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Abstract. High-dimensional unlabelled datasets present significant chal-
lenges for efficient analysis, storage and interpretation. Unsupervised fea-
ture selection offers a way to retain the most informative variables while
discarding redundant or uninformative ones, enabling more scalable pro-
cessing. We introduce a spatially aware, unsupervised method that uses
information theoretic criteria to identify informative variables while lim-
iting redundancy, producing compact and spatially dispersed subsets of
features. Our approach avoids dependence on labelled data or model-
specific wrappers, making it suitable for large unstructured datasets. Ex-
periments on MNIST and EMNIST datasets, including high-resolution
upscaled versions, show that the selected features preserve both discrimi-
native structure and reconstruction quality better than chosen supervised
and unsupervised baselines, demonstrating the effectiveness of entropy and
mutual information coupling in unlabelled high-dimensional settings.

1 Introduction

In recent years, advances in data collection technology and the fast growth of
Internet of Things devices have led to a significant increase in the volume of raw
data. While valuable, this growth introduces significant practical challenges,
including prohibitive storage costs, increased processing latency and amplified
effects of measurement noise [1]. A further complication is that much of this data
is collected without labels, making supervised learning approaches impractical,
as the labelling process is often time-consuming and expensive. To mitigate these
limitations, dimensionality reduction methods are required. Specifically, feature
selection has become a central tool, allowing informative features to be preserved
while removing irrelevant or redundant ones, reducing computational costs and
improving model explainability, thereby enabling scalable analysis when manual
annotation is unavailable.

Feature selection is valuable in a wide range of real-world application do-
mains. For example, in remote sensing and medical imaging, feature selection
aids in identifying informative pixels or regions, enabling accurate analysis while
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limiting data volume [2]. In environmental and urban monitoring, selecting a
reduced yet meaningful set of sensor locations is essential for studying wind pat-
terns, pollution dispersion, and urban heat islands. Such information is critical
for sustainable urban planning and improving public health [3]. These applica-
tions highlight the relevance of feature selection not only for improving analytical
performance but also for promoting resource efficiency. Reducing the number of
measurements or focusing on the most informative locations decreases storage
and computational requirements, minimises energy consumption and contributes
to greener and more scalable data-driven systems while enhancing the robustness
of downstream models.

With this context in mind, we propose a new unsupervised feature selec-
tion method designed for spatially structured, large-scale datasets. As a filter
method, the approach does not depend on any particular induction algorithm,
which reduces computational cost by decoupling selection from model training.
Common supervised strategies typically do not exploit the spatial structure of
image data, producing dense and spatially clustered feature sets that are redun-
dant for reconstruction and analysis. Our method consists of three simple stages
that prioritise scalability and minimise redundancy. First, an information-based
score is computed at each spatial location to identify promising informative pix-
els without relying on labels. Second, spatial coherence is exploited by evaluat-
ing overlapping local patches and retaining a set of high-information candidate
regions. This step significantly reduces the search space and the amount of
subsequent computation needed. Third, selection among candidates balances
relevance with pairwise dependence to avoid choosing multiple regions that pro-
vide the same information. By operating as an unsupervised filter that combines
entropy driven screening with mutual information based redundancy control, the
proposed method produces a small, interpretable, and spatially dispersed set of
locations while remaining computationally practical for large scale datasets.

2 Proposed method

In unsupervised feature selection, the goal is to uncover patterns and structures
from correlations in unlabelled data. Common statistical criteria include vari-
ance, entropy and mutual information [4]. Our framework specifically examines
the synergy between entropy and mutual information. While mutual informa-
tionoffers an explicit measure of shared information and redundancy among can-
didate features, entropy quantifies individual uncertainty and relevance. Unlike
traditional methods that treat features as independent vectors, our approach
exploits the spatial coherence inherent in image grids and sensor arrays.

The first stage evaluates the raw information content at each spatial location.
For every feature with coordinates (x,y) we compute the Shannon entropy across
the N samples in the dataset. To ensure scalability for large high-resolution
datasets, we utilise a memory efficient estimator that processes samples itera-
tively. This results in a global entropy map, H(x,y), which highlights regions of
high statistical activity while filtering out static background noise.
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To mitigate the effects of pixel-level noise and capture local structural de-
pendencies while significantly reducing the number of necessary calculations, we
aggregate pixels into overlapping patches. Let P denote a patch as the set of
pixel indices within a local window anchored at coordinates (x,y). For each one,
we associate a low-dimensional descriptor that summarises the patch behaviour
across the sample set. The choice of patch descriptor affects the determination
of which spatial locations are considered informative and which are seen as re-
dundant. While simple one-dimensional summaries can capture essential patch
structures, more expressive descriptors, such as PCA or embeddings, can bet-
ter encapsulate detailed within-patch information while reducing sensitivity to
sample noise when necessary. We denote the descriptor time series for patch P
across the N samples as dp = (db,...,dY).

