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Abstract—Hyperspectral imaging is one of the most 

widespread remote sensing techniques in earth observation, 

corresponding to images with high spectral and spatial resolution 

that enable material detection through the identification of their 

spectral signature. A key challenge in hyperspectral imaging is the 

definition of novel and efficient computational methods that 

contribute to reducing computational cost while maintaining the 

efficacy and precision in material detection provided by methods 

such as correlation or machine learning. This study aims to 

propose a new efficient method for vegetation detection in 

hyperspectral images based on the similarity between the 

approximate and detailed components of the Haar wavelet 

transform of the vegetation spectral signature, with respect to the 

components of the pixel to be classified in the image. For the 

development of the present investigation, five methodological 

phases were defined: P1. Selection of sample pixels for vegetation 

and other materials; P2. Determination of the characteristic 

vegetation pixel; P3. Implementation and evaluation of the method 

with vegetation and non-vegetation pixels; P4. Deployment of the 

method on the reference hyperspectral image; P5. Comparative 

evaluation of the proposed method against the correlation method. 

As a result of this research, a novel computational method for 

vegetation identification in hyperspectral images was proposed, 

leveraging the similarity of wavelet transform components. This 

method demonstrated comparable detection efficacy to the 

correlation method and proved to be approximately 5% more 

efficient in the detection process. The proposed method can be 

suitably integrated into hyperspectral image-based environmental 

monitoring systems, particularly where images are of considerable 

size and more efficient methods are required. 

Keywords—Vegetation detection; hyperspectral images; remote 

sensing; wavelet transform; earth observation 

I. INTRODUCTION 

Remote sensing is a set of techniques that make it possible 
to observe the Earth's surface without direct contact; sensors on 
satellites [1], [2], airplanes, drones, or ground-based instruments 
[3], [4] get electromagnetic energy reflected by different 
materials, such as visible, infrared, and microwave radiation [5]. 
These systems provide fast access to large areas and help lower 
the time and cost of ground measurements [3], [6]. 

This technology also gives access to information that 
humans cannot see directly, as it shows soil conditions, 
vegetation health, and atmospheric properties; such data 
supports better decisions in natural-resource management [7], 
[8]. Within remote sensing, hyperspectral imaging has become 
one of the most used techniques [9] because it includes many 

narrow spectral bands that let users distinguish materials with 
high precision [10], [11]. 

Unlike multispectral images, hyperspectral data cubes have 
many more bands and show the unique spectral signature of each 
surface material [12], [13]. A hyperspectral image is a three-
dimensional data cube [14], [15], where the first two dimensions 
show spatial location and the third shows reflectance as a 
function of wavelength [16], [17]. 

Hyperspectral imaging plays an important role in 
environmental and agricultural studies. For example, it helps 
identify tree species and supports biodiversity planning [18]. It 
lets researchers detect salt crusts in estuaries and follow climate-
related patterns [19]. It also helps monitor vegetation changes 
through time using multisensor data and clustering methods 
[20]. 

Other applications include mapping biodiversity with NDVI 
and autoencoders [21], detecting microplastics [22] and 
supporting the management of water resources [23]. In 
agriculture, hyperspectral images help detect diseases early [24], 
classify multiple crop types [25], [26], and show product quality 
in a non-destructive way [27]-[29]. They also support soil and 
crop characterization tasks [30], [31]. 

However, hyperspectral images bring several challenges. 
They contain large volumes of redundant data, which need 
dimensionality-reduction methods [32], [33]. Machine learning 
and deep learning methods often get good results but need big 
annotated datasets, high processing power, and complex 
architectures [34], [35]; these requirements make them difficult 
to use in real-time environmental monitoring. 

For vegetation detection, correlation-based approaches [36] 
and learning-based methods [20] seem to be the most common 
choices. Still, they leave open questions about efficiency, data 
needs, and operational cost. Because of this, there is a need for 
solutions that keep detection accuracy while cutting 
computational load. 

Building on this, the present study uses the similarity 
between the approximate and detailed components of the Haar 
wavelet transform to detect vegetation in hyperspectral images. 
The Haar transform provides a simple structure that lets users 
break a signal into low- and high-frequency components [37], 
[38], which can show features relevant for material 
discrimination [39], [40]. 

