APP4FARM, a project for the sustainable use of resources in agriculture
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Abstract— Efficient nitrogen management remains a major
challenge in modern agriculture due to the low nitrogen
use efficiency (NUE) of cropping systems and the associ-
ated environmental impacts of reactive nitrogen emissions.
APP4FARM proposes an integrated cyber-physical framework
combining distributed gas sensing, soil microbial functional
analysis, satellite data, and artificial intelligence to enable
continuous monitoring and short-term forecasting of nitrogen-
related dynamics in agricultural systems. The system integrates
low-cost metal oxide (MOX) gas sensors with reference pho-
tonic sensors, in-field meteorological measurements, Copernicus
satellite products, and soil molecular characterization based
on quantitative PCR targeting nitrogen cycling functional
genes. Biological validation in High Yield (HY) and Low Yield
(LY) zones demonstrated significant differences in nitrification
and denitrification gene abundance, supporting mechanistic
interpretation of nitrogen transformation processes. Artificial
intelligence models, including ARX, ANN, CNN, and Hybrid
CNN (HCNN), were implemented for pointwise and spatial
forecasting. In the German pilot, pointwise models achieved cor-
relation coefficients up to 0.9967 for soil-related variables. For
satellite-based prediction, HCNN models reached correlations
above 0.95 for Soil Water Index at a 3-day forecast horizon,
while ANN models provided robust predictions of NDVI and
NDMI. The results demonstrate the feasibility of integrating
multi-source sensing and Al-based forecasting within a Deci-
sion Support System capable of supporting environmentally
sustainable fertilizer management. APP4FARM represents a
scalable approach for linking real-time emission monitoring,
biological soil processes, and predictive analytics to improve
nitrogen efficiency and reduce greenhouse gas emissions in
agroecosystems.

I. INTRODUCTION

APP4FARM is a research and innovation project funded
under the ICT-AGRI-FOOD transnational call, aimed at ad-
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vancing digital solutions for sustainable agriculture through
the integration of sensing technologies and artificial in-
telligence. The project addresses one of the most criti-
cal challenges in modern agroecosystems: the efficient and
environmentally responsible management of nitrogen (N).
Nitrogen is the primary nutrient underpinning agricultural
productivity and a fundamental constituent of biomolecules
such as proteins, nucleic acids, and chlorophyll. Although
dinitrogen (N5) constitutes approximately 78% of the Earth’s
atmosphere, its chemical inertness renders it largely unavail-
able to most living organisms. The industrial fixation of
atmospheric No into ammonia (NH3) via the Haber—Bosch
process has dramatically increased the global availability of
reactive nitrogen, enabling unprecedented growth in agricul-
tural production and supporting rapid population expansion.
It has been estimated that nearly 80% of the nitrogen
present in human tissues originates from synthetic fixation
processes [1]. However, the anthropogenic amplification of
nitrogen inputs has profoundly altered the global nitrogen
cycle [2]. In agricultural systems, nitrogen use efficiency
(NUE)—defined according to the mass balance principle
as the ratio between nitrogen output and nitrogen input
(NUE = Nouiput/Ninput), as proposed by the EU Nitrogen
Expert Panel—remains suboptimal [3]. Under non-optimal
management conditions, up to 70% of applied nitrogen may
be lost from the agroecosystem, generating both economic
losses and significant environmental externalities [4]. Ni-
trogen losses occur through multiple pathways, including
ammonia (NHj3) volatilization, nitrate (NOj3') leaching and
runoff, and gaseous emissions of dinitrogen (Ns), nitrous
oxide (N2O), and nitrogen oxides (NO, NOs) driven by
nitrification—denitrification processes. These reactive nitro-
gen species are biologically, photochemically, and radiatively
active. NHs and NO, contribute to secondary particulate
matter formation and tropospheric ozone production, while
N;O is a potent greenhouse gas and a contributor to
stratospheric ozone depletion [2], [5]. The magnitude and
dynamics of these emissions are influenced by multiple
interacting factors, including nitrogen application rate, crop
type, fertilizer formulation, soil organic carbon content, pH,
texture, and climatic variables [6]. Climatic and hydrolog-
ical conditions critically modulate nitrogen loss pathways:
ammonia volatilization is enhanced under warm and humid
conditions in the absence of rainfall, whereas nitrate leaching
and denitrification are favored when water inputs exceed
evapotranspiration [3]. These nonlinear interactions highlight
the limitations of static indicators such as NUE alone, which
quantify nitrogen surplus but do not resolve the temporal and