After screening, candidate patches are selected iteratively under a trade-off
between relevance and redundancy [5]. Relevance of a candidate patch P is
measured by the patch descriptor entropy H(dp) while redundancy between
two candidate patches P and @ is measured by their mutual information:

(u,v)

I(dpidg) = 33 p(u,v)log W (1)

where p(u,v) is the joint probability that the descriptor of patch P takes value
u and the descriptor of patch @ takes value v and where p(u) and p(v) are the
corresponding marginal probabilities.

A minimum Redundancy Maximum Relevance selection criterion chooses at
each step the candidate, P, that maximises a score of the form:

score(P) = H(dp) — Ig)lél%([(dp; dg), (2)

where S is the set of already selected candidates. The subtraction of the maxi-
mum pairwise mutual information penalises candidates that are redundant with
any already selected region, encouraging a diverse set of informative patches.

Finally, once patches are selected, representative pixels are chosen by return-
ing to the pixel-level entropy map and selecting locations of maximal H(z,y)
within each patch. This step ties the patch-level decision back to the original
uncertainty measure and helps ensure spatial dispersion.

3 Experimental evaluation

This section describes the experimental process and a comprehensive analysis of
the results. Our method is tested across several image resolutions and compared
with both supervised and unsupervised feature selection methods.

3.1 Experimental settings

To evaluate the efficacy of the proposed method, we conducted a comparative
analysis on two standard datasets. The MNIST dataset [6] contains 70,000 im-
ages across 10 classes, while EMNIST [7] provides a more heterogeneous scenario
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with 131,600 samples distributed over 47 classes. To assess the scalability and
robustness of the method in high-dimensional spaces, we evaluated the datasets
at their original resolution of 28x28 and at upscaled resolutions of 48x48 and
64x64. These larger grids intentionally introduce additional irrelevant pixels
and dilute individual feature information, creating a more challenging setting for
feature selection and reconstruction. Although the proposed method is unsuper-
vised, we evaluate it on labelled datasets. This allows objective measurements
of how well the selected features preserve discriminative structure and enables
fair comparison against supervised and unsupervised baselines.

For the sake of brevity, the number of selected features was fixed at 10% of the
total available pixels for all experiments. This approach allowed for testing the
identification of the most critical information with a reduced number of features.
Performance was evaluated using three complementary metrics: (I) classification
accuracy was chosen to quantify the discriminative information preserved by the
selected pixels, measured by training a Random Forest classifier on the reduced
feature space, (II) relative Mean Squared Error (rMSE) captured the recon-
struction fidelity, reflecting how much of the original image can be recovered by
a lightweight autoencoder when only the selected pixels are provided, and (III)
reconstructed accuracy evaluated the preservation of class-relevant structure by
applying the same classifier to the autoencoder-reconstructed images, thus in-
dicating whether the selected features retain not only raw intensity information
but also the spatial patterns necessary for recognition.

For reliability, each configuration is evaluated across a 3-repetition 5-fold
cross-validation, which involves carrying out feature selection, classification and
reconstruction steps within a single cross-validation loop. We compare our ap-
proach (“Ours”) against minimum Redundancy Maximum Relevance (mRMR)
[5], as a labelled feature selection baseline, and a simple variance ranking (Var.)
[8], selecting the highest variance features, as a representative unlabelled method.

