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A B S T R A C T

Ensuring reliable monitoring of industrial composting remains challenging due to feedstock heterogeneity and 
the limited representativeness of point-based spectroscopy. Here, near-infrared hyperspectral imaging (NIR-HSI) 
combined with multivariate modelling was applied for the first time to characterize an industrial olive mill waste 
composting process. By sampling across different zones of open windrow piles over two campaigns (spanning 
2–59 weeks), partial least squares (PLS) regression models were developed to predict key quality indicators (pH, 
electrical conductivity, C/N ratio, and organic matter content). The models demonstrated satisfactory perfor
mance (Residual Prediction Deviation, RPD = 2.4–3.1). Pixel-wise application of PLS models generated spatially 
resolved prediction maps, revealing localized differences in degradation dynamics that would likely be over
looked by conventional analytical methods. Furthermore, a pixel-wise PLS-DA strategy was implemented to 
characterise compositional changes throughout composting. In contrast to the quantitative regression models, 
this approach identified spectral patterns reflecting the progressive breakdown and transformation of the organic 
matter, providing insights into compost evolution without the need for reference analysis. The PLS-DA model 
demonstrated an overall accuracy of 94 %, and the Variable Importance in Projection scores indicated wave
lengths associated with nitrogen-containing and aromatic structures as relevant maturation indicators. Classi
fication maps captured the gradual decomposition of the initial substrates and compost homogenization. 
Calculating class-specific pixels (initial raw materials and finished compost) enabled the construction of relative 
abundance curves reflecting process evolution. Overall, this NIR-HSI workflow opens new possibilities for 
compost monitoring reliability and represents a promising basis for future data-driven control strategies in 
heterogeneous biological processes.

1. Introduction

Monitoring the quality of heterogeneous biological processes (such 
as composting, anaerobic digestion, wastewater treatment or biogas 
production) remains a significant analytical challenge [1]. Conventional 
reference methods are often destructive, laborious, time-consuming, and 
not environmentally friendly, yielding insufficient information to fully 
capture the intrinsic variability of these systems, where composition can 
vary substantially even within the same batch [2]. As a result, real-time 
quality assessment is hindered. Therefore, discrete sampling may not 

provide representative information in large-scale bioreactors or 
windowed composting piles, and conventional chemical analyses may 
struggle to adequately describe such variability. Consequently, there is 
an imperative need for the implementation of rapid, non-destructive 
analytical techniques that can effectively handle such complex and 
heterogeneous samples, capable of providing real-time insights into the 
process dynamics.

In recent years, spectroscopic methods have garnered attention as 
effective alternatives for these purposes. In particular, near-infrared 
(NIR) spectroscopy is widely used due to its speed and non-invasive 
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Contents lists available at ScienceDirect

Talanta

journal homepage: www.elsevier.com/locate/talanta

https://doi.org/10.1016/j.talanta.2026.130201
Received 6 March 2026; Received in revised form 5 June 2026; Accepted 22 June 2026  

Talanta 311 (2027) 130201 

Available online 23 June 2026 
0039-9140/© 2026 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC license ( http://creativecommons.org/licenses/by- 
nc/4.0/ ). 

https://orcid.org/0000-0001-8781-8160
https://orcid.org/0000-0001-8781-8160
https://orcid.org/0009-0005-2461-1011
https://orcid.org/0009-0005-2461-1011
https://orcid.org/0000-0003-4342-333X
https://orcid.org/0000-0003-4342-333X
https://orcid.org/0000-0003-2309-7274
https://orcid.org/0000-0003-2309-7274
https://orcid.org/0000-0002-4945-2425
https://orcid.org/0000-0002-4945-2425
mailto:mjayora@ujaen.es
www.sciencedirect.com/science/journal/00399140
https://www.elsevier.com/locate/talanta
https://doi.org/10.1016/j.talanta.2026.130201
https://doi.org/10.1016/j.talanta.2026.130201
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/


nature [3]. However, it provides a single averaged spectrum per sample, 
masking internal heterogeneity and preventing visualization of 
component distribution [4]. In the context of composting or other bio
processes, traditional NIR instruments are unable to detect significant 
local variations, such as hotspots of moisture, undecomposed residues or 
contaminants.

To overcome these limitations, imaging tools have been integrated 
with NIR spectroscopy to capture both spectral and spatial information. 
Hyperspectral imaging (HSI) combines the strengths of imaging and 
spectroscopy by acquiring a complete spectrum for each pixel of the 
scene under investigation, generating a three-dimensional data cube (or 
hypercube) with two spatial dimensions (x, y) and one spectral dimen
sion (λ) [5]. HSI in the short-wave infrared (SWIR) range, typically be
tween 1000 and 2500 nm, is particularly effective for organic materials, 
as most key chemical bonds display distinctive absorption bands in this 
region [6]. Based on pixel-by-pixel spectral measurements, a complete 
map is generated with chemical information that allows the distribution 
of the material's constituents or quality attributes to be visualised. The 
resulting datasets, typically containing hundreds of thousands of 
spectra, require multivariate and machine learning methods to extract 
meaningful information and support both quantitative and qualitative 
analysis. These analyses allow interpretation based on the underlying 
chemical constituents of the samples, which exhibit different physico
chemical properties. Consequently, the combination of HSI with che
mometrics has supported applications in fields like food quality control, 
agriculture, and soil science, revealing spatial patterns and features (e. 
g., adulteration, disease spots) that are undetectable by conventional 
NIR analysis [7–11].

