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Abstract: Mangrove forests, which are essential for stabilizing coastal ecosystems, have been suffering
from a dramatic decline over the past several decades. Mapping mangrove forests using satellite
imagery is an efficient way to provide key data for mangrove forest conservation. Since mangrove
forests are periodically submerged by tides, current methods of mapping mangrove forests, which are
normally based on single-date, remote-sensing imagery, often underestimate the spatial distribution
of mangrove forests, especially when the images used were recorded during high-tide periods. In this
paper, we propose a new method of mapping mangrove forests based on multi-tide, high-resolution
satellite imagery. In the proposed method, a submerged mangrove recognition index (SMRI), which is
based on the differential spectral signature of mangroves under high and low tides from multi-tide,
high-resolution satellite imagery, is designed to identify submerged mangrove forests. The proposed
method applies the SMRI values, together with textural features extracted from high-resolution
imagery and geographical features of mangrove forests, to an object-based support vector machine
(SVM) to map mangrove forests. The proposed method was evaluated via a case study with GF-1
images (high-resolution satellites launched by China) in Yulin City, Guangxi Zhuang Autonomous
Region of China. The results show that our proposed method achieves satisfactory performance,
with a kappa coefficient of 0.86 and an overall accuracy of 94%, which is better than results obtained
from object-based SVMs that use only single-date, remote sensing imagery.

Keywords: mangrove forest mapping; high-resolution satellite imagery; tide; SVM classifier;
spectral signature

1. Introduction

Mangrove forests are widely distributed along the coastal wetlands of tropical and subtropical
regions in the world and play a key role in linking terrestrial and marine systems through inter-tidal
zones [1–4]. Mangrove forests not only provide a wide variety of ecological and economical
ecosystem services (such as coastal erosion protection, water filtration, storm protection, and
shoreline stabilization), but they also provide natural resources, such as timber, honey, medicinal
plants, and textiles [5–8]. During the past several decades, mangrove forests have declined
dramatically due to coastal development and anthropogenic activities [9–12]. As such, there is an
urgent demand to accurately map the spatial distribution of mangrove forests for assessment and
conservation management.
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The traditional method of mapping mangrove forests is field surveying, which is extremely
time-consuming, cost intensive, and labor intensive because mangrove forests are often located in
hard-to-reach, tide-inundated regions [5]. Remote-sensing (RS) technology can provide key data
for mapping mangrove forests more efficiently than field surveys. While it is still labor intensive to
manually digitize the boundaries of mangrove forests by visually interpreting aerial photographs,
image classification can efficiently distinguish mangrove forests. However, image classification,
which is often used with medium-resolution imagery (e.g., Landsat TM imagery, which has a typical
resolution of 30 m) to distinguish mangrove forests, has limited accuracy. This is mainly because
mangrove forests are normally distributed along shorelines and in elongated or fragmented patches,
especially in subtropical regions such as China’s coast, which are often narrower or smaller than the
pixel size of medium-resolution imagery.

High-resolution spaceborne sensors launched in recent years (such as IKONOS-2, QuickBird,
and WorldView-3) have provided new opportunities for mapping mangrove forests with improved
accuracy [13–18]. High-resolution imagery can provide not only finer spatial resolution, but also more
detailed information of textural structures, which can increase the ability to distinguish mangroves
from other adjoining vegetation assemblages that have similar spectral signatures. It has been shown
that mapping mangrove forests with high-resolution imagery can produce results with the highest
accuracy to date [5,14,19–22].

Various classification methods have been proposed for mapping mangrove forests with
medium-resolution or high-resolution RS imagery [13,23–28]. Currently, machine-learning methods,
such as decision trees, neural networks, and support vector machines (SVMs), are widely adopted
because of their characteristics of being automated and effective [2,15,20,29–33]. It has been
demonstrated by several studies that among these machine-learning methods, SVMs often outperform
other methods in mangrove discrimination and classification [34–36]. Furthermore, the object-based RS
image classifications performed by SVMs or other machine-learning methods are often advantageous
over pixel-based RS image classification in mapping mangrove forests [37–41]. There are two aspects:
classification units and classification features. Object-based classification can reduce “within-class”
spectral variation and remove the so-called “salt-and-pepper” effects that are typical in pixel-based
classification. Moreover, a set of features that characterize an object’s spatial and textural properties
can be derived as complementary information to improve classification accuracy [42–44].

Most existing methods of mapping mangrove forests based on RS imagery use single-date,
RS imagery, which are captured at a single tide level. However, mangrove forests are distributed near
the land–sea interface and thus receive periodic inundation of sea water. The presence or absence
of water underneath the canopy obviously alters the spectral signatures of mangrove forests. Thus,
the results from these methods based on single-date RS imagery are heavily impacted by fluctuating
tide levels [45–47]. Only when an RS image is captured at the lowest tide level, when mangrove
forests are completely exposed on tidal flats, these methods can achieve a satisfactory mangrove
mapping result. However, this is only possible if a satellite passes through a particular area and records
images with good quality of the area at low tide. In most cases, however, the available images for
mapping were not recorded at the lowest tide level, and may even have been obtained during high
tide, which means the complete absence of submerged mangrove forests in the images. This situation
results in that these methods underestimate the spatial distribution of mangrove forests.

