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Abstract: Mangrove forests are one of the ecosystems with the richest biodiversity and the highest 
functional value of ecosystem services in the world. For mangrove research, it is particularly 
important to facilitate mangrove mapping, plant species classification, biomass and carbon sink 
estimation using remote sensing technologies. Recently, more and more studies have combined 
unmanned aerial vehicles and remote sensing technology to estimate plant traits and the biomass of 
mangrove forests. Various multispectral and hyperspectral data are used to establish various 
vegetation indexes for plant classification, and data models for biomass estimation and carbon sink 
calculation. This study systematically reviews the use of remote sensing and unmanned aerial 
vehicles in mangrove studies during the past three decades based on 2,424 peer-reviewed papers. By 
synthesizing these studies, we identify the pros and cons of different indices and models developed 
from remote sensing technologies by sorting out past cases. Specifically, we review the use of remote 
sensing technologies in mapping the past and present area, plant species composition, biomass of 
mangrove forests and examines the threats to the degradation of mangrove forests. Our findings 
reveal that there is increasing integration of machine learning and remote sensing to facilitate 
mangrove mapping and species identification. Moreover, multiples sources of remote sensing data 
tend to be combined to improve species classification accuracy and enhance the precision of 
mangrove biomass estimates when integrated with field-based data. 

Keywords: mangrove forests; remote sensing; carbon sinks; biomass; unmanned aerial vehicles; 
degradation 
 

1. Introduction 

Mangroves are ecosystems located along tropical and subtropical coastlines, renowned for their 
exceptionally high value in providing ecosystem services [1]. These services include carbon 
sequestration and long-term burial, providing nursery habitats for various benthic organisms and 
nearshore fisheries, stabilizing coastlines, supporting ecological restoration, and promoting 
sustainable eco-tourism [2,3]. Mangroves serve as the first natural barrier against natural disasters 
such as cyclones, tsunamis and extreme tidal surges [4]. Moreover, mangroves possess immense 
potential for carbon sequestration, storage and export, offering invaluable contributions to mitigating 
the impacts of climate change [5,6]. In recent decades, global climate change and human activities in 
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coastal regions have driven the conversion of mangroves into various other land use types, such as 
agricultural land, aquaculture ponds, and urban development [7].  

Mangrove biomass is a crucial indicator for assessing mangrove productivity, ecosystem 
functions, and sustainable development. Although field-based measurements provide accurate 
estimates on mangrove biomass, they often require substantial investments of labour and logistic 
support, and cannot provide timely estimates. Consequently, an increasing number of studies have 
been estimating mangrove biomass by using satellite remote sensing technology [8]. It offers broad 
coverage, quick access, and low costs for the precise measurement [9,10], mapping [11,12], and 
monitoring of mangrove biomass [13]. Combining remote sensing with machine learning models 
enables efficient and accurate estimation of mangrove biomass and carbon sequestration over 
different spatio-temporal scales [14]. In earlier studies, satellite remote sensing typically relies on 
passive sensing technologies, which are often affected by weather conditions, cloud cover, tidal 
conditions, and satellite orbital constraints. These constraints make it challenging to obtain high-
quality satellite imagery [15]. However, the acquisition and utilization of mangrove-related imagery 
and spectral information have reached unprecedented precision and efficiency [16,17] with the 
integration of active remote sensing, Light Detection And Ranging (LiDAR) technology, 
multispectral and hyperspectral imaging, as well as the synergistic use of satellites and Light 
Detection And Ranging (LiDAR). 

Globally, extensive research has been done on mangrove biomass and carbon sequestration, 
with a noticeable increasing trend in recent years. As our understanding of mangroves deepens, an 
increasing number of blue carbon studies have emerged. The term blue carbon was coined in 2009 
and has since gained recognition and importance [18]. Given the widespread global distribution of 
mangroves and the varying conditions across countries, research projects and methodologies also 
exhibit significant diversity.  

Remote sensing tools can integrate field survey data more effectively to establish allometric 
equations for accurately estimating the aboveground carbon storage of mangroves. Multispectral and 
hyperspectral remote sensing imagery, synthetic aperture radar (SAR), and LiDAR can successfully 
map the distribution and species composition of mangrove ecosystems. These technologies offer 
advantages such as cost-effectiveness, controllable accuracy, and are able to cover larger areas more 
efficiently compared to traditional field surveys [19,20]. Remote sensing and unmanned aerial 
vehicles (UAVs) have significant potential in monitoring changes in mangrove extent [21,22], 
assessing various plant characteristics [23,24] (e.g., tree height and leaf area index) and predicting the 
degradation of mangrove forests [25]. However, these advanced technologies also have inherent 
limitations. The spectral similarity among different mangrove species makes species identification 
challenging, and the high density of vegetation overlap further exacerbates this difficulty [26].  

Earlier satellite remote sensing data cover large areas and are relatively easy to acquire. 
However, the spatial resolution of these satellites is generally not very high, and data are often limited 
by the satellite’s fixed orbit and operational cycle. Mangroves typically grow in intertidal regions, 
makes it challenging to obtain satellite imagery at low tide conditions. In contrast, drones have 
emerged as a promising alternative for mapping mangroves due to their flexibility, portability, and 
high data quality [31,32]. The high spatial resolution offered by drone imagery bridges the gap 
between large-scale satellite monitoring and on-the-ground field surveys, providing a crucial link for 
advancing species classification and mapping mangrove extent [30,33,34].  

For example, Zhu et al. [35] combined Landsat-8 imagery with Multiple Altimeter Beam 
Experimental Lidar (MABEL) data to generate a tree height map with a spatial resolution of 30 
meters. Wang et al. [36] estimated the total height and above-ground biomass (AGB) of mangroves 
in Hainan Island by integrating field plot data, UAV-LiDAR data, and Sentinel-2 imagery. At present, 
most research relies on satellite imagery as the primary data source, with drone data serving as a 
supplementary tool. However, both types of data can be combined to supplement each other, 
improving the accuracy of estimating mangrove biomass, species classification, and carbon stock 
predictions. 
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Earlier satellite remote sensing often relied on manual interpretation, which was prone to 
significant errors and subjective biases from interpreters. However, advancements in technology over 
recent decades have transformed this approach. The integration of unmanned aerial vehicle (UAV) 
technology with machine learning algorithms and supervised classification methods has enabled 
more accurate classification of mangrove species and improved mangrove mapping. Despite these 
advancements, a review of the literature reveals that few studies have systematically summarized 
the application of UAV data and machine learning algorithms in mangrove ecosystem research. In 
particular, there is a notable gap in studies focusing on two key areas: the accuracy of mangrove 
species classification using different machine learning algorithms and the assessment of mangrove 
degradation. 

