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Abstract
This study investigated the short-term spatial variability of an mangrove patch, located in the Pearl Bay in
Guangxi, China. Unmanned aerial vehicle (UAV) imagery covering the period from March 2015 to October 2017
were used and the following models were developed: two annual ultra-high resolution spatial resolution digital
orthophoto maps (DOMs), two digital elevation models (DEMs), two digital surface models (DSMs), two
canopy height models (CHMs), and a canopy height difference model (d-CHM). Using these models, the spatial
dynamics of the extent and canopy height of the patch were analyzed. The resolution of the DOMs was 0.1 m,
with an average geometrical error of 0.17 m and a maximum error of 0.44 m. The resolutions of DEMs, DSMs,
CHMs, d-CHM were all 1 m. The average elevation errors of CHM in 2015 and 2017 were 0.002 m and -0.001 m,
respectively, with maximum absolute errors of 0.034 m and 0.030 m, respectively. The average elevation error
of d-CHM was -0.003 m and the maximum absolute error was 0.036 m, and the data quality were rated as
good. From 2015 to 2017, the area of the mangrove patch increased from 8.16 ha to 8.79 ha, with an average
annual increase of 3.7%. Speci�cally, the areas of expansion, shrinkage, and maximum seaward expansion
were 6356 m2, 19 m2, and 24 m, respectively. The driving factor for the variability was natural processes. Stand
canopy height exhibited a particular trend of decrease from northwest to southeast (horizontal; parallel to the
seawall) and from the land to the sea (vertically; perpendicular to the seawall). From 2015 to 2017, 88.2% of
the patch area showed increased canopy height, with an average increase of 0.78 m and a maximum increase
of 3.2 m. In contrast, 11.8% of the patch area showed decreased canopy height with a maximum decrease of
3.1 m. The main reason for the decrease in canopy height was the death of trees caused by serious insect
plagues. On the other hand, the reason for the increase in height could be attributed to the natural growth of
mangrove trees, but further studies are required to verify the cause. UAV remote sensing has an incomparable
advantage over traditional methods in that it provides extremely detailed and highly accurate information for
in-depth study of the spatial evolution of mangrove patches, which would signi�cantly contribute towards the
protection and management of mangroves.

Introduction
Mangrove forests are intertidal forests that exist in estuaries, river banks, and lagoons in both tropical and
subtropical regions, and they are one of the most productive ecosystems (FAO 2007; Walters et al. 2008;
Nagalakshmi 2017). Mangrove forests provide a number of essential supplies such as wood, non-wood
products, and marine food for residents in nearby communities (Palacios and Cantera 2017; Benzeev et al.
2017).As the basic food source for a large number of marine animals, mangrove forests also directly affect the
health and function of the marine food chain (Saenger et al. 1983). In addition, mangrove forests provide
habitats, breeding sites, and breeding grounds for numerous marine and terrestrial animals. By intercepting
land runoff and sediment, mangroves help in protecting coral reefs, seagrass beds, and waterways. Mangrove
forests also contribute to the prevention and reduction of coastal erosion. Furthermore, mangroves serve as
signi�cant revetments against strong waves by reducing the speed and intensity of strong waves and
promoting siltation, thus playing a central role in the reduction of hurricane erosion and impacts of storm
surges (Doughty et al. 2016). The 2004 Indian Ocean tsunami proved the importance of protecting mangroves
and coastal forests (Teh et al. 2009; Yanagisawa et al. 2009, 2010). Given their signi�cance, mangrove forests
are an ideal research subject in the �eld of biodiversity, ecosystems, aquatic products, and global change. The
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mangrove ecosystem also supports aquaculture, including open-estuary aquaculture (such as oysters and
mussels) and pond culture (FAO 2007).

The mangrove ecosystem has been facing serious threats from sea level rise, climate change, and human
activities such as aquaculture, land reclamation, urbanization, infrastructure construction, and pollution (UNEP
2014, Lovelock et al. 2015). With continued shrinkage, mangrove forests are experiencing fragmentation of
habitats and their long-term survival is being threatened; moreover, their fundamental ecological impacts have
declined. Scholars believe that the ecological services and bene�ts of mangrove forests could disappear in the
next 100 years (Duke et al. 2007). Therefore, there is an urgent need to strengthen the protection, conservation,
and ecological restoration of mangroves.