This work uses open-source Python libraries (spectral, 
PyWavelets, numpy, pandas, matplotlib) to evaluate the method 
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with 100 sample pixels (vegetation and non-vegetation). After 
estimating the detection threshold, the method is applied to a 
hyperspectral image from Cartagena City (750×850 pixels, 380 
bands) and is compared to the correlation method. 

Beyond performance, this method can help researchers and 
practitioners who need efficient tools for large-scale 
environmental monitoring systems. The use of open-source 
libraries makes the method easier to replicate and adopt in 
academic and commercial settings. 

Despite the wide range of applications of hyperspectral 
imaging, vegetation detection still relies predominantly on 
correlation-based approaches or machine learning models that 
require large annotated datasets and high computational cost. 
These methods are accurate but often inefficient when 
processing large hyperspectral scenes, which limits their 
integration into operational environmental monitoring pipelines. 
Consequently, there is a need for computationally efficient 
alternatives that preserve detection capability while reducing 
processing time. 

To address this gap, this study proposes a new method for 
vegetation detection based on the similarity between the 
approximate and detailed components of the Haar wavelet 
transform of the vegetation spectral signature. The main 
contributions of this work are: 

1) A wavelet-based vegetation detection strategy that 

reduces dimensionality while preserving spectral structure;  

2) A threshold estimation procedure based on combined 

similarity metrics; and 

3) A comparative evaluation against the widely used 

correlation method in terms of detection accuracy and 

computational efficiency. 

The remainder of the study is organized as follows:  
Section II presents the literature review and problem statement. 
Section III describes the methodological phases considered for 
the development of this research. Section IV presents the results 
obtained in this study, including the calculation of the 
approximate and detailed components of the characteristic 
vegetation pixel; the implementation and evaluation of the 
method with vegetation and non-vegetation sample pixels to 
identify detection thresholds; and the deployment of the method 
on the reference hyperspectral image, comparing its 
effectiveness and efficiency with the correlation method. 
Section V presents a discussion of the results, analyzing them in 
relation to the reviewed literature. Finally, Section VI outlines 
the conclusions derived from this research. 

II. LITERATURE REVIEW AND PROBLEM STATEMENT 

Unresolved questions are related to the need for very large 
annotated datasets. The reason is that collecting and labeling 
such datasets is costly and often unfeasible in many agricultural 
contexts. 

The study [18] demonstrates hyperspectral imaging for 
identifying tropical tree species. It is shown that the approach is 
effective at the local scale, but unresolved issues include 
transferability, since the method relies on curated spectral 

libraries that are difficult to build for large and diverse 
ecosystems. 

In [20], the authors introduce a multi-sensor framework for 
detecting vegetation changes. It is shown that temporal 
dynamics can be effectively captured. However, unresolved 
questions arise from operational complexity and costs, because 
the approach requires repeated multi-temporal acquisitions. 

The study [21] combines convolutional autoencoders with 
vegetation indices to map biodiversity. It is shown that detailed 
and high-resolution outputs can be obtained, but unresolved 
questions include the need for intensive computational resources 
and large labeled datasets, which limit its applicability in 
practice (see Table I). 

TABLE I.  SUMMARY OF RECENT STUDIES ON HYPERSPECTRAL 

VEGETATION ANALYSIS 

Ref. Year 
Features 

Method Application Limitations 

[32] 2009 

General 

hyperspectral 

image processing 

Foundational 

techniques 

High 

dimensionality 

and 

redundancy 

[19] 2014 

Hyperion imagery 

for 

salt crust mapping 

Estuarine 

monitoring 

Dependence on 

atmospherics 

correction 

models 

[25] 2015 

Non-destructive 

analysis of 

agricultural 

products 

Stored food 

quality 

Expensive 

hardware and 

limited 

scalability 

[22] 2020 

Deep learning on 

microscopic 

hyperspectral data  

Microplastic 

detection 

Limited 

generalization 

to 

field data  

[23] 2021 

Multi/hyperspectral 

analysis for water 

quality 

Aquatic 

environments 

Computational 

bottlenecks 

for real-time 

use 

[26] 2021 

Deep learning for 

agricultural 

hyperspectral data  

Crop disease 

detection 

Requires large 

labeled 

datasets 

[18] 2022 

Hyperspectral 

imaging 

of tropical trees 

Biodiversity 

analysis 

Reliance on 

curated spectral 

libraries 

[20] 2024 
Multi-sensor change 

detection 

Vegetation 

monitoring 

High 

operational 

complexity and 

cost 

[21] 2024 
Autoencoders 

vegetation indices 

Biodiversity 

mapping 

Intensive 

computational 

resources 

The above analysis of the literature review allows to argue 
that it is appropriate to conduct a dedicated study on 
computationally efficient vegetation detection methods. 

