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ABSTRACT: Noise present in remote sensing data creates obstacles to proper land use and land cover (LULC)
classification methods. The paper evaluates machine learning (ML) denoising methods that adapt Raman spectroscopy’s
spectral techniques to optimise remote sensing spectra for land-use/land-cover (LULC) mapping. A basic Raman
spectroscopy model demonstrates that Savitzky-Golay (SG) filtering, Wavelet denoising, and basic 1D Convolutional
Autoencoder have different effects on synthetic spectral features relevant to LULC classification. Savitzky-Golay filtering
yielded the most efficient results, increasing classification accuracy from 0.71 (noisy) to 1.00 (denoised), resulting in
perfect classification with zero errors and enhancing the Precision-Recall curve, as Area Under the Precision-Recall
Curve (AUC-PR) transformed from 0.84 to 1.00. The study examined wavelet denoising in conjunction with a 1D
Convolutional Autoencoder, assessing the noise reduction capability through visual evaluation. Based on Raman-based
spectral analysis, a traditional method complemented with machine learning denoising provides promising fields for
feature identification in remote sensing images, thereby improving the quality of LULC-related mapping outcomes.
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1 Introduction
Accurate Land Use and Land Cover (LULC) mapping forms the core of modern environmental monitor-

ing, urban planning, agricultural policy, mitigation of disasters, and resource management. As land resource
demands stimulated by rapid urbanisation and climate change have arisen, a high need for dependable
and updated land cover mapping has emerged. The development of multispectral and hyperspectral remote
sensing technologies has transformed the field, making it possible to identify sensible differences between
various surface materials by analysing spectral features across the electromagnetic spectrum.
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Modern environmental monitoring, urban planning, and sustainable resource management heavily on
precise land-use/land-cover (LULC) mapping, which utilises multispectral remote sensing data to generate
detailed results. The broad range of spectral data from multiple electromagnetic bands demonstrates a
high potential to distinguish various surface features. The acquisition and transmission of multifrequency
remote sensing data are affected by various noise factors, including atmospheric scattering, absorption,
sensor artefacts, and electronic system interference. The contamination from noise reduces spectral signature
quality by obscuring important LULC class differences, which diminisheshe accuracy and reliability of
mapping results [1].

Studies investigate machine learning (ML) techniques to enhance the effectiveness of denoising multi-
spectral remote sensing data, given the growing research focus on these methods. This article examines the
potential of ML-assisted spectral denoising, drawing on the principles and evaluation approaches employed
in Raman spectroscopy molecular identification [2]. Implementing ML-based denoising procedures aims to
enhance signal-to-noise ratios, thereby maintaining the unique spectral characteristics of land cover classes
and facilitating more accurate LULC mapping. The principles are described using an elementary Raman
spectroscopy case study, highlighting the relevance of these principles to remote sensing [3].

This work is a key contributor to the development of a state-of-the-art cross-domain approach that
utilises denoising strategies based on Raman spectroscopy to enhance land-use/land-cover classification
under remote sensing. Despite the typical problems of noisy spectral data in remote sensing and Raman
spectroscopy, their cleansing methods have been unique to their respective areas of science. This work
presents a revolutionary strategy that combines the high-precision aspects of Raman spectroscopy, such
as peak preservation, contrast normalisation, and advanced spectral feature retention, with remote sens-
ing applications.

2 Literature Review
Remote sensing image analysis enables the observation of different Earth surface landscape features. The

analysis becomes problematic because data contains excess noise that impedes its efficiency. When detection
occurs, spectral noise generates the possibility of contaminating signal-to-noise ratios, which affects both
accuracy and reliability in sample analyses, according to [4]. The use of excessive noise is disastrous, as it
degrades the accuracy and validity of land use classification by degrading the quality of spectral signals.
Overcoming this problem through effective denoising techniques is critical for both Raman spectroscopy and
remote sensing. The power of Raman spectroscopy is limited by weak signals, which produce inferior signal-
to-noise ratios. All research teams should adopt denoising techniques to improve signal-to-noise ratios, as
recommended in [5].

Deep learning is a powerful analytical technique used within remote sensing, a subcategory of the vast
remote sensing framework. Deep learning algorithms for remote-sensing image analysis have also witnessed
a rapid increase in popularity, as indicated in [6]. Based on [5], while it is true that the use of deep learning
for analyzing hyperspectral images is warranted, as hyperspectral data require careful handling due to their
spatial dimensionality. According to [7], the effective analysis of hyperspectral remote sensing images is
burdened by factors such as the complicated variation of landscapes and the multitude of color bands.