Recently, Li et al. [48] applied four temporal HJ CCD images (a small constellation for
environmental and disaster mitigation launched in China) with different tide levels and extracted the
spectral characteristics of inundation mangroves and other land-cover types. Based on a comparison
of different bands between high- and low-tide images, Li et al. [48] constructed a multi-layer decision
tree with several decision factors to distinguish mangroves. Zhang et al. [2] also used the decision
tree method to map mangrove forests in two Landsat TM images captured at two tide levels in their
study area. The decision tree built by Zhang et al. [2] was based on the normalized moisture index
(NDMI), the normalized differential vegetation index (NDVI), and NDVI×NDMI calculated from the
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high- and low-tide images. The use of multi-tide RS images relieves the issue of applying single-date
RS images when mapping mangrove forests. Moreover, in addition to the aforementioned issue of
using medium-resolution images for mangrove forest mapping, the result accuracy of the studies
performed by Li et al. [48] or Zhang et al. [2] is largely dependent on the quality of the constructed
decision tree, which is based on the researchers’ empirical understanding and the visual interpretation
of mangrove forests and their spectral signatures in multi-tide RS images. This means that the decision
tree methods proposed by Li et al. [48] and Zhang et al. [2] are difficult to automate and apply to
mapping mangrove forests in other areas.

In this paper, we propose an automated method of mapping mangrove forests using multi-tide,
high-resolution satellite imagery. The remaining content of this paper is organized as follows.
In Section 2, we describe the basic idea of our proposed method. In Section 3, we present the
detailed design of our proposed method by mapping mangrove forests in a case study area with
multi-tide (specifically, two dates that approximately correspond to high tide and low tide) GF-1
images. The evaluation method, including the methods for comparison and evaluation aspects,
is presented in Section 4. Evaluation results of the proposed method, as well as a discussion, are given
in Section 5. Finally, we form our conclusions in Section 6.

2. Basic Idea

Mangrove forests are distributed in intertidal zones along nearshore coastlines, and thus low-stand
mangrove forests are periodically submerged by variable tide levels at different times (Figure 1).
With the fluctuating tide levels, mangrove forests show different spectral signatures, depending upon
whether water is present or absent underneath the canopy of the mangrove forests. This characteristic
of mangrove forests, which is different from that of other forest types, requires the development of a
new method of mapping mangrove forests based on multi-tide satellite imagery.
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can be designed based on this difference to recognize mangrove forests in tidal zones. In this paper,
such an index is called the “submerged mangrove recognition index” (SMRI). The detailed design
of SMRI is presented in Section 3.2. Owing to the increased abundance of satellite and RS images,
it is becoming progressively easier to collect available images of an area (even those with high spatial
resolution) captured at (near) low tide and (near) high tide. This then makes it possible to calculate the
SMRIs of mangrove forests quite practically.

The SMRI can be calculated from multi-tide, high-resolution images for use in recognizing
submerged mangroves. In turn, the normalized difference vegetation index (NDVI), which is a spectral
index widely used to separate vegetation from non-vegetation [49–51], can also be calculated as a
spectral feature from one of the images (i.e., for low or high tide) to identify high-stand mangroves
(Figure 1). Thus, these two indices can be applied in an advanced framework of object-based RS
image classification via machine learning (e.g., SVM) for mapping mangrove forests. To further
improve the mapping results, relevant textural and geographic features (e.g., homogeneity and
contrast), which characterize the spatial distribution of mangrove forests, can also be used in this
framework [14,52–54].

Such a method, which is based on multi-tide, high-resolution satellite imagery (Figure 2),
is proposed in this paper to map mangrove forests (including those submerged during high tide) with
a higher accuracy than existing methods that use single-tide imagery.
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3. Materials and the Detailed Method

Based on the above-presented idea, in this section, we describe the detailed implementation of
our proposed method with multi-tide, high-resolution images in a case study area.

3.1. Study Area and Data Preparation

The study area is located in the Shankou National Mangrove Forest Nature Reserve, the west of
the Shatian Peninsula in the Guangxi Zhuang Autonomous Region of China, within 109◦38′–109◦41′E
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longitude and 21◦31′–21◦37′N latitude (Figure 3a,b). There are five main land cover types in this study
area: mangrove forests, tidal flats, water (ocean and pond), terrestrial vegetation, and built-up land.
Mangrove forests in the study area are distributed in variety of settings, such as along the coastal
fringe, and in extensive intertidal mudflats. The major species communities consist of Rhizophora
stylosa, Bruguiera gymnorrhiza, Kandelia candel, Excoecaria agallocha, Aegiceras corniculatum, and Avicennia
marina. The climate in this area is tropical monsoon, with an average annual temperature of 18 ◦C.
The average annual rainfall is 1200–1800 mm. The hierarchy of mangrove forests is simple, and most
exist as sparse patches. Meanwhile, the height of mangrove forests is usually less than 3.5 m in the
study area. The tidal type is regularly diurnal, and tidal datum plane is 359 cm above the mean sea
level. The study area experiences a large tidal range, with a maximum tide of 6.25 m, and it has a
relatively stable mangrove ecosystem.
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are training points, and green crosses are evaluation points.
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The 62 field sample points in this study were acquired from a field investigation in October 2017,
and were recorded using the global positioning system (GPS). We also collected 38 sample points from
images on Google Earth. All sample points for different land cover types were randomly divided
into two sets, i.e., 32 training points, and 68 evaluation points for an accuracy assessment of the
proposed method.