Mangrove ecosystems are extremely sensitive to changes in coastal environments and have the potential to
re�ect environmental changes (Blasco et a1. 1996). Consequently, the possible responses of mangrove
communities to coastal environmental changes, including sea level rise and climate change, have attracted the
interest of many scholars. In most cases, changes in mangrove forests are attributable to natural processes.
For instance, the expansion and regression of mangrove forests is a response to deposition and erosion.
Changes in mangrove forests are also a very delicate process, such as the response of mangroves to sea level
rise. To fully understand the response of mangroves to environmental changes, the monitoring of several
factors, such as the extent, structure, and plant composition of mangroves, is necessary. In this respect, it is
particularly important to establish baseline data for mangroves (Lucas et a1. 2002). Furthermore, investigating
the changes in the extent and structure of natural mangroves at the local level and patch level is helpful to
understand the establishment, expansion and driving factors of mangroves in the natural state, and has
important reference value for mangrove arti�cial afforestation and ecological restoration.

Considering the inaccessibility of the tidal �at environment, remote sensing technology, which offers wide
coverage and objectivity, is widely used for mangrove monitoring and mapping. High spatial resolution remote
sensing images, such as those from SPOT5, IKONOS, QuickBird, WorldView, and aerial photography, are often
used to monitor the spatial distribution and analyze dynamic changes of mangroves at the regional and local
levels (Everitt et al. l991, 2008; Dale et al. 1996; Manson et al. 2001, 2003; Dahdouh-Guebas et al. 2002, 2004;
Sulong et al. 2002; Fromard et a1. 2004; Kovacs et al. 2004, 2005; Rodriguez et al. 2004; Wang et a1. 2004;
Ben�eld et a1. 2005; Kanniah et a1. 2007; Olwig et a1. 2007; Proisy et a1., 2007; Neukermans et al. 2008; Saleh
2007; Lee and Yeh 2009; Kux et al. 2012; Heenkenda et al. 2014; Wang et al. 2014; Liu et a1. 2017; Rizki et a1.
2017). Some scholars used interferometric radar, spaceborne and airborne LiDAR and stereo aerial
photography to study the spatial structure (such as tree height) and function (such as biomass and carbon
sink) of mangroves, and achieved good results (Simard et al. 2006, 2008; Mitchell et al. 2007; Fatoyinbo and
Simard 2013; Lee and Fatoyinbo 2015; Aslan et al. 2016). Although high-resolution optical remote sensing data
can be used to accurately map the distribution of mangroves, they do not support three-dimensional mapping.
Airborne LiDAR data can be used in the accurate determination of mangrove distribution, two-dimensional and
three-dimensional mapping of canopy, and estimation of forest biomass. However, the acquisition of LiDAR
data is extremely costly. With technological developments, unmanned aerial vehicle (UAV) remote sensing has
facilitated the dynamic monitoring of local-scale mangrove forests with extremely high spatial resolution and
elastic revisit frequency at low cost (Tian et a1. 2017). UAV laser radar remote sensing supports the acquisition
of high-precision, three-dimensional ground and vegetation information, including canopy height, canopy
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coverage, leaf area index (LAI), and aboveground biomass (Guo et al. 2017; Tian et al. 2017; Cao et al. 2018;
Otero et al. 2018).

In this study, a mangrove patch with an area of 8.8 ha was selected as the research subject, and low-altitude
UAV remote sensing was applied to monitor the patch extent and dynamic canopy height. The goal of this
research is to precisely understand the mechanics, processes, and driving factors of mangrove patch dynamics
in the short term, as well as the canopy height distribution pattern and its evolution. For this purpose, digital
orthophoto maps (DOMs), digital elevation models (DEMs), digital surface models (DSMs), crown height
models (CHMs), and dynamic crown height mode1 (d-CHM) were developed using data from UAV remote
sensing. Combined with �eld measurement data, the potential of three-dimensional mapping of mangroves
using UAV remote sensing was analyzed. UAV remote sensing provides an accurate, reliable, informative,
intuitive, cost-e�cient, and rapid method for monitoring the spatial evolution of mangroves on the patch or
stand scale.

Study Site And Data Collection

Study site
The study site is a mangrove patch located in front of the Xiti seawall from Tanji Village to Wanwei Island, on
the west side of the Pearl bay in Fangchenggang region in Guangxi, China (Fig. 1). The patch is a community
of Avicennia marina, with a small population of Aegiceras corniculata. This patch was formed on a bare beach
in the late 1970s and early 1980s after the seawall was built in 1969; its area was 1.62 ha in 1989 and
expanded to 8.16 ha in 2015 (Li and Zhou 2017).

