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Highlights

What are the main findings?
• Sequential backward band selection (GPR-BAT) achieved accuracy comparable to PCA 

for N uptake and NNI using only two or three bands, while PCA performed better 
for AGB.

• Key bands clustered in NIR for all traits, red-edge for N uptake and NNI, and blue for 
NNI, giving models more interpretable than PCA.

What are the implications of the main findings?
• Band selection avoids acquiring the full hyperspectral cube, cutting data, computing, 

and cost barriers to on-farm N monitoring.
• The selected spectral regions define two candidate multispectral sensors for precision 

N management to be validated with real sensors.

Abstract

Hyperspectral imaging adoption is hindered by high investment costs, and multicollinear-
ity among contiguous bands requires dimensionality-reduction (DR) algorithms, raising 
concerns about cost-effectiveness for farmers. In this study, we propose a direct comparison 
between feature extraction and feature selection methods as DR strategies for monitoring 
the nitrogen (N) status of processing tomato. The hyperspectral reflectance (399–1001 nm) 
was monitored in a processing tomato experiment with four N levels alongside crop traits 
(aboveground biomass, AGB; N uptake; N nutrition index, NNI). Gaussian process re-
gression (GPR) was trained in two DR scenarios, (i) feature extraction using principal 
component analysis (GPR-PCA) and (ii) feature selection, with a sequential backward 
band removal (band analysis tool, BAT, in ARTMO software (v3.30); GPR-BAT), to identify 
the most informative key bands. The GPR-PCA achieved the highest mean accuracy for 
AGB, whereas for N uptake and NNI GPR-BAT yielded comparable estimation performance. 
Selected bands were located in the NIR for all variables, in the red-edge for N uptake and 
NNI, and in the blue region for NNI, and were interpreted as candidate spectral regions. 
Based on the identified bands, two candidate multispectral sensor configurations were pro-
posed for N monitoring: an AGB–NNI scenario (6 bands) and an AGB–N uptake scenario 
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(5 bands). These findings suggest the potential of task-specific multispectral sensors for 
crop N monitoring, although NNI accuracy (RMSE ≈ 0.11 NNI units) remains insufficient 
for decisions close to the fertilization threshold.

Keywords: dimensionality reduction; hyperspectral imaging; multispectral sensors;
nitrogen monitoring; nitrogen fertilization; feature extraction; feature selection

1. Introduction
Nitrogen (N) fertilization represents one of the major environmental burdens in pro-

cessing tomato cultivation [1] due to nitrate leaching into groundwater and the emission of 
nitrous oxide, a greenhouse gas (GHG) nearly 300 times more impactful than CO2 . The N 
fertilizer supply chain is therefore a major source of GHG emissions, as shown by Menegat 
et al. [2], who attributed 10.6% of global agricultural GHG emissions to the N fertilizer 
sector, corresponding to 2.1% of total global emissions. Reducing N inputs is indeed critical 
to achieve a more sustainable and resilient agricultural sector, and digital agriculture is a 
direct strategy to optimize the use of mineral fertilizers and meet actual crop N demand. 
Monitoring crop N status with digital tools (e.g., chlorophyll meters, reflectance sensors) 
enables dynamic adjustment of fertilization using a speaking-plant approach [3], resulting 
in a reduction in N fertilizer use of up to 60% [4]. In recent decades, optical sensors have 
become increasingly popular for their rapid, large-scale, and non-destructive monitoring 
of crops, and among these, hyperspectral sensors are particularly relevant in the remote 
sensing community. By capturing reflectance across hundreds of narrow, contiguous spec-
tral bands, hyperspectral imaging enables detection of subtle variations in crop biophysical 
traits, supporting precision agriculture applications [5].

Hyperspectral data have proven effective across multiple crop monitoring tasks. Cera-
sola et al. [6] used full-spectrum hyperspectral reflectance from processed tomato to retrieve 
biophysical traits (crop N uptake and biomass) in a machine learning framework and ac-
curately estimated crop N demand (R2  = 0.86), reconstructing the critical N uptake curve. 
Similarly, Wang et al. [7] accurately estimated the leaf N content (LNC) employing the full 
hyperspectral spectrum in cereal crops. However, the main drawback of hyperspectral data 
is its very high dimensionality. Indeed, the adjacent narrow bands introduce redundancy 
by carrying similar information, which, if not addressed via dimensionality reduction 
(DR) techniques, may lead to suboptimal regression performance, often referred to as the 
curse of dimensionality [8]. Furthermore, end-users’ adoption is strongly hindered by 
the high investment costs of hyperspectral cameras [9]. Although open-access satellite 
missions (e.g., PRISMA, EnMAP, CHIME) provide free access, specialist skills in image 
post-processing and considerable computational and storage resources are still required. 
This conflicts with the limited digital literacy among EU farmers, which is a major barrier to 
the adoption of digital technologies [9]. The a priori preference for hyperspectral imaging 
has also been questioned by Matese et al. [10], especially when comparable performance 
can be achieved by multispectral, or even simple RGB sensors. Yet, in some cases, hyper-
spectral cameras were used to detect the nitrogen nutrition index (NNI) using only a few 
vegetation indices [11] or full-spectrum approaches [6,12], although multispectral sensors 
have also been shown to provide effective monitoring [13–15]. That said, in some instances, 
hyperspectral cameras are irreplaceable, as they provide highly informative data, enabling 
the detection of subtle changes that simpler multispectral sensors cannot. To this end, the 
early detection of Xylella fastidiosa before symptom appearance in olive trees [16] and the 
pre-symptomatic discrimination of early blight from late blight in potato [17] represent 
great examples.
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Nowadays, DR can be achieved using two main approaches, feature extraction and 
feature selection [18], which encompass a wide range of algorithms. Briefly, feature extrac-
tion generates new variables by transforming the original bands, with principal component 
analysis (PCA) representing a widely used approach for high-dimensional data [19–21], 
excelling specifically when combined with machine learning algorithms [22]. PCA projects 
hyperspectral data onto a smaller set of uncorrelated principal components (PCs) [23], 
which can serve as input variables for estimating crop biophysical traits, thereby reducing 
noise and model complexity [22]. However, PCA reduces interpretability, because the 
contribution of individual bands to crop trait estimation is lost during the feature trans-
formation [20,24]. Furthermore, since the transformation is applied to the full spectrum, 
acquiring the complete hyperspectral cube remains a prerequisite, leaving logistical and 
economic barriers unresolved, including data storage requirements and investment costs. 
From this perspective, working with a reduced set of task-optimized bands (e.g., multispec-
tral sensors) may enable more efficient use of computational and economic resources, while 
ensuring equivalent estimation performance and accelerating post-processing workflows. In 
this perspective, feature selection methods, commonly categorized into filter, wrapper, and 
embedded approaches, identify a small subset of the most informative bands prior to model 
training. The original bands are preserved, avoiding any transformation that would limit 
model interpretability, though the band selection process itself may require considerable 
computational effort, depending on the algorithm employed [24]. For instance, Verrelst 
et al. [25] showed that hyperspectral data could be reduced to as few as nine and four bands 
to estimate leaf chlorophyll content and leaf area index (LAI), respectively, while Hassan-
zadeh et al. [26] employed feature selection in hyperspectral imaging to estimate bean yield, 
identifying just five decorrelated wavebands, with the goal of transferring their model to a 
low-cost multispectral system. Although the research community has acknowledged the 
benefits of more transparent and interpretable models, direct comparisons between feature 
extraction and selection approaches for crop trait retrieval remain limited, especially for 
N-related variables. To our knowledge, only Pascual-Venteo et al. [20] compared these 
two approaches using a PROSAIL-simulated dataset within a hybrid machine learning 
framework, finding that a model trained on 20 PCs outperformed a comparable model 
trained on the 20 best-ranked bands in retrieving several crop traits, including LAI. The 
authors noted, however, that the performance of both approaches could be further enhanced 
by individually optimizing the number of retained features.

