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ABSTRACT. Mangroves are one of the most important types of wetlands in coastal areas and perform many different functions. 
Assessing the structure and function of mangroves is a premise for the management, monitoring and development of this 
most diverse and vulnerable ecosystem. In this study, the unmanned aerial vehicle (UAV) Phantom 4 Multispectral was used 
to analyse the structure of a mangrove forest area of approximately 50 hectares in Dong Rui commune, Tien Yen district, 
Quang Ninh Province – one of the most diverse wetland ecosystems in northern Vietnam. Based on the visual classification 
method combined with the results of field taxonomic sampling, a mangrove tree classification map was established for UAV 
with three species, Bruguiera gymnorrhiza, Rhizophora stylosa, and Kandelia obovata, achieving an overall accuracy = 86.28%, 
corresponding to a Kappa coefficient =0.84. From the images obtained from the UAV, we estimated and developed maps 
and assessed the difference in tree height and four vegetation indices, including the normalized difference vegetation index 
(NDVI), green normalized difference vegetation index (GNDVI), enhanced vegetation index (EVI), and green chlorophyll index 
(GCI), for three mangrove plant species in the flying area. Bruguiera gymnorrhiza and Rhizophora stylosa reach an average 
height of 4 to 5 m and are distributed mainly in high tide areas. Meanwhile, Kandelia obovata has a lower height (ranging 
from 2 to 4 m), distributed in low-tide areas, near frequent flows. This study confirms the superiority of UAV with red edge and 
near-infrared wave bands in classifying and studying mangrove structures in small-scale areas.
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INTRODUCTION

	 With an area of approximately 7-9 million km2, 
accounting for approximately 4-6% of the land surface, 
wetlands play a very important role in human life, including 
approximately 45% of the natural value of ecosystems 
(Costanza et al. 1997; Mitsch et al. 2000). Despite the 
importance of flooding, approximately 50% of the world’s 
wetlands have been lost since the 1900s (Nicholls 2004). 
In Vietnam, mangrove areas have also been significantly 
reduced, with approximately 4/5 of the total mangrove 
area disappearing between 1943 and 2003 (IUCN 2012). 
Therefore, classification and assessment of the structure 
and status of mangroves are considered the basis for 

