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Abstract

Introduction: hyperspectral images, unlike conventional images, are composed of numerous channels that pro-
vide detailed information about the spectral signatures of objects. This allows for the identification of the mate-
rials that make them up, and given their potential for detecting environmental changes, identifying vegetation in

urban settings using effective computational methods becomes relevant.

Objective: the objective of this research is to propose a computational method based on Fourier analysis for
detecting vegetation in hyperspectral images.

Methods: the research was developed in four methodological phases: selection of technologies, acquisition of

the characteristic vegetation pixel, determination of phase similarity between the characteristic pixel and vegeta-

tion and non-vegetation pixels, validation of the method on a test hyperspectral image. A method was imple-
mented using the spectral and numpy libraries in Python.
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Results: the Fourier analysis yielded an average phase similarity of 89.89% and a minimum similarity of 64.54%
between the characteristic vegetation pixel and 100 training vegetation pixels. For non-vegetation pixels, the
average phase similarity was 42.19%, with a maximum similarity of 63.98%. These results indicate that the pro-
posed method successfully differentiates between vegetation and non-vegetation pixels.

Conclusion: the results demonstrate that the Fourier-based method can accurately identify vegetation areas in
hyperspectral images, showing non-overlapping phase similarities between vegetation and non-vegetation. This
validates the effectiveness of the proposed approach in detecting vegetation in urban environments.

Keywords: computer vision, fourier analysis, hyperspectral imaging, vegetation detection, remote sensing.

Resumen
CrossMark

Introduccion: las imagenes hiperespectrales, a diferencia de las imagenes convencionales, estan compuestas por
numerosos canales que proporcionan informacion detallada sobre las firmas espectrales de los objetos. Esto permite
identificar los materiales que los componen y, dada su potencialidad en la deteccién de cambios ambientales, se vuel-
ve relevante la identificacion de vegetacion en entornos urbanos mediante métodos computacionales eficaces.
Objetivo: el objetivo de esta investigacion es proponer un método computacional basado en andlisis de Fourier para
la deteccién de vegetacion en imagenes hiperespectrales.

Metodologia: la investigacién se desarroll6 en cuatro fases metodoldgicas: seleccion de tecnologias, obtencién del
pixel caracteristico de vegetacién, determinacion de la similitud de fase entre el pixel caracteristico y los pixeles de ve-
getacion y no vegetacion, validacion del método en una imagen hiperespectral de prueba. Se implementé un método OPEN ACCESS
utilizando las librerias spectral y numpy de Python.

Resultados: el analisis de Fourier obtuvo una similitud de fase promedio de 89.89% y una similitud minima de 64.54%

entre el pixel caracteristico de vegetacion y 100 pixeles de vegetacion de entrenamiento. Para los pixeles de no vege-

tacion, la similitud de fase promedio fue de 42.19%, con una similitud maxima de 63.98%. Estos resultados indican que

el método propuesto logra diferenciar adecuadamente entre pixeles de vegetacién y no vegetacion.

Conclusiones: |os resultados demuestran que el método basado en anélisis de Fourier puede identificar con precision

las zonas de vegetacion en imagenes hiperespectrales, mostrando similitudes de fase que no se superponen entre

vegetacion y no vegetacion. Esto valida la eficacia del enfoque propuesto en la deteccion de vegetacién en entornos

urbanos.

Palabras clave: analisis de Fourier, deteccion de vegetacién, imagenes hiperespectrales, visién por computador, sensa-
do remoto.
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Why was it conducted?

Unlike conventional images, hyperspectral images are composed of numerous channels or bands, which provide detailed
information about the spectral signatures of the objects in the images, allowing for the identification of the materials they are
composed of. In this context, one of the key challenges is the identification and evaluation of new computational methods
different from conventional ones, which enable the detection of materials such as vegetation. Thus, in this article, the use of
Fourier phase similarity was proposed for the detection of vegetation spectral signatures in hyperspectral images.What were

The most relevant results?

using open-source libraries, the Fourier similarity method was implemented and evaluated with sample pixels of vegetation
and non-vegetation. When operating the characteristic vegetation pixel with the vegetation sample pixels, an average simila-
rity of 89.89% and a minimum phase similarity of 64.54% were obtained. Similarly, when operating the characteristic pixel with
non-vegetation pixels, an average phase similarity of 42.19% and a maximum phase similarity of 63.98% were obtained. The
results demonstrate that the proposed method effectively distinguishes between vegetation and non-vegetation pixels, with
phase similarities in both cases that do not overlap.

