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Abstract
Wetlands provide resources, regulate the environment, and stabilize shorelines; however, they are among
the most vulnerable ecosystems in the world. Managing and monitoring wetland ecosystems are
important for the development and maintenance of ecosystem services and their sustainable use in the
context of climate change. We used Phantom 4 multispectral unmanned aerial vehicles (UAVs) to collect
data from wetland areas in the Dong Rui Commune, which is one of the most diverse and valuable
wetland ecosystems in northern Vietnam. A tree-species classification map was constructed through a
combination of the visual classification method and spectral reflectance values of each plant species,
and the characteristic distributions of mangrove plants, including Bruguiera gymnorrhiza, Rhizophora
stylosa, and Kandelia obovata, were determined with an overall accuracy of 91.11% and a kappa
coefficient (K) of 0.87. Universal reflectance graphs of each mangrove plant species were constructed for
five wave channels, including blue, green, red, red edges, and near-infrared and the normalized difference
vegetation index (NDVI). An experiment was conducted to map plant taxonomy in the same area based
only on a graph of spectral reflectance values at five single-spectral bands and constructed NDVI values,
resulting in an overall accuracy of 78.22% and a K of 0.67. The constructed map is useful for classifying,
monitoring, and evaluating the structure of each group of mangroves, thereby enabling the efficient
management and conservation of the Dong Rui Commune wetlands.

INTRODUCTION
Wetlands are diverse and rich ecosystems that provide natural resources and have important functions in
regulating the environment, providing cultural and tourist services, and many other invaluable benefits.
With an area of approximately 7–9 million km2, accounting for approximately 4–6% of the land surface
of the Earth, wetlands are important for human life as they encompass approximately 45% of the natural
value provided by ecosystems (Mitsch and Gosselink 2000; Costanza et al. 1997). Mangroves are
important habitats for many species of fish and crustaceans, and play an important role in coastal
protection and water quality (Vaiphasa 1998). The distribution of plant biomes in mangroves contributes
to the maintenance of the stability of wetland ecosystems, reflecting the changes and interactions of
natural factors in the region (Peng et al. 2022). Therefore, it is necessary to develop a classification
system for plant species in wetland ecosystems for application in resource management, biodiversity
assessment, conservation, and ecosystem service development.

Remote sensing can be effectively used for the mapping of forest types based on resource inventory and
tree species (Dalponte et al. 2008; Ghosh et al. 2014). Multispectral remote sensing allows for the
differentiation of vegetation or other types of objects, such as rocks and soils, clear and turbid water, and
selected man-made materials (Govender et al. 2007). In addition, high-resolution remote sensing images
allow for the construction of maps with higher accuracies compared to low- and medium-resolution
images (Nguyen et al. 2022).
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Unmanned aerial vehicles (UAVs) provide ultrahigh-resolution images that are applied in many research
disciplines such as geology (Bemis et al. 2014; Lorenz et al. 2017), geomorphology (Autret et al. 2017),
meteorology, and hydrology (Bandini et al. 2017). UAVs are increasingly used in forest management,
including in the study of biological characteristics of trees such as in the estimation of gaps in forest
canopy (Dang Hoi and Trung Dung 2021) and biomass and the classification of plants (Chabot et al.
2018; Eltner et al. 2022). It has become easier and more accurate to collect multispectral UAV images for
classifying ground realities within a narrow range using UAV-mounted sensors (Eltner et al. 2022;
Honkavaara et al. 2013). A major advantage of using UAV is its high resolution that facilitates a good
differentiation between different subjects based on their spectral reflectances in each narrow band
(Landgrebe 1999). In addition, because of their low range that minimizes the influence of the atmosphere
on the spectral reflectance of each ground object, UAVs are considered suitable tools for narrow-range
plant taxonomy (Nevalainen et al. 2017). UAVs can be used to capture images proactively, including
during local flooding or low-tide times in wetland ecosystems (Dezhi et al. 2018). However, the use of
UAVs in vegetation research has some limitations in adverse weather conditions such as high wind speed
and rains owing to their small loads (Nex and Remondino 2014; Matese et al. 2015). Another advantage
of UAVs is that it is possible to use 3D data obtained after processing for the determination of the
longitudinal structures between species (including tree height, tree type, and canopy distribution) to
classify tree species (Tuominen et al. 2018; Näsi et al. 2015). Therefore, UAVs are suitable for small-scale
point studies that require proactively receiving data and high accuracy.