Despite its widespread use in the analysis of food and agricultural 
products, HSI remains underexplored for monitoring dynamic bio
processes, especially under industrial conditions. Its potential for non- 
invasive tracking of temporal and spatial change in chemical composi
tion renders it highly attractive for such applications. To date, only a 
limited number of studies have demonstrated the capacity of this tech
nique to monitor complex biological transformations through spatially 
resolved chemical mapping, such as fermentation [12] or microbial 
growth [13]. Among these, the composting of organic materials repre
sents a paradigmatic example of a large-scale, highly dynamic system 
that has not yet been fully explored. To the best of our knowledge, no 
direct applications of hyperspectral imaging combined with chemo
metric modelling have been reported in the context of composting, 
which is characterised by spatial gradients of temperature, moisture and 
microbial activity.

In particular, the co-composting of olive mill pomace, the primary 
by-product of the olive oil industry, together with other agricultural and 
livestock waste, presents notable analytical challenges. The matrix is 
chemically complex, containing a wide range of organic and mineral 
compounds that evolve both spatially and temporally during compost
ing. At the same time, this co-composting process is of considerable 
environmental and industrial importance, as it supports the valorisation 
of agro-industrial residues and contributes to sustainable waste man
agement, playing a relevant role in circular economy strategies for the 
olive oil sector [14].

In this context, the combination of hyperspectral imaging and che
mometric modelling offers a promising strategy for monitoring complex 
composting systems. Compost quality is commonly evaluated using key 
physicochemical maturity indicators, such as organic matter content 
(often expressed as loss-on-ignition, LOI), the carbon-to-nitrogen (C/N) 
ratio, pH and electrical conductivity (EC), which together reflect organic 
matter stabilisation, nutrient availability and overall compost maturity.

This work presents, to the best of our knowledge, the first reported 
application of an integrated HSI-chemometrics strategy for the quanti
tative and qualitative monitoring of industrial olive mill pomace com
posting systems, establishing an analytical framework that can be 
transferred to other complex bioprocesses where spatial variability plays 
a critical role. By enabling the spatially resolved monitoring of 

compositional and physicochemical transformations over time through 
pixel-wise prediction tools, namely partial least squares discriminant 
analysis (PLS-DA) and partial least squares (PLS) regression, this strat
egy bridges analytical chemistry and process monitoring, highlighting 
the potential of hyperspectral chemometrics to support improved 
decision-making in industrial system management.

2. Material and methods

2.1. Composting of olive mill pomace and sampling strategy

Compost samples were provided by INGNIA S.L., a composting fa
cility located in Almedinilla (Córdoba, Spain). Composting was con
ducted in large-scale open windrow piles of approximately 80 m long, 
4 m high and 6 m width (Fig. S1a). Each pile was gradually formed 
during the olive oil production campaign through successive additions 
of fresh feedstock. The feedstock mixture was typically composed of 60- 
70 % olive mill pomace (OMP) sourced from local olive mills; 15-25 % 
goat manure with straw bedding (GM); 5-10 % olive tree pruning res
idue (OTP), and 1-3 % chicken manure with sawdust bedding (CM) as 
input materials. Once completed, aeration was maintained by monthly 
mechanical turning.

As a sampling strategy, each pile was arbitrarily divided into 4 sec
tors of 20 m in length (S1 to S4), reflecting its progressive growth 
(Fig. S1b and S1c). As the pile was progressively constructed through 
successive additions of feedstock, sectors became available over time. 
Therefore, S1 was present from the beginning of the process, whereas 
S2, S3 and S4 appeared sequentially as the pile length increased. At each 
sampling time, two independent composite samples (≈1 kg) were 
collected from each available sector. Each sample consisted of five 
thoroughly mixed sub-samples randomly collected at different heights 
and depths within the corresponding sector. Overall, a total of 126 
samples were collected over two consecutive olive harvest seasons, 
representing compost with maturation times ranging from 2 to 49 weeks 
in 2020/2021 and from 3 to 59 weeks in 2021/2022. All samples, 
including compost and the individual raw materials, were oven-dried at 
65 ◦C for 48-72 h (up to constant weight) prior to analysis and stored in 
sealed bags to minimize exposure to ambient humidity. For each 
collected sample, separate portions were used for physical-chemical 
characterization and hyperspectral imaging.

2.2. Physical-chemical characterization

Electrical conductivity at 25 ◦C (EC) and pH were measured in water 
extracts according to standard procedures for compost analysis [15]. 
These extracts (1:10, w/v) were prepared from previously dried compost 
samples and analysed using an EC-meter CRISON Basic 30 (HACH 
LANGE, Spain) and a HANNA pH meter (HANNA® Instruments, 
Australia), respectively. For carbon and nitrogen determination and 
organic matter estimation via the “loss-on-ignition” (LOI) method, the 
dried compost was further finely ground in a domestic dry grinder and 
sieved to 200 μm. C and N analysis was conducted in a LECO TruSpec 
CHN 620-100-400 (LECO Corporation, USA) elemental analyser while 
LOI determination involved combustion in a muffle furnace at 550 ◦C for 
5 h [16].