Therefore, the objective of this study is to compare a feature extraction approach (PCA-
based) with a feature selection approach based on the iterative least informative band 
removal [25], each under its individually optimized number of features, in monitoring crop 
N status by retrieving aboveground biomass (AGB), N uptake, and the NNI in processing 
tomato. Specifically, we aimed to: (i) compare the retrieval performance of Gaussian process 
regression (GPR) models based on the full spectrum, on principal component (GPR-PCA), 
and on the selected bands (GPR-BAT); (ii) identify the most informative spectral regions 
for each trait; (iii) evaluate candidate multispectral sensor configurations derived from the 
selected bands for N management.

2. Materials and Methods
2.1. Experimental Design and Crop Management

A plot-level field experiment was conducted from May to August 2023 at the experi-
mental farm of the University of Bologna located in Cadriano in Northern Italy (44°32′58″ N, 
11°24′37″ E; local climate Cfa according to the Köppen classification), where a processing 
tomato cultivar (K2206, ISI Sementi SpA, Fidenza, Italy) was transplanted in a single-row 
cropping system, with a distance between rows of 1 m, and a distance between plants in the 
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same row of 0.36 m, resulting in a total of 27,778 plants ha−1 . The experiment, described 
in detail in Cerasola et al. [6], is briefly summarized here. Four N fertilization levels were 
applied to the experimental plots, each 9 m × 5 m, arranged in a four-times-replicated 
complete randomized design, totaling 16 independent experimental units. The total crop N 
requirement was calculated using the N balance method [27], yielding 180 kg N ha−1 , and 
N fertilizer was supplied via fertigation at 0, 20, 60, and 100% of total crop N requirements 
(0, 36, 108, and 180 kg N ha−1 ). Phosphorus was fully supplied at soil tillage at the rate 
of 80 kg P2 O5  ha−1 , while a total of 150 kg of K2 O ha−1  was supplied through fertigation 
in three distinct moments along the growing season. Crop water requirements were met 
through drip irrigation, using the soil water balance method reported by Cerasola et al. [28].

2.2. Ground Data Measurements
At five growth stages (24, 30, 42, 49, and 55 days after transplant, DAT), aboveground 

crop traits (AGB, N uptake, and NNI) were monitored by sampling three plants, repre-
senting plant-level observation, per experimental unit (the 16 plots) at each date, for a 
total of 240 plants. Before plant collection, their coordinates were recorded for subsequent 
spatial referencing using a Topcon HiPer V GNSS system (Topcon Positioning Systems, Inc., 
Livermore, CA, USA, horizontal accuracy of 0.010 m and vertical accuracy of 0.015 m in 
RTK mode).

The fresh plant biomass was weighed with a precision scale. Each plant was oven-dried 
at 60 °C to a constant weight for dry plant biomass measurement. Subsequently, plant 
dry mass was converted to area-based AGB using the planting density. To determine the 
N uptake (kg N ha−1 ), the entire dried plants, including all plant organs (leaves, stems, 
and fruits), were ground into small pieces (2–5 mm), and a homogenized sub-sample was 
selected and further ball-milled into powder. Total N concentration (N%) was determined 
with a CHN elemental analyzer (Thermo Fisher, mod. EA 1110, Bremen, Germany). The 
N uptake was calculated as the product between the N concentration (%) and the dry 
mass per unit area (kg ha−1 ). The NNI was computed as the ratio of the N% monitored in 
the plant to the critical N%, derived from the AGB using the critical N dilution curve for 
processing tomato developed by Tei et al. [29]. The resulting crop traits measured at the 
plant level were finally averaged at the plot level.

2.3. Spectral Data Acquisition, Data Preprocessing, and Spectra Extraction Method
Spectral images were collected between 11:00 and 14:00 on the same day as ground 

data monitoring, when the sun was closest to the zenith during the growing season, in order 
to minimize shadowing and illumination effects, as previously demonstrated by Gianquinto 
et al. [15]. On each sampling date, all 16 plots were acquired with a single flight lasting 
approximately 8 min, given the small size of the experimental field (about 40 × 50 m), so 
that changes in solar zenith angle among plots were negligible. Images were captured at 
40 m above the ground using the unmanned aerial vehicle (UAV) DJI Matrice 600 (DJI, 
Shenzhen, China) equipped with the hyperspectral camera Headwall Nano-Hyperspec® 
(Headwall Photonics Inc., Bolton, MA, USA). To minimize camera movement during flight, 
the camera was mounted on a stabilized Ronin MX Gimbal system (DJI, Shenzhen, China). 
The camera detected the incoming radiation between 399 and 1001 nm in 273 bands with 
a full width at half maximum (FWHM) of 6.6 nm, a sampling interval of 2.2 nm, and a 
ground sampling distance of 4 cm.

Spectral images were preprocessed as described in Cerasola et al. [6] using Headwall’s 
SpectralView software (Headwall Photonics Inc., Bolton, MA, USA), according to the 
sensor manual. Before each flight, the white and dark references were measured with 
the cap on the 12 mm lens (dark reference) and with a reference Spectralon®  white panel 
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(Labsphere, North Sutton, NH, USA) placed in the field of view of the sensor to obtain 
the gain and offset used for radiometric correction, and convert the digital numbers into 
radiance data. Reflectance was then calculated from radiance using a white calibration 
tarp placed on the soil within the imaged area during each flight, which accounted for the 
illumination conditions at the time of acquisition. Orthorectification was performed, and 
spatial alignment with the experimental plots was verified using QGIS.

The spectral signature of each plant was extracted from georeferenced raster images 
processed using custom Python software v3.11 (Python Software Foundation, Wilmington, 
DE, USA). The spatial coordinates of individual plants were first computed using the known 
plant spacing (1 m × 0.36 m) and the field boundary polygon, thereby generating a regular 
grid of theoretical plant positions within the study area. Observed plant coordinates, ob-
tained from GNSS measurements, were then corrected using ground control points (GCPs), 
white panels in the field of view of the sensor georeferenced in the field before the flight, to 
account for systematic positional errors. The residual positional error after this correction, 
however, was not quantified. The corrected plant positions were subsequently matched 
to the theoretical grid by assigning each observation to the nearest plant position based 
on Euclidean distance, thereby minimizing residual spatial misalignment. Subsequently, a 
plant-specific bounding box was defined and sized according to the plant spacing, corre-
sponding to the ground area allocated to a single plant (1 m × 0.36 m) and approximately 
680 pixels at a ground sampling distance of 2.3 cm. Adjacent bounding boxes did not 
overlap, so that each pixel was assigned to a single plant. Although at later growth stages 
the canopies of neighboring plants could partially extend into the target bounding box, only 
the inner plants of the plot were sampled, excluding the borders. Therefore, neighboring 
plants belonged to the same plot and N treatment, and were expected to show similar 
canopy development and N status, preventing cross-contamination between treatments. 
Moreover, since spectra were averaged at the plot level (see below), the extracted signal 
represents the plot as an experimental unit rather than individual plants. The orientation 
of each bounding box was aligned with the crop row direction, determined from two ref-
erence plants with known coordinates. The line connecting these points defined the row 
direction, and the corresponding inclination angle was computed to rotate the bounding 
boxes. The bounding boxes were then used to clip the raster, and the median reflectance 
value for each wavelength was calculated within each bounding box. The extracted spec-
tral signal intentionally included both vegetation and soil backgrounds, as no vegetation 
masking was applied, to reproduce mixed-pixel conditions and approximate the low spatial 
resolution of hyperspectral satellite observations. Consequently, the contribution of soil 
pixels was the highest during early growth stages and progressively decreased as canopy 
development progressed.

