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Abstract: Submerged aquatic vegetation (SAV) is one of the most important biological groups in
shallow lakes ecosystems, and it plays a vital role in stabilizing the structure and function of water
ecosystems. The study area of this research is Baiyangdian, which is a typical macrophytic lake with
complex land cover types. This research aims to solve the low accuracy problem of the remote sensing
extraction of SAV, which is mainly caused by water level fluctuations, differences in life-history
characteristics, and mixed-pixel phenomena. Here, we developed a phenology—pixel method to
determine the spatial distribution of SAV and the start and end dates of its growing season by using all
Sentinel-2 images collected over a year on the Google Earth Engine platform. The experimental results
show the following: (1) The phenology-pixel algorithm can effectively identify the maximum spatial
distribution and growth period of submerged aquatic vegetation in Baiyangdian Lake throughout the
year. The unique normalized difference vegetation index (NDVI) peak characteristics of Potamogeton
crispus from March to May were used to effectively distinguish it from the low Phragmites australis
population. Textural features based on the modified normalized difference water index (MNDWTI)
index effectively removed the mixed-pixel phenomenon of macrophytic lakes (such as dikes and
sparse reeds). (2) A complete five-day interval NDVI time-series dataset was obtained, which removes
potential noise on the temporal scale and fills in noisy observations by the harmonic analysis of time
series (HANTS) method. We determined the two phenological periods of typical SAV by analyzing
the intrayear variation characteristics of NDVI and MNDWI. (3) Using field-survey data for accuracy
verification, the overall accuracy of our method was determined to be 94.8%, and the user’s accuracy
and producer’s accuracy were 93.3% and 87.3%, respectively. Determining the temporal and spatial
distribution of different SAV populations provides important technical support for actively promoting

the maintenance and reconstruction of lake and reservoir ecosystems.

Keywords: submerged aquatic vegetation (SAV); Baiyangdian Lake; phenological characteristics;
Sentinel-2; time series

1. Introduction

As an important part of the lake ecosystem, wetland aquatic vegetation can change
the physical and chemical environment of lake water bodies [1]. Aquatic vegetation serves
important ecological and environmental purposes, such as providing habitat for species,
stabilizing sediments, regulating nutrient circulation, and improving water quality [2-6].
Therefore, it plays a critical role in the evolution and ecological balance of lakes. Aquatic
macrophytes in inland lakes can be divided into three categories, namely emergent aquatic
vegetation, floating aquatic vegetation, and submerged aquatic vegetation (SAV). SAV is
related to water transparency, water depth, and eutrophication, and its biomass is usually
considered a key indicator for evaluating the quality of inland shallow lake ecosystems [7].
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The distribution of aquatic macrophytes directly affects the habitat quality of the lake
ecosystem, especially SAV, which can cause the aquatic ecosystem to change from a turbid
algae-dominated state to a clear-water plant-dominated state [8,9]. Therefore, determining
the distribution and growth duration of SAV can provide useful information for lake
management and future ecological restoration.

Traditional monitoring methods for SAV are often limited by the water environment
and high cost, resulting in a small monitoring range and destructive effects on SAV [10]. In
addition, limited field-survey data may not be able to represent the spatial and temporal
dynamics of SAV in a lake. Therefore, remote sensing technology has become an effective
tool for mapping SAV [11]. Recently, multispectral sensor data have seen wide usage in
mapping the distribution of large-scale aquatic vegetation and in evaluating the intra-
annual and interannual variation of aquatic vegetation [9,12].

Generally speaking, a specific band or combination of bands (spectral index) can be
used to distinguish between lake water bodies and aquatic vegetation, so multispectral
sensor data have been widely used in the remote sensing extraction of aquatic vegeta-
tion [13]. For example, Dehua et al. [14] and Luo et al. [15] respectively used Landsat TM
and HJ-CCD images to propose a decision tree model for identifying emergent aquatic
vegetation, floating aquatic vegetation, and SAV in Taihu Lake. Brooks et al. [16] developed
an algorithm based on the Landsat satellite to obtain the SAV maps of the Laurentian
Great Lakes in the United States. Based on the uncertainty of the extraction threshold of
SAV under different lakes and water quality conditions, Dai et al. [17] proposed a set of
automatic threshold methods for extracting SAV from lakes on the Yangtze Plain of China
and obtained good classification accuracy. Therefore, multispectral remote sensing data
can be used to accurately survey and identify SAV in shallow lakes. The theoretical basis
of these methods lies in the spectral difference between SAV, FEAV (floating leaves and
emergent aquatic vegetation), and lake water.

