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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).

Introduction



EGU 2026 – Supplementary materials -  BINETTI MARIA SILVIA 

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 R² 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.

Introduction
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Methodology flowchart
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PLS(Partial Least Squares Regression) + LOOCV (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 (LOOCV), 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) + LOOCV (Leave-One-Out Cross-Validation) 6 heavy metals model comparison
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PLS(Partial Least Squares Regression) + LOOCV (Leave-One-Out Cross-Validation) 6 heavy metals model comparison

Metal R² RPD RPIQ PRISMADelta p-value Overall 
Assessment

Cobalt (Co) 0.8895 3.0084 1.2353
+0.0314

0.0099
Excellent — 
Quantitative 
Prediction

Beryllium (Be) 0.8306 2.4298 1.1077
+0.0147

0.0099
Good — 
Reliable 
Screening

Vanadium (V) 0.7915 2.1901 1.5111
-0.0100

0.0099
Good — 
Reliable 
Screening

Cadmium (Cd) 0.7876 2.1698 2.4211
-0.0022

0.0099
Good — 
Reliable 
Screening

Arsenic (As) 0.7352 1.9431 2.8764
+0.0309

0.0099
Moderate — 
Qualitative 
Indication

Chromium (Cr) 0.7029 1.8346 1.4943
-0.0308

0.0099
Moderate — 
Qualitative 
Indication
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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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 Cd Cr V Co Be As 

 UMAP 
NO 

UMAP 
UMAP NO UMAP UMAP 

NO 
UMAP 

UMAP 
NO 

UMAP 
UMAP 

NO 
UMAP 

UMAP 
NO 

UMAP 

▌ TEMPLATE CONFIGURATION 

n_estimators 500 500 500 500 500 500 500 500 500 500 500 500 

max_depth 4 6 8 8 6 6 10 6 10 6 8 10 

min_samples_split 2 8 4 4 2 4 2 2 2 4 4 2 

min_samples_leaf 2 2 2 2 2 2 2 2 2 2 2 2 

max_features sqrt log2 sqrt log2 log2 log2 sqrt sqrt log2 log2 sqrt sqrt 

PERFORMANCE STATISTICS 

Train R² 0.8784 0.8195 0.8785 0.8115 0.8956 0.8936 0.9376 0.9365 0.9281 0.9293 0.8278 0.8543 

Test R² (Random) 0.7417 0.7377 0.7821 0.7792 0.7879 0.7990 0.6113 0.6506 0.8287 0.8087 0.7383 0.7332 

Spatial CV R² -2.8338 -1.7363 -6.7799 -7.5012 -17.1314 -19.0349 -8.7796 -7.9427 -13.8340 -15.4576 -18.8313 -20.3943 

Train Adj. R² 0.8724 0.8152 0.8725 0.8046 0.8891 0.8855 0.9320 0.9325 0.9206 0.9220 0.8215 0.8452 

Test Adj. R² 0.6809 0.7100 0.7309 0.7424 0.7216 0.7185 0.4170 0.5414 0.7233 0.6909 0.6947 0.6498 

Overfitting Gap 0.1367 0.0819 0.0964 0.0323 0.1077 0.0946 0.3263 0.2859 0.0994 0.1207 0.0895 0.1211 

Test R² (Real) 0.7446 0.7323 0.7771 0.7834 0.7897 0.7980 0.6736 0.6975 0.8274 0.7968 0.7654 0.7307 

Test MAE (mg/kg) 0.0642 0.0679 0.1657 0.1516 0.1747 0.1748 0.2318 0.2200 0.1125 0.1142 0.1764 0.1814 

Test RMSE 
(mg/kg) 

0.0761 0.0779 0.2034 0.2005 0.2154 0.2111 0.3082 0.2966 0.1364 0.1480 0.2071 0.2219 

Test RRMSE (%) 24.38% 24.96% 8.15% 8.04% 7.80% 7.64% 22.73% 21.88% 19.85% 21.54% 13.70% 14.68% 

 

Configuration 

Predictive Mapping: Standard Random Forest vs. UMAP Integration
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Residuals vs. Soil Properties Correlation

Predictive Mapping: Standard Random Forest vs. UMAP Integration
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Cd

UMAP NO UMAP

Residual Moran’s Index 0.068 (p=0.13) 0.220 (p=0.029)

Spatial autocorrelation No Yes (p<0.05)

Top feature UMAP_1 (38.7%) 2409.98nm (55.3%)
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V

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%)
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As

Key Aspect UMAP NO UMAP

Residual Moran's Index –0.030 (p=0.356) 0.352 (p=0.004)

Spatial autocorrelation No Yes (p=0.004)

Top feature UMAP_1 (38.9%) 1953.43nm (27.1%)
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Be

Key Aspect UMAP NO UMAP

Residual Moran's Index 0.171 (p=0.044) 0.294 (p=0.003)

Spatial autocorrelation Borderline (p=0.044) Yes (p=0.003)

Top feature UMAP_1 (22.4%) BSI (24.1%)
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Cr

Key Aspect UMAP NO UMAP

Residual Moran's Index –0.109 (p=0.308) 0.093 (p=0.099)

Spatial autocorrelation No No

Top feature UMAP_1 (34.1%) 1962.17nm (36.2%)
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Co

Key Aspect UMAP NO UMAP

Residual Moran's Index 0.143 (p=0.060) 0.091 (p=0.117)

Spatial autocorrelation No (borderline) No

Top feature UMAP_1 (23.2%) BSI (30.4%)
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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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Conclusions
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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Conclusions

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 R² 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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The end
Thank you for your time 


	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22