Of the 240 plant spectra theoretically available (16 plots × 3 plants × 5 sampling 
dates), 16 could not be extracted because the corresponding plots were partially cut at 
the edge of the hyperspectral image: one plant of treatment N0 at the second sampling 
date, and all plants of five plots at the fourth sampling date (belonging to all four N 
treatments). Since this depended on the image coverage rather than on plant characteristics, 
and all N treatments were affected, the excluded spectra were not expected to bias the 
analysis. Plant spectra from the same experimental unit (plot) and sampling date were 
then averaged, yielding 75 plot-level observations. In addition, eight bare-soil spectra 
were included in the AGB and N uptake datasets, with AGB and N uptake values set to 
zero, to represent non-vegetated conditions. Since NNI is a plant-based physiological 
index, bare-soil spectra were excluded from the NNI dataset. The final datasets, therefore, 
included 83 observations (75 plot-level + 8 bare-soil observations) for AGB and N uptake, 
and 75 vegetated plot-level observations for NNI. To assess whether bare-soil observations 
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influenced the results, GPR-BAT was also retrained for AGB and N uptake, excluding bare-
soil observations (n = 75), using the same selection criterion (Section 2.5). The selected 
spectral regions and accuracy were then compared with those obtained with bare soil 
included. The spectra were then smoothed using the Savitzky–Golay filter [30] in RStudio 
(version 4.2.0, Posit Software, PBC, Boston, MA, USA) with the signal package (polynomial 
order = 3, window size = 21 points), consistently with previous work on the same sensor 
and crop [6]. At the spectral edges, where a full 21-point window was not available, no 
padding was applied to avoid introducing artifacts from artificially extended values: as 
implemented by default in the sgolayfilt function of the signal package, the first and last 
ten bands were smoothed using the polynomial fitted to the first and last 21 measured 
bands. Smoothing was mainly required to reduce the high-frequency noise observed in the 
NIR region, while the third-order polynomial limited the distortion of the main spectral 
features of vegetation. Since adjacent wavelengths were already highly correlated, given 
the 2.2 nm sampling interval relative to the 6.6 nm FWHM, and smoothing tends to increase 
this correlation, the selected bands were interpreted as candidate spectral regions rather 
than specific wavelengths (Section 2.5).

2.4. Modeling and Validation Approach
Gaussian process regression (GPR, [31]) is a kernel-based and nonparametric Bayesian 

algorithm, and it was chosen in this paper as it was successfully adopted in previous studies 
for hyperspectral N-related variable monitoring [6,25,32–34] due to its excellent perfor-
mance in modeling complex and nonlinear spectral data. GPR can capture the intricate 
functional relationship between input and output variables without making assumptions 
about their functional form. This algorithm has been primarily introduced in Earth observa-
tion studies as part of hybrid workflows that incorporate radiative transfer models [32,33], 
but it has also demonstrated strong performance in classic machine learning workflows [6]. 
In addition to its predictive performance, GPR’s Bayesian nature and probabilistic approach 
enable it to generate uncertainty estimates for the retrieved variable, a valuable metric for 
assessing the robustness and portability of a retrieval model under other conditions [35]. 
Given these properties, the GPR model was used as a benchmark algorithm after the two 
DR approaches were applied (feature extraction via PCA and feature selection via the Band 
Analysis Tool, further detailed in Section 2.5). GPR training and validation, as well as the 
DR method, were run with the Automated Radiative Transfer Models Operator (ARTMO) 
(https://artmotoolbox.com/, accessed on 26 October 2026) in MATLAB R2023a (The Math-
Works, Inc., Natick, MA, USA). ARTMO includes a machine learning regression algorithm 
(MLRA) toolbox, allowing a variety of MLRAs to be selected and run via a graphical user 
interface, even in combination with multiple DR algorithms. In general, the performance of 
MLRAs depends on optimizing hyperparameters before model training, which is crucial 
for preventing overfitting and high prediction error. GPR models were implemented using 
a squared-exponential covariance function with automatic relevance determination (ARD; 
covSEardj), combined with an independent Gaussian noise covariance (covNoise). Each 
input feature was assigned a separate length scale (σB), and initial values were set to the half 
of the observed range of each training feature; initial signal variance was set to the variance 
of the training targets, and initial noise variance to one quarter of that variance. The σB and 
signal/noise standard deviations were parametrized in logarithmic space. Hyperparameters 
were estimated by minimizing the negative log marginal likelihood using a Polak–Ribière 
nonlinear conjugate-gradient optimizer with polynomial line searches and Wolfe–Powell 
conditions. Optimization was limited to 100 objective function evaluations and could stop 
earlier if no further progress was possible. No explicit finite lower or upper hyperparameter 
bounds were imposed by the inspected implementation. The ARD covariance function 

https://doi.org/10.3390/horticulturae12111339

https://artmotoolbox.com/
https://doi.org/10.3390/horticulturae12111339


Horticulturae 2026, 12, 1339 7 of 24

also applied diagonal numerical jitter equal to 10−6  times the signal variance. All analyses 
were performed in ARTMO v3.30 running in MATLAB R2023a. In GPR-BAT, bands were 
ranked at each iteration by the sum of their σB rankings across the cross-validation folds 
(option “Ranking” for band sorting), removing one band per iteration, starting with the 
full spectrum (i.e., no bands were removed a priori in the first iteration).

The validation process involved a 4-fold cross-validation technique to limit overfit-
ting [36]. This technique randomly splits the dataset into k = 4 equal-sized subsets; k − 1 
subsets are used as training sets, and the remaining subset is used for model validation. This 
process is repeated k times, with each subset used for training and validation. Plot-level 
observations were randomly allocated by the ARTMO toolbox to four folds of approximately 
equal size, without stratification or grouping, and the same random partition was used for 
all modeling approaches (GPR-Full bands, GPR-PCA, and GPR-BAT), ensuring a paired 
comparison between them. Since each observation corresponds to one plot at one sampling 
date, observations of the same plot collected at different sampling dates could be assigned to 
different folds. Although these observations differed markedly in canopy development and 
reflectance across sampling dates, they were not statistically independent because repeated 
measurements of the same plot shared its N treatment, replicate, and soil. Because the same 
plot could contribute observations to both training and validation folds, the validation set 
was not fully independent, and the absolute R2  and NRMSE values may be optimistic for 
predictions on new plots, whereas the paired comparison among approaches is less affected.

This resampling approach is particularly suited to small datasets, where holding out 
a single fixed test set would either sacrifice a substantial share of the calibration data or 
yield performance estimates strongly dependent on the specific partition; by averaging 
the error across folds, k-fold cross-validation mitigates this dependence and provides 
a more reliable accuracy estimate than a single train–test split. For this reason, k-fold 
cross-validation is an established validation strategy in studies addressing nitrogen-status 
retrieval from spectral imagery under limited dataset size [37–39]. As the dataset was 
collected within a single growing season, the cross-validated metrics reflect predictive 
performance within the sampled range of conditions and do not establish transferability 
across years and environments. It should be noted, however, that the aim of this work is not 
to certify the absolute accuracy of a single retrieval model, but to compare two hyperspectral 
dimensionality-reduction strategies (detailed in Section 2.5) for estimating nitrogen status 
under an identical evaluation protocol, i.e., on the same cross-validation folds. In GPR-
BAT, bands were ranked using only the models trained on the training folds. However, the 
ranking was aggregated across folds, whose training sets include the validation observations 
of the other folds, and the numbers of PCs and bands were selected based on the same 
validation folds used to report accuracy. Since no nested cross-validation was performed, 
the reported accuracies are likely biased.

Fit validation statistics are averaged across the four validation subsets. In particular, the 
R2  and the relative root mean square error (NRMSE) are used as goodness-of-fit statistics.

𝑁𝑅𝑀𝑆𝐸 =
√ 1

𝑛 ∑𝑛
𝑖=1(𝑥𝑖 − 𝑦𝑖)

2

𝑥𝑖 𝑚𝑎𝑥 − 𝑥𝑖 𝑚𝑖𝑛

where 𝑥𝑖 and 𝑦𝑖 are the observed and estimated variables, respectively, and 𝑥𝑖 𝑚𝑎𝑥 and 𝑥𝑖 𝑚𝑖𝑛
are the maximum and minimum values of the observed variable.

Additionally, the coefficient of variation (CV, %) provided along with the estimated 
variable from the GPR algorithm in the ARTMO toolbox is used to assess the uncertainty of 
the estimate.

