
Rev.Investig.Desarro.Innov. Vol. 15(1), enero-junio de 2025, 119-138. ISSN: 2027-8306  ISSN-E: 2389-9417

Recibido: diciembre 11 de 2024
Aceptado: febrero 20 de 2025
Publicado: marzo 31 de 2025

Gabriel Elías Chanchí-Golondrino*
Universidad de Cartagena, Cartagena de Indias, Colombia.  
E-mail: gchanchig@unicartagena.edu.co
Orcid: https://orcid.org/0000-0002-0257-1988

Manuel Alejandro Ospina-Alarcón
Universidad de Cartagena, Cartagena de Indias, Colombia.  
E-mail: mospinaa@unicartagena.edu.co 
Orcid: https://orcid.org/0000-0003-4510-0753

Manuel Saba
Universidad de Cartagena, Cartagena de Indias, Colombia.  
E-mail: msaba@unicartagena.edu.co 
Orcid: https://orcid.org/0000-0003-1345-9657

Research article

Proposal of a computational method for 
asbestos detection in hyperspectral images 

based on the identification of prominent 
peaks in the spectral signature

Propuesta de un método computacional 
para la detección de asbesto en imágenes 

hiperespectrales a partir de la identificación de 
los máximos prominentes de la firma espectral

Revista de Investigación 
Desarrollo e Innovación

Cómo citar este artículo: Chanchí-Golondrino, 
G. E., Ospina-Alarcón, M. A., & Saba, M. (2025). 
Proposal of a computational method for asbestos 
detection in hyperspectral images based on 
the identification of prominent peaks in the 
spectral signature. Revista de Investigación, 
Desarrollo e Innovación, 15 (1), 119-138.

doi: https://doi.org/10.19053/uptc.20278306.v15.n1.2025.19183

http://creativecommons.org/licenses/by-sa/4.0/
https://doi.org/10.19053/uptc.20278306.v14.n2.2024.18162


120
Rev.Investig.Desarro.Innov. Vol. 15(1), enero-junio de 2025, 119-138. ISSN: 2027-8306  ISSN-E: 2389-9417

Proposal of a computational method for asbestos detection in hyperspectral images based 
on the identification of prominent peaks in the spectral signature

Abstract

This study proposes a computational method for asbestos detection in hyperspectral images. The 
methodology consists of five phases: selection of sample pixels and identification of the characteristic pixel, 
determination of prominent peaks in the spectral curve, method implementation with reference threshold 
definition, application to test images, and comparative evaluation of eff ctiveness and efficiency. The method 
identifies asbestos pixels by calculating the Euclidean distance between the prominent peaks of spectral 
curves. Results show no overlap between maximum distances of asbestos pixels and minimum distances 
of non-asbestos pixels, detecting 11.87% of asbestos pixels in the test image. Although the correlation 
method is 1.02% faster, the diff rence is negligible. This method can be extrapolated to other materials 
with similar spectral features, contributing to urban diagnostics of hazardous materials like asbestos.

Keywords: asbestos, hyperspectral imaging, maximum detection, remote sensing.

Resumen

Este estudio propone un método computacional para detectar asbesto en imágenes hiperespectrales. 
La metodología incluye cinco fases: selección de píxeles de muestra y obtención del píxel característico, 

determinación de los picos prominentes de la curva espectral, implementación del método con 
definición de umbrales de referencia, aplicación del método a imágenes de prueba, y evaluación 

comparativa de efectividad y eficiencia. El método identifica píxeles de asbesto calculando la 
distancia euclidiana entre los picos prominentes de las curvas espectrales. Los resultados muestran 

que no hay traslape entre las distancias máximas de píxeles de asbesto y las mínimas de no asbesto, 
logrando detectar el 11.87% de píxeles de asbesto en la imagen de prueba. Aunque el método de 
correlación es 1.02% más rápido, la diferencia es mínima. Este método puede ser aplicado a otros 

materiales y contribuye al diagnóstico urbano de materiales peligrosos como el asbesto.