To address this research gap, this review summarizes past studies related to estimate mangrove 
biomass, plant traits, species composition, as well as mangrove mapping based on satellite and drone 
remote sensing. The objectives of this study include: 1) Reviewing the advancements in predicting 
mangrove biomass and carbon dynamics using remote sensing and drone LiDAR technologies, and 
summarizing their pros and cons. 2) Summarizing the performance of mainstream machine learning 
algorithms in mangrove species classification and compares their respective strengths and 
limitations. 3) Investigating the causes of mangrove degradation through remote sensing 
technologies. 4) Highlighting the development and future trends of integrating new technologies, 
such as remote sensing, drones, and machine learning in mangrove ecological research. This review 
underscores the critical role of satellite and drone remote sensing in global mangrove studies and 
establishes the importance of remote sensing technologies in studying mangroves. Meanwhile, this 
study summarizes the current limitations of remote sensing technologies and discusses the potential 
for integrating drone technology with remote sensing, highlighting how their combined use could 
enhance the accuracy of estimating mangrove biomass and mapping mangroves. 

2. Materials and Methods 

2.1. Data Collection 

The analytical data for this study were collected from the online database ‘Web of Science’. The 
specific search terms include the article retrieval period (from January 1, 1990, to October 1, 2024), 
article topics, and article language. Detailed information is provided in Table 1. 

Table 1. Detailed search information. 

Criteria Search terms 

Topic 

“Mangrove AND UAV” OR “Mangrove AND Unmanned Aerial Vehicle” OR “Mangrove 
AND remote sensing” OR “Mangrove AND multispectral” OR “Mangrove AND 
hyperspectral” OR “Mangrove AND Landsat” OR “Mangrove AND Gaofen” OR “Mangrove 
AND GF” OR “Mangrove AND sentinel” OR “Mangrove AND LiDAR” 

Publication 
Date 

January 1990 to October 2024 

Language English 

The Web of Science (WoS) primarily covers fields such as natural sciences, engineering, and 
medicine and includes a large number of English-language journals. As a result, it is a suitable 
database for this study. However, WoS also has certain limitations. Specifically, it contains relatively 
few non-English publications, particularly those in Russian and French, which may lead to the 
omission of important regional research findings. Additionally, WoS relies on searches based on 
titles, abstracts, and keywords, rather than the full text of articles, which may limit the precision of 
retrieval results. To mitigate these limitations, this study employs topic-based search queries, 
ensuring that the selected search terms are as broad as possible to maximize the number of relevant 
articles retrieved. 
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2.2. Data Analysis  

A total of 2,424 articles were retrieved, including 2,060 journal articles (84.983%), 68 review 
papers (2.805%) and 358 conference papers (14.769%). From 1990 to 2024, there has been a continuous 
increase in the number of papers in the area of mangrove remote sensing. Figure 1 indicates that the 
number of publications from 2010 to 2024 is 2,124 (87.62%), whereas it was only 300 (12.38%) from 
1990 to 2009. This stark contrast highlights that papers published after 2010 dominate studies on 
remote sensing of mangroves. As a result, this review primarily focuses on recent publications to 
elaborate on the applications of remote sensing in mangrove research. In terms of both publication 
quantity and citation frequency, papers on mangroves based on UAV and satellite remote sensing 
are currently increasing. These data indirectly confirm the feasibility and vast potential of remote 
sensing technologies in mangrove research. 

 
Figure 1. Publications and Citations related to mangrove remote sensing from 1990 to 2024. 

In terms of the author nationalities, China plays a disproportionately important role in studying 
mangroves using remote sensing technologies. Scholars from China (647 articles from mainland 
China, 4 from Hong Kong and 30 from Taiwan) ranked first during 1990 - 2024, followed by scholars 
from the United States and India (Figure 2). Although the area of mangroves in China is 
approximately 30,000 hectares, accounting for only 0.2% of the global mangrove area [37], this does 
not dampen the enthusiasm of Chinese researchers. 

The growing number of studies on remote sensing of mangroves is closely linked to China's 
carbon peak and carbon neutrality goals. This is because mangrove ecosystems have become a 
research hotspot, primarily due to their carbon sequestration capacity, which is an order of 
magnitude greater than that of terrestrial forests. Notably, Asia has emerged as the primary region 
for mangrove ecosystem research. This is attributed to two key factors: on one hand, Southeastern 
Asian countries have extensive mangrove coverage, and on the other hand, they host the highest 
diversity of mangrove species globally, making the region the center of global mangrove distribution 
[37]. These unique characteristics have attracted researchers from around the world to Asia, 
particularly Southeastern Asian countries, to study mangrove ecosystems. 
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Figure 2. Cumulative numbers of publications based on UAV and satellite remote sensing across top 10 countries 
(panel a), the publication numbers by continent (panel b). 

2.3. Technical Approach 

A review of the papers indicates that mangrove ecosystem research generally follows a similar 
technical approach (Figure 3). This approach typically integrates satellite remote sensing data, UAV 
data, and field survey data, followed by visualization of the data through specialized software. 
Increasingly, researchers are combining traditional software with machine learning methods. This is 
because machine learning techniques are more effective in overcoming the subjectivity of visual 
interpretation, thus improving the accuracy of the output products. Although machine learning offers 
significant advantages in handling large-scale datasets, the models and parameters developed are 
typically applicable only to specific study areas. This results in a lack of portability for these models 
and parameters, meaning that for each new research area, the models must be re-established, and 
parameters must be set according to the specific conditions of that area. 
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Figure 3. Technical approach for mangrove ecosystem research based on satellite and UAV remote sensing. 

3. Predicting Mangrove Biomass and Carbon Dynamics 

Recently, the capacity of mangroves to store large amounts of carbon has gained significant 
attention [5,38-40]. Donato et al. [38] estimated that soil carbon stocks account for 49-98% of the total 
carbon stored in mangroves. Therefore, accurately estimating the spatial distribution of mangrove 
soil carbon stocks is a critical step in assessing the impacts of climate change and human activities on 
mangrove carbon storage, and evaluating the climate mitigation potential of these ecosystems [41]. 

Jardine et al. [42] developed a predictive model based on soil carbon stocks compiled from the 
meta-analysis of Chmura et al. [43], Kristensen et al. [44], and Donato et al. [38]. These three studies 
collectively include data from over 900 samples collected from 28 countries/regions, which accounts 
for 64.4% of the global mangrove area. Jardine et al. [42] used both parameter-based predictive 
models and machine learning algorithms. They identified annual precipitation as the most significant 
predictor for soil carbon stocks, followed by distance from the equator and geographic region. Based 
on their model predictions, Jardine et al. [42] generated a high-resolution, spatially explicit global 
dataset of mangrove soil carbon concentrations. This dataset contributes to ongoing mangrove 
conservation efforts and provides important scientific input for future conservation initiatives.  

