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Introduction
High-dimensional datasets contain numerous correlated variables that increase computational complexity and lead
to the dimensionality problem, where the number of samples required for accurate estimation grows exponentially
with the number of covariates. Principal Component Analysis (PCA) is used to reduce dimensionality while pre-
serving maximum variance, improving model efficiency and generalization. By transforming correlated spectral
bands into a smaller set of uncorrelated principal components, PCA enhances feature selection, reduces noise, and
mitigates overfitting in spatial-temporal ecosystem analysis.

Study Area
The study area consists of different distinct ecosystems located on the Monte Bondone plateau in the Italian Alps as
shown in Figure 1

Figura 1: study area of MonteBondone Grassland area

Alpine Grassland

The study site is a permanent alpine meadow on the Viote del Monte Bondone plateau, Italian Alps (46.01°N,
11.04°E, 1550 m a.s.l.). The vegetation is dominated by Festuca rubra (25%), Nardus stricta (13%), and Trifolium sp.
(14.5%), and is managed as an extensive meadow with low mineral fertilization and annual cutting in mid-July.

Peatland Ecosystem

The 10-hectare minerotrophic fen at 1563 m a.s.l. on the Monte Bondone plateau (46°01’03”N, 11°02’27”E) lies in a
relict glacial lakebed formed during the last ice age. The site is dominated by Molinia caerulea tussocks, with Carex
rostrata, Valeriana dioica, Scorpidium cossonii, and scattered Sphagnum spp. in depressions, and it plays a key role in
carbon sequestration and hydrological regulation.

Figura 2: Ground truth of the landcover from Copernicus platform

Figura 3: spectral signatures of different landcover in study area

Methodology
Autoencoders (AEs) are employed for unsupervised feature extraction from HyperSpectral data and LIDAR
topographic data. The described autoencoder architecture as shown in Figure 4 has an encoder, decoder, and
reconstruction layer.
If a given input vector x ∈ Rn representing the PRISMA Hyperspectral data and LIDAR topographic data along
with the ground truth of landcover type for supervised classification, the encoder maps it to a lower-dimensional
latent space y ∈ Rd such as,

y = f (Wyx + by) (1)

The decoder reconstructs the input z ∈ Rn from the representation y as,

z = f (Wzy + bz) (2)

where the weights Wy ∈ Rd×n , Wz ∈ Rn×d and biases by ∈ Rd, bz ∈ Rn are trainable parameters with the sigmoid
activation function f (x) given by,

f (x) =
1

1 + e−x (3)

Minimizing the reconstruction loss by model training,

J(Θ) =
1

2M

M

∑
m=1

∥zm − xm∥2 (4)

M is the number of training samples, and Θ = {Wy, Wz, by, bz} are the network parameters.
Extracted low-dimensional features would demonstrate the retention of sufficient input knowledge to recover the
original input data in IT-MBO grasslands by feature extraction.

Figura 4: Simplified Autoencoder architecture

Dataset Description and workflow
we propose a deep autoencoder-based approach for unsupervised feature extraction from the multi-modal
datasets such as PRISMA hyperspectral imagery and LiDAR-derived elevation models with the CORINE
Landcover data for ground truth. The autoencoder learns a compressed, non-linear representation (latent space) of
the input data, capturing its most informative features while reducing noise and dimensionality.

Figura 5: Feature extraction workflow

After feature extraction, we perform band and feature selection to identify the most relevant components
contributing to accurate LULC classification. These selected features are then used to train the classification
models like Neural Network improving both accuracy and efficiency as shown in the workflow figure 5.

Figura 6: Training and Validation losses on Autoencoder architecture

Results
The autoencoder model’s training and validation losses were tracked over epochs which revealed successful
convergence in order to minimize reconstruction error for PRISMA reflectance bands during training. In analyzing
the reconstruction error for each reflectance band feature, a heatmap was generated to visualize the band-wise
contributions to identify the most influential synthetic band features that impacted the feature extraction process.
Furthermore, latent features extracted by the autoencoder were utilized in classification tasks with Random Neural
Networks (NN), where the confusion matrix indicated successful land cover classification as shown in the figure 8.

Figura 7: Impact of each band on Reconstruction error

Figura 8: Confusion matrix by neural network using Latent features obtained by Autoencoders

2025 – ESA - Living Planet Symposium - A.02.05 - Peatland