The high-resolution RS images used in this study are from the GF-1 satellite. The GF-1 satellite
is the first of a series of Chinese, high-resolution satellites, which was launched on 26 April 2013.
GF-1 images have a spatial resolution of 2 m in the panchromatic band (450–900 nm), and 8 m in the
four multispectral bands (band 1: 450–520 nm; band 2: 520–590 nm; band 3: 630–690 nm; and band
4: 770–890 nm). Bands 1–3 are blue, green and red bands, respectively. Band 4 is near-infrared band.
A panchromatic image and a multispectral image were obtained at the same time. The revisit cycle of
GF-1 satellite is 41 days. GF-1 imagery was provided by the National Satellite Oceanic Application
Center, China (http://dds.nsoas.org.cn/mainIndex.do).

Due to the long revisit cycle of GF-1 and the requirement of selecting cloud-free images, it is
hard to acquire GF-1 satellite imagery precisely at the lowest tide. The GF-1 images selected for the
proposed method should have as wide a tidal range as possible, which means that the phases of
the low- and high-tide images should be as close to the lowest and highest tide levels, respectively,
as possible. With this requirement in mind, two GF-1 images were acquired at (near) low tide of
289 cm on 2 June 2016 and (near) high tide of 398 cm on 31 August 2017 [55] (Figure 3b,c, respectively).
Although there is a time lag of about one year between these two images, the spatial distribution of
mangrove forests in this area was relatively stable during this period, according to our consulting
with local authorities and local experts in the Guangxi Shankou National Mangrove Forest Nature
Reserve Administration. As shown in Figure 3b,c, the fluctuating tide level has a significant effect on
distinguishing mangrove forests because the low-stand mangrove is submerged by the high tide.

GF-1 images need a series of preprocessing procedures before their application for spectral index
calculation and mangrove forest classification. First, radiometric corrections were conducted with
the dark object subtraction algorithm to reduce atmospheric effects [56]. Then, the GF-1 images were
geometrically corrected using the ENVI Rational polynomial coefficients (RPC) with 10 evenly spread
ground control points extracted from a 1:50,000 topographic map. The average root mean square error
(RMSE) was less than 1 pixel in both the X and Y directions. The nearest neighbor diffusion (NNDiffuse)
pan-sharpening algorithm [57] was applied to image fusion. The NNDiffuse pan-sharpening algorithm
assumes that the new spectrum value of each pixel in the high-resolution fused image is a weighted
linear combination of its immediate neighboring superpixels in the multispectral image. The weights
are determined by a diffusion model inferred from the panchromatic image, which estimates the
similarity of the pixel of interest to its nine neighboring superpixels [57]. The spatial resolution of
multispectral GF-1 images was enhanced to 2 m using NNDiffuse pan-sharpening algorithm to create
a pan-sharpened, multispectral image. Radiometric corrections, geometric corrections, and image
fusion were performed with the ENVI version 5.3 software (Exelis Visual Information Solutions Inc.,
Boulder, CO, USA).

3.2. Extraction of Spectral Indices

To determine the SMRIs mentioned in Section 2, which were used to quantify distinctive spectral
characteristics of the submerged mangrove forests, we collected and analyzed the spectral signatures
of low-stand and high-stand mangrove forests as well as four coexisting land-cover types (tidal flats,
terrestrial vegetation, built-up land, and water; Table 1) from the GF-1 fused images in the study
area. The sample points of these land cover types were acquired from the field survey data. For those
inaccessible places, we collected the sample points from high-resolution images available from Google
Earth. For each sample point, the location and land cover type were recorded. These sample points
were representative of the distribution of mangrove forests and other land-cover types distributed
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near the mangrove forests in the study area. The number of sample points of the mangroves, tidal flats,
terrestrial vegetation, built-up land, and water are 20, 12, 12, 11, and 13, respectively.

Table 1. Description of main land cover types in the study area.

Land-Cover Types Description

Mangroves High-stand mangroves Areas covered by mangroves which are located on
high tidal flats, and not submerged during high tide

Low-stand mangroves Areas covered by mangroves located on low tidal
flats and submerged during high tide

Non-mangroves

Tidal flats Areas covered and exposed by the tides
Terrestrial vegetation Areas covered by forests, farmland, and grassland

Built-up land Areas covered by artificial facilities
water Areas covered by water (including ocean and rivers)

In this study, all operations and image analysis were based on fused images after NNDiffuse
pan-sharpening algorithm, because NNDiffuse pan-sharpening algorithm can preserve spectral
fidelity [58,59]. Figure 4 shows the spectral reflectance curves of different land cover types from
GF-1 images before and after NNDiffuse pan-sharpening algorithm, based on the same sample points
used in this study. As shown in Figure 4, there is minor difference in spectral reflectance values
between the images before and after NNDiffuse pan-sharpening algorithm. This minor difference in
spectral reflectance values would not affect spectral analysis and image classification results distinctly,
while the image fusion can enhance the spatial resolution of multispectral GF-1 images to be higher
(i.e., 2 m).
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Figure 5 shows the spectral reflectance curves derived from the GF-1 images for each typical
land-cover type under low and high tide, respectively. At low tide (Figure 5a), there are obvious
spectral signature similarities between mangroves (including low-stand and high-stand mangroves)
and terrestrial vegetation, which means there was a large amount of spectral overlap between them.
The spectral signatures of tidal flats exhibit significant separation in the near-infrared band (i.e., band 4),
while they have very similar spectral properties to water in bands 1–3.
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Figure 5 shows the spectral reflectance curves derived from the GF-1 images for each typical
land-cover type under low and high tide, respectively. At low tide (Figure 5a), there are obvious
spectral signature similarities between mangroves (including low-stand and high-stand mangroves)
and terrestrial vegetation, which means there was a large amount of spectral overlap between them.
The spectral signatures of tidal flats exhibit significant separation in the near-infrared band (i.e., band 4),
while they have very similar spectral properties to water in bands 1–3.
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Figure 5. Spectral reflectance curves from GF-1 for typical land cover types at: (a) low tide;
and (b) high tide.