Palabras clave: asbesto, imágenes hiperespectrales, detección de máximos, sensado remoto.
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1. Introduction

Hyperspectral remote sensing involves the 
use of sensors that capture hundreds of 
narrow, contiguous spectral bands span-
ning from the ultraviolet range, through the 
visible and near-infrared, to the shortwave 
infrared. This provides high spectral reso-
lution, enabling detailed characterization 
of materials and their physical or chemical 
states (Adão et al., 2017; Eismann, 2012; 
González-Núñez & de la Fuente, 2017; Sa-
hoo, 2020). Hyperspectral sensors can be 
mounted on satellites, airplanes, drones, 
or even used in laboratories and fi ld set-
tings, allowing the measurement of surface 
reflectance and material properties across 
different spectral bands (Gu et al., 2021). One 
of the main advantages of hyperspectral 
remote sensing is its ability to detect and 
classify materials non-invasively, leveraging 
the capture, processing, and analysis of Hy-
perspectral Images (HSI). This enables the 
use of material reflectance properties for 
identification without the need for direct in-
tervention or physical contact (Pérez-Roncal 
et al., 2019). In this context, HSI is acquired 
using imaging spectrometers that collect 
data across multiple, closely spaced spectral 
bands, providing both spatial and spectral 
information about observed objects (Zhang 
& Zhong, 2010). HSI is typically represented 
as hyperspectral datacubes, defined as 
three-dimensional matrices capturing spa-
tial images in two dimensions and spectral 
data in the third. Each pixel in the spatial 
dimensions (x, y) contains a complete 
wavelength spectrum, offering detailed in-
formation about the physical and chemical 
properties of the observed area (Bodkin et 
al., 2009; Gao & Smith, 2015; Lim & Muruke-
shan, 2017; Park, 2016).

HSI processing and analysis have been ap-
plied across various fields, including envi-
ronmental science, agriculture, geology, and 
military security. In the environmental field, 
HSI technology has been utilized in remote 
sensing applications for water resource man-
agement, enabling the assessment of water 
quality and the detection of pollutants (Khan 
et al., 2018). Similarly, HSI has been used to 
create spatial distribution maps of physical 
and ecological terrain features, such as chlo-
rophyll content in vegetation, for assessing 
plant health and identifying contaminated 
areas (Moroni et al., 2013). Moreover, HSI 
has been employed to produce high-pre-
cision image mosaics of urban areas, rivers, 
and forests, facilitating the evaluation of 
spectral fidelity, terrain geometry, changes 
in land cover, vegetation health, and water 
quality (Yi et al., 2021). In agriculture, HSI has 
been widely adopted for monitoring crop 
health, allowing early detection of diseas-
es and stress factors, thus enabling timely 
interventions (Ang & Seng, 2021; Lu et al., 
2020; Wang et al., 2021). Additionally, HSI 
has been used for the rapid, non-destructive 
identification of microplastics in agricultural 
soils, employing data processing techniques 
such as Principal Component Analysis (PCA) 
and classification models like Convolutional 
Neural Networks (CNN) (Ai et al., 2022). HSI 
has also proven effective in estimating the 
presence of heavy metals such as Chrome 
(Cr), Copper (Cu), and Lead (Pb) in agricultural 
soils, utilizing Spectral Analysis Models (SAM) 
and Machine Learning Techniques (MLT) 
(Tan et al., 2020). In geology, HSI has been 
predominantly applied in mineral mapping, 
enabling the precise identifi ation of various 
mineral types within a specific region (Gao 
et al., 2017; Peyghambari & Zhang, 2021). In 
the military context, HSI plays a critical role in 
detecting vessels, vehicles, and camouflage 
on the battlefi ld. It accurately characterizes 
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surface materials and facilitates the detec-
tion of concealed or low-signature targets, 
providing a significant strategic advantage 
by enabling sub-pixel recognition and iden-
tifying terrain disturbances (Mendes et al., 
2010; Paoletti et al., 2019).