2.3. Near infrared hyperspectral image acquisition

Data acquisition was performed under stable indoor laboratory 
conditions using an imaging system (SpectralPartners, Haarlem, The 
Netherlands) combining the Specim SWIR hyperspectral camera 
(Specim, Spectral Imaging Ltd., Oulu, Finland), equipped with a cryo
genically cooled mercury-cadmium-telluride (MCT) detector (XENICS 
NV, Leuven, Belgium), and a motorized conveyor belt (RMA Techniek, 
's-Heer Arendskerke, The Netherlands). The system covered the SWIR 
range, from 1000 to 2500 nm, with a spectral resolution of 5.6 nm and a 
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spatial resolution of 0.62 mm/pixel. The camera operated in a push- 
broom, line-scanning configuration with 384 pixels by line, and a sam
ple translation speed of 74 mm s− 1. Illumination was provided by two 
150 W halogen lamps positioned at a 45◦ angle to the sample surface. 
Dried samples were analysed, without any additional treatments, in 
order to preserve their intrinsic heterogeneity. Approximately 15 g of 
compost were spread over a black fabric sheet, forming a compact circle 
of approximately 10 cm in diameter. The sheet was placed on the 
conveyor belt to minimize background interference and ensure uniform 
illumination. Prior to each measurement, the system was calibrated with 
a dark reference by closing the lenses and a white reference using a 
Teflon® sheet. To improve the signal-to-noise ratio, the mean spectra of 
32 successive scans were averaged per pixel and saved in standard 
hyperspectral data cube format. Near-infrared hyperspectral images 
(NIR-HSI) were acquired as three-dimensional datacubes (x, y, λ), where 
x and y correspond to the spatial dimensions and λ to the spectral 
dimension, comprising absorbance values (log 1/R) measured at 272 
wavelengths. In this configuration, x corresponds to the number of 
pixels per line (384), while y represents the scan direction, with an 
average of about 550 lines per datacube. Instrument control and data 
acquisition were performed with Prediktera Breeze software (Prediktera 
AB, Umeå, Sweden).

2.4. Construction of NIR-HSI spectral library

A two-dimensional spectral dataset was extracted from each ac
quired hyperspectral datacube as follows. First, K-means clustering [17] 
was used to create a mask that removed most of the non-sample features 
from the obtained HSI images. The algorithm was set to three clusters 
(k = 3), corresponding to the three materials involved in each acquisi
tion setup: the conveyor belt, the supporting black fabric sheet, and the 
compost sample. The number of clusters was previously defined based 
on this known composition, and the resulting clustering was visually 
inspected to ensure correct identification of the compost region prior to 
mask generation.

The obtained dataset was then subjected to a two-stage cleaning 
process. Initially, the individual spectra were smoothed using a Savitz
ky–Golay filter [18] (window length: 21 spectral points; polynomial 
degree: 2), after which first- and second-order derivatives were calcu
lated. A spike was identified when the absolute values of both de
rivatives at any point simultaneously exceeded five times their 
respective mean absolute values [19]. When spikes were detected, the 
corresponding spectra were excluded from further analysis in order to 
prevent potential artefacts introduced by spectral reconstruction. Sub
sequently, the Local Outlier Factor (LOF) algorithm was applied: spectra 
of pixels that deviated significantly from their k-nearest neighbours (k 
was set to 20) were identified as outliers and removed [20].

2.5. Chemometrics

All chemometric models were developed using the Python software 
version 3.11.12 with the PLSRegression module of scikit-learn, imple
mented in the open-source Spyder integrated development environment 
(IDE, Spyder Website Contributors).

2.5.1. Partial least squares (PLS) regression
For quantitative modelling, partial least squares (PLS) regression was 

used to develop predictive models based on a limited number of 
orthogonal latent variables (LVs), derived from the original spectral 
data. Mean spectra extracted from the hyperspectral images of the 126 
compost samples, covering the full composting process, were used as 
predictors for PLS regression. Reference values for organic matter con
tent expressed as loss-on-ignition (LOI), carbon-to-nitrogen ratio (C/N), 
pH, and electrical conductivity (EC), were determined following stan
dard analytical procedures. The dataset was first randomly split into a 
calibration set (80 % of the compost samples) and a test set (20 %). A 

detailed description of the statistical distribution of reference values, 
including mean, range and standard deviation for each parameter is 
provided in P. Rueda et al. [21].

Separate PLS models were built for each compost quality parameter. 
For all models, both the preprocessing and the number of LVs were 
optimised independently by repeated 10-fold cross-validation (five 
repetitions). The preprocessing strategies evaluated included combina
tions of one or two methods among standard normal variate (SNV), 
Savitzky-Golay second-order derivative (polynomial order: 2; window 
length: 21 spectral points), and linear detrending.

To assess the performance of the models, the calibration (R2 cal) and 
prediction (R2 pred) coefficients of determination, as well as the mean 
square error of calibration (RMSEC) and prediction (RMSEP) were 
calculated using the mean spectra of the calibration and test samples. 
Moreover, the Residual Prediction Deviation (RPD) was calculated as 
the ratio between the standard deviation of the prediction set and the 
RMSEP. RPD values between 2 and 2.5 makes approximate quantitative 
predictions possible. For values between 2.5 and 3.0, and above 3, the 
prediction is classified as good and excellent, respectively [22]. Once 
validated, the optimised PLS models developed were applied to all 
compost hyperspectral images to generate pixel-by-pixel prediction 
maps.

2.5.2. Partial least squares discriminant analysis (PLS-DA)
PLS-DA models were developed to classify hyperspectral pixels into 

five target classes, corresponding to the four raw materials (OMP, OTP, 
GM and CM) and a high-quality compost representative of the final stage 
of the process (COMP; 33 weeks of composting). The inclusion of this 
class allowed the evaluation of the spectral convergence of the raw 
materials towards the targeted end-product state during composting.

The calibration dataset was built from hyperspectral images of these 
five materials (1 image per material). A dataset comprising 20,000 
spectra x 272 wavelengths was generated from randomly selecting 4000 
pixels by hyperspectral image for each class to ensure comparable rep
resentation during model development. In this case, modelling was 
performed at the pixel level, where each pixel spectrum was treated as 
an individual observation. Prior to modelling, spectral data were pre- 
processed using the standard normal variate (SNV) followed by linear 
detrending. The optimal number of latent variables (LVs) was deter
mined by repeated 10-fold cross-validation with five repetitions, 
selecting the model that minimised the classification error. Variable 
Importance in Projection (VIP) scores were computed for each class, 
with values above one indicating significant spectral contributions [23].

The confusion matrix and class-wise performance metrics (sensi
tivity, specificity and F1-score) were used to evaluate the PLS-DA 
models. These metrics were subsequently analysed on a class-wise 
basis to provide a more detailed assessment of classification behaviour 
for individual classes.