Limitations presented in Table I highlight the need for more 
efficient spectral processing techniques that can maintain 
analytical accuracy while reducing the time and cost associated 
with hyperspectral data interpretation. 

The approach proposed in this study, based on Haar wavelet 
decomposition, directly addresses these gaps by offering a 
balanced, computationally efficient alternative for vegetation 
detection. 
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III. METHODOLOGY 

The proposed vegetation detection method is designed as a 
sequential and reproducible workflow. Although the detailed 
description is presented through five methodological phases, the 
overall procedure can be summarized as follows: selection of 
representative vegetation and non-vegetation pixels; 
construction of a characteristic vegetation spectral signature; 
wavelet-based decomposition of spectral data; similarity 
analysis and threshold determination; and pixel-wise 
deployment of the method on the full hyperspectral image, 
followed by a comparative evaluation with the correlation 
method. The complete workflow and its individual phases are 
detailed below and summarized in Fig. 1. 

 

Fig. 1. Considered methodological phases. The diagram summarizes the 

complete workflow of the proposed vegetation detection approach . 

For the development of this research, five methodological 
phases were defined as follows in Fig. 1. This diagram 
summarizes the workflow of the proposed approach, allowing 
one to understand the sequence of processes from data 
acquisition to vegetation detection and performance evaluation: 

• P1. Selection of sample pixels representing vegetation 
and other materials. 

• P2. Determination of the characteristic vegetation pixel. 

• P3. Implementation and evaluation of the method using 
vegetation and non-vegetation pixels. 

• P4. Deployment of the method on the reference 
hyperspectral image. 

• P5. Comparative evaluation of the method against the 
correlation method. 

In Phase 1 of the methodology, using a hyperspectral image 
of the city of Cartagena, Colombia, with 750 x 850 pixels and 
380 reflectance bands per pixel, a set of 50 sample pixels 
corresponding to vegetation and 50 pixels corresponding to 
other materials were visually inspected and selected. This 
process aimed to obtain the spectral signature of vegetation and 
evaluate the method with vegetation and non-vegetation pixels. 

The sampling strategy was designed to capture 
representative spectral signatures while avoiding oversampling 
effects that may reduce separability in threshold-based similarity 
analysis. 

Once the vegetation and non-vegetation pixels were 
selected, Phase 2 involved calculating the characteristic 
vegetation pixel by averaging the normalized reflectance values 
of the 50 vegetation pixels band by band. 

In Phase 3 of the methodology, the determination of the 
approximate and detailed components of the Haar wavelet 
transform for the characteristic vegetation pixel was initially 
performed using Eq. (1) and Eq. (2). The approximate 
components of the Haar wavelet transform are given by Eq. (1): 

𝐴𝑖 =
𝑟2𝑖−1+ 𝑟2𝑖  

√2
, 𝑖 = 1,2, . . . ,190  (1) 

where, Eq. (1) defines the approximate components Ai of the 
Haar wavelet transform, which are derived from an array of 380 
values corresponding to the normalized reflectance associated 
with the 380 bands of the characteristic vegetation pixel or 
spectral signature (R = [r1, r2, r3…, r380]). It is important to note 
that, since the Haar wavelet transform operates on consecutive 
pairs, the array of approximate components Ai consists of a total 
of 190 elements, equivalent to half of the 380 reflectance bands. 

The detailed components of the Haar wavelet transform are 
expressed as Eq. (2): 

𝐷𝑖 =
𝑟2𝑖−1− 𝑟2𝑖  

√2
, 𝑖 = 1,2, . . . ,190 (2) 

Eq. (2) defines the detailed components Di of the Haar 
wavelet transform, which also begins with an array of 380 
normalized reflectance values from the characteristic pixel and 
produces an array Di consisting of 190 values. This reduction 
occurs because, for the detailed component as well, the Haar 
transform operates on consecutive pairs. 