The challenges discussed include increased difficulty in handling noisy Raman spectra and the minimal
requirements for effective denoising. Specifically, traditional methods struggle to maintain spectral fidelity,
especially under weak signal conditions, and are limited in their ability to adapt to complex noise patterns.
These issues prompt the exploration of convolutional models and deep learning alternatives that are
better suited to idle synthetic and real-world spectral data [8]. The authors of [9] analyze the difficulties
associated with Raman Spectra denoising procedures, as demonstrated in research by [10], to investigate
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single-layer convolutional model applications for denoising Raman spectra through training with synthetic
data. Scientific exploration continues toward finding multiple techniques for denoising purposes. Ref. [11]
conducted an in-depth review of recent advancements in Raman spectrum denoising, focusing on filters,
power spectrum estimation, and deep learning technologies.

The authors [12] developed Raman spectral denoising a backpropagation neural network. Researchers
at [13] developed a neural network denoising system based on variational mode decomposition and empirical
wavelet transform, utilizing an encoder-bidirectional long short-term memory, which reduces noise while
maintaining important spectral characteristics. Both Raman spectroscopy and remote sensing require
denoising as their essential preprocessing approach. The scientific community is working on creating deep
learning-based and traditional signal processing approaches to develop better signal quality capacities and
enhanced analytical capabilities [14].

According to [15], machine learning (ML) technology maintains growing significance for Raman
spectroscopy purposes. Traditional spectral data processing methods have used boundaries, which refer
to the weaknesses of conventional methods applied to work with spectral data. This implies that the
development of Raman spectroscopy may involve the use of more flexible machine learning techniques, as
conventional ones can be limited while the technique continues its technological growth and operational
expansion. The article describes how machine-learning methods are more effective at analyzing spectral data,
enabling evolutionary opportunities in analytical science [16].

The review starts with a description of traditional statistical approaches and explores modern ML
algorithms based on neural networks with deep learning featured in Raman spectroscopy [17]. Several
machine-learning approaches have been employed for spectral denoising and classification, including prin-
cipal component analysis (PCA) as a dimensionality reduction technique, KNN and SVM as classification
techniques, and RF for ensemble learning, as well as other deep learning models like ANNs and CNNs for
feature extraction from high-dimensional spectra. The correct differentiation of Earth’s surface landscapes
depends heavily on analysis of remote sensing images. Numerous obstacles hinder the effectiveness of
this analysis, as noise is present throughout the data set. During detection operations, noise can degrade
signal-to-noise ratios, affecting the accuracy and reliability of sample analysis results. Noise acts as a major
impediment that undermines accurate and dependable land use and land cover (LULC) classification [18].

The signal-to-noise ratio needs improvement through denoising techniques, as otherwise, the extraction
of effective data becomes impossible. Researchers are studying both established and learning-based machine
approaches to improve science data. The development of numerous denoising algorithms emerged due to
the necessity of solving noise-related issues. Such algorithms enhance the utility of Raman spectroscopy
and remote sensing applications, enabling them to operate in more complex domains, such as LULC
mapping. The evaluation process examines machine learning (ML)-based denoising algorithms that utilize
Raman spectroscopy spectral methods to enhance remote sensing spectra for mapping applications in
land-use/land-cover (LULC) [19].

Scientists have examined multiple denoising methods to determine their effectiveness when enhancing
spectral data results. Several LULC-relevant synthetic spectral features underwent transformations using
Savitzky-Golay (SG) filtering, Wavelet denoising, and basic 1D Convolutional Autoencoder according to
a simplified Raman spectroscopy model. The use of SG filtering yielded the best classification accuracy,
which improved from 0.71 in a noisy environment to 1.00 with denoised data. SG filtering was set with a
window size of 11 and a polynomial order of 3 to ensure a balance between smoothing and peak preservation,
while achieving complete precision and recalling all samples with no errors. This modification enhanced the
Precision-Recall curve by transforming AUC-PR from 0.84 to 1.00.
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Roughly sixty percent of this research investigated Wavelet denoising as a solution for noise reduction.
Visual assessments were conducted for Wavelet denoising along with a 1D Convolutional Autoencoder
throughout the examination process [6]. The investigation phase includes Convolutional Autoencoder as
machine learning-based alternatives. Various traditional and machine learning-based denoising methods
demonstrate promising potential according to spectral analysis for detecting remote sensing features that
enhance LULC mapping accuracy [20].

