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Abstract: Aquatic vegetation serves many important ecological and socioeconomic 

functions in lake ecosystems. The presence of floating algae poses difficulties for accurately 

estimating the distribution of aquatic vegetation in eutrophic lakes. We present an approach 

to map the distribution of aquatic vegetation in Lake Taihu (a large, shallow eutrophic lake 

in China) and reduce the influence of floating algae on aquatic vegetation mapping. Our 

approach involved a frequency analysis over a 2003–2013 time series of the floating algal 

index (FAI) based on moderate-resolution imaging spectroradiometer (MODIS) data. Three 

phenological periods were defined based on the vegetation presence frequency (VPF) and 

the growth of algae and aquatic vegetation: December and January composed the period of 

wintering aquatic vegetation; February and March composed the period of prolonged 

coexistence of algal blooms and wintering aquatic vegetation; and June to October was the 

peak period of the coexistence of algal blooms and aquatic vegetation. By comparing and 

analyzing the satellite-derived aquatic vegetation distribution and 244 in situ measurements 

made in 2013, we established a FAI threshold of −0.025 and VPF thresholds of 0.55, 0.45 
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and 0.85 for the three phenological periods. We validated the accuracy of our approach by 

comparing the results between the satellite-derived maps and the in situ results obtained from 

2008–2012. The overall classification accuracy was 87%, 81%, 77%, 88% and 73% in the five 

years from 2008–2012, respectively. We then applied the approach to the MODIS images 

from 2003–2013 and obtained the total area of the aquatic vegetation, which varied from 

265.94 km2 in 2007 to 503.38 km2 in 2008, with an average area of 359.62 ± 69.20 km2 over 

the 11 years. Our findings suggest that (1) the proposed approach can be used to map the 

distribution of aquatic vegetation in eutrophic algae-rich waters and (2) dramatic changes 

occurred in the distribution of aquatic vegetation in Lake Taihu during the 11-year study. 

Keywords: aquatic vegetation; Lake Taihu; remote sensing; algae; frequency approach 

 

1. Introduction 

Aquatic vegetation serves many important ecological and socioeconomic functions, including 

providing essential habitat for many aquatic species, stabilizing and enriching sediments, regulating the 

nutrient cycle and maintaining fishery production [1–3]. Water quality degradation is often associated 

with the disappearance of aquatic vegetation [4,5] and the increase of algal bloom [6]; thus, aquatic 

vegetation has been widely used as an indicator of water quality and nutrient loading in aquatic  

systems [7,8]. The efficient and accurate estimation of the distribution of aquatic vegetation is important 

for lake and water resource management [3].  

Traditional site-specific sampling and analysis are limited in both time and spatial resolution, whereas 

remote sensing offers a potentially convenient way to assess aquatic vegetation in a synoptic manner [7]. 

The aquatic vegetation and floating algae are known to be co-existent in many aquatic systems [6,9]. 

Due to the similarity in their optical properties, differentiation of the aquatic vegetation and the floating 

algae from remote sensing has been difficult [10]. To accurately estimate the aquatic vegetation 

distribution, it is necessary to explore a new method to reduce the influence of the optical signals of the 

floating algae on the aquatic vegetation mapping. 

Mapping aquatic vegetation over large areas has been performed using airborne imagery [4,11] and 

multi-spectral satellite data such as Landsat TM and SPOT imagery [12]. Satellite remote sensing has 

many advantages in aquatic vegetation monitoring: (1) repeat coverage by remote sensing enables the 

detection of changes over time, which has proven beneficial for rapidly assessing the optical variables 

in coastal and inland water [13,14]; (2) satellite data are in a digital format and can be easily integrated 

into a geographic information system (GIS) for analysis; and (3) satellite remote sensing is more practical 

and economical than the other monitoring methods [12,15]. In comparison, airborne imagery is 

unsuitable for regular monitoring on large spatial and temporal scales because it is costly and time 

consuming to process [12]. In comparison with airborne imagery, the satellite imagery is also subjected 

to limitations: (1) the spatial resolution of most satellite imagery is too coarse to identify the small patches 

of aquatic vegetation [12,15]; (2) the return interval of the satellite is fixed; (3) lack of cloud free data often 

prevents the use of optimal dates for aquatic vegetation mapping [15]. Overall, the satellite imagery shows 

remarkable advantages in the aquatic vegetation mapping over large water areas. 
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Image analysis techniques commonly used for the identification of aquatic vegetation from remote 

sensing imagery include digital image classification and vegetation index clustering [12]. Many remote 

sensing image classification analysis techniques have been tested, including supervised maximum 

likelihood classification [16], decision-tree classification [3], approaches based on artificial neural 

networks and fuzzy logic [17], unsupervised clustering classification [18], and the combination of remote 

sensing analysis with pre-acquired environmental data [19]. Vegetation indices can be used to analyze 

the vegetation signal in vegetation monitoring. Many applications have used the traditional normalized 

difference vegetation index (NDVI) to map global vegetation or variation in floating algae [20]. The 

maximum chlorophyll index (MCI) and cyanobacteria index (CI) were developed to detect algae and 

chlorophyll-a [21,22]. In addition, a novel index based on moderate resolution imaging 

spectroradiometer (MODIS) and referred to as the floating algal index (FAI) has been successfully used 

to identify floating vegetation in turbid water [23]. Unlike the previous indices, FAI was originally 

applied for detecting cyanobacteria and macro-algae in shallow, turbid fresh water and coastal areas, such 

as Lake Taihu (China), the Yellow Sea (China), Tampa Bay (USA), and the Gulf of Mexico [23–25]. The 

FAI is used in combination with pre-determined thresholds to help separate land, cloud or sediments 

from pixels associated with surface algal scums, thereby making it more sensitive to turbid water and 

shallow depths than other indices [26].  

These indices were all developed based on a linear algorithm. In most cases, three bands are included 

in the vegetation indices: one band corresponds to the reflectance peak in the red to near-infrared region; 

the second band is in shorter wavelength, and the third is in longer wavelength [27]. All of the 

abovementioned indices can be used to accurately map aquatic vegetation in waters where no algal 

blooms are present. However, in waters with both aquatic vegetation and algal blooms, retrieval errors 

can occur due to their similar optical characteristics; for example, floating algae are often misclassified 

as emergent or submerged aquatic vegetation [10]. The majority of studies in which algae or aquatic 

vegetation were detected using remote sensing were based on prior environmental knowledge [28,29] or 

independent in situ datasets of questionable accuracy [3]. 

