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Soil contamination monitoring in industrialized regions requires accurate, spatially continuous assessments.

We present an integrated remote sensing framework for predicting concentrations of soil Potentially Toxic Elements (Cd,
Cr, V, Co, Be, As) near the industrial area of Taranto (southern Italy), a priority site for environmental risk assessment.
Preliminary exploratory analysis revealed significant relationships between PTEs and key soil properties, notably strong
negative correlations with pH across all elements and positive associations with Organic Carbon (specifically for Cr, V,

and Co).
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Introduction

To isolate the unmixed mineralogical signal, initial chemometric modeling employed Partial Least Squares (PLS)
regression with Leave-One-Out Cross-Validation (LOOCV), strictly applied to samples exhibiting pure bare soil PRISMA
signatures to eliminate vegetation interference.

For continuous spatial predictive mapping, the framework integrated PRISMA hyperspectral imagery, Sentinel-2
multispectral indices, and DEM-derived topographic data. To systematically address hyperspectral multicollinearity, we
evaluated an element-specific machine learning strategy, comparing a Standard Random Forest (RF) algorithm against an
optimized variant utilizing UMAP (Uniform Manifold Approximation and Projection) for PRISM dimensionality
reduction.

Results demonstrate that algorithm selection must be tailored to the target element: the RF-UMAP framework
significantly enhanced predictive accuracy and successfully resolved residual spatial autocorrelation (Moran’s Index) for
Cd, V, Be, and As, achieving Test R? values up to 0.83 and relative errors (RRMSE) as low as 7.8%.

Standard RF preserved critical spectral variance for Cr and Co, yielding optimal performance without dimensionality
reduction.

Feature importance analysis confirmed the dominant discriminative power of hyperspectral derivatives (UMAP
components and specific narrow bands) alongside the Bare Soil Index (BSI).

This hybrid framework validates the efficacy of combining multisource satellite data for the rigorous spatial identification
of soil contamination hotspots.
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Methodology flowchart
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PLS(Partial Least Squares Regression) + LOQOCYV (Leave-One-Out Cross-Validation) 6 heavy metals model comparison

Here, we establish the baseline chemometric relationships. Partial Least Squares (PLS) regression, strictly
validated via Leave-One-Out Cross-Validation (LOOCYV), is applied exclusively to bare-soil PRISMA
pixels. This targeted approach isolates the pure mineralogical signal from vegetation interference across all

six target metals.
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PLS(Partial Least Squares Regression) + LOOCYV (Leave-One-Out Cross-Validation) 6 heavy metals model comparison

1. Data Loading &
Integration
- Load datasets PRISMA S2
DEM chemical
- Standardize column names

2. Target Definition

- Select target element e.g.

Be
- Log-transform: y = logl +
target

3. Feature Engineering
- NDVI Ferrous Index Color
Index
- BSI Iron Oxide Ratio Clay
Minerals

5. Feature Matrix
4. \legetation Filtering Construction
- NDVI less than 0.25

- Keep bare soil samples indices

- Remove NDVI

-y = log target
- Standardization Z-score

- X = spectral bands +

6. Modeling: PLS + LOOCV
- Train PLS model

- Leave-One-0Qut CV
- Cross-validated
predictions

7. Model Evaluation

- R? LOOCV
- RMSE
- MAE

8. Pedometric Metrics 9. Residual Analysis
- RPD = Std y / RMSE - Distribution normality
- RPIQ = IQR / RMSE - Residuals vs predicted

10. VIP Scores
- Compute VIP
- Rank variables
- Select VIP greater than 1

11. Output & Interpretation
- Model performance
- Key predictors
- Environmental insights
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PLS(Partial Least Squares Regression) + LOOCV (Leave-One-Out Cross-Validation) 6 heavy metals model comparison
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Predictive Mapping: Standard Random Forest vs. UMAP Integration

This section presents the continuous spatial modelling framework. It
systematically contrasts the predictive power, error metrics, and spatial validity
(Moran's Index) of a Standard Random Forest algorithm against an optimized
RF-UMAP pipeline, demonstrating the necessity of an element-specific
modelling strategy.
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Predictive Mapping: Standard Random Forest vs. UMAP Integration
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Predictive Mapping: Standard Random Forest vs. UMAP Integration

