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Abstract: Satellite remote sensing can be an effective alternative for mapping cyanobacterial scums
and aquatic macrophyte distribution over large areas compared with traditional ship’s site-specific
samplings. However, similar optical spectra characteristics between aquatic macrophytes and
cyanobacterial scums in red and near infrared (NIR) wavebands create a barrier to their discrimination
when they co-occur. We developed a new cyanobacteria and macrophytes index (CMI) based on a
blue, a green, and a shortwave infrared band to separate waters with cyanobacterial scums from
those dominated by aquatic macrophytes, and a turbid water index (TWI) to avoid interference from
high turbid waters typical of shallow lakes. Combining CMI, TWI, and the floating algae index (FAI),
we used a novel classification approach to discriminate lake water, cyanobacteria blooms, submerged
macrophytes, and emergent/floating macrophytes using MODIS imagery in the large shallow and
eutrophic Lake Taihu (China). Thresholds for CMI, TWI, and FAI were determined by statistical
analysis for a 2010–2016 MODIS Aqua time series. We validated the accuracy of our approach by in
situ reflectance spectra, field investigations and high spatial resolution HJ-CCD data. The overall
classification accuracy was 86% in total, and the user’s accuracy was 88%, 79%, 85%, and 93% for
submerged macrophytes, emergent/floating macrophytes, cyanobacterial scums and lake water,
respectively. The estimated aquatic macrophyte distributions gave consistent results with that based
on HJ-CCD data. This new approach allows for the coincident determination of the distributions
of cyanobacteria blooms and aquatic macrophytes in eutrophic shallow lakes. We also discuss the
utility of the approach with respect to masking clouds, black waters, and atmospheric effects, and its
mixed-pixel effects.

Keywords: Cyanobacteria and macrophytes index; Floating algae index; Cyanobacteria blooms;
aquatic macrophytes; Lake Taihu; MODIS

1. Introduction

Cyanobacteria dominated blooms are ubiquitous in many freshwater ecosystems affected by
human activities, increasing in frequency and distribution since the 1940s [1,2]. These blooms have
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multiple adverse impacts on local environments and economy, with a classic example being the
extensive and long-lasting bloom in Lake Taihu in 2007 [3].

Aquatic macrophytes support critical ecological services in most shallow lakes by providing the
habitat for a diverse and economically important faunal community, sequestering carbon and nutrients,
as well as stabilizing sediment and shorelines [4–6]. Many studies indicate that eutrophication may
lead to a reduction in macrophyte coverage as competition for available light and nutrients is impacted
by an increase in phytoplankton, suspended detritus and periphyton [7]. Macrophyte coverage
can indicate catchment scale and lake scale impacts of climate change on storm frequency, lake
temperature, and sediment inflow [8]. The distributional changes in the coverage of aquatic vegetation
and cyanobacterial scums can be considered an indicator of lake ecosystem conditions. The availability
of accurate long-term information of the distribution of cyanobacterial scums and aquatic macrophytes
can be a fundamental tool to lake management.

In reality, in situ measurements are often inappropriate to deal with the complex temporal
and spatial dynamics of cyanobacterial scums, due to rapid vertical migration [9] and very fast
replication [10], while the study of aquatic macrophytes requires a seasonal approach. In recent
decades, remote sensing became a fundamental tool to explore the spatial and temporal behavior
of aquatic ecosystems. Many studies have successfully used optical remote sensing to map algal
blooms [11–13] and aquatic macrophytes [14–16] in coastal, lacustrine, and lagoon environments.

Remote sensing of cyanobacterial scums includes indirect approaches using water quality
parameters such as transparency and direct approaches based on photosynthetic pigments
concentrations (chlorophyll-a and phycocyanobilin) and spectrum shape characteristics (Table 1) [17].
These chlorophyll-a algorithms become problematic in the event of surface scums, where thick
foams and complex chemical constituents are present [18], and have led to the development of
new qualitative approaches. Algorithms using near infra-red (NIR) bands have shown particular
promise, based on the red-edge effect to vegetation of blooms [18] including single band [19–22],
band ratio [23–29] and band difference [30,31], and some land vegetation indices such as Normalized
Difference Vegetation Index [25,32–35] and Enhanced Vegetation Index [25,36]. NIR bands are also the
basis for spectral shape methods, which use a computational equivalent to the second derivative [37],
including Fluorescent Line Height [38], Maximum Chlorophyll Index [39], Spectral Shape index [40–42],
Cyanobacterial Index [37,43], Maximum Peak-Height algorithm [44,45], Floating Algae Index [46–50],
and a Classification And Regression Tree [51].

