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Abstract: This research explores the application of Support Vector Machine (SVM) and Digital Surface Models
(DSM) derived from Unmanned Aerial Vehicle (UAV) data for a vertical-horizontal classification of mangrove
ecosystems in Tongke-tongke and Samataring Village. The study focuses on integrating high-resolution DSM
subtracted from Digital Terrain Models (DTM) to classify mangrove vegetation into sixteen distinct vertical-
horizontal classes based on vegetation type and elevation. The analysis revealed that older mangroves,
particularly those within the 25-35 meters elevation range, dominate the landscape, accounting for 43.40% of
the total classified area. This dominance suggests a mature and ecologically stable mangrove ecosystem, which
is crucial for biodiversity conservation and carbon storage. The study demonstrates the effectiveness of SVM
and UAV technologies in providing detailed and accurate ecological assessments of mangrove forests. The
classification results contribute valuable insights into the structural diversity and health of mangrove
ecosystems, facilitating targeted conservation and management strategies. Additionally, the research
highlights the utility of advanced remote sensing and machine learning techniques in enhancing the precision
of environmental monitoring and the assessment of carbon sequestration capabilities within mangrove
ecosystems. The findings underscore the potential of UAV-based remote sensing for ecological studies, offering
a replicable method for similar assessments in other regions, thereby supporting global environmental
management and climate action initiatives.
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1. Introduction

Mangrove ecosystems are crucial in global carbon cycling and coastal protection, particularly in
archipelagic nations like Indonesia, which boasts a vast mangrove coverage across its 17,504 islands
[1]. These ecosystems are pivotal for biodiversity, providing essential services such as habitat for
various marine species, protection against erosion, and substantial carbon sequestration capabilities.
The mangrove forests of Tongke-tongke and Samataring in Sinjai District are dominated by species
like Rhizophora mucronata and Rhizophora apiculata, which are particularly noted for their high
carbon storage potential above and below ground. Recent research highlights that these mangroves
store an average of 125.48+93.48 Mg C/ha above ground and 60.23+44.87 Mg C/ha below ground,
underscoring their significant role in mitigating climate change effects [1].

The advent of high-resolution remote sensing technologies, including unmanned aerial vehicles
(UAVs), presents new methodologies for assessing these ecosystems more accurately and efficiently.
Traditional field methods for measuring vegetative carbon stocks are labor-intensive and prone to
errors, particularly in challenging terrains like mangrove forests [2,3]. UAVs equipped with advanced
photogrammetric sensors not only offer rapid data collection but also enable precise estimations of
biomass and structural attributes of forests from a vertical-horizontal perspective [4].

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Despite the advantages of UAVs in environmental monitoring, the interpretation of high-
resolution imagery for accurate classification and analysis of mangrove vegetation remains a
significant challenge. Traditional visual interpretation methods are subjective and often result in
lower accuracy and reproducibility. This limitation hampers the ability to effectively monitor and
manage these critical habitats [5]. To address this, there has been a shift towards utilizing machine
learning algorithms, which can handle complex image attributes and improve the accuracy and speed
of data interpretation significantly.

Support Vector Machine (SVM) algorithms, in particular, have shown promise in the field of
remote sensing for their robustness in handling non-linear and high-dimensional data, essential for
the nuanced interpretation required in mangrove ecosystems [6]. By integrating SVM with UAV-
derived data, researchers can potentially overcome the limitations of manual image classification
methods, leading to more accurate, reproducible, and efficient ecological assessments [7].

The integration of UAV technology with SVM algorithms for mangrove vegetation analysis
offers a compelling solution to traditional challenges. Recent studies demonstrate UAVs' capability
to produce high-resolution Digital Surface Models (DSMs), Digital Terrain Models (DTMs), and
orthomosaics, which are crucial for accurate height and biomass estimation [8]. This data, when
processed through SVM, allows for a detailed, layered interpretation of mangrove health and
structural characteristics, providing insights into both horizontal spread and vertical growth
patterns.