Some studies have shown that the strong absorption of near-infrared makes it im-
possible to reflect the spectral information of SAV when the canopy depth is greater than
0.35 m [17,18]. However, the water level of inland lakes varies greatly during the year,
making it difficult to detect when the distance between the vegetation canopy and the
water surface is large. Theoretically, the growth position of SAV is roughly stable due to the
vegetation’s strong roots. However, the turning of bottom silt caused by human activities
or natural factors will increase the concentration of suspended sediment and decrease the
light transmittance, which will hinder the accuracy of remote sensing detection. Therefore,
previous studies have found that the area of SAV fluctuates greatly during the year, which
may be due to the influence of water depth and water transparency. Different from previous
extractions of SAV based on open lakes, Baiyangdian Lake is a typical macrophytic lake
with crisscross dikes and scattered reeds. The lake has severely mixed pixels of reed and
water. The spectral characteristics of these mixed pixels are very similar to those of SAV,
which in some studies on the remote sensing classification of Baiyangdian Lake has led to
the conclusion that this technique does not extract SAV [19].

Time-series remote sensing images have been widely used in the mapping of areas
such as farmland, woodland, and water bodies [20]. However, few studies have used
multitemporal and medium spatial resolution remote sensing data to monitor seasonal
changes of aquatic vegetation types. The SAV mapping method in lakes is mostly based
on a single scene-based remote sensing image. However, due to the above reasons, the
distribution of SAV monitored by a single image does not typically represent the spatial
distribution over the entire year. Unfortunately, due to the rainy weather in Baiyangdian,
even the Sentinel-2 satellite with a time resolution of five days can only obtain 1-2 scenes of
good quality image data in the summer. To increase the number of available observations,
it is necessary to make full use of those pixels that are not contaminated by cloud noise
in the image. Compared with the use of scene-based images, the pixel-based method can
greatly increase the available observation pixels. Therefore, it is necessary to evaluate the
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application potential of multitemporal remote sensing images in the identification and
continuous monitoring of SAV.

In this study, our objectives were as follows: (1) to understand the phenological
characteristics of SAV and FEAV in Baiyangdian Lake with time-series Sentinel-2 images;
(2) to develop and evaluate a phenology—pixel algorithm for SAV extraction that uses
time-series Sentinel-2 images to effectively reduce the impact of sparse FEAV and water
level fluctuations in complex macrophytic lakes; and (3) to determine the start and end
dates of SAV growing season by using all available Sentinel-2 images.

2. Study Area and Data
2.1. Study Area

Baiyangdian Lake is located in the middle of the North China Plain, with a geographi-
cal location of 115°38'-116°07'E, 38°43/-39°02’N, and a total area of 366 kmZ. As shown
in Figure 1, it is located in Xiong’an New Area, most of which belongs to Anxin County
and Xiong County of Hebei Province. It is the largest natural lake on the North China
Plain, formed by the confluence of the Yongding River and Hutuo River alluvial fans on
the eastern foot of the Taihang Mountains [21]. The lake plays an important role in flood
storage, drought prevention, carbon sequestration, biodiversity maintenance, and local
climate improvement, so it is known as the “Kidney of North China”. As an important part
of Xiong’an New Area, Baiyangdian needs to coordinate the governance of the city, water,
forests, fields, and lakes; protect the ecological environment; and restore the function of the
“Kidney of North China”. Protecting the ecological environment and restoring the function
of the “Kidney of North China” are important steps for the Xiong’an New Area to build a
model city of ecological civilization in the new era.

Figure 1. Location of Baiyangdian Lake.

This area has a warm temperate continental monsoon climate, with an average annual
temperature of about 12.1 °C. The average annual precipitation is about 563.9 mm, and the
precipitation is mainly concentrated in July—August with large interannual changes. The
average annual evaporation is about 1369 mm, which is much greater than the amount
of precipitation [22]. Baiyangdian Lake consists of 143 lakes of varying sizes that are
bounded by dikes and more than 3700 crisscross trenches, forming a complex lake and
marsh wetland system [23]. The water depth of most areas in Baiyangdian Lake is between
1 and 4 m. Baiyangdian Lake is rich in animal and plant resources, including fish, crabs,
shrimps, and other aquatic species [21]. Common aquatic plants include emergent aquatic



Remote Sens. 2022, 14, 640

40f16

vegetation, floating aquatic vegetation, and submerged aquatic vegetation. As shown in
Table 1, Baiyangdian aquatic vegetation in this study is divided into three classes for the
purpose of analyzing its phenological changes during the year. The first and second classes
are floating and emergent aquatic vegetation (FEAV), which are further divided according
to whether they have dead branches on the water surface in the spring (see Table 1), and
the third class is various types of submerged aquatic vegetation.