At high tide, low-stand mangroves and tidal flats with a low elevation are inundated with
increased tide levels. The spectral signatures of low-stand mangroves are primarily influenced by
water. The spectral signatures of low-stand mangroves contain not only the spectral signatures of
water, but also the spectral signatures of low-stand mangrove from underwater. Water has a higher
reflectance than terrestrial vegetation in bands 1–3, and also has a lower reflectance than terrestrial
vegetation in near-infrared band (band 4). The reflectance of low-stand mangroves is higher than that
of terrestrial vegetation in bands 1–3, except in the near-infrared band (Figure 5b). The near-infrared
band reflectance of low-stand mangroves at low tide is 40.9% of the corresponding value at high tide
(Table 2). Tidal flats that were completely submerged due to low elevation coastal zones present a
similar spectral signature to water. The near-infrared band reflectance of tidal flats at low tide was
63% of the corresponding value at high tide (Table 2). Both the tidal flats and low-stand mangroves
exhibited spectral signature separation in the near-infrared band. In upper intertidal zones, the spectral
differences of high-stand mangroves during high and low tide were lower than those for low-stand
mangroves. However, the reflectance of high-stand mangroves was lower than terrestrial vegetation in
all bands, which can likely be attributed to the effect of background reflectance of inundating tidal
waters at high tide. Other land cover types had relatively stable reflectance values during high tide
and low tide.

Table 2. Percent difference for land-cover types in the GF-1 near-infrared band at high and low tide.

Percent
Difference

Tidal
Flats

High-Stand
Mangroves

Low-Stand
Mangroves

Terrestrial
Vegetation

Built-Up
Land Water

(NIRl − NIRh)/NIRh 63% −10.6% 40.9% −14.3% −13.1% −17.1%

Note: NIRl and NIRh are the reflectance values of the near-infrared band at low and high tide, respectively.

The above analysis shows that there is a distinct separation in the spectral properties in the
near-infrared band for low-stand mangroves and tidal flats between low tide and high tide. Compared
with bands 1–3, the near-infrared band is more sensitive to changes in vegetation/water content.
In this study, water includes ocean and rivers (Table 1). Although clear water almost absorbs all the
reflectance signal in near-infrared band, the reflectance of ocean and rivers (i.e., the “water” type in
this study) in near-infrared band is not zero, due to the presence of suspended sediments, low-stand
mangrove, etc. Therefore, the near-infrared band can be used as a vegetation/water content indicator
for the SMRI to distinguish any submerged mangroves in multi-tide imagery [60–62].

The detailed form of the SMRI was further explored based on a combination of above analysis
and the NDVI:

NDVI =
ρNIR − ρR
ρNIR + ρR

(1)

where ρNIR, ρR are the reflectance values in the near-infrared and red bands, respectively. Table 3
presents the NDVI statistical results and its derived spectral indices for each land-cover type from the
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water. The spectral signatures of low-stand mangroves contain not only the spectral signatures of
water, but also the spectral signatures of low-stand mangrove from underwater. Water has a higher
reflectance than terrestrial vegetation in bands 1–3, and also has a lower reflectance than terrestrial
vegetation in near-infrared band (band 4). The reflectance of low-stand mangroves is higher than that
of terrestrial vegetation in bands 1–3, except in the near-infrared band (Figure 5b). The near-infrared
band reflectance of low-stand mangroves at low tide is 40.9% of the corresponding value at high tide
(Table 2). Tidal flats that were completely submerged due to low elevation coastal zones present a
similar spectral signature to water. The near-infrared band reflectance of tidal flats at low tide was
63% of the corresponding value at high tide (Table 2). Both the tidal flats and low-stand mangroves
exhibited spectral signature separation in the near-infrared band. In upper intertidal zones, the spectral
differences of high-stand mangroves during high and low tide were lower than those for low-stand
mangroves. However, the reflectance of high-stand mangroves was lower than terrestrial vegetation in
all bands, which can likely be attributed to the effect of background reflectance of inundating tidal
waters at high tide. Other land cover types had relatively stable reflectance values during high tide
and low tide.

Table 2. Percent difference for land-cover types in the GF-1 near-infrared band at high and low tide.

Percent
Difference

Tidal
Flats

High-Stand
Mangroves

Low-Stand
Mangroves

Terrestrial
Vegetation

Built-Up
Land Water

(NIRl − NIRh)/NIRh 63% −10.6% 40.9% −14.3% −13.1% −17.1%

Note: NIRl and NIRh are the reflectance values of the near-infrared band at low and high tide, respectively.