developing management, monitoring and conservation 
measures (Pellegrini et al. 2009).
	 Mangroves are ecosystems with a diverse level of 
salt-tolerant species composition, mainly woody trees 
commonly found in intertidal, tropical and subtropical 
coastal areas (Polidoro et al. 2010). Mangroves play a 
huge role in preventing coastal erosion, mitigating wave 
impacts, and protecting coastal habitats (Nguyen, H. H. 
et al. 2020). In addition, mangroves have other important 
functions, such as breeding and nesting grounds, shelter 
areas, nurseries, and feeding habitats (Nagelkerken et 
al. 2008). For mangrove ecosystems, the distribution 
of species is different, mainly along the slopes of tidal 
flat terrain (Watson 1925). Based on the properties and 
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capabilities of mangroves, it is possible to classify different 
mangrove biomes, thereby providing an overview of the 
types of mangrove biomes and the dominant interactions 
that form them (Saenger 2002).
	 In the past, the method of dividing cells and establishing 
cross sections was commonly used to study mangrove 
structures such as species composition, tree density and 
tree height, trunk diameter, root density, and tree height 
(Dawes 1999; Ly et al. 2016). LiDAR technology has the 
ability to provide height and canopy structure parameters 
and is also widely used in forest plant taxonomy studies 
(Andersen et al. 2005; Brennan et al. 2006; Maltamo et al. 
2004; Zhang 2020). In addition to field measurements, 
satellite images are effective tools for analysing and 
assessing the structure, function and area fluctuations of 
mangrove biomes (Nguyen, H. H. et al. 2020; Nguyen, L. D. 
et al. 2019). At Kecebing Bay, Sentinel-2 satellite imagery 
was applied to analyse the vertical and horizontal structure 
as well as the abundance of mangrove biomes (Nur W et al. 
2017). However, satellite images are often low resolution, 
leading to errors in the results of structural analysis of 
mangroves.
	 To limit the errors caused by low image resolution, 
unmanned aerial vehicles (UAV) are considered an effective 
solution for providing ultrahigh-resolution images (Bandini 
et al. 2017; Lorenz et al. 2017). UAV are capable of providing 
resolutions of up to several centimetres, allowing them 
to determine the detailed structure of forest vegetation, 
such as measuring forest canopy gaps (Nguyen, D. H. et 
al. 2021), identifying vegetation index types (Mallmann et 
al. 2020; Ngo et al. 2020), creating tree classification maps 
(Hese et al. 2019), and constructing forest routes (Buğday 
2018). With the improvement of cameras mounted on UAV, 
especially UAV with multispectral cameras, including near-
infrared wave bands, many different types of vegetation 
indices can be identified (Hunt et al. 2013). Types of UAV 
with sensors, including red-edge and near-infrared (NIR) 
wave bands, for measuring vegetation indices have 
recently been introduced in agricultural research (Yeom 
et al. 2019). Vegetation indicators are important indicators 
in determining the health status of crops and types of 
vegetation (Modi et al. 2019). For UAV data, some types of 
vegetation indicators are commonly used in vegetation 
studies, such as the normalized difference vegetation 
index (NDVI) (Pal et al. 2020; Song et al. 2020), enhanced 
vegetation index (EVI), soil-adjusted vegetation index 
(SAVI) (Rhyma et al. 2019), and soil-atmospherically resistant 
vegetation index (SARVI) (Qiao et al. 2022).
	 In addition to the ability to provide various types of 
vegetation indicators for determining the health and 
structure of vegetation, the images obtained from UAV are 
also capable of classifying tree species and determining the 
height of dominant plant biomes (Deng et al. 2022; Huang 
et al. 2019; Okojie 2017). In the wetland area of Florida, UAV 
are applied in the classification of seven land use mantle 
objects using object-based image analysis (OBIA) (Liu et 
al. 2018). In the rich Central European forest area, UAV are 
used to classify plants based on the reflection spectrum of 
each plant species with an accuracy of 78.4% (Richter et 
al. 2016). In India, UAV are also used in the classification of 
detailed coating types with up to 95% accuracy (Richter 
et al. 2016; Tiwari et al. 2020). In Luozhuang, Changziying 
town, China, the authors used images obtained from UAV 
to classify eight mantle objects, including six different tree 
species (Yunjun et al. 2019). Tree height determination 
studies from the Digital Surface Model (DSM) after image 
processing UAV were also applied in various regions 
(Huang et al. 2019). In India, UAV were tested to determine 

