fatty acids (oleic, linoleic, etc.), and other critical components. 
This approach aims to directly link irrigation and location to chemical 
composition changes in pistachios while also providing deeper insight 
into their impact on quality and overall yield performance. In this 
context, a portable VIS–NIR hyperspectral system operating in the 
400–1000 nm range is employed, offering a relatively low-cost, field- 
deployable and user-friendly solution that is suitable for potential on- 
farm applications. Therefore, by integrating HSI with ML for pistachio 
quality assessment, this research offers a novel approach to assess irri
gation practices and enhance orchard sustainability with the aim of: (1) 
assessing the combined influence of irrigation treatment and location on 
pistachio nutrient and fatty acid profiles, (2) developing and comparing 
predictive ML models using hyperspectral data, and (3) evaluating HSI 
as a rapid, non-destructive method for monitoring orchard performance 
and directing irrigation strategies. The findings could guide farmers and 
policymakers in making data-driven decisions that balance resource 
conservation with high-quality production, addressing growing con
cerns over water scarcity and climate variability.

2. Materials and methods

2.1. Plant material and image acquisition

Experiments were conducted in 2022 at two pistachio orchards 
located in Valladolid, Castilla y León, Spain. These orchards were situ
ated in "Moraleja de las Panaderas" (M) 41.27048◦, −4.81709◦; WGS84) 
and "La Seca" (S) (41.44337◦, −4.89781◦; WGS84). Seven-year-old 
Moraleja and fifteen-year-old La Seca pistachio plants from the Pista
cia vera cv. Kerman variety made up the plant material chosen for the 
research. These plants were grafted onto the P. atlantica × P. integerrima 
hybrid UCB rootstock. In order to maximize solar interception and 
ensure effective resource utilization, the orchard design used a 7 × 6 m 
triangle planting pattern oriented NE–SW. Cv. Peter was the male 
cultivar utilized in these orchards. The pistachio trees were subjected to 
two distinct irrigation treatments during their growth phase. The high 

irrigation treatment provided 50 % more water than the control treat
ment. The trees at "La Seca" received total irrigation volumes of 2750 m3 

ha−1 for the control treatment and 4660 m3 ha−1 for the high irrigation 
treatment. In "Moraleja de las Panaderas", the control treatment 
received 844 m3 per hectare, while the high treatment was given 1161 
m3 per hectare. This variation in water allocation was implemented to 
examine the effects of differential irrigation on the pistachio quality. In 
order to protect yield potential, standard agricultural procedures were 
adhered to, including the application of particular agrochemicals to 
control weeds, pests, and diseases.

Twenty trees, equally distributed across the two irrigation treat
ments and sites (five replicates per condition), were harvested when 
they reached maturity in October 2022. Post-harvest samples that were 
peeled, dried for 24 h at 60 ◦C to reduce mycotoxin concerns, and 
weighed were used to assess the yield (Yield, kg tree−1).

The pistachios in each picture matched a particular sample that was 
gathered prior to harvest, which matched three bunches of pistachios 
from the 20 trees that were chosen in the various locations based on 
orientation (North, South, East, and West) and height (High and Low). 
However, some samples could not be taken from the upper or lower part 
of the trees at the Moraleja de las Panaderas area because of their age. 
Following the samples' processing, peeling, and 24 h drying at 60 ◦C, 
158 pictures total, equivalent to 2818 pistachios, were captured. A total 
of 77 photographs were obtained from Moraleja de las Panaderas (37 
from high irrigation treatment and 40 from control irrigation), and 80 
from La Seca (40 from high irrigation treatment and 40 from control 
irrigation).

Images of the pistachios were acquired at a room with controlled 
temperature (23 ◦C) and lighting by using two halogen light sources, as 
they produce a continuous spectrum of light, from deep infrared to vi
olet, covering the range of the SPECIM IQ hyperspectral camera 
(SPECIM IQ camera, Specim Spectral Imaging Oy Ltd, Oulu, Finland). 
The camera is equipped with a VNIR CMOS sensor, offering a 400–1000 
nm spectral range and 204 spectral bands. It features a viewfinder 
camera with a 5 megapixel resolution, rescaled to 1280*960 pixels for 
image previews. On every image, a white reference was captured.

2.2. Image processing and data extraction

Python 3.10, along with Pandas and NumPy were employed for data 
manipulation, while Scikit-learn facilitated model development. Image 
processing was carried out using Scikit-image and NumPy. Finally, 
Seaborn and Matplotlib libraries were utilized for data visualisation. The 
reflectance of the images was corrected using white (Spectralon, NH, 
USA) with a 99 % reflectance and dark references, following Equation 1 
(Sun, 2010), where 〖Im〗_Dark and 〖Im〗_White are the pixelwise 
average of the white and dark references, and 〖Im〗_RAW is the 
original image. Each image was corrected with its own white reference.

Equation 1. Hyperspectral image correction. 

ImRefl =
ImRAW − ImDark

ImWhite − ImDark 

The number of pistachios per hyperspectral image varied according 
to tree, treatment, and orchard location. Image analysis followed a 
standardized workflow, summarised in Fig. 1. First, principal compo
nent analysis (PCA; scikit-learn) was applied to each hyperspectral cube, 
and the first principal component image was used to enhance contrast 
between pistachios and background. This high-contrast image facili
tated automatic segmentation by Otsu's global thresholding (Otsu, 
1979) using scikit-image combined with Canny edge detection 
(OpenCV) to delineate object boundaries. The coordinates obtained 
from the edge map were then used to crop individual pistachio kernels 
from the original hyperspectral images, yielding one hyperspectral 
sub-cube per nut.

For each cropped pistachio, the mean spectrum was calculated over 
all pixels belonging to that nut using NumPy, thereby generating an 
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averaged spectral dataset at the sample level. Using mean spectra is 
recommended in hyperspectral chemometrics because it reduces pixel- 
level noise, decreases the influence of local surface irregularities, and 
provides a more representative spectrum for each object, which in turn 
improves model robustness and interpretability. Several studies have 
shown that averaging spectra over regions of interest yields more stable 
calibration models and mitigates artefacts caused by heterogeneous 
illumination and surface geometry in fruit and nut applications. 
Importantly, averaging across the entire nut also alleviates the system
atic reflectance differences that arise along the pistachio surface due to 
curvature and varying incidence angles of light, a well-known source of 
multiplicative scatter in imaging spectroscopy. By integrating spectra 
over the whole kernel, high-reflectance and low-reflectance pixels are 
balanced, so that each sample is characterised by a single spectrum that 
reflects its overall composition rather than local shading effects (Amigo 
et al., 2015; H. Wang et al., 2015).