Using the components obtained through Eq. (1) and Eq. (2), 
an iteration was performed over the 50 vegetation sample pixels 
and the 50 pixels representing other materials, calculating the 
approximate and detailed components of the wavelet transform 
for each pixel. 

Through the use of Euclidean distance, a similarity 
percentage was determined for each component of each pixel, 
and a combined similarity percentage was calculated for both 
components. 

The process aimed to identify the minimum combined 
similarity percentage with vegetation pixels and the maximum 
combined similarity percentage with pixels of other materials. 
These thresholds enable the assessment of potential overlap 
between the two, and in the absence of overlap, the detection or 
differentiation capability of the method can be established, along 
with the threshold to be considered for deploying the method on 
the entire reference image. 

Phase 4 involved deploying the method on each pixel of the 
reference hyperspectral image (Once the vegetation detection 
threshold was identified in Phase 3). For each pixel, the wavelet 
transform components were obtained, and the similarity 
percentages for each component, as well as the combined 
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similarity percentage were calculated. The combined percentage 
was then used to classify each pixel in the image as either 
vegetation or another material. 

Additionally, in this phase, the number of pixels detected by 
the method was counted, and the percentage of pixels within the 
hyperspectral image corresponding to this count was calculated. 

Finally, in Phase 5, the correlation method was implemented 
after detecting the reference thresholds, and both the number of 
vegetation pixels and the percentage corresponding to this pixel 
count were determined. This allowed for a comparison of the 
effectiveness of the proposed method with the correlation 
method. 

Furthermore, in this phase, the computational efficiency of 
both methods was evaluated by performing a total of 20, 40, 60, 
80, and 100 executions on a 50x50-pixel region of the image, 
each pixel containing 380 bands. For each method, the average 
execution time per number of runs and the total average time 
were calculated, enabling a comparison of the computational 
efficiency of one method relative to the other. 

IV. RESULTS 

A. Selection of Pixels and Construction of a Characteristic 

Vegetation Signature 

A hyperspectral image of Cartagena City with a resolution 
of 750 by 850 pixels and 380 spectral bands was used. From this 
image, 50 vegetation pixels and 50 non-vegetation pixels were 
manually selected for the evaluation phase. 

Fig. 2 shows the RGB visualization of the hyperspectral 
scene with the manually selected vegetation (green) and non-
vegetation (blue) pixels. This visual separation allows verifying 
that both classes are spatially well distributed across the study 
area, ensuring that the sample is suitable for computing 
representative spectral signatures and for estimating detection 
thresholds. 

From the 50 manually selected vegetation pixels, individual 
spectral signatures were extracted to analyze their variability, as 
shown in Fig. 3. Fig. 3 shows the dispersion of reflectance values 
across the spectral bands, highlighting the natural spectral 
variability of vegetation within the study area. 

 

Fig. 2. Selected vegetation and non-vegetation pixels in the RGB rendering 

of the hyperspectral scene. The labeled samples provide the reference spectral 

signatures used to estimate similarity thresholds for vegetation detection. 

To obtain a stable and representative reference for 
subsequent analysis, a characteristic vegetation pixel was 
computed by averaging the spectral signatures of the 50 
vegetation samples. The resulting average spectrum, shown in 
Fig. 4, preserves the general spectral structure of vegetation, 
while reducing noise and sample-specific fluctuations. 

 

Fig. 3. Spectral signatures of the 50 selected vegetation pixels used to 

compute a representative reference signature. 

The characteristic vegetation pixel shown in Fig. 4 plays a 
key role in the proposed method, as its wavelet components are 
compared with those of each pixel in the hyperspectral image 
(Fig. 1) to determine the presence of vegetation through a 
similarity analysis. 

 

Fig. 4. Spectral signatures of characteristic vegetation pixel used for wavelet 

decomposition. 

B. Wavelet Decomposition 

Haar wavelet transform was applied to average (the 
characteristic) vegetation pixel shown in Fig. 4. This process 
generated two sets of coefficients: the approximate components 
(Ai) (see Fig. 5) and the detailed components (Di) (see Fig. 6), 
which are defined in Eq. (1) and Eq. (2), respectively. 