The Pearl bay is a funnel-shaped bay with an area of 94 km2 and a mouth width of 3.5 km. It lies adjacent to
the Beilun River estuary in the west, at the border between China and Vietnam, and Fangcheng gulf in the east.
It is injected by the Naso River and Huangzhu River at the top of the bay. Tides in the Pearl bay are normal
diurnal tides, with an average tidal range of 2.24 m, a maximum tidal range of 5.05 m. The average wave
height is 0.40–0.72 m, maximum wave height is 4.10 m, and average annual seawater salinity is 29.10‰.
Most of the bottom sediments in this bay are medium–�ne sands and sandy silts, along with some gravel. The
annual average temperature in the Pearl bay is 22.5 ℃; the hottest month is July, during which the monthly
average temperature is 28.6 ℃, and the coldest month is January, during which the monthly average
temperature is 14.1 ℃. The annual average precipitation in the Pearl bay is 2200 mm (Li and Li 1993).

Data Acquisition by Unmanned Aircraft

Aircraft system and composition
In March 2015, the �xed triangle wing UAV T-EZ manufactured by Beijing Tianyu Chuangtong Technology Co.,
Ltd. (Creation) was used for aerial photography acquisition. The aircraft has a wingspan of 2.0 m, a length of
0.8 m, and a take-off weight of 5 kg. It was equipped with a Sony A7R full-frame camera with an effective pixel
size of 42 million and a 35 mm lens. The pixel size was 4.88 micron and the image size was 7360 × 4912
pixels (Creation 2018). The UAV took off in the ejection takeoff mode, with a maximum horizontal speed of 120
km/h, cruise speed of 75 km/h, and maximum �ight altitude of 5000 m.
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In October 2017, the four-rotor UAV DJI Phantom 4 (Shenzhen DJI Technology Co., Ltd.) was used for aerial
photography acquisition. The weight (including battery and slurry) of the aircraft was 1380 g, wheelbase was
350 mm, and maximum horizontal �ying speed was 72 km/h. The maximum altitude was 6000 m, maximum
�ying time was approximately 28 min, and vertical hovering accuracy was ± 0.1–0.5 m, and horizontal
accuracy was ± 0.3–1.5 m. The GPS/GLONASS dual-mode was used for satellite positioning and the aircraft
had a relatively stable �ying attitude. A three-axis stabilization system (pitch, roll, and yaw) was adopted. The
range of rotation was pitch − 90°–+30°, maximum control speed was pitch − 90°/s, and angle control precision
was ± 0.02°. The lens was FOV84° 20 mm (35 mm format equivalent), the f/2.8 focus was in�nite, the sensor
was 1 inch CMOS, the effective pixel was 12.4 million dpi, and the image size was 4000 ×3000 pixels (DJI-
Innovation 2018).

Data acquisition
On March 15, 2015, the UAV �ied at an altitude of 500 m for aerial photography; the overlapping on course line
was 70%, side overlapping was 55%, and spatial resolution photos was 0.08 m. From October 22 to 23, 2017,
the �ight altitude was changed to 200 m for aerial photography; the overlapping on course line was 70%, side
overlapping was 70%, and spatial resolution of photos was 0.05–0.06 m.

The UAV was used in the Guangxi Continuous Operation Reference Station Integrated Service system (Guangxi
CORS) for navigation. Four spots on the ground (seawall and road) were selected and Real-Time Kinematic
was used to survey their three-dimensional coordinates as ground control points.

Field investigation
On October 22, 2017, three sample lines were laid on the patch dykeward to seaward, 3–4 sample trees were
selected in each sample line and the heights of a total of 10 sample trees were measured. Each sample tree
was positioned using Trimble GEO EXPLORER6000XT handheld GPS.

Methods

Aerial photograph development and data accuracy test

Photo preprocessing
The Photoshop software package was used to adjust the brightness, color, and saturation of the aerial
photographs to ensure consistency of the holistic color.

The Sony a7R camera is not a photogrammetric camera, and it is limited by the processing and assembly
technology of its optical system. There are some issues such as aberration, angular magni�cation and
effective diaphragm position change, non-coincidence between pupil center and main point, and eccentricity
between lenses. These lead to distortion and asymmetry of the whole optical system. Hence, correction and
calibration for distortion is required, for which the following processes were followed. Firstly, the focal length
was adjusted to in�nity, and the lens was �xed with an insulating tape. The lens focus dial was adjusted to
manual mode. Then, in a high-precision three-dimensional in-door control �eld, several pictures were taken at
multiple locations and the photographic lens was calibrated by means of parameter calculation according to
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the principle of bean adjustment. After obtaining the calibration parameter table, the 10-parameter model was
used to process the distortion of the photos.