𝐶𝑉 =
𝜎𝑖
𝑦𝑖

∗ 100
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where 𝜎𝑖 is the standard deviation estimated from the GPR algorithm of the i observation, 
and 𝑦𝑖 is the estimated variable of observation i.

All reported performance metrics and predictions refer to the validation folds (out-
of-fold predictions); training performance is not reported, and no independent test set 
was available.

2.5. Dimensionality Reduction Techniques: The Two Approaches Compared
Two distinct DR strategies, namely feature extraction and feature selection, were com-

pared using the hyperspectral dataset of processing tomato crop before training the GPR. 
The aim was to evaluate whether a limited set of optimally selected bands could achieve per-
formance comparable to that of the widely adopted full-spectrum PCA approach. PCA is in-
deed a standard procedure in remote sensing and dimensionality-reduction tasks [6,19–21]. 
Furthermore, when combined with nonlinear machine learning algorithms, such as GPR, 
PCA was among the top-performing algorithms and reduced GPR uncertainty in the esti-
mate [22]; therefore, it was chosen as a benchmark “feature extraction” algorithm. In PCA, 
the large number of spectral data is reduced to a restricted number of uncorrelated principal 
components (PCs) by applying a linear transformation to the original bands, which are 
used as input in the subsequent training stage of the GPR (GPR-PCA). The number of PCs 
that are included as input variables in GPR was selected as in Cerasola et al. [6]. First, 
GPR-PCA models were trained with increasing numbers of PCs (from 0, corresponding 
to the full spectrum without any reduction in the dimensionality, to 20), then the number 
of PCs was optimized following two sequential criteria: first, the minimum number of 
PCs explaining at least 99.5% of the spectral variance was identified. Then, starting from 
this number, the fold-averaged R2  and NRMSE curves were visually inspected: since the 
performance typically reached a plateau in which differences between consecutive numbers 
of PCs were small and likely due to random fluctuations, the number of PCs at which 
the performance plateau began was selected, i.e., the point beyond which additional PCs 
produced no consistent improvement in either metric. The resulting PCs were used as 
input data in a GPR algorithm to estimate AGB, N uptake, and NNI. The mathematical 
details of PCA are beyond the scope of this paper; we refer readers to Wold et al. [40] for 
further details.

In contrast, the “feature selection” strategy was implemented as a sequential backward 
band removal algorithm embedded in the Band Analysis Tool (BAT) of the ARTMO toolbox 
in MATLAB, as proposed by Verrelst et al. [25]. The BAT algorithm was used as a reference 
feature selection method, as it has been widely adopted in numerous studies [20,34,41–44]. 
The GPR-BAT procedure is essentially a sequential backward band-removal algorithm, a 
wrapper feature-selection method that uses the output of a regression algorithm to guide 
band selection and identify the most informative bands for crop trait retrieval [25]. In 
GPR-BAT, the correlation length 𝜎B for each spectral band of the GPR kernel function is 
used as an importance measure: the lower the 𝜎B, the higher the importance. At each 
iteration, the 𝜎B values of the GPR models trained on the training folds are ranked and 
aggregated across folds (Section 2.4), and the least informative bands, i.e., the bands with 
the highest aggregated rank, are removed. At each step, a new GPR model is automatically 
trained and validated using the remaining bands, and this process continues until only one 
band remains (Figure 1). For further details, the reader is referred to Verrelst et al. [25] and 
Pascual-Venteo et al. [20]. The same plateau criterion defined above for PCs’ selection was 
also adopted for GPR-BAT, without the variance threshold: the number of bands at which 
the plateau began along the sequential removal was selected, i.e., the point beyond which 
retaining additional bands produced no consistent improvement in either R2  or NRMSE. R2 
and NRMSE indicated the same number of bands for all variables under both dimensionality 
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reduction approaches. To assess whether the selection of bands at the spectral edges was 
driven by their lower signal-to-noise ratio, GPR-BAT was also repeated for all variables after 
excluding the first and last ten bands (i.e., using the 421–979 nm range), with the same data 
partition and selection criterion.

Figure 1. Workflow of the analysis with the two DR approaches.

As a sensitivity check, the selection of both PCs and bands was compared with a 
quantitative one-standard-deviation (one-SD) rule, applied in three steps. First, the best 
model was identified separately for each metric, i.e., the model with the highest fold-
averaged R2  and the model with the lowest fold-averaged NRMSE. Second, a threshold was 
derived for each metric from the best model and its fold-SD: the best R2  minus its SD, and 
the best NRMSE plus its SD. Third, among the models that met both thresholds, the one 
with the fewest features was selected and compared against the visual inspection criterion. 
For PCA, only the numbers of PCs explaining at least 99.5% of the variance were considered.

As a baseline, a GPR model trained on all available bands (GPR-Full bands) was also 
included for comparison.

To assess the stability of spectral region relevance across data partitions, the 𝜎B of 
the full-spectrum model (273 bands), corresponding to the first iteration of the GPR-BAT 
procedure, was extracted for each of the four cross-validation folds. Within each fold, 
wavelengths were ranked by increasing 𝜎B, and the ten most relevant bands with the lowest 
𝜎B were identified. The selection frequency of each wavelength was then computed as the 
number of folds in which it ranked within the top ten (0–4), following the approach of Perich 
et al. [41]. Wavelengths were finally grouped into spectral regions (blue: 400–500 nm; red-
edge: 700–750 nm; NIR: 750–1000 nm) to evaluate their stability and relevance. Since this 
analysis was based on the full-spectrum model, it assessed the stability of band relevance 
at the first iteration of GPR-BAT, and not the stability of the final bands selected by the 
sequential procedure. It was therefore used to identify the spectral regions consistently 
relevant across partitions, and the correspondence between the final bands and these regions 
was not intended to validate their stability.
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3. Results
3.1. Dimensionality Reduction and Selection of Relevant Bands

The effect of the number of principal components on model performance is shown 
in Figure 2a,c. The relationship between the number of PCs and model performance was 
trait-dependent, with contrasting patterns among AGB, N uptake, and NNI. For NNI, 
increasing the number of PCs generally reduced model performance, as indicated by lower 
R2  and higher NRMSE values, with performance peaking at 5–10 PCs (Figure 2a,c). We 
therefore selected 5 PCs that maintained high performance while limiting model complexity. 
Conversely, for N uptake and AGB, the opposite trend was observed: model performance 
improved as the number of PCs increased, achieving stable top-performances at 12 PCs 
(Figure 2a,c). The one-SD rule confirmed the selected numbers of PCs for all variables. 

Figure 2. Performance of GPR validation models (R2  and NRMSE) as a function of the DR approach 
adopted: GPR-PCA (a,c), and in the sequential backward band removal GPR-BAT approach (b,d). 
In panels a and c, the vertical dashed lines indicate the minimum threshold (99.5%) of cumulative 
variance explained by the PCs. R2  and NRMSE are cross-validated metrics, averaged across the four 
validation folds.

The sequential backward band removal (GPR-BAT) identified compact subsets of 
informative wavelengths for all target variables. The optimal GPR-BAT models retained 
3 bands for AGB and NNI, and 2 bands for N uptake, with both metrics giving the same 
optimum (Figure 3). The one-SD rule confirmed the selected number of bands for N uptake 
and NNI. For AGB, it indicated two bands (869 and 1001 nm) instead of three. In this case, 
the two metrics diverged: R2  indicated two bands, whereas NRMSE indicated one, owing 
to the large fold-SD of NRMSE (±3.16%), although the one-band model had a markedly 
lower R2  (0.795). The model with the smallest number of features meeting both the R2 
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and NRMSE thresholds included two bands, with slightly lower fold-averaged accuracy 
than the three-band model (R2  = 0.854 vs. 0.868; NRMSE = 12.80% vs. 12.10%; Table S1). 
The two criteria, therefore, led to very similar models. During the backward elimination 
process, model performance followed a consistent pattern: it improved or remained stable as 
redundant bands were removed, reached an optimum with a limited number of wavelengths, 
and then decreased sharply when further band removal discarded informative spectral 
regions (Figure 2b,d). This response was particularly evident for AGB and N uptake, where 
performance improvements became apparent once fewer than approximately 150 bands 
were retained. Conversely, when more than 150 bands were retained, band elimination 
produced little or no improvement, suggesting that a large portion of the hyperspectral 
dataset contained redundant information for trait retrieval.

