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ABSTRACT Conventional urbanization transforms natural into paved landscapes, posing a significant
environmental challenge. Detecting the changes in (im)pervious surfaces in cities, where patches are small
and intermingled, is particularly challenging. This study introduces a novel approach to these changes
by integrating Coupled Non-negative Matrix Factorization (CNMF) image fusion with an automatic pixel
purification algorithm. By fusing low-resolution hyperspectral (30m) with high-resolution panchromatic
(5m) PRISMA imagery, we achieved enhanced spatial resolution, crucial for accurate land use and land
cover (LULC) classification. We introduced automatic pixel purification as a key innovation method to
improve LULC mapping accuracy, sensitive to training pixel selection and mixed pixels. This method,
which is tested in Dublin City area, enhanced/ refined spectral signatures and clarity across major LULC
classes including bare soil, industrial roofs, grasslands, trees, residential roofs/asphalts, and water bodies,
significantly improving classification accuracy by removing outliers and ensuring spectral consistency. The
Random Forest (RF) algorithm, applied before and after pixel purification, showed substantial increases
in overall accuracy (from 94.04% to 96.69%,) and Kappa coefficient (from 92.60% to 95.91%) for 2021,
with similar improvements in 2022. This method enabled accurate differential analysis of (im)pervious
surfaces, revealing a 4.08% decrease in pervious (from 33.29 km2 to 28.08 km2) and a 4.09% increase
in impervious surfaces (from 79.96 km2 to 82.92 km2) over one year, highlighting the rapid urbanization’s
impact on Dublin’s landscape permeability. This study significantly advances LULC classification and urban
monitoring, offering valuable insights for sustainable urban development and advocating for its integration
into future remote sensing and urban planning initiatives.

INDEX TERMS Hyperspectral image fusion, impervious-pervious surface, pixel purification, land cover
classification.

The associate editor coordinating the review of this manuscript and
approving it for publication was Vineetha Menon.

I. INTRODUCTION
Land Use and Land Cover (LULC) mapping in cities is
paramount for sustainable urban planning, environmental
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management, and decision making. Assessing the current
and changing status of urban expansion and intensification
(particularly impervious surface cover) informs a wide range
of urban environmental studies, including those on climate
change, the urban heat island and hydrology. The accurate
classification and mapping of urban LULC provides essential
data for evaluating environmental impacts, guiding land use
policies, and developing strategies for mitigating adverse
effects on ecosystems and human health. As urban areas con-
tinue to expand globally, the need for accurate, up-to-date,and
appropriate LULC information becomes increasingly critical
for resilience planning, especially in the context of global
climate change. Satellite remote sensing technology, includ-
ing multispectral imaging (MSI) can provide some of this
information and advance the study of LULC patterns on local
and global scales [1], [2].

However, the spectral resolution of MSI limits its capabil-
ity and accuracy for LULC classifications, particularly when
distinguishing between classes with closely similar spectral
signatures, in complex landscapes, such as urban areas [3].
Hence, hyperspectral imaging (HSI) can make a significant
contribution to LULC mapping in cities where landcover
types can be intermingled at small scales; Its unmatched
capability to capture detailed spectral information enhances
the discrimination between different land covers and sur-
face materials, thus facilitating a nuanced understanding
of urban dynamics. This technology has been instrumen-
tal in augmenting traditional land mapping techniques by
offering a spectral richness that allows for a more precise
classification and monitoring of urban land covers [4], [5],
[6]. The importance of hyperspectral sensing in urban areas
extends beyond simple mapping, as it is vital for monitor-
ing impervious and pervious surfaces such as green spaces,
industrial and residential buildings, roads and car parks, etc.
By providing detailed spectral signatures using hundreds of
narrow (less than 10 nm) spectral bands typically covering
the visible and near infra-red (NIR) domains, hyperspectral
data enhances the accuracy of classification with complex
classes, and complex surface areas such as impervious surface
detection, offering insights into urban flooding [7], [8], [9].
Its application has proven more effective than traditional
methods in extracting impervious surfaces, especially when
integrated with advanced machine learning algorithms [9],
[10], [11]. While hyperspectral remote sensing advances
LULC mapping, its high spectral resolution comes at the
expense of spatial resolution [12], [13], hindering its appli-
cation in fine-scale urban monitoring [11], [14], [15]. This
trade-off also introduces a ‘‘curse of dimensionality,’’ where
the increased number of spectral bands does not necessarily
improve classification accuracy [14], [16], [17], [18]. To over-
come this trade-off, image fusion techniques have become
essential [13], [17], [19]. These image fusion algorithms
combine multiple data sources to preserve hyperspectral
imagery’s spectral details while enhancing spatial resolution
with data from other sensors like MSI and PAN images [9],
[17], [20]. Numerous researchers have developed different

fusion algorithms based on different assumptions to enhance
the spatial resolution of HSI while preserving the integrity
of spectral resolution, eventually enhancing LULC classifi-
cation accuracy [21], [22], [23], [24], [25], [26], [27], [28],
[29], [30], [31]. While the abovementioned advanced image
fusion techniques are indeed promising in enhancing the
spatial resolution and preserving the spectral integrity of
the data, the process of LULC classification, particularly
with supervised learning algorithms such as Support Vector
Machines (SVM), Random Forest (RF), Deep Neural Net-
works (DNN), etc., is intrinsically linked to the quality and
selection of training pixels. The accuracy of these models
in distinguishing various land cover types depends not only
on the algorithm’s sophistication but also on the represen-
tativeness and purity of the training data used. Inaccuracies
in training pixel selection can lead to substantial errors in
classification outcomes, underscoring the critical need for
high-quality training datasets [32], [33], [34], [35], [36],
[37], [38], [39], [40], [41], [42]. Such contamination not
only distorts the representation of land cover classes but also
hampers the ability to effectively monitor changes over time.
Moreover, the challenge of obtaining a sufficiently diverse
and extensive training dataset becomes more pronounced
with the high dimensionality of hyperspectral images. This
necessitates the use of sophisticated techniques to ensure
the training data is both manageable for the algorithms and
representative of the complex spectral signatures encountered
in such datasets. Several methods, such as spectral unmixing,
noise reduction, and spatial-spectral feature extraction, are
designed to improve the fidelity of training pixels by isolat-
ing pure spectral signatures from mixed ones and reducing
background spectral noise [8], [43], [44], [45]. In addition,
machine learning-based techniques for feature selection and
dimensionality reduction, such as autoencoders and mani-
fold learning, can further refine the dataset by highlighting
the most informative features and reducing the dimension-
ality of the data, thereby making it more manageable for
classification algorithms [46], [47], [48], [49]. However, the
deployment of these sophisticated data preprocessing and
enhancement techniques comes with its own set of chal-
lenges. Many of these methods are computationally intensive
and time-consuming, necessitating significant processing
power and expert knowledge to implement effectively. This
can make them less desirable for practical applications where
resources are limited, or rapid processing is required. The
complexity of these approaches often requires specialized
computational infrastructure and software, as well as a deep
understanding of both the algorithms and the data being pro-
cessed, which can be a barrier to their widespread adoption
in certain contexts.