Generation of DEM and DSM and DOM
The DEM, DSM, and DOM were developed using the INPHO4.0 software package, and the speci�c methods are
as follows:

1) Photos, POS data, control point �les, and camera parameters were imported into the software. After the
connection points were generated by automatic matching, the relative orientation of the photos was completed,
and a photo pyramid was created. Then, the connection points were automatically generated and connection
points with large errors and errors were manually eliminated, and the regional network adjustment calculation
and the aerial triangulation calculation were performed.

2) Interpolation automatic matching and encryption were performed using the least squares surface �tting
method, and point cloud data were output.

3) The point cloud data were classi�ed into vegetation and non-vegetation points (ground and seawall points)
using the LSC (LiDAR Studio Classi�cation) software package (Guangxi Guineng Information Engineering Co.,
Ltd.). Then, points that were obviously lower or higher than the ground, such as poles, wires, and insect killing
lights, were separated and eliminated.

4) The least squares surface �tting method was used to build DEM with ground point cloud data, and DSM
was generated from all point cloud data. The spatial resolution of DEN and DSM were both 1.0 m.

5) Through the internal and external azimuth elements and DEM, the original images were automatically
digitally differentiated, and the monolithic digital orthophoto was generated. After uniform light and uniform
coloring, single digital orthophoto mosaicking was performed to obtain the DOM of the study site. The spatial
resolution of the DOM was 0.1 m.

Generation of CHM and d-CHM
The CHMs of the patch in 2015 and 2017 were obtained by subtracting the DEMs from the DSMs of the
corresponding years. The d-CHM of the patch from 2015 to 2017 was obtained by subtracting the 2015 CHM
from the 2017 CHM. The above models were tailored according to the range of study site and patch.

Data accuracy check
DOM plane accuracy: In the GIS software environment, 12 homonymous points from seawalls and culturing
pond drainage structures were selected in the DOM of two years, and the plane coordinates were read. The
plane distance of the same point in the two-year DOM was taken as the plane error of the two annual DOMs.

Relative elevation accuracy: In the GIS software environment, the theoretically stable elevation of hardened
pavement and beach checkpoints around the patches were extracted from the DEM, DSM, and d-CHM for 2015
and 2017. For all the checkpoints, if DSM2015-DEM2015 = 0, DEM and DSM for 2015 can be considered to have
the same elevation accuracy. This test showed that the accuracy of the annual CHM elevation was highly
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reliable. Similarly, for all the checkpoints, if DSM2017-DEM2017 = 0, the elevation accuracy for 2017 can be
considered to be reliable. For all checkpoints, if d-CHM = 0, the elevation accuracy of d-CHM is highly reliable.

To verify the accuracy of the height extracted from CHM, the measured height of the 10 sample trees were
compared with the height extracted from CHM for 2017.

Analysis of the evolution of the distribution of mangroves
The spatial extent of the mangrove patch was analyzed using a spatial overlay method in the GIS software
environment.

1) The screen vectorization method was used to visually extract the patch boundaries in 2015 and 2017,
respectively. Then patch maps of the two years were obtained.

2) The polygon of the mangrove patch of the two years were converted into polylines, cutting the 2017 polygon
with the 2015 polyline and cutting the 2015 polygon with the 2017 polyline. Then the polygon of the two years
was overlaid on the DOM to individually determine the mechanism and driving factors of changes in patch
extent (Li et al. 2012; Li 2013; Li and Dai 2015).

Dynamic Analysis of Crown Height
Using the CHM for the two years, the overall spatial pattern of tree height in the mangrove patch in 2015 and
2017 was analyzed. The spatial pattern of mangrove canopy in typical areas was analyzed by longitudinal
(vertical to seawall) and horizontal (parallel to seawall) pro�le lines.

d-CHM was used to analyze the spatial evolution of canopy height from 2015 to 2017.

Result

Data Accuracy

Accuracy of DEM, DSM and DOM and d-CHM
DOM adjustment: The maximum errors were as follows: |△x|=0.032 m, |△y|=0.032 m,|△z|=0.000 m.

The average deviation of DOM of the 12 corresponding points in the two-phase images was 0.17 m, and the
maximum deviation was 0.44 m. As the deviation was considerably small, the coincidence of the two-phase
DOM was satisfactory, facilitating accurate analysis of the spatial variation of the patch.

The average errors of DEM and DSM for 2015 and 2017 were 0.002 m and − 0.001 m, respectively, and the
maximum absolute errors were 0.034 m and 0.030 m. This indicates that the accuracy of the CHM for the two
years reached the centimeter level. In other words, the height distribution of tree canopy in 2015 and 2017
could be accurately modeled. The average error of d-CHM was − 0.003 m, and the maximum absolute error was
0.036 m, indicating that d-CHM could accurately re�ect the height change of tree canopy from 2015 to 2017.