On the other hand, considering the focus 
of this research and the importance of de-
tecting materials like asbestos for public 
health, HSI has been used to identify asbes-
tos-containing materials in construction and 
demolition waste. This has been achieved by 
employing Shortwave Infrared (SWIR) images 
combined with multivariate classification 
methods such as Hierarchical Partial Least 
Squares Discriminant Analysis (HI-PLSDA) 
and Support Vector Machines (SVM) (Bonifazi 
et al., 2024). Similarly, HSI in the SWIR range 
(1000-2500 nm) has been applied to detect 
and classify various asbestos minerals, in-
cluding amosite, crocidolite, and chrysotile, 
in cement matrices. This has been done using 
techniques based on the identification of 
specific spectral signatures, such as hydrox-
yl combination bands (Mg-OH and Fe-OH) 
(Bonifazi et al., 2015, 2018, 2019). In urban 
environments, tools like Environment for 
Visualizing Images (ENVI) have been used for 
processing and analyzing HSI to identify fiber 
cement or asbestos in Cartagena de Indias, 
Colombia, revealing that up to 47% of cer-
tain neighborhoods were covered with this 
material (Valdelamar-Martínez et al., 2024). 
Similarly, it has been demonstrated that HSI 
combined with machine learning techniques 
can effectively identify asbestos-containing 
fiber cement roofs, achieving remarkable 
accuracy (Abbasi et al., 2022; Frassy et al., 
2014; Kaplan et al., 2023).

Considering that HSI has high dimensionality, 
as it corresponds to datacubes with a depth 
equivalent to hundreds of reflectance bands, 

this high dimensionality increases computa-
tional costs and storage requirements, mak-
ing efficient processing challenging (Eckhard 
et al., 2015; González et al., 2010; Kapre et al., 
2023). Similarly, the high dimensionality of 
HSI not only leads to an increase in data vol-
ume but also introduces issues such as data 
redundancy, the Hughes phenomenon, and 
complexity in processing and analyzing in-
formation. The Hughes phenomenon refers 
to the degradation of classifi ation perfor-
mance as dimensionality increases, which 
can result in overfitting of machine learning 
models (Ding et al., 2016; Islam et al., 2024). 
Moreover, it is important to note that HSI 
processing faces computational challenges 
related to algorithmic complexity. While the 
effectiveness of machine learning and deep 
learning algorithms has been demonstrated, 
these approaches require significant com-
putational resources and are susceptible to 
overfitting due to the high dimensionality of 
the data (Islam et al., 2024; Zhang et al., 2020). 
Therefore, it is essential to develop compu-
tational methods that focus not only on the 
effectiveness of material detection using HSI 
but also on computational efficiency.

Based on the above, this article proposes a 
novel mathematical method for identifying 
asbestos in hyperspectral images. The meth-
od is based on detecting image pixels whose 
most prominent peaks have the smallest 
Euclidean distance to the most prominent 
peaks of the asbestos spectral signature. 
This approach leverages the fact that spec-
tral signature curves of materials exhibit 
unique characteristic peaks across different 
reflectance bands, which act as distinctive 
identifiers. By focusing on the most signif-
icant spectral features, this method aims to 
improve the accuracy and reliability of asbes-
tos detection. To evaluate the effectiveness 
and efficiency of the proposed method, 
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a reference hyperspectral image of the 
Manga neighborhood in Cartagena de Indias 
was used. The method was assessed using as-
bestos and non-asbestos pixels to identify de-
tection thresholds and subsequently validate 
the method on the full image. This method 
was implemented using open-source libraries 
(spectral, scipy, numpy, pandas, and matplot-
lib) and is designed to serve as a reference for 
both academic and industrial applications. It 
also has the potential to be extrapolated for 
detecting other materials and integrated into 
hyperspectral image analysis tools. Further-
more, this method represents a significant 
contribution to public health by enabling pre-
cise urban diagnostics of asbestos presence. 
This is particularly relevant given the severe 
health implications of asbestos, including its 
association with respiratory diseases such as 
asbestosis, lung cancer, and mesothelioma.

The remainder of the article is organized as 
follows: Section 2 outlines the methodolog-
ical phases that guided the development of 
this research. Section 3 describes the results 
obtained, which include the determination of 
the asbestos spectral signature from sample 

pixels and their most prominent peaks, the 
implementation and evaluation of the pro-
posed method using asbestos sample pixels 
and pixels from other materials to establish 
detection thresholds, the assessment of the 
effectiveness in detecting asbestos pixels 
within the reference hyperspectral image 
by comparing the results to the correlation 
method, and finally, the evaluation of the 
computational efficiency of the proposed 
method relative to the correlation method. 
Lastly, Section 4 presents the conclusions 
and future work derived from this research.