For a given class, sensitivity refers to the proportion of pixels of this 
class that are correctly classified as such. Similarly, specificity indicates 
the proportion of the pixels not belonging to this class that are also 
correctly classified as such. The F1-score, defined as the harmonic mean 
of precision and sensitivity, was included as a complementary metric to 
provide a concise and robust summary of classification performance.

For external validation of the model, additional hyperspectral mea
surements were acquired from new samples not included in the cali
bration dataset, comprising both individual raw materials (three of 
each) and three mixtures of prepared by manually combining equal 
amounts of each raw material. The validation set was pre-processed and 
classified using the same workflow as the calibration dataset. Class-wise 
and overall accuracy were also calculated for the external validation set.

Finally, the PLS-DA model was applied pixel by pixel to the hyper
spectral images of the compost samples to obtain classification maps. 
Each hyperspectral cube was reshaped into a two-dimensional matrix of 
pixel spectra, pre-processed as described above, and pixels were 
assigned to the class with the highest predicted score (hard classification 
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approach). The resulting classifications were displayed as false-colour 
maps. Class abundance was subsequently calculated as the percentage 
of pixels assigned to each class relative to the total number of classified 
pixels in the image.

3. Results and discussion

3.1. Quantitative hyperspectral modelling of compost quality parameters

The potential of near-infrared hyperspectral imaging (NIR-HSI) for 
the quantitative prediction of compost quality was evaluated using PLS 
regression models developed from the mean spectra of the samples. This 
approach enables the establishment of quantitative relationships be
tween spectral features and key physicochemical parameters relevant to 
compost maturation.

Four parameters were selected due to their central role in compost 
quality assessment [24]: loss-on-ignition (LOI), reflecting organic matter 
content and its transformation during composting; the 
carbon-to-nitrogen (C/N) ratio, a classical indicator of compost stabili
sation and nitrogen availability; pH, providing information on 
biochemical evolution, potential phytotoxicity and nutrient dynamics; 
and electrical conductivity (EC), related to soluble salt content and 
agronomic suitability. Statistical information of reference values of both 
calibration and validation set is provided in P. Rueda et al. [21]. The 
number of LVs needed for each PLS model was selected according to the 
minimum RMSECV obtained during cross-validation, ensuring an 
adequate balance between predictive performance and model 
complexity. Depending on the target parameter, the models required 
different preprocessing strategies and numbers of LVs, explaining be
tween 99.48 and 99.87 % of the spectral variance. Table 1 summarizes 
the results obtained for each parameter after optimization and plots of 
predicted versus measured values for all developed PLS models are 
provided in Fig. S2.

The prediction accuracy of the PLS model for the C/N ratio was 
slightly higher compared with the other parameters, achieving an 
RPD >3, which indicates excellent predictive performance [22]. This 
finding is particularly relevant since the C/N is a legislated criterion of 
compost maturity [25,26], making its robust prediction by NIR-HSI a 
significant analytical outcome. Conversely, although still displaying 
adequate R2 pred values (ranging from 0.82 to 0.84), the models 
developed for pH, EC and LOI yielded RPD values around 2.5, consistent 
with good predictive performance for semi-quantitative applications. In 
this study, comparable and slightly superior PLS performance metrics 
were obtained relative to those reported by P. Rueda et al. [21] using a 
conventional benchtop FT-NIR spectrometer for equivalent purposes. In 
that work, FT-NIR measurements were performed on samples placed in a 
rotating sample cup, resulting in spectra averaged over the measure
ment area. Here, the inherently larger sampling area captured in 

NIR-HSI integrates spectral information over a much larger surface of 
the sample and therefore better reflects its intrinsic heterogeneity. 
Furthermore, the inclusion of samples spanning the full composting 
process allowed the predictive capability of NIR-HSI to be evaluated 
across different composting stages and conditions (see Fig. S3).

The Variable Importance in Projection (VIP) scores analysis yielded 
comprehensive insights regarding the spectral features supporting each 
PLS model (Fig. S4). The C/N ratio exhibited a particular distribution of 
VIPs >1 within the regions 1650-1800 and 2200-2400 nm, mainly 
associated with the C–H and CH3/CH2 1st harmonic and combination 
bands linked to lipids, polysaccharides and nitrogen-containing com
pounds, thus reflecting the dual role of carbon and nitrogen allocation in 
compost stability. In composted materials, acidity/alkalinity is largely 
governed by the balance between chemical species such as carboxylic 
acids, ammonium and carbonate ions [27]. While pH is a property 
measured in the aqueous extract, its prediction via NIR spectroscopy is 
supported by spectral features associated with these solid-phase con
stituents, which act as surrogate markers for the acid-base equilibrium. 
In particular, the VIP profile of the pH model highlights relevant con
tributions from vibrations attributable to O–H stretching overtones 
(1850-2000 nm) [28], which are associated with water and hydroxyl 
groups involved in acid-base equilibria. In addition, the relevance of the 
2160-2300 nm region, which has been associated with 
carbonate-related combination bands [29], suggests that the model 
captures spectral information linked to carbonate content.

Regarding electrical conductivity model, the most influential spec
tral features were identified at shorter wavelengths with main features 
at 1386 and 1619 nm. Although the most of the soluble ions responsible 
for EC do not exhibit direct NIR absorption [30], EC can be accurately 
predicted through their indirect effects on the spectral features of the 
organic matrix, as they induce perturbations in the absorption peaks of 
O–H and C–H bonds of the biomass [31]. This indirect quantification 
relies on the ability of ionic solutes to perturb the hydrogen-bonded 
network of water [32] and the hydration shells of water adsorbed 
onto compost constituents, such as cellulose. Additionally, certain salts 
carry water of crystallization that remains stable after the drying process 
(65 ◦C), contributing specific vibrational signatures [33]. These alter
ations in the water's state combined with the shifts in the organic 
functional groups' bands, enable the PLS model to correlate spectral 
variance with the ionic content measured in the reference extracts. 
While fluctuations in residual moisture could affect NIR predictions, the 
robustness of the external validation confirms that these effects do not 
compromise the accuracy of the model in providing a reliable proxy for 
EC.