Further, by decoupling UAV-based sensing in vertical and horizontal dimensions, researchers
can achieve a more comprehensive analysis of mangrove ecosystems. This approach allows for the
precise classification of different mangrove species and their health status, facilitating targeted
conservation efforts [9,10]. Additionally, the use of Enhanced Navigation with Satellite
Augmentation Systems further improves the positional accuracy of UAVs, essential for high-stakes
ecological monitoring [11].

This methodological advancement also enables the mapping of previously inaccessible areas,
showcasing UAVs' versatility and broad applicability in remote sensing applications beyond
traditional forestry settings [12,13]. By leveraging these technological innovations, environmental
scientists can monitor mangrove dynamics more effectively, contributing significantly to the field of
ecological conservation.

Despite the advancements in UAV and SVM technologies for environmental monitoring, gaps
remain in their application specifically to mangrove ecosystems in Southeast Asia. Most studies have
focused on temperate or less complex forest structures, with fewer insights into intricate mangrove
root systems and their unique spectral signatures [14,15]. Moreover, while UAV and SVM
applications have been explored broadly, their integration for the dual analysis of mangrove canopies
and root zones in vertical-horizontal planes remains underexplored. This research seeks to fill these
gaps by adapting UAV-SVM methodologies specifically to the complex and varied structures of
mangrove ecosystems in Indonesia.

The primary objective of this study is to develop and validate a vertical-horizontal interpretation
model using UAV data and SVM algorithms to enhance the accuracy of mangrove vegetation
classification in Tongke-Tongke, Indonesia. This research hypothesizes that the machine learning
approach, specifically the use of SVMs, will significantly improve the classification accuracy of high-
resolution UAV imagery compared to traditional manual interpretation methods. The study will
focus on the high-resolution image capture and photogrammetric processing using UAVs to generate
DSMs, DTMs, and orthomosaics. This novel approach is anticipated to provide a more detailed and
accurate analysis of mangrove biomass and structure, thus contributing substantially to the
conservation and management strategies for these critical ecosystems.

2. Materials and Methods

2.1. Study Area

The research is conducted in the mangrove areas of Tongke-Tongke and Samataring villages,
located in Sinjai Regency, South Sulawesi Province, Indonesia. Positioned at approximately
120°16'30" E longitude and 5°9'0" S latitude, these areas are about 220 km away from Makassar City,
the capital of South Sulawesi, and 7 km from the center of Sinjai District. This study focuses on
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mapping these regions to understand the ecological importance and carbon storage capacity of the
mangroves. The detailed maps provided in Figure 1 help illustrate the layout and extent of the
mangrove forests within the study zone, facilitating a deeper understanding of their environmental
significance.

Legend
Study Area

fard
SER

MAP INDEX

e

Inex Map of South Sulawes|

My
o0

g Du_m“!“runuﬁrs_l,\___ "

Figure 1. Map of research area.

2.2. Field Data Collection

Field data collection was conducted in July and December 2022. High-resolution imagery was
captured using a Phantom 4 RTK-GNSS UAYV, which offers superior positioning accuracy and
efficiency compared to UAVs without RTK-GNSS capabilities. The integration of RTK-GNSS
technology in UAVs enhances positional accuracy and efficiency significantly, as supported by
studies that demonstrate the enhanced spatial accuracy and efficiency of UAV-derived imagery
[16,17]. The Phantom 4 RTK provides higher accuracy in georeferencing, elevation measurements,
and topographic mapping due to its real-time kinematic (RTK) capabilities [18-21]. By integrating
multi-frequency GNSS receivers, the Phantom 4 RTK achieves centimeter-level precision, enhancing
the quality of photogrammetric models and topographic surveys [22-24]. The use of RTK-GNSS
technology in UAVs like the Phantom 4 RTK enables accurate coastal mapping, structure-from-
motion photogrammetry, and large-scale topographic mapping [25-27]. The RTK functionality
significantly improves the accuracy of UAV-based measurements, making it a valuable tool for
various applications requiring precise positioning and georeferencing [28,29].

