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Remote sensing studies have emerged as a crucial tool for monitoring and managing mangrove forests, with Unmanned 
Aerial Vehicles (UAV) being a popular platform for data collection. UAV surveys offer a non-invasive and efficient means 
of gathering high-resolution data on mangrove forests, enabling detailed analysis of their structure and health. However, the 
cost of UAV platforms and software can be a major drawback, particularly for small-scale projects. Despite these 
difficulties, this research provides valuable insights as it aimed to assess seasonal variations in mangrove forest vegetation at 
a local scale during the winter, dry, and rainy seasons utilizing solely visible data from a conventional UAV camera and 
processed through three machine learning algorithms and an 11×11 Lee Sigma speckle filter. The Support Vector Machine 
(SVM) algorithm outperformed the Random Forest (RF) and Neural Network (NN) algorithms in terms of overall accuracy 
during the dry season. Specifically, the SVM algorithm achieved an accuracy of 85 % for the dry, 61 % for the winter, and 
57 % for the rainy season. In comparison, the RF algorithm achieved accuracies of 80 % for the dry, 77 % for the rainy, and 
63 % for the winter season, and the NN algorithm recorded accuracies of 71 % for the dry, 65 % for the rainy, and 57 % for 
the winter season. These findings indicate that the SVM algorithm is a more effective approach for the dry season. 
Importantly, this study demonstrates the potential of machine learning algorithms in classifying mangrove species using 
visible UAV data, which could substantially enhance the efficiency and cost-effectiveness of mangrove forest management. 
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Introduction 
Mangrove forests are diverse trees and shrubs that 

thrive in the hyposaline intertidal zone, where they are 
exposed to saltwater from the ocean and freshwater 
from rivers1. Mangroves possess a complex root 
system that enables them to anchor themselves in the 
soft, muddy soil and filter out excess salt from the 
water they absorb2. Mangroves are home to a wide 
range of plant and animal species in tropical and 
arid/semiarid regions, many of which are exclusive to 
this ecosystem3. For instance, they provide a habitat 
for a variety of fish, crustaceans, and mollusks, as 
well as for birds and mammals4. They serve as a 
natural barrier against coastal erosion and storm 
surges, safeguarding coastlines and the communities 
that depend on them5. Also, mangrove forests are 
crucial in carbon sequestration, contributing to 
climate change mitigation6. 

Mangrove forests are facing a major threat from 
human activities, including deforestation, pollution, and 
climate change7. Remote sensing techniques have been 
increasingly employed in recent decades to better 
comprehend and monitor the health of these forests8. 
The technique involves the use of satellite or airborne 
sensors to gather data on the physical and biological 
characteristics of the forest, such as vegetation cover, 
biomass, and species composition9. This data can then 
map and monitor forest changes over time and inform 
conservation and management efforts10. 

Unmanned Aerial Vehicles (UAVs), known as 
drones, have emerged as a promising tool for studying 
mangrove forests11. These platforms are equipped 
with high-resolution sensors that can capture detailed 
images and data, enabling researchers to map and 
monitor the health and extent of mangrove forests 
with greater accuracy and efficiency12. In addition, 
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UAV surveys can provide valuable insights into the 
ecological processes of these ecosystems, such as 
changes in vegetation cover, water quality, and 
sedimentation patterns13. As such, they have the 
potential to inform and guide conservation efforts 
aimed at protecting and restoring mangrove forests14. 

UAVs have become increasingly popular, but their 
cost can be a substantial disadvantage. The price of a 
UAV can range from a few hundred to several 
thousand US dollars, depending on the model and 
sensors employed15. This high cost can be a hindrance 
for many individuals and institutions that may not 
have the budget to invest in a UAV. Additionally, the 
cost of repairs and maintenance can add up over time, 
making it difficult for some to justify the expense. 
The risk of damage or loss can be another concern, as 
replacing or repairing a UAV can be costly. 
Moreover, the UAVs' ultra-high spatial resolution 
(cm/pixel) presents some disadvantages, such as a 
large amount of generated data. This situation could 
be overwhelming for storage and processing, leading 
to longer computing times16. 