Table 1. Categories of aquatic vegetation in Baiyangdian Lake.

Class Type Dominant Species

FEAV (floating-leaved and emergent FEAV1 Phragmites communis, Typha angustifolia
aquatic vegetation) FEAV?2 Nelu'm_bo nucifera, Lemna minor,
Salvinia natans
Potamogeton crispus, Ceratophyllum
SAV (submerged aquatic vegetation) SAV demersum, Myriophyllum verticillatum,
Potamogeton pectinatus

2.2. Sentinel-2 Data

The Sentinel-2 constellation consists of two identical satellites operating in sun-
synchronous orbits, with a revisit time of five days on the equator and a shorter time
toward the poles [24]. Sentinel-2 MSI has 13 spectral bands, including visible light and
near-infrared to short-wave infrared spectral bands, with a spatial resolution of 10 m. The
Sentinel-2 data provided by the GEE platform were preprocessed (e.g., radiation correc-
tion, orthorectification, atmospheric correction). A total of 505 scenes of Sentinel-2 images
covering the Baiyangdian area in 2020 were selected from the GEE platform.

2.3. In Situ Survey Data

Field surveys and high-resolution images were used to assess the accuracy of SAV
maps. In recent years, our research group has conducted numerous field surveys to the
Baiyangdian Lake. The surveys were conducted in May, August, and October of 2020, and
each field survey was about 5 days. We cruised through the lakes by boat to obtain the
ground truth (see the track in Figure 1). The surveys covered almost all of the SAV growing
season and helped to determine the start and end dates of the growing season. To ensure
the purity of the sample points, we only recorded pixels with SAV coverage greater than
20%. A handheld GPS instrument was employed to record the geographic location of each
aquatic vegetation sampling point, and digital photos above the SAV surface were obtained
at each sampling point. The dominant species and growth stages of aquatic vegetation
were recorded, and the vegetation coverage of the sampling points was visually estimated
within an ~10 x 10 m? area. Due to a large number of Baiyangdian dikes and fishing
nets, some areas were difficult to investigate. The sample points were interpreted through
high-resolution images such as those of Google Earth and WorldView-2. Specifically, based
on field surveys, areas identified as SAV were analyzed for their characteristics (such as
texture and color) on high-resolution images to determine the type of features. Once the
features (such as texture and color) of the SAV areas on the high-resolution image were
analyzed, they were used to determine the land use type of other unknown areas. A total
of 1000 pixel points were generated for accuracy assessment, of which were 250 were SAV
sample points and 750 were non-SAV sample points.

3. Methodology

As shown in Figure 2, the method described in this paper mainly includes four parts:
Sentinel-2 data preprocessing, phenological analysis of Baiyangdian aquatic vegetation,
pixel-based composite of time-series images, and establishment of a decision tree model to
determine the distribution and growth of SAV.
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Figure 2. Flowchart of pixel- and phenology-based SAV mapping based on Sentinel-2 data.

3.1. Phenological Characteristics of Aquatic Vegetation in Baiyangdian Lake
3.1.1. Construction of Dense Time-Series NDVI Dataset

First, we masked the pixels marked as 1 in Bit10 and Bit11 of the QA60 band to remove
noise observation pixels such as cirrus clouds and thick clouds to obtain usable pixels for
each scene image. The revisit period of Sentinel-2 data in the Baiyangdian Lake area is
five days. For areas where images of different orbits overlap, the Sentinel-2 data are median
composites used to create a Sentinel-2 image cube with five-day intervals throughout the
year. To fill the gaps caused by the excluded low-quality data (clouds, cloud shadows) and
eliminate potential noise on the time scale, this study applied harmonic analysis of time
series (HANTS) to the annual NDVI time series. The principle of the HANTS algorithm
is to remove the abnormal values in the time-series data through the iterative fitting of
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the least-squares method and realize the decomposition and reconstruction of the curve
by the positive and negative transformation of the Fourier transform in the time domain
and the frequency domain [25,26]. We obtained the NDVI time-series dataset with a five-
day interval (Figure 3) to analyze the phenological changes of different types of aquatic
vegetation in Baiyangdian Lake. As the MNDWTI index is significantly affected by surface
moisture and atmospheric conditions, we did not perform HANTS filtering to obtain this
dataset but rather used the original observation data.
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Figure 3. The seasonal dynamics of MNDWI and NDVI indices of various aquatic vegetation types
in Baiyangdian Lake.