2.3. Remote Sensing Data Acquisition

Remote sensing data acquisition was conducted using UAV Phantom 4 RTK-GNSS, followed by
the analysis of orthomosaics to produce high-resolution images. This analysis generated images with
a resolution of 7.03 cm/pixel and a Digital Surface Model (DSM) with a resolution of 14.01 cm/pixel.
Orthomosaics derived from UAV data are instrumental in obtaining high-resolution multispectral
images and DSMs using ArcGIS Pro. By integrating RGB and multispectral sensor data, UAV-based
orthomosaics and DSMs provide detailed information useful for various applications such as land
cover classification and vegetation assessment [30-32]. Combining orthomosaic images with DSM
data enhances the accuracy of land cover classification, especially when using Convolutional Neural
Networks (CNN) [31]. The exceptional spatial resolution of orthomosaics and DSMs allows for
precise monitoring of vegetation changes over time [32,33]. These datasets highlight the versatility
and effectiveness of orthomosaics derived from UAV data in ArcGIS Pro for geospatial analysis and
remote sensing applications. For more details, refer to Figure 2.
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Figure 2. a) High resolution image from ortho mosaic with resolution 7.03 cm/pixel, b) DSM with
resolution 14.01 cm/pixel.

2.4. Horizontal Interpretation

Horizontal interpretation involves analyzing high-resolution images obtained from UAVs using
the Support Vector Machine (SVM) classifier in ArcGIS Pro. SVM is a supervised classification
method ideally suited for segmented raster input but can also handle standard imagery. The process
is structured into clear, sequential steps to ensure effective classification of various land cover types,
including different mangrove stages and other land features. Steps for Horizontal Interpretation:

1. Develop training samples based on a predetermined image classification plan. This includes
categories such as old mangroves, middle-aged mangroves, young mangroves, non-mangrove
areas, water bodies, and open land.

2. Perform segmentation on the high-resolution UAV images to prepare them for detailed
classification. This step breaks down the large images into manageable segments that highlight
distinct features necessary for accurate classification.

3. Use the SVM classifier to categorize the segmented images based on the training samples. For
each class, input a set number of 1000 samples to ensure robustness in the classification results
and input the segmented image into the SVM classifier to begin the classification process.

By leveraging the capabilities of SVM in ArcGIS Pro, researchers can accurately classify
mangrove types and other land cover categories. The SVM method has shown high effectiveness in
remote sensing applications, particularly in the classification of mangrove species and land cover
mapping [34-37]. Integrating SVM with high-resolution multispectral images and Digital Surface
Models (DSMs) allows for precise delineation and classification of mangrove areas. Known for
minimizing errors and handling complex classification tasks, the SVM algorithm significantly
enhances the accuracy of identifying different mangrove species and land cover classes. This
precision is crucial for effective ecosystem monitoring and management, providing valuable insights
into mangrove dynamics and supporting conservation and sustainable land use practices
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2.5. Vertical Interpretation Using Height Tree

Vertical interpretation involves classifying tree heights by calibrating the Digital Surface Model
(DSM) using a subtraction method where the Digital Terrain Model (DTM) is subtracted from the
DSM derived from UAV imagery. The DTM, representing the bare earth without any objects, is
obtained from processing using the Pixel Editor tool in ArcGIS Pro, ensuring precise terrain
representation. This method effectively delineates the actual height of the terrain and the vegetation.
Here are the steps for Vertical Interpretation:

1. Acquire DSM and DTM from UAV-derived imagery: The DSM captures the earth's surface
including all objects on it, while the DTM processed through Pixel Editor in ArcGIS Pro represents
the bare earth.

2. Subtract the DTM from the DSM: This step isolates the height of objects above the ground,
primarily focusing on tree heights. The subtraction method aids in estimating tree height, canopy
size, and biomass growth, crucial for various ecological assessments.

3. Classify the resulting data into height categories: The data is categorized into five height ranges:
0-5m, >5 - 15m, >15 - 25m, >25 - 35m, and >35 - 40.56m. These categories facilitate understanding
different forest layers or vegetation densities.