What do these results contribute?

The results obtained allowed the identification of the Fourier phase similarity method as a viable alternative to traditional
material identification methods, such as those based on correlation and machine learning, providing potentially better com-
putational performance than the latter. Thus, this work can be extrapolated to the evaluation of the method's effectiveness in
detecting different materials.
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Introduction

For the consolidation of a rational urban environment with respect to the environment and
sustainable agriculture, it is crucial to possess greater knowledge about vegetation, soils, crops,
forests, water, and other relevant resources. This involves harnessing state-of-the-art technology
for the detection and classification of materials, exemplified by hyperspectral imaging (1,2).
Hyperspectral images are acquired through the application of remote sensing (RS) techniques,
wherein aerial sensors are utilized to capture spatial, temporal, and spectral information of a
material or object without physical contact (at the surface, in the atmosphere, and in oceans). This
is achieved through the utilization of propagated signals, such as electromagnetic radiation (3,4).

A hyperspectral image is one that encompasses multiple bands of spectral information across the
entire electromagnetic spectrum, enabling the detection of elements of interest or objects through
the comparison of spectral curves or signatures derived from different bands within the image

(5). Specifically, hyperspectral images focus on the solar reflectance region spanning from 400

nm to 2500 nm, covering the visible spectrum (VIS), visible infrared (NIR), and shortwave infrared
(SWIR) (6,7). In the context of hyperspectral images, data structures known as hypercubes or data
cubes (3D images) are generated, obtained by combining spatial dimensions with a third spectral
dimension (8-11). The study of hyperspectral images thus facilitates the development of practical
solutions that enable understanding, characterization, and modeling of natural resources, as well as
fostering the monitoring of their dynamics in both time and space (1).

Hyperspectral images have various applications across different fields, encompassing a broad
spectrum of uses (12). These applications range from military surveillance (13), where these
images have been utilized to gather detailed information in security contexts, to the detection

of pests and diseases in crops (14), enabling early and precise diagnosis. In the field of forest
management, these images have been employed in the monitoring and control of forest resources
(15). The capability of hyperspectral images to analyze material composition is reflected in their
application in determining the fermentation of crop seeds (16) and in the identification and
characterization of mineral resources and metals (17). Moreover, these images have also ventured
into the astronomical realm, allowing for the determination of the chemical composition of stars
(18). Despite the widespread adoption of these techniques, one of the main challenges lies in
developing efficient methods for processing the large volumes of information generated by
hyperspectral image data cubes. These methods must enable effective material detection based
on their spectral signatures (1,9,18-20). In this context, the use of machine learning techniques,
particularly supervised learning, requires a sufficient number of samples to train the models (21).
Therefore, it is crucial to evaluate and compare various computational approaches that enable the
accurate detection of materials in hyperspectral images based on their spectral signatures.

Additionally, these images have applications in environmental monitoring, enabling the
observation of changes in terrestrial temperature, oceans, and submarine topography (22,23).
Likewise, they are crucial for mapping large-scale forest fires, tracking clouds, and contributing

to climate prediction (24). Moreover, they have the capability to observe volcanic eruptions and
monitor particulate matter storms (25). Within their extensive range of applications, hyperspectral
images are also essential in urban planning, geology, oil and gas exploration, and other areas (26).
These images facilitate the monitoring of urban development through multi-temporal analyses,
the identification of ground objects such as asbestos-cement roofs, and support humanitarian and
planning efforts across various disciplines.

In this same vein, within the vast landscape of hyperspectral image analysis methods, various
approaches have stood out, garnering considerable attention in research and application. Among
these methods, distance/correlation metrics and machine learning have emerged as widely studied
and recognized approaches. Distance/correlation metrics are based on comparing the spectral
signatures of different pixels, enabling the evaluation of similarity between them and extracting
valuable information about the materials present in the image (27). On the other hand, machine
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learning offers the capability to develop sophisticated predictive models from large datasets,
allowing for accurate classification and detection of materials and objects (28). However, it is
important to note that, within this diverse panorama, there are methods that have not yet received
the same level of attention, such as those based on Fourier analysis. Despite their significant
potential to decompose spectral signals and reveal hidden patterns, these methods have been
relatively less explored compared to distance/correlation metrics and machine learning. This gap
in the study highlights an intriguing opportunity to expand the understanding, knowledge, and
utilization of the benefits that Fourier analysis-based methods could bring to hyperspectral image
analysis.