LOI predictions were influenced by broader features extending over 
the range 1140-2000 nm, including lipid, protein, water and carbohy
drate bands, in line with what would be expected when considering the 
total organic matter content [34]. The comprehensive analysis of the VIP 
profiles reveals partial overlap across models but also distinct 
parameter-specific spectral domains consistent with their chemical 
basis, thereby increasing confidence in the robustness of the calibrated 
models. For properties such as pH and EC, where complex molecular 
interactions at both micro and macro scales correlate with the target 
property, the spectral interpretation can be challenging. Nevertheless, 
the representativeness of the sample set ensures that these correlations 
are consistent and reliable. Consequently, the models are supported by 
empirical validation, confirming their ability to capture the chemical 
variability during the composting process within the established 
experimental margins.

Unlike benchtop NIR instruments, hyperspectral imaging provides 
not only average information/parameters’ estimations at the sample- 
level but also detailed information regarding their spatial distribution, 
thereby highlighting compositional heterogeneity that would otherwise 
remain unnoticed. Thus, the optimized PLS models were subsequently 
applied on a pixel-wise basis to generate spatially resolved prediction 
maps, enabling direct visualization of compost dynamics at different 

Table 1 
Results and preprocessing details of PLS regression models based on near- 
infrared hyperspectral images (NIR-HSI) for compost quality prediction.

Spectral pre- 
treatment

LVs R2 

cal
RMSEC R2 

pred
RMSEP RPD

LOI (%) Detrend + SNV 7 0.81 2.2 0.82 2.3 2.4
C/N SNV 8 0.70 2.1 0.89 1.4 3.1
pH 2nd derivative 

+ SNV
8 0.87 0.34 0.84 0.39 2.4

EC (dS 
m− 1)

Detrend + SNV 8 0.78 0.52 0.83 0.46 2.5

LOI: organic matter expressed as “loss-on-ignition”; C/N: carbon-to-nitrogen 
ratio; EC: electrical conductivity; SNV: standard normal variate; LVs: latent 
variables; R2 cal: determination coefficient of calibration; RMSEC: root-mean- 
square error of calibration; R2 pred: determination coefficient of prediction; 
RMSEP: root-mean-square error of prediction; RPD: residual prediction 
deviation.
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stages (Fig. 1).
Fig. 1c and d illustrate the LOI and C/N maps as representative ex

amples, while similar spatial and temporal patterns were observed for 
pH and EC. The decrease in LOI, the gradual reduction of the C/N ratio, 
and the changes of pH and EC can all be monitored both as overall av
erages and through their spatial distribution across the compost sample, 
providing additional nuance. Beyond assessing spatial uniformity, the 
prediction maps provided deeper insight into temporal trends in key 
parameters relevant for effective compost maturity monitoring. In 
general, a progressive reduction in variability and a convergence of pixel 
values toward more uniform distributions were observed in the PLS 
prediction maps as composting time increased, which can be interpreted 
as a sign of compost maturation. However, given the complexity of the 
material, longer composting times do not always guarantee a better- 
quality end product, as residual heterogeneity and partially decom
posed raw materials may persist and affect quality parameters when 
time is considered in isolation.

Accordingly, these maps further revealed specific regions where 
values remained suboptimal despite prolonged composting, under
scoring the inherent variability of industrial-scale processes, wherein 
aeration, moisture distribution, and mixing efficiency can lead to un
even decomposition. Identifying such suboptimal zones enables targeted 
corrective actions, such as localized turning, moisture adjustment, or 
process optimisation, rather than uniform interventions across the entire 
pile.

Although PLS-based prediction provides a robust and highly infor
mative framework for linking spectral data with key physicochemical 
parameters, these parameters alone do not fully describe the overall 
compositional evolution of composting materials. In practice, only a 
limited number of laboratory reference measurements can be routinely 
acquired, while additional composition-related factors also contribute to 
compost quality.

While pixel-wise PLS prediction maps reveal local spatial and tem
poral variations in these key parameters, the broader dynamics of 
composting are also strongly driven by changes in the relative contri
bution, distribution and transformation of the different compositional 
fractions. In this context, complementary multivariate strategies based 
on spectral information enable a more direct interpretation of compo
sitional transitions without requiring additional laboratory-based 
reference measurements. Together, quantitative PLS prediction and 
spectral-based classification approaches provide a more comprehensive 
and practical framework for composting process monitoring.

3.2. Pixel-wise composting assessment by PLS-DA

To further investigate the compositional evolution occurring during 
the composting process beyond classical physicochemical parameters, a 
supervised classification approach based on partial least squares 
discriminant analysis (PLS-DA) was applied to the hyperspectral data. In 
contrast to the quantitative regression models, this approach focuses on 
identifying spectral patterns associated with the relative contribution 
and transformation of the different raw materials throughout compost
ing. Rather than a strict classification, this strategy serves as a tool to 
track the compositional evolution of the material by treating the initial 
raw materials and the stabilized end-product as boundary classes.