Prior to modelling, the averaged spectra was pre-processed to 
minimize remaining physical scatter effects. Standard normal variate 
(SNV) was applied (Equation 2) to each spectrum, which rescales it to 
zero mean and unit variance by subtracting its own mean and dividing 
by its standard deviation. This transformation is widely used in NIR and 
hyperspectral studies to reduce multiplicative scatter and path-length 
variability between samples, thereby allowing models to emphasize 
genuine chemical differences instead of measurement geometry or 
particle-size effects (Fearn et al., 2009).

Equation 2. Standard Normal Variate sctter correction. 

Corrected spectra=
Original spectra − Mean spectra

Standard deviation 

2.3. Quality parameters obtention

The physicochemical characteristics of a sample of pistachio nuts 
taken from the trees under study were evaluated to determine their 
nutritional value, each sample analysed corresponded to the pistachios 
captured in each image. On the one hand, the fat content (Fat, g 100 g−1) 
was extracted using the Ankom sealed bag system and petroleum ether, 
while the fiber (g 100 g−1) was determined using the enzymatic–
gravimetric method by sequential enzymatic digestion with α-amylase, 
protease, and amyloglucosidase. Conversely, the protein content (PROT, 
g 100 g−1) was computed using the Dumas combustion method for ni
trogen quantification and multiplied by the value obtained with the 
coefficient 6.25 (Nielsen, 2010). The carbohydrate content (CBH, g 100 
g−1) was calculated using the difference of other major components 
(CBH = 100 − Ash-Humidity-PROT-Fat), where the ash and humidity 
content were measured using gravimetric methods.

Carbon (C, g kg−1), calcium (Ca, mg kg−1), magnesium (Mg, mg 
kg−1), phosphorus (P, mg kg−1), sodium (Na, mg kg−1), iron (Fe, mg 
kg−1), and zinc (Zn, mg kg−1) were also measured. Therefore, 500 mg of 
dry material was digested at 200 ◦C in a Teflon container using the 
ETHOUS UP microwave digestion system (Milestone, Sorisole, Italy). 
After cooling to room temperature, the solutions were diluted. Finally, 

an Agilent Technologies Varian 720-ES inductively coupled plasma- 
optical emission spectrometer (ICP-OES; Santa Clara, CA, USA) was 
used to quantify the nutrient content. Following dry acid digestion, gas 
chromatography with a flame ionization detector (GC-FID) was used to 
quantify the proportion of various fatty acids, including palmitic, pal
mitoyl, stearic, oleic and linolenic.

2.4. Statistical analysis

Statgraphics Centurion 19 (Statistical Graphics Corp., Rockville, MA, 
USA) was used to perform a multifactor analysis of variance (ANOVA) 
and Tukey's multiple range test to the instrumental pistachio quality 
data. A Pearson correlation matrix was also performed using Python and 
the library Seaborn in order to study the linear relation between the 
measured pistachio components. Statistically significant differences 
were considered when p < 0.05.

2.5. Model creation

ML models were trained using the mean spectra extracted from each 
pistachio to predict several key quality parameters: Ca, P, Fe, Mg, N, Na, 
Zn, C, palmitic, palmitoyl, stearic, oleic linoleic, linolenic, fat, ash, CBH, 
humidity, protein and fibre content. Each image provided only one 
predictive value, meaning all pistachios within the same image shared 
identical quality parameters.

Three widely used regression algorithms were implemented in Py
thon using the scikit-learn library: Partial Least Squares Regression (PLS- 
R), Support Vector Regression (SVR, referred to here as SVM), and Extra 
Trees Regressor (ETR). PLS-R is a latent-variable method that projects 
the high-dimensional spectral matrix onto a small number of orthogonal 
components that maximize covariance with the response, making it 
particularly suitable for collinear hyperspectral data and routinely used 
in fruit-quality spectroscopy. SVR maps the input spectra into a high- 
dimensional feature space via a kernel function and fits a sparse 
regression function that controls model complexity through margin and 
regularization parameters, widely used predicting physicochemical at
tributes from spectral data in horticultural applications. ETR is an 
ensemble of randomized decision trees that aggregates many de- 
correlated trees to capture non-linear relationships while remaining 
relatively interpretable and robust to noise (Mü; ller & Guido, 2016; 
Wieme et al., 2022).

The dataset comprised 2818 mean VIS–NIR spectra, each corre
sponding to a single pistachio nut. Given this moderate sample size and 
the primary objective of building accurate yet interpretable predictive 
models for compositional quality traits, established chemometric and 
machine-learning methods (PLS-R, SVR, tree ensembles) were preferred 
over deep neural networks such as multilayer perceptrons, one- 
dimensional convolutional networks or transformer architectures. 
Deep learning models typically require substantially larger labelled 
datasets and careful regularization to avoid overfitting in hyperspectral 
applications, and, for small-to-medium spectral datasets, conventional 
models like PLS-R or kernel-based regressors often match or exceed the 

Fig. 1. Workflow of the image processing and spectral extraction.
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performance of more complex neural networks while being easier to 
tune and interpret. For these reasons, and to ensure reproducibility and 
transparency in an applied pistachio-quality context, the modelling 
strategy focused on these three established algorithms (Chollet, 2021; 
Hasanzadeh et al., 2022).

Before model training, the full dataset was randomly partitioned into 
a training set containing 70 % of the spectra (1972 samples) and an 
independent validation set comprising the remaining 30 % (846 sam
ples), using scikit-learn's 'train_test_split' function. A random split was 
selected because the two orchard locations were managed under similar 
conditions and were not intended to represent independent production 
environments; in this context, pooling all samples and performing a 
random division provides an unbiased estimate of model performance 
on new pistachios from the same target population and is widely 
adopted in fruit-quality spectroscopy studies with comparable sample 
sizes. Location-based splitting can be advantageous when sites represent 
clearly distinct external domains, but with only two orchards and 
limited per-site sample numbers it would substantially reduce the 
effective training set and risk unstable estimates of generalisation, 
whereas the chosen strategy balances training data availability with an 
independent assessment set (Beleites & Salzer, 2008; Ramezan et al., 
2019). Future research should, however, include additional years and a 
larger number of orchards so that fully independent external datasets (e. 
g. based on different locations or production seasons) can be reserved for 
validation, thereby enabling a more rigorous assessment of the spatial 
and temporal robustness of the proposed models.