 

Figure 3. Position in the spectrum of the bands identified by the GPR-BAT sequential backward band 
removal for each N-related variable. The black and grey spectra correspond to nitrogen-sufficient and 
nitrogen-deficient plants, respectively. The identified optimal bands are as follows: NNI = 402, 711, 
966 nm; N uptake = 747, 778 nm; AGB = 869, 942, 1001 nm.

The bands identified by the GPR-BAT are reported in Supplementary Table S1 and 
further indicated in Figure 3. The selected bands were located in the NIR (750–1000 nm) 
for all variables and in the red-edge (700–750 nm) for N uptake and NNI (Figure 3). The 
selection of these regions confirms their relevance for crop trait retrieval, although the exact 
wavelengths should be interpreted with caution because adjacent selected bands may carry 
redundant information and vary across datasets.

For NNI, the blue region (402 nm) was additionally relevant (Figure 3).
The stability of band relevance at the first iteration of GPR-BAT (273 bands) differed 

markedly among variables (Figure 4). For AGB, NIR was the dominant region in all folds 
across three recurrent sub-regions (765–784, 939–957, and 997–1001 nm) (Figure 4a). For N 
uptake, relevance was confined to the red-edge and NIR, with a recurrent red-edge window 
(718–742 nm) and two distant NIR sub-regions, one centered at ~778 nm and one at the 
upper end of the spectrum (935–1001 nm, Figure 4b). For NNI, relevant wavelengths formed 
narrow windows in the blue (402–415 nm), red-edge (709–716 nm), and NIR (966–973 nm) 
regions, the blue and red-edge windows being consistently relevant across all partitions 
(Figure 4c).
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Figure 4. Fold-wise relevance of wavelengths in the full-spectrum GPR model for (a) aboveground 
biomass (AGB), (b) N uptake, and (c) nitrogen nutrition index (NNI). In each of the four cross-
validation folds, the 273 wavelengths were ranked according to their length scale (σ), and the ten most 
relevant bands (lowest σ) were identified. Bars show the selection frequency of each wavelength, i.e., 
the number of folds in which it ranked within the top ten (since a 4-fold cross-validation was adopted, 
4 is the maximum frequency). Red vertical lines mark the bands retained in the final GPR-BAT 
subsets. Shaded areas indicate the blue (400–500 nm), red-edge (700–750 nm), and near-infrared 
(750–1000 nm) regions.

The final bands retained by GPR-BAT after the sequential removal only partially cor-
responded to these windows. For AGB, 1001 nm matched the most recurrent sub-region 
within the NIR, 942 nm fell within a minor NIR cluster (939–957 nm), and 869 nm was not 
among the most relevant bands at the first iteration. For N uptake, 778 nm fell within the 
NIR sub-region centered at ~778 nm, while 747 nm lay at the margin of the red-edge window. 
For NNI, all three selected bands (402, 711, and 966 nm) fell within the identified windows.

When the first and last ten bands were excluded, the main spectral regions were 
retained, with similar accuracy (Table S4). For NNI, the blue region was retained through 
inner bands (428 and 444 nm), within the window identified in Figure 4c, together with 
the same red-edge band (711 nm) and a NIR band (846 nm). For AGB, the far-NIR region 
was retained through an inner band (975 nm), together with the NIR window at ~778 nm 
and two bands in the visible region (585 and 618 nm). For N uptake, the red-edge and NIR 
regions were retained (729, 782, 818, 869, and 891 nm).
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3.2. Models’ Performance
The distribution of the field-monitored variables was explored in Figure 5. While in 

AGB and N uptake the data were denser at lower levels of the variable, with median values 
of 1.96 t ha−1  and 32.4 kg N ha−1 , respectively (Figure 5a,b), the NNI was more concentrated 
at central values of the distribution (Figure 5c, median 0.80).

Figure 5. Violin plots of the distribution of field-monitored variables: AGB ((a), n = 83), N uptake 
((b), n = 83), NNI ((c), n = 75). AGB and N uptake included 8 bare-soil observations. The black 
horizontal lines indicate the medians of the distributions, and the width of the plot represents the 
density of the data distribution.

The comparison among GPR models is shown in Figure 6. The full-band model yielded 
the lowest accuracy for AGB and N uptake, showing greater dispersion and a more pro-
nounced funnel-shaped distribution, suggesting heteroscedastic errors. For NNI, its perfor-
mance was lower than that of the GPR-BAT approach, but within the fold-to-fold variability 
(R2  = 0.555 ± 0.070 vs. 0.592 ± 0.123; Figure 6). For NNI, all models showed moderate 
accuracy (R2  = 0.555–0.615), corresponding to an RMSE of 0.107 ± 0.015, 0.113 ± 0.011, and 
0.115 ± 0.009 NNI units for GPR-PCA, GPR-Full bands, and GPR-BAT, respectively.

When considering the two dimensionality reduction approaches, GPR-PCA showed 
the highest mean accuracy across all variables, although the magnitude of the difference 
relative to GPR-BAT varied. For AGB, the difference was more pronounced, and GPR-
PCA exhibited lower variability in performance across folds, as indicated by the standard 
deviations associated with R2  and NRMSE (Figure 6). Conversely, although GPR-PCA 
maintained higher mean performance for N uptake and NNI, the differences relative to 
GPR-BAT were smaller than the fold-to-fold variability. When GPR-BAT was retrained 
excluding bare-soil observations, the selected bands remained in the same spectral regions 
(Table S2): the NIR for AGB (873, 955, and 1001 nm without soil, vs. 869, 942, and 1001 nm 
with soil) and the red-edge and NIR for N uptake (740, 782, and 818 nm without soil, vs. 
747 and 778 nm with soil). For N uptake, one additional NIR band (818 nm) was retained, 
as it was already included in the three-band subset of the original selection (Table S1). 
Accuracy remained comparable (R2  = 0.898 ± 0.031 for AGB and 0.889 ± 0.054 for N uptake), 
indicating that bare-soil observations did not drive the selection of the spectral regions or 
inflate the reported accuracy.

The GPR algorithms enable uncertainty estimation, either via the standard deviation 
or the coefficient of variation (CV), both of which are directly provided by the ARTMO 
software along with the estimated variable. We plotted the CV of each GPR estimate, along 
with the estimated variable (Figure 7). Within each panel, we also plotted the distribution of 
the CV over the agronomically relevant range to assess the potential agronomic application 
of these models. For example, Tei et al. [29] recommended adopting the critical nitrogen 
uptake curve when AGB exceeds 1.2 t ha−1 , corresponding to approximately 45 kg N ha−1 . 
Furthermore, the NNI is usually used to identify the moment when N fertilization is trig-
gered at NNI < 0.9; therefore, it is unlikely to observe very low NNI values (e.g., NNI < 0.8) 
under real farming conditions. Regardless of the retrieved variable, the CV shows a clear 
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hyperbolic-like shape pattern with extremely high values at the lowest level of the estimated 
variables. This pattern is partly expected because CV is calculated as the ratio of the pre-
dicted standard deviation to the estimated value; therefore, very small predicted values can 
inflate CV even when the absolute uncertainty is moderate.

Figure 6. Models’ performance with the two dimensionality reduction approaches (PCA and BAT) 
and without any dimensionality reduction (Full bands). The red dashed line represents the fitted 
line through the measured and estimated data, and the solid black line is the 1:1 bisector. Estimated 
values are out-of-fold predictions from the 4-fold cross-validation. R2  and NRMSE were averaged 
across the four validation folds, while the values after ± indicate the standard deviation of the metrics 
across the four folds, indicating the variability of performance among data partitions.