the height of oil palm trees (Abdullah et al. 2022). In the 
Czech Republic, UAV are used to determine the height of 
Picea abies L., Larix decidua, Pinus sylvestris, and Betula lines 
ranging from 11.42 to 12.62 m (Panagiotidis et al. 2018).
	 In addition to being able to provide ultrahigh-
resolution images, UAV also have significant advantages 
in studying the structure of mangrove vegetation. The 
images obtained from UAV are optimal methods for 
accurately mapping mangrove characteristics with canopy 
characteristics, biome types, and coverage (Kamal et al. 
2014). UAV with multispectral sensors can provide and 
determine correlations between the NDVI vegetation index, 
canopy height, and canopy coverage (Yaney-Keller et al. 
2019; Zahra et al. 2022). Combining the sensors available 
on UAV and LiDAR technology enables the detection and 
measurement of tree height and canopy diameter and the 
determination of cluster density (ma et al. 2017; Prasetyo et 
al. 2019; Yin et al. 2019). High-resolution imagery from UAV 
allows accurate identification of forest canopy gaps and 
assessment of their fluctuations over periods for mangrove 
ecosystems, thereby serving as a basis for monitoring the 
recovery of tree canopies (Lassalle et al. 2022). For wetland 
areas, the advantage of UAV is that they can be used to 
capture images actively at any time, right at local flooding 
or at low tide (Dezhi et al. 2018). However, the use of UAV in 
vegetation research also faces some limitations in adverse 
weather conditions, such as the effects of wind and rain 
conditions due to small loads (Matese et al. 2015; Nex et al. 
2014).
	 Dong Rui commune mangroves are regarded as 
one of the two most diversified mangrove habitats in 
northern Vietnam that must be properly maintained (Huan 
2021). However, past research has solely concentrated 
on measuring species composition, biodiversity levels, 
and area variations caused by aquaculture operations 
and local fishing. One of the key markers controlling 
the development of this ecosystem is the structure and 
distribution of mangrove plant species (Sarno et al. 2015). 
The use of UAV for the structural evaluation of mangrove 
ecosystems will provide a more comprehensive picture of 
the structure, variety, and species composition of wetland 
ecosystems in Dong Rui commune. In particular, this 
research has applied multispectral UAV for the first time 
in studying plant structure and classification in mangrove 
forests in Dong Rui commune. This result is the basis for 
the planning and conservation of mangrove plant biomes 
belonging to the wetland ecosystem for the Dong Rui 
commune area.
	 In this study, a Phantom 4 Multispectral UAV was 
used to photograph mangrove biomes outside the dike 
in the wetlands of Dong Rui commune, Tien Yen district, 
Quang Ninh province, Vietnam. Here, the distribution and 
structure of each plant biome from the dike to the outside 
of the estuary are markedly different. The main goal of the 
study is to determine the structure of mangrove biomes 
based on the following criteria: tree subspecies, tree height 
and several different vegetation indicators.

MATERIALS AND METHODS
Study area

	 The Dong Rui commune wetland area covers an area of 
4902 hectares, with geographical coordinates from 21°11’N 
to 21°33’N and from 107°13’E to 107°32’E (Figure 1). This is 
a coastal accretion area with low terrain, gradually moving 
to the sea and an average elevation from 1.5 meters to 3 
meters. Many places are renovated into arable land and 
aquaculture lagoons, and the rest are parrot beaches and 
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coastal dunes flooded with tidal water. The saline soil group 
dominates the research area, and the alluvial soil in the 
central area is where the local population is concentrated.
	 In estuary biomes, abundant mangroves appear in tidal 
wetlands, adapt to unstable conditions of the environment 
and are affected by low and high tides. Due to the terrain 
conditions of the narrow estuary marshes distributed along 
the riverbank, this type of carpet is a group of trees that 
grow scattered and take the form of strips. Characteristic 
plant biomes include Aegiceras corniculatum superior 
plant biomes with the plant associations of Aegiceras 
corniculatum, Kandelia obovata, Bruguiera gymnorhiza, and 
Rhizophora stylosa, Aegiceras corniculatum, and Kandelia 
obovata, and Kandelia obovata, Bruguiera gymnorhiza, and 
Rhizophora stylosa.

Flight procedures for capturing and processing UAV

	 This study used a DJI Phantom 4 Multispectral UAV with 
6 cameras combined with RTK positioners that provide a 
multispectral imaging system consisting of 1 RGB camera 
and a multispectral camera array with 5 cameras covering 

the following bands: Blue (R
b
): 450 nm ± 16 nm, Green (R

g
): 

560 nm ± 16 nm, Red (R
r
): 650 nm ± 16 nm, Red edge (R

re
): 

730 nm ± 16 nm, and Near-infrared (R
nir

): 840 nm ± 26 nm 
– all at 2 MP.
	 The UAV flight route was built with DJI GPS Pro software 
with the following flight parameters: UAV flight altitude: 60 
m; photo coverage: 80%; flight time: 7h00 to 8h00 at the 
lowest tide; flight date: July 15, 2022.
	 After flying, UAV image data will be processed using 
Pix4Dmapper Enterprise 4.4.12 software according to the 
process in Fig. 3.
 