Model hyperparameters were optimised using scikit-learn's 'Grid
SearchCV'. In this procedure, a predefined grid of candidate hyper
parameter combinations is systematically evaluated using only the 
training data. Here, 10-fold cross-validation was applied within the 
training set: the training data was partitioned into 10 folds, models were 
iteratively fitted on 9 folds and validated on the remaining fold, and 
performance was averaged across folds for each parameter combination. 
The configuration yielding the lowest cross-validated root mean squared 
error (RMSE) and highest coefficient of determination (R2) was selected 
as optimal for each algorithm. Table 1 shows the selected hyper
parameters of the different models. Finally, new models were refitted on 
the entire training set using these best hyperparameters and their pre
dictive performance was evaluated once on the independent validation 
set.

The trained models were evaluated using R2, Mean Absolute Error 
(MAE), and Root Mean Squared Error (RMSE). R2 indicates the pro
portion of variance in the dependent variable explained by the inde
pendent variables, MAE measures the average absolute difference 
between predicted and actual values, and RMSE provides a measure of 
the average absolute error between predicted and actual values, 
expressed in the same units as the original data.

3. Results

3.1. Quality results

3.1.1. Nutrients
Significant differences (p < 0.001) in the concentrations of Ca, P, Fe, 

Mg, N, Na, Zn, and C were found in pistachio samples across different 
locations, treatments, and their combinations (Table 2). The location 
appeared to have a pronounced effect, with samples from Moraleja de 
las Panaderas generally having higher concentrations of most nutrients 
than those from La Seca. This pattern was particularly evident for N and 
P (3.9675 vs 3.6717 g kg−1 for N, and 0.5886 vs 0.5153 mg kg−1 for P), 
suggesting that environmental conditions at Moraleja de las Panaderas 
may favour the accumulation of these elements. However, Na levels 
were slightly higher in La Seca samples (17.6496 vs 16.9575 mg kg−1), 
indicating a location-specific variation in nutrient uptake or soil 
composition.

The influence of treatment was also present, with high-treatment 

samples showing higher nutrient concentrations compared to control- 
treatment samples. This trend was found in Fe, Na or Zn (35.6716 vs 
34.1064 mg kg−1 for Fe, 18.5694 vs 16.0378 mg kg−1 for Na, and 
19.8796 vs 17.4038 mg kg−1 for Zn), suggesting that intensive man
agement practices enhance the uptake or accumulation of these nutri
ents. The interaction between location and treatment highlights the 
complexity of these effects. For instance, Moraleja de las Panaderas 
high-treatment samples exhibited the highest Ca, P, and N levels 
(0.1154 mg kg−1 for Ca, and 0.6430 mg kg−1 for P), while La Seca 
control-treatment samples generally showed lower concentrations. 
These findings suggest that both environmental factors and agronomic 
practices interact to shape the nutrient profile of pistachios.

However, carbon content showed less pronounced variations than 
other nutrients but still displays significant differences across treatments 
and locations. This suggests that carbon levels are influenced by broader 
metabolic or environmental factors rather than specific agronomic 
interventions.

Fig. 2 provides a graphical summary of the mineral composition 
described numerically in Table 2. The boxplots for Ca, P, Fe, Mg, N, Na, 
Zn, and C suggest limited variability in mineral concentrations among 
samples. Although minor differences in spread are evident, particularly 
for Fe and Na, the overall pattern denotes a stable and homogeneous 
mineral profile.

3.1.2. Fat
The results of the ANOVA and Tukey tests shown in Table 3 reveal 

significant differences (p < 0.001) in the fatty acid composition and 
overall fat content of pistachios across locations, treatments, and their 
combinations. Oleic acid content was higher in pistachios from Moraleja 
de las Panaderas compared to La Seca (58.495 vs 53.588 % of Fat), 
indicating that environmental conditions in Moraleja de las Panaderas 
may favour the accumulation of this monounsaturated fatty acid. On the 
other hand, linoleic acid levels were higher in La Seca samples, sug
gesting a location-dependent variation in the balance between unsatu
rated fatty acids (29.904 vs 25.012 % of Fat). Though present in lower 
concentrations, Linolenic acid also showed significant location differ
ences (0.609 in La Seca vs 0.535 % of Fat in Moraleja de las Panaderas).

Water treatment effects were observed, with high-treatment samples 
generally showing increased levels of palmitic and palmitoyl acids 
compared to control-treatment samples (13.172 vs 12.449 % of Fat for 
palmitic and 1.558 vs 1.445 % of Fat for palmitoyl). This suggests that 
agronomic practices influence the accumulation of saturated fatty acids. 
However, oleic acid content was slightly lower in high-treatment sam
ples (56.426 vs 55.656 % of Fat). However, no statistical differences 
were found regarding linoleic content in water treatment. The interac
tion between location and treatment further emphasizes the complexity 
of these effects. Moraleja de las Panaderas control-treatment samples 
exhibited the highest oleic acid levels (58.732 % of Fat), while La Seca 
high-treatment samples showed elevated linoleic acid (0.600 % of Fat) 
and overall fat content (48.370 g 100 g). These patterns suggest that 
both environmental conditions and management practices also interact 
to influence the fatty acid composition and total fat content of 
pistachios.

The numerical data reported in Table 3 are more intuitively repre
sented in Fig. 3, which shows the boxplots for total fat content and the 
major fatty acids. It shows narrow interquartile ranges, reflecting a 
consistent lipid profile among samples. Oleic and linoleic acids display 
the highest median proportions and slightly wider variability, whereas 
palmitic, palmitoyl, stearic, and linolenic acids present more compact 
distributions around their central values.

3.1.3. Others
Table 4 shows the results of the ANOVA and Tukey tests on ash, CBH, 

humidity, protein, and fiber content of pistachios across locations, 
treatments, and their combinations. The location appeared to substan
tially influence these parameters (p < 0.001), with Moraleja de las 
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Table 1 
Hyperparameters for the ML models used for each prediction.

Regression models hyperparameters

Models PLS ETR SVM

Ash Components: 27 N_estimators: 638 Kernel: Poly
​ ​ Min_samples_split: 5 Gamma: Scale
​ ​ Min_samples_leaf: 4 C: 10
​ ​ Max_depth: 24 Epsilon: 0.001

C Components: 21 N_estimators: 1685 Kernel: Poly
​ ​ Min_samples_split: 20 Gamma: Scale
​ ​ Min_samples_leaf: 1 C: 100
​ ​ Max_depth: 1 Epsilon: 0.001

Ca Components: 22 N_estimators: 1685 Kernel: Poly
​ ​ Min_samples_split: 20 Gamma: Scale
​ ​ Min_samples_leaf: 1 C: 0.1
​ ​ Max_depth: 1 Epsilon: 0.001

CBH Components: 25 N_estimators: 638 Kernel: Poly
​ ​ Min_samples_split: 5 Gamma: Scale
​ ​ Min_samples_leaf: 4 C: 100
​ ​ Max_depth: 24 Epsilon: 0.001