The above analysis shows that there is a distinct separation in the spectral properties in the
near-infrared band for low-stand mangroves and tidal flats between low tide and high tide. Compared
with bands 1–3, the near-infrared band is more sensitive to changes in vegetation/water content.
In this study, water includes ocean and rivers (Table 1). Although clear water almost absorbs all the
reflectance signal in near-infrared band, the reflectance of ocean and rivers (i.e., the “water” type in
this study) in near-infrared band is not zero, due to the presence of suspended sediments, low-stand
mangrove, etc. Therefore, the near-infrared band can be used as a vegetation/water content indicator
for the SMRI to distinguish any submerged mangroves in multi-tide imagery [60–62].

The detailed form of the SMRI was further explored based on a combination of above analysis
and the NDVI:

NDVI =
ρNIR − ρR
ρNIR + ρR

(1)

where ρNIR, ρR are the reflectance values in the near-infrared and red bands, respectively. Table 3
presents the NDVI statistical results and its derived spectral indices for each land-cover type from the
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GF-1 images at low tide and high tide. The NDVI values of vegetation (such as terrestrial vegetation,
high-stand mangroves, and low-stand mangroves) were higher than those of other classes at low tide.
The NDVI values of nearshore land-cover types (especially low-stand mangroves) have a clear change
from low tide to high tide, due to the change of tide level. As shown in Table 3, the difference in the
absolute NDVI values of the low-stand mangroves between low and high tide is greater than 0.41,
while those of other land-cover types are all less than 0.21. This difference can be used to identify
low-stand mangroves.

Table 3. The statistical results of NDVI and its derived spectral indices for each land-cover type from
GF-1 images at low tide and high tide.

Land-Cover Type NDVIl NDVIh NDVIl − NDVIh (NDVIl − NDVIh) × ((NIRl − NIRh)/NIRh)

Tidal flats −0.0062 −0.2186 0.2124 0.1347
High-stand mangroves 0.6296 0.6945 −0.0649 0.0069
Low-stand mangroves 0.5003 0.0812 0.4191 0.1717
Terrestrial vegetation 0.6027 0.6181 −0.0154 0.0022

Built-up land 0.1258 0.2197 −0.0939 0.0123
Water −0.3335 −0.1793 −0.1542 0.0264

Note: NDVIl and NDVIh are NDVI values at low and high tide, respectively. NIRl and NIRh are the reflectance of
the near-infrared band at low and high tide, respectively.

As low-stand mangroves are submerged by high tide levels, their spectral signatures are
characterized not only by water content, but also vegetation. Based on the above analysis, the SMRI
is designed to describe the unique spectral signature of submerged mangroves and to distinguish
mangroves submerged by high- and low-tide levels:

SMRI = (NDVIl −NDVIh)·
NIRl −NIRh

NIRh
(2)

where NDVIl and NDVIh are NDVI values at low tide and high tide, respectively, and NIRl and NIRh
are the reflectance of the near-infrared band at low and high tide, respectively.

We calculated SMRI and NDVI images at high and low tide (Figure 6). In the NDVI images,
vegetation cover is white (Figure 6d,e), and the larger the vegetation cover is, the greater the NDVI
value becomes. In the SMRI image, the submerged mangroves are white (Figure 6c). For submerged
mangroves in high-tide images, they are black in the NDVI image and it is difficult to distinguish the
submerged mangroves. However, the SMRI was created to optimize our ability to identify submerged
mangroves, which was hence utilized as the differentiating spectral feature for submerged mangroves
at high tide. The SMRI highlights the difference between mangrove forests and water, which can
comparatively reduce the confusion caused by high tide levels.
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Figure 6. The high-tide sharpened image, the low-tide sharpened image, SMRI and NDVI images:
(a) high-tide sharpened image with a false color composition (RGB = bands 4, 3, and 2); (b) low-tide
sharpened image with a false color composition (RGB = bands 4, 3, and 2); (c) SMRI image;
(d) DNVI image at high tide; and (e) NDVI image at low tide. The small, inset pictures show detailed
views of areas of interest. Images in (b–d) have the same scale, north arrow and coordinates as (a).

3.3. Textural Feature Extraction

In addition to the NDVIs and SMRIs, textural information is an intrinsic feature needed to
distinguish mangrove forests from vegetation, especially for cases where the land cover has a similar
spectral response as mangrove forests. Using textural features within a classifier can enhance the
classification accuracy in mangrove forest mapping [14,63–67]. The grey level co-occurrence matrix
(GLCM) proposed by Haralick et al. has been proven to be a powerful tool for RS image texture
analysis [68]. A GLCM is created by calculating how often pairs of pixel with specific values and with
a specified spatial relationship occur in a grey image. Then, statistical measures are calculated based
on this matrix to provide information about the texture of an image, such as the shape, size and the
spatial relationships of pixels within the image.

Haralick et al. proposed 14 original statistics to be applied to the GLCM to measure texture
features. Among these features, homogeneity, contrast, entropy, and correlation have been reported to
be effective in discriminating spatially heterogeneous images [69–71]. In this study, these four textural
features were adopted in our proposed method as input features of a classifier, which were calculated
as follows:

Homogeneity = ∑
i,j

p(i, j)
1 + (i− j)2 (3)

Contrast = ∑
i,j
|i− j|2·p(i, j) (4)

Entropy = ∑
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Figure 6. The high-tide sharpened image, the low-tide sharpened image, SMRI and NDVI images:
(a) high-tide sharpened image with a false color composition (RGB = bands 4, 3, and 2); (b) low-tide
sharpened image with a false color composition (RGB = bands 4, 3, and 2); (c) SMRI image;
(d) DNVI image at high tide; and (e) NDVI image at low tide. The small, inset pictures show detailed
views of areas of interest. Images in (b–d) have the same scale, north arrow and coordinates as (a).