Many studies have classified plants based on spectral image data obtained from UAVs. Multispectral
imaging data from UAVs were used for the classification of 12 different forest tree species by comparing
the spectral reflectances between the visible and near-infrared (NIR) wave bands in a subtropical forest
area in southern Brazil (Sothe et al. 2019). In Luozhuang, Changziying town, China, the authors used the
blue (466–492 nm), green (494–570 nm), red (642–690 nm), red edge (694–774 nm), and NIR (810–882
nm) bands obtained from cameras installed in UAVs to classify eight overlay objects, including six
different tree species (Yunjun et al. 2019). UAVs were used in the classification of seven land-use overlay
objects using object-based image analysis (OBIA) in the wetlands of Florida (Liu and Abd-Elrahman
2018). In the Central European forest area, UAVs were used to classify plants based on the reflectance
spectrum of each plant species with an accuracy of 78.4%. In India, UAVs have also been used to classify
detailed coating types with up to 95% accuracy (Tiwari et al. 2020; Richter et al. 2016). In addition, light
detection and ranging (LiDAR) technology, with its ability to provide parameters of height and canopy
structure, has also been widely used in forest plant taxonomy (Maltamo et al. 2004, Andersen et al. 2005;
Brennan and Webster 2006). In general, the construction of plant taxonomic maps based on remote
sensing images is based on the classification of the object and the characteristics of the reflectance
spectrum of each plant species.

We focused on classifying many mangrove plants in the wetland area of the Dong Rui Commune, Tien
Yen district, Quang Ninh province, Vietnam, based on the multispectral image dataset obtained from
Phantom 4 multispectral UAVs combined with the real-time kinematic (RTK) locator. In areas where UAVs
are used, the diversity of mangrove plant species is relatively low when only three plant species are



Page 4/27

identified. However, these species are alternately distributed, forming species combinations, making it
difficult to determine their distribution and areas of coverage using conventional field measurement
methods. Therefore, high-resolution hyperspectral data with single-wave channel bands, including the
blue, green, red, red edge, and NIR bands were used to distinguish individual mangrove species. The main
objective of this study was to classify each mangrove plant species using the OBIA method and build a
spectral reflectance graph for some mangrove plant species. Results provide a basis for expanding
research to build a spectral reflectance graph for many species of mangrove plants in northern Vietnam.
The dataset on the spectral reflectance of each plant species will be used for mapping, monitoring,
classifying, and managing wetland ecosystems in the Dong Rui Commune wetland area and in other
similar areas.

MATERIALS AND METHODS

Study area
The Dong Rui Commune wetland covers an area of 4,902 ha, with geographical coordinates from 21°11
N to 21°33 N and from 107° 13' E to 107° 32' E (People's Committee of Tien Yen district 2015; Fig. 1). This
is a coastal accretion region with low terrain that progressively moves to the sea with elevations ranging
from 1.5 to 3 meters. Many areas of the marsh have been transformed into arable fields and aquaculture
lagoons, while the rest are tidal-flooded beaches and coastal dunes. In the study region, saline soils
predominate, whereas alluvial soils are found in the center area, where the local population is
concentrated (Ngo et al. 2023).

Mangroves are prevalent in estuary biomes, where they adapt to unpredictable environmental
circumstances and are impacted by low and high tides. Because of the physical conditions in the narrow
estuary marshes that run down the riverside, groupings of trees are dispersed and create strips (Ngo et al.
2023). 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 (Huan 2021).