Comparison between measured height and CHM height
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Comparing the height of 10 samples extracted from the CHM for 2007 with �eld measurement results, the
average error, maximum absolute error, and standard deviation (SD) were found to be 0.07 m, 0.61 m, and 0.36
m, respectively (Table 1).

Table 1
Comparison of �eld measured height with modeled height for 2007

No. of
tree

1 2 3 4 5 6 7 8 9 10 mean
error
(m)

SD
(m)

Measured
tree
height
(m)

3.14 5.26 4.32 4.30 4.96 3.90 2.36 3.64 1.35 3.44    

CHM-
derived
height
(m)

2.96 5.65 3.71 4.85 4.68 4.04 2.70 3.78 1.69 3.30    

Error (m) -0.18 0.39 -0.61 0.55 -0.28 0.14 0.34 0.14 0.34 -0.14 0.07 0.36

The height of sample trees extracted from CHM largely differed from ground measurement results because the
handheld GPS failed to perform differential processing, which led to major positioning errors of approximately
10 m in general. The position of sample trees could not be accurately matched with CHM, and there was a
large displacement. The canopy height widely varied, showing signi�cant discrepancy. Consequently, the error
of CHM could not be accurately determined.

Dynamic extent
In 2015, the area of the mangrove patch was 8.16 ha (Fig. 2a). With an average annual growth rate of 3.7%, the
patch area increased to 8.79 ha by October 2017 (Fig. 2a), accounting for an increase of 7.9%.

From 2015 to 2017, an area of 81,540 m2 in the patch remained stable. Nevertheless, the patch expanded by
6,356 m2 and shrunk by 19 m2 (Fig. 2c).

Due to the limitation imposed by the seawall, most of the patch expansions were sea-oriented (Fig. 2c, Fig. 3a1
and Fig. 3a2), and the maximum distance of expansion was 24 m (Fig. 3a3). The only exception is a landward
extension of 89 m2 at the north-west end, �lling the gap between the mangrove patch and the seawall. As no
arti�cial afforestation was implemented in the study area, the process of patch expansion was natural. The
patch expansion mainly occurred in the eastern part below the central part of the patch, and the expansion in
northwestern part of the patch was very small. One possible explanation was that the water of the Naso River
in the northern part of the study area and the ocean current during the ebb tide were affected by the branches
and leaves of mangroves as they �ow through the mangroves forest in the northwest of the patch. Blocked by
stem and breathing roots, river and ocean currents were slowed down (Kathiresan 2003; Kathiresan and
Rajendran 2005; Swales et al. 2007; Ong and Gong 2013). Sediment carried by rivers and ocean currents
formed �ne sand deposits in the southeastern part of the patch, resulting in rapid �attening of sea�oor
topography. This scenario created favorable conditions for the expansion of mangroves (de Boer 2002).



Page 9/22

During the �eld investigation, local residents were found to collect Concha ostreae and raise ducks in the
mangrove patch, but no evidence of arti�cial afforestation or other destructive human activities (such as
clearing mangroves to build shrimp ponds) was found through image interpretation and �eld investigation.
Therefore, the expansion and shrinkage of the patch occurred naturally. In other words, the death of the
mangrove forest and destruction of the mangrove habitat were not attributable to human interference. The
possible cause of shrinkage is the death of trees due to pests and diseases, as shown in Figs. 3b1, 3b2 and
3b3.

Spatial pattern of canopy height of patches and its evolution
CHM and d-CHM of the patch in 2015 and 2017 are shown in Fig. 4a1, Fig. 4b1, and Fig. 4c1, respectively. Their
local 3D views are shown in Fig. 4a2, Fig. 4b2, and Fig. 4c2, respectively. UAV remote sensing exhibited a clear
advantage over traditional �eld investigation. The conventional �eld investigation provided only a limited
number of sample tree height, whereas UAV remote sensing provided patch CHM and d-CHM at a resolution of
1 m × 1 m. In addition to the stepless ampli�cation and 3D view mentioned above, UAV remote sensing could
also be used for canopy height classi�cation and many other applications. It intuitively re�ected the whole
landscape of the patch and the distribution of the tree height in each section at the local scale.

