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ABSTRACT:

Mapping and monitoring wetlands of Dongting lake using optical sensor data has been limited by cloud cover, and open access
Sentinal-1 C-band data could provide cloud-free SAR images with both have high spatial and temporal resolution, which offer new
opportunities for monitoring wetlands. In this study, we combined optical data and SAR data to map wetland of Dongting Lake
reserves in 2016. Firstly, we generated two monthly composited Landsat land surface reflectance, NDVI, NDWI, TC-Wetness time
series and Sentinel-1 (backscattering coefficient for VH and VV) time series. Secondly, we derived surface water body with two
monthly frequencies based on the threshold method using the Sentinel-1 time series. Then the permanent water and seasonal water
were separated by the submergence ratio. Other land cover types were identified based on SVM classifier using Landsat time series.
Results showed that (1) the overall accuracies and kappa coefficients were above 86.6% and 0.8. (3) Natural wetlands including
permanent water body (14.8%), seasonal water body (34.6%), and permanent marshes (10.9%) were the main land cover types,
accounting for 60.3% of the three wetland reserves. Human-made wetlands, such as rice fields, accounted 34.3% of the total area.
Generally, this study proposed a new flowchart for wetlands mapping in Dongting lake by combining multi-source remote sensing
data, and the use of the two-monthly composited optical time series effectively made up the missing data due to the clouds and

increased the possibility of precise wetlands classification.

1. INTRODUCTION

Wetlands, as one of the most critical ecosystems, can provide a
series of ecological services, such as conserving biological
diversity, controlling runoff volume, minimizing sediment loss
and purifying surface water (Bwangoy et al. 2010). However,
wetlands have been damaged and threatened by the urban
expansion and the global climate changes (Brinson and
Malvaez 2002; Niu et al. 2009). To understand wetlands
functions and monitor wetlands response to natural and human
activities, accurate wetland mapping is significant importance.

Remote sensing imagery has been widely used to monitor
wetlands as satellites could monitor land surface efficient and
timely observation (Ozesmi and Bauer 2002; T&ra and
Pietroniro 2005; Rebelo et al. 2009). Most existing studies map
and monitor wetlands using single-date imagery, but the single-
date observations ignore the seasonal variations of wetlands
(Kashaigili et al. 2006; Lee and Yeh 2009; Gong et al. 2010;
Zhang et al. 2011; Han et al. 2015). To avoid this limitation,
satellite imagery time series were used to identify seasonal
wetlands as the image time series have potential to monitor
plant phenological characteristics and season dynamic of water
surface. Low-resolution data with high temporal resolution,
such as Moderate-resolution Imaging Spectroradiometer
(MODIS) images, was the primary data (Galford et al. 2008;
Lhermitte et al. 2011; Nguyen et al. 2012; Sun et al. 2014).
However, MODIS data cannot precisely identify detail of the
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wetlands and smaller wetlands because of the relatively low
coarse resolution. While images at better spatial resolution, such
as Landsat data, always have low temporal frequency and
irregular image times series because of clouds.

Synthetic Aperture Radar (SAR) microwaves can penetrate
clouds and independent on illumination, but have been less
used at large scale due to the high costs and intensive
processing requirements, such as TerraSAR-X X-band),
COSMO-SkyMed (X-band) and RADARSAT-2 (C-band)
(Gstaiger et al., 2012; Pulvirenti et al., 2011). The Sentinel-1
satellite which is launched recently could provide free-available
SAR data at high temporal frequency (six days considering
Sentinel-1A and B at the Equator) and the high spatial
resolution (Torres et al., 2012), these data could contribute to
accurate wetlands mapping and inter-annual variation
monitoring.

Dongting lake, the second largest lake freshwater lake in China,
is famous for its rapid seasonal changes because it is in
inundation extents of the middle reach of the Yangtze River,
and it is also the lake most affected by the Three Gorges Project
(Ding & Li, 2011, Li et al., 2011). Considerable research has
focused on mapping and monitoring wetlands at Dongting Lake
using time series data (Hu et al., 2015). But these researches
always used MODIS or ENVISAT ASAR data at 150 m, 250 m,
and 500 m or lower spatial resolution, the wetlands
classification accuracy is low due the mixed pixels. Therefore, it
is urgently need to map the wetlands of Dongting lake using

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLII-3-1971-2018 | © Authors 2018. CC BY 4.0 License. 1971


mailto:phdxingliwei@163.com
mailto:whb@sasmac.cn
mailto:fan88628643@qq.com

The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLII-3, 2018
ISPRS TC Il Mid-term Symposium “Developments, Technologies and Applications in Remote Sensing”, 7-10 May, Beijing, China

satellite series time at high spatial resolution. Therefore, the
main objectives of this study are to (1) to create optical and
SAR time series using Landsat 7, Landsat 8 and Sentinel-1 data
separately with two-monthly composition strategy for 2016; (2)
to derive surface water body based on threshold using the
Sentinal-1 time series; (3) to identify the other land cover types
based on SVM classifier using Landsat time series; (4) to
analyse the distribution characteristics of different wetland
types in three wetland reserves of Dongting lake.

