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Introduction

The Valencian Anchor Station (VAS) is a key validation site for remote sensing products. Given its agricultural and ecological relevance, accurate

land cover classification is essential. This study assesses the performance of various machine learning (ML) and deep learning (DL) algorithms
using multi-temporal Sentinel-2 data, under the constraint of limited training points.
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Methods

Study site: Valencia Anchor Station (Spain)

Data: Multi-Temporal Sentinel-2 imagery (2021), processed via Google
Earth Engine

Preprocessing: Cloud masking, median reduction, Min-Max
normalization, Z-score standardization.

Spectral indices & Bands: BSI, CI-RE, EVI, GLI, GNDVI, NDBI, NDMI,
NDVI, PVR, SIPI, OSAVI, kNDVI, Sentinel-2 Bands

Classes: Artificial Surfaces, Non-Irrigated Arable Land, Pemanently
Irrigated Land, Vineyards, Fruit Trees, Coniferous Forest, Sclerophyllous
Vegetation, Bare Soil.

Models: 6 ML algorithms (CART, RF, SVM, k-NN, NB, GTB) and 3 DL
models (FC-NN, MLP-ED, ResCNN).

Evaluation: 70/30 split, Evaluation: Confusion matrices, Overall
Accuracy (OA), Kappa coefficient, F1-score, ROC curves, AUC.

Results

Best-performing model: ResCNN achieved 96% OA and 95% Kappa in
July.

Robustness: ResCNN outperformed other models in difficult classes
such as artificial surfaces and non-irrigated arable land.

Temporal insight: Classification accuracy peaked in summer, aligned
with vineyard phenology.

Benchmarking: The VAS classification outperformed ESA WorldCover
and ESRI datasets in all classes, especially crops, bare areas, and
shrubs.

Transferability: High classification accuracy was maintained across 1
km, 5 km, and 10 km buffer zones beyond the training area without

additional reference data.
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Conclusions

The High-quality land cover classification is feasible with robust
methods and limited training data.

ResCNN showed strong performance, particularly in spectrally similar

and complex classes.

The study provides a replicable approach for vineyard regions and
supports calibration/validation of EO missions.

Results are applicable to agricultural monitoring, CAP compliance,
and climate resilience strategies.
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in the Iberian Peninsula; bottom left) Detail of the regions surrounding
the study area (inserted is the 10 x 10 km? classification area); right)
Distribution of the reference data (inserted is the 1 x 1 km? control zone
where most of the scientific equipment is located).
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Fig. 2. Classification of the 10 x 10 km? area using a) CART, b) SVM, c) k-NN,
d) RF, e) GBT, f) FC-NN, g) MLP-ED and h) ResCNN.
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Fig. 4. Class-specific F1-Scores for the eight methods (i.e., CART, SVM, RF, k-
NN, GBT, FC-NN, MLP-ED and ResCNN).
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