3.1.2. Analysis of Key Phenological Characteristics of Aquatic Vegetation

According to the vegetation phenology information obtained from the Baiyangdian
field survey, SAV can be roughly divided into two categories. The first category is Pota-
mogeton crispus, and the second category includes Ceratophyllum demersum, Myriophyllum
verticillatum, and Potamogeton pectinatus. Type 1 germinated in early March and gradually
approached the water surface; it reached its peak in mid-April and became the only dom-
inant species of SAV in the lake; then, it rotted and quickly died out at the end of May.
Type 2 generally began to grow in early May with the growing season ending at the end
of November.

Based on the measured spectral data of the field survey, this study used the NDVI and
the MNDWI to extract SAV. NDVlI is closely related to the leaf area index, and it is one of
the most extensive indicators for studying vegetation phenology and vegetation biomass
changes [27]. MNDWT 1 is often used to extract surface water bodies. Both water bodies and
SAV are strongly absorbed in short-wave infrared, so the MNDWI index can be used to
identify both water bodies and SAV.

NDVI — pnir - Pred (1)
Onir + Pred
MNDWI — Pgreen — Pswir (2)
Pgreen + Pswir

where pgreen, Ored, Pnirs and Psyir are the surface reflectance values of green, red, near-
infrared, and short-wave infrared bands.
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As shown in Figure 3, two key phenological characteristics of SAV mapping were
determined based on the annual MNDWI curve and the NDVI annual time-series curve
filtered by the HANTS method: (1) Through the NDVI time-series curve in Figure 3, it was
found that the NDVI value during day of year (doy) 60-160 mainly shows the growth
characteristics of Potamogeton crispus. After doy 60, the NDVI value of Potamogeton
crispus began to increase rapidly and reached a peak after about 120 days and then began
to decay rapidly. As the area may become reoccupied by newly emerging emergent aquatic
vegetation (such as lotus), the NDVI curve exhibited another peak around August. The
MNDWTI index also had obvious characteristics. The MNDWI index of SAV was relatively
high in period 1 but dropped rapidly in period 2. (2) The NDVI of type 2 began to increase
rapidly around doy 100 and remained relatively stable between doy 160 and 270. Due to
the strong absorption of SAV in the short-wave infrared band, its annual MNDWI index
had high values.

3.2. A Phenology—Pixel Algorithm for SAV Mapping
3.2.1. Determination of Extraction Threshold

Dai et al. [17] used a single short-wave infrared (SWIR) band threshold to distinguish
SAV from FEAV. Due to the influence of atmospheric correction on optical satellite data, the
reflectivity of SAV in the short-wave infrared band fluctuates at different times. Therefore,
we used the MNDWI index that combines short-wave infrared and green bands to weaken
the influence of atmospheric correction. The commonly used vegetation index NDVI was
applied to separate SAV and water bodies because SAV still has reflection peaks in the
near-infrared and absorption valleys in the red band.

We selected 14,382 data samples from Sentinel-2 images during the vegetation growing
season to analyze the separability of aquatic vegetation in Baiyangdian Lake. As shown in
Figure 4, about 98.2% of SAV and water bodies had an MNDWI index greater than 0.2, and
about 99.3% of SAV had an NDVI index greater than 0. Finally, the extraction index and
threshold of SAV were defined as MNDWI > 0.2 and NDVI > 0.

25 —=—FEAVI
] ——FEAV2
\?20_ —— Water
515- ——SAV
S
;,10—
[ 5
O I I ' 1 ' I ' I ' I ' I d 1 ' 1 ' 1
25=l0 -08 06 -04 -02 00 02 04 06 08 1.0
] MNDWI
201
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> 15 4
Q
= 4
[
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g
(& 5_
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Figure 4. Spectral characteristics of FEAV1, FEAV2, SAV, and water sampling points.
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3.2.2. Extraction Steps of Annual SAV Mapping

Step 1: We obtained the mean composite images of MNDWI in each of the two periods,
and then we used MNDWI > 0.2 to determine whether the two periods had water bodies
and SAV.