In this paper, we propose a novel contribution in the form of a new method based on Fourier
analysis, specifically utilizing Fourier phase similarity, for the identification and/or detection of
vegetation within the context of hyperspectral images. To implement the method, a characteristic
pixel associated with the spectral signature of vegetation was obtained, such that the method'’s
accuracy was assessed in comparison to 100 vegetation pixels and 100 non-vegetation pixels, each
comprising 380 frequency bands. Following the determination of the efficacy of the proposed
method, validation was performed on a hyperspectral image of the Manga neighborhood in
Cartagena de Indias, consisting of 1500 x 1500 pixels and 380 bands. The proposed method was
implemented using open-source libraries in the Python language, such as spectral, pandas, numpy,
and matplotlib. Based on the results obtained with the proposed method, this approach aims to be
extrapolated in the academic and research context for the implementation of detection methods
for various types of materials within the environmental context, with the goal of facilitating the
temporal monitoring of the distribution of these materials in urban context.

The rest of the article is organized as follows: Section 2 presents the different methodological
phases employed for the development of the current research. Section 3 describes the results
obtained in this study, including the derivation of the characteristic vegetation pixel, the evaluation
of the method with a set of test pixels (100 vegetation pixels and 100 non-vegetation pixels), as
well as the validation with a hyperspectral image corresponding to the Manga neighborhood in
the city of Cartagena de Indias. Finally, Section 4 presents the conclusions and future work derived
from this research.

Methodology

Four methodological phases were defined for the development of this research: selection of
technologies for the processing and analysis of hyperspectral images, obtaining the characteristic
pixel or average pixel, determination of the Fourier phase similarity between the vegetation pixel
and the sample pixels (vegetation and non-vegetation), and finally validation of the method on a
hyperspectral test image (see Figure 1).

P1. Selectiqn of P2. Obtainiﬂg t.he
technologies characteristic pixel

!

P3. Determination of the P4. validation of the
Fourier phase similarity proposed method

Figure 1. Methodology considered. Source: own elaboration.
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In the first phase of the methodology, the spectral library in Python was initially chosen for reading
and processing the different bands or layers of the hyperspectral image used in this research.
Additionally, the numpy library in Python was selected for obtaining the Fourier transform of each
pixel in the image, as well as for calculating the phase similarity between pixels. Moreover, the
advantages provided by the matplotlib library in Python were utilized for plotting the different
pixels of the hyperspectral image.

In the second phase of the methodology, a set of 100 vegetation pixels and 100 non-vegetation
pixels were selected from a test hyperspectral image for the subsequent model evaluation.

From the 100 vegetation pixels, the average pixel or characteristic vegetation pixel was derived,
representing the spectral signatures of the 100 vegetation pixels. Thus, the characteristic or average
pixel consists of an array with 380 positions, each containing the average reflectance of the n-th
spectral band from the 100 selected vegetation pixels. This approach is suitable for working with
the Fourier transform, as it allows the decomposition of a signal into its frequency components,
thereby providing information about the frequency distribution.

In the third phase, based on the characteristic vegetation pixel, the Fourier phase similarity between
the characteristic pixel and each of the 100 vegetation and non-vegetation pixels was calculated.
This aimed to assess the accuracy of the proposed method and, consequently, its ability to
differentiate between vegetation pixels and other pixels. For this purpose, both the characteristic
pixel and the other pixels underwent fast Fourier transform using the methods provided by the
numpy library. Thus, Equation (1) represents the fast Fourier transform applied to each pixel in the
image. The fast Fourier transform can be understood as an algorithmically efficient computational
method for calculating the discrete Fourier transform (29).