2. Methodology

For the development of this research, five 
methodological phases were defined (see 
Figure 1): P1. Selection of sample pixels and 
determination of the characteristic pixel, P2. 
Identification of the most prominent peaks of 
the characteristic pixel, P3. Implementation 
and determination of the method’s reference 
thresholds, P4. Application of the method to 
the reference image, and P5. Comparative 
evaluation of the proposed method.

Figure 1. Methodology considered.
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In the first phase of the methodology, an 
initial set of 75 asbestos pixels and 75 non-as-
bestos pixels (including vegetation, freshwa-
ter, roads, metal roofs, among others) were 
selected from a reference hyperspectral im-
age of the Manga neighborhood in the city 
of Cartagena. This image has a width of 850 
pixels, a height of 725 pixels, and comprises 
a total of 380 spectral or reflectance bands. 
These sample pixels served as the basis for 

obtaining the average asbestos pixel or ref-
erence spectral signature of asbestos, as well 
as for determining the reference threshold 
from which the method can detect asbestos 
pixels. Thus, in Figure 2, the selected asbestos 
pixels are displayed in blue on the reference 
hyperspectral image, while the selected pix-
els of other materials are shown in red. It is 
worth mentioning that Figure 2 also presents 
the image scale and the cardinal orientation.

Figure 2. Reference hyperspectral image.
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Starting from the 75 selected asbestos 
pixels, the characteristic asbestos pixel was 
obtained. This pixel encompasses the nor-
malized reflectance average of the asbestos 
pixels across its 380 bands (see Figure 3). It is 
worth mentioning that this pixel proves high-
ly useful, as it was subsequently employed 
to operate and correlate with various pixel 
types to determine the similarity between 
the characteristic asbestos pixel and the 
sample pixels from the image.

In phase 2 of the methodology, the deter-
mination of prominent peaks at the level of 
the characteristic or average pixel was car-
ried out, utilizing the advantages provided 
by the find_peaks() function from Python’s 
SciPy library. In this process, the find_peaks() 
method was configured to identify peaks 
with a prominence greater than 0.025 and a 
height exceeding 0.196 in the normalized as-
bestos spectral signature. This was achieved 
by characterizing the various peaks identified 
in the curve, prioritizing the most relevant 
ones. The prominence of a peak in a curve 
is a measure describing the relative height 
of a peak compared to its surroundings and 

can be defined as the difference between 
the peak height and the lowest level of the 
nearest valley connecting that peak to anoth-
er higher peak or the curve’s boundaries. It is 
worth noting that the fi d_peaks() method 
leverages the advantages of the first and 
second derivatives of the curve, detecting 
a maximum when the first derivative is zero 
and the second derivative is negative. The 
prominence of the peaks is calculated as the 
difference between the peak height and the 
highest level of the adjacent valleys (left and 
right). Specifically, the prominence is deter-
mined by subtracting the highest value of 
f(x) corresponding to the minimum points on 
either side from the peak value, thus evaluat-
ing the relative significance of the peak in its 
immediate context. Accordingly, Equations 
(1) and (2) represent the mathematical oper-
ations performed by the find_peaks() meth-
od of the SciPy library to detect the most 
prominent peaks in the specific case of the 
asbestos spectral signature. It is important to 
highlight that, since the detected peaks are 
located before the 300th reflectance band, 
only the first 300 bands were considered in 
the subsequent phases. 

 (1)

 (2)

Once the most prominent peaks and the 
reflectance bands where these peaks are 
located were detected, phase 3 focused on 
determining the Euclidean distance between 
the array formed by the spectral signature 
peak bands and the array of reflectance 
bands corresponding to the peaks obtained 
for each of the 75 asbestos and non-asbes-
tos pixels. In this way, distance thresholds 
were established, enabling the method to 
determine whether a given pixel is asbestos 
or not, ensuring beforehand that there is no 

overlap between the maximum distance cal-
culated for asbestos pixels and the minimum 
distance obtained for non-asbestos pixels.