Residuals vs. Soil Properties Correlation
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Key Aspect UMAP NO UMAP
Residual Moran's Index 0.016 (p=0.230) 0.253 (p=0.017)
Spatial autocorrelation No Yes (p<0.05)

Top feature UMAP _1 (28.0%) 1962.17nm (24.5%)

ion - UMAP

Continuous V Prediction Uncertainty i i ation - NO UMAP

sewrce (ndusty) 28

S sewrce (ndusty)

32 27
26
10
- 25
£ g
2
s ]
H ]
] ]
g ]
L 245
= b
N5 4053 P 2.3
ooe N5y .51
26
2.2
0,06
0.5 w5 052 w05
24 23
* * * *
0.04

718 az2a 17.22 374 1226 28, a0 a3 1224 17,28 1718 1720 1722 1724 17.26 FEXT) 1720 1722 17.24 1726
EG l 1 Lonitude tongitude Longitude Longitude

EGU 2026 — Supplementary materials - BINETTI MARIA SILVIA



AsS

1722
Lengiuds

1724

17.26

Key Aspect

Residual Moran's Index

Spatial autocorrelation

Top feature

Continuous As Prediction Uncertainty

*

1718 1720 17.22 724
Longituce

1776

UMAP

-0.030 (p=0.356)

UMAP 1 (38.9%)

025

0TS

NO UMAP

0.352 (p=0.004)

Yes (p=0.004)

1953.43nm (27.1%)

NO UMAP

Yo wwree (ndustey)

&

w53

*

1718 7z 17.27 1724 17.26
Longitude

r.
A Cercertration

1

10

Continuous As Prediction Uncertainty

17.20 722 17.24
ergrude

17.26

v.2a

0.22

0.20

=
&

=
3
Uncestainty (5td Dew)

s
=

012

010

EGU

EGU 2026 — Supplementary materials - BINETTI MARIA SILVIA




Be

Key Aspect UMAP NO UMAP

Residual Moran's Index 0.171 (p=0.044) 0.294 (p=0.003)
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Key Aspect UMAP NO UMAP
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Key Aspect UMAP NO UMAP
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Continuous spatial prediction and uncertainty maps were generated using an element-specific
framework: the PRISMA-UMAP dimensionality reduction pipeline was applied exclusively to

elements where it demonstrably resolved spatial autocorrelation and improved accuracy (Cd, V, Be,

AS), while standard high-dimensional Random Forest was retained for Cr and CO to prevent signal
loss.
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The final section synthesizes the key findings, confirming the efficacy of integrating hyperspectral data with ML.
It highlights how tailored dimensionality reduction and multisensory data fusion provide a robust framework for
identifying environmental contamination hotspots.
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The results of this study demonstrate the high potential of integrating PRISMA hyperspectral data with multispectral indices and
topographic features for the high-resolution mapping of soil Potentially Toxic Elements (PTEs) in complex industrial landscapes.
The implementation of an element-specific modelling framework proved to be the most robust approach:

* Hybrid modelling efficiency - dimensionality reduction via UMAP was essential to resolve residual spatial autocorrelation and
maximize predictive accuracy for Cd, V, Be, and As (achieving Test R? values up to 0.83). Conversely, a Standard RF approach was
superior for Cr and Co, demonstrating that retaining high-dimensional spectral variance is preferable for specific mineralogical
signatures.

* Proxy validity - the consistent negative correlation between PTEs and pH, alongside positive associations with Organic
Carbon, confirms the scientific validity of using these soil properties as reliable indirect proxies for trace metal detection via remote
sensing.

* Spatial reliability - systematic validation through the Moran’s Index ensured that the generated continuous prediction maps are
spatially sound and free from bias, providing a high-fidelity representation of contamination patterns.

 Early-warning and regulatory compliance - The continuous prediction maps offer high-fidelity spatial reliability for
environmental risk assessment. Evaluated against strict Italian thresholds (D.Lgs. 152/2006 & D.M. 46/2019), all six modelled PTEs
currently remain below the legal agricultural safety limits. Models successfully identified the industrial dispersion footprint
highlighting Be and Cd as the elements with the narrowest

In conclusion, this multi-sensor and hybrid machine learning framework provides a scalable and cost-effective tool for
environmental risk assessment, enabling the precise identification of soil contamination hotspots in priority industrial sites like
Taranto.
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