Numerous studies related to mangrove biomass and carbon stock estimation have been 
undertaken, typically through field surveys [45-47]. However, field survey methods are only 
applicable to specific locations or local-scale studies. At the global scale, mangrove biomass and 
carbon sequestration are typically estimated from upscaling methods, wherein the average mangrove 
biomass density obtained from field surveys is multiplied by the total mangrove area [48]. 
Additionally, geographic information system (GIS) systems collect geospatial data through remote 
sensing, GPS, field surveys, sensors, and databases. These geospatial data collected by geographic 
information system (GIS) technologies can be utilized to estimate mangrove biomass and carbon 
stocks [49,50]. Advances in geospatial technologies have enabled the increasing availability of 
georeferenced datasets with fine spatial resolution, suitable for large spatial scales. When integrated 
with field survey data, these geospatial datasets provide robust support for the estimation of 
mangrove biomass and carbon storage.  

Giri et al. [51] produced the first global mangrove map using remote sensing data by combining 
automated and manual classification techniques applied to over 1,000 Landsat scenes acquired 
between 1997 and 2000. Although this effort resulted in a global-scale map, the product did not 
provide highly accurate information and represented only a single temporal snapshot, failing to 
capture the critical spatiotemporal dynamics of mangrove ecosystems. Hutchison et al. [52] proposed 
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a climate-based model to estimate global mangrove biomass based on temperature and precipitation 
data for mangrove regions. In addition to climate-based models, allometric models can be employed 
to estimate mangrove biomass and carbon sequestration by using canopy height as a key allometric 
variable [45,53]. This approach is particularly useful because canopy height can be obtained from 
satellite sensors, significantly reducing data acquisition challenges. For instance, Fatoyinbo et al. [49] 
applied an allometric model to estimate mangrove biomass in Africa based on canopy height, which 
was extracted through an overlay analysis of GIS-based Shuttle Radar Topography Mission (SRTM) 
data and mangrove extent data classified from Landsat imagery. 

Even though remote sensing technology has brought great convenience to research, field 
surveys still remain the most fundamental and accurate method for obtaining aboveground biomass 
(AGB) measurements of mangroves at local scales [54-58]. However, when applied to larger scales, 
this approach is both time-consuming and costly [59,60]. Additionally, due to the muddy terrain and 
unique structural characteristics of mangroves, field surveys in these regions are much more 
challenging than in other terrestrial ecosystems. 

In Table 2, we compared the advantages and disadvantages of traditional field surveys with 
those of UAVs and remote sensing. While field surveys are indispensable for mangrove research, 
remote sensing offers a cost-effective means of acquiring large-scale optical data. When properly 
processed, these data can supplement field survey measurements and improve estimates of 
mangrove biomass and carbon sequestration. However, certain inherent limitations remain. For 
instance, Saenger et al. [45] highlighted the problems of the upscaling approach, which estimates 
AGB from field sample averages and then extrapolates to larger areas by multiplying the total 
mangrove coverage. This method can introduce significant discrepancies between the estimated and 
actual biomass. Despite these problems, remote sensing is useful due to the advantages if offers in 
generating large-scale biomass maps with lower economic and labor costs. Another challenge lies in 
the use of allometric models, which are essentially regression-based empirical formulas and 
inherently contain a degree of error. When these models are applied to large spatial scales, the 
cumulative effect of such errors can significantly impact the accuracy of estimating biomass and 
carbon sequestration. Although these uncertainties are inevitable, advancements in remote sensing 
and the integration of high-precision UAV imagery are expected to enhance the accuracy of assessing 
mangrove biomass and carbon stocks. 

Table 2. Comparison between traditional field investigation and unmanned aerial vehicles and remote 
sensing. 

Traditional field investigation UAV-LiDAR & RS 
Able to measure diameter at brest height, 
tree height and biomass of individual tree 

Limited by resolution, difficult to obtain detailed 
information on individual plants 

Destructive Non-destructive 
Small-scale, limited by logistics and time, 
only covers local sites 

Large scale, suitable for regional or global 
monitoring 

Affected by tides, weather, and terrain; some 
areas are difficult to access 

Affected by cloud cover and atmospheric 
interference, especially in tropical and coastal 
regions 

High cost, due to labor, transportation, and 
equipment expenses 

Low cost (some satellite data is free), but high-
resolution data may be paid 

Suitable for small-scale, high-precision 
studies such as species identification and soil 
analysis 

Suitable for large-scale, long-term monitoring such 
as mangrove range changes and ecosystem health 
assessment 

In summary, the use of satellite remote sensing and unmanned aerial vehicles (UAVs) has 
significantly advanced research on mangrove carbon sequestration. Satellite imagery allows for 
systematic, periodic monitoring of vast mangrove regions, making it particularly suitable for regional 
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or global carbon stock assessments. UAVs, on the other hand, can capture centimeter-level imagery 
and LiDAR data, which greatly improves the accuracy of estimating canopy height, structure, and 
biomass. However, these indirect methods of data acquisition also present considerable limitations. 
For instance, there is an inherent subjectivity in data interpretation, particularly in species 
classification and biomass modeling. Moreover, current remote sensing techniques struggle to extract 
information on low-stature mangrove species or understory vegetation, which affects the overall 
accuracy of carbon stock estimation. 

4. Mangrove Mapping and Species Identification 

There are various methods for studying mangrove mapping and classification. Early traditional 
techniques that required field-based classification were challenging, inefficient, and time-consuming 
due to dense canopies of mangrove forests and the muddy conditions [61]. This direct field-based 
approach can also be disruptive to mangrove trees. In contrast, remote sensing technology allows for 
the collection of ground spectral information without direct contact [62]. Additionally, it can be 
integrated with machine learning algorithms, overcoming the limitations of traditional methods such 
as visual interpretation, pixel-based classification, and object-based classification. These methods are 
often subjective, inefficient, or fail to capture spatial information effectively [63,64]. Machine learning 
algorithms have become a powerful tool in research [65,66] with their ability to handle complex data 
and extract non-linear relationships. 

4.1. Support Vector Machine (SVM) 

The SVM method is a machine learning approach based on Vapnik–Chervonenkis Dimension 
theory and the structural risk minimizing principle [67]. It attempts to locate an optimal hyperplane 
that maximizes the margin between two classes in high-dimensional space, and has been applied in 
remote sensing image classification [68-70]. For two linearly separable samples, this classifier 
classifies data by finding an optimal hyperplane that separates all of the data points of one class from 
those of another class. The hyperplane only needs a few samples to be determined and constructs 
support vectors. For two non-linearly separable samples, the classifier maps the vector from the low- 
to high-dimensional space using a kernel function [71]. The SVM applies well and can transform non-
linear problems to linear problems by constructing a discrimination function in high-dimensional 
space. Therefore, it is not influenced by sample dimensions and can avoid the curse of dimensionality 
[72].  