Data collection using UAVs
This study used DJI Phantom 4 multispectral UAVs with six cameras that provide a multispectral imaging
system, including one red, green, and blue (RGB) camera and a multispectral camera array with five
cameras including the bands blue (Rb): 450 nm ± 16 nm, green (Rg): 560 ± 16 nm, red (Rr): 650 ± 16 nm,
red edge (Rre): 730 nm ± 16 nm, and near-infrared (Rnir): 840 ± 26 nm, and all of these at 2 MP with a
global shutter on a 3-axis stable gimbal stabilizer. In addition, combining the use of the RTK positioner
allows positioning data to be fixed to the center of the complementary metal-oxide semiconductor
(CMOS), and ensures that each image uses the most accurate metadata (Fig. 2).
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We built a flight route for the UAV using DJI GPS Pro software on an IOS operating system (Fig. 3) using
the following flight parameters:

Flight altitude: 60 m above the take-off point.

Image coverage: 80% (horizontal) × 70% (vertical).

Flight conditions: From 7:00 to 8:00 LST during the lowest tide of the day, when the light was low.

Flight date: July 15, 2022.

Postflight image processing of UAVs
The procedure for the postflight UAV-image processing is presented in Fig. 4. In addition to the five maps
of single-spectrum wave channels, blue, green, red, red edge, and NIR, the additional the normalized
difference vegetation index (NDVI) maps based on UAV imagery were combined.

Normalized difference vegetation index: NDVI is an important indicator in the study of the ecology,
growth, development, and fluctuations in food coverage. In addition, this indicator also contributes to
warnings regarding crop disease status and crop yield when combined with other indicators. NDVI is
widely used in agriculture and forestry. In particular, the application of NDVI aims at detecting area
fluctuations between different periods within a fixed range. In addition, the index contributes to the
assessment of crop development and forecasting yields through the application of UAVs in the
agricultural sector.

The NDVI was calculated as follows (Rouse et al. 1974; Tucker 1979):

  

With: Rnir: near-infrared band (840 ± 26 nm); Rr: red band (650 ± 16 nm)

Field data
The area covered by the UAVs was divided into two zones designated as UAVs-01 and UAVs-02. The
UAVs-01 area is the space for mapping the classification of tree species based on a combination of
image classification methods and spectral reflectance characteristics of each plant species. The UAVs-02
area is the mapping area that verifies the accuracy of the spectral reflectance graph set for each plant
species.

Field surveys were conducted in the area covered by the UAVs along route points for the construction of
an interpretive image lock for the process of mapping and evaluating the accuracy of the map for UAVs-
01 (1,516 image lock points). Of these, 75% of the lock points were used to interpret and map mangrove
plant taxonomy, and the remaining 25% (corresponding to 379 image lock points) were used to assess

NDVI = (1)
Rnir−Rr

Rnir+Rr
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map accuracy (Fig. 5). Species identification was conducted in the field due to the low diversity of
mangrove plant species in the flying zone of UAVs.

Construction of a spectral reflectance graph and a tree-
species classification map

Validation of classification results
Ecognition software was used to classify and interpret images based on key patterns of image decoding
using the object-oriented classification method (Nussbaum and Menz 2008). Each species of mangrove
plants was recorded and classified according to its characteristics, such as image tone, structure, shape,
and relationship to neighboring regions. In addition, the reflectance values of each plant species was
recorded for five single-spectrum wave channels, including the blue, green, red, red edge, and NIR bands,
and NDVI values were calculated based on multispectral image processing (Fig. 6). This is a supervised
classification method that is based on the principle of the difference in reflectance between coating
objects.

A random selection approach with at least 10 points for each state was employed to examine the
outcomes of picture interpretation, followed by verification of the present status in the field and
comparison with interpreted findings. If the accuracy is less than 75%, the interpreter must reassess the
decoding procedure and technique of getting the decryption key in order to increase the map's accuracy
after categorization. This procedure requires the following steps.

An error matrix (confusion matrix) was formed between the classification results and the control sample,
and the kappa coefficient (K) was calculated. Kappa was first introduced in 1960 by Cohen as a reliability
statistic when two judges classified targets into categories for a nominal variable (Cohen 1960). K
assesses the reliability of maps based on preliminary and fact-checked results, and it has been used in
many studies of remote sensing-based mapping (Nguyen et al. 2022; Pardo-Iguzquiza et al. 2018).