In Fig. 4a1 and 4b1, the canopy height of each section of the patch appear to widely vary irrespective of the
year (2017 or 2015). The canopy was higher in the northwestern section than in the southeastern section.
Applying the spatial statistical method, the CHM of the two years was counted. The average height of the
patch canopy was 2.8 m in 2015 and 3.4 m in 2017, as shown in Table 2.

Table 2
Statistics of crown height in 2015 and 2017

Year Item Total 0.1-1.0
m

1.1-2.0
m

2.1-3.0
m

3.1-4.0
m

4.1-5.0
m

5.1
m-

Mean
(m)

2015 area
(m2)

82588 461 16139 27683 30893 7367 45 2.8

% 100.0 0.6 19.5 33.5 37.4 8.9 0.1  

2017 area
(m2)

88856 126 23497 6584 23797 30058 4794 3.4

% 100.0 0.1 26.4 7.4 26.8 33.8 5.4  

It can be seen from Table 2 that there is a great difference in canopy height in the two years, which is re�ected
in the large difference in area percentage of each height class, especially in the two height classs of 2.01–3.00
m and 4.01–5.00 m.

From Fig. 4c1, it could be concluded that the canopy height of patches increased generally from 2015 to 2017,
with decrease in some areas. Canopy height increases of more than 1.0 m accounted for a large area, and
those more than 1.5 m accounted for a small area, with a maximum increase of up to 3.2 m. Figure 4c1 shows
that 88.2% of the patch area experienced canopy height increase, while 11.8% of the patch area experienced
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canopy height decrease from 2015 to 2017. Canopy height increased by more than 0.5 m in 70.9% of the patch
area, and by more than 1.0 m in 38.9% of the patch area increased. In contrast, it decreased by more than 0.5
m in 5.0% of the patch area, as shown in Table 3.

Table 3
Changes in crown height

Range of

change
(m)

Total -3.2–
1.5

-1.5–
1.0

-1.1–
0.5

-0.5–
0.0

0.0-
0.5

0.5-
1.0

1.1–
1.5

1.5–
3.2

Mean
(m)

Area
(m2)

88855 932 1031 2490 6069 15369 28432 19743 14789 0.78

% 100.0 1.0 1.2 2.8 6.8 17.3 32.0 22.2 16.6  

In the GIS software environment, six vertical pro�les (a1 to a6, distance between each pro�le line was 90 m to
130 m) were set up from northwest to southeast. These pro�les were basically perpendicular to the seawall;
three horizontal pro�les (b1 to b3, at distances of 19 m, 43 m, and 72 m, respectively, from the seawall) were
also generated and they were basically parallel to the seawall. In each vertical and horizontal pro�le line, 100
evenly located sample points were set. The heights of all 100 sample points in the CHM of 2015 and 2017
were extracted and the canopy height curve of each section is shown in Fig.5.

Figure 5a1–5a6 show that the canopy height exhibited a decreasing trend from inside (near the seawalls) to
outside (to the seaward) longitudinally (perpendicular to seawall) in both 2015 and 2017. The height of trees
was higher near the seawall than in offshore areas. This trend was not as clear in pro�le line a6 as it was close
to a culture pond in the southeast (Fig. 2a and 2b). This trend is different from that of a mangrove patch in the
West Alligator River in northern Australia, where the mangroves in the middle section were higher than those
seaward and landward (Lucas et al. 2002). Horizontally (parallel to the seawall), the canopy height on the
landward side (Fig. 5b1, about 19 m from the seawall) and the seaward side (Fig. 5b3, about 72 m from the
seawall) showed a decreasing trend from the northwest to the southeast in both years. In other words, the trees
were higher in the northwest and lower in the southeast. However, this regularity was not obvious in the middle
of the patch (Fig. 5b2).