By utilizing UAV-derived DSMs and DTMs, researchers can achieve precise height estimations
vital for applications such as habitat extent assessment, carbon loss estimation, and topographic
change detection. Integrating the DSM-DTM subtraction method with UAV data and advanced
photogrammetric techniques provides a robust framework for vertical interpretation and accurate
height determination in environmental and geospatial studies, enhancing our understanding and
management of ecological systems.

2.6. Combine Horizontal and Vertical Interpretation

Combining horizontal and vertical interpretation involves creating a new class by overlaying
horizontal and vertical analysis data. This process aims to develop a vertical-horizontal interpretation
model to enhance the accuracy of mangrove vegetation classification. By integrating both spatial
distribution (horizontal interpretation) and height information (vertical interpretation), this approach
facilitates a detailed understanding of the mangrove ecosystem. The ultimate goal is to
comprehensively assess the distribution and structure of the mangrove vegetation, as well as the
carbon reserves stored in the ecosystem based on the types and heights of the trees. This combined
method provides a more accurate and holistic view of the mangrove habitats, supporting effective
management and conservation practices.
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Figure 3. Research framework for Develop a Vertical-Horizontal Interpretation Model.
3. Results and Discussion

3.1. Horizontal Interpretation Using Support Vector Machine

The application of Support Vector Machine (SVM) for the classification of mangrove vegetation
using high-resolution UAV imagery has produced detailed insights into the distribution of mangrove
stages in the Tongke-tongke area, as depicted in Figure 4 and quantified in Table 1. The classified
areas are predominantly occupied by old mangrove cover, which spans 35.432 hectares, representing
62.94% of the total classified area. This substantial presence of mature mangroves indicates a well-
established and potentially stable mangrove ecosystem. Additionally, the presence of younger
mangrove stages, covering 1.381 hectares (2.45%) for young mangrove and 15.538 hectares (27.60%)
for middle-aged mangrove, suggests ongoing natural regeneration and successful reforestation
efforts within the region.
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Figure 4. Interpretation result using support vector machine.

Table 1. Area of Horisontal Classification.

Number Horizontal Classification Area (hectares) Percentage
1 Old Mangrove 35.432 62.94
2 Young Mangrove 1.381 245
3 Middle Mangrove 15.538 27.60
4 Non-Mangrove 1.206 2.14
5 Open Land 0.448 0.80
6 Water 2.293 4.07
Grand Total (hectares) 56.297

The use of SVM in vegetation classification is well-documented, with its ability to handle
complex, segmented raster inputs as well as standard imagery proving effective in various
environmental applications. The classification of different growth stages of mangroves and the
distinction between mangrove and non-mangrove areas highlight the method's robustness and
sensitivity to spectral variations in the imagery [35,38]. Studies like those by Cao et al. in 2018 and
Jiang et al. in 2021 have successfully employed SVM for classifying mangrove species using UAV
hyperspectral imagery, demonstrating the algorithm's precision in distinguishing between species
based on subtle spectral differences [36,39]. The comparative effectiveness of SVM against other
algorithms, such as Random Forest, further showcases its superior performance in reducing
classification errors and enhancing mapping accuracy [40,41].

The dominance of old mangrove in the classified areas underlines the ecological stability and
maturity of the mangrove forests in Tongke-tongke, which are crucial for carbon sequestration and
coastal protection. The findings from this study using SVM classification provide a reliable method
for ongoing monitoring and management of mangrove ecosystems. The ability of SVM to accurately
classify mangrove stages supports targeted conservation strategies, allowing for focused restoration
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in areas showing less regenerative success. Furthermore, the integration of SVM with UAV
technology not only enhances the accuracy of ecological assessments but also offers a scalable
solution for environmental monitoring, which can be replicated in other mangrove-rich regions
globally. This contributes significantly to our understanding and management of these critical
ecosystems, with potential applications extending to biodiversity conservation, climate change
mitigation, and habitat restoration.