3.2 Results and analysis

Table 1 shows the mean and standard deviation for the mentioned metrics. On
MNIST dataset, our method achieves the highest classification accuracy at every
resolution, indicating that the selected pixels preserve more discriminative infor-
mation. The rMSE is substantially lower than for mRMR and variance ranking,
showing that the selected features retain a greater proportion of the original
signal, which is further reflected in the superior reconstructed accuracy. These
trends become even more pronounced as the input resolution increases, suggest-
ing that the method scales effectively and remains robust in higher-dimensional
settings. An illustrative example is given in Figure 1, which presents an origi-
nal MNIST sample alongside the reconstructions produced by each method. As
shown there, the pixels chosen by the proposed method are visibly more spa-
tially dispersed and the reconstructed images contain less noise than the other
methods, corroborating the quantitative results. A similar behaviour is observed
on the EMNIST dataset. Although mRMR obtains slightly higher classification
accuracy and lower rMSE at this resolution, our proposed approach maintains a
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clear advantage at 48x48 and 64x64 resolutions. The reduction in reconstruc-
tion error and accuracy demonstrate that the method remains effective even
in more challenging classification scenarios with higher intra-class variability.
Overall, the results confirm that entropy-guided patch screening combined with
redundancy control produces feature sets that are both more informative and

less redundant than those produced by conventional unsupervised baselines.

Datasot Size Method Classification MSE Reconstructed
Accuracy Accuracy

Var. 0.916 £ 0.002  0.166 £ 0.004 0.662 £ 0.032

28x28 mRMR  0.920 +0.002  0.159 + 0.003 0.719 £ 0.040

Ours 0.944 4+ 0.002 0.114 +0.003 0.735 + 0.034

Var. 0.939 £ 0.000  0.098 + 0.001 0.694 + 0.034

MNIST 48x48 mRMR  0.930 +0.000  0.110 + 0.001 0.739 £ 0.033
Ours 0.951 +0.001 0.045 +0.002 0.796 + 0.026

Var. 0.940 4+ 0.001  0.133 + 0.001 0.705 4 0.033

64x64 mRMR  0.934 +£0.001  0.135 + 0.002 0.706 + 0.034

Ours 0.958 4+ 0.001 0.044 +0.003 0.800 =+ 0.026

Var. 0.575 4+ 0.003  0.236 % 0.004 0.344 + 0.003

28x28 mRMR  0.725 +£0.005 0.121 +0.004 0.437 £ 0.006

Ours 0.706 + 0.003  0.142 + 0.002 0.414 + 0.001

Var. 0.624 £ 0.011  0.168 + 0.007 0.366 + 0.019

EMNIST 48x48 mRMR  0.723 £ 0.004 0.074 + 0.010 0.434 + 0.017
Ours 0.759 +0.001 0.029 +0.004 0.438 + 0.012

Var. 0.830 £ 0.007  0.068 + 0.004 0.731 £ 0.011

64x64 mRMR  0.831 £ 0.004 0.068 + 0.004 0.738 + 0.009

Ours 0.857 +0.001 0.027 £0.003 0.750 £ 0.010

Table 1: Mean and standard deviation of performance metrics for the proposed
method compared to mRMR, and Var. baselines across MNIST and EMNIST
datasets at 28x28, 48x48 and 64x64 resolutions. The number of selected fea-
tures is fixed at 10% of the total available pixels. Best results shown in bold.

QOriginal

Fig. 1: Visual comparison of an MNIST sample and its reconstruction using the
proposed method (Ours) against supervised (mRMR) and unsupervised (Var.)
baselines. Features selected by each algorithm are highlighted in red.
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4 Conclusions

We introduced a scalable unsupervised spatial feature selection method that
resorts to information-theoretic criteria to identify and retain informative vari-
ables while limiting redundancy. The method produces compact and spatially
dispersed sets of informative features without reliance on labels or heavy model-
specific wrappers. Experiments on MNIST and EMNIST datasets, including
their upscaled variants, show improved preservation of discriminative structure
and better reconstruction fidelity than common supervised and unsupervised
baselines, with advantages that increase at higher resolution.

Although the study is preliminary, the approach has clear practical bene-
fits for monitoring systems. Selecting a small set of high-information locations
reduces data acquisition, communication and storage demands, and thus the en-
ergy footprint of sensing infrastructures. This makes the method attractive for
sensor-placement applications in urban environments, for example, airflow and
pollution monitoring, where a limited number of well-placed sensors can substan-
tially reduce deployment and operational costs while still capturing the dominant
spatial patterns. As a first future step, we plan to apply the method to urban air-
flow data to evaluate its effectiveness in complex and domain-specific scenarios.
Additionally, other directions remain open for further development. These in-
clude adapting the framework to multichannel data, exploring richer descriptors
such as multi-scale or learned representations and integrating domain-specific
constraints like energy consumption and deployment cost.
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