Shallow lakes are among the most complex aquatic systems and are known to switch between two stable 

states: a macrophyte-dominated clear-water state and a phytoplankton-dominated turbid state [6,30]. In 

addition, macrophytes and phytoplankton may coexist for a long period of time in certain lakes 

undergoing eutrophication [9,31,32]. Given the ecological and economic value of aquatic vegetation, the 

monitoring of aquatic vegetation may be extremely useful in conservation planning and management of 

eutrophic shallow lakes [18]. Shallow lakes usually exhibit intrinsic spatial and temporal variability in 

the distribution of underwater light and aquatic vegetation [9,33]. Therefore, it would be useful to 

develop a new approach to accurately separate the algal signal from that of the aquatic vegetation and 

thus characterize the distribution of the aquatic vegetation.  

This study involved the identification of aquatic vegetation by applying a frequency approach to an 

11-year series of the FAI derived from MODIS data. The primary aims of our study were to (1) develop 

a new approach for mapping aquatic vegetation and separating the influence of floating algal through 

satellite images in combination with concurrent in situ investigation; (2) identify and map the aquatic 

vegetation of Lake Taihu using MODIS images based on the new approach; and (3) analyze the  

spatial and temporal distribution of aquatic vegetation in Lake Taihu and evaluate the potential 

influencing factors. 
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2. Materials and Methods 

2.1. Study Area 

Lake Taihu is the third largest freshwater lake in China, located between 30°55′40″–31°32′58″N and 

119°52′32″–120°36′10″E. It measures 2338 km2 and has a maximum depth of less than 3.0 m and an  

average depth of 1.90 m [34]. Lake Taihu serves as a key drinking water resource for approximately  

10 million local residents, with additional economic functions including tourism, fisheries and  

shipping [34].  

In this typical large, shallow lake, both macrophyte-dominated and phytoplankton-dominated areas 

exist simultaneously. In recent decades, the excessive input of nutrients has caused severe eutrophication 

and algal blooms (Microcystis spp.). The algal bloom has gradually extended its coverage during  

this period and persists for longer durations [35]. Previous study showed the Microcystis biovolume was 

low in winter and early spring, and increased in late spring to a maximum in late summer and  

early autumn; the algae bloom began in May or June, and lasted till October [35]. In addition, the 

distribution of aquatic vegetation in Lake Taihu has undergone dramatic changes [36]. Human  

activities such as planting, harvesting and pen-fish farming have directly affected the distribution of the 

aquatic vegetation, causing it to fluctuate more widely [34]. Developing efficient, large-scale monitoring 

strategies is key to efficiently track and mitigate harmful changes in large waters bodies [3].  

Therefore, there is an urgent need for an accurate estimate of the distribution of aquatic vegetation in 

our study area.  

Generally, Lake Taihu can be divided into six areas based on the shoreline geometry, environmental 

factors, and human activities: Zhushan Bay, Meiliang Bay, Gonghu Bay, Xukou Bay, East Lake Taihu 

and the open area [14] (Figure 1). The average water depth in the six areas increases in the following order: 

East Lake Taihu (1.76 ± 0.37 m; average ± standard deviation), Xukou Bay (1.82 ± 0.50 m), Zhushan Bay 

(1.97 ± 0.54 m), Gonghu Bay (1.98 ± 0.44 m), Meiliang Bay (2.11 ± 0.63 m) and the open area  

(2.63 ± 0.38 m) (Figure 1 and 2). The water quality is better in the southeastern part of the lake [37], and 

there is abundant aquatic vegetation in Xukou Bay and East Lake Taihu. The dominant species of aquatic 

vegetation in Lake Taihu are listed in Table 1 and are widely distributed in many other shallow lakes in 

China [38]. In the other areas of Lake Taihu, such as Zhushan Bay and Meiliang Bay in the north, algal 

blooms caused by eutrophication occur frequently [39]. 

Table 1. Dominant species of aquatic vegetation in Lake Taihu 

Type Dominant Species 

Emergent vegetation Zizania caduciflora, Phragmites australis  

Floating-leaved 

vegetation 

Nymphoides peltatum, Trapa incisa var. sieb., Furctus Trapae 

Quadricaudatae 

Submerged vegetation 

Potamogeton maackianus, Potamogeton malaianus, Vallisneria natans, 

Ceratophyllum demersum, Hydrilla verticillata var. roxburghii, Elodea 

nuttallii, Myriophyllum verticillatum, Najas minor 
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2.2. Field Data  

A total of 482 field sites were used in this study, including a model development dataset of 244 

samples and a model validation dataset of 238 samples. (1) Model development and threshold 

determination: Field aquatic vegetation investigations were performed along preset transects on 5–10 

and 20–23 August, 1–9 September and 25 October 2013 (Figure 1, represented by black crosses and 

dots). A total of 244 samples were collected along these transects, and the resulting dataset was used to 

develop a model and determine thresholds; (2) Model validation: Forty-eight locations were sampled 

annually following the routine investigation launched by the Taihu Laboratory for Lake Ecosystem 

Research between August and October from 2008–2012 (Figure 1, represented by numbered red circles); 

site 45 was not sampled in 2008 and 2009. Therefore, a total of 238 samples were used to validate the 

method. Before the field investigation, the sampling locations were preset based on prior knowledge of 

the aquatic vegetation distribution and distributed approximately uniformly across the entire area.  

The species and percentage coverage of the aquatic vegetation at each site were determined by eye 

from the boat. We placed a 5 × 5 m quadrat (parallel to the shoreline) at each station, and the main 

species of aquatic vegetation and their coverage within the frame were estimated and recorded  

(e.g., 75% species A, 25% species B). 

 

Figure 1. The locations of 244 ground-truth samples collected in 2013 (presence of aquatic 

vegetation is denoted by black crosses and absence is denoted by black dots) and the annual 

sampling sites from 2008–2012 (represented by numbered red circles; site 45 was not 

sampled in 2008 and 2009); the chart in upper right box is the map of South China Sea. 
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Figure 2. The 2003–2013 average depth distribution in Lake Taihu; the depth of 2.2 m is 

indicated by the black line. 