3.2. Vertical Interpretation Using Height Tree (DSM as Real High)

Digital Surface Models (DSMs) derived from UAV photogrammetric data were converted into
Digital Elevation Models (DEMs) with elevation ranges from 39.4779 m to 79.5572 m, as shown in
Figure 5a. The real terrain height was calculated by subtracting the Digital Terrain Model (DTM) from
the DSM, depicted in Figure 5b, which isolates the actual heights of above-ground objects such as
vegetation and structures. The adjusted DSM provides an accurate representation of tree and
vegetation heights without the influence of ground elevation.

120180 12041830 1018 12079650

@

5o o

m o m
s

&

&

L

SN
FER
SR

Lo L v [

o0

- - B
§ 7 . I =
Legend - : - % }
H 95672 . Legend i
- i i

’} w High : 405572
— Low : 39.4779 *

(a) o lowi & (b)

LE
L
SN

b,

s

12067 120483

Figure 5. a) DSM from UAVs image, b) DSM as real high.

The DSM, once adjusted for real heights, was classified into five vertical categories based on tree
height: 0 — 5 m, >5- 15 m, >15 - 25 m, >25 — 35 m, and >35 — 40.56 m, as depicted in Figure 6 and
summarized in Table 2. The predominance of the >25-35 m class, covering 38.284 hectares or 68.00%
of the total area, suggests a region with relatively tall trees, indicative of a mature or fertile mangrove
ecosystem. This classification shows significant vertical stratification, with 13.61% of the area hosting
very tall trees (>35 m). Areas with lower tree heights (0-5 m), covering 4.87% of the total area, likely
represent newly developing regions or zones with lower vegetative growth.
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Figure 6. Vertical classification using data DSM (Tree Height).

Table 2. Area of Vertical Classification Using DSM (Tree Height).

Number  Vertical Classification Area (hectares) Percentage
1 0-5m 2.744 4.87
2 >5-15m 0.125 0.22
3 >15-25m 7.480 13.29
4 >25-35m 38.284 68.00
5 >35 - 40.56 m 7.663 13.61
Grand Total (hectares) 56.297

The detailed classification of tree height using DSM and DTM techniques underscores the
capability of UAV technology to provide essential data for environmental monitoring and ecological
management. The dominance of tall trees (>25 m) in the studied area can be associated with healthy
forest dynamics and suggests robust ecological functioning, important for biodiversity, carbon
sequestration, and habitat stability. The findings from this UAV-based study offer practical insights
into the health and structure of the mangrove forests, which are crucial for planning conservation
and sustainable management practices.

The ability to map vertical structure accurately enables better assessment of forest biomass and
carbon stocks, supporting efforts to mitigate climate change through carbon capture. The utilization
of UAV technology, as shown in this study, is particularly effective in rugged terrains and mixed
species stands, offering a cost-effective and rapid assessment tool compared to traditional ground-
based or manned aerial surveys. This approach not only aids in the ongoing conservation efforts but
also provides a replicable model for similar ecological assessments globally, enhancing our capacity
to monitor and manage critical natural resources effectively.

3.3. Combine Interpretation Using SVM and Height Tree (DSM — DTM)

Utilizing Support Vector Machine (SVM) and Tree Height data (derived from DSM minus DTM)
for vertical-horizontal interpretation, this analysis generated sixteen classes based on combinations
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of vegetation type and elevation. This classification, depicted in Figure 7 and summarized in Table 3,
provides a comprehensive snapshot of the distribution and structure of mangrove vegetation across
various elevation ranges in the regions of Tongke-tongke and Samataring.
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Figure 7. Horizontal and vertical interpretation.