spatial dynamics of specific emission fluxes. A mechanistic
understanding of soil reactive nitrogen emissions, linked
to underlying biogeochemical processes, is therefore essen-
tial for the development of advanced nitrogen management
strategies capable of reconciling agronomic productivity with
environmental protection. Despite this need, current measure-
ment systems present substantial constraints. Chamber-based
techniques provide high analytical sensitivity but operate dis-
continuously and are labor-intensive, while reference-grade
analyzers are costly and unsuitable for distributed deploy-
ment. Within this context, APP4FARM proposes a systematic
approach that merges heterogeneous sensing technologies
with artificial intelligence to enable continuous, spatially dis-
tributed, and biologically meaningful monitoring of nitrogen
dynamics in agricultural environments. The project integrates
conductometric gas sensors based on semiconducting metal
oxides (MOX) with photonic sensors based on Quartz-
Enhanced Photoacoustic Spectroscopy (QEPAS), coupled
with data-driven models including autoregressive approaches
and recurrent neural networks for real-time anomaly de-
tection and short-term forecasting. The overall objective of
APP4FARM is the implementation of a smart-farming ICT
infrastructure enabling extensive monitoring and forecasting
of nitrogen losses to support efficient fertilizer management.
The system combines (i) a monitoring platform collecting
meteorological variables and nitrogen emission data with
(i) a Decision Support System (DSS) providing real-time
information and forecasts up to three days in advance.
This architecture aims to optimize agronomic performance
while minimizing greenhouse gas emissions (notably N5O)
and atmospheric nitrogen oxides, thereby contributing to
improved air quality and climate mitigation. Beyond the
farm scale, APPAFARM enhances transparency along the
agri-food supply chain by enabling data accessibility for
regulatory authorities and stakeholders, supporting green
labeling initiatives, and empowering consumers with trace-
able information on environmental impact and production
conditions. Unlike existing agricultural monitoring solutions
focused on isolated sensing or standalone forecasting ap-
proaches, APPAFARM integrates distributed gas sensing,
microbial functional validation, satellite-derived indicators,
and heterogeneous Al forecasting models within a unified
cyber-physical framework. The proposed architecture enables
both continuous environmental monitoring and biologically
interpretable forecasting of nitrogen-related dynamics. The
paper is organized as follows. Section II describes the
APP4FARM system architecture, sensing infrastructure, and
Al models. Section III presents the German pilot study and
the validation results. Finally, Section IV summarizes the
main conclusions and future developments.

II. MATERIALS AND METHODS

A. Overall System Architecture

APP4FARM is designed as a distributed cyber-physical
system integrating in-field sensing, laboratory soil analysis,
external environmental data streams, and artificial intelli-
gence within a unified ICT infrastructure. The architecture

is structured into three functional layers: (i) data acquisition,
(i1) core Al modelling and data fusion, and (iii) Decision
Support System (DSS). The DSS integrates real-time mea-
surements and short-term forecasts to support operational
decisions related to fertilizer application timing and envi-
ronmental risk mitigation. The system operates at pilot scale
in High Yield (HY) and Low Yield (LY) fields, enabling
spatially explicit monitoring of nitrogen dynamics and sup-
porting fertilizer management decisions through short-term
forecasting (up to 72 hours).

B. Data Acquisition

Three main information sources are integrated: (1) in-field
gas sensor networks, (2) soil sampling and molecular anal-
ysis, and (3) external environmental data, including satellite
products and nearby monitoring stations.

1) In-field Gas Sensor Network: Reactive nitrogen species
are continuously monitored using distributed sensing nodes
centered around Metal Oxide (MOX) conductometric gas
sensors. MOX devices operate via resistance modulation
induced by surface redox reactions between adsorbed oxy-
gen species and target gases. Their low cost, compact-
ness, and sensitivity make them suitable for spatially dis-
tributed deployment in agricultural pilots. Sensor arrays are
adopted to enhance selectivity through multivariate pattern
recognition, following embedded Al strategies for low-cost
MOX systems [7]. Each node includes temperature and
relative humidity compensation modules to mitigate envi-
ronmental cross-sensitivity, critical under field conditions.
Selected nodes integrate Quartz-Enhanced Photoacoustic
Spectroscopy (QEPAS) modules to provide high-selectivity
reference measurements. These reference-grade data are used
for calibration, drift correction, and periodic validation of
the MOX network. Meteorological variables (air tempera-
ture, humidity, solar radiation, wind speed and direction,
precipitation) are co-registered with gas measurements, as
these factors strongly influence nitrogen transformation and
emission pathways [6].