UAV studies commonly employ two methods for 
land cover analysis: pixel-based and object-based 
classifications17. The pixel-based approach assigns a 
land cover class to each pixel in an image based on 
spectral characteristics. On the other hand, object-based 
classification groups adjacent pixels with similar 
spectral characteristics into objects and assigns a land 
cover class to each object18. While pixel-based 
classification is simpler and faster, it has been 
suggested that it may not accurately capture the spatial 
variability of land cover features. Object-based 
classification, on the other hand, can better capture the 
spatial variability of land cover features, but it requires 
more computational resources and may be more time-
consuming19. Ultimately, the choice between pixel-
based and object-based classification depends on the 
specific research question, the characteristics of the 
study area, and the available budget. 

The salt-and-pepper noise is a common UAV issue in 
pixel-based studies with some disadvantages. This effect 
occurs when individual pixels in an image are 
misclassified, resulting in scattered areas of incorrect 
data20. This can be particularly problematic in areas with 
complex land cover, such as mangrove forests, where 
the salt-and-pepper noise makes it difficult to identify 
and map different vegetation types accurately21. 
Therefore, it is important to be aware of this issue and 
take steps to minimize its effects in remote sensing 
studies. One solution could be the utilization of machine 

learning algorithms, which have enabled the automatic 
classification of vast amounts of data with high 
accuracy, thereby facilitating the extraction of valuable 
information from remote sensing data22. The algorithms 
can learn from a vast amount of training data and 
identify patterns and relationships that are not easily 
discernible with traditional classification methods. This 
capability makes it possible to extract valuable 
information from UAV data, which can be used to 
monitor and manage mangrove forests more effectively. 

Numerous ecological studies have used UAVs to 
analyze mangrove forests during the last decade23. 
However, the outcomes of these studies have shown 
varying results, which largely depend on the species of 
mangroves being analyzed, geographical location, and 
the UAV platform used. For example, the initial studies 
analyzed multispectral24 and visible25 indices, leaf area 
index26, and LiDAR27. More recently, UAV data were 
used to quantify aboveground carbon stocks28 and 
mangrove biomass29, detect flooded areas30, and classify 
mangrove forests at the species level31. 

This research aimed to classify mangrove forest 
canopy using a series of images from a UAV and 
machine learning algorithms. It is expected that the 
seasonal canopy pattern may differ depending on the 
physiognomic conditions of the mangroves and the time 
of year when the UAV sensor collects the data. 
Therefore, the accuracy of species-level classifications 
using machine learning algorithms in mangrove forests 
is expected to vary over time, probably due to changes in 
environmental conditions, such as rainfall patterns. 
 
Materials and Methods 
 

Study area 

The study was conducted in the Urias coastal 
lagoon in Mazatlán, Mexico (Fig. 1). This coastal 
lagoon supports four mangrove species, namely black 
mangrove (Avicennia germinans), white mangrove 
(Laguncularia racemosa), red mangrove (Rhizophora 
mangle), and buttonwood (Conocarpus erectus)32. 
Various factors influence the distribution of these 
mangroves in the Urias system, but salinity and 
hydroperiod are considered fundamental33. For 
instance, the mangroves can be divided into three 
zones concerning the mean sea level: Rhizophora 
mangle is usually found at the lowest levels between -
15.8 cm and 55.2 cm, Laguncularia racemosa  
is between 55.2 cm and 60 cm, and Avicennia 
germinans is located in the highest part between 60.7 
cm and 68.2 cm34. 
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UAV data collection and analysis 
The platform used to capture the images was a 

portable DJI Phantom-3 Professional with its  
embedded RGB camera. Flights were scheduled 
monthly for a year, starting in September 2018.  
The flight plan was programmed in an area of two 
hectares using the software Map Pilot installed on an 
iOS tablet, which automatically captures images at a 
height of 120 m using a longitudinal and lateral image 

overlap of 70 %(ref. 15). The images are calibrated  
using black and white targets in the takeoff zone.  
To generate the orthomosaic, traditional steps are 
followed in Agisoft Metashape software. These  
steps include image alignment, dense cloud generation, 
and geometric correction —using ten ground  
control points deployed on the field and creating and 
exporting the digital surface model and the 
orthomosaic16. 