Tree-species classification
Tree-species classification

	 Based on field surveys, a set of image sequences 
were collected from mangrove tree taxonomic samples 
consisting of three species: Bruguiera gymnorrhiza, 
Rhizophora stylosa, and Kandelia obovata. Next, the image 
interpretation key is fed into the eCognition software that 
implements the multiresolution segmentation algorithm. 
Baatz (2000) developed and used the multiresolution 

Fig. 1. Map of the location of the Dong Rui commune wetland area

Fig. 2. Flight routes for UAV
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Fig. 3. UAV image processing process
segmentation algorithm, which is a fusion technique for 
grouping regions with similar pixels and adjacent points 
into objects by considering the homogeneity criteria 
of existing pixels or image objects (Baatz et al. 2000). 
Multiresolution segmentation algorithms are based on 
the principle of maximizing uniformity in objects and 
heterogeneity between objects (Chen et al. 2019). Photo 
segmentation is used to locate objects and boundaries 
between objects (Kavzoglu et al. 2014). In the next steps, 
smaller image objects are merged into larger objects.
	 To enhance the accuracy of mangrove vegetation 
classification maps in the Dong Rui commune, this study 
used the random forest algorithm. Random forests, 
proposed by Breiman, allow the classification of forest 
trees by the regression method (Breiman L. 2001). The 
random forest algorithm includes two additional pieces of 
information: a measure of the importance of the predictor 
variables and a measure of the internal structure of the 
data (the proximity of different data points to one another). 
Currently, the random forest algorithm is widely used in 
classification, forest inventory mapping, and forest tree 
classification, helping to enhance the accuracy of different 
types of thematic maps (Francke et al. 2008; Prinzie et al. 
2007).

Map accuracy assessment

	 The error matrix (confusion matrix) between 
the classification results and the control sample was 
constructed, and the kappa coefficient (K) was evaluated. 
Kappa was first introduced in 1960 by Cohen as a reliability 
statistic when two judges classified targets into categories 
on a nominal variable (Cohen, 1960). The Kappa coefficient 
is a suitable tool for assessing the reliability of maps based 
on preliminary results and factual verification results and is 
used in many studies of remote sensing-based mapping 
(Nguyen, D. H. et al. 2022; Pardo-Iguzquiza et al. 2018).
	 Accordingly, 20% of the total number of photo reference 
samples collected in the field (corresponding to 558 photo 
reference samples) was used to assess map accuracy 

(Fig. 4). The kappa coefficient was used as a measure of 
classification accuracy. This is the utility factor of all the 
primes from the error matrix. It is the essential distinction 
between what is true about the matrix’s deviation error 
and the total number of changes reflected by the rows and 
columns. The formula for determining the kappa index is as 
follows:

	 Here, r is the number of columns in the image matrix, X
ii
 

is the number of pixels observed in row i and column i (on 
the main diagonal), X

i+
 is the total pixels observed in row i, 

and N is the total number of pixels observed in the image 
matrix.
	 The kappa coefficient is usually between 0 and 1; 
values in this range indicate acceptable accuracy of the 
classification. Kappa can be classified into three groups 
of values: K ≥ 0.8: high accuracy; 0.4 ≤ K < 0.8: moderate 
accuracy; and K < 0.4: low accuracy (US Geological Survey).

Determination of mangrove vegetation structure based 
on UAV
Determination of tree height

	 To determine the height of the mangrove biome in 
the study area, a terrain number model (DTM) and surface 
number model (DSM) (Fig. 5) were constructed from point 
cloud data from images obtained by UAV (Al-Najjar et 
al. 2019). To improve the accuracy of the DTM model, in 
addition to the GPS measurement data in the field, this 
study identified ground points directly based on forest 
canopy gaps obtained from UAV images. The tree height in 
the study area is calculated by subtracting the DSM value 
from the DTM value (Lisein et al. 2013).