Addressing the complexities inherent in LULCmonitoring
in urban environments requires innovative approaches that
moves beyond the traditional, complex and computationally
intensive methodologies. In this context, we propose an auto-
mated, straightforward pixel-based purification algorithm
which utilizes a spectral similarity angle and spectral distance
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in n-dimensional feature space to precisely identify and
separate mixed pixels, outliers, and erroneously selected pix-
els during the algorithm training phase of LULC classifier.
Such innovative and automated algorithm can significantly
enhance the LULC accuracy of hyperspectral imageries like
PRISMA (Hyperspectral Precursor of the Application Mis-
sion) hyperspectral imaging of the Italian Space Agency [15],
[50], [51]. This advanced purification methodology is crucial
for enhancing the quality of the training dataset, thereby
ensuring higher classification accuracy. A distinctive fea-
ture of our algorithm is its ability to derive mean spectral
signatures for each target class within the urban landscape.
By aligning the derived mean spectral signatures with the
‘endmember’ profiles of the respective classes, our method
can significantly improve classification accuracy in com-
plex urban settings. The main contribution of our automated
pixel purification algorithm can be summarized as: 1) Imple-
mentation of an advanced CNMF image fusion technique
to enhance the spatial resolution of PRISMA hyperspectral
images. 2) Leveraging the innovative concept of automated
pixel-wise quality improvement, we produced highly reliable
training pixels, thereby mitigating the influence of mixed
pixels and outliers, which significantly improves the accuracy
of the LULC classification process. 3) Demonstration of the
proposed automated method’s effectiveness in pixel-based
impervious and pervious surface change detection in highly
complex urban environments, precisely analyzing permeable
surface reduction in these areas.

This sophisticated approach to training pixel selection and
purification described here is a straightforward and power-
ful tool that can be deployed alongside other approaches
for improving LULC classification outcomes. The specific
objectives of this study are:

i To obtain high-spatial resolution (5m) PRISMA hyper-
spectral imagery from the native 30m

ii To enhance LULC mapping accuracy using automated
pixel purification algorithm

iii To monitor impervious-pervious surfaces in highly
urbanized and complex areas

The method introduced here is needed for conducting precise
environmental monitoring and assessing urban impacts. For
example, detailed spatial knowledge of impervious surface
cover can be used to assess the magnitude of surface runoff,
the capacity of storm sewer systems and the potential for
localised flooding. Improved LULC mapping will enhance
our understanding of intra-urban hazards and the role of
urban landscape management to create more resilient and
sustainable environments.

The remainder of this paper is structured as follows:
Section II details the presentation of materials and meth-
ods, covering the hyperspectral image fusion algorithm, our
automatic pixel-purification algorithm to enhance training
data quality, LULC mapping with the RF algorithm, and
the strategies for mapping impervious and pervious surfaces,
alongside change detectionmethods. Implementing this inno-

vative and automatic approach, particularly in complex urban
areas, holds the promise of distinctly improving urban water
resource management, informing more accurate flood risk
assessments, and guiding the development of sustainable
urban policies. Section III delivers the results, including the
efficacy of image fusion, the impact of pixel purification on
LULC classification accuracy, and changes in impervious
versus pervious surface areas from 2021 to 2022. Section IV
discusses the algorithm’s performance, evaluates the preci-
sion of pixel purified LULC maps, and outlines the study’s
key findings. Section V concludes the paper, summarizing the
research contributions and potential future directions.

II. MATERIALS AND METHODS
A. PRISMA HYPERSPECTRAL SENSOR AND STUDY AREA
Our study employs the advanced capabilities of the Precision
Imaging Spectrometer for Advanced Hyperspectral Moni-
toring (PRISMA) sensor, a pivotal advancement in remote
sensing launched by the Italian Space Agency on March 22,
2019 [52], [53]. Recognized for revolutionizing remote sens-
ing, PRISMA offers unparalleled hyperspectral imagery with
a resolution across 233 spectral bands, ranging from the vis-
ible near-infrared (VNIR) to the short-wave infrared (SWIR)
spectrum (400-2500 nm), achieving a spectral resolution finer
than 12 nm. Its orbit at 615 kilometers facilitates a synthesis
of hyperspectral sensing with high-definition panchromatic
imaging, covering an extensive 200,000 square meters daily,
and providing ground sample distances of 30 meters (hyper-
spectral) and 5 meters (panchromatic), underpinned by a
29-day revisit cycle for thorough terrestrial monitoring [54],
[55].

Dublin City (Ireland, Figure 1) was selected as the site for
the application of our method. Its climate is moderate (3-19
◦C) thoughout the year and it receives between 750-1000 mm
annually, which is evenly distributed throughout the year.
Its geographic extent of 117.8 km2 includes a diverse and
spatially heterogenous landscape and provides a suitable
challenge for our approach. While the city boundary is fixed,
the urban landscape is dynamic and is undergoing rapid
intensification in response to population increases, economic
development and policies to increase built density to meet cli-
mate goals. Many of these changes take place at building plot
scales as new buildings are constructed and older buildings
are extended, increasing impervious surface cover. The net
effect of these changes is to displace more rainwater, which
can result in localised pluvial flooding. Managing this hazard
at neighbourhood scales requires monitoring of LULC at a
resolution that matches the scale of these ‘micro’ landcover
changes, that in aggregate affect urban water management.

We analyzed PRISMA imagery in July 2021 and August
2022 to study land use and cover changes, focusing on
transitions between pervious and impervious surfaces. The
PRISMA-L2D dataset, cloud-free offers an orthorectified
and atmospherically corrected 30 × 30 kilometer view of
Dublin, positioned at 53◦ 21’ 0.5040" N latitude and 6◦ 15’
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FIGURE 1. Geographical location map of the study area in Dublin, Ireland (PRISMA, August 2022).

58.1580" W longitude (Figure 1). This dataset facilitates a
detailed comparison over the one-year period, shedding light
on urban growth and its effects on environmental sustainabil-
ity and resource management. Dublin’s diverse land cover
includes bare soil, grass, industrial and residential roofs,
trees, and water bodies, providing a comprehensive baseline
for our analysis [56].

B. METHODOLOGICAL FRAMEWORK FOR LULC CHANGE
DETECTION
To identify and analyze land use and land cover (LULC)
changes, particularly between impervious and pervious sur-
faces from 2021 to 2022, we followed a structured Four-step
framework:

1. Preprocessing and Noise Reduction of HSI Data:
The initial step involves cleaning the hyperspectral data
using advanced noise reduction techniques, crucial for
removing artifacts and ensuring data integrity for further
processing.

2. PRISMA Hyperspectral Image Fusion: We fused the
PRISMAhyperspectral imagerywith the high-resolution
panchromatic image using the Coupled Non-negative
Matrix Factorization (CNMF) algorithm. This step is
key for merging the detailed spatial resolution of the
panchromatic data with the comprehensive spectral
information of the hyperspectral imagery.

3. LULC Classification and Accuracy Enhancement
Using Automatic Pixel Purification Algorithm:
This step involves classifying the imagery to iden-
tify different land cover types, using an automatic
pixel purification algorithm to improve LULC accu-
racy, and mixed pixels identification and outliers’
removal.

4. Detection of Changes in Impervious and Pervious
Surfaces: Finally, we focus on detecting and quantify-
ing the changes in land cover over the one-year period,
using advanced algorithms to highlight urban develop-
ment trends and environmental impacts.

This methodological framework, leveraging PRISMA’s
hyperspectral sensor capabilities and a strategic temporal
comparison, provides a comprehensive understanding of land
use dynamics in Dublin. A comprehensive flowchart (pre-
sented in Figure. 2) visually outlines this methodological
sequence, serving as a guide through the intricate process of
LULC change detection.