3 Methodology
The research methodology constructs an organised framework for machine learning to assist in denois-

ing remote sensing spectral data based on concepts from Raman spectroscopy. There are three fundamental
preprocessing principles that Raman spectroscopy can greatly benefit from, including preserving spectral
integrity, normalising spectra to maintain contrast, and smoothing without distorting spectral features.
Protection of spectral peaks is at the core; as such peaks mark the molecular vibrations necessary for
accurate materials identification and classification. The application of filtering approaches that preserve both
the shapes and amplitudes of spectral peaks when denoised is pertinent to sustaining maximum visibility
and integrity. When normalisation is utilised, researchers can maintain the relative contrast of the spectra,
allowing for a similar comparison despite velocity being outside uniform signal intensities. Deleted within
its evident ability to reduce high-frequency noise while maintaining the essential architecture of its spectral
peaks, Savitzky-Golay filtering becomes a preferred method in Raman preprocessing. By achieving this
equilibrium, the necessary spectral character elements are maintained, allowing for precise downstream
analyses, such as land usage interpretation or molecular recognition. The first step involves preparing data
using a clean spectral dataset that portrays different Land Use and Land Cover (LULC) classes as the reference
baseline. To replicate real-world measurement conditions, artificial noise, either Poisson or Gaussian, is
added to create noisy spectra that resemble spectral acquisition challenges.

Their accurate representation of intrinsic physical mechanisms justifies the use of Gaussian and Poisson
noise when simulating measurement errors in remote sensing and Raman spectroscopy. Gaussian noise
is ideal for modelling random electronic disturbances arising from sensors and readout electronics in the
process of acquiring measurement signals. In comparison, Poisson noise describes the discrete counting
fluctuation due to the arrival of photons, which is an essential part of optical metrics that involves photon-
by-photon detection. Furthermore, Poisson noise becomes particularly relevant to settings where signal
intensity is weak or photon numbers small, such as in Raman spectroscopy. The integration of these noise
models yields a comprehensive and useful approach to modelling and analysing practical measurement
errors in optical and remote sensing settings. The work presents an innovative data denoising technique for
remote sensing spectra using machine learning, drawing on principles from Raman spectroscopy. The pro-
posed mathematical procedures offer enhanced LULC classification methods that retain land-discriminative
spectral features while denoising tasks. Let the clean spectral dataset be denoted by:

S(cl ean) = {si ∈ Rd} (x + a)n =
n
∑
k=0
(n

k
)xk an−k i = 1

where si {s} is a d-dimensional spectral vector for LULC class iii, and n is the total number of samples.
To simulate real-world conditions, synthetic noise (x + a). Given a spectral signal s{x}, SG filtering
approximates a polynomial of order k within a window size w, minimizing:

S (x) = a0 +
∞

∑
n=1
(min j = −{k∑ k(si + j)2}, k = 2w − 1)
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Let the noisy input be noisy ∈ R f {s}{noisy}{Rd N}∧ dnoisy ∈ Rd . A denoising autoencoder LDEA
learns a mapping S (x)′ → a0, consisting fβ for minimizing the reconstruction loss:

S (x)′ = a0 +
∞

∑
n=1
(LDAE = N1, i = 1∑RdN ∥ f β(dnoisy) − si ∥ 2)

This study’s normalization was adapted from Raman preprocessing techniques that emphasize the
preservation of the spectral amplitude relationship. Min-max scaling was used to ensure that the rela-
tive intensity difference between undesired noise and helpful spectral features remained unchanged after
denoising. This preservation technique of spectral contrast is essential for enhancing LULC classification
accuracy, as the discriminative features are evident in every spectral class. The first stage involves applying
traditional baseline denoising methods that draw inspiration from Raman spectroscopy. Savitzky-Golay
filtering utilises local polynomials to perform smoothed retrofits of spectral signals within moving windows,
thereby preserving peak characteristics. The spectral signal undergoes wavelet thresholding by decomposing
its components into different frequencies, while conserving significant coefficients to reduce noise levels.