Using the reference thresholds identifi d in 
phase 3 as a starting point, phase 4 of the 
methodology involved applying the pro-
posed method to each pixel of the reference 
hyperspectral image. This process included 
counting the identified pixels and calculating 
the percentage of pixels classified as asbes-
tos relative to the total number of pixels. As 
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previously mentioned, the Euclidean dis-
tance between the reflectance bands of the 
reference pixel peaks and the peaks of the 
image pixels was calculated using only the 
fi st 300 reflectance bands, excluding the 
remaining 80 bands.

Finally, in phase 5 of the methodology, the 
effectiveness and efficiency of the proposed 
method in detecting asbestos pixels were 
analyzed. Regarding effectiveness, the per-
centage of pixels detected by the proposed 
method was compared to the percentage 
detected by the correlation method. Simi-
larly, in terms of efficiency, a region of the 
hyperspectral image measuring 50x50 pixels 
was selected, and 20, 40, 60, 80, and 100 ex-
ecutions of the proposed method and the 
correlation method were performed. This 
allowed for a comparison of the average 

processing time of each method and the 
determination of the proposed method’s 
efficiency in relative terms.

3. Results and discussion

Firstly, regarding the results, the average 
asbestos pixel was obtained from the 75 
selected asbestos sample pixels, utilizing 
the advantages provided by the NumPy 
library. The characteristic pixel was derived 
by calculating the band-by-band average 
of the 75 reference pixels, considering only 
the first 300 reflectance bands. Thus, Figure 
3 presents both the spectral signature of 
the 75 asbestos pixels and the characteristic 
spectral signature or average asbestos pixel, 
in both cases limited to the first 300 bands.

Figure 3. Asbestos sample pixels and obtained average pixel.

Once the average pixel was obtained, the 
relevant peaks of the asbestos spectral signa-
ture were identifi d, considering only those 
peaks with a prominence greater than 0.025 
and a height exceeding 0.196 in the normal-

ized asbestos spectral signature. Thus, the 
three relevant peaks presented in Figure 4 
were identifi d, located at reflectance bands 
190, 227, and 281, with respective prominenc-
es of 0.025, 0.045, and 0.035.
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Figure 4. Peaks with highest prominence detected in the asbestos spectral signature.

Once the relevant peaks in the asbestos 
spectral signature were identified, the Eu-
clidean distance was calculated between 
the bands of these peaks and the bands of 
the peaks determined in the sample pixels, 
using the Python script shown in Figure 5. 
This script illustrates the iteration over the 
75 asbestos pixels, the calculation of peaks 
in each iteration, and the determination of 
the Euclidean distance for each pixel. This 

process leveraged the advantages provided 
by the find_peaks() function from the SciPy 
library for peak detection and the linalg.
norm() function from the NumPy library for 
calculating the Euclidean distance. It is worth 
noting that a similar script was applied for the 
non-asbestos pixels, in which the iteration 
was performed over the list of 75 non-as-
bestos pixels.

Figure 5. Script for the evaluation of the method with asbestos pixels.
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Thus, after applying the proposed method 
to the asbestos and non-asbestos pixels, the 
results presented in Figure 6 were obtained, 
showing the minimum, maximum, and av-

According to the results shown in Figure 6, it 
can be observed that the maximum Euclide-
an distance obtained between the bands of 
the relevant peaks of the characteristic pixel 
and the bands of the peaks of the asbestos 
pixels was 13.638, while the minimum Eu-
clidean distance obtained with non-asbestos 
pixels was 35.958. This indicates no overlap in 
detection, with a difference between thresh-
olds of 22.32, suggesting that the proposed 
method is suitable for detecting asbestos 
pixels in hyperspectral images. Once the 
asbestos detection threshold was identified, 
the proposed method was applied to the en-
tire reference image (see Figure 7). For each 
pixel, the bands corresponding to the rele-
vant peaks with a prominence greater than 
or equal to 0.02 and a height exceeding 0.196 

erage Euclidean distances calculated by the 
method for both asbestos and non-asbestos 
pixels.