Table 3. Area of Vertical-Horizontal Classification Mangrove in Tongke-tongke and Samataring

Village.
Number  Vertical-Horizontal Class Area (hectares) Percentage
1 Old Mangrove, Elevation >35 - 40.56 m 7.606 13.51
2 Old Mangrove, Elevation >25 - 35 m 24.436 43.40
3 Old Mangrove, Elevation >15 - 25 m 3.390 6.02
4 Middle Mangrove, Elevation >15 - 25 m 2.194 3.90
5 Middle Mangrove, Elevation >25 - 35 m 13.241 23.52
6 Middle Mangrove, Elevation >5 - 15 m 0.102 0.18
7 Young Mangrove, Elevation >15 - 25 m 1.368 243
8 Young Mangrove, Elevation >5 - 15 m 0.010 0.02
9 Young Mangrove, Elevation 0 - 5 m 0.003 0.01
10 Non-Mangrove, Elevation >15 - 25 m 0.528 0.94
11 Non-Mangrove, Elevation >25 - 35 m 0.607 1.08
12 Non- Mangrove, Elevation >35 - 40.56 m 0.057 0.10
13 Non- Mangrove, Elevation >5 - 15 m 0.013 0.02
14 Non- Mangrove, Elevation 0 - 5 m 0.0004 0.001
15 Open Land, Elevation 0 - 5 m 0.448 0.80
16 Water, Elevation 0 -5 m 2.293 4.07
Grand Total (hectares) 56.297

The class of old mangroves with elevations between 25 - 35 meters is the most dominant,
covering an area of 24.436 hectares, or 43.40% of the total classified area. This indicates that older


https://doi.org/10.20944/preprints202406.0254.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 5 June 2024 d0i:10.20944/preprints202406.0254.v1

11

mangroves within this height range are the most extensive component of the ecosystem, as observed
in Figure 7 and Table 3. Studies like those by Zhu et al. in 2022 and Beselly et al. in 2021 emphasize
the importance of integrating mangrove age classification and stand height information for
understanding mangrove ecosystems [42,43]. These taller and older mangroves likely contribute
significantly to carbon storage, which is supported by findings from Sugiatmo et al. in 2023 and Aye
et al. in 2022 that highlight the relationship between stand height, mangrove biomass, and their
carbon sequestration capacities [44,45].

The detailed vertical and horizontal classification of mangroves facilitates a deeper
understanding of the ecological dynamics and health of mangrove forests. The predominance of older
and taller mangrove stands in significant areas suggests a mature ecosystem, which is crucial for
biodiversity, carbon storage, and coastal protection. These insights are invaluable for mangrove
conservation and management, enabling targeted actions to preserve and enhance these critical
coastal ecosystems.

Moreover, the integration of UAV technology and sophisticated analysis techniques like SVM
provides a powerful toolset for accurately mapping and assessing mangrove ecosystems. This
approach not only supports current conservation efforts but also enhances our ability to predict and
mitigate the impacts of environmental changes on mangrove forests. Accurate data on mangrove
structure and carbon stocks, as provided by this study, are essential for effective environmental
management and for meeting global climate objectives by quantifying and enhancing the carbon
sequestration potential of these vital ecosystems.

4. Conclusions

This study utilized Support Vector Machine (SVM) and Digital Surface Model (DSM) subtraction

from Digital Terrain Models (DTM) to perform a detailed vertical-horizontal classification of
mangrove ecosystems in Tongke-tongke and Samataring Village. The comprehensive classification
generated sixteen distinct classes of mangrove vegetation, which varied by type and elevation,
revealing significant insights into the ecological structure and health of these areas.
The findings highlighted the dominance of older mangrove classes at elevations between 25 to 35
meters, constituting 43.40% of the total classified area. This predominance indicates a mature and
stable mangrove ecosystem, which is vital for biodiversity conservation, carbon storage, and
protection against coastal erosion and storm surges. The vertical and horizontal classification
provided by this study enables a nuanced understanding of the mangrove ecosystem, aiding in
effective management and conservation strategies. The application of UAV technology and SVM in
this research has proven to be highly effective, offering a cost-effective and precise method for
ecological monitoring and management. The ability to accurately measure and analyze mangrove
height and density supports ongoing efforts to assess and enhance carbon sequestration capabilities,
contributing to broader environmental management and climate mitigation goals. This study
underscores the importance of integrating advanced remote sensing technologies and machine
learning techniques to enhance the accuracy and efficiency of environmental conservation efforts
globally.
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