X(k) = % TZdx(n)- e IFET

(M

Where *(7) represents the spectral signature of the image as a function of band n, k is the phase
of the spectrum, and N represents the number of bands in each hyperspectral image. In the same
manner, the phase similarity calculated between the Fourier transforms of each pixel is presented in

Equation (2).

similarity (Y, Y,) = %Zf e’2%f % 100 2

Where Y1 and Y2 correspond to the Fourier transform of the 2 correlated pixels of 380 bands, that
is, in this case, Y1 refers to the Fourier transform of the characteristic pixel and Y2 corresponds

to the Fourier transform of the evaluated pival Similarly, N corresponds to the total number of
frequencies in the signals ¥} and Y2, while 89 is the phase difference at frequency f, defined in
Equation (3) as:

Agy = £V, (f)—= 2Y2(f) (3

Similarly, el%f represents the complex exponential of the phase difference at frequency f, and

f “* is the summation over all frequencies. Thus, Equation (2) calculates the similarity between
the phases of the two signals at each frequency, and then averages these values across all
frequencies (30).
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Finally, in the fourth phase of the methodology, and once the proposed method was evaluated, this
method was applied to all pixels in a test image of 1500 x 1500 pixels with 380 bands per pixel (see
Figure 2), corresponding to the Manga neighborhood in Cartagena. In this way, pixels exceeding

a certain similarity threshold with respect to the average or characteristic pixel were highlighted in
the image.

Figure 2. Reference hyperspectral image considered in the study. Source: own elaboration.

Results and discussion

As mentioned in the methodology of this study, initially, a sample of 100 vegetation and non-
vegetation pixels was taken from the image presented in Figure 2 to assess the accuracy of the
Fourier analysis-based method. In Figure 3, the 100 selected vegetation pixels are shown in blue,
while the non-vegetation pixels (water, roofs, containers, roads, cars, among others) are presented
in red. It is worth noting that, unlike the pixels in a conventional RGB image, which have 3 color
channels (red, green, and blue), each pixel in the hyperspectral image considered in this case has

a total of 380 spectral bands. These bands form the spectral signature of the materials from which
the pixels were sampled. When plotting the reflectance of the 380 bands corresponding to the 100
vegetation pixels, the curve shape is similar because the 380 bands reflect the specific reflectance
of vegetation. Conversely, the 100 non-vegetation pixels include the spectral signatures of different
materials, as the reflectance values of the 380 bands vary by material. Thus, the 100 spectral
signatures of the vegetation pixels provide sufficient information about this material in their 380
bands to be used in vegetation characterization.
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Figure 3. Selected sample pixels. Source: own elaboration.

From the 100 sample vegetation pixels, the characteristic pixel of the vegetation spectral signature
was obtained by averaging the 100 pixels using the numpy library. Thus, Figure 4 presents both the
group of 100 pixels and the characteristic pixel derived from averaging them.
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Figure 4. Characteristic pixel of vegetation. Source: own elaboration.

Thus, from Figure 4, it can be observed that the characteristic or average pixel corresponds to an
array of 380 positions, where each position represents the average reflectance of the n-th band
from 100 vegetation sample pixels. Each sample pixel included in the average has 380 reflectance
bands. Using the characteristic pixel from Figure 4, the phase similarity with the 100 vegetation
and non-vegetation pixels was obtained by computationally implementing Equations (1), (2), and
(3). Thus, Figure 5 illustrates the implementation of a Python function that determines the Fourier
phase similarity, taking the fast Fourier transforms of the two pixels to be correlated as parameters.
As depicted in Figure 5, the phase similarity was implemented using the functionalities provided by

the numpy library in Python.
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def sim_phase(Y1,Y2):
pl = np.angle(Y1)
p2 = np.angle(Y2)
#letermination of phase similarity
phase_sim=np.mean(np.exp(1j*(pl-p2)))
a=phase_sim.real
b=phase_sim.imag
sim=math.sqrit{a**2 + b**2)
return sim*100

Figure 5. Implementation of the phase similarity function. Source: own elaboration.

On the other hand, in Figure 6, the fast Fourier transform obtained for the case of the average

pixel is presented, which is correlated using the algorithm shown in Figure 5 with the different
selected pixels. Although from Figure 6 it is possible to observe that the Fourier transform of the
characteristic pixel is not centered, it is important to mention that the analysis seeking to determine
if a pixel corresponds to vegetation is not performed directly from the transform, but rather from
the phase similarity or relative phase between the two pixels.

600000 A

400000

200000 A

Magnitude of frequency

—200000 A

0 50 100 150 200 250 300 350
Reflectance bands

Figure 6. Fast Fourier transform of the characteristic pixel. Source: own elaboration.