(1)
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Identification of vegetation indices

	 Based on 5 monochrome spectral channels obtained after 
UAV image processing (blue (R

b
): 450 nm ± 16 nm, green (R

g
): 

560 nm ± 16 nm, red (R
r
): 650 nm ± 16 nm, red edge (R

re
): 730 

nm ± 16 nm, near-infrared (R
nir

): 840 nm ± 26 nm)), several 
vegetation indices for mangrove areas were identified, including 
the following:
	 Normalized Difference Vegetation Index (NDVI). This is an 
important indicator in studies of ecology, growth, development 
and fluctuations in plant cover. In addition, this indicator also 
contributes to warnings about crop disease status, yield and crop 
yields when combined with other indicators. The NDVI index 
has many applications in agriculture and forestry. In particular, 
applications to detect plant cover fluctuations between 
different periods on one fixed range. In addition, in the field of 
agriculture, the NDVI index also contributes to the assessment 
of crop development and the forecast of yield. The NDVI index is 
calculated by the formula (Tucker, 1979):

	 Green Normalized Difference Vegetation Index (GNDVI). 
Similar to the NDVI, the GNDVI further enhances the variability 
in chlorophyll in plant leaves. The GNDVI is calculated by the 
following formula (Hunt et al. 2013):

 	 The enhanced vegetation index (EVI) was invented 
by Liu and Huete to simultaneously calibrate the value of 
NDVI against atmospheric influence and ground reflection, 
particularly in areas with dense canopies. The value range of 
the EVI is -1 to 1; for healthy vegetation, the EVI value ranges 
between 0.2 and 0.8. The formula for calculating the EVI index 
is as follows (Huete et al. 2002):

	 Green Chlorophyll Index (GCI). In remote sensing, the green 
chlorophyll index is used to estimate the chlorophyll content 
in various plant species. The chlorophyll content reflects the 

Fig. 4. 558-point image lock diagram for map accuracy assessment

Fig. 5. Model DTM and DSM flight area capture UAV

(2)

(3)

(4)
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physiological state of vegetation; it decreases in stressed plants 
and thus can be used as a measurement of plant health. The 
GCI index is calculated by the formula (Hunt et al. 2013):

RESULTS
Mangrove tree-species classification map
Map accuracy assessment

	 Based on the 558 reference samples used to assess the 
map accuracy and classification results of each mangrove plant 
species at the UAV flying area, a matrix table was developed to 
assess the accuracy of the mangrove species classification map 
(Tab. 1).
	 Accordingly, the overall accuracy of the UAV classification 
map is 86.28%, corresponding to K=0.84 (according to formula 
1). Compared to the K range given by the US Geological Survey, 
what is the high accuracy (K ≥ 0.8).

	 For user accuracy, Kandelia obavata had the highest value, 
reaching 98.06%, and the lowest belonged to the species 
Bruguiera gymnorrhiza, with a value of only 71.88%. For producer 
accuracy, the highest value belonged to Rhizophora stylosa, 
which scored 93.69%, while Kandelia obovata had the lowest 
value, reaching 81.28% (Tab. 1). According to Table 1, only 14% 
of the total number of samples (corresponding to 8/54 samples) 
of Bruguiera gymnorrhiza were misinterpreted as Rhizophora 
stylosa. Meanwhile, 5.36% of all specimens of Rhizophora stylosa 
were misinterpreted as Bruguiera gymnorrhiza, accounting for 
17/317. For samples of the species Kandelia obovata, 18.13% 
of the total samples were misinterpreted as Rhizophora stylosa, 
corresponding to 34 of the 187 total samples of the species 
Kandelia obovata identified in the field.

Tree-species classification map

	 Based on the process of mapping mangrove vegetation 
taxonomy, taxonomic mapping was established, and the 
distribution was determined for 3 mangrove plant species, 
including Bruguiera gymnorrhiza, Rhizophora stylosa, and 
Kandelia obovata, in the UAV flight area (Fig. 6).