 
 

Fig. 1 — Urias coastal lagoon southeast of the Mazatlan harbour, Pacific coast of Mexico. The upper figure corresponds to a false-colour
composite PlanetScope image (near-infrared, red, green) dated 25 April 2023. The lower left figure indicates the location of the UAV
flights (red rectangle), and the lower right figure is the location of the 360 ground control points within the red rectangle 
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In this study, four classes were selected for 
classifications, including the three previously described 
mangrove species and an additional class called saltpan, 
which has no vegetation. To assess the distinctiveness of 
the thematic classes, a comparative analysis of the 
frequency histograms for each band was carried out 
using three regions of interest for each class. 
Additionally, the original RGB images were tested for 
improvement according to a band normalization based 
on the equation suggested by Zhang35: 
 

Rn = R/(R+G+B)                                              ... (1) 
 

Gn = G/(R+G+B)                                              ... (2) 
 

Bn = B/(R+G+B)                                              ... (3) 
 

Where, R, G, and B correspond to the original red, 
green, and blue channels, respectively. Rn, Gn, and 
Bn indicated the new normalized bands. 
 
Machine learning algorithms 

Due to the expected ultra-high spatial resolution of 
the orthomosaics (5.6 cm/pixel), the images were pre-
analyzed with an 11×11 Lee Sigma speckle filter on 
SNAP to diminish the salt-and-pepper effect18. The 
Lee Sigma filter was used for its simplicity and 
effectiveness in noise reduction compared with other 
stationary multiplicative speckle model filters such as 
Lee, Kuan, and Frost36. From this pre-analysis, three 
machine learning algorithms were applied. In essence, 
machine learning uses a data set of several samples of 
the same characteristics or attributes to predict the 
unknown characteristics or attributes of the data. 

The Support Vector Machine (SVM) algorithm is a 
supervised learning method that can be used for 
classification, regression, and outlier detection. SVM 
works by finding the hyperplane that maximizes the 
margin between the different classes in the feature 
space. This hyperplane is then used to classify new 
data points based on their position relative to the 
hyperplane. SVM is particularly useful in remote 
sensing because it can handle high-dimensional data 
with a relatively small sample size37. It is also robust 
to noise and outliers, common in remote sensing data. 
Additionally, SVM can take advantage of non-linear 
relationships between the input variables by using 
kernel functions to transform the input space into a 
higher-dimensional space where a linear hyperplane 
can be found. 

The Artificial Neural Network (ANN) algorithm is 
based on the structure and function of biological 
neurons and synapses in the human brain, and they 

are capable of learning patterns and relationships in 
complex data sets. ANNs can process a large amount 
of data and extract relevant features, which makes 
them suitable for handling multidimensional remote 
sensing data38. The basic structure of an ANN consists 
of an input layer, one or more hidden layers, and an 
output layer. Each layer contains a set of neurons, and 
the connections between neurons are weighted to 
reflect the strength of the relationship between them. 
During the training phase, the weights are adjusted 
based on the error between the predicted and actual 
outputs. This process is repeated until the error is 
minimized and the network can accurately predict the 
output for new input data. 

The Random Forest (RF) algorithm is a popular 
machine-learning method in remote sensing applications. 
It is a type of ensemble learning algorithm that 
combines multiple decision trees to improve the 
accuracy of predictions39. The algorithm works by 
randomly selecting subsets of the training data and 
building decision trees based on these subsets. Each 
decision tree is trained on a different subset of data, 
which helps to reduce overfitting and increase the 
ability to generate the model. The final prediction is 
made by combining the predictions of all the 
individual trees in the forest19. 

To evaluate the accuracy of a classification 
method, a confusion matrix was utilized to derive the 
overall accuracy and kappa statistics for each 
classification and season, with 90 random sampling 
points per class. The accuracies achieved are then 
compared to each other to determine the significance 
of the classifications using an analysis of variance 
(ANOVA) at a 95 % confidence level. 
 