Since the Haar transform operates by pairing consecutive 
reflectance values, each component contains 190 coefficients, 
corresponding to half of the original 380 spectral bands. The 
same transformation was then applied to all 100 sample pixels, 
including the 50 vegetation and 50 non-vegetation samples, 
using the characteristic vegetation pixel as the reference for 
similarity comparisons. 
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Fig. 5. Approximate component of the characteristic vegetation pixel. It 

represents the main trend of the vegetation signature after dimensionality 

reduction. 

Fig. 5 shows the approximate component of the 
characteristic vegetation pixel. This component can be 
interpreted as a simplified representation of the original spectral 
signature, as it preserves the low-frequency information and 
captures the main spectral trend of vegetation while reducing 
data dimensionality. 

 

Fig. 6. Detailed component of the characteristic vegetation pixel. It captures 

local fluctuations between adjacent bands. 

Fig. 6 shows the detailed component of the characteristic 
vegetation pixel. In contrast to the approximation, this 
component highlights high-frequency information by 
emphasizing local fluctuations between adjacent spectral bands, 
allowing the method to capture finer spectral variations relevant 
for discrimination. 

C. Similarity Analysis 

Once the transform components of the characteristic pixel 
were obtained, an iteration was performed over the 50 
vegetation pixels and 50 pixels representing other materials to 
determine the approximate and detailed components for each 
pixel. Using these components, three similarities were 
calculated via Euclidean distance: the similarity between 
approximate components, the similarity between detailed 
components, and the weighted similarity between components. 
The results of the similarity analysis for the approximate and 
detailed components, comparing vegetation pixels with pixels 
from other materials, are presented in Fig. 7. 

 

Fig. 7. Similarity percentages obtained for the approximate and detailed 

wavelet components when comparing vegetation and non-vegetation pixels. 

As observed in Fig. 7, for the approximate component, the 
maximum similarity percentage obtained for non-vegetation 
pixels (89.743%) exceeds the minimum similarity percentage 
obtained for vegetation pixels (89.48%). This overlap indicates 
that the approximate component alone is not sufficient to 
reliably discriminate vegetation pixels. Similarly, for the 
detailed component, the maximum similarity percentage for 
non-vegetation pixels (99.532%) is higher than the minimum 
similarity percentage for vegetation pixels (99.505%), showing 
that this component by itself also fails to provide clear 
separation. 

The results presented in Fig. 7 demonstrate that, although the 
coarse and fine components individually capture relevant 
spectral information, their isolated use does not allow for 
accurate vegetation discrimination. When both components are 
combined and greater weight is assigned to the fine component, 
the method becomes more sensitive to subtle spectral variations, 
allowing for more reliable classification and reducing detection 
errors. 

D. Determination of Detection Thresholds 

In light of the results presented in Fig. 7, where neither the 
approximate nor the detailed component alone provided 
sufficient discrimination, a weighted similarity measure was 
evaluated. The contribution of the detailed component was 
varied across different percentages (60%, 70%, 80%, 85%, 90%, 
95%, and 98%), while the remaining weight was assigned to the 
approximate component. 

The similarity results obtained for these weighted 
combinations, comparing vegetation and non-vegetation pixels, 
are presented in Fig. 8. This analysis allows identifying the 
weighting configurations that maximize the separation between 
both classes and serves as the basis for selecting an appropriate 
detection threshold. 

As shown in Fig. 8, the only weighting configuration in 
which the minimum similarity percentage for vegetation pixels 
is lower than the maximum similarity percentage for non-
vegetation pixels corresponds to a 60% contribution of the 
detailed component. For higher weight values, a clearer 
separation between both classes is observed. 
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Fig. 8. Similarity percentages obtained for different weightings of the 

approximate and detailed wavelet components; supports the selection of the 

detection threshold. 

It is noteworthy that the greatest differentiation between 
vegetation and non-vegetation similarities is achieved when the 
detailed component has a weight of 95% and the approximate 
component a weight of 5%, resulting in a percentage difference 
of 0.147%. Based on this result, the minimum detection 
threshold for identifying vegetation pixels was established at a 
similarity value of 99.008%, corresponding to a 95% 
contribution of the detailed component of the Haar wavelet 
transform. 

Setting this threshold matters, because it turns the method 
into something practical and measurable. It defines a clear 
decision line that helps distinguish vegetation from other 
materials with confidence. The results also show that the Haar 
based decomposition can create thresholds with very little 
uncertainty, which is important for building scalable systems 
that rely on automated classification in environmental 
monitoring. 