When determining the phase similarity between the average or characteristic pixel and each of
the 100 vegetation pixels, it is possible to observe in Figure 7 that the average similarity obtained
was 89.89%, with a maximum similarity value of 98.02% and a minimum value of 64.54%. Similarly,
the standard deviation obtained among the phase similarities was 6.86. Likewise, the minimum
threshold that should not be exceeded when analyzing non-vegetation pixels is 64.54%.
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Figure 7. Results obtained with vegetation pixels. Source: own elaboration.

In a similar vein, when calculating the phase similarity between the average or characteristic pixel
and each of the 100 non-vegetation pixels, it is possible to observe in Figure 8 that the average
similarity obtained was 42.2%, with a maximum similarity value of 63.99% and a minimum value
of 21.74%. Similarly, the standard deviation obtained among the phase similarities was 7.15. In the
same way, the maximum threshold for non-vegetation pixels, which will be used for comparison
with the minimum threshold for vegetation, is set at 63.99%.

Phase similarity between the
characteristic pixel and the 100 non-
vegetation pixels

70 63,99
o]
© 60
g 50 42,2
© 40
%
& 30 21,74
=
8 20
= 10
o

0

Average Maximum Minimum

Statistical measure

Figure 8. Results obtained with non-vegetation pixels. Source: own elaboration.

When comparing the minimum vegetation threshold (64.54%) with the maximum non-vegetation
threshold (63.99%), it is evident that, despite the 0.55% difference between them, these values do
not overlap. Therefore, the Fourier analysis-based method, specifically focusing on Fourier phase
similarity, can be used for vegetation detection in hyperspectral images, taking the minimum
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comparison threshold as 64.54%. In this regard, it is possible to observe that the reflectance

values of the 380 bands corresponding to the 100 selected vegetation pixels from the considered
hyperspectral image allowed for an adequate characterization of the vegetation’s spectral
signature. This indicates that the average pixel obtained accurately captured the information on the
various changes in the spectral curve across the 380 bands. On the other hand, it is important to
mention that although the Fourier transform obtained from vegetation pixels is not centered, the
phase similarity between the Fourier transforms of these pixels allows for slight differentiation from
pixels of other materials.

After evaluating and comparing the method with vegetation and non-vegetation pixels, the
characteristic pixel was then correlated with the 2,250,000 pixels of 380 bands present in the test
image corresponding to the Manga neighborhood in Cartagena. Thus, in Figure 9, the algorithm
employed for vegetation detection in the hyperspectral image is depicted, using a minimum
detection threshold value of 64.54%. Similarly, in Figure 9, the detected vegetation in the test
hyperspectral image is presented in blue, applying the implemented method. It can be observed
that the visually obtained results align with the vegetation areas shown in Figure 2.

Yl=np.fft.fft(pix_prom)
arr_copia=np.copy(arr)
p p.copy 500
tam=arr.shape
cont_pix=0 400
for i in range(0, tam([@]):
for j in range(0, tam[1]):
arr_temp=arri(i,j,:
nz=arr_temp.size - np.count nonzero(arr_temp)

600

if(nz!=380): L
Y2=np.fft.fft(arr_temp)
sim=sim_phase(Y1,Y2) 1000

if(sim>64.54):
arr_copialil[jl=150
cont_pix+=1

1200

1400

0 200 400 600 800 1000 1200 1400

Figure 9. Application of the proposed method on the test hyperspectral image. Source: own
elaboration.

Furthermore, upon counting the detected vegetation pixels, it was found that the proposed
method identified a total of 452,801 vegetation pixels. This signifies that vegetation pixels
account for 20.12% of the total pixels, considering pixels corresponding to various materials.
This underscores the relevance of the proposed method in monitoring vegetation or other
environmentally significant elements, such as water, over time in the urban sector.

In terms of discussion, it is important to mention that, in comparison to the results obtained in (27),
where vegetation detection methods based on distance and/or correlation metrics were evaluated,
the proposed method, while obtaining lower average similarity values and lower threshold values,
exhibits no overlap between vegetation and non-vegetation pixels. Therefore, the proposed
method stands as a valid alternative for vegetation detection in hyperspectral images. Similarly,
considering that the application of the fast Fourier transform centers values on specific phases, it is
possible that the computation of similarities is more efficient.