The research develops an improved set of autoencoder-based models as part of its advanced denoising
proposition, building upon foundational approaches. Through a learning algorithm the general denoising
autoencoder develops the ability to restore clean spectral measurements by comparing their input with
output signals. The autoencoder uses a multilayer perceptron architecture with feedforward connections and
non-linear decay functions for spectral encoding and decoding operations. A convolutional autoencoder
employs one-dimensional convolutional layers to handle dependencies and spectral features, then performs
reconstruction using transposed convolutional layers. The reproducibility of the current study was achieved
by training the autoencoder model using the Adam optimiser for 100 epochs with a batch size of 32. By using
Mean Squared Error (MSE) as a loss metric, the model was capable of penalising any mismatch between the
reconstructed and clean spectra.

The evaluation of how well the model generalises to new spectral data during inference was conducted by
randomly splitting the dataset into 80% training and 20% testing sets. The main feature of this methodology
involves a new autoencoder constructed from U-Net components, incorporating spectral skip connections.
This architecture features encoding and decoding layers, where each layer matches, and an intermediate
feature flow is maintained through skip connections. This design infrastructure maintains Essential spectral
information throughout the denoising procedure, which increases reconstruction accuracy. Speech ampli-
tude relationships necessary for LULC classification receive protection from a normalization process adapted
from Raman spectroscopy. After denoising steps, the process adjusts spectra signals and noise elements
to maintain their contrast features. The methodology combines integrated stages, starting with synthetic
noise simulation, then proceeding to classical filtering, advancing to deep learning-based restoration,
and concluding with Raman-inspired normalisation, which safely maintains land-discriminative spectral
characteristics while effectively reducing noise.

4 Results
Experimental results demonstrated that machine-learning-based denoising significantly enhanced the

quality of Raman remote sensing spectra. Savitzky-Golay (SG) filtering yielded the highest gains among the
methods analysed, thereby increasing classification accuracy. The findings show that extensive denoising
significantly improves the detection and classification of land use features, due to the successful preservation
of important spectral characteristics and a reduction in false alarms. The studies presented empirical data
through spectral plots, confusion matrices, and precision-recall curves, which provide clear evidence that
certain denoising approaches produce enhanced spectral data, thereby enhancing the performance of land
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use feature detection models. The analysis provides detailed descriptions of individual results and highlights
the strengths and limitations of different denoising methods to enhance classification precision (Fig. 1).

Figure 1: Denoising performance comparison for Raman spectral remote sensing data in the context of land use
mapping

A comparison between the original Raman spectrum noise and various denoised signal outputs appears
in the “Original and Denoised Spectrum: Intensity (A.U.)” graph. The Raman shift frequencies measured in
cm−1 appear on the x-axis, while the intensity values displayed in arbitrary units (A.U.) appear on the y-axis.
The original blue Raman spectrum exhibits high noise levels, accompanied by an SNR score of 18.39 dB. All
methods of denoising get their reference point from this baseline. The cyan-colored Savitzky-Golay filter
stands out from other classical approaches by giving an SNR of 23.66 dB and generating a signal correlation
of 0.99 with the authentic spectrum.

The technique successfully smooths noise without distorting peak characteristics and retaining spectral
integrity. The Moving Average technique (magenta) produces an outcome that is almost identical to the
Savitzky-Golay filter (cyan) in terms of signal integrity, delivering an SNR of 23.83 dB and matching
the correlation result of 0.99; however, it suffers from slight peak distortion. Wavelet Denoising (green)
demonstrates the best performance in noise reduction through an SNR value of 27.83 dB. The methods’
correlation with the original spectrum shows a slight decline to 0.88 because excessive smoothing of sharp
peaks damages spectral details. Among other wavelet-based approaches, this process requires trade-offs
between strength and fidelity.

The brown-coloured Autoencoder (AE) model achieves an SNR value of 23.94 dB, comparable to the
performance of SG and MA filters. The performance of the AE indicates the gap between its ability to filter
out noise and retain the initial features of the Raman signal. The proposed poor correlation suggests that
the autoencoder struggles to generalise signal distribution patterns due to restrictions in the training data,
reduced model capacity, and the absence of a spectral similarity loss function. Both smoothing (SG) and
moving average (MA) classical methods exhibit strong baseline performance in terms of SNR and spectral
fidelity. Although subtracting noise using the wavelet transform is effective, this method may slightly weaken
the marginal features.

The data cleanup capabilities of the autoencoder show promise, but its architectural optimisation,
with additional tuning, must progress substantially to effectively capture real Raman spectra. The future
development of the technology will benefit from incorporating a spectral correlation-based loss function
into the design, while expanding training datasets and utilising hybrid deep learning models in the process.
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The Fig. 2 illustrates the residuals obtained by subtracting the denoised spectra from the original noisy
Raman spectrum, thereby highlighting the remaining noise or distortion introduced by each denoising
method. The residual of the original estimated noise is displayed in blue as a reference baseline. The Savitzky-
Golay (SG) residual (orange) closely aligns with the baseline across the spectral range, indicating minimal
loss of spectral detail and effective smoothing.