Step 2: For pixels where SAV may exist in the previous step, we obtained the maximum
composite images of NDVI in each of the two periods, and then we used NDVI > 0 to
separate SAV and water bodies.

Step 3: For pixels extracted as SAV in stage 1, it was necessary to add the condition
of having a peak in the NDVI curve in stage 1. No additional conditions were required in
stage 2.

Step 4: In combining the SAV pixels extracted from the two time periods, the following
situations are possible: (1) SAV exists only in period 1, (2) SAV exists only in period 2, and
(3) SAV exists in both periods 1 and 2. The three situations were combined to obtain the
largest annual spatial distribution range of SAV.

3.2.3. Start and End Time of SAV Growth

Baiyangdian Lake is seriously affected by human activities, and SAV may be destroyed
by humans. This study attempted to determine the SAV time of existence by analyzing
the changes in NDVI. Equations (3) and (4) show how to determine the Julian day of the
start and end of the growing season. If only stage 1 of the pixel is SAV (generally stage 2 is
lotus), the time when NDVI is in the trough is defined as the end of the growing season.

SOS = NDVIi-5 < 0, NDVIi > 0, NDVIi+5 > 0 N NDVIi-5 < NDVIL < NDVIi+5  (3)

EOS = NDVIi-5 > 0, NDVIi > 0, NDVIi+5 < 0 N NDVIi-5 > NDVIi> NDVIi+5  (4)

where i denotes the day of year (doy), SOS is the start of the season, and EOS is the end of
the season.

3.2.4. Removal of Dikes and Sparse FEAV

The presence of dikes and sparse FEAV causes misclassification in shallow grass-type
lakes. Baiyangdian is artificially divided into grid-like aquaculture areas, and most of the
dikes are reeds or woodlands (5-20 m). The spectrum of these mixed pixels is similar to
the spectrum of aquatic vegetation (as shown in Figure 5). The coverage of SAVs with
low coverage, medium coverage, and high coverage was 20%, 50%, and 80%, respectively.
While it is difficult to remove the dikes and sparse FEAV using only the two indicators
of NDVI and MNDWI, they have unique textural characteristics that make them easy to
distinguish [28].

As shown in Figure 6, the mean-filtered MNDWI image (mfMNDWI) was obtained by
using 7 X 7 window average filtering on the MNDWI image in the summer. Because the
MNDWI pixel value of the water on both sides of the artificial dike is higher than that of
the dike, the mean filtering can improve the pixel value of the water mixed pixel in the dike
area. Based on this textural feature, we used Equation (5) to determine the mixed pixels
containing artificial dikes or sparse reeds.

Boundary = (MNDWI — mfMNDWI) < —0.05 5)

3.3. Accuracy Validation

The stratified random sampling method was used to select sample points. A total
of 1000 pixel points were generated based on the obtained SAV map, and the SAV and
non-SAV pixels were generated at a ratio of 1:3. We determined whether there was SAV
based on Google Earth high-resolution images and nine Sentinel-2 images from March to
November. The user’s accuracy, producer’s accuracy, and overall accuracy obtained by the
confusion matrix method were used as the evaluation indicators.
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Figure 5. Spectral characteristics of sparse FEAV, artificial dikes, and SAV on the Sentinel-2 image.
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4. Results
4.1. Accuracy Assessment of the SAV Map

We evaluated the accuracy of the SAV map of the Baiyangdian Lake in 2020. Ap-
proximately 1000 sample points were identified through multiscene images in a year to
evaluate the maximum range of annual SAV extracted by this method. As shown in Ta-
ble 2, the overall accuracy, producer’s accuracy, and user’s accuracy of submerged plants
were 94.8%, 87.3%, and 93.3%, respectively. We found that commission errors occur when
SAV is sparsely distributed and has a short duration. This is further analyzed in the
discussion section.

Table 2. Classification accuracy of SAV map of Baiyangdian Lake in 2020.

Class PA (%) UA (%) OA (%)
SAV 87.3 93.3
94.8
Non-SAV 97.6 95.3

The area of Baiyangdian SAV was about 12.1 km? in 2020. As shown in Figure 7, most
of the dense SAV is distributed in blocks and fills the entire lake and several ponds, such as
Shaochedian in the north and Chiyudian in the east. Some SAV appears to be scattered or
striped on the edge of the dikes and in relatively open water areas.