On the other hand, regarding the work of (30), where the authors use the fast Fourier transform for
detecting water bodies in hyperspectral images, the spectral signature of the water bodies could
not be detected when considering all 380 bands. This resulted in overlaps in the phase similarity

i~
N [ngenieria y Competitividad, 2024 vol 26(3) e-21013493 / sept-dic

10/14

doi: 10.25100/iyc.v26i3.13493


https://revistas.uptc.edu.co/index.php/ingenieria/article/view/17232

i~

Fourier analysis for detecting vegetation in hyperspectral images N

percentages between water body pixels and other pixels, necessitating the identification of the
most relevant bands where phase similarity could adequately distinguish water bodies. Therefore, it
is important to mention that the fast Fourier transform demonstrated suitable accuracy in detecting
the characteristic curve of vegetation. However, for other materials, it may be necessary to evaluate
and determine the bands where phase similarity does not overlap, considering that the spectral
signature of each material is different.

Conclusions

In this paper, a new approach was proposed as a contribution to the identification of vegetation in
hyperspectral images. This approach is based on the use of Fourier analysis, specifically focusing on
the phase similarity calculated between the characteristic vegetation pixel (average pixel) and the
other pixels in a hyperspectral test image. The proposed method aims to serve as a reference at an
academic level and for environmental entities in the development of environmental studies, with
the goal of identifying the distribution of vegetation in an urban area and monitoring changes in
vegetation distribution over time within a city.

It was observed that since different materials exhibit distinct spectral signatures, there is a
possibility of phase similarity overlap when addressing all bands in hyperspectral images, as
evidenced in the study presented in (30). Hence, it becomes imperative to assess which bands are
pertinent for phase similarity to accurately determine the spectral signature of the material. In this
context, for the investigation outlined in this paper, which focused on detecting vegetation pixels, it
is noteworthy that Fourier phase similarity exhibited no overlap. Thus, the proposed method proves
effective in detecting the characteristic vegetation curve using all 380 bands in the image.

While various proprietary tools exist for the analysis and processing of hyperspectral images
within the context of geographic information systems, this study demonstrated the utility and
significant potential of open-source tools and technologies. To process and access pixels and
bands in hyperspectral images, the spectral and pandas libraries of Python were employed. The
implementation of the Fourier analysis-based method benefited from the advantages provided by
the numpy library in Python. Finally, for pixel visualization and the display of hyperspectral images,
the matplotlib and spectral libraries were respectively utilized. Thus, this study aims to serve as a
reference regarding the utilization of these tools in the implementation of detection methods on
hyperspectral images within academic and research contexts.

The proposed method in this article resulted in an average similarity of 89.99% with vegetation
pixels and a 42.2% similarity with non-vegetation pixels (such as water, asbestos, roads, containers,
among others). Additionally, the minimum threshold detected with vegetation pixels was 64.54%,
while the maximum threshold obtained with non-vegetation pixels was 63.99%. The foregoing
results indicated that, although the previous thresholds are close, there was no overlap between
them, suggesting that the method can be appropriately employed for the recognition of the
spectral signature corresponding to vegetation pixels. Thus, based on the results obtained in this
research, the proposed method can be considered as a foundation for the development of software
applications focused on the analysis and detection of different types of materials in hyperspectral
images, each case considering the spectral signature of the respective materials.

The proof of concept developed using the proposed method allowed determining that in the
hyperspectral image of the Manga neighborhood in the city of Cartagena de Indias, approximately
20% of the detected materials correspond to vegetation. This proof of concept verified the
relevance of the method and its significant potential as a support for conducting environmental
studies focused on monitoring urban changes and their impact on the environment by research
centers and government entities. This is achieved by leveraging the advantages provided by open-
source software for developing countries, given the high costs of licenses for processing and
analyzing hyperspectral images.
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As a future work arising from the present research, the following objectives are intended: a) to
compare the computational efficiency of the proposed method with respect to methods based on
correlation and/or distance metrics; b) to test the effectiveness and efficiency of the computational
method by considering the most representative frequency bands, i.e., those in which average pixels
of vegetation and non-vegetation exhibit the greatest difference; c) to analyze the effectiveness of
the proposed method in detecting other types of materials, such as asbestos or water.
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