P Components: 22 N_estimators: 638 Kernel: Poly
​ ​ Min_samples_split: 5 Gamma: Scale
​ ​ Min_samples_leaf: 4 C: 100
​ ​ Max_depth: 24 Epsilon: 0.001

Fat Components: 21 N_estimators: 1685 Kernel: Poly
​ ​ Min_samples_split: 20 Gamma: Scale
​ ​ Min_samples_leaf: 1 C: 10
​ ​ Max_depth: 1 Epsilon: 0.001

Fe Components: 18 N_estimators: 638 Kernel: Poly
​ ​ Min_samples_split: 5 Gamma: Scale
​ ​ Min_samples_leaf: 4 C: 100
​ ​ Max_depth: 24 Epsilon: 0.001

Fiber Components: 18 N_estimators: 1685 Kernel: Poly
​ ​ Min_samples_split: 20 Gamma: Scale
​ ​ Min_samples_leaf: 1 C: 100
​ ​ Max_depth: 1 Epsilon: 0.001

Humidity Components: 33 N_estimators: 638 Kernel: Poly
​ ​ Min_samples_split: 5 Gamma: Scale
​ ​ Min_samples_leaf: 4 C: 10
​ ​ Max_depth: 24 Epsilon: 0.001

Linoleic Components: 25 N_estimators: 638 Kernel: Poly
​ ​ Min_samples_split: 5 Gamma: Scale
​ ​ Min_samples_leaf: 4 C: 100
​ ​ Max_depth: 24 Epsilon: 0.001

Linolenic Components: 21 N_estimators: 638 Kernel: Poly
​ ​ Min_samples_split: 5 Gamma: Scale
​ ​ Min_samples_leaf: 4 C: 0.1
​ ​ Max_depth: 24 Epsilon: 0.001

Mg Components: 20 N_estimators: 638 Kernel: Poly
​ ​ Min_samples_split: 5 Gamma: Scale
​ ​ Min_samples_leaf: 4 C: 0.1
​ ​ Max_depth: 24 Epsilon: 0.001

N Components: 23 N_estimators: 638 Kernel: Poly
​ ​ Min_samples_split: 5 Gamma: Scale
​ ​ Min_samples_leaf: 4 C: 10
​ ​ Max_depth: 24 Epsilon: 0.001

Na Components: 17 N_estimators: 1685 Kernel: Poly
​ ​ Min_samples_split: 20 Gamma: Scale
​ ​ Min_samples_leaf: 1 C: 100
​ ​ Max_depth: 1 Epsilon: 0.001

Oleic Components: 25 N_estimators: 638 Kernel: Poly
​ ​ Min_samples_split: 5 Gamma: Scale
​ ​ Min_samples_leaf: 4 C: 100
​ ​ Max_depth: 24 Epsilon: 0.001

Palmitic Components: 30 N_estimators: 1685 Kernel: Poly
​ ​ Min_samples_split: 20 Gamma: Scale
​ ​ Min_samples_leaf: 1 C: 10
​ ​ Max_depth: 1 Epsilon: 0.001

(continued on next page)
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Panaderas samples generally showing higher ash and protein content 
than La Seca samples (3.4168 vs 3.0980 g 100 g−1 for ash and 24.7977 
vs 22.9496 g 100 g−1 for protein content). On the other hand, La Seca 
samples showed higher CBH levels (22.0347 vs 19.8530 g 100 g−1), 
suggesting that environmental conditions in La Seca may favour car
bohydrate accumulation. Humidity content was also higher in Moraleja 
de las Panaderas samples (4.6724 vs 4.2991 g 100 g−1), indicating po
tential differences in water retention or environmental moisture be
tween the two locations. Fiber content showed no statistical differences 
between locations.

Water treatment effects were evident for most parameters (p <
0.001), with high-treatment samples generally exhibiting increased ash 
and fiber content compared to control-treatment samples. However, in 
the case of CBH, no statistical differences were found regarding water 
treatment. The interaction between location and treatment highlights 
the complexity of these effects, and both environmental conditions and 
agronomic practices interact to influence the biochemical composition 
of pistachios. For example, Moraleja de las Panaderas high-treatment 
samples showed the highest ash and protein levels (3.6176 g 100 g−1 

for ash, and 25.6645 g 100 g−1 for protein), while La Seca control- 
treatment samples exhibited elevated CBH content (22.6875 g 100 g−1).

Fiber content showed variations across treatments and their in
teractions with location, with high-treatment samples generally 
showing higher values. However, fiber was not influenced by location, 
and no statistical differences were found. These results underscore the 
importance of environmental factors and management practices in 
shaping the nutritional profile of pistachios.

The numerical results presented in Table 4 are more clearly illus
trated in Fig. 4, which displays the boxplots for ash, CBH, humidity, 
protein, and fiber contents. Fig. 4 shows relatively narrow interquartile 
ranges for all variables, indicating a generally homogeneous chemical 
composition among samples. Protein and CBH exhibit slightly higher 
variability than the other components, whereas ash, fiber, and humidity 
display more compact distributions around their medians.

3.2. Parameter correlations

3.2.1. Nutrients
The correlation matrix (Fig. 5) revealed strong relationships between 

the factors influencing pistachio yield and nutrient composition. As 
expected, yield was positively associated with location and water 
treatment (0.6 and 0.65, respectively), suggesting that both environ
mental and water treatment play significant roles in productivity. As 
expected, N content appeared to be a critical factor among the nutrients, 
showing a strong positive correlation with yield (0.71). Inversely, Fe and 
Zn contributed negatively to productivity (−0.70 and −0.75). P highly 

correlated positively with Mg (0.92). Zn and Fe were also strongly 
correlated (0.77), and Ca with P and Mg (0.73 and 0.71, respectively). C 
was negatively associated with several nutrients, including Ca and Mg 
(−0.7 and −0.62). These results further highlight the complexity of 
combined environmental and management influences on pistachio 
quality.

3.2.2. Fat
The correlation matrix shown in Fig. 6 revealed significant re

lationships between location, treatment, their interaction, yield, and fat 
composition of pistachio samples. Yield exhibited positive correlations 
among the fat components with stearic acid and oleic acids (0.61) while 
showing negative associations with linoleic, palmitoyl and palmitic 
(−0.64, −0.81, −0.79, respectively). This suggests that specific shifts in 
the fatty acid profile of pistachios accompany higher yields. Besides, the 
interplay between fatty acids highlights notable patterns. Oleic acid was 
strongly negatively correlated with linoleic and linolenic acids (−0.98 
and −0.77), reflecting an inverse relationship between these two major 
components of pistachio oil. Linoleic and linolenic were also correlated 
(0.7), and stearic was inversely correlated with linoleic and linoleic 
acids (−0.67 and −0.63) and positively correlated with oleic (0.73). On 
the other hand, overall fat content showed weak or negligible correla
tions with most parameters, indicating that total fat levels were less 
influenced by location, treatment, or yield compared to specific fatty 
acid profiles. The results underscore the complex interactions between 
environmental factors, management practices, and biochemical traits in 
pistachios.