Figure 6. Evaluation of the proposed method with asbestos and non-asbestos pixels.

were obtained. Subsequently, the Euclidean 
distance with the bands of the average pixel 
was calculated to determine whether this 
distance was less than 13.7. If the Euclidean 
distance between pixels was found to be 
less than 13.7, the pixel was marked in blue 
on a copy of the original image. Additionally, 
the detected asbestos pixels were counted, 
revealing that 11.872% of the pixels in the 
image correspond to asbestos.
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 Figure 7. Application of the proposed method on the reference image.

To compare the effectiveness of the method, 
the correlation method was implemented 
on the entire reference image. For this, a 
correlation percentage was determined for 
each pixel in the image by comparing the 

characteristic or average pixel with each it-
erated pixel, using the previously calculated 
threshold of 99.27%, at which the correlation 
method shows no overlap.

Figure 8. Application of the correlation method on the reference image.
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Thus, when comparing the percentage 
of asbestos detected by each method, it 
was found that the relevant peaks meth-
od achieved an asbestos detection rate of 
11.872% of pixels in the entire image, while 
the correlation method identified 9.85% 
(see Figure 9). This represents a detection 
difference of only 2.022% between the two 
methods, a variation that can be considered 
negligible given the large number of pixels 
comprising the analyzed image. This result 

suggests that the relevant peaks detection 
method is not only suitable for identifying 
asbestos in hyperspectral images but also 
demonstrates competitive performance 
compared to the correlation method, which 
is widely used in such analyses. Therefore, it 
can be inferred that the proposed method is 
a reliable alternative for asbestos detection 
applications, with a small margin of error 
relative to established methods.

Figure 9. Percentage of asbestos detected using both methods.
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To evaluate the efficiency of the proposed 
method compared to the correlation meth-
od, the average processing times for both 
methods were determined using Python’s 
timeit library for a total of 20, 40, 60, 80, and 
100 executions on a section of the reference 
hyperspectral image measuring 20x20 pixels 
and containing 380 bands. This was done to 

calculate the average time required by each 
method to process a region of the specified 
size and compare their efficiency. The com-
parative results obtained by recording the 
processing times for the proposed method 
and the correlation method across different 
numbers of executions are presented in 
Figure 10.

Figure 10. Average time by number of executions for both methods.
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The analysis of processing times between 
the correlation method and the relevant 
peaks method indicates that both exhibit 
similar performance in terms of efficiency. 
On average, the correlation method records 
a processing time of 0.403 seconds, while 
the relevant peaks method reaches 0.413 
seconds. Although there are initially more 
noticeable differences, such as in execution 
20 where the relevant peaks method takes 
0.426 seconds compared to 0.394 seconds 
for the correlation method, these differences 
decrease significantly as the number of exe-
cutions increases, converging to similar val-
ues by execution 100 (0.425 s and 0.415 s, re-
spectively). This demonstrates that, while the 
correlation method has a slight advantage on 
average, both methods are comparable in 
efficiency, particularly for higher numbers of 
executions. Therefore, the proposed method, 
in terms of both efficiency and effectiveness, 
can be considered for use in asbestos detec-
tion and integration into tools for detecting 
other materials, provided relevant peaks or 
those with higher prominence are identified 
and characterized beforehand.

At the discussion level of the results, it is 
important to highlight that this study pro-
posed a new method for detecting asbes-
tos-cement in hyperspectral images, which 
focuses on identifying the most relevant and 
prominent peaks of the characteristic spec-
tral signature of asbestos-cement. This meth-
od demonstrated similar results in terms of 
effectiveness and efficiency compared to 
the correlation method, which is one of the 
most widely used approaches for material 
detection in hyperspectral images.

Accordingly, based on the obtained results, 
the proposed method constitutes a com-
petitive alternative to material classification 
methods in hyperspectral images based on 

machine learning and deep learning, which, 
although effective, require significant com-
putational resources due to the complexity 
of the models and the high dimensionality of 
the data (Islam et al., 2024; Zhang et al., 2020). 
In this regard, studies focused on asbestos 
detection using classification models, such 
as the one proposed in Bonifazi et al. (2024), 
could be replicated and adapted to the new 
method, aiming to enhance computational 
efficiency by leveraging the proposed ap-
proach, which offers similar effectiveness 
with lower computational complexity.