2) Soil Sampling and gPCR Analysis: Soil sampling was
conducted in both HY and LY pilots immediately after MOX
sensor installation. Sampling was restricted to a circular plot
with 2 m radius centered on the sensor (Figure 1). After
removal of surface litter, 12 random subsamples were col-
lected at 10 cm depth within predefined sectors surrounding
the sensor. Samples were stored at —80°C until analysis.

Total DNA was extracted from 0.5 g of soil following
[8]. DNA concentration and purity were assessed using
a NanoDrop Lite Plus spectrophotometer (Thermo Fisher
Scientific). Quantitative PCR (qPCR) assays targeted total
bacteria (16S rRNA) and functional genes involved in ni-
trogen cycling: nifH (nitrogen fixation), amoA (nitrification),
nirK, nirS, and nosZ (denitrification). Amplifications were
performed using an ABI StepOnePlus Real-Time PCR Sys-
tem with SYBR Green chemistry. Thermal cycling consisted
of an initial activation step at 95°C for 10 min, followed
by 40 cycles with gene-specific annealing temperatures, and
melt curve analysis to confirm specificity. Gene abundances



Fig. 1. Soil sampling scheme within the 2 m radius circular plot
surrounding the MOX sensor in HY and LY pilots.

were expressed as copy numbers per gram of soil. The NoO
reduction potential was calculated as:

nosZ
amoA + nirK

while the production potential was computed as its re-
ciprocal. Statistical analyses were performed in R (v4.4.3),
after normality testing (Shapiro—Wilk), using Student’s t-test
or Wilcoxon rank tests depending on data distribution. This
molecular characterization enables biological validation of
field gas measurements by linking observed emissions to
microbial functional potential in the surrounding soil matrix.
Table I reports the primer pairs used for gene quantification.

3) External Environmental Data: External datasets are
integrated to enhance spatial coverage and contextual in-
terpretation. Satellite data are primarily sourced from the
Copernicus program (Sentinel missions), including:

« Sentinel-2 multispectral imagery for vegetation indices

(e.g., NDVI) and crop status,
o Sentinel-5P atmospheric products for NO5 column den-
sity,

o Land surface temperature and soil moisture proxies.

These datasets provide spatially continuous information
on crop vigor, atmospheric composition, and environmen-
tal stress conditions influencing nitrogen emissions. Addi-
tionally, data from nearby regulatory air-quality monitoring
stations are incorporated to validate regional NO, trends
and improve model calibration. External measurements are
harmonized temporally with in-field data streams and as-
similated into the modelling framework using data fusion
approaches [15], [16].

C. Core Al: Forecasting Models

The APP4FARM modelling layer implements a set of
data-driven forecasting models aimed at predicting agro-
meteorological and soil-related variables from multiscale
inputs. The adopted models are grouped into (i) pointwise
approaches operating on single-site time series and (ii)
spatial approaches operating on gridded (raster) inputs. The
following subsections summarize the model classes and the
common training/validation protocol.

1) Pointwise models:

a) ARX and Piece-Wise Linear extensions.: AutoRe-
gressive with eXogenous inputs (ARX) models are used to
predict a target variable by combining its past values with
lagged exogenous drivers. The generic ARX form is:

p() =S arylt— )+ S by ult—me— 1) +e(t) (1)

i=1 j=1

where y(t) is the output at time ¢, u(t) is the exogenous
input, n, and n; are autoregressive and exogenous orders,
ny is the input delay, {a;} and {b;} are model parameters,
and e(t) is the residual. To address nonlinearities while pre-
serving computational efficiency, a piece-wise linear (PWL)
strategy can be adopted by approximating nonlinear map-
pings with multiple linear regimes (segments) and optimized
breakpoints.

b) ANN.: Artificial Neural Networks (ANNSs) are used
to capture nonlinear dependencies between inputs and out-
puts. A neuron computes:

o=¢ <Z wiz; + b) )
=1

where {x;} are the input features, {w;} weights, b bias,
¢(+) a nonlinear activation function, and o the neuron output.
Model training minimizes a loss function, usually the mean
squared error (MSE) via backpropagation and gradient-based
optimization.

