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Introduction: Soil degradation is an ongoing and worsening phenomenon. A comprehensive understanding of the characteristics of agricultural topsoil is essential for optimizing food production and improving

the overall efficiency of the agroecosystems. Remote sensing techniques are increasingly being employed to gather critical information on topsoil properties. Copernicus Hyperspectral Imaging Mission for the

Environment (CHIME) it is expected to map large areas, with regular and systematic data acquisition every 12.5 days, delivering images containing more than 200 bands in the 400 – 2500 nm wavelength range.

This creates new opportunities for using time-series data, thanks to the PRISMA and EnMAP time series. Soil Moisture (SM), Photosynthetic Vegetation (PV), and Non-Photosynthetic Vegetation (NPV)

significantly affect soil spectral reflectance. These are among the most important external parameters influencing the estimation of soil characteristics due to their highly dynamic nature.

This research was funded by the Italian Space Agency and the Ministry of University and Research - Contract No. 2024-5-E.0 - CUP No. I53D24000060005. 
Data generated under a license from ASI Original PRISMA Product - © Italian Space Agency (ASI) - (2022). 

Study area: To cover a wide topsoil variability, three different study

areas in Italy were selected: Jolanda di Savoia “J” (Lat. 44.87°N, Lon.

11.97°E), Maccarese “M” (Lat. 41.87°N, Lon. 12.22°E) and Pignola “P”

(Lat. 40.56°N, Lon. 5.76°E).

Results

The EPO for soil moisture was derived using local spectral library data, while the EPOs for PV

and NPV were developed using real spectra extracted from satellite imagery supported by

field measurements. The resulting EPO algorithms for PRISMA data are visualized in a 2-D

plot. As an illustrative example, spectra from the same pixels acquired at different times,

under varying conditions such as the presence or absence of NPV and PV, as well as high and

low soil moisture, are shown before and after applying the EPO corrections. As demonstrated,

the application of the EPO reduced the differences between the spectra with and without

external parameter effects.

EPO Implementation 

Objectives

The study aims to retrieve Soil Organic Carbon (SOC), CaCO₃, pH and texture properties using

Machine Learning (ML) by minimizing SM, PV and NPV effects by the External Parameter

Orthogonalization (EPO) algorithm applied to the hyperspectral time series acquired over three

agricultural farms in Italy between 2019 and 2025.

The findings suggest that using an ensemble of machine learning algorithms together with the EPO transformation makes

PRISMA and EnMAP imagery suitable for precision agriculture and smart farming applications. The hyperspectral time

domain contains relevant information that has yet to be fully explored.

Future research should focus on leveraging physical model like MARMIT-2 and the integration of the inherent noise

pertaining to the satellite hyperspectral data. Expanding the autoencoder training dataset to include both real and

modelled reflectance spectra could be essential for enhancing the robustness of the analysis.

Field Data Collection

Soil Wet Analysis

Soil Samples texture

Variable n Min Max Mean Std

Clay (%) 200 4.4 79.8 42.7 20.5

Silt (%) 200 1.1 70.3 26.1 15.8

Sand (%) 200 2.8 93.0 31.2 28.4

SOC (%) 200 0.2 8.9 1.8 1.6

CCE (%) 103 0 15.1 3.4 3.9

pH 176 4.5 8.7 7.37 0.96

The R² value heat map was used to summarize the performance of five ML models for soil properties estimation, utilizing

different EPOs on PRISMA and EnMAP datasets. A slight improvement in models performance were observed with the use

of EPOs relative to reflectance data. The effectiveness of different EPOs varied depending on the ML algorithm and the

sensor. As shown in the heatmap, the retrieval of soil properties is improved by applying the EPOs transformation to L2D

PRISMA and L2A EnMAP hyperspectral reflectance data. The results indicate that optimal performance is achieved for

clay (R2=0.73, RMSE=10.93%), silt (R2=0.79, RMSE=8.18%), sand (R2=0.84, RMSE=11.02%), CCE (R2=0.72, RMSE=2.88%), pH

(R2=0.48, RMSE=0.72%) and SOC (R2=0.67, RMSE=1.11%) by employing the EPO-projected reflectance.

The PRISMA scatterplot was generated by applying the best-performing algorithm—indicated by the red dashed squares in

the heatmap above—to the dataset. For silt and sand content, the predicted values closely follow the 1:1 line, indicating

strong agreement between observed and predicted values. Soil SOC, clay, silt and sand maps of the Maccarese farm were

generated from a PRISMA bare-soil mosaic, derived by averaging time-series bare-soil observations at each pixel. The

maps demonstrate good quality in terms of both dynamic range and spatial patterns across the Maccarese farm.

Methods

The flowchart adopted for estimating soil characteristics from multi-temporal PRISMA/EnMAP

images is shown below.

This study reflectance and EPOs-projected spectra were used as inputs for ML models. Five

ML regression algorithms to evaluate their ability to retrieve clay, silt, sand, SOC, pH, and

CCE of soil from hyperspectral data acquired.

The ML algorithms tested included Random Forest (RF), Support Vector Regression (SVR),

Gaussian Process Regression (GPR), Partial Least Squares Regression (PLSR) and Cubist.

The models were trained on 70% of the data and validated on the remaining 30%.

Machine Learning

PRISMA (31J, 26M, 9P images) and EnMAP (11J, 1M, 1P images) Time Series

Data Collection

CONCLUSIONS

The PRISMA L2D images were co-registered by AROSICS algorithm. Noisy spectral bands

and those affected by atmospheric water absorption in images were removed, leaving a total

of 173 spectral bands for EnMAP and 188 bands for PRISMA.

The spectra were smoothed using a Savitzky-Golay filter (SG) with a third-order polynomial

and a filter length of 7.

Image Preprocessing

Soil samples were collected according to a 30 m squares elementary
sample unit (ESU) scheme. Clay, silt, sand, SOC, pH and CCE were
measured by wet analysis.

The spectra of 198 soil samples, at different SM levels, were
acquired in laboratory using a FieldSpec 4 spectroradiometer.
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