2.3. Image Data Description and Processing 

The MODIS Aqua data were obtained beginning in 2002. MODIS Level-0 data with a 250-m 

resolution spanning the period 2002–2013 were downloaded from NASA and calibrated to the radiance 

data (Level-1b data) using SeaDAS 6.0 software. More than 4000 images covered the study area from 

January 2003 to December 2013. Among these, 1041 images of high quality were selected after visual 

examination to exclude those substantially affected by clouds, sun glare, or thick aerosols (Table 2). The 

gaseous absorption and Rayleigh scattering were corrected using software developed by the MODIS 

data processing team. The lake shore was generated using MODIS FAI data, which is described in detail 

by Hu et al. [24]. 

2.4. Method Description: Frequency-Based Aquatic Vegetation Mapping 

Due to the difficulty of directly distinguishing algal blooms from aquatic vegetation in eutrophic 

aquatic ecosystems using moderate-resolution images, we used a frequency approach to delineate the 

areas of constant appearance of aquatic vegetation. This approach was based on the following 

assumption: since all of the dominate species in Lake Taihu are attached to the bottom (Table 1). 

Therefore, the distribution location of aquatic vegetation is relatively fixed throughout the majority of 

the year, whereas algae float on the water surface and often move. Floating algae were less often  

present than was aquatic vegetation. Therefore, aquatic vegetation and algae could be easily 

distinguished by establishing a presence frequency threshold. The general approach is described as 

follows (Figure 3): 
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Table 2. Temporal distribution of the MODIS-Aqua images used in this study. 

 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 Total 

January 10 8 3 5 4 3 8 3 8 6 4 62 

February 3 6 2 1 5 8 2 5 5 3 3 43 

March 6 6 10 9 11 8 4 7 4 7 6 78 

April 7 12 13 4 9 7 12 4 9 10 10 97 

May 4 7 9 10 9 14 14 7 6 10 11 101 

June 5 8 7 8 1 3 7 5 4 4 2 54 

July 7 13 4 8 7 12 3 8 2 10 12 86 

August 9 11 6 10 10 8 7 11 2 7 8 89 

September 9 8 8 8 10 5 11 8 13 8 3 91 

October 14 13 12 11 12 7 14 10 5 12 11 121 

November 10 14 7 7 12 10 7 12 5 12 12 108 

December 12 7 14 9 4 15 6 13 9 12 10 111 

Total 96 113 95 90 94 100 95 93 72 101 92 1041 

 

Figure 3. Flow chart of the general approach. 

Step 0: Acquire the MODIS images within a year 

Step 1: Divide the images into several periods according to the seasonal behavior of the aquatic 

vegetation and algal bloom 

In lakes undergoing extreme eutrophication, algal blooms may be constant in certain areas, making 

them difficult to distinguish from aquatic vegetation using this frequency test. To prevent 

misclassification of areas always covered by algal blooms, we divided the year into several periods based 

on the growth of algae and aquatic vegetation, among which three periods were considered.  
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Period 1, the Wintering Aquatic Vegetation period (WAV period), spans December and January. 

Because of the low temperature, algae blooms are rarely observed during this period [35]. Perennial 

herbaceous Phragmites australis is the main species of aquatic vegetation present through the winter.  

Period 2, the prolonged coexisting Algal Bloom and Wintering Aquatic Vegetation period (ABWAV 

period), was defined based on previous observations. Microcystis (the dominant algae species in Lake 

Taihu) starts to grow when the five-day average temperature is above 9 °C [40]. Deng et al. [35] 

evaluated the relationship between temperature and the growth of Microcystis in Lake Taihu and found 

that the average water temperature from 1991–2010 in March was 11 °C, making it a crucial period for 

the growth of Microcystis. Therefore, the five-day average water temperature in Lake Taihu reached the 

mentioned threshold during this period, causing the overwintering Microcystis on the surface of the 

sediment to grow, gain buoyancy and then float in the water column [35].  

Period 3, the peak of coexisting Algal Bloom and Aquatic Vegetation period (ABAV period), spans 

from June to October, when the area, biomass and diversity of aquatic vegetation and the frequency of 

the algae bloom are both at their peak [35,41].  

April, May and November were not included in the three defined periods because of the rapid variation 

in aquatic vegetation during these three months in Lake Taihu. Generally, the area of aquatic vegetation 

expands rapidly in April and May; in November, the area of aquatic vegetation rapidly decreases [42]. 

Step 2: Obtain the vegetation distribution in each image by calculating the Floating Algae Index 

To discriminate vegetation signal from open water in the study area, we used the FAI as an indicator 

of both aquatic vegetation and floating algae. The FAI method has been found to be robust under virtually 

all conditions in the study area, including conditions affected by chromophoric dissolved organic matter, 

thick aerosols and frequent sun glare during the summer [24].  

The FAI was calculated based on the Rayleigh-corrected reflectance (Rrc(λ), in which λ is the 

wavelength, nm) derived from MODIS images using the following equations [23]: 

(859) (859)rc rcFAI R R   (1) 

(859) (645) [ (1240) (645)] (859 645) / (1240 645)rc rc rc rcR R R R        (2) 

Then, the area with aquatic vegetation or algae can be separated from the open water by a critical 

threshold, the FAI threshold (TFAI, determined in Section 3.1.1). Pixels with values greater than the TFAI 

were defined as vegetation signals (aquatic vegetation or algae). 

Step 3: Calculate the Vegetation Presence Frequency (VPF) 

This step was designed to separate the temporary floating algal bloom from the aquatic vegetation. 

In our study, when the FAI of pixel j exceeded the FAI threshold (TFAI), the value of this pixel was 

set to 1 in the FAI layer; otherwise, the value of the pixel was set to 0. The vegetation (both aquatic 

vegetation and algae) presence frequency in each pixel was then evaluated in a given set of n images 

(per defined period): 

1

( , )

( )

n

i

FAI j i

VPF j
n




 (3) 

where VPF is the vegetation presence frequency of the pixel j in the image set of n and represents the 

proportion of pixel j with FAI = 1 in the total number of images (n). Thus, a pixel j that was assigned a 
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value of 1 in every FAI layer of the set n would be assigned a value of 1 in the VPF layer; a pixel j that 

was assigned a value of 0 in every FAI layer of the set n would be assigned a value of 0 in the VPF layer. 

Thereafter, the temporary floating algae could be separated by setting a VPF threshold; when this 

critical threshold was exceeded in a defined period, this pixel was classified as a vegetation signal. The 

VPF thresholds of the three periods were defined separately.  