2) Spatial models:

a) CNN.: Convolutional Neural Networks (CNNs) ex-
ploit local spatial correlations in gridded inputs (e.g., remote
sensing maps). Given an input tensor X and a set of learnable
kernels {K;}, a convolutional layer produces feature maps:

Y, = 0(2 K+ X; +bj> 3)

where * denotes convolution/cross-correlation, b; is a bias
term, and o(-) is an activation function. Pooling layers can
reduce spatial dimensionality and mitigate overfitting.

b) HCNN (Hybrid CNN).: To jointly process heteroge-
neous inputs, a Hybrid CNN (HCNN) merges (i) gridded
inputs processed by convolutional/pooling stages and (ii)
pointwise variables concatenated at a merge stage. The
merged representation is then processed by dense layers to
generate multi-step forecasts.

3) Training, hyperparameter tuning, and evaluation:
ANN-based models employed ReLU activation functions in
hidden layers and linear output layers, while CNN/HCNN
architectures combined convolutional and dense layers opti-
mized through random-search hyperparameter tuning. Hy-
perparameters are optimized via Random Search. Models
are trained on 70-80% of the available data, with 20% of
the training set reserved for validation. Early stopping is
applied with a patience of 15 iterations, halting training
if validation loss does not improve over 15 consecutive
steps. Final evaluation is performed on a held-out test set
(20-30%). Performance is quantified using normalized mean
absolute error (NMAE) and Pearson correlation coefficient.



PRIMER PAIRS USED FOR QPCR QUANTIFICATION OF MICROBIAL GROUPS IN HY AND LY PILOTS.

TABLE 1

Target group Target gene | Primer Sequence (5’-3") Annealing T (°C) | Reference
Bacteria 16S rRNA Bac341F CCTACGGGAGGCAGCAG 60 [9]
Bac805R GGACTACHVGGGTWTCTAA [10]
Nitrogen-fixing bacteria | nifH PolF TGCGAYCCSAARGCBGACTC 55 [11]
PolR ATSGCCATCATYTCRCCGGA
Nitrifying bacteria amoA AmoA-1F GGGGTTTCTACTGGTGGT 57 [12]
AmoA-2R CCCCTCKGSAAAGCCTTCTTC
Denitrifying bacteria nirK FlaCu ATCATGGTSCTGCCGCG 57 [13]
R3Cu GCCTCGATCAGRTTGTGGTT
nosZ nosZF CGYTGTTCHTCGACAGCCAG 55 [14]
nosZ1733R | ATRTCGATCARCTGBTCGTT
nirS Cd3aF1 GTSAACGTSAAGGARACSGG 52 [13]
R3cd GASTTCGGRTGSGTCTTGA

III. CASE STUDY

A. Pilot description: German site

The German pilot combines long-term meteorological
records, high-frequency in-field measurements, and satellite-
derived gridded products. The integrated dataset supports
both pointwise forecasting (single-site variables) and spatial
forecasting (raster indices).

B. Monitoring Validation

Monitoring validation was performed to assess (i) hard-
ware robustness, (ii) structural integrity of the sensing layer,
and (iii) the capability of the MOX system to discriminate
different emission regimes under controlled conditions prior
to field deployment.

1) Hardware configuration and substrate optimization:
MOX sensing elements were fabricated using SnOs-based
nanostructured materials (SnOs, SnOs-Au, SnO>-Pd; 1%
doping). During optimization, the substrate material was
changed from quartz to alumina in order to improve thermal
control, conditioning stability, and baseline reproducibility.
This modification resulted in improved signal stability and
reduced power consumption (from 3 W to 1.5 W). A
plug-and-play configuration was adopted, enabling modular
integration of three sensing elements within a compact
architecture.

2) Structural characterization of the sensing layer: Fol-
lowing screen-print deposition and sintering (750°C, 3 h),
the sensing layer morphology was characterized by Scanning
Electron Microscopy (SEM). The microstructure (Fig. 2)
exhibits high porosity and particle sizes ranging from tens
to hundreds of nanometers. Such morphology increases the
effective surface area and enhances gas—surface interaction,
supporting sensitivity to reactive nitrogen compounds.