The main physicochemical characteristics of the five classes 
considered in the PLS-DA model are summarized in Table S1. The raw 
olive-derived biomasses (OMP and OTP) exhibited high organic matter 
contents (LOI: 91.9 % and 84.7 %, respectively) and elevated C/N ratios 
(32 %–37 %), consistent with its lignocellulosic nature. In contrast, an
imal manures (CM and GM) were characterized by high nitrogen levels 
(up to 3.3 % in CM) and lower C/N ratios. Furthermore, animal manures 
exhibited alkaline pH and higher values of EC than plant-based raw 
materials(OMP and OTP). The mature compost (COMP) displayed the 
physicochemical characteristics typically associated with significant 
organic matter mineralization (LOI decreased to 64.3 %). Furthermore, 

composting induced a marked pH increase to alkaline levels and stabi
lized the C/N ratio at 15.7, a value lower than the original biomasses but 
higher than the values typical of animal manures. These compositional 
differences are also reflected in their spectral features. Fig. 2 shows the 
average spectra of the five considered classes: olive mill pomace, olive 
tree pruning, goat and chicken manures, and the 33-week compost 
(COMP). All of them exhibited broadly similar shapes, as would be ex
pected for organic matrices. However, noticeable intensity differences 
were observed in the regions around 1400-1900 nm and 2000-2400 nm, 
mainly related to O–H, N–H, and C–H absorptions [34].

These spectral variations are indicative of intrinsic compositional 
differences among the raw materials and the more advanced degree of 
organic matter transformation in COMP, indicating that spectral 
discrimination among classes should be feasible. This was further sup
ported by an exploratory PCA performed on the 20000 pixel spectra 
used for PLS-DA calibration (Fig. 3) where the score plots revealed class- 
dependent distributions within the multivariate space. Specifically, PC1, 
accounting for 84.38 % of the total variance, separates the composted 
material (COMP) from the raw feedstocks, despite some overlap due to 
the compositional similarities inherent to organic materials. Regarding 
the feedstocks, OMP and OTP exhibited the broadest score distributions, 
spanning almost the area defined by PC1 and PC2. Interestingly, a subset 
of pixels from GM and CM was projected towards the positive area of 
PC2, together with OMP and OTP pixel scores, likely reflecting the 
presence of plant-based bedding materials in their composition, which 
may contribute spectral features similar to those of lignocellulosic ma
terials. Furthermore, in the space defined by PC1 and PC3, these olive- 
derived feedstocks (OMP and OTP) partially overlapped with each 
other while differentiating from the manure-based feedstocks (GM and 
CM) and final compost.

The PLS-DA model was developed at the pixel level with independent 
samples from each pure class, and was subsequently validated through 
internal cross-validation and external testing on both new individual 
materials and mixtures. The PLS-DA model retained 8 LVs, providing an 
optimal balance between classification accuracy and model complexity. 
Under these conditions, the model enabled a robust discrimination be
tween the target classes, focusing on chemically meaningful spectral 
differences rather than physical variability. The resulting classification 
performance is summarised in Table 2.

The PLS-DA model showed robust and consistent performance across 
calibration, cross-validation, and external validation. All internal met
rics exceeded 0.93, with the majority above 0.97. OMP and CM showed 
the highest F1-score values (>0.98), while OTP, GM and COMP 
exhibited slightly lower performance. It is worth noting that extracting 
calibration pixels from a single representative image per class may 
introduce spatial autocorrelation and risk pseudo-replication. Never
theless, the external validation, with F1-scores ranging from 0.95 to 0.99 
and an overall accuracy of 94.0 %, demonstrates that the model is not 
overfitted and possesses genuine predictive power. Because the external 
validation set consisted of independent samples, these results demon
strate that the model captured genuine chemical differences, confirming 
its generalization capability across heterogeneous materials.

Analysis of the confusion matrix (Table S1) revealed that mis
classifications were systematic and closely related to chemical and 
structural similarities among classes. OMP and CM showed the highest 
classification accuracies, with correct classification rates above 90 % in 
the external validation dataset, indicating the presence of distinctive 
NIR spectral signatures. In contrast, OTP, GM, and COMP exhibited 
higher levels of mutual confusion. Approximately 10 % of GM pixels 
were misclassified as OMP, reflecting similarities in organic matter 
composition and moisture-related spectral features. Likewise, OTP 
showed relevant confusion with COMP (∼ 3 %), consistent with their 
shared lignocellulosic nature, while COMP displayed misclassification 
rates of about 4 % towards OMP and 3 % towards OTP, supporting its 
role as an intermediate material integrating spectral characteristics of 
the different feedstocks. Such confusion patterns were already suggested 
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Fig. 1. (a) RGB images of representative compost samples. (b) Corresponding near-infrared hyperspectral images of the same samples after background removal, 
with the colour scale representing average absorbance values expressed as log(1/R). (c–d) Examples of pixel-wise prediction maps obtained using the optimised PLS 
regression models for compost quality parameters: (c) loss-on-ignition (LOI) and (d) carbon-to-nitrogen (C/N) ratio, shown for samples collected at 2, 24 and 43 
weeks of composting from sampling sector 3 of the 2020/2021 campaign. Colour bars indicate the predicted values of each parameter. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the Web version of this article.)
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by the partial overlap observed in the PCA score plots and point to the 
existence of shared spectral features among the different defined classes.

The VIP profiles (Fig. 4) provided further insight into the spectral 
regions responsible for the observed class similarities and 

misclassifications. The region between 2100 and 2300 nm showed the 
strongest influence, dominated by lignocellulosic absorptions [35] that 
appeared most prominently in OTP but were also characteristic of GM 
and CM due to the presence of straw- and sawdust-based bedding. Based 

Fig. 2. a) Mean NIR-HSI spectra of the five classes considered in the PLS-DA model; b) difference between class-averaged spectra and the overall mean spectrum. 
Colour code: olive mill pomace (OMP); olive tree pruning (OTP); goat manure with straw bedding (GM); chicken manure with sawdust bedding (CM); 33- 
week composted olive mill pomace (COMP). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of 
this article.)