Step 4: Map the aquatic vegetation distribution based on FAI and VPF 

This step was designed to prevent the prolonged floating algae from being classified as aquatic 

vegetation by seasonal phenology comparison and water depth limitation.  

In this step, we first defined the critical VPF of each period to exclude the area covered by temporary 

floating algae, and therefore quantify the distribution of vegetation signal in each period. After 

comparing the VPF acquired area among three defined periods, the influence of long-term algal bloom 

can be eliminated. 

Secondly, we used the maximum depth of aquatic vegetation colonization to further regulate the 

classification in our approach. A previous study in Lake Taihu found that the aquatic vegetation occurs at a 

water depth less than 2 m [14]. In our study, a water depth of < 2.2 m was used to improve the classification 

accuracy of aquatic vegetation considering findings from other similar published studies [43]. 

Hence, the distribution of the aquatic vegetation can be classified using the following equation: 

3 2 1( ) ( ) ( ) ( )avA A T A T A T A depth     (4) 

where Aav is the area of aquatic vegetation; T1, T2 and T3 are the VPF thresholds of the defined periods 

1, 2 and 3, respectively; A(T1), A(T2) and A(T3) are the areas where the VPF thresholds of T1, T2 and T3 

are exceeded, respectively; and A(depth) is the area of water depth greater than 2.2 m. The 2003–2013 

averaged water depth distribution is shown in Figure 2. 

The VPF thresholds of T1, T2 and T3 were determined based on the analysis of satellite-generated 

maps and the 244 in situ samples collected in 2013. The robustness of the frequency method and the 

determined thresholds were then assessed using the validation datasets from 2008–2012. 

2.5. Classification Accuracy Assessment 

The agreement between the estimated aquatic vegetation areas and ground-truth measurements was 

assessed based on the user’s accuracy and the overall accuracy. The user’s accuracy (pu(i)) is a measure 

of the commission error associated with a class and is derived from the number of pixels correctly 

allocated to a class relative to the total number of pixels predicted to belong to that class in the accuracy 

assessment [44]:  

( )
( )

( )

c
u

t

p i
p i

p i
  (5) 

where pc(i) is the number of correctly classified pixels of type i, and pt(i) is the number of total pixels of 

type i based on the ground-truth measurements. 

The overall accuracy (po) was defined as the percentage of samples that were classified correctly and 

calculated using the following equation: 
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where n is the total number of types that were classified, pc(i) is the number of correctly classified pixels 

of type i, and pt is the total number of pixels in the validation data set. 

To verify the stability and accuracy of the model, the user’s accuracy and the overall accuracy were 

calculated by comparing the satellite-derived aquatic vegetation distribution to the ground-truth results 

during 2008 and 2012. 

2.6. Statistical Analyses 

Statistical analyses, including average value and non-liner fitting, were performed with SPSS 18.0 

software (Statistical Program for Social Sciences). The correlations were evaluated using p-values and 

were considered significant at p < 0.05. 

3. Results 

3.1. Threshold Determinations 

3.1.1. FAI Threshold Determination for the Detection of Aquatic Vegetation in Lake Taihu 

The FAI threshold of −0.004 was initially developed by Hu et al. [24] to distinguish bloom and  

non-bloom waters. This threshold was based on FAI gradients and statistics without the validation of 

ground-truth. Therefore, this threshold may introduce potential uncertainty when directly applying it to 

the classification of aquatic vegetation. 

To determine the appropriate TFAI for the detection of aquatic vegetation in Lake Taihu, an image 

from 8 August 2013 was selected to evaluate the overall accuracy of various FAI thresholds. A total of 

104 in situ observations were used for the determination of TFAI. The ground-truth of open water and 

thick algal bloom were defined according to an observation during 5–10 August 2013. The weather was 

clear and calm during this transect, with an average wind speed of 3.10 m/s. Because the position of the 

aquatic vegetation remains stable during June and October in Lake Taihu, all of the sites of aquatic 

vegetation collected in 2013 were used in this test. 

With the increase of the TFAI, the defined proportion of the lake containing aquatic vegetation decreased. 

We increased the TFAI in 0.005-step increments and evaluated the overall accuracy of the satellite-derived 

vegetation signal distribution based on the ground-truth data. With an increase in TFAI from −0.06 to 0.10, 

the overall accuracy increased from 62%–82% and then decreased to 52%; the highest accuracy was 

obtained when the TFAI as −0.025 (Figure 4). To further analyze the variation in classification accuracy 

with changes in the TFAI, vegetation signal distribution maps were generated based on TFAI values of −0.04, 

−0.025 and −0.004 (Figure 5). The best agreement between the derived results and the ground-truth data 

indicated an overall accuracy of 82% (Figures 4 and 5) when the TFAI was −0.025. When the TFAI was 

−0.04, 50% of the lake was classified as covered with vegetation signal, and the overall accuracy was 78%. 

The greatest levels of disagreement between the derived and actual vegetation signal distributions were 

observed in Meiliang Bay and Gonghu Bay. When a TFAI of −0.004 was used as the threshold of floating 
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algal detection [24], 14% of the lake was classified as covered with vegetation signal, and the overall 

accuracy was 70%. The aquatic vegetation area was significantly underestimated in Xukou Bay. Therefore, 

a more accurate TFAI of −0.025 was used in our subsequent analysis. The threshold we used is lower than 

that determined by Hu et al. 2010 [24]. Hu et al. used the FAI threshold of −0.004 to separate the bloom 

and nonbloom waters in Lake Taihu, and no concurrent filed investigation result was used for the validation 

of their threshold [24]. Therefore, there could be some uncertainties for that critical threshold. Differently, 

in our study, the threshold was determined and validated with the concurrent field data. Regarding this, we 

strongly recommend to use the value of −0.025 as the classification threshold in Lake Taihu. 

 

Figure 4. Variation in vegetation signal coverage proportion and overall accuracy with 

variation in the FAI threshold on 8 October 2013. 

 

Figure 5. Variation in the area classified as vegetation signal on 8 October 2013 with FAI 

thresholds of (a) −0.04, (b) −0.025 and (c) −0.004. Aquatic vegetation at the locations is 

denoted by black crosses, and thick floating algal blooms are denoted by red crosses. The 

black dots denote locations of open water. 