Figure 2: Residual analysis of machine learning-assisted denoising techniques for Raman spectral remote sensing data

The Wavelet Transform (green) produces slightly more pronounced residuals, particularly in sharp
peak regions, suggesting some over-smoothing or feature attenuation. While achieving a high SNR in the
earlier figure, the Moving Average (MA) method (purple) introduces larger residual oscillations, especially
in the lower and mid-Raman shifts, signifying poor preservation of sharp spectral peaks. The Autoencoder
(AE) residual (brown) appears inconsistent, particularly around intense Raman peaks and baseline regions,
reaffirming earlier observations of its low correlation with the original signal, despite its reasonable signal-
to-noise ratio (SNR). This residual analysis is crucial for evaluating the fidelity of denoising approaches
in Raman spectral preprocessing, particularly for downstream tasks such as land-use classification, where
spectral integrity is paramount.

Fig. 3 examines the Raman spectral area from 1000 to 1200 cm−1 in detail to analyze various algorithmic
denoising methods. This spectrum range provides essential identification of technical characteristics related
to land classification. The peak located at 1005 cm−1 in the original noisy signal provides essential reference
points to evaluate the performance of the denoted results, through the implementation of Savitzky-Golay
(orange), a method that upholds the original peak’s features with high accuracy. The Wavelet transform
introduces significant peak distortions by over-smoothing the feature alongside an estimated magnitude
reduction. The red Moving Average (MA) technique preserves the original peak shape and applies substantial
smoothing, producing moderate peak deformation.

The Autoencoder (AE) approach (purple) produces a significant flattening effect on the peak, resulting
in spectral shape misrepresentation across this specific region. Each denoising technique exhibits different
sensitivities to precise spectral modifications through this close-up examination, as these features are crucial
for accurate Raman-based land use identification. The analysis area in Fig. 4 showcases the Raman spectrum
from 2800–3000 cm−1, as it enables the recognition of C–H stretching modes commonly observed in
organic components present in vegetation and soil. The performance evaluation of noise reduction through
SG Savitzky-Golay, Wavelet, Moving Average and Autoencoders demonstrates their ability to deal with
original noisy signals. The established filters (SG, Wavelet, MA) function identically to the original signal
by retaining small peak details without significant distortion. The Autoencoder with machine learning
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methods produces conspicuous signal peaks that directly conflict with normal baseline patterns. The noise-
suppressing behaviour of Autoencoder models raises concerns when it comes to producing artificial spectral
details in critical land usage areas. Evaluation driven specifically for remote sensing spectra needs to be
achieving priority because of its criticla role in enviornmental analysis.

Figure 3: Zoomed-in comparison of denoising algorithms in the Raman shift range 1000–1200 cm−1 for machine
learning-assisted spectral preprocessing

Figure 4: Zoomed-in analysis of Raman spectral denoising methods in the 2800–3000 cm−1 region for machine
learning-assisted denoising of Raman spectral remote sensing data for improved land use mapping

Fig. 5 demonstrates a close-up analysis of different denoising strategies tested on the Raman spectrum
range extending from 1550 to 1650 cm−1, where C=C stretching modes from vegetation and organic
substances often appear in remote sensing datasets. The original spectrum contains a detailed peak that
appears at 1615 cm−1. The traditional spectral filtering approaches, including Savitzky-Golay (SG), Wavelet,
and Moving Average (MA), efficiently retain peak form and intensity values, as these serve as essential
factors for accurate land use type identification. The Autoencoder (AE)-based denoising technique creates
an artificial spectral feature that is both broad and elevated which could block proper interpretation of the
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data. Destruction of spectral peaks and over-smoothing represent critical risks when applying deep learning
models to Raman spectral data, as they negatively affect land use mapping output quality.

Figure 5: Zoomed-in comparison of spectral denoising methods in the 1550–1650 cm−1 range, highlighting their
performance in preserving peak features relevant to LULC classification

The implementation of Autoencoders generates artificial spectral distortions although traditional
denoising methods successfully preserve essential spectral characteristics, affecting their use in land use
classification tasks. A bar chart visualises the Signal-to-Noise Ratio (SNR) results from four spectral
denoising methods, including Savitzky-Golay (SG), Wavelet, Moving Average (MA), and Autoencoder (AE),
applied to the original Raman spectra.