E. Large-Scale Deployment and Comparative Evaluation 

Using the detection threshold of 99.008% (Fig. 8), the 
proposed method was deployed across the entire hyperspectral 
image (Fig. 1) of Cartagena City (750 × 850 pixels, 380 bands). 

As shown in Fig. 9, for each pixel in the image, the 
approximate and detailed components of the wavelet were 
calculated, similarity scores were calculated with respect to the 
characteristic vegetation pixel, and a final classification into 
vegetation or non-vegetation was made. 

The implementation was carried out exclusively with open-
source Python libraries (spectral, PyWavelets, numpy, pandas, 
and matplotlib). 

As a result, the method determined that 42.95% of the 
hyperspectral image corresponds to vegetation pixels. Fig. 9 
presents the vegetation map generated by the proposed method, 
where detected vegetation areas are highlighted in blue, visually 
demonstrating the capability of the Haar wavelet transform 
measure to discriminate vegetation from other materials. 

 

Fig. 9. Vegetation detection method applied to the entire hyperspectral 

image; final classification is performed. 

To evaluate the performance of the proposed method, the 
traditional correlation-based approach was also applied to the 
same hyperspectral image (Fig. 1), once its corresponding 
detection threshold was defined. Fig. 10 illustrates the 
deployment of the correlation method across the entire scene, 
while Table II summarizes the vegetation detection results 
obtained with both techniques. 

 

Fig. 10. Vegetation detection map obtained by applying the correlation  

method to the entire hyperspectral image, used for comparison with the 

wavelet approach. 

The results presented in Fig. 10 and Table II shows that both 
methods achieve comparable levels of detection accuracy. In 
particular, the percentage of vegetation pixels detected by the 
proposed method was 39.72%, which is close to the result 
obtained with the correlation method, yielding a percentage 
difference of 3.23%. 

TABLE II.  VEGETATION DETECTION RESULTS OF THE PROPOSED 

METHOD VS. CORRELATION METHOD 

Method 
Vegetation pixels 

detected 

Vegetation 

percentage 

Haar wavelet transform 273488 42.95% 

Correlation method 252101 39.72% 
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The above results indicate that the proposed method 
provides detection performance comparable to that of the 
correlation approach, while offering a computationally efficient 
alternative for environmental monitoring using hyperspectral 
imagery. 

F. Computational Efficiency and Replicability 

To evaluate the computational efficiency of the proposed 
method in comparison with the correlation-based approach, both 
methods were executed multiple times (20, 40, 60, 80, and 100 
executions) on the same reference image region of 50 × 50 pixels 
with 380 reflectance bands. 

The objective of this experiment was to estimate the average 
execution time as a function of the number of runs for each 
method, as well as the overall computational behavior under 
repeated executions. Fig. 11 presents the average execution time 
curves obtained for both methods. 

 

Fig. 11. Average execution time comparison between the proposed wavelet-

based method and the correlation-based method for different numbers of 

executions. 

As shown in Fig. 11, the proposed method exhibits a slightly 
higher average execution time than the correlation method only 
in the case of 20 executions. For all other evaluated scenarios, 
the proposed method remains below 0.455 ms and consistently 
shows lower average execution times as the number of 
executions increases, indicating better computational efficiency 
under repeated processing conditions. 

It is evident that the average execution time for the 
correlation method fluctuates around 0.5 ms. By averaging the 
execution times of both methods and comparing these averages, 
it is determined that the correlation method is 1.05 times slower 
than the proposed method, meaning the proposed method is, on 
average, 4.96% more efficient than the correlation method. 
While this percentage may be considered small, it could have a 
greater impact when processing large images, such as those 
associated with environmental monitoring processes based on 
hyperspectral imaging. 

Centered on the above, Fig. 11 makes it clear that, although 
the proposed method starts out slightly slower in 20 executions, 
it becomes increasingly faster as the number of executions 
increases. 

V. DISCUSSION 

It is important to highlight that this research contributed a 
new method for detecting vegetation and materials in 
hyperspectral images based on the similarity between the 
approximate and detailed components of the Haar wavelet 
transform of the characteristic pixel and a given pixel in the 
image. 