3.1.2. Separating the Aquatic Vegetation and Floating Algae Based on VPF 

The aquatic vegetation covered the largest constant area in Lake Taihu during the phenologically 

defined “Coexisting Algal Bloom and Aquatic Vegetation period” (June to October). Accordingly, the 

VPF threshold of the ABAV period (T3) was defined as 0.85 to distinguish the temporary floating algal 

area based on the ground-truth data, meaning that an area was classified as having a vegetation signal 

when a vegetation signal was detected more than 85% of the time.  

These areas covered by prolonged algal blooms could not be removed by setting the VPF threshold 

in the ABAV period (T3). The VPF threshold of the WAV period (T1) and ABWAV period (T2) were 
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then determined with T3 set to 0.85. We used the T1 to estimate the wintering aquatic vegetation area in 

the WAV period and the T2 to estimate the prolonged algal bloom and wintering aquatic vegetation area 

in the ABWAV period. Based on the phenological vegetation frequency analysis from 2003 to 2013 

(Figure 6) and the field investigation in 2013, Zhushan Bay and Meiliang Bay were frequently covered 

by Phragmites australis along part of the lakeshore. The percentages of aquatic vegetation coverage in 

Zhushan Bay and Meiliang Bay in 2013 were less than 20% and 10%, respectively. The percentage of 

aquatic vegetation coverage in East Lake Taihu was approximately 70% in 2013. We evaluated the 

defined aquatic vegetation percentage in Zhushan Bay, Meiliang Bay and East Lake Taihu using 

thresholds of T1 and T2 ranging from 0.35 to 0.95. The aquatic vegetation percentage in the three areas 

agreed with the ground-truth measurements when T1 and T2 were between 0.45 and 0.65. The overall 

accuracy was highest, i.e., 84%, when T1 and T2 ranged from 0.50–0.65 and from 0.45–0.55, 

respectively. The T2 threshold range of 0.45–0.55 performed best in identifying those areas with 

prolonged algal blooms or wintering aquatic vegetation in February and March. To better capture the 

area with prolonged algal blooms, the threshold of T2 was set to 0.45. The T1 threshold range of  

0.5–0.65 performed best in mapping the wintering aquatic vegetation in December and January in Lake 

Taihu. Some of the best results were obtained when we set T1, T2 and T3 to values of 0.55, 0.45 and 0.85, 

respectively. These thresholds were then used in the mapping of aquatic vegetation from 2003–2012. 

3.2. Phenological Variation in Vegetation Signal Distribution 

The monthly variation in the frequency of the appearance of vegetation signals is shown in Figure 6. 

The distribution pattern was similar in December and January; i.e., the vegetation signal  

appeared frequently in the littoral zone and East Lake Taihu but was rare elsewhere. Based on our 

investigation, the majority of aquatic vegetation in December and January consisted of Phragmites 

australis. Phragmites australis is a perennial herbaceous aquatic plant that is primarily present in  

the southern and western littoral zone and in East Lake Taihu [29]. In February and March, the  

high-frequency vegetation areas expanded, particularly in Xukou Bay and Meiliang Bay. The expansion 

of vegetation signal during this period can be partly attributed to the growth of the overwintering 

Microcystis in the sediment [35]. In April and May, due to the growth of the aquatic vegetation and 

algae, the high-frequency vegetation areas increased dramatically in Zhushan Bay, Meiliang Bay, Xukou 

Bay and East Lake Taihu. From June to October, the high-frequency vegetation areas remained 

approximately constant, and the largest high-frequency vegetation area was in Lake Taihu [41,45]. From 

October to November, the areas with a vegetation signal decreased significantly, particularly in Meiliang 

Bay and Xukou Bay (Figure 6). From November to October, the vegetation areas in Zhushan Bay, 

Gonghu Bay, Xukou Bay and East Lake Taihu continued to decrease (Figure 6). 

Combining the vegetation presence frequency threshold we defined for T1 and T2 and the monthly 

vegetation frequency presented in Figure 6, the regional ecological type of Lake Taihu during the WAV 

period and ABWAV period was obtained. In December and January (T1 = 0.55), the wintering aquatic 

vegetation was primarily distributed in the bay of East Lake Taihu and along the southern and eastern 

lake shores (Figure 6). In February and March (T2 = 0.45), algae began to float on the water in areas of 

high eutrophication, such as Zhushan Bay and Meiliang Bay (Figure 6).  
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Figure 6. MODIS-Aqua-derived (2003–2013) monthly climatology Floating Algae  

Index frequencies. 

3.3. Validation of the Method Based on Field Investigation 

To verify the stability and accuracy of the model, we applied the model to images from 2008–2012 

and mapped the aquatic vegetation distribution accordingly (Figure 7). From 2008–2012, the user’s 

accuracy of the aquatic vegetation each year was 91%, 80%, 67%, 86% and 68%, respectively, and the 
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overall classification accuracy was 87%, 81%, 77%, 88% and 73%, respectively (Table 3). The number 

of sites with aquatic vegetation decreased from 22 sites in 2008 to 20 sites in 2009 and 12 sites in 2010; 

it then increased to 19 sites in 2012. Similarly, the satellite-generated area of aquatic vegetation 

distribution decreased from 503.38 km2 in 2008 to 414.50 km2 in 2009 and 290.94 km2 in 2010; it then 

increased to 360.38 km2 in 2012 (Figure 7). The satellite-generated maps precisely showed the decrease 

in aquatic vegetation coverage in East Lake Taihu from 2008–2010 and the increases in 2011 and 2012, 

which match the results of the field investigation. The overall accuracy was relatively low when the 

coverage of aquatic vegetation was smaller. The sampling sites were at the same locations each year. 

When the coverage of the aquatic vegetation decreased, some of the stations were covered by extremely 

sparse aquatic vegetation, making it undetectable from MODIS images. We discuss the limitation of the 

spatial resolution problem in the Discussion section. The overall accuracy could be slightly 

overestimated or underestimated for two reasons: first, the generated overall accuracy was obtained from 

limited ground-truth data in each year; second, considering the distribution of the aquatic vegetation, the 

pre-set ground-truth data were not completely uniformly distributed, being denser in East Lake Taihu. 