The Signal-to-Noise Ratio serves as a vital metric for estimating spectral quality, as it affects the
accuracy of remote sensing data classification. The Wavelet-based denoising method achieves a maximum
signal-to-noise ratio of 27.5 decibels, confirming its ability to optimise spectral clarity through effective
feature preservation. The SNR increases substantially after applying SG and MA filters for noise reduction,
which demonstrates their ability to effectively suppress background noise relative to the original raw data
(~23–24 dB).

The autoencoder achieves a 22 dB SNR improvement compared to the unprocessed signal, but it fails to
surpass traditional processing methods because it introduces hidden artefacts to the data. The effectiveness
of traditional filtering techniques is validated through these results, while also proving the necessity of
proper model adjustment for deep learning methods in Raman spectral enhancement processes used for
land-use mapping.

The efficacy of denoising methods was demonstrated by their ability to preserve the critical spectral
peaks necessary for differentiating classes of LULC, specifically vegetation and soil. Most importantly, the
region (2800–3000 cm−1) and the region (1550–1650 cm−1) are particularly valuable for distinguishing
organic components in vegetation and soil via Savitzky-Golay (SG) filtering. These peaks have been preserved
with negligible consequences while maintaining spectral quality and reducing noise. On the other hand,
wavelet denoising resulted in an SNR value of 27.5 dB; however, this came at the detriment of a slight blurring
of sharp spectral features, which may affect classification accuracy. Although the autoencoder method
resulted in a small improvement in SNR, it produced synthetic peaks and distortions that hampered the
accuracy of classification. As a rule, noise reduction enhanced the discrimination of relevant spectral features
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important for LULC mapping, while SG filtering proved to be outstanding in balancing noise reduction
against peak maintenance (Fig. 6).

Figure 6: Signal-to-noise ratio (SNR) comparison for original and denoised Raman spectra in the context of machine
learning-assisted denoising for land use mapping

The intensity values at prominent peaks from Raman spectra appear in this boxplot at various levels of
denoising method application. Fig. 7 presents data from four methods on its x-axis, which include “Original”
(raw data), “SG” (Savitzky-Golay filter), “Wavelet” (wavelet transform), and “MA” (Moving Average). The
intensity measurements are shown on the y-axis through arbitrary units (A.U.). The boxplots display the
distribution patterns of intensity values, with the median marked by orange lines and the interquartile range
shown by boxes, and outlier data points indicated by circles. The length of the whiskers reaches 1.5 times
the distance between the first and third quartiles. The visualisation offers direct insight into the impact of
each denoising technique on spectral intensity values at key features. The heatmap visualises the relationship
between various denoising techniques and the original Raman spectrum. As part of the y-axis the author
lists four spectrum denoising approaches through “Intensity (A.U.)_AE” which aligns with an Autoencoder
alongside “Intensity (A.U.)_MA” for Moving Average and “Intensity (A.U.)_SG” indicating Savitzky-Golay
filtering with “Intensity (A.U.)_Wavelet” representing Wavelet transformations. The horizontal axis shows
the correlation value of the data points. The image displays the correlation strength against the background
colour, where blue represents weak relationships and red signifies strong relationships between the denoised
and original spectra.

Each bar contains specific correlation coefficients that represent the numerical data for each method.
The original spectral data retention strength increases when correlation values rise in the denoised spec-
trum Fig. 8. Different denoising techniques applied to Raman spectra are evaluated through a scatter plot
depression. The x-axis, marked by the rhythm of decibels (dB), represents Signal-to-Noise Ratio (SNR)
values, which reflect the denoised signal quality. Higher numbers indicate lower noise levels. The y-axis
indicates the Pearson Correlation Coefficient, which assesses the linear correlation between the denoised
spectrum and its original version, on a scale where higher values denote better preservation of spectral
features. The legend indicates that the five data points represent the original data, followed by the results of the
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Savitzky-Golay filter, the Wavelet transform, the Moving Average, and the Autoencoder. The graphical display
helps users perform a simultaneous analysis of noise reduction capabilities (SNR) vs spectral protection
(correlation) achieved by each denoising process Fig. 9.