From the results obtained during the implementation and 
evaluation of the method, it was found that, compared to the 
correlation method, which has been widely disseminated for 
vegetation detection in hyperspectral images [36], the proposed 
method was equally effective in detecting vegetation and 
4.958% more efficient. This efficiency improvement can result 
in significant time savings when processing large-volume 
images, such as those used in environmental monitoring of 
extensive areas. 

From a comparative perspective, the obtained results are 
consistent with previous studies that have successfully applied 
similarity-based techniques for vegetation detection in 
hyperspectral images. Correlation-based approaches have been 
widely used as reliable baselines in hyperspectral analysis [36], 
achieving high detection accuracy at the expense of increased 
computational cost. The comparable detection performance 
obtained by the proposed method, together with its improved 
computational efficiency, aligns with recent research efforts 
focused on reducing processing complexity while preserving 
spectral discrimination capability. 

In contrast to machine learning and deep learning 
approaches reported in the literature, which often require large 
annotated datasets and extensive training procedures [34], [35], 
the proposed method emphasizes interpretability and 
operational efficiency. Similar trends toward lightweight and 
data-efficient hyperspectral analysis methods have been 
reported in studies using dimensionality reduction and 
transform-based representations [37]–[40], supporting the 
relevance and practical value of the proposed wavelet-based 
similarity framework. 

From a methodological perspective, in similarity- and 
threshold-based approaches, increasing the number of sample 
pixels does not necessarily improve discrimination 
performance. On the contrary, excessive sampling may lead to 
saturation of the similarity space and increased overlap between 
vegetation and non-vegetation classes, making threshold 
definition more difficult. The sampling strategy adopted in this 
work was therefore designed to balance representativeness and 
separability. This explains the stable behavior of the proposed 
method across different weighting configurations and threshold 
values, as observed in the experimental results. 

Regarding parameter selection, in similarity- and threshold-
based detection methods, parameter selection plays a critical 
role in balancing class separability and robustness. In the 
proposed approach, the most influential parameters are the 
weighting coefficients assigned to the approximate and detailed 
wavelet components, as well as the detection threshold. The 
results presented in Section IV show that the method exhibits 
stable behavior within a wide range of weighting configurations 
for the detailed component (85%–98%), while lower values 
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increase overlap between vegetation and non-vegetation 
similarity ranges. This indicates that the method is not overly 
sensitive to minor parameter variations but operates within a 
clearly defined and interpretable parameter space. Extreme 
parameter configurations, such as assigning insufficient weight 
to the detailed component or relaxing the detection threshold, 
lead to reduced discrimination capability, which is consistent 
with the nature of similarity- and threshold-based classification 
methods. 

Also, since the proposed method was implemented using 
open-source libraries and tools, this research holds significant 
value both academically and commercially, facilitating the 
adoption and utilization of these technologies in the processing 
and analysis of spectral images. This not only reduces the costs 
associated with proprietary tools but also enables the 
customization of methods and the hybridization of different 
techniques to meet specific needs. 

In this way, the proposed method serves as a key 
contribution for research centers and universities in developing 
countries, promoting the replication and expansion of studies 
involving hyperspectral images. This is particularly relevant as 
previous research conducted with proprietary tools such as 
ENVI has demonstrated their utility in this field [41], [42]. The 
use of open-source alternatives could further enhance 
accessibility and foster innovation in such studies. 

It is important to note that the objective of this study is not 
to provide a large-scale benchmark across multiple 
hyperspectral datasets, but to demonstrate the feasibility and 
effectiveness of a wavelet-based similarity approach for 
vegetation detection. The use of a single representative 
hyperspectral scene and a carefully selected set of sample pixels 
is consistent with threshold-based methods, where the focus is 
on spectral behavior and separability rather than statistical 
learning. While additional scenes could further validate 
robustness across different conditions, the presented results 
sufficiently support the methodological contribution and 
computational advantages of the proposed approach. 

Although machine learning and deep learning approaches 
have shown strong performance in hyperspectral vegetation 
detection, they typically require large annotated datasets, high 
computational resources, and complex training procedures. The 
objective of this work is different: to provide a lightweight, 
interpretable, and computationally efficient alternative suitable 
for scenarios where labeled data and processing resources are 
limited. For this reason, the proposed method was compared 
against the correlation-based approach, which is one of the most 
widely used similarity-based techniques in hyperspectral 
analysis and represents a fair baseline in terms of operational 
complexity. 