C. PRISMA IMAGE PREPROCESSING AND NOISE
REDUCTION
To ensure the integrity and accuracy of the data used in our
classification procedure, PRISMA imagery is subjected to a
series of essential preprocessing steps. Initially, hyperspec-
tral (HS) data is converted to a format suitable for detailed
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FIGURE 2. Schematic of adopted methodological framework for LULC and permeability change detection in the study area.

analysis. This conversion is facilitated by the ‘‘prismaread’’
software package, designed specifically for importing and
transforming hyperspectral data cubes into analyzable for-
mats [57], [58]. Subsequently, a critical selection process
eliminates spectral bands affected by atmospheric absorption,
especially those bands impacted by water vapor. This step is
crucial for minimizing potential analysis distortions, ensur-
ing that the data used for modeling accurately reflects the
observed landscapes [53], [58], [59].

The next phase involves the identification and removal of
striping noise from the bands. Striping noise, which presents
vertical or horizontal inconsistencies in brightness across the
image, can significantly degrade the quality and interpretabil-
ity of the imagery. Through the application of a spectral-based
regression model, these disruptions are effectively neutral-
ized, thereby enhancing the HS data’s overall quality in
preparation for subsequent fusion. The criteria for band selec-
tion and the approach to noise mitigation are informed by the
detailed methodologies documented in the literature, ensur-
ing a thorough and effective preprocessing routine [60], [61],
[62]. This structured approach to preprocessing PRISMA
imagery is pivotal in maintaining the high standards of data
quality required for accurate land cover and land use classifi-
cation, ultimately contributing to the reliability of our study’s
findings.

D. FUSION OF PRISMA HYPERSPECTRAL IMAGERY WITH
PANCHROMATIC IMAGE USING CNMF ALGORITHM
HSI is characterized by its high spectral resolution, capturing
a wide range of the electromagnetic spectrum. This capability
enables the precise and accurate identification of different
LULC classes and surface objects [63], [64], [65]. However,
HSI is limited by a trade-off between spectral and spatial
resolution and the challenges posed by high-dimensional data
management [13], [66], [67]. To address these limitations,
we employ the Coupled Non-negative Matrix Factorization
(CNMF) algorithm, a sophisticated unmixing technique for
its efficiency in fusing PRSIMA hyperspectral imagery (HIS;
30m) and high-resolution panchromatic image (PAN; 5m)
for years 2021 and 2022 [68]. This fusion is performed
using the MATLAB-based ‘‘Hyperspectral and multispec-
tral data fusion toolbox’’ [31]. The main concept behind
CNMF approach is the principles of spectral unmixing and
endmember extraction, crucial for remote sensing data pro-
cessing [22], [68]. Nonnegative Matrix Factorization (NMF),
the foundation of CNMF, decomposes a nonnegative matrix
V into two nonnegative matrices, i.e. basis matrix (W ) and
coefficient matrix (H ), where V ≈ WH .This decomposition
process is instrumental in separating mixed pixel spectra
into distinct spectral signatures (endmembers) and quantify-
ing their abundances [22], [30], [31], [69]. Furthermore, the
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Vertex Component Analysis (VCA) facilitates this process
by ensuring that the spectral unmixing adheres to the non-
negativity constraint, thus enhancing interpretability [30],
[70], [71], [72]. The comprehensive documentation of CNMF
fusion algorithm is provided by [31].

E. LULC MAPPING USING RF
For the supervised classification of fused images
PRISMAFused,2021 and PRISMAFused,2022, we employed the
Random Forest (RF) algorithm, renowned for its efficacy and
robustness in classification tasks. RF, an ensemble learning
method, builds upon the concept of decision trees to enhance
classification accuracy. By constructing multiple decision
trees during training and adopting the mode of the classes
of these trees for predictions, RF substantially improves
upon the performance of a single decision tree [73], [74].
The fundamental appeal of RF lies in its use of multiple
trees to achieve greater classification accuracy and stability.
This is achieved through principles of bagging (Bootstrap
Aggregating) and feature randomness split (Mtry), where
RF introduces variety by training each tree on random data
subsets and considering a random subset of features at each
node for splitting. This methodology effectively reduces
tree correlation, leading to a decrease in variance without
a significant bias increase [33], [74]. One of RF’s key
strengths is its resilience against overfitting, courtesy of its
mechanism that generates diverse trees using random subsets
of observations and features. Additionally, RF’s ability to
handle high-dimensional data with correlated features makes
it particularly adept for the complex datasets typical of LULC
classification tasks. Critical hyperparameters influencing
RF’s performance include the number of trees (Ntree) and
the number of features considered for splitting at each node
(Mtry), with optimal values typically found to be between
100 to 500 for Ntree and the square root of the variable set
for Mtry [33], [73], [75], [76]. Moreover, RF offers an inter-
nal validation mechanism through Out-of-Bag (OOB) error
estimation, providing an unbiased prediction of model gener-
alization error. This aspect is particularly beneficial for LULC
classification, where the model’s ability to accurately predict
new results, previously unseen data, generalization, is cru-
cial [75]. For this study, pixels were randomly selected from
the fused images ( PRISMAFused,2021 and PRISMAFused,2022),
for the RF classification process to generate LULC maps
from the fused images. The selected pixels were divided into
training (70%) and validation/test dataset (30%). Classifica-
tion was conducted across six land cover classes: residential
roofs/asphalt, bare soil, grass, industrial roofs, trees, and
water bodies. The RF model was implemented using Python
with the hyperparameters set to Ntree = 100 and Mtry =

12 for PRISMAFused,2021 and PRISMAFused,2022 respectively.

F. AUTOMATIC PIXEL PURIFICATION ALGORITHM
The accuracy of LULC for accurate change detection, espe-
cially in the context of change detection, is dependent on the

purity, integrity, and quality of the ML algorithm’s training
data [77], [78]. This type of process is necessary, as inac-
curately chosen pixels, contaminated with mix-pixels and
outliers, can substantially affect the classification’s over-
all accuracy. Such contamination distorts the representation
of land cover classes and hampers the ability to monitor
changes effectively over time. By implementing a sophis-
ticated approach to training pixel selection, this algorithm
stands as a cornerstone for enhancing LULC classification
outcomes across varied landscapes [79]. Introducing our
automatic pixel purification algorithm significantly addresses
these challenges, ensuring the selection of high-quality train-
ing pixels that correctly represent their respective classes.
The purification algorithm of the training procedure can
be explained in the following steps: (1) The initial step
involves selecting representative pixels for each target
class, such as bare soil, industrial roofs, grass, residential
roof/asphalt, trees, and water bodies, from fused images
(PRISMAFused,2021,PRISMAFused,2022). This careful selec-
tion aims to capture the broad spectral diversity inherent
in each class across different imaging conditions, laying a
foundational dataset for subsequent purification processes.
(2) Following selection, we extract the spectral signatures
for each pixel within the classes from the fused images. (3)
At the core of our algorithm is utilizing the feature space
and spectral similarity space by calculating Euclidean Dis-
tance (ED) and Spectral Angle Measure (SAM) for all pixel
classes. ED is a measure between k-dimensional spectral
space pixels and can be derived from the equation reported in
Table 1 [80]. ED is calculated as a geometric vector-distance
between pixels in k-dimensional spectral space compared
to the pixel class centroid (average pixel class/endmember)
[80], [81]. This distance can enable us identify pixels that
are significantly different from typical class signatures, sug-
gesting possible outliers or mixed pixels. The ED value was
calculated from spectral reflectance of image product from
fused images (PRISMAFused,2021,PRISMAFused,2022), which
has values ranging from 0-1, which can be considered as
normalize.
Then we calculate the SAM for these six classes using

the equation in Table 1 [80], [82], [83]. SAM index, which
is a widely used method to quantify the preservation of
spectral information of each pixel, measures the spectral
similarity/dissimilarity (or distance) by calculating the angle
between two vectors, representing the pure-spectra (end-
member) [80], [83]. A smaller angle (SAM) indicates high
spectral similarity, crucial for confirming that pixels belong to
their assigned classes. This angle measurement complements
the ED by focusing on the angular difference rather than
spatial separation, offering a nuanced view of spectral data
integrity. Both metrics are crucial in our automatic approach
for pixel purification, allowing us to identify, isolate and
remove non-representative pixels from given dataset accu-
rately and precisely. It is important to note that SAM is
less sensitive to absolute pixel values (shadow effects, water
vapor, etc.). On the other ED is highly sensitive to absolute
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TABLE 1. Mathematical formulation for automatic pixel purification algorithm and LULC accuracy.