Figure 7: Comparison of intensity at prominent peaks in Raman spectra denoised using different methods

Figure 8: Correlation of Raman spectra denoised using different methods with the original, unprocessed spectrum
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Figure 9: Comparative analysis of denoising methods based on signal-to-noise ratio (SNR) and Pearson correlation
coefficient with the original Raman spectrum

When choosing a denoising approach, the optimal criteria consist of achieving the maximum SNR
and the maximum Pearson Correlation Coefficient. An illustration in Fig. 10 presents Raman spectra which
underwent different denoising procedures. The Raman shift, which extends from 0 to 4000 cm−1 on the
x-axis, corresponds to the intensity, which appears as arbitrary units (A.U.) on the y-axis. The blue line
represents the original Raman spectrum, characterised by distinct peaks from molecular vibrations, while
being heavily affected by high-frequency noise that conceals faint spectral characteristics. Multiple spectrum
denoising approaches were applied to the original spectrum, and their solutions are presented for evaluation.
The Savitzky-Golay filter was applied to the spectrum, resulting in the shape shown by the orange line (SG).

Figure 10: Comparison of an original Raman spectrum with its denoised versions obtained using Savitzky-Golay (SG),
wavelet, and moving average (MA) filtering techniques



Revue Internationale de Géomatique. 2025;34 427

The spectrum denoised through wavelet transforms displays its results on the green line while this
method breaks the signal into various frequency bands to choose components dominated by noise. The
denoising method reveals artefacts that emerge, especially near the peaks with narrow peaks. A Moving
Average filter creates the red spectrum by replacing each data point with the average of its neighbouring
point values. The title “Original vs. Denoised Spectrum: Intensity (A.U.)” reveals the comparison which takes
place. A legend placed in the upper right segment labels every spectrum presented in the plot.

Fig. 11 illustrates how spectral denoising affects the identification phase for peaks in a specific Raman
spectrum region. The spectral area spans from 500 to 1500 cm−1, using the x-axis, which corresponds to
Raman shift values. The intensity values are shown on the y-axis in arbitrary units (A.U.). The blue line in the
figure represents the noisy Raman spectrum. The true label in this area shows no peak existence (True: 0). The
excessive noise prevents scientists from accurately observing real spectral features within the spectrum. The
spectrum received two different types of denoising methods for treatment: The application of Savitzky-Golay
(SG) filtering led to the spectrum that can be observed using the orange line. After the denoising treatment
the predicted peak status matches the true absence value (Pred: 0). High-frequency noise becomes reduced
by implementing SG filtering on the spectrum.

Figure 11: Impact of Savitzky-Golay (SG) and Wavelet denoising techniques on peak presence classification in a noisy
Raman spectrum

After Wavelet denoising the spectrum appears on the green line. The predicted peak status becomes
absence (Pred: 0) for this spectrum similar to the filtered spectrum through SG denoising and identical to
the actual true label. The wavelet noise reduction process creates a spectrum that is smoother than what
is seen in the original noisy data. The peak region exists between 980 and 1020 cm−1, as indicated by the
grey dashed lines. The elimination of background noise through both denoising techniques fails to unveil
a noticeable peak among the fundamental noise signals, thus confirming the absence of a peak. The plot
legend displays the spectra along with their respective actual peak existence identification and forecast peak
existence annotations.
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Fig. 12 assesses how well the binary predictive model handles the identification of spectral peak presence
and absence in Raman data before and after denoising operations. A pair of confusion matrices displayed
adjacent to each other illustrates the model’s performance under separate data conditions through this
visualisation. A left-hand confusion matrix named “Confusion Matrix (Noisy)” shows how the model
performs after directly applying raw Raman spectra containing noise. This matrix makes True and false
classifications visible, allowing for the determination of the number of correct and incorrect predictions. The
assessed matrix reveals numerous instances of incorrect peak detection, as original data noise triggers model
misinterpretations, leading to non-existent peak identifications. The colour intensities of this matrix array
illustrate the frequency of prediction occurrences across different blue shades for each category. The matrix
aligns with the first design, which visualises the changes in predictive capability resulting from denoising
techniques. The performance levels of the model demonstrate a substantial improvement over previous
outcomes. The Savitzky-Golay denoising process has eliminated all cases of false positives, demonstrating
its success in combating model errors related to peak identifications. The number of true positive cases and
true negative outcomes has demonstrated growth. The green-coloured spectrum in this matrix indicates an
increase in elemental sample detection, which verifies that the denoising process has improved accuracy.
The visual comparison of confusion matrices shows that Savitzky-Golay denoising boosts the reliability and
accuracy of peak presence classification in Raman spectral data.