From Table 3, it is evident that the SVM classification model generally achieves an overall 
accuracy of over 70%, indicating that the SVM method is relatively reliable for classifying mangrove 
species. Moreover, in many experiments, the overall accuracy exceeds 90%, demonstrating very high 
classification performance. A review of the literature reveals that classification accuracy is strongly 
correlated with the mangrove species in the experimental area and the type of satellite data used. For 
single data types, the classification accuracy of hyperspectral imagery generally exceeds that of 
multispectral imagery, due to the higher spectral resolution of hyperspectral data. Multiple 
experiments have also demonstrated that combining multi-source satellite imagery can, to some 
extent, improve classification accuracy. For example, Zhen et al. [28] used the SVM method to classify 
mangrove species in their study area using Radarsat-2 and Landsat-8 as data sources. The results 
showed that when using Radarsat-2 imagery alone, the overall accuracy was only 53.4% with a Kappa 
coefficient of 0.46. When using Landsat-8 imagery alone, the overall accuracy increased to 83.5% with 
a Kappa coefficient of 0.80. However, when the two datasets were combined, the overall accuracy 
reached 95%, and the Kappa coefficient increased to 0.95. 
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Table 3. Summary of species classification results by SVM. 

Study Area Study 
Time Data Species OA Kappa Reference 

Sundarbans 
Biosphere 

Reserve, India 
(40%) and 

Bangladesh 
(60%) 

2021 

Landsat 8 OLI 
(multispectral 

30m)、 
Hyperion 

(hyperspectral 
30m)、 

Sentinel-2 data 
(multispectral) 

AA、AM、

AO、AR、
BC、BG、

CD、CE、
EA、PP、SA 

76.42% 
81.98% 
79.81% 

0.71 
0.78 
0.75 

[7] 

Dongzhaigang, 
China 

2018 

Radarsat-2 (SAR)
、Landsat-8 

(multispectral 
30m) 

NA 

53.4% 
83.5% 
95%  

(combin
ed data) 

0.46 
0.80 
0.95 

[28] 

Hainan Island, 
China 

2022 

Landsat-5 TM 
(30m)、Landsat-8 
OLI (multispectral 

30m） 

NA 
94.2% 
（2021
） 

0.82 [74] 

Thuraikkadu 
Reserve Forest 

area, India 
2014 

Hyperion 
(hyperspectral 
30m)、Earth 
Observing -1 

(hyperspectral 
30m) 

NA 73.74% 0.62 [75] 

Mai Po Nature 
Reserve, HK, 

China 
2021 

Worldview 3 
(hyperspectral 

30m)、LiDAR data 

AC、AI、
AM、KO、

AI、SA 
84% 0.81 [76] 

Indonesia 2021 

SPOT 
4(multispectral 

20m)、Sentinel 2B 
(multispectral) 

NA 89% 0.86 [77] 

OA: Overall accuracy; NA: Not available. AA: Avicennia alba; AM: Avicennia marina; AO: Avicennia officinalis; 
AR: Avicennia rotundifolia; BC: Bruguiera cylindrica; BG: Bruguiera gymnorhiza; CD: Ceriops decandra; CE: 
Casuarina equisetifolia; EA: Excoecaria agallocha; PP: Phoenix paludosa; SA: Sonneratia apetala; AC: Aegiceras 
corniculatum; AI: Acanthus ilicifolius; KO: Kandelia obovata; KOAI: Kandelia obovata & Acanthus ilicifolius. 

The advantages of SVM [73] include: 1) Better classification performance when dealing with 
high-dimensional and complex data, 2) High generalization capacity, 3) High flexibility in choosing 
different kernel functions to fit different data structures. On the other hand, disadvantages of SVM 
include: 1) High computational complexity and long training time, 2) More sensitive to the choice of 
parameters and kernel functions, 3) Not applicable to large-scale datasets. 

4.2. Random Forest (RF) 

The RF regression algorithm is a nonparametric statistical estimation method that explores the 
complex nonlinear relationships between dependent and predictive variables [78]. The basic theory 
of RF regression model involves the building of numerous decision trees [79], and subsequently 
calculating the final predicted value by averaging the predicted values of all trees [80]. 

RF is the most widely used machine learning algorithm in mangrove remote sensing research 
due to its mature technology and high classification accuracy. As seen in Table 4, studies using RF 
typically achieve overall classification accuracies above 80%, with some even reaching 95% or 98%. 
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These results highlight that RF has significant potential for species classification, achieving 
exceptionally high classification precision in certain specific study areas. For instance, Shen et al. [81] 
performed mangrove species classification using data from Sentinel-2, Sentinel-1, and ALOS-2. 
Sentinel-2 provided optical remote sensing data, while Sentinel-1 and ALOS-2 were radar remote 
sensing satellites. The overall classification accuracies achieved by these three different data sources 
were 92.67%, 39.67%, and 30.33%, respectively. This comparison clearly demonstrates that SAR data, 
when used alone, often cannot yield ideal classification results for mangrove species. 

Table 4. Summary of species classification results by RF. 

Study Area Study 
Time 

Data Species OA Kappa Reference 

Fujian 
Zhangjiangkou 

National Mangrove 
Nature Reserve, 

China 

2023 

GF-2 PMS image 
(hyperspectral 8m)、

GF-3 polarimetric 
SAR data & UAV-

LiDAR Data 

KO、AC、

AM、SA 91.43% 0.89 [30] 

Fucheng Town, 
Guangdong 

Province, China 
2023 

GF-1 (hyperspectral 
8m)、GF-3(SAR)、

Sentinel-2 
(multispectral)、

Landsat-9 

SA、KO、

AM 
88.47% 0.81 [29] 

Yingluo Bay, 
Guangxi, China 2024 

UAV Multispectral、
Hyperspectral Image 

data 

BG、RS、
AM、AC、

EA、HT、
SA 

80.5% 
95.73% 

0.77 
0.95 [27] 

Dongzhaigang 
National Nature 

Reserve & 
Qinglangang 

Provincial Nature 
Reserve, Hainan 

Island, China 

2022 
Sentinel-2 data 

(multispectral) & 
UAV-LiDAR data 

RS、CT、
AM、BS、
LR、EA、

SS 

85.6% 
91.61% 

0.79 
0.86 [83] 