Figure 7 shows that, in the agronomically relevant range, the GPR-PCA generally 
showed the lowest CV for AGB and N uptake, mostly below 20% for the three target variables, 
while GPR-BAT showed higher uncertainty, achieving 40% for N uptake (Figure 7b) or 
even 50% for AGB (Figure 7a). For NNI, although GPR-BAT showed a slightly higher CV 
than PCA at the lower end of the agronomically relevant range (CV around 20% vs. 13% 
at NNI = 0.8), it converged to an uncertainty level comparable to PCA (10%; Figure 7c). 
To assess whether the GPR standard deviation reflected the actual prediction error, its 
correlation with the absolute error of the out-of-fold predictions was evaluated (Table S3). 
For AGB and N uptake, a moderate positive correlation was observed in the full-band 
and GPR-PCA models (p < 0.001, Table S3), whereas GPR-BAT showed a nearly constant 
standard deviation across observations and was unrelated to the absolute error (Table S3). 
For NNI, no significant correlation was found for any model (Table S3). It should be noted 
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that these CV values express the model’s internal confidence given the training data, rather 
than a validated measure of prediction error.

Figure 7. Distribution of the coefficient of variation (CV, %) of the estimated variable ((a), AGB; 
(b), N uptake; (c), NNI) in the agronomically relevant range. The inset in each panel shows the 
distribution of the CV across the entire available dataset. In the inset, the pink square on the x-axis 
indicates the agronomically relevant range. CV values are the out-of-fold predictions from the 4-fold 
cross-validation.

These uncertainty levels suggest that, despite acceptable validation metrics, the opera-
tional use of AGB and N uptake retrievals should be approached cautiously.

As recommended by Cerasola et al. [6], the optimal N rate can be calculated using 
either AGB and N uptake or AGB and NNI. These results suggest that a candidate multispec-
tral sensor could be designed to support the separate retrieval of AGB and NNI, or of AGB 
and N uptake, from a common spectral configuration. Based on the findings of this paper, 
we propose two multispectral sensor configurations for task-specific nitrogen management. 
However, these proposed configurations should be considered preliminary, as their ro-
bustness and transferability need to be tested using independent datasets collected across 
different seasons, cultivars, soil backgrounds, and acquisition conditions. We combined 
the spectral bands identified as optimal for estimating AGB and N uptake (AGB-N uptake 
sensor scenario, 5 bands) or AGB and NNI (AGB-NNI sensor scenario, 6 bands), using the 
GPR-BAT approach.

In the AGB–NNI configuration, NNI estimation showed a slightly higher mean ac-
curacy than the NNI-specific GPR-BAT model in Figure 6 (R2  = 0.626 vs. 0.592; NRMSE 
= 17.64% vs. 18.45%; Table 1 and Figure 6, respectively), with a notable reduction in 
fold-to-fold variability (SD of R2  = 0.074 vs. 0.123), whereas AGB estimation showed a 
lower mean accuracy and higher variability (R2  = 0.818 ± 0.132 vs. 0.868 ± 0.056; Table 1 
and Figure 6, respectively) compared to the AGB-specific GPR-BAT model. In both cases, 
however, the differences in mean accuracy were smaller than the fold-to-fold variability. 
In the AGB–N uptake configuration, N uptake estimation remained virtually unchanged 
(R2  = 0.886 vs. 0.885), while AGB estimation tended to improve (R2  = 0.917 ± 0.032 vs. 
0.868 ± 0.056; NRMSE = 9.47 ± 2.03% vs. 12.10 ± 3.16%), approaching the accuracy of 
GPR-PCA (R2  = 0.941 ± 0.017; Figure 6). Although this gain was of the same order as 
the fold-to-fold variability, the per-fold comparison on the same partition showed a lower 
NRMSE in all four folds (10.77, 10.63, 10.05, and 6.45% vs. 13.72, 14.24, 13.02, and 7.42%, 
i.e., 1.0–3.6 percentage points lower). This accuracy was not reached by any subset of the 
GPR-BAT sequence (Figure 2b,d; Supplementary Table S1).
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Table 1. Regression performances reporting R2  and the normalized root mean squared error (NRMSE) 
of the hypothetical multispectral sensors under two different scenarios: AGB-NNI and AGB-N uptake. 
For each configuration, the common set of bands was used to train separate GPR models for each 
trait. R2  and NRMSE were computed as the average of four validation folds ± standard deviation 
across the four validation folds.

Sensor
Configuration

Band Centres
(FWHM = 6.6 nm) NRMSE R2 

AGB NNI AGB NNI

AGB-NNI 402, 711, 869,
942, 966, 1001 13.98 ± 4.63 17.64 ± 0.85 0.818 ± 0.132 0.626 ± 0.074

AGB N uptake AGB N uptake

AGB-N uptake 747, 778, 869,
942, 1001 9.47 ± 2.03 9.47 ± 2.47 0.917 ± 0.032 0.886 ± 0.056

4. Discussion
Precision N monitoring is rapidly advancing, driven by technological innovation and 

the integration of artificial intelligence and machine learning into agriculture. However, 
digital literacy, ease of use, and affordability of the technology are crucial determinants in 
shaping the digital transformation of the agricultural sector [45]. When comparable perfor-
mance can be achieved, simpler optical sensing technologies, such as multispectral sensors, 
should be preferred over more complex and expensive alternatives, such as hyperspectral 
sensors [10].

Our study confirms that using numerous narrow hyperspectral bands to retrieve 
crop traits can reduce estimation accuracy due to the curse of dimensionality when DR 
algorithms are not applied, as observed for AGB and N uptake (Figure 6). The strong 
multicollinearity among adjacent narrow bands supports the need to reduce redundant 
spectral information, consistent with the observation of Salimi et al. [46]. PCA, although 
widely used for dimensionality reduction, requires acquiring the full hyperspectral data 
cube before spectral information can be transformed into principal components. In our 
study, GPR-BAT achieved performance comparable to GPR-PCA for N uptake and NNI 
using only two or three bands (Figures 3 and 6), whereas for AGB, GPR-PCA showed higher 
mean accuracy and lower variability in retrieval performance across folds (Figure 6). This 
suggests that, for N-related traits, a few well-chosen bands can retain most of the relevant 
spectral information, whereas for biomass, the relevant information, being more distributed 
across the NIR region (Figure 4a), is better captured by principal components summarizing 
the whole spectrum. This supports the potential of task-specific multispectral configurations 
for N monitoring in processing tomato, although validation with real multispectral sensors 
is still required.

Our findings are partly consistent with those of Pascual-Venteo et al. [20], who reported 
superior PCA performance compared with GPR band ranking. In our study, GPR-PCA also 
achieved the highest mean accuracy across all variables, although the difference from GPR-
BAT was larger only for AGB, whereas N uptake and NNI showed comparable performance 
between the two approaches. The smaller gap observed here may stem from differences 
in methodology: first, their comparison was based on a fixed number of inputs, namely 
20 PCs and the 20 most relevant bands, to ensure a balanced comparison between the two 
approaches, while in our study we selected individually the optimal number of features (PCs 
and spectral bands); and second, their training dataset was simulated with the PROSAIL 
model in a hybrid RTM-machine learning workflow, whereas our study used field-collected 
data with inherently higher noise.
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Moreover, since principal components are constructed by maximizing the total spectral 
variance independently of the target variable [22], they are linear combinations of all bands 
and lack a direct physical interpretation. Conversely, the supervised nature of the BAT 
tends to converge toward physically meaningful spectral regions, as evidenced by our 
results (Figure 4). The analysis of the stability of band relevance (Figure 4) provides 
further support for interpreting the selected bands in terms of spectral regions rather than 
individual wavelengths. At the full-spectrum level, relevance was shared across adjacent 
and highly correlated wavelengths and varied among folds, as the GPR length scales depend 
on the samples included in each training partition [25]. A partial mismatch between the 
most relevant bands at the first iteration and the final GPR-BAT subset (Figure 4) is therefore 
expected, since relevance is progressively redistributed as bands are removed during the 
sequential procedure [25]. For AGB, the NIR was the dominant region (Figure 4a), but 
relevance was distributed across several NIR sub-regions rather than concentrated in a 
single window, suggesting that biomass-related information spreads across the NIR plateau. 
This is consistent with the higher accuracy of GPR-PCA for this variable (Figure 6).