Several sites dominated by Potamogeton malaianus were classified as open water, such as sites 28 

and 37 in 2008 and 2009 and sites 37 and 44 in 2011 and 2012 (Figures 1 and 7). Potamogeton 

malaianus, which belongs to the Potamogetonaceae, is a common summer submerged macrophyte 

species in Chinese lakes. However, this mismatch was not observed in other areas dominated by 

submerged macrophyte species, such as site 42 in 2008 (Hydrilla verticillata var. roxburghii), site 20 in 

2009 (Ceratophyllum demersum), site 21 in 2010 (Vallisneria natans), site 42 in 2011 (55% Vallisneria 

natans and 45% Ceratophyllum demersum) and site 19 in 2012 (75% Potamogeton maackianus, 15% 

Myriophyllum verticillatum, 5% Hydrilla verticillata var. roxburghii and 5% Nymphoides peltatum) 

(Figures 1 and 7), which indicates that our approach works well on various dominant types of submerged 

vegetation in Lake Taihu except Potamogeton malaianus. 

Table 3. Accuracy assessment of classification results from 2008–2012. 

Year Measured 
Predicted 

Aquatic Vegetation Open Water User’s Accuracy Overall Accuracy 

2008 
Aquatic vegetation 20 2 91% 

87% 
Open water 4 21 84% 

2009 
Aquatic vegetation 16 4 80% 

81% 
Open water 5 22 81% 

2010 
Aquatic vegetation 8 4 67% 

77% 
Open water 7 29 81% 

2011 
Aquatic vegetation 19 3 86% 

88% 
Open water 3 23 88% 

2012 
Aquatic vegetation 13 6 68% 

73% 
Open water 7 22 76% 

In order to verify the accuracy of our method in different depth conditions, we further divided all the 

validation sites into three classes following the water depth distribution in each region (Figure 1 and 3): 

large-depth region, including Open Area and Meiliang Bay, where 24 sites were sampled; medium-depth 

region, including the Gonghu Bay and Zhushan Bay, where the measurements were made at four sites; 
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shallow-depth region, including the East Lake Taihu and Xukou Bay, where 20 sites were observed. The 

overall accuracy in each depth class from 2008–2012 was 84%, 94% and 76%, respectively. The general 

performance of our approach was stable in different type of water depth regions, with a relatively lower 

accuracy in the shallow region. 

 

Figure 7. Distribution of aquatic vegetation from 2003–2013 and the distribution based on 

ground-truth measurements from 2008–2012. The presence of aquatic vegetation at the 

locations is denoted by black crosses and the absence of aquatic vegetation is denoted by 

black dots. 
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3.4. Spatial and Temporal Dynamics of Aquatic Vegetation Distribution 

From 2003–2013, the aquatic vegetation was distributed primarily in the eastern part of Lake Taihu 

(Figure 7). During these 11 years, the spatial pattern of the distribution underwent some noticeable 

changes, particularly in Gonghu Bay and Xukou Bay (Figures 7 and 8). The total area of aquatic 

vegetation ranged from the lowest value of 265.94 km2 in 2007 to the highest value of 503.38 km2 in 

2008, with average coverage of 359.62 km2 over the 11 years.  

 

Figure 8. Satellite-derived areas of aquatic vegetation area: (a) Zhushan Bay, (b) Meiliang 

Bay, (c) Gonghu Bay, (d) Xukou Bay, (e) East Lake Taihu, (f) Open Area and (g) Entire 

Lake Taihu. 

To further analyze the distribution of the aquatic vegetation, the temporal variation in the derived area 

of aquatic vegetation from 2003–2013 in the six zones (Zhushan Bay, Meiliang Bay, Gonghu Bay, Open 

Lake Taihu, Xukou Bay and East Lake Taihu) and over the entire lake was analyzed (Figure 8). The  

11-year average coverage of aquatic vegetation in these six areas was as follows, in decreasing order: 

East Lake Taihu (184.40 km2, 64.6% of the area), Xukou Bay (92.86 km2, 37.4% of the area), Open 

Lake Taihu (31.13 km2, 2.2% of the area), Gonghu Bay (22.63 km2, 13.6% of the area), Zhushan Bay 

(14.43 km2, 20.5% of the area) and Meiliang Bay (14.18 km2, 11.6% of the area). East Lake Taihu and 

Xukou Bay accounted for 51.9% and 25.8% of the averaged total aquatic vegetation coverage from 

2003–2013, respectively. In addition, the trends were similar in East Lake Taihu, Xukou Bay and over 

the entire Lake Taihu, which displayed relatively larger areas of aquatic vegetation in 2008, 2009 and 

2011 and smaller areas of aquatic vegetation in 2006 and 2007 (t-test, p < 0.001). 
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4. Discussion  

4.1. Advantages and Limitations of the Proposed Approach 

4.1.1. Advantages of the Proposed Approach 

It is difficult or impossible to accurately estimate the historical distribution of aquatic vegetation 

without using field observations and remote sensing images simultaneously [29]. An empirical 

estimation model was developed based on field observations and concurrent satellite imagery and was 

then used on the past satellite imagery. 

Accurately distinguishing the vegetation signal from the water area is the first step in accurately 

estimating the distribution of aquatic vegetation using remote sensing. This step can be achieved using 

the vegetation index with various band combinations or classification methods. However, in inland 

waters and coastal areas undergoing eutrophication, algal blooms frequently coexist with aquatic 

vegetation [31,33], which poses another difficulty in the accurate estimation of the distribution of  

aquatic vegetation.  

Some previous studies involving separating the signals of aquatic vegetation and algal blooms in Lake 

Taihu were performed by masking the “phytoplankton-dominated region” based on prior knowledge [28,29]. 

However, according to our investigation, the “phytoplankton-dominated regions” such as Zhushan Bay, 

Meiliang Bay, Gonghu Bay and the open lake were also areas of aquatic vegetation, which was verified 

by other studies [46]. In addition, simply removing the “phytoplankton-dominated region” when 

retrieving the aquatic vegetation distribution through satellite images does not allow for discernment of 

long-term alternations of the ecological stages. Several previous studies of Lake Taihu eliminated the 

influence of algae by comparing the differences among seasons [36,47]. However, both the aquatic 

vegetation and the algal blooms were at their largest and smallest extents within the same seasons (Figure 6); 

therefore, the influence of algae could not be completely removed by simple seasonal comparison. 

In our study, the aquatic vegetation distribution was determined by combining the frequency test and 

seasonal phenology comparison. The frequency test during June and October easily separated the 

temporary floating algae, and the frequency-based seasonal phenology comparison excluded the 

influence of long-term algal blooms, thereby demonstrating its utility in mapping the aquatic vegetation 

in a complex water ecosystem undergoing eutrophication.  