Fig. 3. PCA score plots (PC2 vs. PC1 and PC3 vs. PC1) obtained from the 20000 pixel spectra used for PLS-DA calibration (4000 pixel each class). Colour code: olive 
mill pomace (OMP); olive tree pruning (OTP); goat manure with straw bedding (GM); chicken manure with sawdust bedding (CM); 33-week composted olive 
mill pomace (COMP). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Table 2 
Performance metrics of PLS-DA model for calibration, cross-validation and external validation.

Class Calibration Cross validation External validation

Sens Spec F1-score Sens Spec F1-score Sens Spec F1-score Acc (%)

OMP 0.992 0.997 0.990 0.992 0.997 0.990 0.988 0.997 0.991 98.1
OTP 0.937 0.991 0.950 0.936 0.991 0.950 0.928 0.997 0.959 94.3
GM 0.951 0.983 0.941 0.948 0.983 0.940 0.958 0.995 0.969 87.6
CM 0.988 0.994 0.983 0.988 0.994 0.982 0.989 0.992 0.985 98.1
COMP 0.930 0.984 0.933 0.930 0.983 0.931 0.985 0.983 0.981 91.9

OMP: olive mill pomace; OTP: olive tree pruning; GM: goat manure with straw bedding; CM: chicken manure with sawdust bedding; COMP: 33-week composted olive 
mill pomace; Sens: sensitivity; Spec: specificity; Acc: accuracy.
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on the existing literature, bands at wavelengths close to 2100 nm are 
associated with combination bands involving O–H and C–H stretching 
vibrations in hemicellulose, cellulose and lignin, whereas those around 
2300 nm are mainly attributed to the C–H stretching and deformation 
vibrations in these compounds [36]. The presence of lignocellulosic 
features in OTP, GM and CM leads to the convergence of such classes 
within the classification.

Additional ambiguity arose from the 1900–2200 nm region, char
acterized by strong O–H combination bands and overlapping absorp
tions related to nitrogen-containing organic compounds [37]. These 
nitrogen-related features are notably pronounced in manure-derived 
materials and thus strongly expressed in GM and CM. Although OTP 
also exhibited spectral contributions in this region, their weaker and less 
defined signature, also partially masked by the more dominant ligno
cellulosic absorptions at longer wavelengths, suggested a reduced ni
trogen contribution.

At lower wavelengths, spectral features around 1250 nm also 
contributed to class discrimination. These bands were especially prom
inent in OMP and are associated with C–H and CH2 overtone vibrations 
from aliphatic chains, as well as to O–H overtones from lignocellulosic 
materials and phenolic moieties [28,38,39]. The stronger intensity of 
these bands in OMP is consistent with its higher lipid content and aligns 
with the high sensitivity and F1-score values reported for this class.

The final stage compost class showed comparatively lower classifi
cation performance metrics, likely reflecting its greater compositional 
heterogeneity and higher spectral variability. Its main VIP contributions 
overlapped with those of manure-derived materials, including nitrogen- 
associated absorptions and residual lignin-derived bands. Additional 
contributions observed between 1900 and 2100 nm probably reflect 
absorptions associated with aromatic and humic-like structures that 
progressively accumulate during composting [40]. The persistence of 
these recalcitrant fractions explains the frequent misclassification of 
COMP towards GM and CM, with occasional confusion with OTP, and 
further supports the relevance of nitrogen-rich signals as spectral 
markers of compost stabilisation.

Once validated, the PLS-DA model was applied to the hyperspectral 
images of the compost samples collected throughout the process. Fig. 5
presents some examples of hyperspectral image analysis at different 
composting stages in the form of false-colour maps, showing the distri
bution of the different classes within the samples. Comparisons across 
composting times reveal a notable temporal evolution in the relative 
abundance of the different components.

At the early stage (<5 composting weeks), the mixture was domi
nated by non-decomposed raw materials, comprising 57 % OMP, 25 % 
OTP, and 6 % animal manure. It should be noted that the OTP fraction 
may also include pixels associated with other plant-derived residues, 
such as manure bedding. The remaining pixels (12 %) were classified as 
COMP, reflecting localized areas with spectral features similar to those 
of mature compost. However, this classification most likely reflects 
spectral resemblance rather than actual compost formation at this stage. 
This behaviour is consistent with the overlap observed in the VIP pro
files, particularly in key spectral regions associated with lignocellulosic 
structures and nitrogen-containing compounds, which are already pre
sent in the raw materials.

As composting proceeded, the feedstock materials became less domi
nant and appeared in more fragmented clusters, while regions classified 
as COMP increased noticeably (∼ 45 %). This finding suggests that a 
significant proportion of the mixture had already undergone structural 
and biochemical transformation, although residual signatures of the 
initial components were still detectable across the material. In the more 
advanced sample (>32 composting weeks), most of the pixels (87 %) are 
attributed to the COMP class, reflecting the compositional evolution of 
the material during composting and its gradual convergence towards a 
more homogeneous state. This behaviour is consistent with literature 
indicating that composting aims to produce a stable, uniform material 
through progressive decomposition of raw materials [41].

Fig. 4. VIP scores of the PLS-DA model per class. Major discriminant spectral 
bands are indicated by red grid lines. OMP: olive mill pomace; OTP: olive tree 
pruning; GM: goat manure with straw bedding; CM: chicken manure with 
sawdust bedding; COMP: 33-week composted olive mill pomace. (For inter
pretation of the references to colour in this figure legend, the reader is referred 
to the Web version of this article.)
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It should be noted that the PLS-DA model always forces each pixel to 
be assigned to one of the predefined classes even for intermediate states 
with degraded materials that do not perfectly match the initial inputs or 
the final compost. Since each pixel was assigned to the class yielding the 

highest predicted score, pixel counts can be interpreted as a relative 
measure of the prevalence of spectral characteristics associated with 
each class. Applying this pixel-counting approach to all samples enabled 
the construction of evolution curves (Fig. 6), providing a temporal view 

Fig. 5. Example of pixel-wise PLS-DA classification maps for early (2 weeks), intermediate (15 weeks) and advanced (32 weeks) compost samples, showing the most 
probable class assigned to each pixel: olive mill pomace (OMP); olive tree pruning (OTP); goat manure with straw bedding (GM); chicken manure with 
sawdust bedding (CM); 33-week composted olive mill pomace (COMP).