3.2.3. Other
The correlation matrix in Fig. 7 highlights the relationships between 

location, treatment, their interaction, yield, and the analysed parame
ters of ash, CBH, humidity, protein, and fiber in pistachio samples. 
Location exhibited positive correlations with humidity, protein and 
yield (0.83, 0.75 and 0.6, respectively) and negative correlations with 
CBH (−0.84). Besides, as expected, the water treatment positively 
correlated with humidity (0.6). Yield showed positive relations with 
humidity and protein (0.67 and 0.71) and negative with CBH (−0.68). 
CBH was inversely correlated with the humidity and protein content 
(−0.63 and −0.82). As previously commented, humidity content was 
positively correlated with protein (0.76) and negatively correlated with 
CBH, indicating that higher moisture levels may dilute certain 
biochemical components. Protein content demonstrated strong positive 
correlations with yield, CBH and humidity, suggesting that higher pro
tein levels were associated with higher water content and increased 
carbohydrate content. Fiber showed weak or no correlations with most 
parameters, indicating limited influence from environmental or 

Table 1 (continued )

Regression models hyperparameters

Models PLS ETR SVM

Palmitoyl Components: 32 N_estimators: 638 Kernel: Poly
​ ​ Min_samples_split: 5 Gamma: Scale
​ ​ Min_samples_leaf: 4 C: 10
​ ​ Max_depth: 24 Epsilon: 0.001

Protein Components: 23 N_estimators: 638 Kernel: Poly
​ ​ Min_samples_split: 5 Gamma: Scale
​ ​ Min_samples_leaf: 4 C: 100
​ ​ Max_depth: 24 Epsilon: 0.001

Stearic Components: 19 N_estimators: 1685 Kernel: Poly
​ ​ Min_samples_split: 20 Gamma: Scale
​ ​ Min_samples_leaf: 1 C: 1
​ ​ Max_depth: 1 Epsilon: 0.001

Zn Components: 21 N_estimators: 1685 Kernel: Poly
​ ​ Min_samples_split: 20 Gamma: Scale
​ ​ Min_samples_leaf: 1 C: 500
​ ​ Max_depth: 1 Epsilon: 0.001

R. Martínez-Peña et al.                                                                                                                                                                                                                        Food Control 184 (2026) 112011 

6 



agronomic factors in this dataset, highlighting the intricate relationship 
between environmental factors, farming practices, and biochemical 
characteristics in pistachios.

3.3. Quality predictions

The SNV corrected VIS–NIR spectra (Fig. 8) showed the greatest 
variability in two main regions: the visible red edge between approxi
mately 650 and 750 nm and the short wave NIR region from about 800 
to 1000 nm. In the red edge zone, the spectra exhibit a steep change in 
reflectance and a clear spread between samples, which is consistent with 
the influence of chlorophyll and carotenoid absorptions and their known 
sensitivity to nitrogen status, protein content and tissue maturity in 
plant materials (Peng et al., 2014; Zhang et al., 2016). In the 800–1000 
nm interval, the curves diverge again, particularly around 900–980 nm, 
where overtones and combination bands of O–H, C–H and C–O groups 
occur; this region is widely exploited to quantify moisture, total fat and 
organic carbon in agricultural products and soils (Ojha et al., 2024; Peng 
et al., 2014; Wu & Sun, 2013).

These spectral characteristics provide a chemical rationale for the 
prediction of the measured parameters in pumpkins. Minerals such as 
Ca, P, Fe, Mg, Na and Zn, as well as ash and total C, do not show strong 
NIR bands themselves but are closely associated with organic matrices 
(proteins, cell walls, storage tissues) and water, which govern absorp
tion and scattering in the 650–1000 nm range; this indirect relationship 
has been successfully used to model macro and micronutrients from 
VIS–NIR data in plant tissues and soils (Khadivi et al., 2025b; Y. Liu 
et al., 2019). Total fat and the main fatty acids (oleic, linoleic, linolenic, 
palmitic, stearic and palmitoyl containing lipids) predominantly affect 
C–H overtones that are strongest between about 850 and 1000 nm, and 
previous work on vegetable oils and nuts has linked features near 
900–930 nm and 960–980 nm with variations in fatty acid composition, 
supporting the use of this region for predicting lipid related traits in 
pumpkin flesh or seeds (Jensen et al., 2001; Teixeira & Sousa, 2019). 
Water content (humidity) strongly influences the band near 970 nm, 
corresponding to the first overtone of O–H stretching, which is a stan
dard predictor of moisture in grains, seeds and pistachios (Mohammadi- 
Moghaddam et al., 2017), whereas protein is commonly modeled from 
N–H and C–H overtones distributed across 700–1000 nm, including the 
red edge and short wave NIR regions where the largest variation is 
observed (Kimiya et al., 2013; Wojciechowski et al., 2016). Finally, 
carbohydrates and fiber, dominated by polysaccharidic C–H and O–H 
bonds, contribute substantially to absorptions between 850 and 1000 
nm, a range routinely used to quantify starch and structural carbohy
drates in seeds and flours, which explains the sensitivity of this portion 
of the spectrum to CBH and fiber content (Chen et al., 2013; Paz-Kagan 
et al., 2020; Zhou et al., 2025).

Taken together, the clear spectral differentiation in these chemically 
meaningful regions indicates a strong relationship between VIS–NIR 
signatures and the studied quality attributes, and therefore supports the 
development of chemometric predictive models based on these spectra 
to estimate the physicochemical parameters of pumpkins.

3.3.1. Nutrient predictions
Table 5 shows the results of the predictive models (PLS, SVM, and 

ETR). Across all nutrients, PLS generally exhibited higher R2 values and 
lower error metrics (MAE and RMSE) compared to SVM and ETR, sug
gesting its superior performance in capturing the relationships between 
predictors and nutrient outcomes. SVM showed slightly lower R2 values 
and marginally higher errors than PLS. These results are aligned with the 
correlations previously studied. For instance, nutrients such as N and Zn, 
which exhibited strong positive correlations with yield, were predicted 
with higher accuracy across all models (R2 of 0.75 and 0.81 with the PLS 
for N and Zn, respectively). In contrast, nutrients with weaker or more 
complex relationships, such as Na or Mg, showed lower predictive per
formance, especially in the case of Na, which showed the lowest Ta
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performance, with R2 of prediction of 0.20 for Na and 0.63 and Mg, 
respectively. P also showed a high predictive value with an R2 of 0.70 
with the PLS, whereas, in contrast, Ca, Fe and C showed R2 scores of 
0.44, 0.65 and 0.55, respectively.