This frequency based conception on aquatic vegetation detection in eutrophic waters is a novel 

attempt, and has the potential to be applied in other eutrophic waters in multiple stable states.  

4.1.2. Limitations of the Proposed Approach 

However, there are some limitations to our presented approach. First, the spatial resolution of the 

MODIS data we used is 250 m, making it difficult to identify small clumps of aquatic vegetation. A 

comparison between a Landsat/ETM+ image with 30-m resolution and the corresponding MODIS FAI 

image showed that a surface slick is detectable on the MODIS FAI imagery if its width is larger than 60 

m [23]. Therefore, we attempted to compensate for this limitation using Landsat data for small-sized 

floating algae and aquatic vegetation clusters. However, available Landsat data were very limited due to 

the temporal resolution of 16 days and the severe air pollution in this region in the summer [48]. On the 
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USGS website, by setting the maximum cloud coverage at 40%, only 39 Landsat-5 images in the Lake 

Taihu area were eligible, with less than 30 images that could actually be used in our study. More 

importantly, only five valid Landsat-8 images (high quality and with low cloud coverage) in the Lake 

Taihu area could be used for mapping aquatic vegetation from 2013 to the present [49]. Due to the 

coexisting ABAV period from July to October, the effect of algae could not be removed by a comparison of 

only several images. We expect to collect additional high spatial resolution images to compensate for this 

limitation and obtain more accurate estimates of the spatial distribution of aquatic vegetation in the future. 

Regarding the limitation of the MODIS image resolution, the accuracy of our proposed approach 

would be related to the coverage area of the sampling sites. When the coverage of the aquatic vegetation 

decreased, some of the stations were covered by extremely sparse aquatic vegetation, making it 

undetectable from MODIS images. In this context, the yearly variation of user’s accuracy and overall 

accuracy can be explained: both the user’s accuracy and the overall accuracy were relatively low when 

the coverage of aquatic vegetation was smaller. The aquatic vegetation coverage was smaller in 2010 

(290.94 km2) and 2012 (360.38 km2), and was larger in 2011 (380.81 km2), 2009 (414.50 km2) and 2008 

(503.38 km2). Correspondingly, the user’s accuracy of aquatic vegetation increased from 67%–91%. 

Similarly, the overall accuracy was relatively low in 2010 (77%) and 2012 (73%), and much higher in 

2011 (88%), 2009 (81%) and 2008 (87%).  

Second, one species of submerged aquatic vegetation was difficult to detect in our study: 

Potamogeton malaianus. Water strongly absorbs electromagnetic radiation in the optical region, 

resulting in significant damping of the radiometric signal and thereby posing difficulties in satellite 

remote sensing of submerged aquatic vegetation [50]. Future attempts to accurately address 

Potamogeton malaianus should be used to develop more accurate estimates of the aquatic vegetation 

distribution in Lake Taihu. 

Third, there are also limitations regarding the validation data set used in this study. First, the sampling 

sites were not completely uniformly distributed, as denser sampling sites were distributed in the eastern 

Lake Taihu. Second, only 48 sites were included in each validation dataset. These two limitations may 

lead to overestimation or underestimation of the retrieving accuracy. However, the dense sampling sites 

distributed in the macrophyte-dominated area are expected to more accurately capture the change in the 

distribution of aquatic vegetation and therefore facilitate the evaluation of the efficiency of our proposed 

method in monitoring the variation in aquatic vegetation coverage. 

In addition, we emphasize that our proposed approach may need further adjustment when applied to 

other eutrophic waters, considering the following facts. Firstly, the division of the different period is 

related to the phonological character of the study area. Secondly, the maximum depth of aquatic 

vegetation colonization may vary in different types of waters, mainly influenced by the water 

transparency. Thirdly, the threshold of the VPF may have slight variation in different waters, relating to 

the appearance frequency of algal bloom. Calibration and validation are still needed in other eutrophic 

waters before the proposed novel approach is applied to other localities. It should also be noted that this 

appearance frequency based approach may fail in the area dominated by quite mobile aquatic vegetation 

such as water hyacinth. 
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4.2. Factors Affecting the Spatial and Temporal Variation of Aquatic Vegetation 

4.2.1. Direct and Indirect Effects of Human Activities 

Human activities have greatly affected the spatial and temporal variation of aquatic vegetation in Lake 

Taihu during the past few decades. Pen-fishing is the main form of aquaculture in Lake Taihu [34]. The 

area of pen-fish farming area exceeded 60 km2 from 2003–2007 and then decreased to less than 40 km2 

from 2008–2010 [36]; correspondingly, the average aquatic vegetation area increased from 336.45 ± 61.35 

km2 (average from 2003–2007) to 402.94 ± 106.69 km2 (average from 2008–2010).  

The indirect effects of human activities on the aquatic vegetation are more complex than the direct 

effects from activities such as planting or harvesting. The decrease of aquatic vegetation in Gonghu Bay 

in recent years can be explained by a series of effects from high nutrient water input: The average volume 

of water entering Gonghu Bay from the Yangtze River via the Wangyuhe River was approximately 0.8 

billion m3 per year from 2003–2008 [51]. The input of flushing water from the Yangtze River through 

Gonghu Bay often contains higher nutrient concentrations than the lake itself [51]. The total phosphorus 

concentration in the water from the Yangtze River (~0.1 mg/L; [52]) is greater than that in the majority of 

the lake (~0.03–0.09 mg/L; [51]), except in Meiliang Bay and Zhushan Bay. More importantly, the 

concentration of total suspended matter in the lower Yangtze River is higher than that of Gonghu Bay [14,53]. 

The underwater light supply is a key factor determining the growth and distribution of aquatic vegetation; 

the increased nutrient loading is expected to increase the nutrient level in Gonghu Bay and promote the 

growth of algae, and the increased loading of total suspended matter is expected to increase the turbidity 

and thereby reduce the underwater light supply and decrease the area of aquatic vegetation [30]. In 

Gonghu Bay, the average area of aquatic vegetation was 37.31 ± 5.37 km2 from 2003–2005 and sharply 

decreased to 17.12 ± 5.47 km2 during the period from 2006 to 2013. Eutrophication causing serious algal 

blooms is another factor that decreased the area of aquatic vegetation. A serious algal bloom occurred 

in May 2007 and caused a severe drinking-water crisis [39]. A massive bloom is expected to greatly 

influence the underwater light environment and prevent the growth of aquatic vegetation; as a result,  

the area of aquatic vegetation in 2007 was the smallest observed in the 11-year study, with a value of 

265.94 km2 (Figures 7 and 8). 