3.3. Textural Feature Extraction

In addition to the NDVIs and SMRIs, textural information is an intrinsic feature needed to
distinguish mangrove forests from vegetation, especially for cases where the land cover has a similar
spectral response as mangrove forests. Using textural features within a classifier can enhance the
classification accuracy in mangrove forest mapping [14,63–67]. The grey level co-occurrence matrix
(GLCM) proposed by Haralick et al. has been proven to be a powerful tool for RS image texture
analysis [68]. A GLCM is created by calculating how often pairs of pixel with specific values and with
a specified spatial relationship occur in a grey image. Then, statistical measures are calculated based
on this matrix to provide information about the texture of an image, such as the shape, size and the
spatial relationships of pixels within the image.

Haralick et al. proposed 14 original statistics to be applied to the GLCM to measure texture
features. Among these features, homogeneity, contrast, entropy, and correlation have been reported to
be effective in discriminating spatially heterogeneous images [69–71]. In this study, these four textural
features were adopted in our proposed method as input features of a classifier, which were calculated
as follows:

Homogeneity = ∑
i,j

p(i, j)
1 + (i− j)2 (3)

Contrast = ∑
i,j
|i− j|2·p(i, j) (4)

Entropy = ∑
i,j

p(i, j)· log p(i, j) (5)

Correlation = ∑
i,j

(i, j)·p(i, j)− µxµy

σxσy
(6)
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where p(i,j) are the pixel values of the co-occurrence matrix; p(i) and p(j) are the row and column values
of the co-occurrence matrix, respectively; and µx, µy, σx, σy are the means and standard deviations of
p(i) and p(j), respectively.

3.4. Object-Based Classification with an SVM

An SVM is a fast and efficient machine-learning algorithm [72–75]. Based on statistical learning
theory, an SVM creates a hyperplane in an N-dimensional spectral space, which separates any classes
by maximizing the margin between them. The data points closest to the hyperplane (the so-called
optimal hyperplane) are named as support vectors. There are four types of kernels which could be
used in an SVM: linear, polynomial, a radial basis function, and sigmoid. Among them, the radial basis
function has been found to work best in most cases [73,76] and is adopted in our proposed method.
The SVM classifier was operated in eCognition Developer 9.0 for training and classification.

Object-based classification includes two steps: image segmentation, and classification.
Image segmentation is the process whereby a group of pixels that have similar spectral and spatial
properties is considered as an object [77–80]. For more detailed information about image segmentation,
see Myint et al. [81].

A series of segmentations were conducted using eCognition Developer 9.0, which is an image
analysis program. First, high- and low-tide images were segmented into homogeneous objects based
on several criteria including color, shape, size, and context. There are three parameters that control
the outcome of the segmentation: scale, shape, and compactness [77–80]. Scale is indirectly related
to the average size of the created object. Shape balances the spectral homogeneity and the shape of
objects. Compactness balances the compactness and smoothness. Starting with low parameter values,
a set of parameters was adjusted until the created objects represented the smallest isolated mangrove
community patches. After a series of tests, a satisfactory match was obtained for this case study when
the scale, shape and compactness parameters were 900, 0.1, and 0.5, respectively (Figure 7).
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After image segmentation, the SVM classifier with a radial basis function had two
hyperparameters which need to be tuned for good performance, i.e., a regularization constant C, and a
kernel hyperparameter γ. The Grid Search algorithm [82] was used to tune these hyperparameters
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for the optimum values, that is C = 2 and γ = 0.0001 in this case study. The spectral features (i.e.,
NDVI and SMRI) and textural features were aligned with the spectral features from the sharpened
images to form a higher dimension feature vector as an input into the SVM classifier. These features
and the original spectral features had the same weighting. The classification results included five
land-cover types: mangroves, tidal flats, terrestrial vegetation, water and built-up land, where the
latter four were classified as “non-mangrove”.

A detailed land cover map for 2017 was provided by the authorities in the Guangxi Shankou
National Mangrove Forest Nature Reserve Administration. The land cover types include water,
tidal flats, mangrove forests, ponds, terrestrial vegetation, built-up land, farmland, etc. As mangrove
forests grow up in tidal flats along coastlines, geographic features can be used to improve classification
results. The maximum distance to the water was set to 2.5 km after visual interpretation trials in this
study. The restriction of the maximum distance to the water can help to avoid the confusion between
mangrove forests and terrestrial vegetation. Besides, from the low-tide sharpened image, mangrove
forests were adjacent to tidal flats or the water (Figure 3b). From the high-tide sharpened image,
low-stand mangroves were submerged or adjacent to the water (Figure 3c). Therefore, the geographic
feature that a mangrove should share a border with a tidal flat or water was used to assist with
mangrove classification in this study.

The proposed method was implemented via the above processes based on multi-tide,
high-resolution images, which can successfully distinguish mangrove forests in the case study area.

4. Evaluation Method

In this study, the proposed method that includes SMRIs and the other features (i.e., NDVI,
textural and geographic features) extracted from high-tide images, hereinafter called “SVMh + SMRI”
for short, was compared with an existing method that uses object-based SVM classifier with
NDVI values, along with textural and geographic features extracted from high-tide image (i.e.,
just SVMh values) (see Figure 8). Similarly, the proposed method (“SVMl + SMRI”) was also compared
with an existing method that considers NDVI values, as well as textural and geographic features
extracted from low-tide images (i.e., just SVMl values). This comparison aims to evaluate the
effectiveness of our proposed method, especially for submerged mangrove forests.
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The results from the SVMh + SMRI method was also compared with that from the SVMl + SMRI
method (Figure 8). The aim of this comparison is to highlight the effect of using NDVI along
with textural and geographic features extracted from just high-tide or low-tide images on our
proposed method.