3.3.2. Fat predictions
The results from the predictive models on the composition of pista

chio samples are shown in Table 6. As in nutrient prediction, PLS 
demonstrated the highest accuracy across most parameters. These re
sults are supported by its higher R2 values and lower error metrics, 
indicating that PLS effectively captured the linear relationships between 
predictors and fatty acid concentrations. Particularly effective in pre
dicting oleic acid, linoleic acid, palmitic and palmitoyl with R2 values of 
0.91, 0.87, 0.82 and 0.82, respectively. SVM performed similarly, 
achieving similar accuracies for oleic and linoleic acid predictions (R2 of 
0.90 and 0.86, respectively), though its performance was slightly behind 
PLS for other parameters. ETR, on the other hand, showed lower pre
dictive power across all metrics except linolenic acid, with the highest 

R2 of 0.75.
The model performances aligned with the observed relationships 

between variables. For instance, oleic acid and linoleic acid exhibited 
strong correlations with location and yield in the matrix, which likely 
contributed to their higher predictability across models. In contrast, 
overall fat content showed weaker correlations with other factors in the 
matrix, which may explain its lower predictive accuracy.

3.3.3. Other predictions
Table 7 shows the results of the predictive models on CBH, humidity, 

protein, and fiber content predictions in pistachio samples. PLS achieved 
the highest accuracy across most parameters, particularly in ash, CBH 
and humidity, with R2 values of 0.81, 0.87 and 0.84, respectively. Pro
tein content achieved an R2 of 0.75, whereas fiber prediction was un
successful with any of the three models. SVM also performed similarly to 
PLS for ash, CBH, humidity and protein predictions but showed slightly 
reduced performance for other parameters.

The performance of the models reflected the strength of the 

Fig. 2. Boxplots of the different pistachio nutrients analysed.

Table 3 
ANOVA and Tukey test of the fat measurements of the pistachios.

Fat (g 100 g) Oleic (% of Fat) Linolenic (% of Fat) Linoleic (% of Fat) Palmitic (% of Fat) Palmitoyl (% of Fat) Steraic (% of Fat)

ANOVA test *** *** *** *** *** *** ***

S 47.619 ± 0.022 a 53.588 ± 0.021 b 0.609 ± 0.001 a 29.904 ± 0.024 a 12.795 ± 0.006 b 1.568 ± 0.002 a 1.025 ± 0.002 b

M 47.260 ± 0.025 b 58.495 ± 0.023 a 0.535 ± 0.001 b 25.012 ± 0.027 b 12.825 ± 0.006 a 1.434 ± 0.002 b 1.124 ± 0.002 a

ANOVA test *** *** *** NS *** *** ***

H 47.860 ± 0.026 a 55.656 ± 0.025 b 0.577 ± 0.001 a 27.469 ± 0.028 13.172 ± 0.007 a 1.558 ± 0.002 a 1.043 ± 0.002 b

C 47.018 ± 0.020 b 56.426 ± 0.019 a 0.567 ± 0.001 b 27.448 ± 0.022 12.449 ± 0.005 b 1.445 ± 0.001 b 1.106 ± 0.002 a

ANOVA test *** *** *** *** *** *** ***

S H 48.370 ± 0.032 a 53.055 ± 0.030 d 0.600 ± 0.001 b 30.466 ± 0.034 a 12.841 ± 0.008 b 1.537 ± 0.003 c 1.018 ± 0.003 d

S C 46.867 ± 0.032 d 54.120 ± 0.030 c 0.618 ± 0.001 a 29.343 ± 0.034 b 12.749 ± 0.008 c 1.600 ± 0.003 a 1.031 ± 0.003 c

M H 47.351 ± 0.042 b 58.257 ± 0.040 b 0.554 ± 0.001 c 24.471 ± 0.046 d 13.501 ± 0.011 a 1.578 ± 0.003 b 1.068 ± 0.004 b

M C 47.169 ± 0.026 c 58.732 ± 0.024 a 0.517 ± 0.001 d 25.553 ± 0.028 c 12.148 ± 0.007 d 1.290 ± 0.002 d 1.180 ± 0.002 a

S, La Seca; M, Moraleja de las Panaderas; H, High; C, Control; NS, not significant at p < 0.05.
Values followed by the same letter within the same column were not significantly different (p < 0.05), according to Tukey's least significant difference test.
*** Significant at p < 0.001.
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relationships observed between the variables. For example, CBH and 
protein content showed strong positive correlations with yield and other 
parameters in the dataset, which likely enhanced their predictability. In 
contrast, fiber exhibited weaker correlations with most variables in the 
dataset, which could explain its lower predictive accuracy.

4. Discussion

The results presented in this study highlight how environmental 
conditions (location) and agronomic practices (irrigation regimes) 
significantly shape the nutritional and fatty acid profiles of pistachios, as 
well as their overall quality. Similar to previous research on hyper
spectral imaging (HSI) and Machine Learning (ML) applied to nuts and 
seeds (Gilman, 2021; Goldhamer & Beede, 2004), our findings confirm 
that both location and water management introduce distinct composi
tional traits in pistachios, which can be detected and quantified accu
rately using spectral data. This work expands upon an earlier 
classification-focused study on pistachios (Martínez-Peña et al., 2024), 

where the primary goal was to distinguish pistachio origin and irrigation 
treatments. In this study, the focus was expanded by quantifying key 
nutrients and fatty acids, providing deeper insight into how specific 
agronomic conditions drive compositional changes.

One of the most important outcomes was the marked influence of 
location, with Moraleja de las Panaderas samples consistently exhibiting 
higher N, P, oleic acid, protein, and ash contents. Environmental factors 
such as soil fertility, local climatic conditions, and orchard age may 
contribute to this enhanced nutrient accumulation (Li et al., 2024). By 
contrast, samples from La Seca showed moderately lower nutrient levels 
but slightly higher Na, possibly indicating differences in soil composi
tion or water salinity. Notably, irrigation treatment also played a central 
role, with high-irrigation pistachios displaying elevated levels of Fe, Zn, 
and saturated fatty acids. This aligns with other orchard crop studies 
showing that water availability can enhance mineral uptake or alter 
metabolic pathways, ultimately modifying the fruit's biochemical 
composition (Kudoyarova et al., 2015; Rouphael et al., 2012).

Additionally, the correlation analysis provided deeper insight into 

Fig. 3. Boxplots of the different pistachio fats analysed.