2. STUDY AREA AND DATA SETS
2.1 Study area

Dongting Lake includes three national wetland nature reserves:
the East Dongting lake reserve, the South Dongting lake reserve,
and the West Dongting lake reserve (Figure 1), which were
included in the List of Ramsar Sites in 1992 and 2002
(http://www.ramsar.org/wetland/china). The main land cover
types in the study region include permanent water body,
seasonal water body, marshes, rice fields, forest and
impervious surface. The classification system used a two-
tier hierarchical structure. Water include permanent and
seasonal water body in level two, which were not showed
in Table 1 due to the method for identifying water. The
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number of training and validation samples for each land
cover was showed in Table 1.

Level | Level two Month training | validation
one samples | samples
January- 141 152
February
March-April | 131 145
May-June 190 201
water July-August | 203 216
September-
October 133 142
November- 138 149
December
marshes January- 120 132
December
rice fields January- 491 530
non- December
WaLer | forest January- 337 391
December
impervious | January- 110 119
surface December

Table 1. The Land covers classification system
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Figure 1. Location of study area

2.2 Datasets

Landsat 7 ETM+ and Landsat 8 OLI land surface reflectance
(SR) product (path/row: 123/40 and 124/40) with cloud cover
lower than 60% were acquired in 2016. The data were

download from the United States Geological Survey (USGS)
(https://earthexplorer.usgs.gov/). Then Landsat 30 m land
surface reflectance were two-monthly composited using the
median value of all pixels at the same location during the two
months. Three additional indices, the Normalized Difference
Vegetation Index (NDVI) (Tucker, 1979), the Normalized
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Difference Water Index (NDWI) (Zarco-Tejada et al., 2003) and
Tasselled Cap Transformation Wetness Index (TC-Wetness)
(Li et al., 2016) were derived from the Landsat reflectance data
with two monthly frequencies.

Sentiel-1A satellite provide C-Band image in singular and dual
polarization. The revisit time is twelve days. We used Level-1
Ground Range Detected (GRD) images in the IW mode with
dual-polarization (VH /VV) (Cazals et al., 2016). The Sentinal-
1 data were resampled to 30 m resolution using the nearest
neighbour method to make them spatially consistent with the
Landsat data. In our study, the backscattering coefficient for VH
and VV polarizations obtained using Sentinel Application
Platform software (SNAP) were utilized to map the surface
water of Dongting lake wetland reserves. The backscattering

Landsat7 ETM+ and Landsat 8 OLI —

land surface reflectance =
(12 montf}g}zini

coefficient were also composited at two monthly spatial
resolution.

3. METHOD

The flowchart of this study was showed in Figure 2. Firstly, we
generated two monthly composited Landsat time series data (SR,
NDVI, NDWI and TC-Wetness) and Sentinal-1 time series.
Secondly, Sentinel-1 time series backscattering coefficient for
VH and VV polarization were used to identify water body using
the threshold method. Then permanent and seasonal water were
separated by the submergence ratio. And finally, the non-water
land covers were identified using Landsat time series based on
SVM classifier.
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Figure 2. Flowchart of the methodology followed in the study

3.1 Threshold-based classification

The threshold method with the characteristics of efficient and
simple was widely used in mapping water. The key of threshold
method is determining the threshold. There are many methods
used to determine the threshold, such as the maximum entropy
method (Kapur et al., 1985), the minimum interclass variance
method (Radhika et al., 2009) and the Otsu method (Otsu,
1979). However, these methods are always complex and time-
consuming. Empirical methods with the characteristic of
samples were considered as the most commonly used method to
determine the threshold, which may lead to variable accuracy
due to the operator’s subjective evaluation. In our study, a
simple and efficient method was used to determine the threshold.

The method was based on the water and non-water training
samples. The water and non-water training samples presented
obvious normal distribution. The valve in the trough of the
normal distribution probability density functions of the water
and non-water training samples was considered as the threshold.
The thresholds for every two monthly were showed in Table 2.