(5)

Table 1. Error matrix evaluates map accuracy

  Ground Reference
Total

  Bruguiera gymnorrhiza Rhizophora stylosa Kandelia obavata

Classification

Bruguiera gymnorrhiza 46 8   54

Rhizophora stylosa 17 297 3 317

Kandelia obavata 1 34 152 187

Total 64 339 155 558

User Accuracy (%) 71.88 87.61 98.06 85.85

Producer Accuracy (%) 85.19 93.69 81.28 86.72

Overall Accuracy (%) 86.28

Fig. 6. Tree-species classification map of flying areas capturing UAV
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	 In the study area, Rhizophora stylosa predominates, 
often with an alternating distribution with Bruguiera 
gymnorrhiza at high tide flats, creating vegetation 
populations that characterize not only UAV but also the 
western area of Dong Rui commune (Fig. 6). Meanwhile, 
Kendelia obovata is distributed mainly in low tide areas, 
riverine areas and areas along frequent streams (Fig. 6).
	 According to Fig. 7, the canopy coverage rate of 
Rhizophora stylosa is the highest of the 3 species identified 
in the UAV flight area, reaching 65.89% of the total area 
covered. Next, the coverage areas of Bruguiera gymnorrhiza 
and Kendelia obovata species were relatively low compared 
to Rhizophora stylosa, at 14.44% and 19.67%, respectively.

Mangrove structure
Tree height

	 Based on the established DSM and DTM models using 
UAV flight imagery data, a tree height map for the study 
area was developed (Fig. 8).
	 According to Fig. 8 and Tab. 2, the Bruguiera 
gymnorrhiza population has the largest height in the 
study area, particularly in the northern and central areas 
of the UAV (average height ranges from 4.41 ± 0.51 m). For 
Rhizophora stylosa, the height of some individuals in the 
northern region is also relatively large, and the average 

height reaches approximately 4.28 ± 0.68 m. The biome of 
Bruguiera gymnorrhiza and Rhizophora stylosa reaching an 
average height of 2 m to 4 m is concentrated mainly in 
the south and southeast of the UAV flying area, occupying 
most of the area.
	 Meanwhile, Kendelia obovata populations are 
distributed in low-tide areas at lower elevations than those 
of Bruguiera gymnorrhiza and Rhizophora stylosa, averaging 
only 3.47 ± 0.63 m. Some of the Kendelia obovata bodies 
located in the north and south of the flight area capture 
UAV with a height of only approximately 1.5 m (Fig. 8).
	 According to Figs. 6 - 8, the strong growth of Bruguiera 
gymnorrhiza and Rhizophora stylosa biomes can be seen in 
the UAV, with a predominance in both area distribution and 
tree height. Meanwhile, Kendelia obovata predominates in 
low-tide, riparian or frequent streams.

Vegetation indices of mangroves

	 According to the formula for calculating vegetation 
indices (Formulas 2-5), four maps have been developed 
showing the value of vegetation indices for UAV, including 
NDVI (Fig. 9a), GNDVI (Fig. 9b), EVI (Fig. 9c), and GCI (Fig. 9d).
	 According to Fig. 9a, areas with the distribution of 
Bruguiera gymnorrhiza and Rhizophora stylosa species have 
higher NDVI values than areas with only the distribution of 

Fig. 7. The canopy coverage ratio of 3 types of flying area plants captured by the UAV

Fig. 8. Tree height map of flying area capturing UAV
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Kendelia obovata species. In particular, areas with high NDVI 
values in the mangrove biome area have a large height 
(ranging from 4 m to 5 m) and large coverage. Similar to 
the NDVI value, the high GNDVI and EVI values in this area 
are also concentrated in the Bruguiera gymnorrhiza and 
Rhizophora stylosa biomes, which have reached a stable 
state, high height, and high coverage (Fig. 9b, 9c). For the 
GCI value, the flora consists of Bruguiera gymnorrhiza and 
Rhizophora stylosa species distributed in the south and 
northeast of the most valuable UAV flight area (Fig. 9d).
	 Based on 558 field sampling points, 4 types of vegetation 
index values (NDVI, GNDVI, EVI, and GCI) were extracted 
from each point to compare the values of vegetation 
index types between mangrove species. According to Fig. 
10, the NDVI and EVI values of Bruguiera gymnorrhiza and 
Rhizophora stylosa are similar, achieving mean values of 
0.82 and 0.76, respectively, higher than those of Kendelia 
obovata (average NDVI value reaches 0.68, EVI reaches 

0.62). The EVI of vegetation at all sampling sites was greater 
than 0.2, indicating that the state of mangrove health at 
the UAV was good. For the GNDVI value, the value of the 
above three species is relatively large, reaching between 
0.62 and 0.68, of which the highest is the species Bruguiera 
gymnorrhiza (Fig. 10). The GCI values of these three plants 
varied widely, with the mean GCI values of Bruguiera 
gymnorrhiza, Rhizophora stylosa, and Kendelia obovata 
being 4.4, 3.7, and 3.2, respectively (Fig. 10).