Table 4 
ANOVA and Tukey test of ash, CBH, humidity, protein and fiber measurements of the pistachios.

Ash (g 100 g−1) CBH (g 100 g−1) Humidity (g 100 g−1) Protein (g 100 g−1) Fiber (g 100 g−1)

ANOVA test *** *** *** *** NS

S 3.0980 ± 0.0023 b 22.0347 ± 0.0135 a 4.2991 ± 0.0024 b 22.9496 ± 0.0216 b 11.9425 ± 0.0363
M 3.4168 ± 0.0025 a 19.8530 ± 0.0150 b 4.6724 ± 0.0026 a 24.7977 ± 0.0239 a 11.9936 ± 0.0402

ANOVA test *** NS *** *** ***

H 3.3363 ± 0.0027 a 20.9486 ± 0.0160 4.3776 ± 0.0028 b 23.4771 ± 0.0255 b 12.5638 ± 0.0429 a

C 3.1786 ± 0.0021 b 20.9391 ± 0.0123 4.5940 ± 0.0021 a 24.2702 ± 0.0197 a 11.3723 ± 0.0330 b

ANOVA test *** *** *** *** ***

S H 3.0550 ± 0.0033 d 21.3819 ± 0.0191 b 4.1701 ± 0.0033 d 23.0232 ± 0.0306 c 12.3244 ± 0.0514 b

S C 3.1411 ± 0.0033 c 22.6875 ± 0.0191 a 4.4281 ± 0.0033 c 22.8760 ± 0.0306 d 11.5606 ± 0.0513 c

M H 3.6176 ± 0.0044 a 20.5153 ± 0.0256 c 4.5850 ± 0.0045 b 25.6645 ± 0.0248 a 12.8032 ± 0.0688 a

M C 3.2160 ± 0.0026 b 19.1908 ± 0.0155 d 4.7598 ± 0.0027 a 23.9310 ± 0.0409 b 11.1841 ± 0.0417 d

S, La Seca; M, Moraleja de las Panaderas; H, High; C, Control; NS, not significant at p < 0.05.
Values followed by the same letter within the same column were not significantly different (p < 0.05), according to Tukey's least significant difference test.
*** Significant at p < 0.001.

R. Martínez-Peña et al.                                                                                                                                                                                                                        Food Control 184 (2026) 112011 

9 



how these biochemical factors and agronomic parameters relate to each 
other. The strong positive correlations between N and productivity 
measures underscore the importance of adequate fertilization and water 
availability for robust tree growth (ÜNLÜ et al., 2005). Meanwhile, Fe 
and Zn correlated inversely with yield, echoing prior observations that 
elevated concentrations of certain micronutrients do not necessarily 
translate to higher productivity (Liu et al., 2014). Also, the negative 
associations found between certain fatty acids (e.g., oleic vs. linoleic) 
highlighted the complex lipid dynamics in pistachios, where genetic, 

climatic, and irrigation variables can tip fatty acid synthesis toward one 
pathway or another (Kurasiak-Popowska et al., 2021; Tomé-Rodríguez 
et al., 2023).

Regarding predictive modelling, the PLS consistently demonstrated 
higher accuracy and lower errors than SVM and ETR for most parame
ters. This suggests that linear approaches effectively capture the domi
nant spectral features linked to nutrient or fat composition, making PLS 
particularly suited for these types of agricultural datasets. Nonetheless, 
SVM still performed competitively for several parameters, such as Zn 

Fig. 4. Boxplots of the ash, CBH, humidity, protein and fiber content in the pistachios.

Fig. 5. Pearson correlation matrix of the nutrients and location, water treat
ment and yield.

Fig. 6. Pearson correlation matrix of the fats and location, water treatment 
and yield.
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and oleic acid, an outcome mirrored in studies using advanced ML for 
compositional analysis in nuts and seeds (Hu et al., 2021; Tahmasbian 
et al., 2021). ETR excelled in a few scenarios (e.g., some minerals), 
suggesting that tree-based models may capture complex, non-linear 
patterns not fully addressed by PLS in specific cases.

Despite these promising results, fibre content stood out as difficult to 
predict across all tested models. The weak correlations observed in the 
dataset may indicate that fibre biosynthesis in pistachios is governed by 
factors unrelated, or only marginally related to the spectral signals 
captured in the 400–1000 nm range. This aligns with other findings 
where certain plant constituents, especially structural components like 
lignin or cellulose, can be less responsive to standard HSI ranges, as in 
grassland, where (Zhao et al., 2024) obtained R2 values of 0.58.

Overall, the application of HSI combined with ML proved to be a 
powerful, non-destructive tool for assessing key pistachio quality traits. 
By pinpointing the spectral fingerprints linked to irrigation regimes and 
local growing conditions, our approach offers a rapid means to optimize 

orchard management strategies, particularly in regions facing water 
scarcity or in need of precise nutrient management. Such insights build 
on previous classification results (Martínez-Peña et al., 2024) by 
providing concrete numerical predictions that producers can use to 
fine-tune irrigation schedules and fertilizer programs. Importantly, the 
present models should still be regarded as preliminary: they were 
trained on a single season, two locations and one cultivar, using 2818 
spectra, and their robustness would benefit from future datasets 
including multiple years, additional orchards and different cultivars to 
better capture environmental and genetic variability. The spectral range 
considered (400–1000 nm) corresponds to the sensitivity of the portable 
VIS–NIR camera used, which, despite being relatively low cost and field 
deployable, mainly captures indirect signatures of composition through 
pigment, water and generic organic functional group absorptions (O–H, 
C–H, C–O). While this is a wavelength region widely used to model 
moisture, protein, carbohydrates, lipids and associated minerals in agri 
food products, more specific and direct responses would likely be ob
tained with extended NIR/SWIR systems. Thus, the current results 
demonstrate that a portable and user friendly device can already deliver 
useful predictions at relatively low cost, but future work should critically 
extend and stress test the models using independent external datasets 
(different years and sites) and, where feasible, higher range NIR/SWIR 
cameras.

In terms of predictive modelling, the study compared the perfor
mance of PLS, SVM, and ETR. PLS emerged as the most accurate model 
overall, closely followed by SVM. Specific parameters such as N and Zn 
content were predicted with high accuracy, achieving R2 values of 0.75 
and 0.81, respectively. Similarly, predictions for fatty acids, including 
palmitic, palmitoleic, oleic, and linoleic acids, yielded R2 values of 0.82, 
0.82, 0.91, and 0.87, respectively. Other parameters like ash content, 
CBH and humidity also showed strong predictive performance with R2 

scores of 0.81, 0.87, and 0.84. While these results are encouraging, a 
critical evaluation highlights that generalization outside the current 
experimental domain remains to be demonstrated.