Month VH (dB) VV (dB)
January-February -22.21 -15.68
March-April -21.76 -16.43
May-June -22.49 -17.00
July-August -20.62 -14.54
September-October -21.29 -16.85
November-December | -21.00 -14.98

Table 2. Wetlands The threshold for VH or VV backscattering
coefficient for every two monthly
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3.2 Permanent and Seasonal Water Identification method

To understand the characteristic and influences of the water
body dynamic changes in Dongting lake, the submergence ratio
was calculated as the following equation for each pixel:

n
—— 0,
8= m X 100% o)
where & represents the submergence ratio; n represents the
number of inundations observed by Sentinal-1A at two monthly
frequency in a year; N represents the number of total
observations times of Sentinal-lA (6 in our study). The
permanent water body was flooded the entire year (6=1). The
seasonal water body was flooded at least one time in a year
(0<d<1).

3.3 Support Vector Machine

Support Vector Machine classifier derived from statistical
learning theory. Some researches have showed that SVM can
obtain more accurate classification results than other methods,
such as the maximum likelihood classification method and
decision tree. In our study, we used a SVM classifier to map
non-water of Dongting lake wetland reserves. The widely used
radial basis function (RBF) kernel was selected and performed
using ENVI ver.5.3 software. The best kernel parameter y and a
regularization parameter C (cost) were set to (100, 0.125) to
train the SVM in practice.

112°0'0"E

4. RESULT AND DISCUSSION
4.1 Classification Accuracy

In this study, the overall accuracy (OA), producer’s accuracy
(PA), user’s accuracy (UA), and Kappa coefficient were used to
assess the classification accuracy. By comparison, the VH
backscattering coefficient gained higher accuracies of water and
non-water classification than the VV backscattering coefficient.
The water and non-water classification results were obtained
from the VH backscattering coefficient. Then the permanent
water and seasonal water were separated by the submergence
ratio. Figure 3 showed the wetlands classification result. The
OA and Kappa coefficient were 86.6% and 0.8 In addition, PAs
and UAs of 6 land cover types were all above 81% (Table 3).

Landcover PA (%) UA (%)
permanent water body | 91.15 88.03
Seasonal water body 89.87 87.12
marshes 81.16 81.75
rice fields 87.92 87.27
forest 84.77 87.66
impervious surface 84.68 84.00

Table 3. Wetlands classification accuracy of Dongting lake
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Figure 3. Classification result of Dongting lake in 2016
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4.2 Area Analysis

The total wetland area of the three Dongting lake reserves is
3649.5 kmz2 in 2016, accounting for 94.6% of the total reserves
area. Natural wetlands including permanent water body (14.8%),
seasonal water body (34.6%), and marshes (10.9%) were the
main land cover types, accounting for 60.3% of the total area of
the three reserves. Human-made wetlands, such as rice fields,
accounted 34.3% of the total area. The permanent water body
and seasonal water body were both mainly distributed in the
East Dongting lake reserve and South Dongting lake reserve
(Figure 4). The seasonal water body was generally distributed
beside the permanent water body, and these regions should be
taken more attention due to the risk of flooding. marshes and
rice fields were mainly distributed in the South Dongting lake
reserve (Figure 4).

There were some differences in the spatial characteristics of
these three reserves. The wetland acreage are 1698.3 km2,
1612.1 km2 and 339.2 kmz in East Dongting lake reserve, South
Dongting lake reserve and West Dongting lake, respectively. In
the East Dongting lake reserve and West Dongting lake reserve,
the seasonal water body occupied the largest area. However,
rice fields accounted for the largest surface area in South
Dongting lake reserve.
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Figure 4. Area statistical results for different wetland types

5. CONCLUSION

This study combined multi-source remote sensing data, two-
months composited Landsat time series data (SR, NDVI, NDWI
and TC-Wetness) and Sentinal-1 time series data, to identify
wetlands of the three Dongting lake reserves. The main
conclusions are as follows: (1) the OA and Kappa coefficient
were 86.6% and 0.8. In addition, PAs and UAs of 6 land cover
types were all above 81%. (2) The total wetland area of the
three Dongting lake reserves is 3649.5 km2 in 2016. Natural
wetlands accounted for 60.3% of the total area of the three
Dongting lake reserves, and human-made wetland accounted for
34.3% of the total area. This study proposed a new flowchart for
wetlands mapping. And the use of the two-monthly composited
optical time series could not only effectively made up the

missing data but also increased the possibility of accurate
wetland mapping.
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