The relevance of the red-edge and NIR bands for N uptake and the NIR band for 
biomass is well established. For instance, Nigon et al. [47] identified 740 nm and 870 nm 
as informative bands for maize N uptake, and Zhang et al. [48] reported bands in the 
red-edge (715–751 nm) and NIR (833, 893, 940, and 971 nm) as informative for sugar beet 
biomass. NIR reflectance is strongly associated with leaf water content, and thus with 
overall biomass [49], and is further enhanced by light upward scattering from internal 
leaf structures [50]. Conversely, red-edge reflectance is strongly governed by chlorophyll 
absorption [51] and is therefore affected by the overall amount of chlorophyll in the sen-
sor’s field of view (e.g., leaf chlorophyll concentration and the surface of photosynthetic 
tissues [52]). Therefore, both crop canopy cover and leaf chlorophyll content, related to N 
concentration, influence red-edge reflectance. The consistency of the red-edge and NIR re-
gions across different crop species, including maize [47], sugar beet [48], and potato [34,53], 
suggests that the spectral regions identified in this study might have broader applicabil-
ity beyond tomato. Overall, these results indicate that the proposed bands should be 
regarded as candidate spectral regions, while individual wavelengths require confirmation 
on independent datasets from different growing seasons and locations.

The relevance of the blue region for NNI is consistent with Yin et al. [34], who reported 
blue bands as sensitive indicators of potato plant N concentration, and is physiologically 
meaningful, as these wavelengths correspond to the peak absorption of chlorophyll [54]. 
However, carotenoids also absorb in this region [55], and their accumulation in tomato fruit 
during ripening could confound N status diagnosis once the fruit changes color. This may 
explain the inconsistency with Gianquinto et al. [15], who found green-band indices more 
informative for N status diagnosis in processing tomato in the presence of red fruit, whereas 
our data were collected only up to the green-fruit enlargement stage. The relevance of the 
blue region may therefore be stage-dependent, and green wavelengths may provide a more 
stable signal during ripening, a hypothesis that requires validation with data collected at 
that stage. Since bare-soil spectra were excluded from the NNI dataset, the relevance of 
the blue region (Figure 4c) is unlikely to reflect a simple discrimination between soil and 
vegetation samples. However, as no vegetation masking was applied, we hypothesize that 
blue reflectance may also reflect the fraction of exposed soil [56], which could be higher 
in N-deficient plots due to their reduced canopy development, and at early growth stages. 
Future research should test this hypothesis by comparing the relevance of the blue region in 
vegetation-masked and unmasked spectra, or by accounting for independent canopy-cover 
measurements, to disentangle the structural and N-related components of the blue signal. 
Such a structural signal, although potentially agronomically meaningful, would not be 
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specific to N status and could be influenced by soil type and color, other stresses reducing 
canopy development, and crop phenology. Together with the lower signal-to-noise ratio 
of this region [57], these factors should be considered when transferring these results to 
operational use.

We further evaluated the reliability of the GPR estimates using their CV (Figure 7). 
The hyperbolic-like CV pattern partly reflects the mathematical formulation of CV, which 
increases when predicted values are small, although the high CV values at early growth 
stages could also indicate reduced prediction reliability, likely exacerbated by soil back-
ground effects at low canopy cover [58]. Within the agronomically relevant ranges, the 
CV decreased substantially: GPR-PCA showed the lowest CV, mostly below 20%, whereas 
GPR-BAT showed higher values. For NNI, CV values in the agronomically relevant range 
converged to about 10% for all approaches, with GPR-BAT showing slightly higher values 
at the lower end of the range (Figure 7c), remaining within the 20% threshold previously 
proposed as acceptable in similar retrieval applications [35], although higher thresholds 
have also been suggested (50%; [59]). The relatively low CV of NNI, despite its lowest R2 , 
can be explained by the narrower distribution of NNI values (0.4–1.15; Figure 5), resulting 
from the normalization of plant N concentration relative to the critical N concentration [29]: 
since the GPR uncertainty depends on the dispersion of the training data, narrower ranges 
lead to lower estimated standard deviations. Moreover, the GPR standard deviation was 
only moderately correlated with the absolute prediction error for the full-band and GPR-
PCA models of AGB and N uptake, and unrelated to it for GPR-BAT and NNI (Table S3). 
For GPR-BAT, the nearly constant standard deviation implies that its CV pattern primarily 
reflects dividing a nearly constant value by increasing estimates, consistent with the ho-
moscedastic noise assumption of standard GPR, which is often violated in Earth observation 
retrieval problems [60]. Therefore, a lower CV indicates greater confidence in the model’s 
estimates, but not necessarily more reliable predictions. Before supporting operational 
decision-making, the calibration of GPR uncertainty against observed errors should be 
assessed, with consideration of variational heteroscedastic GPR (VHGPR), which allows the 
noise variance to vary across the input space and has proven to be a competitive alternative 
to standard GPR for vegetation trait retrieval [60,61]. In addition, the NNI retrieval error 
of about 0.11 NNI units (RMSE = 0.107–0.115 across models) is comparable to the width 
of the decision range around the fertilization threshold (NNI 0.8–0.9). The current NNI 
retrievals could therefore clearly distinguish between deficient and sufficient conditions, 
but could not reliably resolve values close to the threshold.

To explore the feasibility of multispectral approaches, we grouped the bands selected 
by the GPR-BAT algorithm into two sensor scenarios, AGB–NNI and AGB–N uptake, corre-
sponding to the approaches previously compared by Cerasola et al. [6] for initializing the 
critical N uptake curve and calculating the optimal N rate for processing tomato. These 
combined band sets generally maintained performance close to that of the trait-specific 
GPR-BAT models, with slight decreases for some traits and improvements for others (Table 1 
and Figure 6). In the AGB–NNI configuration, NNI estimation showed a slightly higher 
mean accuracy and became markedly more stable across the folds, whereas AGB estimation 
showed a lower mean accuracy and higher variability (Table 1 and Figure 6); in both cases, 
however, the differences in mean accuracy were smaller than the fold-to-fold variability 
(Table 1 and Figure 6): if this sensor configuration is chosen, the end-user should prefer to 
use only the AGB-specific bands for the retrieval.

In the AGB-N uptake sensor configuration, the estimation performance for N uptake 
was maintained at a level comparable to the specific GPR-BAT model (Figure 6 and Table 1), 
while the mean accuracy of AGB tended to improve (R2  = 0.917 ± 0.032, Table 1 vs. 
0.868 ± 0.056, Figure 6). Although modest and within the range of fold-to-fold variability, 
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this tendency was consistent across all four folds. Notably, the five-band subset retained by 
GPR-BAT for AGB (705, 778, 869, 942, and 1001 nm see Supplementary Table S1) differed 
from the AGB-N uptake configuration by a single band (705 vs. 747 nm), but reached 
a lower mean accuracy (R2  = 0.808 ± 0.156; NRMSE = 14.32% ± 5.43) mainly due to a 
markedly lower accuracy in a single fold (NRMSE = 22.45% vs. 11.1–11.9% in the other 
three folds). Although wrapper methods evaluate feature subsets based on model perfor-
mance, sequential backward elimination does not exhaustively test all possible interactions 
among bands and may still miss optimal band combinations [18]. We hypothesize that 
this tendency reflects complementary information between red-edge and NIR bands that 
path-dependent selection may miss. Testing this hypothesis would require a broader subset 
search (e.g., a genetic algorithm search), which was beyond the scope of this study.