5. Conclusion

The findings of this study emphasize the deep influence of environ
mental conditions, agronomic practices, and their interactions on the 
composition and quality of pistachios. This study reveals how different 
geographic locations and irrigation regimes affect key quality traits 
while also evaluating the predictive performance of various ML models. 
The study highlights that location plays a pivotal role in determining 
pistachio quality. For instance, samples from Moraleja de las Panaderas 
consistently exhibited higher concentrations of nutrients such as N and 
P, along with high levels of oleic acid, protein, and ash content. Irriga
tion regimes also showed a significant impact, with high-water treat
ments leading to increased levels of key nutrients, saturated fatty acids, 
and ash content compared to control-water treatments. Furthermore, 
the interaction between location and irrigation treatment underscored 
the complexity of these relationships.

In terms of predictive modelling, the study compared the perfor
mance of PLS, SVM, and ETR. PLS emerged as the most accurate model 
overall, closely followed by SVM. Specific parameters such as N and Zn 
content were predicted with high accuracy, achieving R2 values of 0.75 
and 0.81, respectively. Similarly, predictions for fatty acids, including 
palmitic, palmitoleic, oleic, and linoleic acids, yielded R2 values of 0.82, 
0.82, 0.91, and 0.87, respectively. Other parameters like ash content, 
CBH and humidity also showed strong predictive performance with R2 

scores of 0.81, 0.87, and 0.84.
These findings underscore the potential of HSI as a rapid and non- 

destructive technique for assessing the nutritional composition and 
fatty acid profiles of pistachios under varying irrigation regimes. How
ever, further research is needed to explore the underlying mechanisms 
driving these observed relationships and to assess their broader impli
cations for production strategies and product quality.

Fig. 7. Pearson correlation matrix of ash, CBH, humidity, protein and fiber, 
location, water treatment, and yield.

Fig. 8. All spectra with SNV scatter correction.
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Table 5 
Classification metrics of the models for the pistachio nutrient predictions.

Model Metric Ca P Fe Mg N Na Zn C

Train PLS R2 0.470 0.710 0.660 0.640 0.760 0.220 0.810 0.580
MAE 0.049 0.020 1.600 0.004 0.090 2.660 0.820 0.260
RMSE 0.006 0.028 2.050 0.005 0.120 3.240 1.120 0.320

SVM R2 0.460 0.660 0.660 0.590 0.750 0.220 0.820 0.640
MAE 0.005 0.018 1.400 0.003 0.088 2.360 0.700 0.210
RMSE 0.006 0.030 2.080 0.005 0.120 3.240 1.080 0.290

ETR R2 0.610 0.700 0.710 0.720 0.760 0.200 0.830 0.660
MAE 0.004 0.020 1.390 0.003 0.096 2.860 0.650 0.230
RMSE 0.005 0.028 1.900 0.004 0.120 3.260 1.040 0.280

Test PLS R2 0.440 0.700 0.650 0.630 0.750 0.200 0.810 0.550
MAE 0.005 0.020 1.540 0.004 0.092 2.610 0.820 0.260
RMSE 0.006 0.028 2.010 0.005 0.120 3.220 1.110 0.330

SVM R2 0.410 0.650 0.620 0.590 0.730 0.120 0.800 0.550
MAE 0.005 0.020 1.440 0.003 0.095 2.470 0.790 0.250
RMSE 0.007 0.030 2.070 0.005 0.120 3.360 1.130 0.330

ETR R2 0.390 0.600 0.480 0.600 0.720 0.120 0.760 0.360
MAE 0.005 0.022 1.840 0.003 0.085 2.730 0.760 0.310
RMSE 0.007 0.042 2.430 0.005 0.120 3.370 1.180 0.390

Table 6 
Classification metrics of the models for the pistachio fat predictions.

Model Metric Palmitic Palmitoyl Stearic Oleic Linoleic Linolenic Fat

Train PLS R2 0.850 0.840 0.560 0.910 0.880 0.740 0.380
MAE 0.144 0.049 0.057 0.610 0.680 0.018 0.620
RMSE 0.190 0.061 0.067 0.780 0.880 0.026 0.800

SVM R2 0.830 0.840 0.560 0.900 0.870 0.650 0.430
MAE 0.140 0.045 0.053 0.600 0.660 0.017 0.540
RMSE 0.210 0.061 0.069 0.820 0.920 0.030 0.770

ETR R2 0.710 0.760 0.650 0.960 0.890 0.800 0.620
MAE 0.210 0.060 0.048 0.390 0.650 0.017 0.500
RMSE 0.270 0.075 0.061 0.500 0.830 0.022 0.620

Test PLS R2 0.820 0.820 0.550 0.910 0.870 0.700 0.320
MAE 0.150 0.051 0.058 0.600 0.680 0.020 0.640
RMSE 0.210 0.063 0.069 0.780 0.880 0.029 0.840

SVM R2 0.790 0.800 0.530 0.900 0.860 0.600 0.330
MAE 0.160 0.052 0.570 0.660 0.730 0.019 0.620
RMSE 0.230 0.067 0.071 0.870 0.960 0.033 0.830

ETR R2 0.700 0.750 0.320 0.780 0.770 0.750 0.610
MAE 0.210 0.061 0.068 1.000 0.960 0.020 0.510
RMSE 0.280 0.076 0.085 1.230 1.200 0.025 0.640

Table 7 
Classification metrics of the models for the pistachio ash, CBH, humidity, protein 
and fiber predictions.

Model Metric Ash CBH Humidity Protein Fiber

Train PLS R2 0.830 0.880 0.870 0.760 0.240
MAE 0.060 0.410 0.070 0.580 0.840
RMSE 0.079 0.520 0.090 0.740 1.270

SVM R2 0.082 0.880 0.860 0.760 0.210
MAE 0.057 0.370 0.067 0.540 0.710
RMSE 0.081 0.520 0.092 0.740 1.290

ETR R2 0.730 0.780 0.820 0.760 0.200
MAE 0.071 0.550 0.950 0.600 0.700
RMSE 0.100 0.690 0.100 0.740 1.350

Test PLS R2 0.810 0.870 0.840 0.750 0.180
MAE 0.063 0.410 0.076 0.580 0.920
RMSE 0.085 0.530 0.097 0.740 1.430

SVM R2 0.790 0.860 0.820 0.730 0.100
MAE 0.065 0.420 0.080 0.600 0.860
RMSE 0.090 0.550 0.100 0.770 1.500

ETR R2 0.710 0.700 0.780 0.740 0.050
MAE 0.083 0.630 0.096 0.590 1.000
RMSE 0.120 0.820 0.120 0.760 1.550
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