(a)
<
] PR Y i P Y N o
& ! = ré; ; o i L W
i v 2
&
k i
Z "l
S B sav
§ I
% 0 25 5 10
s N e Km
115°50'0"E 115°55'0"F 116°0'0"E 116°5'0"E

Figure 7. Maximum distribution of SAV in Baiyangdian Lake in 2020: (a—d) classified maps: (e-g) the
original image (band combination R: B4, G: B8, B: B11).

4.2. Comparison before and after Removal of Dikes and Sparse FEAV

Figure 8 shows the distribution of SAV before and after the removal of dikes and
sparse FEAV. SAV was located near the artificial dikes before removal, and the SAV between
adjacent ponds was almost connected. The method applied in this study can effectively
reduce the commission error with the SAV distribution conforming to reality.
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Before removal

After removal

Figure 8. Removal of dikes and sparse FEAV in Baiyangdian Lake.

4.3. Growth Time of SAV in Baiyangdian Lake

As shown in Figures 9 and 10, we determined the SOS (doy), EOS (doy), and growth
duration of SAV. Most SAV grows from spring to the end of autumn. The start time is
mostly concentrated within 80-120 days, and the end time is mostly concentrated within
240-320 days. Potamogeton crispus is different from other SAV. It starts to grow around doy
60 and decays from doy 140 to 180. Therefore, SAV is assumed to be Potamogeton crispus
when the growth start date is about doy 60. Most Potamogeton crispus is distributed in
the Zaozhai Lake in the northwest and the Shaoche Lake area in the north. The bottom of
Zaozhai Lake has a higher elevation and a shallower water depth than other areas, which
promotes the growth and reproduction of Potamogeton crispus. The ecological water
replenishment project in Baiyangdian leads to higher water levels in the spring (the water
level is 0.7 m higher in March than in July), which may exacerbate this phenomenon.

Day of year
B o-20
I 20-40
I +0-60
B 60 -0
- B &0~ 100
B [ 100-120
[ 120-140
[ 140-160
[J10-180
[J1so-200
[J200-220
[J220-240
[ 240-260

S I 320 -340
| 40 <343

Figure 9. The start and end of SAV growth in Baiyangdian in 2020: (a) start time of SAV growth;
(b) end time of SAV growth.
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Figure 10. Frequency histogram of SAV growth in Baiyangdian Lake in 2020.

5. Discussion
5.1. Advantages of the SAV Mapping Method in This Study

This study proposes a method to monitor SAV by using all available Sentinel-2 images
to minimize the uncertainty caused by extracting SAV from a single image. Theoretically,
the distribution of SAV is relatively stable due to the vegetation’s strong roots, and the area
covered by SAV will not fluctuate significantly during the year. As shown in Figure 11,
the distribution of SAV (green is SAV) on the three Sentinel-2 images of July, August, and
September is not the same. If only a single image had been used, this information may
have been ignored, causing some SAV to be missed.

20200707 20200810 20200905

Figure 11. Changes in SAV on Sentinel-2 images at different times: (a—c,e—g) original image (band
combination R: B4, G: B8, B: B11); (d,h) SAV map extracted in this study.

Luo et al. [15] and Dai et al. [17] both proposed extraction methods based on a series
of index and threshold definition methods for a single image. However, they ignored the
environmental impact of SAV (such as the depth of the canopy and the growth period) and
complicated the calculation of the threshold for each scene image. While their methods
work well in open lakes, they have limitations in areas where the underlying surface is
broken or complex. Dividing mixed pixels such as sparse FEAV into SAV is easy.
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In addition, the method proposed in this study takes into account the phenological
characteristics of vegetation. Due to the high mixing of reeds and water bodies during
this period, it is possible to observe not only vegetation characteristics in the near-infrared
band, but also water characteristics in the short-wave infrared band. In this study, the
NDVI curve of Potamogeton crispus had a peak around April, which helped reduce the
commission errors caused by reeds growing in the water in spring. Some studies have
found that the mixed pixels of FEAV and water bodies are easily misclassified as SAV [29].
In this study, the spatial texture features and phenological characteristics of mixed pixels
can be used to reduce misclassification.