spectral distance in k-dimensional spectral space. This auto-
matic approach enhances the training dataset quality, crucial
for accurate LULC classification. Further theoretical back-
ground of ED and SAM can be found in [80], [82], and [83],
and themathematical formulation of thesemetrics is provided
in Table 1.
(4) Next, we implement a Gaussian thresholding function

(G) defined by equation 1, employing a 95% confidence
interval as the optimal interval for both ED and SAM [84],
[85], [86], [87]. Pixel values that simultaneously fall outside
this confidence interval for both ED and SAM metrics are
considered potential outliers, mixed pixels and pixels thar are
mistakenly selected. These outliers are excluded from both
the training and test datasets. This method meticulously iden-
tifies pixels that are outside the n-dimensional feature space,
representing a higher spectral similarity angle (SAM) with
a higher spectral distance (ED), confirming that these pixels
do not belong to the particular class and should be considered
as outliers or mixed pixels. By effectively eliminating these
outliers, our algorithm purifies the training dataset, making it
indispensable in the preparation of training data for machine
learning models. The exclusion of these non-representative
pixels from the training set ensures that the machine learning
algorithms are trained on themost accurate and representative
data possible, enhancing the overall accuracy and reliability
of the LULC classification outcomes.

G (X : µ, ) =
1

√
2π

e
−

1
2

(
X−µ

)2
(1)

where X is the variable, µ and o are the mean value and
standard deviations of SAM and ED for individual class.

Moreover, a critical feature of our algorithm is the deriva-
tion of the mean spectral signature for each target class
(µ), facilitating the selection and spectral analysis of pix-
els from fused PRSIMA images (PRISMAFused,2021 and
PRISMAFused,2022). This derived mean spectral signatures
(µ), representing the ‘endmember or pure spectral profiles of
the respective classes enhances the accuracy of delineating
each land cover type. Endmembers refer to the pure spec-
tral signatures characteristic of specific materials or objects,
essential for the precise identification and classification of
land cover types [88]. Our pixel purification algorithm,
leveraging the concept of pixel-wise training, not only mit-
igates the influence of mixed pixels and outliers but also
significantly improves the classification process’s accuracy.
By concentrating on the spectral signatures of training pix-
els, this methodical approach ensures minimal impact from
common classification challenges, marking a substantial
enhancement in supervised classification accuracy [89], [90].

G. PIXEL PURIFICATION-BASED LULC CLASSIFICATION
ASSESSMENT
To validate the effectiveness of our pixel purification
algorithm in enhancing land use and land cover (LULC)
classification accuracy, we conducted a comprehensive
assessment utilizing the RF algorithm across datasets from
PRISMAFused,2021 and PRISMAFused,2022. This evaluation
focused on comparing classification accuracies derived from
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purified and original fused images, underscoring the robust-
ness of our approach in various landscapes and datasets [91],
[92], [93], [94]. After the implementation of the pixel-
purification algorithm, approximately 8.6% of the total pixels
were removed from the PRISMA Fused 2021 dataset, and
7.4% from the PRISMA Fused 2022, and verified /matched
by very high-resolution (VHR) Google Earth imagery. Of the
remaining pixels, 70% were allocated for the training set, and
30%were designated for validation. This distribution ensures
a robust training process while providing a representative
validation set to assess the algorithm’s performance accu-
rately. The RF algorithm was again performed on purified
tarin pixels and LULCmaps generated from both purified and
non-purified pixels underwent validation using a validation
dataset.

(code available: https://github.com/PayamSJ/Automated-
Pixel-Purification-). The results were compared to under-
score the robustness of our algorithm. Utilizing the test
dataset, an error matrix, commonly known as a confusion
matrix, was constructed to enable a comparative analy-
sis between the classification outputs and the actual test
data [93], [94], [95]. Following the construction of the error
matrix, various accuracy metrics were calculated to quan-
titatively assess the classification performance, including
Overall Accuracy (OA), Kappa Coefficient (κ), and User
Accuracy (UA) [93], [95], [96]. OA refers to the proportion
of correctly classified pixels across all categories, calculated
by dividing the sum of the diagonal elements by the total
number of pixels in the reference data. This metric offers
a general measure of the classifier’s performance across all
classes [92], [93], [95]. UA, measures the accuracy from the
map user’s perspective, calculated for each class as the num-
ber of correctly classified pixels in a category divided by the
total number of pixels classified into that category. It reflects
the probability that a pixel classified into a given category
accurately represents that category on the ground [93], [95].
Finally, κ , is a statistic that measures overall accuracy while
accounting for chance agreement. It compares the observed
accuracy with the expected accuracy if classifications were
made randomly, offering insight into the precision of the
classification beyond random chance [92], [93], [95], [97].
The mathematical formulations for these accuracy assess-
ment metrics are detailed in Table 1.

H. PERVIOUS AND IMPERVIOUS SURFACE CHANGE
DETECTION
To address the pivotal challenge of quantifying LULC trans-
formations, especially the critical transition between pervious
and impervious surfaces, our study implements a differential
image analysis technique. This approach, based on pixel-by-
pixel comparison, accurately compares corresponding pix-
els of PRISMAFused,2021 and PRISMAFused,2022 reclassified
images. This differential method, based on subtraction, illu-
minated areas of change, thus enabling the quantification of
LULC transformations, with each pixel value indicating the

magnitude of change. Ensuring precise alignment of images
was a preliminary step, confirming that each pixel across
the temporal spectrum corresponded to its exact geographical
location. This technique is celebrated for its effectiveness
in revealing temporal changes, offering a precise means to
observe and measure land cover alterations [98], [99], [100].
The extraction and categorization of impervious and pervious
surfaces were based on the initial six LULC classes, catego-
rizing industrial and residential roofs/asphalts as impervious
surfaces due to their water-resistant nature, which contributes
to surface runoff and reduced water infiltration. Conversely,
bare soil, grasslands, and trees were recognized as pervious
surfaces, indicative of their ability to absorb and filter water,
thus supporting natural hydrological processes [101]. Water
bodies are excluded from this binary classification due to their
distinct characteristics and our study’s focus on permeability
changes resulting from urban development [102]. By per-
forming a pixel-based comparison within the differential
image, we quantified the change from previous to impervious
surfaces, calculating the net change in surface permeability
across the study area.

A thresholding procedure followed image differencing
to distinguish significant from negligible changes, concen-
trating on transformations indicative of a conversion from
previous to impervious surfaces. The pixel-purified based
methodology, i.e. the novel contribution of our study, refines
change detection accuracy by reducing the inclusion of mixed
pixels that often obscure the true scale of land cover trans-
formations [102]: Let’s assume the derived six classes from
classification are:

L = {l1, l2, l3, l4, l5, l6} (2)

where, l1 = bare soil, l2 = industrial roofs, l3 = grasslands,
l4 = trees, l5 = residential roofs/asphalts, l6 = water Bodies,
and the classification derived from PRISMAFused,2021, and
PRISMAFused,2022 are C2021 and C2022, respectively.
ReclassifyingC2021 andC2022 into pervious (P) and imper-

vious (I ) surfaces, excluding water bodies l6 generates R2021
and R2022:

Ryear = {P, I } , and (3)

P = {l1, l3, l4} , I = {l2, l5} (4)

Performing the differential analysis (D) between R2021
and R2022 identifies and quantifies changes from pervious to
impervious surfaces :

D (R2021,R2022) = 1R (5)

where, 1R represents the net change in land cover from
pervious to impervious surfaces.