DISCUSSION

	 This study provides a method for classifying mangrove 
trees based on data obtained from UAV and analyses the 
mangrove structure in the Dong Rui commune based on 
height parameters and vegetation indicators determined 
by the results of multispectral UAV. This is the advantage of 
photos taken because UAV have a multispectral camera with 

Table 2. Number of individuals, mean ± standard deviation, minimum and maximum tree height

Species Number of individuals Mean height ± S.D. (m) Min. - Max. Height (m)

Bruguiera gymnorrhiza 54 4.41 ± 0.51 3.54 – 5.42

Rhizophora stylosa 317 4.28 ± 0.68 1.25 – 5.42

Kendelia obovata 187 3.47 ± 0.63 1.46 – 5.21

Fig. 9. Values of some vegetation indices in the UAV flying area
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5 monochrome wave bands (green, blue, red, red_edge, and 
NiR), allowing up to 21 different vegetation indicators to be 
identified (Hunt et al. 2013), while conventional UAV only 
mount cameras with RGB wavebands that only allow the 
identification of some vegetation indicators, such as VARI 
and TGI (Ngo et al. 2020). Analysis of vegetation indicators 
is considered an effective method in the classification and 
assessment of mangrove vegetation texture (Cao et al. 
2018).
	 Combining imaging and random forest algorithms with 
the characteristic spectra of each plant allows for enhanced 
accuracy of mangrove classification maps (Jiang et al. 2021). 
In the UAV flight area, 3 species of trees, including Bruguiera 
gymnorrhiza, Rhizophora stylosa, and Kendelia obovata, were 
classified with an overall accuracy of 86.28%, corresponding 
to K=0.84. These are 3 species of mangrove plants common 
in the tidal flat area of the Dong Rui commune. Almost all 
mangrove species are distinguishable in the visible and 
near-infrared infrared because of the dispersion in porous 
mesenchymal cells in plants (Zulfa et al. 2021; Zulfa et al. 2020). 
In addition to the image classification method combined with 
random forest terminology, the determination of chlorophyll 
content in plant leaves according to plant indicators based 
on spectroscopic measurements is also a common method 
for classifying plants (Meivel et al. 2023; Xue et al. 2009). 
Botanical indicators using a wave range from 550 nm to 730 
nm are suitable for plant classification purposes due to the 
different leaf structures of each species (Zhao et al. 2019). 
The wavelengths of 549 nm, 559 nm, 702 nm, 722 nm, 742 
nm, and 763 nm are the most sensitive to the chlorophyll of 
mangrove tree species (George et al. 2020).
	 The average NDVI value of mangrove vegetation in 
Dong Rui commune in both summer and winter ranges 
from 0.7 to 0.8, which is higher than the average NDVI value 
of mangrove forest areas in Dodola and Guraping of North 
Maluku Province (Singgalen 2022) or North Halmahera, 
Indonesia (Singgalen et al. 2021) when the average NDVI 
value in these areas is only 0.3 to 0.4. The NDVI value of 
mangroves in the Dong Rui commune is greater when 
compared to the NDVI value of the Can Gio mangrove forest 
region, a typical mangrove forest area in southern Vietnam 
(Hoa et al. 2020). Dong Rui commune mangroves have NDVI 
and GNDVI values that are comparable to those found on 
Sumatra’s eastern coast (NDVI = 0.738 and GNDVI = 0.641) 
(Samsuri et al. 2021) and greater than those found in the 
Banten, Jakarta, and West Java Ecotone Zones (NDVI: 0.39 – 