In addition to the visual interpretation and qualitative discussion of the spatial distribution of
mangrove forests mapped by each method under consideration, a quantitative accuracy evaluation of
each resultant map from each method was conducted via a confusion matrix showing user’s accuracy,
producer’s accuracy, and overall accuracy, which is the normal way used for accuracy assessment
of mangrove and non-mangrove classification [2,4]. The confusion matrix was generated using all
the validation data. Since mapping mangrove forests is the focus of this study, the validation data
were reclassified into two classes: mangrove and non-mangrove. The quantitative indices of the
accuracy evaluation used in this study include the overall accuracy, the producer’s accuracy, the user’s
accuracy, and the Kappa coefficient. The area of the mangrove forests mapped by each method was
also calculated for a comprehensive comparison.

5. Results and Discussion

Figure 9 illustrates the classification results of the four different methods.
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Figure 9. Classification results of mangrove forests from the proposed method and the reference
methods: (a) SVMh (blue area) vs. SVMh + SMRI (blue area plus red area, where blue area is the
overlapped area from both SVMh and SVMh + SMRI); and (b) SVMl (pink area) vs. SVMl + SMRI
(yellow area plus pink area, where pink area is the overlapped area from both SVMl and SVMl + SMRI).
Green crosses directed by arrows mark are those evaluation points, which were correctly classified as
mangroves after using SMRI.

Mangrove forests are periodically submerged by incoming tides. Depending on the tide levels,
underlying sediment or inundating tidal waters influence their spectral signatures and confound
the differentiation of mangroves from other adjoining vegetation classes. From the classification
results of SVMh and SVMh + SMRI, it can be found that the submerged mangrove forests were
effectively distinguished and classified as mangrove forests by the proposed method when using
high-tide images (i.e., SVMh + SMRI) (Figure 9a). Without the use of SMRI, the classification result
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methods: (a) SVMh (blue area) vs. SVMh + SMRI (blue area plus red area, where blue area is the
overlapped area from both SVMh and SVMh + SMRI); and (b) SVMl (pink area) vs. SVMl + SMRI
(yellow area plus pink area, where pink area is the overlapped area from both SVMl and SVMl + SMRI).
Green crosses directed by arrows mark are those evaluation points, which were correctly classified as
mangroves after using SMRI.

Mangrove forests are periodically submerged by incoming tides. Depending on the tide levels,
underlying sediment or inundating tidal waters influence their spectral signatures and confound
the differentiation of mangroves from other adjoining vegetation classes. From the classification
results of SVMh and SVMh + SMRI, it can be found that the submerged mangrove forests were
effectively distinguished and classified as mangrove forests by the proposed method when using
high-tide images (i.e., SVMh + SMRI) (Figure 9a). Without the use of SMRI, the classification result
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from SVMh (the blue area in Figure 9a) shows that mangrove forests above the water were classified
as mangroves; however, the submerged mangrove forests were not distinguished by the SVMh.
For example, three evaluation points marked in Figure 9a were correctly classified as mangroves by
SVMh + SMRI (as well as SVMl + SMRI) and incorrectly classified as non-mangrove (i.e., water) by the
SVMh. Hence, the classification result of mangrove forests can be greatly improved by the proposed
method. In terms of visual interpretation, the classified mangrove forests from each method were
mainly distributed along coastlines, and some sparse mangrove forests were distributed in low tidal
flats. The classification results from the proposed method (SVMh + SMRI or SVMl + SMRI) showed an
overall agreement with the field investigation.

A small number of the terrestrial vegetation patches at landward margins were incorrectly
classified as mangrove forests by the proposed method. This is mainly because the spectral signatures
of mangroves are similar to those of adjoining terrestrial vegetation, and the spectral signatures of
terrestrial vegetation are strongly influenced by underlying ponds. As such, a great deal of adjoining
terrestrial vegetation was easily misclassified as mangrove forests. However, the incorporation of
geographical features excluded a lot of terrestrial vegetation, and reduced the number of errors
compared to the other methods.

Next are the classification results of SVMl and SVMl + SMRI on the low-tide images, where most
of mangrove forests were not submerged. Here, the SVMl correctly classified most mangrove forests.
For those mangroves that were sparsely distributed on tidal flats or slightly submerged, they can be
distinguished with SVMl + SMRI. One evaluation point marked in Figure 9b was correctly classified as
mangrove by SVMl + SMRI and incorrectly classified as non-mangrove by the SVMl as well as SVMh
+ SMRI. It was proven that SMRI not only distinguishes submerged mangroves, but also effectively
discriminates slightly submerged mangroves.