Finally, quantifying the extent of change (P → I ),
from 2021 to 2022, assesses the transformation of permeabil-
ity.

To complement and validate the quantitative analysis,
we conducted a visual inspection using high-resolution
Google Earth imagery from 2021 and 2022. Area’s indicative
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of substantial change, as identified through differential analy-
sis, were visually examined to confirm land cover transforma-
tions. This step involved overlaying computed changes onto
Google Earth images, providing a direct, intuitive evaluation
of urban expansion and its impact on surface permeability.

III. RESULTS
A. RESULTS FROM FUSION IMPLEMENTATION AND
VISUAL EVALUATION OF ALGORITHM
The implementation of the CNMF algorithm for image fusion
has yielded significant enhancements in the spatial resolution
of PRISMA hyperspectral images for the years 2021 and
2022, transforming them into high-resolution imagery at
5m resolution (PRISMAFused,2021 and PRISMAFused,2022).
In addition, the CNMF fusion algorithm has demonstrated
its ability to significantly enhance spatial resolution without
sacrificing spectral fidelity of the original image. The pri-
mary focus of employing CNMF was to elevate the quality
of hyperspectral images, thus offering an improved tool for
analyzing land cover changes, particularly in distinguishing
between pervious and impervious surfaces within Dublin’s
urban landscape. The impact of the CNMF fusion process
is visually articulated through Figures 3 (a-d) and 4 (ad),
providing a comprehensive before-and-after comparison.
Providing a broad view of the study area, Figure 3 (a-d) illus-
trates the extensive impact of the fusion process. Figure 3a
and Figure 3c display the HSIPRISMA,2021, HSIPRISMA,2022,
respectively, showcasing the baseline spectral detail pre-
fusion. In contrast, Figures 3b and 3d highlight the enhanced
fused images (PRISMAFused,2021 and PRISMAFused,2022) for
the corresponding years, showcasing a noticeable improve-
ment in spatial resolution. The fused images, as evidenced
in Figures 3b and 3d, demonstrate a significant improvement
in spatial resolution, retaining the spectral information vital
for LULC analysis but with heightened clarity and definition
at a finer 5m scale. This improvement is particularly notable
in urban areas, where the precise delineation of impervious
surfaces like buildings, roads, and industrial complexes is
crucial. The enhanced resolution allows for a more accurate
identification of land cover changes over the study period.
In areas characterized by dense vegetation, the enhanced
resolution of the fused images reveals greater detail in trees
and grasslands.

Zooming into specific locales for an in-depth analysis,
Figure 4 (a-d) provides a detailed visual comparison that
emphasizes the CNMF algorithm’s effectiveness in enhanc-
ing image quality. The figures illustrate a marked contrast
between the pre-fusion (Figure 4a and Figure 4c) and post-
fusion (Figure 4b and Figure 4c) images, with the latter
exhibiting sharper urban features and more distinct delin-
eation of land cover types due to the spatial resolution
enhancements. The spatial clarity in the fused images reveals
distinct outlines of buildings, greatly enhancing the differen-
tiation of built-up areas (Urban Core: yellow box in figure 4).
The fusion algorithm’s impact is vividly illustrated along

the water channels and Liffey River, where the boundaries
of these water bodies are captured with enhanced quality
(water bodies: blue box in figure 4). This distinction is
crucial for monitoring waterbody dynamics and assessing
urban encroachment along riverbanks, facilitating targeted
environmental conservation efforts. Furthermore, the fusion
algorithm’s efficacy is highlighted in the refined represen-
tation of vegetative cover (grassland and trees: green box).
The enhanced detail aids in accurately classifying pervious
surfaces, offering insights into the role of urban green spaces
in maintaining ecological balance within the cityscape.

B. LULC MAPPING USING UN-PURIFIED PIXELS AND RF
ALGORITHM
LULC classification was performed on the derived fused
images (PRISMAFused,2021 and PRISMAFused,2022) employ-
ing the RF algorithm, known for its effectiveness in managing
complex multispectral data and mitigating overfitting. The
classifier, initially using un-purified training data, aimed
to identify six critical land cover classes linked to urban
permeability: bare soil, industrial roofs, grasslands, trees,
residential/asphalt roofs, and water bodies. This process, exe-
cuted with carefully chosen hyperparameters, resulted in the
temporal LULC maps shown in Figure 5.

Figure 5 illustrates the initial LULC distribution within
Dublin for the respective years, revealing instances of mixed
pixels indicative of the need for further purification. The
LULC map (Figure 5a; C2021), indicates well-represented
land cover classes but with notable misclassifications along
water bodies, where pixels of water, grassland, and resi-
dential roofs/asphalt intermingle, possibly due to spectral
similarities or shadows effect. Such misclassifications under-
score the presence of mixed pixels, which may confuse
our understating of the built environment. The 2022 map
(Figure 5b; C2022), exhibits similar challenges, with certain
areas reflecting amix of land cover types, suggesting the pres-
ence of mixed pixels. In densely built-up areas, blue pixels
(water) erroneously intersperse within gray regions (residen-
tial roofs/asphalt), while confusion between red (industrial
roofs) and gray areas highlight potential spectral confusion
due to the intricate interaction of light, shadows, and urban
structures. While these initial classifications have effectively
highlighted the primary LULC classes within Dublin’s urban
landscape, the identified misclassifications point to the crit-
ical need for pixel purification to refine these outcomes.
This refinement process is designed to minimize the impact
of mixed pixels and enhance the delineation of land cov-
ers, which is particularly valuable in complex urban settings
where proximity and spectral diversity can lead to spectral
mixing.

C. LULC MAPPING USING UN_PURIFIED PIXELS AND RF
ALGORITHM PIXEL PURIFICATION AND LULC MAPS FROM
PURIFIED PIXELS
As described in themethodology section (2.2.4), we extracted
spectral signatures from selected pixels within six landcover
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FIGURE 3. CNMF image fusion performed on HSIPRISMA,2021, HSIPRISMA,2022 of Dublin, showcasing the enhanced resolution of urban and natural
landscapes for the years 2021 (first row) and 2022 (second row). Panels a and c represent the original hyperspectral images before fusion, capturing
the baseline spatial detail. Panels b and d illustrate the results post-fusion (PRISMAFused ,2021 and PRISMAFused ,2022), highlighting the improved
clarity and definition afforded by the CNMF algorithm.

classes: bare soil, grass, industrial roofs, trees, residential
roofs/ asphalt, and water bodies. The selection and refine-
ment of spectral signatures across the six LULC ensured that
only the most representative training pixels were employed.
The automatic pixel purification algorithm utilizing spec-
tral similarity angle (SAM) and spectral distance (ED) in
n-dimensional space, considering implied confidence interval
(95%), effectively identified the mistakenly selected pixels
as outliers and removed them from the analysis, thereby
enhancing the quality of our training set. This innovative and
automatic approach, detailed in our methodology, has yielded
a set of refined spectral signatures that have been cleaned of
outliers and mix-pixels, as demonstrated in Figure 6 (a-f).