Results 
Only eight monthly flights could be performed 

because the flight scheduled for January 2019 was 
impossible due to a cold front. Furthermore, the flights 
programmed for March through June 2019 were 
cancelled due to a security issue (Fig. 2). The horizontal 
Root Mean Square Error (RMSE) of the eight 
orthomosaics varied between 0.56 and 1.09 m. Despite 
having eight complete cloud-free orthomosaics, only 
three were used in the contrasting seasons. This decision 
is based on a recent phenological study of the mangrove 
forest in the same area using multispectral time series40. 
Based on this work, the month of December 2018 was 
selected for the Winter Season (WS), the month of July 
2019 for the Dry Season (DS), and the month of 
September 2019 for the Rainy Season (RS). 
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Based on the normalized RGB data, the SVM 
outperformed the RF and NN in terms of overall 
accuracy during the data analysis phase. Specifically, 
the SVM algorithm achieved an accuracy of 85 % for 
DS, 61 % for WS, and 57 % for RS, while the RF 
algorithm achieved accuracies of 80 % for DS, 77 % 
for RS, and 63 % for WS. The NN algorithm, on the 
other hand, recorded accuracies of 71 % for DS, 65 % 
for RS, and 57 % for WS. 

In a certain area within the 2-ha study site, where 
only Rhizophora mangle and saltpan classes are 
present (Fig. 3), the three machine learning algorithms 
added a new class — Laguncularia racemosa during 
the rainy season. During the dry season, RS was the 
only algorithm that included Laguncularia racemosa, 
while in the winter season, both RS and ANN 
misidentified Rhizophora mangle as Laguncularia 
racemosa. Finally, the SVM algorithm did not 

 
 

Fig. 2 — Orthomosaics derived from the UAV flights 
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identify Laguncularia racemosa during the winter 
season, but it was the most accurate in describing the 
distribution of Rhizophora mangle during the dry 
season. These results indicate that utilizing the SVM 
algorithm could potentially improve the accuracy and 
efficiency of mapping the distribution of various 
mangrove species in the surrounding area. 

When considering only the DS (Fig. 4), it has been 
observed that normalizing the RGB data can enhance 
class separation in the red and green channels. 
However, normalization may reduce separation in the 
blue channel. This decline is particularly noticeable 
with the two mangrove species, Rhizophora mangle 
and Laguncularia racemosa, which show the least 

 
 

Fig. 3 — Classification outcomes of three machine-learning algorithms utilized during three different seasons in a representative section 
of the study area. The upper subimage represents the RGB orthomosaic 
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differentiation compared to other classes, regardless 
of the input data. 
 
Discussion 

Multispectral cameras have become increasingly 
popular in UAV studies as they capture detailed 
images of various wavelengths. However, one major 
issue that UAV operators are currently facing is the 
high cost of these cameras32. This cost can be 
prohibitive for many operators, particularly those with 
smaller budgets. One possible solution to this problem 
is to use lower-cost visible RGB cameras designed 
specifically for UAVs. These cameras may have 
fewer sensors or lower resolution, but they can still 
provide valuable data for many applications in the 
field of forestry15. 

Due to the spectral limitations of RGB sensors, the 
use of learning algorithms has helped to improve 
classifications compared to traditional algorithms by 
extracting useful information from large volumes of 
UAV imagery33. However, one of the major challenges 
faced by these algorithms is the accurate identification 
and classification of shadows present in the images34. 
This situation was found in the orthomosaics of the 
mangrove forest in all seasons, mainly between the 
saltpan and Avicennia germinans interface. Shadows can 
vary in size, shape, and intensity depending on the time 
of day, season, and terrain, making their detection and 
classification difficult. One solution could be to fly when 
the zenith of the Sun is at its maximum and avoid 
shadows; however, at latitude of 23 degrees north, 
shadows were still present even at that time. 

Colour is critical in orthoimage classification as it 
works with visible images. For example, in the 
orthomosaics of the mangrove forest, the colour green 
was the dominant colour, and the algorithm used this 
information to identify some mangrove species and 
distinguish them from other landscapes, such as saltpan. 
Avicennia germinans had the least intense green 
colouration, making distinguishing from other mangrove 
species easier. However, the discrimination between 
Rhizophora mangle and Laguncularia racemosa proved 
to be more challenging. These difficulties have been 
previously described with the same species using 
spectroscopy data41. While colour is an essential 
component of RGB image classification, it is suggested 
to use this data in combination with other features, such 
as texture elements, to classify visible UAV data 
accurately. 