Gaoqiao Mangrove 
Reserve, China 

2023 

Sentinel-2 
(multispectral)、

Sentinel-1 (SAR)、
ALOS-2 (SAR) 

NA 
92.67% 
39.67% 
30.33% 

0.915 
0.302 
0.194 

[81] 

Malad creek, India 2022 WorldView-2 
(multispectral, 1.5m) AM 88.64% 0.86 [84] 

Guyana 2024 

 Landsat-8 OIL 
(multispectral 30m)、

Sentinel-2 MSI 
(multispectral) & 
Sentinel-1 SAR  

NA 95% NA [85] 

Sirik, southern Iran 2023 UAV data RM、AM 98% 0.97 [86] 
OA: Overall accuracy. KO: Kandelia obovata; AC: Aegiceras corniculatum; AM: Avicennia marina; SA: 
Sonneratia apetala; RS: Rhizophora stylosa; BG: Bruguiera gymnorhiza; EA: Excoecaria agallocha; HT: Hibiscus 
tiliaceus; CT: Ceriops tagal; BS: Bruguiera sexangula; LR: Lumnitzera racemosa; SS: Sonneratia spp.; RM: 
Rhizophora mucronata. 

The advantages of RF [82] include the following: 1) Its ability to handle overfitting and improve 
accuracy, 2) flexibility in both classification and regression problems, 3) the capacity to handle both 
categorical and continuous values, and 4) the capability to manage large datasets with higher 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 April 2025 doi:10.20944/preprints202504.2116.v1

https://doi.org/10.20944/preprints202504.2116.v1


 11 of 24 

 

dimensions. On the other hand, the disadvantages of RF include: 1) sensitivity to small changes in 
the data, 2) complex computations, and 3) poor adaptation to high-dimensional sparse data. 

4.3. Extreme Gradient Boosting (XGBoost) 

XGBoost is a gradient tree boosting method developed by Chen and Guestrin in [87] that has 
some improvements over regular GBM. Some of the unique features of XGBoost that make it more 
powerful are regularization (i.e., helping to avoid overfitting), a tree pruning parameter by using 
Maximum Tree Depth (MTD) to specify tree depth initially and pruning tree backward instead of 
pruning on loss criteria. These advantages lead to better computation performance and parallelism 
which is the design of block structure for parallel learning to enable faster computation [88]. The 
XGBoost algorithm is relatively new and has not yet been widely studied in remote sensing image 
classification tasks that combine spectral and spatial features. In mangrove research, it is still in the 
early stages of application. However, as shown in Table 5, the overall classification accuracy of 
mangrove species using this algorithm can exceed 90%, which is higher than that of RF and SVM 
algorithms. This indicates the tremendous potential of the XGBoost algorithm in mangrove species 
classification research. 

The advantages of RF [82] include the following: 1) Its ability to handle overfitting and improve 
accuracy, 2) flexibility in both classification and regression problems, 3) the capacity to handle both 
categorical and continuous values, and 4) the capability to manage large datasets with higher 
dimensions. On the other hand, the disadvantages of RF include: 1) sensitivity to small changes in 
the data, 2) complex computations, and 3) poor adaptation to high-dimensional sparse data. 

Table 5. Summary of species classification results by XGBoost. 

Study Area 
Study 
Time 

Data Species OA Kappa Reference 

Guangxi, 
southwestern 

China 
2023 

UAV 
Hyperspectral 
Data & UAV-
LiDAR Data 

SA、AI、CM、

AC、KO 
96.78% 0.9596 [89] 

The core zones 
of the ZMNNR, 

China 
2024 

WV-2 image  
(multispectral, 

1.5m) & OHS data 
(hyperspectral, 
10m) & ALOS-2 

data (SAR) 

AM、KO、SA、

RS、BG、AC 
94.02% NA [90] 

Gaoqiao 
Mangrove 

Reserve, China 
2023 

Sentinel-2 
(multispectral)、
Sentinel-1 (SAR)
、ALOS-2 (SAR) 

NA 
92.33% 
36.67% 
33.67% 

0.912 
0.268 
0.235 

[81] 

Yingluo Bay, 
China 

2024 
UAV 

Hyperspectral 
data 

BG、RS、AM、

AC、EA、HT、
SA 

94.26% 0.93 [27] 

Yingluo Bay, 
China 

2024 
UAV 

Multispectral data 
80.37% 0.77 [27] 

OA: Overall accuracy. SA: Sonneratia apetala; AI: Acanthus ilicifolius; AC: Aegiceras corniculatum; KO: 
Kandelia obovata; CM: Cyperus malaccensis(non-mangrove species); AM: Avicennia marina; SA:Sonneratia 
apetala; RS: Rhizophora stylosa; BG: Bruguiera gymnorhiza; EA: Excoecaria agallocha; HT: Hibiscus tiliaceus. 

4.4. Other Machine Learning Methods 

In addition to machine learning algorithms such as SVM, RF, and XGBoost, many other 
algorithmic models have also been applied in remote sensing-based mangrove research (Table 6). 
While these algorithms are not yet as widely adopted as the more established methods, they 
demonstrate unique strengths and potential in addressing specific challenges within mangrove 
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studies. This untapped potential highlights the need for further exploration and development by 
researchers to fully leverage their capabilities in this field. 

Over the past two decades, several decision-tree-based boosting algorithms have been 
introduced, paving the way for data analysis. Adaptive boosting (AdaBoost), Gradient boosting 
machine (GBM), XGBoost, and Light gradient boosting machine (LightGBM) are among the methods 
that fall under the category of Boosting techniques in ML. XGBoost and LightGBM methods are 
examples of next-generation ML algorithms and have been used in RS in recent years [92-94].  

Table 6. Summary of species classification results by other ML methods. 