The transformation from pre- to post-purification spectral
signatures is particularly stark. For instance, the spectral
signatures of water bodies prior to purification (Figure 6a,
representing for three LULC classes) display substantial vari-
ance, with certain reflectance values peaking indicative of
the presence of mixed pixels and outliers. Post-purification,
Figure 6b shows a notable reduction in this variance, result-
ing in a smoother, more consistent reflectance curve that
closely mirrors the ‘endmember’ profile for water bodies,
as evidenced by the yellow points on the dark line. Figure 6c
presents the spectral signatures for trees before purification,
where the spread of data points suggests a mix of spec-
tral responses, potentially from the heterogeneous nature
of vegetation or surrounding material contamination. After

purification, Figure 6d demonstrates a clear smoothing of
spectral responses, a narrowing of the spread, and an align-
ment of data points around a central trend, highlighted by
a yellow-dotted line. This refined clarity accentuates the
distinct spectral characteristics of trees, thereby improving
their identifiability in the classification process. Similarly,
Figure 6e illustrates the spectral signatures for residential
roofs/asphalt prior to purification, with significant spread
indicating potential contamination. The post-purification
spectral signatures shown in Figure 6f reveal a marked reduc-
tion in variability, with the average spectral line depicting
a clear and distinct profile, essential for accurately classify-
ing urban materials, key to assessing impervious surfaces in
urban analysis. Overall, the pixel purification process has sys-
tematically enhanced the training data quality for each LULC
class, minimizing the impact of mixed pixels and outliers and,
consequently, reinforcing the accuracy classification process.
This detailed and careful approach is anticipated to result in
more precise LULC change detection, critically important for
monitoring urban development and understanding its ecolog-
ical ramifications.

Furthermore, the Principal Component Analysis (PCA)
analysis was performed to visually appraise the effective-
ness of automated pixel purification algorithm in improving
the differentiation between land cover types. PCA excels
at maximizing spectral variance, thereby aiding in the dis-
crimination of land cover types within a multidimensional
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FIGURE 4. Detailed zoomed-in views of the CNMF image fusion process applied to PRISMA hyperspectral imagery of Dublin. Panels a and c provide a
closer look at the original imagery before fusion, while panels b and d display the enhanced resolution post-fusion. The yellow box emphasizes urban
areas, the blue box delineates water bodies, and the green box focuses on vegetated regions, underlining the spatial resolution improvements across
different land covers.

component space. By converting the original spectral data
into orthogonal principal components, PCA enabled the visu-
alization of class separability, which may be obscured in the
raw spectral data. The results of the PCA analysis (PC1,
PC2, and PC3), post-pixel purification of PRISMAFused,2021
and PRISMAFused,2022, are displayed in Figure 7 (a,b) and
Figure 8 (a,b), respectively, offering a clear perspective on
the enhancement of class differentiation due to the purifi-
cation process. Figure 7a illustrates the PCA scatter plot
for the PRISMAFused,2021 image prior to pixel purification,
indicated a certain overlap among classes and spectral vari-
ability that could potentially hinder accurate classification.
There was a noticeable dispersion of classes, with bound-
aries between industrial roofs, residential roofs/asphalt, and
bare soil blending. Contrastingly, Figure 7b, which represents
the post-purification PCA scatter plot for the same image,
demonstrates a substantial improvement in class clustering.
The spectral points for water bodies, for example, became
more tightly packed, suggesting a reduced risk of misclas-
sification. Trees and grasslands displayed clear separations,
reflecting a more uniform spectral signature within each
class, post-purification.

The PRISMAFused,2022 image PCA plots further validate
our pixel purification algorithm’s effectiveness. Figure 8a
presents the pre-purification PCA plot with noticeable over-
laps among LULC classes, mirroring earlier observations.

Notably, the spectral overlaps among industrial roofs, resi-
dential roofs, residential roofs/asphalt, and bare soil classes
present classification challenges due to their spectral similari-
ties. Figure 8b highlights the algorithm’s robust performance,
where the post-purification PCA scatter plot reveals signif-
icantly enhanced class separability. This is highlighted in
the water bodies class, where a noticeably closer clustering
illustrates a successful purification, reducing the risk of mis-
classification and echoing the benefits seen in the previous
year’s dataset. Such consistent improvements across different
datasets underscore the algorithm’s reliability and potential
for broad application in urban LULCmonitoring. Overall, the
PCA results affirm the pixel purification algorithm’s ability to
improve spectral separability for LULC classification. This
enhanced delineation in the PCA space lays the groundwork
for more accurate and dependable classifications, a crucial
aspect in monitoring urban land cover dynamics and their
environmental impact.

Employing our automatic pixel purification algorithm to
enhance the spectral signatures of the training pixels, we pro-
ceeded to LULC classification of the purified pixels from
the PRISMAFused,2021 and PRISMAFused,2022, images. This
refined classification, essential for accurately detecting shifts
between impervious and pervious surfaces, leveraged the RF
algorithm enhanced by high-quality training and test data.
The resultant LULC maps, drawn from the purified clas-
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FIGURE 5. LULC maps derived from RF algorithm: a) LULC map generated pre-purification for 2021 (C2021) and b) and LULC map generated
pre-purification for 2022 (C2022).

sification (Figure 9), offered a reliable foundation for the
assessment of urban permeability changes. The classification
outcomes elucidate the urban landscape’s transformation,
which will be explored in detail with interpretations of the
classification maps for 2021 and 2022. Figure 9 showcases
the post-purification RF classification maps; panel a illus-
trates the LULC map where the delineation of grassland and
trees is now apparent, water bodies are well-defined, and the
distinction among land covers has improved. Panel b reflects
the 2022 LULCmap with a discernible expansion in bare soil
areas, suggesting land use changes, construction activities,
over the one-year span. The enhanced classification delin-
eates the land covers more precisely, showing notably clearer
water bodies and a better-resolved differentiation between
industrial roofs and residential roof/asphalt areas,

In a closer examination, Figure 10 (a-d) compares the
LULC maps for a zoomed-in area of Dublin, illustrating the
pixel purification effects for 2021 and 2022. Figures 10a and b
show the LULC map before and after purification, where
the former displays spectral mixing and the latter visually
demonstrates modified, refined and improved classification
accuracywithmore homogeneous land cover representations.
The same for Figures 10c and d for the 2022 LULC maps.,.
These maps visually verify the pixel purification’s effective-
ness on both images 2021 and 2022.

D. ACCURACY ASSESSMENT AND PIXEL-PURIFICATION
ALGORTIHM PERFORMANCE EVALUATION
The robustness of our pixel purification process was rig-
orously evaluated through a detailed accuracy assessment
using a comprehensive validation dataset (refer to purification
section 2.1.7). Utilizing the confusion matrix, we computed
key metrics such as OA, κ , and UA to quantitatively bench-
mark the classification performances before and after purifi-
cation [93], [95]. Figures 11, and Figure 12, graphically and
quantitatively represent these accuracy enhancements, where
the post-purification classification demonstrates notable
improvements. For instance, the pre-purification OA stood
at an impressive 94.04%, with a κ of 92.60%, yet post-
purification, these figures rose to 96.69% and 95.91%,
respectively. The trend continued in 2022, with initial OA and
κ values of 92.80% and 91.17%, which increased to 95.05%
and 94.04% following purification (Please refer to Table S1).