Finally, since the proposed method was im-
plemented throughout the various phases of 
hyperspectral image processing and analysis 
using open-source libraries and technologies 
such as Spectral, NumPy, SciPy, and Matplot-
lib, this research represents an accessible al-
ternative for research centers and universities 
in developing countries to facilitate experi-
mentation with hyperspectral images. This 
makes it an excellent option for replicating 
and extrapolating studies conducted using 
proprietary software, such as the research by 
Valdelamar-Martínez et al. (2024), where the 
proprietary software ENVI was used.

4. Conclusions

One of the main challenges in hyperspectral 
image processing is developing efficient 
methods that can analyze the data cube and 
accurately detect materials without relying 
on computationally intensive approaches 
such as machine learning. The main objec-
tive of this research was to propose a novel 
non-machine-learning method for asbestos 
detection in hyperspectral images, based 
on identifying the most prominent peaks 
in the asbestos-cement spectral signature 
and selecting, through Euclidean distance, 
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those that match the characteristic peaks of 
asbestos. By leveraging spectral peak differ-
entiation, this approach provides an alter-
native to machine learning-based methods, 
offering a computationally efficient solution 
for asbestos detection. Additionally, the 
proposed method has the potential to be 
integrated into hyperspectral analysis tools 
for academic and industrial applications and 
can be adapted for the detection of other 
materials, provided their distinctive spectral 
peaks are characterized beforehand.

The method based on identifying the rel-
evant peaks or maxima of the asbestos 
spectral curve has proven to be a viable and 
effective alternative for detecting this mate-
rial in hyperspectral images. This is because 
the maximum Euclidean distance obtained 
for asbestos pixels (13.638) does not overlap 
with the minimum distance for non-asbestos 
pixels (35.958), confirming its ability to clearly 
differentiate between both types of pixels 
using the bands associated with the promi-
nent peaks. Furthermore, when applying this 
method to the complete reference image, it 
successfully detected 11.872% of asbestos 
pixels, slightly exceeding the 9.85% detected 
by the correlation method. Since the percent-
age difference between the two methods is 
not significant, these results reinforce that 
the proposed approach is an effective and 
reliable option for asbestos identification in 
hyperspectral analysis.

When comparing the computational effi-
ciency of the proposed method with the 
method based on the detection of relevant 
peaks, it was concluded that the proposed 
method presents a slight advantage on aver-
age, with a processing time of 0.403 seconds 
compared to 0.413 seconds for the relevant 
peaks method. However, the convergence of 
processing times at higher execution counts, 

such as at execution 100 (0.425 s and 0.415 s, 
respectively), demonstrates that both meth-
ods are comparable in terms of efficiency. 
This highlights the validity of the relevant 
peaks method as a viable alternative, offer-
ing competitive performance and consistent 
results, particularly in scenarios involving 
multiple executions.

This study demonstrated that open-source 
tools and libraries are an effective option 
for material detection in hyperspectral im-
ages, representing an accessible alternative 
to proprietary tools, whose high costs limit 
their use within the academic community. 
In particular, the Spectral library proved 
highly useful for extracting the spectral band 
data from the image used in this research. 
Similarly, the SciPy library was fundamental 
for detecting the most prominent peaks in 
the asbestos curve using the fi d_peaks() 
method. Additionally, the NumPy library was 
instrumental in calculating the Euclidean 
distance between the bands of the relevant 
peaks in the asbestos curve and the bands of 
the relevant peaks in other pixels. Likewise, 
the Pandas library was useful for loading the 
data points corresponding to the asbestos 
and non-asbestos sample pixels. Finally, the 
Matplotlib library facilitated the generation 
of graphs for the asbestos pixels, non-asbes-
tos pixels, and the characteristic pixel.

The efficiency of the asbestos pixel detec-
tion method is improved by reducing the 
dimensionality of the hyperspectral image, 
discarding less relevant bands within the 
range of 0 to 300, as bands 300 to 380 were 
already excluded in this study. Additionally, 
the method’s effectiveness is enhanced 
by incorporating the analysis of relevant 
minima in the curve, creating a band array 
composed of both the minima and maxima 
of the spectral curve.
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