Figures 4c1 and 5a1–5a6 show that, in general, the canopy height increase from 2015 to 2017 was slightly
higher in mangroves on the seaward side than those on the landward side. Nevertheless, this trend was not
obvious. The increase of canopy height was similar in some areas (Fig. 5a4), but it widely varied in most areas
(Fig. 5a2, 5a3 and 5a5). In some areas, the canopy height increase of mangroves on the seawall side was
greater than those on the seaward side (Fig. 5a3 and Fig. 5a6). In other sections, the canopy height increase on
the seaward side was larger than that on the seawall side (Fig. 5A1 and Fig. 5a5). Longitudinally, the canopy
height increase exhibited a strong regularity. The crown height increase during 2015–2017 was more than 1 m
in most areas from 210–360 m and in some areas from 415–475 m to the northwest of the patch and in some
areas from 10–70 m to the southeast of the patch, and also the newly formed mangrove, especially along the
middle pro�le line (Fig. 5b2). The decrease in canopy height did not exhibit any spatial regularity. Canopy
height decreased in many areas of the patch, with a maximum decrease of 3.1 m. In addition, there was no
linear relationship between canopy height increase during 2015–2017 and that in 2015.
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The regular distribution of canopy height increase in the patch might be related to the time of the formation of
the mangrove patch and the nutrient content of the bottom soil. The following possible explanations are
proposed: 1) The patch was originally on an open beach. After the seawall was built in 1969, the Naso River
and ocean currents were slowed down by the seawall, during which sediment deposition began in front of the
seawall. This led to the gradual rise in the sea�oor. After the sea�oor was elevated above the average sea level,
a large number of drifting propagule (Hypocotyl of Avicennia marina mainly) from the Naso River and ocean
currents began to take root, settled, and grew in front of the seawall. As a result, the mangroves �rst formed in
front of the seawall, and then gradually spread seaward (Li and Zhou 2017). The height of the canopy in the
coastal area is higher than that of those on the seaward side. 2) Likewise, the mangrove formation time in the
northwest section near the Naso River estuary was earlier than that in the southeast section. Consequently, the
height of the tree canopy was higher in the northwest section and slightly shorter in the southeast.

The main reason for the decrease in canopy height might be the death of forest due to pest infestation.
Regional pest disasters frequently occur in the study site and its surrounding areas due to the marine pollution
and disappearance of large area primary vegetation in the adjacent coastal zone, which were replaced with
Eucalyptus plantation, and other factors. The mangroves of this path were damaged by Hyblaea puera in
September and October 2015, and was seriously damaged by Oligochroa cantonella in May 2016 (Fan and
Wang 2017), and about 80% of the leaves were found to be eaten during the �eld work in August 2016. From
afar, the mangrove forest appeared yellow in color (Li and Zhou 2017). During �eld investigation for sample
trees in October 2017, about one-third of the trees were found to be dead in some areas, leaving large gaps in
the mangrove forest. By comparing the two temporal DOM, it can be found that the forest in the patch was very
prosperous in 2015 (Fig. 6a), but by 2017, due to the death of a considerable number of trees in the middle of
the patch, the dead trunks were clearly visible on the image, and many gaps with a diameter of more than 5 m
appeared (Fig. 6b), resulting in a signi�cant decrease in the canopy height (Fig. 6c).

The increase of canopy height was the result of mangrove forest growth. As shown in Fig. 7, the tree density
increased in 2017 and the tidal channels became smaller, compared to those in 2015.

According to the remote sensing images, the trees were thriving in most area in 2015 and 2017, but the
increase of canopy height was so high that it is di�cult to establish a speci�c and reasonable explanation.
Possible reasons are as follows: 1) During the monitoring period, some area had soil rich in nutrients,
promoting the growth rate of trees above the normal level. 2) In October 2017, the wind speed was high during
UAV photo acquisition. The wind might have blown the branches upwards, increasing the apparent height of
the tress. It is noteworthy that the mangrove habitat is in great danger, and the growth of mangroves is slow.
Therefore, further study and analysis are required to fully understand the actual cause of the increase.

Discussion
In general, meter-scale resolution satellite images, such as SPOT5, IKONOS, China ZY-3, and GF-1/2 have been
used for monitoring and mapping mangrove forests on the local level (Wang et al. 2004; Proisy et al. 2007;
Kanniah et al. 2007; Vo et al. 2013; Rizki et al. 2017; Liu et al. 2017). Some studies have also used sub-meter-
resolution satellite images, such as Quick Bird and WorldView-2 (Kux et al 2012; Wang et al. 2014; Heenkenda
et al. 2014), and the aerial photography (Manson et al. 2001, 2003; Sulong et al. 2002; Dahdouh-Guebas et al.
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2002, 2004; Ben�eld et al. 2005). China is located in the northern margin of mangrove vegetations. With a
general heigh below 4 m and slow growth, most mangrove forests exist as shrubbery. A previous study showed
that the average height of a seven-year-old Avicennia marina plantation was only 1.20 m, and the crown size
was only 1.75 m × 1.73 m. The average height of an eight-year-old Rhizophora stylosa plantation was only
1.80 m, and the crown size was only 1.15 m × 1.11 m (Liao et al. 1996). Therefore, the meter-level resolution of
satellite remote sensing images is not suitable for mapping young mangrove forests (Zhou et al. 2016, 2018).
In this particular research area, the crown diameter of most newly formed mangrove forests has been found to
be only about 1 m, which is attributable to the short period of monitoring. Digital orthophoto images with
resolution up to 0.1 m × 0.1 m have incomparable advantages over other remote sensing images for short-term
monitoring of changes in mangrove patches, especially for annual monitoring.