The UA percentages depicted in Figure 12 for various
land cover classes further substantiate the pixel purification’s
efficacy. Remarkably, for the soil class in 2021, the UA
achieved a perfect score of 100% post-purification, rising
from a pre-purification UA of 96.49% (Please refer to Table
S2). The residential roofs/ asphalt class witnessed a signif-
icant UA improvement, ascending from 92.07% to 95.50%
in 2021 and from 89.36% to 93.93% in 2022. Similarly, the
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FIGURE 6. Pixel purification algorithm’s impact on spectral signatures for water bodies (a,b), trees (c,d), and residential/asphalt (e,f) in Dublin. Panels
a, c, and e present the original spectral profiles before purification, while panels b, d, and f display the refined signatures after purification.
Yellow-dotted lines indicating the mean spectral signature.

tree class displayed increased UA scores post-purification,
indicative of the purification process’s capability to refine
vegetative cover differentiation. The grassland areas, too,
experienced an uplift in UA, albeit modest, from 90.47% to
93.07% post-purification in 2021, with a stable performance
in 2022. Most strikingly, water bodies’ UA improved signif-
icantly, from 94.67% to 99.74% in 2021 and from 93.82% to
98.66% in 2022, showcasing the algorithm’s refined precision
in classifying hydrological features post-purification (Please
refer to Table S2).

These substantial improvements across nearly all land
cover classes affirm the pixel purification’s positive impact.
Such enhancements are particularly crucial for classes that

initially exhibited lower accuracy, highlighting the pro-
cess’s significance in the remote sensing classification
workflow.

E. IMPERVIOUS-PERVIOUS SURFACE MAPPING AND
CHANGE DTECTION
Following the enhanced LULC classification facilitated by
pixel purification, we advanced to delineate impervious and
pervious surfaces from the classified PRISMA fused images
of 2021 and 2022. We reclassified the original six land
cover classes, distinguishing between impervious surfaces
(industrial Roofs and residential roofs/asphalts) and pervious
surfaces (bare soil, grasslands, and trees), with water bodies
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FIGURE 7. PCA analysis pre- and post-pixel purification for PRISMAFused ,2021; Panel a): PCA scatter plot
before pixel purification, Panel b): scatter plot after purification.

set apart. This categorizationwas integral to the assessment of
urban permeability changes. We then employed a differential
analysis, comparing reclassified images to detect and mea-
sure the conversion from pervious to impervious surfaces,
indicative of urban expansion as previously discussed in
section 2.1.8 (Equation 2-5). The outcome of this analysis
is depicted in Figure 13, which illustrates the degree and
direction of land cover changes in Dublin, revealing the
areas that have transitioned from pervious to impervious
between 2021 and 2022. Table S3 provides a quantitative
summary of these land cover changes, indicating the extent
of urban encroachment onto previously permeable surfaces.
To enhance the robustness of our findings, we employed
high-resolution Google Earth imagery for a detailed visual
inspection, affirming the significant changes detected by our
analysis (red boxes in Figure 13) and presented in Figure 14
(a-d). Figure 13 visually captures the evolution of Dublin’s
urban landscape, contrasting the spread of impervious and
pervious surfaces over one year. The maps show a discernible
increase in impervious areas, indicative of construction and
development, resulting in a decreased pervious surface area,

and permeability of surfaces and increased potential urban
flooding in the region. Crucially, the red boxes emphasize
regions that have undergone considerable change, where
the proliferation of impervious surfaces indicates new urban
development or the intensification of existing built-up areas.
These changes suggest an ongoing trend of urban sprawl, with
potential implications for the city’s hydrological balance and
ecological sustainability.

In Figure 14, the Google Earth images provide tangi-
ble evidence of the land cover changes between 2021 and
2022 for two selected regions (red boxes in Figure 13). The
transformation from green to red outlines, representing the
conversion of permeable to impermeable surfaces, validates
the shifts we’ve identified using our algorithm.. The valida-
tion process facilitated by these Google Earth snapshots is
pivotal, as it not only confirms the algorithm’s efficacy in
discerning the nuanced changes from pervious to impervi-
ous surfaces but also visually substantiates the urbanization
trends identified within the study.

Figure 15 illustrates the overall pervious to impervious
transformation, where the extent of green areas representing
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FIGURE 8. PCA analysis pre- and post-pixel purification for PRISMAFused ,2022. Panel a): PCA plot
before pixel purification. Panel b): PCA plot post-purification.

pervious surfaces like bare soil, grassland, and trees has
diminished notably from 29.4% in 2021(Figure 15a) to 25.3%
in 2022 (Figure 15b).
The results indicate that the pervious surface cover

in Dublin decreased from 33.29 km2 (133,1649 pix-
els) to 28.08 km2 (1,123,443 pixels), a reduction of
4.08%. Conversely, impervious surface area increased from
79.96 km2 (3,198,454 pixels) to 82.92 km2 (3,316,992 pix-
els), an increase of 4.09% (please refer to Table S3). Overall,
approximately 1.07 km2 (1.35%) of Dublin has been con-
verted to impervious cover in one year; assuming annual
precipitation of 900 mm, this landcover change displaces
an additional 1,000,000 m3 of rainwater. The spatial detail
provided by this approach is needed to manage the impacts of
landcover change, much of which occurs at scales that are too
small to capture using conventional approaches. Moreover,
the method developed here can provide the temporal resolu-
tion needed to capture rapid change and identify where it is
concentrated.

IV. DICUSSION
A. IMPORTANCE OF IMAGE FUSION IN ENHANCING
SPATIAL RESOLUTION
The incorporation of image fusion techniques in enhancing
the spatial resolution of hyperspectral images is essential
for achieving refined LULC classifications. The implemen-
tation of CNMF algorithm in our study has been paramount
in enhancing the spatial detail of PRISMA hyperspectral
imagery to a resolution of 5m, facilitating an intricate analysis
of land cover transitions. Image fusion’s role in boost-
ing LULC classification is well-established [103], [104],
[105], and our application of CNMF, a specialized unmixing
algorithm, advances this domain by maintaining a delicate
balance between spatial and spectral integrity [68], [106].
At a broader scale, the enhanced clarity in urban delineation
underscores the fusion’s contribution to improved classifica-
tion accuracy, as indicated by.Ghassemian [23]. The CNMF
algorithm’s proficiency in safeguarding spectral data while
enhancing spatial resolution was also evidenced in prior
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FIGURE 9. LULC classification post-pixel purification for 2021 (a) and 2022 (b).

researches [22], [68]. The fused images, unmarred by spectral
distortions, provide unprecedented insights into the differ-
entiation between urban and natural landscapes, a task that
traditional hyperspectral imaging methods struggle with due
to inherent spectral-spatial trade-offs and data dimensional-
ity challenges. The detailed urban views shed light on the
algorithm’s finesse in portraying complex cityscapes where
distinct building footprints and vegetative cover are now
easily distinguishable, corroborating with Myint, et al. [107],
on the importance of high-resolution data for detailed urban
studies. Moreover, the detailed representation of water bodies
and green spaces in Figure 6 parallels with the findings of
Tewkesbury et al. (2015), highlighting the improved moni-
toring of various surface objects in urban environments. This
level of detail is essential for environmental management and
urban sustainability.

B. AUTOMATIC PIXEL PURIFICATION AND ITS
IMPORTANCE IN LULC CLASSIFICATION
The CNMF algorithm showed a significant improvement
in the spatial resolution of PRISMA imagery for 2021 and
2022. However, LULC classification is often evaluated by
the accuracy of pixel representation within spectral datasets.
Urban environments, with their inherent spectral confusion
caused by mixed pixels and outliers, pose considerable clas-

sification challenges, often exacerbated in high-resolution
datasets [108]. While fusion algorithms like CNMF enhance
spatial resolution, they fall short in resolving the ambiguities
of mixed pixel values, leading to spectral signatures that
may have inconsistencies, as evidenced in the initial analysis
of water bodies, trees, and residential roof/asphalt classes,
undermining the accuracy and reliability that CNMF fusion.