3) Discrimination capability under controlled conditions:
Controlled experiments were conducted to evaluate the abil-
ity of the MOX system to discriminate between different
emission regimes. Sensor responses were processed using
multivariate pattern recognition techniques, and Linear Dis-
criminant Analysis (LDA) was applied to evaluate clustering
and separability. The following analyses were performed to
biologically validate the sensing and forecasting framework.

Fig. 2. SEM micrograph of the MOX sensing layer showing porous
morphology and broad particle size distribution.

C. Microbial Functional Validation

To biologically validate nitrogen cycling dynamics in
the two yield zones, quantitative PCR (qPCR) analyses
were performed to quantify total bacterial abundance and
functional genes involved in nitrogen transformations. Total
bacterial abundance was estimated targeting the 16S rDNA
gene. Functional genes included: nifH (biological nitrogen
fixation), amoA-AOB (nitrification), nirK and nirS (nitrite
reduction during denitrification), and nosZ (nitrous oxide
reduction).

1) Functional gene abundance: Based on 16S rDNA copy
numbers, total bacterial abundance was significantly higher
in the High Yield (HY) pilot compared to the Low Yield
(LY) pilot (Fig. 3A). The abundance of nitrogen cycling
functional genes showed distinct patterns between yield
zones (Fig. 3B-F). Specifically:

o nifH abundance was significantly higher in HY soils,
suggesting enhanced biological nitrogen fixation poten-
tial.

e amoA abundance was significantly higher in HY soils,
indicating increased nitrification potential.

o nirK and nirS were significantly enriched in HY areas,
supporting enhanced denitrification capacity.

¢ In contrast, nosZ abundance did not differ significantly
between HY and LY zones.
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Fig. 3. Quantification of (A) total bacteria, (B) nitrogen-fixing bacteria,
(C-E) denitritying bacteria and (F) nitrifying bacteria in low and high-
field pilots. Error bars indicate standard error. Statistical differences: ns
(not significant); * P < 0.05; ** P < 0.01; *** P < 0.001; ****
P < 0.0001.

2) N2O production and reduction potential: To assess
long-term N,O emission potential, production and reduction
potentials were calculated from gene copy ratios. Although
differences were not statistically significant, HY soils exhib-
ited higher predicted N2O production potential and lower
N3O reduction potential compared to LY soils (Fig. 4). The
lack of statistical significance may be attributed to variability
observed within LY samples.
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Fig. 4. N2O production potential (A) and reduction potential (B) in low and
high-field pilots. Error bars represent standard error. Statistical differences:
ns (not significant); * P < 0.05; ** P < 0.01; *#* P < 0.001; ****
P < 0.0001.

3) Pointwise models — German pilot: Several model struc-
tures were tested (ARX, PARX, ARX nolnt, PARX nolnt,
RT, RF, MLP) under different autoregressive and exogenous
configurations to forecast agro-meteorological variables. The
best-performing model for each output variable is reported

in Table II, together with its correlation (CORR) and nor-
malized mean absolute error (NMAE).

TABLE I
SELECTED POINTWISE MODEL ARCHITECTURE AND PERFORMANCE FOR
THE GERMAN PILOT.

Output Variable Best Model CORR | NMAE
Dew Point ARX nolnt(1,2,1) 0.8851 0.3755
Soil Permittivity ARX _nolnt(1,1,1) 0.9628 | 0.0912
Watermark ARX(3,2,1) 0.9967 | 0.0400
Soil Moisture PARX nolnt(1,1,1) | 0.9660 0.1140
Soil Temperature | ARX(1,2,1) 0.9841 0.1042

The results show high predictive performance for soil-
related variables, with correlation coefficients exceeding 0.96
for Soil Permittivity, Watermark, Soil Moisture, and Soil
Temperature. Dew Point forecasting exhibits lower corre-
lation and higher NMAE compared to the other variables,
reflecting higher short-term variability and atmospheric sen-
sitivity.