K is the utility factor of all primes from the error matrix and was employed as a measure of classification
accuracy. Rows and columns represent the basic difference between actual values and the matrix's
deviation error, as well as the overall number of changes (McGrath 2010),
https://doi.org/10.1002/9780470479216.corpsy0484. The formula for calculating K is as follows:

where r is the number of columns in the image matrix, and Xii denotes the number of pixels seen in row i
and column i (on the main diagonal). The total number of pixels seen in row i is given by Xi+, and the total
number of pixels observed in the image matrix is given by N. K is typically between 0 and 1, with values in
this range indicating adequate classification accuracy. According to the US Geological Survey, K values

K = (2)
N∑

r

i=1Xii − ∑
r

i=1(Xi+ − X+i)

N
2 − ∑

r

i=1(Xi+ − X+i)
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are divided into three categories: K 0.8 indicates great precision; K 0.4 indicates moderate accuracy; and K
0.4 indicates poor accuracy (Nguyen et al. 2022).

Random forest algorithm
A random forest algorithm was used to enhance the accuracy of mangrove plant taxonomy maps in the
Dong Rui Commune. Breiman (2001) proposed the random forest algorithm, which allows the
classification of forest trees based on the regression method. The random forest algorithm includes two
additional pieces of information such as a measure of the importance of the predictor variables and a
measure of the internal structure of data (the proximity of different data points to one another). The
random forest algorithm is widely used in classification, forest inventory mapping, and forest tree
classification with enhanced accuracy of different types of thematic maps (Francke et al. 2008; Prinzie
and Van den Poel 2007).

Estimation of accuracy of plant taxonomy maps based on
spectral reflectance graphs
After constructing a set of spectral reflectance graphs for each plant species for the five monochromatic
spectral bands and NDVI values, the classification of mangrove coverage by plant species was carried
out based solely on the newly constructed spectral reflectance graph in the UAVs-02 area. The UAVs-02
area is on the same route as that of the UAVs-01 area, and hence, has similar weather conditions, ceilings,
and flight parameters of UAVs. After constructing the mangrove vegetation classification map for point
UAVs-02, we performed accuracy assessment at 179 field survey sites (Fig. 7) by calculating the overall
accuracy and K.

RESULTS

Construction of a spectral reflectance graph set
Based on the photo lock points and the results of the classification of each mangrove plant species at
UAVs-01, spectral reflectance graphs for the three mangrove plant species were developed for five
monochromatic spectral bands with NDVI values of each species (Figs. 8–11).

The spectral reflectance values for Bruguiera gymnorrhiza were 4–14, 5–22, 1–2 in the blue, green, and
red bands, respectively (Fig. 8). The spectral reflectance values of the red edge and NIR bands fluctuate
greatly, especially in the NIR band (25–90). The mean spectral reflectance value was the highest for the
red-edge band at 60 (Fig. 8). NDVI values were highly stable, ranging from 0.8–0.9.

The spectral reflectance values for Rhizophora stylosa in the blue and green bands were 3–30 (Fig. 9),
and for the red band they were relatively uniform at 1–5. The spectral reflectance values fluctuate widely
in the red edge and NIR bands, especially in the red edge band ranging from 20 to 135. For the NIR band,
the spectral reflectance values ranged from 20 to 110, averaging 60. NDVI values were highly stable at
0.8–0.9 (Fig. 9).
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For Kandelia obovata, the shape of the lines expressing the reflectance spectral value was quite similar to
that of Rhizophora stylosa. According to Fig. 10, in the blue and green bands, the spectral reflectance
value ranged between 3 and 20. In the red band, the spectral reflectance value was relatively uniform,
ranging from 1 to 5. For the red-edge band, the spectral reflectance value was the highest compared to
the other bands (the average value was 45 and range was 20–100). The spectral reflectance value for the
NIR band was 40, ranging from 20 to 85. NDVI values were highly stable at 0.8–0.9 (Fig. 10).