Our study introduces a novel automatic pixel-purification
algorithm that gaps this bridge by employing a spectral
similarity angle (SAM) and spectral distance (ED) in n-
dimensional feature space, specific confidence interval [86],
[87], to accurately identify and eliminate mixed pixels, out-
liers, and erroneously selected pixels during the algorithm
training phase to enhance the LULC accuracy of hyperspec-
tral imageries like PRISMA. This purification is essential
for the RF supervised classification algorithm, enhancing
spectral purity for accurate change detection and LULC clas-
sification. The robustness of this process is demonstrated
by the refined spectral signatures across land covers, which
align more closely with true ‘endmember’ profiles, thus
enhancing the accuracy of LULC classification [109]. The
pixel purification process’s effectiveness is underscored by its
impact on PCA results, which clearly show enhanced spectral
separability and reduced class overlap post-purification. This
transformation is critical in urban settings, where accurate
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FIGURE 10. Comparison of LULC classification pre- and post-pixel purification for a zoom-in area, Panels a) and c) present the LULC
classification before pixel purification for 2021 and 2022, respectively. Panels b) and d) show the classification post-purification.

classification is essential for effective urban planning and
ecological monitoring. The clarified spectral data ensures that
classes such as water bodies, grasslands, and urban materials
are distinctly separated, reducing the risk ofmisclassification.

In the complex urban mosaic, where differentiation
between land covers can be subtle, the clarity achieved
through pixel purification is paramount. The reduced over-
lap and increased separability in post-purification PCA plots
are critical for precise classification [110], confirming the
indispensable role of pixel purification in achieving accurate
LULC classification. Furthermore, the comparative analysis
of LULC mapping from RF algorithm on both purified and
non-purified datasets using performance metrics (OA, K, and
UA) highlights the significant improvements in classification

accuracy brought about by our approach. Initial challenges
observed in the RF algorithm’s performance due to mixed
pixels and spectral similarities are effectively mitigated post-
purification,, affirming that improvements and enhanced
spectral purity in training data quality can lead to enhanced
classification accuracy and minimize the class ambigui-
ties [79], [111], [112]. The nuanced analysis of LULC maps,
on a tested area (Dublin), reveals the transformative impact
of pixel purification on classification outcomes, facilitating
a more distinct demarcation of land covers, especially in
water bodies and vegetation areas. Such improvement in RF
classifier distinction highlights the value of accurate spec-
tral information in achieving LULC classification precision,
aligning with previous findings on the importance of accurate
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FIGURE 11. Accuracy assessment metrics (Overall Accuracy, OA, and Kappa Coefficient, K) for LULC classification pre- and post-pixel
purification.

FIGURE 12. User Accuracy (UA) comparisons for the six LULC classes pre- and post-pixel purification.

training data for enhanced urban material classification [33],
[95], [113]. Furthermore, previous research has highlighted
the RF algorithm’s inclination towards high accuracy, contin-
gent upon the quality of training data [39], [114].

C. IMPERVIOUS-PERVIOUS SURFACE CHANGE
DETECTION
In this study, we employed a pixel-by-pixel differential
approach to quantify the shift from pervious to impervi-
ous surfaces in a highly urbanized region of Dublin using
PRISMAFused,2021 and PRISMAFused,2022 Imageries. This
method enabled accurate differential analysis of (im)pervious

surfaces, revealing a 4.08% decrease in pervious surfaces
(from 33.29 km2 to 28.08 km2, particularly affecting green
space) and a 4.09% increase in impervious surfaces (from
79.96 km2 to 82.92 km2) over the year. These figures under-
score the significant impact of urbanization in reduction
in green spaces and expansion of urban structures. The
combination of CNMF fusion and automatic pixel purifica-
tion provides the spectral clarity needed for high-resolution
mapping and change detection in urban areas, tackling
the issues of mixed pixels and spectral ambiguities [79],
[113]. Observations from Dublin’s rapid urbanization and
pervious surface reduction underscore the need for urgent
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FIGURE 13. Map of impervious (gray) and pervious (green) surfaces in Dublin in 2021 (a) and 2022 (b) using pixel-purification
algorithm. Red boxes represent the areas with significant surface changes (cfr. Figure 14).

FIGURE 14. Visual validation of impervious-pervious using Google Earth Imagery in selected Dublin areas. Panels a) and b) show the
transition from pervious (green in a) to impervious surfaces (red in b) from 2021 to 2022. The same for another area within Dublin is
shown in panels c) and d).

sustainable urban planning practices. By providing compre-
hensive insights into the proliferation of impervious surfaces,
our research supports policymakers and urban planners in

promoting ecological sustainability amid rapid urban devel-
opment. In summary, the integration of our novel automatic
pixel purification with fusion algorithms’ capability (CNMF)
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FIGURE 15. Pie charts illustrating the distribution of impervious (grey) and pervious (green) surfaces within Dublin, comparing the years a)
2021 and b) 2022.

in spatial resolution enhancement offers a valuable and highly
efficient tool for detecting and monitoring changes between
impervious and pervious surfaces. This methodology not
only facilitates precise urban environmental analysis but also
encourages its broader application in diverse urban studies,
aiming to enhance classification accuracy and support sus-
tainable urban development strategies.

V. CONCLUSION
A methodological innovation in detecting LULC changes in
highly urbanized areas (tested on Dublin), focusing on the
impact of urbanization on surface permeability, is assessed.
We employed the CNMF algorithm to enhance the resolu-
tion of PRISMA hyperspectral (30m) imagery by fusing it
with high-resolution PRISMA-PAN (5m) data. Initial appli-
cations of the RF algorithm on fused images for LULC
classification highlighted challenges such as susceptibility to
misclassification and mixed pixel selection errors. To address
these issues, we developed an automated pixel purification
algorithm that leverages spectral similarity angles (SAM)
and spectral distances (ED) in n-dimensional feature space
to accurately remove mixed pixels, outliers, and erroneously
selected pixels. This purification significantly enhanced the
integrity of spectral signatures, particularly in challenging
classes like trees and residential roofs/asphalts, and signifi-
cantly improved the RF algorithm’s accuracy.

These advancements underscore the critical role of our
pixel purification method in enhancing classification reli-
ability and providing detailed insights into the transition
from previous to impervious surfaces within the Dublin
area. The refined classification process indicated a significant
transformation in landcovers with a 4.09% increase in imper-
vious surfaces and a 4.08% decrease in pervious surfaces
from the year 2021 to 2022. The core innovation of our
study is the automatic pixel purification process, designed
to address challenges from high-resolution datasets by elim-
inating mixed pixels and outliers. The effectiveness of this
process depends on the quality of the input data and may vary

with different spectral inconsistencies across environments.
In addition, the range of confidence intervals and implied
thresholding may also influence the algorithm’s performance
and need to be experimentally determined.

The spatial detail provided by our novel and automatic
approach is needed to manage the impacts of landcover
change and address the intensification of landscape transfor-
mations leading to the loss of green and blue spaces. This
intensification is occurring as cities become denser in both
build and population, leading to more efficient use of space
but also significant local environmental impacts, particularly
affecting urban hydrology, such precise and accurate LULC
map is necessary at fine scales, to capture using conventional
approaches, to effectively assess urban change and its impli-
cations for urban resilience. Moreover, the method developed
here can provide the temporal resolution needed to capture
rapid change and identify where it is concentrated.

A future step of this approach will be the evaluation of this
pixel-purification algorithm with other spectral data sources
to enhance its versatility and effectiveness across diverse
landscapes.We also aim to test the scalability of this approach
for broader geographic applications and assess its utility with
emerging remote sensing technologies to further support sus-
tainable urban development.
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