Regarding noise and illumination variability, the proposed 
method relies on normalized spectral signatures and on the Haar 
wavelet transform, which decomposes the signal into 
approximate (low-frequency) and detailed (high-frequency) 
components. This decomposition inherently reduces sensitivity 
to global illumination variations captured in the low-frequency 
component, while preserving discriminative spectral patterns in 
the detailed component. Although an explicit noise robustness 
analysis is beyond the scope of this study, the wavelet-based 

representation is known to provide increased robustness against 
high-frequency noise compared to direct spectral similarity 
measures. 

VI. CONCLUSION 

Considering that vegetation detection in the domain of 
hyperspectral images has primarily relied on methods based on 
correlation and machine learning, which, although accurate, 
require high computational costs, this study proposed a novel 
computationally efficient method in the same domain. The 
proposed method is based on the similarity between the wavelet 
transform components of the characteristic vegetation pixel and 
the components of the pixel being analyzed in the image. Given 
the results obtained in terms of both effectiveness and efficiency, 
the method can be integrated into academic and commercial 
contexts within systems for monitoring environmental variables 
using hyperspectral images. 

The results obtained in this research determined that, 
although the similarity between the approximate and detailed 
components of the characteristic pixel and the sample pixels 
showed overlap or proved unsuitable for vegetation detection 
when considered individually, the similarity percentage based 
on the weighting of the components is more effective and does 
not exhibit overlap in the thresholds obtained for vegetation and 
other materials. The best detection threshold is achieved when 
the weight of the detailed component is 95%, and the weight of 
the approximate component is 5%. Thus, the proposed method 
proves effective through the combined weighting of the 
similarities, establishing 99.008% as the minimum detection 
threshold for vegetation. Based on this, the proposed method 
was successfully applied to the entire reference image, yielding 
detection results comparable to those of the correlation method. 

In line with the above, the deployment of the proposed 
method on the hyperspectral image of a representative area in 
the city of Cartagena determined that 42.953% of the pixels 
correspond to vegetation, with a percentage difference of only 
3.23% compared to the correlation method. This demonstrates 
that the proposed method is a valid and reliable alternative for 
environmental variable monitoring systems, providing results 
comparable to existing methods. Furthermore, these results are 
particularly relevant for continuous monitoring of the areas 
studied in Cartagena, allowing for an accurate assessment of the 
impact of urban development on vegetation and, by extension, 
the environment. This highlights the importance of 
implementing monitoring tools that enable the understanding 
and mitigation of the effects of urban growth over time. 

In evaluating the computational efficiency of the proposed 
method compared to the correlation-based method, multiple 
executions (20, 40, 60, 80, 100) were performed on a region of 
the reference hyperspectral image measuring 50x50 pixels with 
380 reflectance bands. The results showed that, on average, the 
correlation method is 1.05 times slower than the proposed 
method, indicating that the proposed method is approximately 
4.96% more efficient. While this improvement in efficiency may 
appear modest at first glance, it becomes significant when 
processing large-volume hyperspectral images, such as those 
generated by systems monitoring environmental changes or 
vegetation shifts through remote sensing, enabling optimization 
of processing times. 
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This research demonstrated the relevance and feasibility of 
using open-source tools and technologies for processing and 
implementing computational methods for detecting vegetation 
and other materials in the domain of hyperspectral images. In 
this context, the spectral library proved useful for accessing the 
reflectance band data of the reference hyperspectral image. The 
PyWavelets library enabled the implementation of the proposed 
method by obtaining the approximate and detailed components 
of the Haar wavelet transform. The numpy library was essential 
for accessing and handling hyperspectral image data, facilitating 
data normalization, image iteration, and the implementation of 
the correlation method. The pandas library supported the loading 
of points corresponding to vegetation pixels and other materials. 
Finally, the matplotlib library was used to generate graphs 
associated with reflectance curves and the curves corresponding 
to the components of the characteristic pixel. These technologies 
can thus be employed to replicate experiments with spectral 
images in academic and commercial domains, while also 
enabling the development of new detection methods. 

As future work derived from this research, the wavelet 
transform is intended to be used to obtain a condensed 
representation of the spectral signature, allowing this 
summarized signature to be hybridized with other detection 
methods, such as the Fourier similarity method or the differential 
similarity method. Additionally, the proposed method will be 
evaluated for detecting water bodies or other types of materials 
in various application contexts. 
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