Traditional �eld investigations (sample plots or sample tree measurement) will only provide information about
the height of trees in a very small area (usually 100–900 m2) or at a point (a sample tree). As mangroves are
usually distributed in muddy tidal zones, where walking is very di�cult, the measurement of �eld sample plots
or trees is extremely strenuous. Consequently, only a limited number of sample plots or sample trees can be
considered, which poses a signi�cant challenge to the development of a canopy height model that can
accurately re�ect the height distribution of forest patches. On the contrary, it is easier to generate high-precision
DEM, DSM, and CHM using UAV imagery. With a scale of 1 m × 1 m, CHM comprehensively re�ects the height
of trees in patches in great detail. d-CHM derived from these models re�ects changes in the height of forest
patches during the monitoring period and provides detailed information for mangrove and coastal zone
protection and management

In this study, the elevation accuracy of CHM and d-CHM in two years are both very high, and the error can be
ignored for mangrove height measurement. The data quality was highly reliable, and the patch d-CHM was
objective and re�ected changes in tree heights accurately. However, the slowly growing shrubbery of Avicennia
marina community in the patch could not be satisfactorily explained. According to data, from 2015 to 2017, the
canopy height increased by more than 1 m in more than 1/3 of the area and by more than 1.5 m in 16.6% of
the area, with a maximum increase of 3.2 m (Table 2 and Fig. 4). It is di�cult to offer a reasonable explanation
based on existing knowledge. Therefore, so it is necessary to investigate this scenario more deeply. Speci�cally,
more accurate sample tree surveys, involving the accurate determination of the exact position of the sample
trees (the plane error should be less than 1 m) and measurement of their growth rate, need to be conducted.

Conclusion
In 2015 and 2017, an approximately rectangular mangrove patch with an area of 8.8 ha was monitored via
UAV remote sensing. Two annual digital orthophoto maps with resolution of 0.1 × 0.1 m were acquired. The
average deviation of images from the two phases was 0.63 m and the maximum deviation was 0.75 m, which
satis�ed the requirement of annual dynamic analysis of the patch. The resolution of DEM and DSM was 1 m ×
1 m, and the average error of the height of 10 sample trees extracted from CHM in 2017 and measured results
on the ground was 0.09 m. The average error of d-CHM was − 0.004 m and the maximum error was − 0.050 m.
It could be concluded that CHM and d-CHM were suitable for the annual dynamic analysis of mangrove
canopy height.
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From 2015 to 2017, the area of the mangrove patch increased from 8.16 ha to 8.79 ha, with an average annual
increase of 3.7%. The patch expanded by 6356 m2, shrunk by 19 m2, and expanded 24 m into the sea. The
driving factors were the natural processes of mangrove growth. The canopy height distribution exhibited a
strong regularity; the height of the canopy decreased from northwest to southeast in the transverse direction
(parallel to the seawall) and from the land side to the sea side in the longitudinal direction (vertical to the
seawall). From 2015 to 2017, the canopy height increased in 88.2% of the patch area, with a maximum
increase of 3.2 m. In contrast, the canopy height decreased in 1.8% of the patch area, with a maximum
decrease of 3.1 m. The increase could be attributed to the natural growth of trees and the decrease to severe
insect damage. However, further investigation is required to verify the reasons. Nevertheless, the DOM, CHM,
and d-CHM obtained through UAV remote sensing re�ected the condition of the patch and its overall changing
trend not only at the regional scale, but also at the local scale with high precision. UAV remote sensing exhibits
an incomparable advantage over traditional methods for studying the spatial variability of mangrove forests,
which would contribute towards the conservation and management of mangrove forests.
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Figures

Figure 1

Location of the study site
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Figure 2

Patch extent and DOM of 2015 (a) and 2017 (b) and dynamic of the patch extent (c)
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Figure 3

Patch expansion (a1, a2, a3) and shrinkage (b1, b2, b3) from 2015 to 2017

Figure 4

Patch CHM of 2015 (a1) and 2017 (b1) and its change map (c1) and their corresponding partial 3D views (a2,
b2, c2)
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Figure 5

Comparison of CHM-derived heights for 2015 and 2017 along six section lines perpendicular to the seawall
(a1-a6) and three section lines parallel to the seawall (b1-b3)
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Figure 6

Reduction of crown height visible as gaps in the forest, attributable to the death of mangrove trees due to pest
infestation

Figure 7

Crown height increase visible as high tree density