According to Fig. 11, the differences between Bruguiera gymnorrhiza, Rhizophora stylosa, and Kandelia
obovata are evident in the blue and green bands, and especially in the red edge and NIR bands.
Accordingly, in the red-edge band, the reflectance values of Rhizophora stylosa were the highest at
approximately 78, followed by Bruguiera gymnorrhiza and Kandelia obovata with value thresholds of 75
and 62, respectively. Similarly, for the NIR band, the reflectance value of Rhizophora stylosa was the
highest, followed by Bruguera gymnorrhiza and Kandelia obovata at 63, 58, and 52, respectively (Fig. 11).
In the blue and green bands, the spectral reflectance values of these three mangrove plant species were
not significantly different ranging from 5 to 7. No difference was observed between the spectral
reflectance values of the three plant species between the red band and NDVI values, and they were
relatively low and similar (Fig. 11).

Accuracy assessment of map
The overall accuracy of the map is presented in Table 1. K values were determined based on formula (2).
According to Table 1, the overall accuracy of the regional tree-species classification map of UAVs-01 was
91.11%, corresponding to a K of 0.86 (high accuracy). The user accuracy value for Kandelia obovata was
the highest at 99.16%, and the lowest was for Bruguiera gymnorrhiza at 75%. The highest producer
accuracy value was obtained for Bruguiera gymnorrhiza at 96% and Kandelia obovata had the lowest
value at 88.06%.

According to Table 1, only 4% of all samples (corresponding to 1/25 of the sample) of Bruguiera
gymnorrhiza were misinterpreted as Rhizophora stylosa. Only 3.6% of all samples belonging to
Rhizophora stylosa were misinterpreted as Bruguiera gymnorrhiza, accounting for eight out of 220
samples. However, 11.9% of all samples of Kandelia obovata were misinterpreted as Rhizophora stylosa,
corresponding to 16 of 134 samples.

Table 1 Confusion matrix of the classification algorithm for the UAVs-01 area
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  Ground Reference Total

  Bruguiera
gymnorrhiza

Rhizophora
stylosa

Kandelia
obovata

Classification Bruguiera
gymnorrhiza

24 1   25

Rhizophora stylosa 8 211 1 220

Kandelia obovata   16 118 134

Total 32 228 119 379
User Accuracy (%) 75.00 92.54 99.16 88.90
Producer Accuracy (%) 96.00 95.91 88.06 93.32
Overall Accuracy (%) 91.11

Construction of a tree-species classification map
A tree-species classification map was constructed for the distribution of Bruguiera gymnorrhiza,
Rhizophora stylosa, and Kandelia obovata in the UAVs-01 area. (Fig. 12). Kandelia obovata was highly
concentrated in areas close to river flows, where the terrain is lower, and in tidal flat areas. Rhizophora
stylosa is predominant in the tidal flat areas. Bruguiera gymnorrhiza and Rhizophora stylosa are often
alternately distributed together, forming plant associations that characterize the UAVs-01 flying area in
particular and in the northwest of the Dong Rui Commune in general.

In the UAVs-01 region, Rhizophora stylosa was dominant in terms of distribution area with 67% of
mangrove coverage for the entire region. Kandelia obovata had a total distribution area of 20%, while
Bruguiera gymnorrhiza had the lowest distribution area at 13%. Structurally, Kandelia obovata
populations have a low height of 1–1.5 m and have a small canopy. The plant association consisted of
Bruguiera gymnorrhiza and Rhizophora stylosa with a height of 3–4 m and a wide canopy.

Verification of the accuracy of spectral reflectance graphs
Based on the spectral reflectance values of Bruguiera gymnorrhiza, Rhizophora stylosa, and Kandelia
obovata in the UAVs-01 area, a tree-species classification map for the UAVs-02 area was constructed (Fig.
13). In the UAVs-02 area, similar to the UAVs-01 area, Kandelia obovata is highly concentrated in areas
close to river flows, where the terrain is lower, and in tidal flat areas. The plant association consists of
Bruguiera gymnorrhiza and Rhizophora stylosa, which are often alternately distributed in tidal flat areas
with the latter dominating.