Fig. 6. Temporal evolution of the percentage of pixels assigned to each PLS-DA class throughout the composting process for sampling sectors 1 (a) and 3 (b) of the 
2020/2021 (1) and 2021/2022 (2) olive harvest campaigns. Colour code: olive mill pomace (OMP); olive tree pruning (OTP); goat manure with straw bedding 
(GM); chicken manure with sawdust bedding (CM); 33-week composted olive mill pomace (COMP). (For interpretation of the references to colour in this figure 
legend, the reader is referred to the Web version of this article.)
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of the evolution of these spectral signatures throughout composting. The 
numerical values underlying these curves are provided in Table S3. As 
composting progressed, the proportion of pixels showing greater simi
larity to the initial raw materials decreased in favour of those associated 
with the COMP class, providing a semiquantitative indicator of compost 
maturation.

In the 2020/2021 season, this shift was rapid and uniform, with a 
consistent reduction of raw-material pixels and an early consolidation of 
the COMP class, whereas the 2021/2022 campaign showed a more 
gradual progression with OMP and OTP pixels persisting for longer pe
riods. These pixel-based PLS-DA trends are coherent with the evolution 
of conventional maturity indicators (see Fig. S3a and S3b). The 2020/ 
2021 campaign exhibited a steady decrease in the C/N ratio, reflecting 
enhanced mineralisation and stabilisation, while 2021/2022 showed a 
less uniform C/N evolution with time. Operational factors likely 
contributed to these differences: limited turning in early stages may 
have restricted oxygen availability, and elevated pH values observed in 
the final stages of 2021/2022 (over 9.0) could have inhibited microbial 
activity and delayed stabilisation.

The variability across sectors within each campaign can be attributed 
to the operational management strategies employed during the con
struction of the pile and subsequent turning times. Although the entire 
pile is turned on the same dates, systematic aeration does not begin until 
the pile is complete, so each sector experiences different conditions 
beforehand. Faster stabilisation was observed in those sectors subjected 
to earlier overturning, as reflected in the pixel dynamics with sector 3 
(20/21) showing a particularly clear and earlier stabilization of the 
COMP class. Frequent or earlier turnings can lead to the acceleration of 
the decomposition of organic matter along with an increase in microbial 
activity [42,43].

Differences between campaigns can be attributed to a combination of 
environmental and operational factors. Seasonal weather conditions, 
particularly temperature and rainfall, may have directly influenced the 
moisture content of the pile and oxygen availability, which are critical 
for microbial activity [44]. In particular, the 2020/2021 campaign was 
characterised by lower and more irregular precipitation together with a 
gradual decrease in ambient temperature during the sampling period, 
whereas the 2021/2022 campaign experienced more frequent rainfall 
events and higher cumulative precipitation, especially at earlier stages. 
These conditions together with differences in the composition and 
physicochemical properties of the feedstock mixture could have 
contributed to the lower degradation rates observed throughout the 
latter campaign.

The conversion of classification maps into compositional metrics 
represents a novel analytical application of NIR-HSI combined with 
pixel-based PLS-DA. This approach enables the monitoring of relative 
abundance of raw materials and mature compost at each stage. It should 
be noted that, beyond the initial composting stages, these proportions do 
not represent the actual concentration of the original feedstocks but 
rather the prevalence of their molecular signatures as decomposition 
progresses and material identity is lost. In this sense, pixel class as
signments must be interpreted as a spectral representation of prevailing 
chemical signatures rather than as a direct measure of the physical 
presence of the original feedstocks. This quantitative framework allows 
the definition of maturation thresholds that are based on the residual 
content of raw materials, hence reinforcing the efficacy as a reliable 
control tool. Furthermore, any deviation from the expected behaviour 
can be interpreted as an early warning indicator of excessive heteroge
neity or suboptimal process performance, as can be seen in the example 
of the campaign 2021/2022. This approach is readily transferable to 
other bioprocesses and industrial systems that require temporal moni
toring of input material transformation.

4. Conclusions

NIR hyperspectral imaging combined with multivariate modelling 

was applied for the first time as a promising framework for monitoring 
an industrial olive mill pomace composting process. PLS regression 
models developed for key physicochemical maturity parameters ach
ieved better predictive performance compared with conventional point- 
based NIR measurements (RPD >2.5). This improvement is mainly 
attributed to the greater spatial representativeness provided by hyper
spectral imaging, which captures material heterogeneity and reduces 
sampling bias, while enabling spatially resolved monitoring of compost 
quality throughout the process.

In addition, pixel-wise PLS-DA classification enabled the assessment 
of compositional evolution from raw materials to stabilised compost 
through the analysis of dominant spectral signatures. Although class 
proportions reflect spectral similarity rather than the actual physical 
abundance of individual feedstocks, this approach revealed spatial 
heterogeneity, sector-specific behaviours and localised delays in organic 
matter degradation that would likely remain undetected using conven
tional methodologies. While the current validation results confirm the 
reliability of these findings, future calibration strategies should incor
porate smaller, independent sub-images from multiple material batches 
to better capture natural variability. Overall, the proposed strategy 
provides operationally relevant information for in situ process moni
toring and optimisation, with possible application to other heteroge
neous bioprocesses, such as anaerobic digestion.
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