During the transition between the end of the  
dry season and the beginning of the tropical storms  
and hurricanes, substantial discrimination was  
observed among mangrove classes, with the  
highest discrimination recorded in July for all three 
algorithms. A possible explanation could be that this 
season is characterized by strong canopy differences  
due to high litterfall rates in semiarid Rhizophora 
mangle42, Avicennia germinans43, and Laguncularia 
racemosa44. Moreover, the hyperspectral separation of 
semiarid mangroves at the leaf level is also ideal  
during this period35. Furthermore, Asbridge et al.45 
found that a decrease in reflectance during the  
dry season can be directly linked to canopy stress  
and the start of senescence, pointing to  
mangrove physiological stress for some genera such as 

 
 

Fig. 4 — The reflectance of the original and normalized RGB orthomosaic channels for each analyzed class during the dry season 
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Avicennia and thus achieving accurate classification 
results. 

The identification of the saltpan class, characterized 
by the unique colouration that distinguishes it from  
the canopies of the three main mangrove species,  
namely Rhizophora mangle, Avicennia germinans, and 
Laguncularia racemosa, was a relatively straightforward 
task. Specifically, separating the red and green channels 
in the RGB histograms further facilitated this process. 
However, identifying Avicennia germinans presented a 
considerable challenge due to the faint colouration of its 
leaves46, making it difficult to differentiate from the 
surrounding saltpan areas. Similarly, there have been 
reports that the saltpan and water classes can be easily 
identified in ALOS PALSAR18 and ALOS-247 radar 
images due to the marked difference in the backscatter 
of the signal between the saltpan and the mangrove 
canopy. 

There are also some challenges associated with the 
use of visible UAV data with machine learning 
algorithms. One of the main issues is the sheer 
volume of data that needs to be processed22. Ultra-
high-spatial resolution images can take up a lot of 
storage space and require substantial processing 
power to analyze. Additionally, the accuracy of 
machine learning algorithms can be affected by 
factors such as lighting conditions, weather, and the 
angle of the UAV, as seen in the different ortho 
images used during the year. 

A key goal in using machine learning algorithms for 
mangrove species classification is to ensure that the 
algorithms are accurate and reliable37. This requires 
careful training and validation data selection and 
accurate algorithm parameters selection to ensure  
that it does not over-fit the data or makes incorrect 
classifications48. Despite these challenges, machine 
learning algorithms offer a powerful tool for mangrove 
species classification. They are expected to become 
increasingly important as more data is available and 
algorithms become more sophisticated. With the  
help of these algorithms, researchers can gain a deeper 
understanding of mangrove ecosystems and the species 
that inhabit them, which can be critical for conservation 
efforts and for understanding the impacts of climate 
change on these important ecosystems. 
 
Conclusion 

Based on the results, the SVM algorithm achieved an 
accuracy of 85 % for DS, 61 % for WS, and 57 % for 
RS. In comparison, the RF algorithm achieved 
accuracies of 80 % for DS, 77 % for RS, and 63 % for 

WS, and the ANN algorithm recorded accuracies of 71 
% for DS, 65 % for RS, and 57 % for WS. The findings 
of this study indicate that the SVM algorithm proves to 
be a more appropriate and effective approach for 
classifying UAV-based mangrove data at the pixel level, 
particularly during the dry season. The efficiency of the 
SVM in handling complex visible UAV datasets enables 
accurate identification and differentiation of the three 
mangrove species, showcasing its potential as a feasible 
tool in ecological monitoring. It is important to note  
that, despite normalizing the RGB channels and 
applying the speckle filter, the visible data showed 
minimal differentiation between the Rhizophora  
mangle and Laguncularia racemosa species. Thus, it is 
recommended to use multispectral data, particularly 
from the near-infrared channels. The findings provide 
valuable insights into the capabilities and limitations of 
the machine learning algorithms in the context of 
mangrove analysis. 
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