In the UAVs-02 region, Rhizophora stylosa was dominant in terms of distribution area, accounting for 63%
of the total mangrove coverage of the entire region. Kandelia obovata and Bruguiera gymnorrhiza had
similar distribution areas of 19 and 18%, respectively. Accuracy assessment of the tree-species
classification map was performed based on 179 field survey sites in the UAVs-02 area (Table 2).

Table 2 Confusion matrix of classification algorithm for the UAVs-02 area
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  Ground Reference Total
  Bruguiera

gymnorrhiza
Rhizophora
stylosa

Kandelia
obovata

Classification Bruguiera
gymnorrhiza

22 7   29

Rhizophora stylosa 9 86 2 97

Kandelia obovata 1 18 34 53

Total 32 111 36 179
User Accuracy (%) 68.75 77.48 94.44 80.22
Producer Accuracy (%) 75.86 88.66 64.15 76.22
Overall Accuracy (%) 78.22

According to Table 2, the overall accuracy of the tree-species classification map of UAVs-02 is 78.22%,
corresponding to a K of 0.67 (moderate accuracy). Kandelia obovata had the highest user accuracy value
of 94.44% and Bruguiera gymnorrhiza had the lowest of 68.75%. The highest producer accuracy value
was observed for Rhizophora stylosa (88.66%) and the lowest for Kandelia obovata (64.15%). 24% of all
samples (7/29) of Bruguiera gymnorrhiza were misinterpreted as Rhizophora stylosa. 9.2% of all
Rhizophora stylosa samples were misinterpreted as Bruguiera gymnorrhiza, corresponding to 9 out of 97
samples. Of the 34 Kandelia obovata samples 18 were misjudged as Rhizophora stylosa, accounting for
52.9%.

DISCUSSION
Despite their importance, wetlands remain among the most vulnerable ecosystems on Earth (Millennium
Ecosystem Assessment 2005). Wetlands are being lost at a faster rate than any other ecosystem with
more than half of them being degraded or lost in the past 150 years (Sica et al. 2016; Slager et al. 2019).
Therefore, measures should be taken to restore this most important ecosystem, including strengthening
management and monitoring based on technological applications (Baranyai and Benkô 2012).
Classification of mangrove vegetation, which determines the level of biodiversity of this ecosystem, is the
basis for management, monitoring, and conservation measures (Pellegrini et al. 2009). UAV images with
a high resolution are essential for ecological research in narrow spaces. We prepared tree-species
classification maps using images from UAVs mounted with multispectral cameras in the wetland area of
the Dong Rui Commune. Results identified three mangrove plant species, thereby enabling the
construction of a library of spectral reflectances for each plant species with respect to five
monochromatic wave bands (green, blue, red, red edge, and NIR) and their NDVI value sets. Unlike UAVs
with only RGB wave bands that allow the identification of only some simple indicators, such as gaps in
forest canopy in the Dong Rui mangrove forest (Hanh et al. 2018), the UAVs used by us are capable of
capturing multispectral images and identifying plant indicators and spectral reflectance values of
different spectral wave bands. The images obtained from the UAVs were capable of identifying up to 21
different plant indices based on data of five single-spectral wave bands (Hunt et al. 2013). In addition, in
addition to the ability to actively capture ultrahigh-resolution images, UAVs are also capable of accurately
determining the structure of mangrove vegetation, such as tree height and coverage (Gupta et al. 2018).
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Combining visual classification with characteristic reflectance spectral values of each plant species
resulted in a more accurate map than that obtained through classification based on reflectance spectral
values alone (overall accuracy was 91.11 and 78.22%, respectively). The most effective spectral range
was between 393 and 700 nm for the determination of tree taxonomy (Peerbhay et al. 2014),
corresponding to the four spectral bands of Phantom 4 UAVs, including red, green, blue, and red edge. In
particular, the greatest differences in each plant species in the Dong Rui Commune area are in the green,
red edge, and NIR spectra, and this is similar to studies of the reflectance spectra of plants in the Central
European area (Fassnacht et al. 2014). Wavebands with values ranging from 393 to 723 nm show the
best ability to distinguish between plants (Peerbhay et al. 2013). However, the map provided lower
accuracy when using only the spectral reflectance of individual mangrove plants compared to results
obtained by incorporating additional imaging classification methods. In the Dong Rui Commune wetland
area, the mangrove plant biome consists of Bruguiera gymnorrhiza and Rhizophora stylosa, which often
grow alternately, resulting in the canopy of these species being mixed together. The distinction between
the two species in the field was mainly based on their morphologies, with differences in leaf shape, fruit,
stem structure, and roots. This is a limitation of images obtained from the UAVs, as the roots of the
mangrove vegetation in the image were obscured by the trees.