Previously, Yin et al. [34] comprehensively evaluated 20 feature selection algorithms 
to estimate plant N concentration (closely related to the NNI), including the GPR-BAT 
tested in this study, which ranked among the best-performing algorithms. The best results, 
however, were achieved with a hybrid filter feature selection method [34]. Future work 
should explore alternative feature selection techniques that explicitly account for inter-band 
interactions to further improve band choice. Nevertheless, it should be acknowledged 
that the proposed sensor configurations were derived from hyperspectral data and do 
not account for the specific optical characteristics of real multispectral sensors, such as 
bandwidth, spectral response functions, and signal-to-noise ratio; therefore, these bands 
should be considered as representative of candidate spectral regions rather than as a final 
design for a multispectral sensor. In particular, the selected edge bands (402 nm for NNI 
and 1001 nm for AGB) lie at the limits of the sensor range, where the signal-to-noise ratio 
may be lower; since a band-specific characterization of the sensor noise was not available, 
the robustness of the selected spectral regions was assessed through a sensitivity analysis 
excluding the edge bands [62]. When the edge bands were excluded, GPR-BAT retained the 
main spectral regions using inner bands (Table S4), with accuracy similar to that of models 
based on the full spectral range (Table S4 and Figure 6). For NNI, these included the blue 
bands at 428 and 444 nm, which fell within the window identified by the fold-wise analysis 
(Figure 4c); for AGB, the far-NIR band at 975 nm, together with the NIR window at ~778 nm, 
which was also retained until the last iterations of the original GPR-BAT sequence (Table S1) 
and selected for N uptake. For AGB, two bands in the visible region (585 and 618 nm) were 
also included when the truncated spectral range was used (Table S4), further illustrating the 
path-dependent nature of sequential backward elimination, in which removing bands at the 
start alters the whole elimination path. Therefore, the relevance of the main spectral regions 
did not depend on the inclusion of edge bands, although inner bands should be preferred 
in sensor design. Validation with dedicated multispectral sensors remains a necessary step 
before operational deployment.

We highlight, however, that the main limitation of this work is its single-year, single-
location design, which warrants further evaluation of the model’s spatiotemporal portability 
with independent datasets, and the limited number of independent experimental units 
(16 plots per 5 growth stages). Moreover, cross-validation was not grouped by plot, so 
that repeated observations of the same plot at different dates could appear in both train-
ing and validation folds, and the validation was not fully independent, requiring further 
validations with independent datasets; in addition, the numbers of PCs and bands were 
selected and evaluated on the same folds without a nested cross-validation. Therefore, 
absolute accuracies, particularly those of GPR-BAT and of the sensor configurations, are 
likely optimistic.

An overview of the main findings of this work is reported in Table 2.
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Table 2. Overview of the main characteristics and results of the two dimensionality reduction 
approaches compared. Fold-SD indicates the standard deviation of R2  calculated across the four folds.

GPR-PCA GPR-BAT

Input features 12 (AGB, N uptake);
5 (NNI) PCs

3 (AGB, NNI);
2 (N uptake) bands

Accuracy (R2 ± Fold-SD)
AGB = 0.941 ± 0.017;

N uptake = 0.908 ± 0.128;
NNI = 0.615 ± 0.092

AGB = 0.868 ± 0.056;
N uptake = 0.885 ± 0.060;

NNI = 0.592 ± 0.123
Uncertainty (σ) related to prediction 

error
Moderately (AGB, N uptake);

not for NNI No (nearly constant σ)

Hyperspectral cube
required Yes No (only for band selection)

Physical interpretability Low Higher than PCA but conditional *
Relevant spectral

regions - NIR (all traits); Red-edge (N uptake, 
NNI); Blue (NNI)

Potential for
multispectral sensors No Yes

* Selected bands indicate candidate spectral regions rather than exact wavelengths; the relevance of 
the blue region may partly reflect canopy cover rather than N status.

5. Conclusions
Monitoring crop N status using hyperspectral cameras necessitates reducing the di-

mensionality of narrow bands, entailing high computational effort, large data storage, and 
high investment costs. These barriers limit the widespread adoption of hyperspectral tech-
nology in commercial farming, where simpler and more affordable sensing solutions are 
needed. While common dimensionality reduction using PCA requires capturing the entire 
hypercube before transforming spectral bands into principal components, feature selection 
can identify a minimal set of task-optimized bands that achieves retrieval accuracy compa-
rable to PCA for N-related traits. This opens a pathway toward the design of task-specific 
multispectral sensors for crop N monitoring, pending validation with real sensors and on 
additional growing seasons. The key findings are summarized below.

Retrieving crop N variables by selecting the most informative bands using sequential 
backward band removal (GPR-BAT) achieves performance comparable to PCA-based di-
mensionality reduction for N uptake and NNI using only two or three bands, respectively, 
although NNI accuracy was moderate for all approaches (R2 ≤ 0.62; RMSE ≈ 0.11 NNI 
units). For AGB, whose spectral information is distributed across the NIR region, PCA 
showed higher mean accuracy, although band selection still explains most of the AGB 
variability (R2  = 0.868 with only three bands). As these accuracies were obtained without 
nested cross-validation, they are likely optimistic and should be confirmed on independent 
datasets. Therefore, band selection may reduce data volume, processing requirements, and 
sensor complexity. Unlike PCA, which reduces the direct physical interpretability of indi-
vidual bands due to the spectral transformation, the selected task-relevant bands, located in 
the NIR for biomass, in the NIR and red-edge for N uptake, and in the NIR, red-edge and 
blue regions for NNI, are consistent with the known physiological role of these spectral 
regions (e.g., relationship with chlorophyll absorption, canopy cover, and canopy water 
content), making these models more transparent and interpretable than PCA-based ones. 
However, the analysis of the stability of band relevance across k-fold validation indicated 
that the selected bands should be regarded as markers of candidate spectral regions rather 
than as unique optimal bands.
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Based on the bands identified by the GPR-BAT, two candidate multispectral sensor 
configurations were proposed: an AGB–NNI (6 bands) and an AGB–N uptake (5 bands). 
Both configurations generally maintained the retrieval performance of the individual GPR-
BAT models. AGB estimation tended to improve under the AGB-N uptake configuration, 
suggesting, as a hypothesis to be tested with a more extensive search of band combina-
tions, that the GPR-BAT may overlook band complementarities. Validation with dedicated 
multispectral sensors remains a necessary step before operational deployment.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/horticulturae12111339/s1, Table S1: Regression performance of 
the last 10 iterations in the GPR-BAT approach and identification of the optimal bands of each iteration. 
R2  and NRMSE values are averaged across the four validation folds and reported ± the standard 
deviation; Table S2: Regression performance of AGB and N uptake of the last 10 iterations in the GPR-
BAT approach with the removal of soil (n = 75) and identification of the optimal bands of each iteration. 
R2  and NRMSE values are averaged across the four validation folds and reported ± the standard 
deviation; Table S3: Spearman correlation coefficient (ρ) between the GPR standard deviation (σ) 
and the absolute prediction error (|measured − estimated|) of the out-of-fold predictions obtained 
from the 4-fold cross-validation, for each model and target variable (p-values in brackets; n = 83 for 
AGB and N uptake, n = 75 for NNI). A positive correlation indicates that observations with higher 
model-based uncertainty also showed larger prediction errors; *** indicate significant for p < 0.001 
and ns indicates not significant; Table S4: Bands selected with GPR-BAT models after the truncation 
of the first and last 10 bands of the spectrum (421–979 nm). R2  and NRMSE (%) are averaged across 
the four validation folds and reported ± the standard deviation.
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The following abbreviations are used in this manuscript:

AGB Aboveground biomass
ARTMO Automated Radiative Transfer Model Operator
BAT Band analysis tool
CV Coefficient of variation
DAT Days after transplant
DR Dimensionality reduction
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FWHM Full width at half maximum
GCPs Ground control points
GHG Greenhouse gas
GPR Gaussian process regression
GSD Ground sampling distance
LAI Leaf area index
LNC Leaf nitrogen concentration
MLRA Machine learning regression algorithm
NIR Near-infrared
NRMSE Normalized root mean square error
PCA Principal component analysis
PCs Principal components
R2 Coefficient of determination
RGB Red–green–blue
RMSE Root mean square error
RTK Real-time kinematic
RTM Radiative transfer model
UAV Unmanned aerial vehicle
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