Study 
Area 

Study 
Time 

Data 
Machine 
Learning 

Algorithms 
Species OA Kapp

a 
Reference 

Fucheng 
Town, 

Guangdon
g Province, 

China 

2023 

GF-1 
(hyperspectra
l 8m)、GF-3 

(SAR)、
Sentinel-2  

(multispectral
)、Landsat-9 

Extremely 
Randomized 
Trees (ERT) 

SA、

KO、

AM 
90.13% 0.84 [29] 

Yingluo 
Bay, China 

2024 
UAV 

Hyperspectra
l data 

AdaBoost 

BG、RS
、AM
、AC、

EA、

HT、
SA 

82.96% 0.79 [27] 

Yingluo 
Bay, China 

2024 
UAV 

Hyperspectra
l data 

LightGBM 97.15% 0.97 [27] 

Yingluo 
Bay, China 2024 

UAV 
Multispectral 

data 
AdaBoost 60.05% 0.56 [27] 

Yingluo 
Bay, China 

2024 
UAV 

Multispectral 
data 

LightGBM 80.96% 0.78 [27] 

Qi’ao 
Island, 

Guangdon
g, China 

2015 
Worldview-2 
(multispectral

, 1.5m) 

Back 
Propagation 

Artificial 
Neural 

Network (BP 
ANN) 

KO、

SA 
87.68% 0.82 [91] 

Gaoqiao 
Mangrove 
Reserve, 

China 

2023 

Sentinel-2 
(multispectral
)、Sentinel-1 

(SAR)、
ALOS-2 
(SAR) 

LightGBM NA 
92.33% 

37% 
33.67% 

0.912 
0.272 
0.208 

[81] 

OA: Overall accuracy. SA: Sonneratia apetala; KO: Kandelia obovata; AM: Avicennia marina; AC: Aegiceras 
corniculatum; AM: Avicennia marina; RS: Rhizophora stylosa; BG: Bruguiera gymnorhiza; EA: Excoecaria 
agallocha; HT: Hibiscus tiliaceus. 

Currently, in remote sensing-based mangrove research using satellites and UAVs, there is no 
specific method that can be definitively identified as the best for mangrove species classification. This 
is because many factors can influence classification accuracy, and variations in locations, species 
composition, data types. The algorithms used also make it difficult to establish a direct comparison 
of classification accuracy across studies. SVM and RF were once the most widely used algorithms for 
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mangrove species classification [29,95]. However, both RF and SVM have limited processing 
capabilities when applied to hyperspectral images or training samples with high noise levels. In 
contrast, XGBoost not only offers high accuracy and efficient computation but also has the advantage 
of handling imbalanced datasets, providing superior performance compared to RF [87].  

Overall, classifications based on the combination of optical and radar data achieve higher 
accuracy compared to models trained on single datasets. When using the same machine learning 
algorithm, the classification accuracy is directly related to the data type, with hyperspectral data 
generally outperforming multispectral data, which in turn surpasses SAR data. Although radar 
remote sensing can provide more accurate spatial information with its strong penetration capabilities 
and useful polarization information, the classification accuracy is often suboptimal when using SAR 
data alone. 

The utilization of various remote sensing data has significantly expanded the scope of mangrove 
research while reducing the difficulty of data acquisition. Remote sensing methods have largely 
replaced traditional field sampling, minimizing human interference with mangrove ecosystems and 
greatly facilitating mangrove research. 

4.5. Accuracy Assessment of Machine Learning Algorithms 

After applying various machine learning algorithms in mangrove-related research, accuracy 
assessment is required to evaluate the accuracy and reliability of the results. A confusion matrix is a 
visual tool commonly used for image classification accuracy assessment, as it compares the 
consistency between the actual ground truth and the model’s classification results to determine the 
relevant coefficients. This method is particularly valuable in remote sensing-based mangrove 
research, where data from satellites and UAVs are analyzed. The confusion matrix generally includes 
four key accuracy metrics, i.e., producer accuracy, user accuracy, overall accuracy, and the Kappa 
coefficient. These metrics provide a comprehensive evaluation of model performance. Some studies 
suggest that when both producer accuracy and user accuracy are greater than 85%, the identification 
of a species can be considered reliable [78]. Conversely, Wang et al. [29] mentioned that the producer 
accuracy and user accuracy for three mangrove species were both below 75%, indicating lower 
reliability in species identification. 

As shown in Table 7, optical remote sensing combined with machine learning algorithms (RF, 
SVM) can achieve high classification accuracy, typically ranging from 80% to 95%. In contrast, 
classification accuracy using SAR data is generally lower. However, integrating different sensors 
(optical sensors, UAV-LiDAR, SAR) can significantly enhance classification accuracy. RF is generally 
the optimal choice, particularly when supported by high-resolution data (Sentinel-2, UAV-LiDAR), 
where classification accuracy can exceed 90%. Other emerging machine learning algorithms, such as 
XGBoost and LightGBM, demonstrate classification accuracy comparable to RF. Nevertheless, as 
these algorithms are still in the developmental stage, their widespread adoption remains limited 
compared to the well-established RF algorithm, and available comparative data are relatively scarce. 
Looking ahead, the development of emerging machine learning algorithms and their integration with 
high-resolution UAV and satellite remote sensing data will undoubtedly be a key research focus and 
direction in the future. 

By comparing the overall accuracy and Kappa coefficient of different data combinations or 
models, one can assess the classification accuracy of mangrove species for specific experiments using 
various models or data combinations. For instance, Wang et al. [83] compared the accuracy of UAV-
LiDAR and Sentinel-2 data when used separately and in combination. When combined, the overall 
accuracy reached 85.6% and 91.61% in two different research sites, respectively. In contrast, the 
overall accuracy for Sentinel-2 data alone was 80% and 80.42%, while for UAV-LiDAR data alone, the 
overall accuracy was 77.6% and 75.52%. Their experiment showed that the combination of both 
datasets provided higher accuracy. However, due to the different experimental locations, the overall 
accuracy for the same data combination varied, likely because of differences in mangrove species at 
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both sites. These findings demonstrate that the combined use of both datasets leads to an 
improvement in classification accuracy compared to using either dataset individually.  

Table 7. Comparison of classification accuracy among different machine learning algorithms. 

Study Area Study 
Time 

Data 

Machine 
Learning 
Algorith

ms 

Species OA Kapp
a 

Referen
ce 

Sundarbans 
Biosphere Reserve, 

India (40%) and 
Bangladesh (60%) 

2021 

Landsat 8 
OLI 

(multispectr
al 30m)、 
Sentinel-2 

data 
(multispectr

al) 

SVM 

AA、AM
、AO、

AR、BC
、BG、

CD、CE
、EA、

PP、SA 

76.42% 
79.81% 

0.71 
0.78 
0.75 

[7] 

Dongzhaigang, 
China 

2018 

Radarsat-2 
(SAR)、

Landsat-8 
(multispectr

al 30m) 

SVM NA 

53.4% 
83.5% 
95%  

(combi
ned 

data) 

0.46 
0.80 
0.95 

[28] 

Dongzhaigang 
Nature Reserve & 

Qinglangang 
Nature Reserve, 

China 

2022 

Sentinel-2 
data 

(multispectr
al) 、 
UAV-

LiDAR data 

RF 

RS、CT、
AM、BS
、LR、
EA、SS 

85.6% 
91.61% 

0.79 
0.86 

[83] 

Gaoqiao 
Mangrove 

Reserve, China 
2023 

Sentinel-2 
(multispectr

al)、
Sentinel-1 
(SAR)、
ALOS-2 
(SAR) 

RF 

NA 

92.67% 
39.67% 
30.33% 

0.915 
0.302 
0.194 

[81] XGBoost 
92.33% 
36.67% 
33.67% 

0.912 
0.268 
0.235 

LightGB
M 

92.33% 
37% 

33.67% 

0.912 
0.272 
0.208 

OA: Overall accuracy. AA: Avicennia alba; AM: Avicennia marina; AO: Avicennia officinalis; AR: Avicennia 
rotundifolia; BC: Bruguiera cylindrica; BG: Bruguiera gymnorhiza; CD: Ceriops decandra; CE: Casuarina 
equisetifolia; EA: Excoecaria agallocha; PP: Phoenix paludosa; SA: Sonneratia apetala; RS: Rhizophora stylosa; 
BS: Bruguiera sexangula; LR: Lumnitzera racemosa; SS: Sonneratia spp, CT: Ceriops tagal. 