The diversity of mangrove species in the Dong Rui Commune is relatively wide compared with the
mangrove areas of northern Vietnam, such as the Cat Ba and Phu Long–Gia Luan regions, and the Hai
Phong Province (Thinh et al. 2008; Pham et al. 2017). The wetland ecosystem is considered to be the
most diverse in northern Vietnam compared with that of the Xuan Thuy National Park (Nam Dinh
Province). The level of biodiversity of the Dong Rui Commune mangrove forest area is approximately
1,500 species (Huan 2021; Nhan et al. 2015).

The height of the mangrove plant biomes in the Dong Rui Commune wetland area was relatively less. In
the tidal flat area, Bruguiera gymnorrhiza and Rhizophora stylosa had an average height of only 4–5 m.
Compared to mangrove areas in southern Vietnam, such as U Minh Ha National Park (the height of
Melaleuca alternifolia is 10–12 m; Safford et al. 1998) or Tram Chim National Park (Viet et al. 2020), this
height is a much lower. This difference is probably because of the thinner mud and sand substrate
sediments in the northern region compared to those in the southern region (Huan 2021). In addition,
northern Vietnam is subject to many impacts from typhoons (average 5.2 storms per year) (Toan 2014),
and hence, mangrove flora cannot have better heights (People's Committee of Tien Yen district 2015; Van
et al. 2022).

CONCLUSIONS
In this study, based on multispectral image data obtained using UAVs, spectral reflectance graphs of three
plant species and a tree-species classification map were developed for the Dong Rui Commune wetland
area. We propose that UAVs are effective tools for obtaining highly accurate plant taxonomy in small-
scale areas. Combining the visual classification method and the use of spectral reflectance graphs of
plant species enhances the accuracy of classification of tree species maps. However, UAVs are limited by
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their small scale of coverage of approximately 200 hectares. Therefore, mapping of large-scale areas
combining high-resolution satellite imagery and “key lock points” of UAV can be highly beneficial for
preparing detailed tree-species maps of small areas. Results of this study can provide the basis for
managers to develop options for monitoring fluctuations, and managing and conserving wetland
ecosystems in a timely and effective manner. Further technological development of UAVs in terms of
improvements in flight time, speed, and weather resistance will enable them to be effective support tools
for researchers and managers to monitor and conserve wetland ecosystems.
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Figures

Figure 1

Map of the Dong Rui Commune wetland area
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Figure 2

DJI Phantom 4 Multispectral UAV and field deployment with RTK locator
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Figure 3

Route designed using DJI GPS Pro software
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Figure 4

Processing of UAV image using Pix4Dmapper Enterprise 4.4.12 software
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Figure 5

Diagram showing 379 image lock points for accuracy assessment of map in the UAVs-01 area
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Figure 6

Process for the construction of the tree-species classification map
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Figure 7

Map showing locations of field survey sites in the UAVs-02 area
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Figure 8

Spectral reflectance and NDVI values of five single-spectral channels for Bruguiera gymnorrhiza

Figure 9

Spectral reflectance and NDVI values of five single-spectral channels for Rhizophora stylosa
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Figure 10

Spectral reflectance and NDVI values of five single-spectral channels for Kandelia obovata
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Figure 12

Tree-species classification map of the UAVs-01 area



Page 27/27

Figure 13

Tree-species classification map of the UAVs-02 area