The confusion matrix from the accuracy assessment demonstrates that the overall agreement
between the classification results of the proposed method and the field investigation data was
satisfactory (Table 4). The overall accuracy was 94% and the Kappa coefficient was 0.86 for
SVMl + SMRI, which achieved the best accuracy of the tested methods. SVMh + SMRI achieved a lower
overall accuracy and Kappa coefficient (91%, 0.79) than SVMl + SMRI. Moreover, the SVMl values
showed even lower accuracies, (86% overall accuracy) and Kappa coefficient (0.68). The SVMh had the
lowest overall accuracy and Kappa coefficient among these methods. The producer’s accuracy and
user’s accuracy of mangrove forests of SVMh + SMRI were 0.85 and 0.85, respectively. These dropped
to 0.70 and 0.74 for SVMh, respectively. This large reduction in confusion between mangroves
and non-mangroves represents a major advantage of using SMRI features in the SVM classifier.
The proposed method not only greatly improves the classification performance of the SVM classifier,
but it can also accurately distinguish mangrove forests from other land cover classes, especially for
submerged mangroves at high tide.

Table 4. Accuracy assessment and area calculation for mangrove forests mapped by the different
methods in this study.

Method
Classified
Category

Category by Visual Interpretation Producer
Accuracy

User
Accuracy

Overall
Accuracy

Kappa Area (ha)
Mangroves Non-Mangroves

SVMl + SMRI Mangroves 18 2 90% 90%
94% 0.86 911.95Non-mangroves 2 46 95% 95%

SVMl
Mangroves 15 4 75% 91%

86% 0.68 860.70Non-mangroves 5 44 79% 89%

SVMh + SMRI Mangroves 17 3 85% 85%
91% 0.79 799.27Non-mangroves 3 45 93% 93%

SVMh
Mangroves 14 5 70% 74%

84% 0.60 594.22Non-mangroves 6 43 89% 88%

Note that Zhang et al. [2] used the decision tree method with the dataset of Digital Elevation
Model (DEM), NDVI and NDMI to map mangrove forests from two Landsat images which were



Remote Sens. 2018, 10, 1343 15 of 20

captured at two tide levels in their case study. Here, we compare Zhang et al’s. [2] results with
the results at low tide from the proposed method in this study. In Zhang et al. [2] research results,
the producer’s accuracy and user’s accuracy were 91.8% and 85.7% from Landsat TM, and 90.7%
and 90.1% from Landsat 8 Operational Land Imager (OLI), respectively. The producer’s accuracy
and user’s accuracy from the proposed method (SVMl + SMRI) were 90%, and 90%, respectively.
The producer’s accuracy and user’s accuracy from Zhang et al. [2] were almost the same as those
from the proposed method in this study. However, the proposed method produced an improved
accuracy in overall accuracy and Kappa (i.e., 94% and 0.86 from SVMl + SMRI), which are higher than
those from Landsat TM (92.5% and 0.83) and from Landsat OLI (93.8% and 0.858) in [2]. In addition,
the decision tree method used by Zhang et al. [2] for distinguishing mangroves is largely depended
on the quality of the constructed decision tree. For each layer of the decision tree, it must be set with
different thresholds to differentiate different land cover types. The thresholds were determined by
the visual interpretation on the characteristics of different land cover types. Therefore, the decision
tree method is difficult to automate and its classification accuracy largely depends on the quality of
the visual interpretation. The proposed method in this paper used a fast and efficient SVM classifier,
and thus achieved an automated procedure for distinguishing mangrove forests.

Table 4 also lists the area of mangrove forests mapped by the different methods under
consideration. The total area of mangrove forests was 911.952, 860.708, 799.274, and 594.222 ha
for SVMl + SMRI, SVMl, SVMh + SMRI, and SVMh, respectively. It can be found that the calculated
area of mangroves in the low-tide images was larger than those in the high-tide images. Although
the SMRI index can distinguish submerged mangrove forests at high tide, the total area at high tide
was still underestimated. The reason for this is that low-stand mangroves along coastlines were
totally submerged due to the high tide levels, resulting in changes of the spectral signature from
mangrove forests to water. The spectral signature of seaward low-stand mangroves when were deeply
submerged by water became the spectral signature of water, which cannot be distinguished by the
SMRI index. The spectral signature of landward low-stand mangroves which were slightly submerged
by water reflected the spectral signatures of both water and underlying low-stand mangroves. Thus,
these submerged mangroves can be distinguished by the SMRI index. The area of mangrove forests
from the SVMl + SMRI method was 51.244 ha larger than that from the SVMl. It is demonstrated that
some submerged mangrove forests that are sparsely distributed on tidal flats were distinguished with
the incorporation of the SMRI. The area of mangrove forests from the SVMh + SMRI method was
205.052 ha larger than that from the SVMh. It can be seen that many submerged mangrove forests were
effectively distinguished, attributed to the application of the SMRI index together with the proposed
method. Hence, the SMRI is an effective index that helps to distinguish submerged mangrove forests.

6. Conclusions

To date, tidal effects have been a significant limitation for accurately mapping mangrove
forests, particularly in China where species diversity is high and the distribution of mangroves
is sparse. We proposed an object-based SVM method for mapping mangrove forests using multi-tide,
high-resolution RS imagery (GF-1). In the proposed method, a new spectral index, the SMRI, which is
based on high-tide and low-tide images, was designed to enhance the separability of submerged
mangrove forests. This was then used together with the NDVI, and textural and geographic features
to improve the mapping result.

The evaluation results show that the introduction of the SMRI greatly improved the identification
accuracy, especially for submerged mangrove forests. The proposed method of mapping mangrove
forests based on multi-tide, high-resolution satellite imagery achieved a satisfactory mapping result
and higher classification accuracies in the study area compared with those from existing methods that
only use single-tide imagery.
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