4) Satellite-based Forecast Validation: Satellite-derived
variables were modelled to forecast Soil Water Index (SWI),
Normalized Difference Vegetation Index (NDVI), and Nor-
malized Difference Moisture Index (NDMI). Different model
families were evaluated during development, including Con-
volutional Neural Networks (CNN), Hybrid CNN (HCNN),
and Artificial Neural Networks (ANN). In the following, only
the performance of the best-performing model for each target
variable is reported, as identified during the model selection
phase.

a) Soil Water Index (SWI): For SWI prediction, both
CNN and HCNN architectures were tested. Due to the
heterogeneous structure of the input data (gridded satellite in-
formation combined with pointwise meteorological drivers),
the Hybrid CNN (HCNN) demonstrated superior predictive
capability and was selected as the final model. Performance
was evaluated for multi-step forecasting horizons (¢, ¢t + 1,
t 4+ 2, t + 3 days) using Normalized Mean Absolute Error
(NMAE) and Pearson correlation coefficient (CORR).

The HCNN achieved very high predictive accuracy, par-
ticularly for the deeper soil moisture layer (T = 10), where
correlation values remained above 0.95 even at the ¢ 4 3
horizon. As expected, performance progressively decreases
with increasing forecast horizon.

b) Vegetation Indices (NDVI and NDMI): Vegetation
indices were modelled using ANN architectures. Although
convolutional models were explored, the limited number of
valid satellite acquisitions (due to cloud masking constraints)
favored the use of ANN models, which showed better
generalization under sparse temporal sampling. Performance
metrics for NDVI and NDMI forecasting are reported below
for the selected best-performing ANN configurations. Pre-
diction accuracy decreases with increasing forecast horizon,
particularly for NDVTI at ¢+4-3, reflecting the higher variability
of vegetation dynamics and the reduced temporal density of
valid satellite observations. Nevertheless, correlation values
remain within acceptable operational thresholds for integra-
tion into the Decision Support System (DSS).



TABLE III
SWI FORECASTING PERFORMANCE (GERMAN PILOT).
BEST-PERFORMING MODEL: HCNN.

Output Model Step | NMAE | CORR
SWIT =2 HCNN t 0.0767 | 0.9435
t+1 | 0.1009 | 0.8971
t+2 | 0.1193 | 0.8604
t+3 | 0.1344 | 0.8195
SWIT =10 | HCNN t 0.0277 | 0.9898
t+1 | 0.0372 | 0.9821
t+2 | 0.0464 | 0.9725
t+3 | 0.0554 | 0.9599
TABLE IV

VEGETATION INDEX FORECASTING PERFORMANCE (GERMAN PILOT).
BEST-PERFORMING MODEL: ANN.

Output | Model Step | NMAE | CORR
NDVI | ANN t 0.0911 | 0.8714
t+1 | 0.0899 | 0.8721
t+2 | 00994 | 0.8584
t+3 | 0.1045 | 0.7812
NDMI | ANN t 0.1930 | 0.9028
t+1 | 0.1770 | 0.9196
t+2 | 02333 | 0.8434
t+3 | 02246 | 0.8194

IV. CONCLUSIONS

This study presents the implementation and validation of
the APPAFARM framework, integrating distributed gas sens-
ing, microbial functional analysis, satellite data, and artificial
intelligence to support nitrogen management in agricultural
systems. Monitoring validation confirmed the robustness of
the MOX-based sensing platform, including structural char-
acterization of the sensing layer and the ability to discrimi-
nate emission regimes through multivariate analysis. Micro-
bial functional validation revealed significantly higher abun-
dance of nitrogen fixation, nitrification, and denitrification
genes in High Yield zones, providing biological context for
observed nitrogen transformation dynamics. Forecasting val-
idation demonstrated strong predictive performance for both
pointwise and spatial models. ARX-based models achieved
high correlation for soil and meteorological variables, while
Hybrid CNN models provided highly accurate multi-step
forecasts of Soil Water Index. ANN models successfully
predicted vegetation indices despite irregular satellite acqui-
sition frequency. The combined results highlight the effec-
tiveness of integrating heterogeneous sensing technologies
with data-driven modelling to achieve continuous, biologi-
cally meaningful monitoring of nitrogen-related processes.
By linking emission detection, soil functional potential, and
short-term forecasting within a unified ICT infrastructure,
APP4FARM provides a practical pathway toward improving
nitrogen use efficiency, reducing reactive nitrogen losses, and
supporting climate-smart agricultural practices. Although the
current validation was performed on the German pilot site,
future developments will include cross-site validation under
different climatic, soil, and agronomic conditions.
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