0.61 and GNDVI: 0.25 – 0.48) (Asy’Ari et al. 2022).
	 According to the results of the biodiversity survey 
of the research team in the wetland area of the Dong Rui 
commune, the level of species diversity here is relatively 
large when compared to other wetland areas in northern 
Vietnam, such as the Cat Ba mangrove forest, Phu Long – 
Gia Luan mangrove forest, and Hai Phong Province (Pham 
et al. 2017; Thinh et al. 2008). In Xuan Thuy National Park 
(Nam Dinh Province), the wetland ecosystem is considered 
the most diverse in northern Vietnam, and the biodiversity 
level of the species composition of the Dong Rui commune 
wetland area is equivalent to over 1500 species of organisms 
(Huan 2021; Nhan et al. 2015).
	 In the wetland area of the Dong Rui commune, the 
height of mangrove plant biomes is relatively low. For the 
biomes of Bruguiera gymnorrhiza, Rhizophora stylosa tidal 
flats, their average height is only 4 – 5.5 m. Compared with 
the mangrove areas of southern Vietnam, such as U Minh Ha 
National Park (Melaleuca alternifolia height can be up to 10-
12 m) (Safford et al. 1998) or Tram Chim National Park (Viet 
et al. 2020), this is a much lower tree height. There are many 
reasons for the difference in the structure of mangrove flora 
between southern and northern Vietnam, mainly because 
the sediment layer of mud and sand in the northern region 
is thinner than that in the southern area (Huan 2021). In 
addition, northern Vietnam is subject to many impacts 
from typhoons (average 5.2 typhoons/year) (Toan, 2014). 
Therefore, the mangrove plant biomes here cannot reach 
great heights (People’s Committee of Tien Yen district 2015; 
Van et al. 2022). Similarly, when compared to some mangrove 
areas in Southeast Asia, such as in Perak Province, Malaysia 
(Otero et al. 2018), Indonesia (FAO 2007) or in the world, 
such as in the Czech Republic (Panagiotidis et al. 2018), the 
average height of mangroves in Dong Rui commune is much 
smaller.
	 The classification of plants based on UAV imagery is still 
mainly based on spectral values and canopy morphology 
on the resulting images, which do not show other 
morphological forms, such as stem and root structures. These 
are the limitations of classifying plants based on UAV data, 
which do not represent tree structures below the foliage, 
which are already obscured by the canopy. To limit errors 
when classifying mangrove trees based on satellite imagery, 
verifiable field surveys are indispensable. In addition, lidar 
sensors are also suitable tools for analysing mangrove 
structures (Doughty et al. 2021).

Fig. 10. Value of vegetation indices of three species of mangrove trees flying area shooting UAV
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CONCLUSIONS

	 In this study, based on multispectral UAV image data, 
tree classification maps and mangrove structure analysis 
through tree height values and vegetation index values 
were developed for UAV flight zones in the Dong Rui 
commune wetland ecosystem. Combined with collecting 
tree taxonomy samples through field surveys and image 
processing methods of UAV on GIS software, we propose 
that UAV are effective tools for small-scale mangrove 
structure classification and assessment.
	 However, the limitation of UAV is that the range of 
operations is limited to only approximately 200 hectares. 
Therefore, mapping large-scale areas is more efficient 
when combined with high-resolution satellite imagery 
along with UAV that are “key points” to identify details for 
small areas. In addition, the enhanced combination with 
lidar sensors will help to establish a more detailed model 
of the structure of vegetation.

	 Based on the findings of this research, local managers 
may create programs and strategies to examine the 
present state of the structure, number, and function of each 
species participating in the Dong Rui commune mangrove 
ecosystem. Furthermore, the findings of this research may 
be used to measure the amount of growth of each species 
in various intertidal locations, which can then be utilized 
to pick restored mangrove seedlings for each appropriate 
site. UAVs are also useful for assessing and monitoring 
topography alterations as well as the sedimentation of 
estuary sediments based on seasonal or yearly cycles. 
With the development of UAV technology in the future, 
such as enhanced image resolution, resistance to extreme 
weather conditions or increased flight time, UAV will be a 
powerful support tool for researchers as well as managers 
in managing and conserving wetland ecosystems.
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