4.2.2. Lake Topography and Wind Wave Disturbance 

The lake topography affects the water depth of the lake, which is considered responsible for variation 

in the biomass and species composition of aquatic vegetation in many freshwater ecosystems of the  

world [54–56]. The optimum depth for the growth of the aquatic vegetation in Lake Taihu has been 

reported as less than 2.0 m [14,41]. Similar findings were obtained in other studies of coastal and shallow 

lakes [43,57]. The average water depth in the six areas of the present study increased in the following 

order: East Lake Taihu (1.76 ± 0.37 m; average ± standard deviation), Xukou Bay (1.82 ± 0.50 m), Zhushan 

Bay (1.97 ± 0.54 m), Gonghu Bay (1.98 ± 0.44 m), Meiliang Bay (2.11 ± 0.63 m) and the open area  

(2.63 ± 0.38 m). Correspondingly, the proportion covered by aquatic vegetation decreased in the same 

order following an exponential function with a determination coefficient of 0.95 (n = 6) (Figure 9).  

The annual water level of Lake Taihu varied from 3.05 m–3.38 m, with an average of 3.18 m from  

2000–2010 [58]. The intra-annual variation in the water level of Lake Taihu has been very low for last 
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decades, with an average annual coefficient of variation of less than 5.00%. The average monthly 

coefficient of variation was 5.41% from 2000–2010 [58]. Therefore, the annual water level variation 

during our study period had a relatively small effect on the distribution of aquatic vegetation [58].  

 

Figure 9. Relationship between average water depth and the percentage covered by aquatic 

vegetation in the six regions: (a) Zhushan Bay, (b) Meiliang Bay, (c) Gonghu Bay,  

(d) Xukou Bay, (e) East Lake Taihu and (f) Open Area. 

Large, shallow lakes are highly dynamic environments. Of all of the dynamic disturbance effects,  

wind-induced sediment resuspension most directly reduces water transparency and the euphotic depth and 

thereby influences the spatial and temporal distribution of aquatic vegetation directly and indirectly [9]. 

The lake topography controls the impact exerted by the wind fetch [14,59,60]. Consequently, the aquatic 

vegetation is primarily distributed in bays or along the lakeshore, where there is less exposure to 

disturbance by wind. 

4.2.3. Implications for Aquatic Vegetation Restoration in Lake Taihu 

In Lake Taihu, the nutrient concentrations are high, such that the growth of aquatic vegetation is 

controlled primarily by light availability [9,61,62]. The monthly frequency test in our study indicates that 

the crucial period for the growth of aquatic vegetation is from March to May in Lake Taihu (Figure 6). 

The area of aquatic vegetation in East Lake Taihu and Xukou Bay increased markedly during this period 

(Figure 6). It has been reported that aquatic vegetation is most sensitive to light conditions during 

germination and initial growth [63]. Therefore, artificial approaches to improve the light availability, 

such as artificially decreasing the water depth and increasing the euphotic depth by performing 

engineering measures to reduce wave disturbance [9,61] during this period, are expected to be more 

efficient for spreading aquatic vegetation in Lake Taihu. Our results are consistent with the report that 

the total area of aquatic vegetation was most negatively correlated with water depth in March and April 

in Lake Taihu from 1989–2010 [58]. A previous study in Lake Taihu indicated that the growth of aquatic 

vegetation was primarily affected by the ratio of the euphotic depth to the total depth, and aquatic 

vegetation was present where this ratio exceeded 0.8 [61]. The decrease in water depth during this crucial 

period should increase the ratio of euphotic depth to water depth, thereby making the underwater light 



Remote Sens. 2015, 7 10315 

 

 

environment more suitable for the germination and growth of aquatic vegetation. In addition, because 

severe algal blooms usually occur between June and October rather than between March and May, 

regulation of the water depth during this period should not promote the growth of algae and should 

thereby prevent a potential environmental crisis due to algal blooms. 

There was dramatic variation in the distribution of aquatic vegetation during the past decade. In 

particular, there was a significant decrease in the aquatic vegetation area in 2006 and 2007, which might 

be due to the excessive input of nutrients during these two years. The inputs of total nitrogen and total 

phosphorous were both at their highest in 2006 and 2007 within the period from 2003–2010 [64], 

demonstrating that the purification function of the aquatic vegetation cannot be overestimated. In the 

highly dynamic and unstable aquatic ecosystem, it is easier to shift from a macrophyte-dominated state 

to a phytoplankton-dominated state than it is to shift in the opposite direction [30]. The control of nutrient 

input should be continued to prevent the further deterioration of the aquatic ecosystem in Lake Taihu. 

5. Conclusions 

The efficient and accurate estimation of the distribution and variation of aquatic vegetation is 

important for lake conservation planning and water resource management. In this study, an aquatic 

vegetation mapping method was developed based on the vegetation presence frequency approach and 

the phenological features of algae and aquatic vegetation in Lake Taihu. The approach described in  

this study allowed for the exclusion of the influence of both temporary and long-term accumulated 

floating algae, and the overall accuracies of the approach evaluated using ground-truth measurements 

from 2008–2012 were 87%, 81%, 77%, 88% and 73%, respectively. 

The total area of aquatic vegetation varied from 265.94 km2 in 2007 to 503.38 km2 in 2008, with an 

average coverage of 359.62 ± 69.20 km2 from 2003–2013. The spatial and temporal patterns of  

aquatic vegetation were directly and indirectly driven by human activity, lake topography and wind  

wave disturbance. 

In our approach, the frequency test during the coexisting Algal Bloom and Aquatic Vegetation period 

allowed for easy discernment of the temporary floating algae, and the frequency-based seasonal 

phenology comparison allowed for the exclusion of the influence of long-term algal blooms, thereby 

making this a useful tool for mapping aquatic vegetation in a complex water ecosystem undergoing 

eutrophication. The approach is still partially limited in terms of the somewhat low spatial resolution 

and the imperfect detection of Potamogeton malaianus. This paper presents a new approach for 

accurately distinguishing between floating algae and aquatic vegetation in eutrophic waters, and this 

approach should be helpful for lake management and aquatic ecosystem recovery. 
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