Yang et al. [27] conducted an experiment using the same data and four machine learning 
algorithms to evaluate their performance in mangrove species classification. Their findings revealed 
that in both multispectral and hyperspectral data sources, a consistent ranking of algorithm 
performance was obtained: LightGBM (OA=80.96%/97.15%) > RF (OA=80.5%/95.73%) > XGBoost 
(OA=80.37%/94.26%) > AdaBoost (OA=63.05%/82.96%). These results highlighted that hyperspectral 
data generally provides more effective spectral information for mangrove species classification than 
multispectral data within the same study area, significantly improving classification accuracy. 
However, it is important to note that this trend may vary for specific species, depending on their 
unique spectral characteristics. 
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Overall, the combination of hyperspectral data with LightGBM or XGBoost is among the most 
effective approaches currently used for mangrove species classification. While RF remains a robust 
and reliable option, particularly suitable for studies with moderate sample sizes or relatively 
balanced class distributions, future advancements could focus on integrating multiple algorithms 
(such as through ensemble learning) and incorporating field sampling to enhance model 
generalizability. A major challenge is that current machine learning models often perform well within 
specific study areas or datasets but struggle to generalize across different regions. Additionally, 
classification accuracy is often limited when relying on a single data source. To address these 
limitations, combining multispectral, hyperspectral, SAR, and LiDAR data can offer richer 
biophysical information, improving the discrimination of spectrally similar mangrove species. 
Furthermore, incorporating ecological priors—such as species distribution patterns, environmental 
preferences, and zonation dynamics—into the machine learning pipeline can improve 
interpretability and ecological validity, fostering more robust and meaningful classifications. 

5. Mangrove Degradation 

With the increasing recognition of the ecological functions of mangrove ecosystems across 
various sectors of the society [96], particularly following the 2004 Indian Ocean tsunami, a global 
surge in the protection and restoration of mangroves was initiated. These efforts have resulted in a 
significant reduction in the rate of global mangrove loss, with the rate of decrease in global mangrove 
extent slowing from 1%-2% per year to 0.16%-0.39% [97-99]. This marks a critical turning point in 
global mangrove conservation efforts.  

Mangroves provide a wide range of valuable ecosystem goods and services, playing a 
particularly crucial role for residents of Small Island Developing States (SIDS), who heavily depend 
on these ecosystems for their livelihoods and well-being. For these communities, mangroves serve as 
a vital source of energy, construction materials for housing, and medical resources [100]. However, in 
SIDS, mangrove expansion is often constrained by limited land availability, coastal development, and 
insufficient sediment supply [101], which exacerbates their vulnerability to environmental changes. 
Beyond SIDS, mangrove ecosystems globally are facing mounting environmental challenges. These 
challenges are compounded by rising sea levels, ocean acidification, and the increasing frequency of 
extreme marine events—such as El Niño, La Niña, and nuclear wastewater discharge [102]. Given 
these threats, large-scale monitoring of mangrove degradation and mortality has become increasingly 
critical. 

Wang et al. [37] found that in recent years, the global extent of mangroves has significantly 
decreased, with land reclamation and aquaculture ponds being the primary drivers. In addition to 
these drivers, urbanization, pollution, and extreme climate events have also contributed to the 
widespread decline and even mortality of mangrove ecosystems. Thomas et al. [103] further 
highlighted that between 1996 and 2010, no regions within the global mangrove range remained 
completely intact, with human disturbances or mangrove clearance observed at each site. The most 
common causes of human-induced changes were the conversion of mangroves into aquaculture 
ponds or agriculture land which account for 11.2% of all mangrove losses, particularly in Southeast 
Asia. Deforestation was another significant cause, almost exclusively occurring in Southeast Asia. 
These regions experienced the majority of losses and degradation, largely due to the widespread 
prevalence of aquaculture activities. 

Rossi et al. [104] reported large-scale mangrove dieback in Abaco Island, as observed by local 
fishermen. They constructed a time series of live mangrove vegetation coverage and maximum 
annual Normalized Difference Vegetation Index (NDVI) NDVI from 1989 to 2013 to determine the 
onset of mangrove dieback. Their results suggested that herbivory might have facilitated the spread 
of the disease responsible for the dieback at the studied site. Carruthers et al. [106] found that extreme 
sea level rise led to mangrove dieback in the Maldives. The average rise in sea level caused prolonged 
exposure of mangroves to seawater, resulting in a significant influx of saltwater which likely 
increased pore water salinity [108]. As salinity exceeded the tolerance threshold of the mangroves, 
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sediment accumulation decreased while soil inundation increased, and salinity stress further 
intensified. Carruthers et al. [106] suggested that this mechanism created a positive feedback loop, 
which could have contributed to the observed mangrove tree mortality. 

From Table 8, it is evident that while there has been considerable research on mangrove dieback 
within specific regions, many studies did not attribute mangrove dieback to a single cause. Instead, 
it is likely that multiple factors are contributing to mangrove dieback. The primary causes most 
frequently mentioned in these studies include local herbivory [104], hurricane landfalls [110], storms 
and gusts [111], iron toxicity [112], sea level rise [113], drought [114], and herbicides [115]. Therefore, 
the underlying mechanisms of mangrove dieback remain complex and multifaceted, requiring 
further investigation. Many scholars have systematically investigated mangrove dieback events, and 
introduced new survey methods that differ from traditional field surveys. These include the use of 
NDVI monitoring, the creation of mangrove boundary maps from remote sensing images for 
comparing dieback areas, and the integration of machine learning algorithms with multi-factor 
analyses. Undoubtedly, remote sensing technology has facilitated large-scale mapping and 
increasingly detailed identification of conservation issues. Moreover, powerful datasets are 
continuously being developed and regularly updated, enabling practitioners to monitor conservation 
efforts more effectively [105]. 