Figure 12: Confusion matrices of a classification model on noisy Raman spectral data (left) and data denoised using
the Savitzky-Golay (SG) filter (right)

A Precision-Recall (PR) curve in Fig. 13 illustrates the relationship between precision and recall for
a binary classification model at different threshold settings, as shown in the attached figure. The figure
displays two precision-recall curves simultaneously to illustrate how the model performs after denoising its
input Raman spectral data through the application of the Savitzky-Golay filter. The recall (sensitivity or true
positive rate) serves as the main variable on the x-axis, along with precision as the y-axis variable. Precision
operates as the dependent axis since it shows the ratio between accurate predictions of positive results.
The precision-recall relationship of the model applied to primary Raman spectra with noise resulted in an
area under the curve (AUC-PR = 0.84) as represented by the blue curve. This system demonstrates overall
performance by using the Area Under the Precision-Recall Curve (AUC-PR) evaluation which reports a
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score of 0.84. The performance evaluation reveals optimal precision-recall relationships, as indicated by
a higher AUC-PR value. The precision-recall performance of the model with Savitzky-Golay denoised
Raman spectra achieves an AUC-PR value of 1.00, as indicated by the orange curve labelled “Denoised (SG)
(AUC-PR = 1.00)”. The denoised data obtained through Savitzky-Golay filtering achieves a perfect AUC-PR
value of 1.00 for every possible classification threshold. The denoised spectral data using the Savitzky-
Golay method achieves a perfect precision-recall relationship, demonstrating a significant enhancement in
classification performance due to noise reduction. The Savitzky-Golay filtering of Raman spectra enables the
peak presence classification model to achieve perfect performance, as demonstrated by its AUC-PR score.

Figure 13: Precision-Recall curves comparing the performance of a binary classification model for peak presence
detection using noisy Raman spectral data

5 Conclusion
According to this research conclusion, machine learning-assisted denoising of Raman spectral remote

sensing data has proved its effectiveness in improving land use mapping through proper noise reduction
implementations. Spectral clarity improvements resulting from the denoising process become crucial for
machine learning classification models through the application of Savitzky-Golay and Wavelet filters, as well
asubsequent improvements to noisy spectra [21]. Both the Savitzky-Golay and Wavelet methods effectively
reduced high-frequency noise in spectral data; however, the Wavelet method produced artefacts that affected
sharp spectral features under certain conditions [22].

The performance of classification accuracy was measured directly by using confusion matrices as
a tool. The peak detection process of the model, applied to the original noisy measurements, produced
numerous incorrect spectral identifications, which resulted from noise interfering with the analysis [23].
Savitzky-Golay denoising yielded an exceptional classification outcome by effectively eliminating false
detections, thereby establishing an extremely precise ability for peak detection [24]. Analysis of Precision-
Recall curves using Savitzky-Golay denoised spectral data produced a perfect AUC-PR value of 1.00
compared to the 0.84 obtained with noisy data. Among the two denoising methods, the Savitzky-Golay filter
demonstrated superior performance in optimising peak detection algorithms for these specific experimental
measurements [25].
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The normalisation transformation serves to maintain LULC classification amplitude relationships, as
it follows Raman preprocessing methods. The rescaling operation maintains the spectral signal’s dynamic
range and preserves contrast, working on both spectral signals and noise components after denoising [26,27].
A systematic approach, starting with synthetic noise generation and standard filtering activities, proceeds
to deep learning methods and concludes with Raman-inspired normalisation techniques to maintain land-
identifying spectral features and achieve optimal noise reduction.

The results demonstrate that it is possible to enhance land use mapping through machine learning-
assisted denoising of Raman spectral data; however, major limitations hinder its application. The study only
analysed artificially noisy spectra generated under Gaussian and Poisson noise distributions. Although the
noise distributions used are very close to those in real-world data, this may not fully represent the range
and subtleties of noise in remote sensing applications. Remarkably, a standard convolutional autoencoder
framework was employed in this study, which theoretically limits the generalizability of the results to other
spectral scenarios. An important research pursuit in the future should be using real Raman-impacted remote
sensing data to test and prove the models’ applicability. Besides, creating hybrid methods that combine
classical filters and deep learning might provide benefits with respect to both noise suppression efficiency
and preservation of spectral characteristics. It is recommended that spectral-similarity-based loss functions
be incorporated into the training procedure of autoencoders to enhance the preservation of critical spectral
characteristics that are crucial for achieving suitable classification.
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