The study used the HANTS filtering method to reconstruct the NDVI time series,
which can better eliminate abnormal observations and fill in noise observations. Figure 12
compares the curve change before and after filtering of a water pixel. We were able to
observe the true-color composite image (R:4, G:3, B:2) of the abnormal fluctuation date of
NDVLI. It was found that the turbidity of the water body was higher on June 6 and the thin
cloud was not recognized by the cloud removal algorithm on June 18. The filtered curve
avoids the appearance of these abnormal observations.

0.2 T T T T T T T
RAW data
HANTS filter| |

0.1 -
0.0 m/\

-0.1

-0.2 O

-0.3

NDVI
1
1

-0.4

-0.5 1 | 1 | | 1 1

0 50 100 150 200 250 300 350
DOY

Figure 12. Comparison of NDVI pixel values of a water pixel before and after HANTS filtering ((a—d)
are true-color display images).

5.2. Stable Growth Area of SAV in Baiyangdian Lake

According to the beginning and end time of SAV growth in this study, the duration of
SAV growth in Baiyangdian Lake was determined. SAV with a long growth duration is
mostly located inside ponds and lakes and is less affected by human activities. As shown in
Figure 13, SAV with a growth duration of less than 60 days is basically distributed around
Quantou Township and the northeast of Shaoche Lake. Human activities in these areas are
significant (such as boat traffic, fishing nets, and engineering activities), making these areas
more susceptible to damage by human activities than other areas. In contrast, the growth,
coverage, and stability of SAV are relatively high in relatively closed ponds.

Different types of SAV have different growth times. For example, the growth time of
Potamogeton crispus in the spring is shorter than that of other types of SAV. The frequency
histogram in Figure 13 shows two peaks, with a trough of about 140 days, which is caused
by the shorter growth period of Potamogeton crispus.
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Figure 13. Growth duration of SAV in Baiyangdian Lake in 2020: (a) the spatial distribution of the
growth duration of SAV; (b) the frequency histogram of growth duration.

5.3. Uncertainties and Limitations

Similar to other commonly used SAV extraction algorithms, our method cannot extract
SAV in areas with large canopy depths and turbid water bodies throughout the year. Due to
the high absorption of water molecules in the near-infrared band, SAV with a large canopy
depth cannot be detected [30,31]. The water level in Baiyangdian Lake fluctuates greatly.
We tried to compensate for this phenomenon through multitemporal remote sensing images.
In addition, the underlying surface of Baiyangdian Lake is more complicated, and some
SAV is associated with reed communities and lotus communities. Limited by the image
spatial resolution, the method proposed in this study will cause omission errors. At present,
there is no suitable method to extract SAV that is covered by lotus leaves. For the problem
of mixed pixels, images with higher spatial resolution can be used in the future to minimize
the omission error.

In this paper, HANTS harmonic analysis was performed on each pixel to eliminate
outliers. Although to a certain extent this analysis can weaken the impact of abnormal
observations (bottom mud turning, cloud noise), some SAV that exists for less than 20 days
will still be missed.

The NDVI threshold for extracting SAV in this method needs to be slightly modified
to apply to other regions. Different from terrestrial remote sensing, the reduced magnitude
of the water signal inevitably results in its being disturbed by environmental factors such
as atmospheric conditions, water quality, and sun angle in aquatic remote sensing [32,33].
Therefore, the extraction of SAV in different lakes needs to set specific thresholds for local
environmental conditions. This study is aimed at the extraction of SAV in grass-type lakes,
which may not be applicable to algal-type lakes. The presence of phytoplankton can directly
affect the NDVI value in water bodies, which may cause misclassification.

6. Conclusions

Accurately determining the distribution of SAV is of great significance to lake pro-
tection planning and water resources management. In this study, based on all available
Sentinel-2 images and the phenological and textural characteristics of various aquatic plants,
we developed a phenology-pixel method suitable for extracting the spatial distribution and
existence time of SAV in a macrophytic lake. The method described in this study effectively
eliminated the influence of FEAV and mixed pixels. Accuracy verification showed an
overall accuracy of 94.8%, with a user’s accuracy and producer’s accuracy of 93.3% and
87.3%, respectively.
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In this study, the peak of NDVI effectively identified Potamogeton crispus and ef-
fectively eliminated the influence of low emergent plants in early spring. In addition,
according to the textural characteristics of the MNDWTI indeX, the misclassification caused
by both sides of the dikes and sparse reeds was eliminated. This method provides an
effective way to accurately determine the temporal and spatial distribution of different SAV
populations in macrophytic lakes.
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