Table 8. Summary of mangrove dieback. 

Study Area 
Study 
Time Data Causes of Dieback  Reference 

Abaco Island 2020 
Landsat 5 and 7 

annual NDVI 
composites 

Herbivory and disease [104] 

Over the world 2020 
Landsat  

derived dataset 

Human Activities（e.g., 
deforestation、aquaculture

） 
[105] 

Maldives 2024 
Landsat 8 OLI 

dataset & Oblique 
aerial drone image 

Sea-level rise [106] 

Kakadu 
National Park, 

northern 
Australia 

2019 

Airborne remote 
sensing data & color 
aerial photography 

photos 

The El Niño-Southern 
Oscillation (ENSO) [107] 

Pichavaram, 
India 

2022 

VHSR satellite 
images & 

meteorological 
observations data 

Likely due to hypersaline 
environment  

[109] 

Overall, mangrove degradation is rarely attributable to a single cause; it is typically the result of 
multiple interacting ecological factors. Recent technological advances, however, have transformed 
monitoring capabilities: the application of UAV and satellite remote sensing has significantly 
simplified the tracking of mangrove degradation while enabling large-scale, continuous observation. 
Crucially, when integrated with field-based ecological surveys and local ecological knowledge of 
mangrove species, these technologies allow for more precise identification of degradation drivers. 
Moving forward, research on mangrove degradation should prioritize remote sensing as a core tool, 
systematically complemented by on-the-ground ecological investigations, to establish a robust 
scientific foundation for sustainable mangrove conservation and management. 

6. Gaps and Uncertainties 
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The use of UAVs and satellite remote sensing has significantly simplified mangrove ecosystem 
research, thereby greatly advancing studies in this field. These technologies have demonstrated 
positive contributions in various aspects, including species classification, species identification, 
degradation monitoring, and biomass assessment. However, several research gaps and challenges 
persist. For instance, species classification models and the parameter settings of machine learning 
algorithms often rely on researchers’ subjective judgment, as there is no universally accepted 
standard in the field. This lack of standardization makes it difficult to transfer models developed in 
one study to another. Additionally, the diversity of datasets influences research variability, and 
higher-precision remote sensing data generally lead to more accurate classifications. For example, 
hyperspectral data typically yield higher classification accuracy than multispectral data when using 
the same algorithm. 

Despite facilitating progress in mangrove research, UAV and remote sensing data also have 
limitations. This is primarily because these methods rely on non-contact data acquisition and 
spectral information, which poses challenges in capturing certain ecological features. For example, 
field investigations of mangrove ecosystems reveal that many low-growing mangrove species exist, 
yet their biological information is often poorly represented in remote sensing data. Although UAVs 
help overcome the low spatial resolution of satellite imagery, they still have limited effectiveness in 
collecting biological data on understory vegetation within mangrove forests. 

A review of existing studies reveals that research on aboveground biomass in mangrove 
ecosystems largely relies on allometric growth equations. The typical workflow involves species 
classification, followed by the use of LiDAR technology to generate three-dimensional models of 
mangroves and obtain tree height and other structural parameters. These data, combined with field 
measurements, enable large-scale biomass estimations. However, research on belowground biomass 
using UAVs and satellite remote sensing is still in its early stages. A significant challenge lies in 
extracting soil-related data from spectral information, which remains technically complex. Moving 
forward, to ensure that UAV and satellite remote sensing technologies continue to play an 
irreplaceable role in mangrove ecology, it is essential to develop more effective machine learning 
algorithms, acquire higher-resolution optical remote sensing data, integrate multi-source data, and 
extract additional information (such as soil data) from optical remote sensing data. These challenges 
represent critical and unavoidable issues in this research field. 

In studies on mangrove degradation, remote sensing technologies offer a convenient means for 
large-scale monitoring. However, the causes of degradation are often multifaceted, involving local 
ecological conditions, global climate change, sea-level rise, and other interacting factors. As a result, 
this complexity makes it difficult to pinpoint the exact causes of degradation solely through remote 
sensing analysis. 

This study synthesizes findings from previously published academic papers. However, the 
reliance on a single database may introduce certain limitations. Furthermore, in summarizing 
machine learning algorithms for mangrove species classification, this study focuses primarily on 
mainstream algorithms, while less commonly used machine learning methods are not extensively 
covered, which represents another limitation. To address these gaps, future research should 
incorporate multiple databases to enhance the comprehensiveness of the study and strive to include 
a broader range of machine learning algorithms. 

7. Conclusions 

This study reviews various remote sensing techniques used in studying mangroves, with a 
particular focus on satellite and UAV-based remote sensing technologies. The use of machine 
learning algorithms for mangrove species classification, including but not limited to SVM, RF, 
XGBoost has been explored, with emphasis on the accuracy of classification results and the 
effectiveness of different data sources. The results indicate that combining multiple types of remote 
sensing data (e.g., multispectral, hyperspectral, and SAR data) with machine learning algorithms can 
significantly improve classification accuracy. While SAR data provides better 3D information 
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compared to optical imagery, its classification accuracy is generally lower when used alone. These 
data can also be used to monitor mangrove dieback. However, mangrove dieback is often due to 
multiple factors, making it a complex phenomenon to study and address. 

The accurate identification of mangrove species and delineation of their distribution range are 
crucial for estimating mangrove carbon stocks. Precise species classification and the determination of 
mangrove boundaries enable effective monitoring of changes in mangrove area. The application of 
satellite and UAV-based remote sensing has significantly advanced research in mangrove ecology, 
enhancing our understanding of mangrove ecosystems at both the regional and global scales. As 
complicated classification algorithms are increasingly developed and applied, future classification in 
mangrove species is expected to be improved. Future studies can more effectively map mangrove 
species distribution and identify dominant species in specific regions by selecting appropriate 
machine learning models, data types, and combining them with field sampling data. This approach 
will not only aid in mangrove conservation and restoration but also inform effective ecological 
management strategies. 
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The following abbreviations are used in this manuscript: 

LiDAR   Light Detection and Ranging 
UAV    Unmanned Aerial Vehicle 
SAR    Synthetic Aperture Radar 
MABEL   Multiple Altimeter Beam Experimental Lidar 
AGB    Above Ground Biomass 
WOS    Web of Science 
GIS    Geographic Information System 
SRTM   Shuttle Radar Topography Mission 
SVM    Support Vector Machine 
RF    Random Forest  
XGBoost   Extreme Gradient Boosting 
AdaBoost   Adaptive boosting 
GBM    Gradient boosting machine 
LightGBM   Light gradient boosting machine 
SIDS    Small Island Developing States 
NDVI   Normalized Difference Vegetation Index 
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