Methods for identifying aquatic macrophytes by remote sensing have also undergone important
developments (Table 2), including unsupervised classifier [52–57], supervised classifier [58,59],
classification trees [60–67] and remote sensing combined with ancillary data [68,69]. Ratios of
band reflectances or band transformations (e.g., normalized difference index) based on the spectral
characteristics of macrophytes in the visible and NIR wavelengths can be used for macrophyte detection
and classification.

Due to their similar spectral characteristics, especially in red and NIR wavelengths, it is often
difficult to distinguish cyanobacterial scums and aquatic macrophytes by remote sensing. According
to Gao’s [70] and Rogers and Kearney’s [71] results that short-wave infrared (SWIR) bands were
sensitive to vegetation liquid water, Oyama [67] used SWIR bands of Landsat TM for distinguishing
cyanobacterial scums and aquatic macrophytes, with the floating algae index (FAI) and normalized
difference water index (NDWI) in Japanese lakes. However, extremely thick cyanobacterial surface
scums in Lake Taihu with relatively sparse aquatic macrophytes present a more complex condition.
Furthermore, SWIR is sensitive to conditions of elevated turbidity, a common characteristic of most
shallow lakes. The approach combined vegetation presence frequency (VPF) and FAI, suggested by
Liu [68], suffered from similar challenges from highly turbid or highly absorbing “black” waters.
Otherwise, this VPF method could not be utilized for routine monitoring because it is one of the
retrospective evaluation approaches.
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Compared to Landsat TM/ETM+ , MERIS, and MODIS imagery provide advantages for large
lakes due to their short overpass period and good spatial resolution [72,73]. MERIS, accessible
until April 2012, provided important insights into the concentrations of optically active substances
in large lakes [45,74]. MODIS (1999–present for Terra, 2002–present for Aqua) provides frequent
(daily) and synoptic global observations and is equipped with several medium-resolution bands
(“sharpening” bands designed for land use), and is also the prototype for VIIRS (the Visible Infrared
Imager/Radiometer Suite) [75,76], allowing MODIS algorithms to inform algorithm development
for VIIRS.

In the present study, we develop and validate a new approach to distinguish lake water,
cyanobacterial scums and different aquatic macrophytes in complex aquatic and atmospheric optical
conditions and mixed-pixel effects.

Table 1. Remote sensing identification methods on algal blooms in lakes and coastal sea with
satellite data.

Algorithm Form Satellite Data Study Area References

Single band

BNIR
MODIS

Lake Taihu [19]TM

BRED

CZCS
Northeast coast of the

Atlantic
Baltic Sea

[20,21]
AVHHR
MODIS
VIIRS

Band ratio

BNIR/BRED
BNIR/BGREEN

BGREEN/BBLUE

CZCS
MODIS
GOCI

Yellow Sea

[23–25,27–29]

East China Sea
Lake Taihu

Southeastern Mediterranean
Black Sea

Northwest European
continental shelf

BNIR/BRED AVHRR
Northwest European

continental shelf [26,27]
Lake Pontchartrain

Band difference BNIR − BRED
AVHRR
MODIS

Western shore of Canada
[30,31]Paracas Bay, Peru

NDVI (BNIR − BRED)/(BNIR + BRED)

AVHRR
MODIS

TM/ETM+
GOCI

the Baltic Sea

[25,32–35]
Yellow Sea

East China Sea
Lake Taihu

Lake Dianchi

EVI
G × (BNIR − BRED)/(BNIR + C1 ×

BRED − C2 × BBLUE + C3)
MODIS
GOCI

Yellow Sea
[25,46]East China Sea

Spectrum shape

FLH
MCI
SS

MPH

MERIS
MODIS

Lake Erie

[38–45]
Baltic Sea

Lake Taihu
Lake Victoria

Lake Michigan

FAI
MODIS

TM/ETM+

Lake Taihu

[46–50]
Lake Chaohu

Yellow Sea
East China Sea

West Florida Shelf

CART MODIS Lakes in southern Quebec [51]

NDVI: Normalized Difference Vegetation Index; EVI: Enhanced Vegetation Index; FLH: Fluorescent Line Height;
MCI: Maximum Chlorophyll Index; SS: Spectral Shape index; MPH: Maximum Peak-Height algorithm; FAI: Floating
Algae Index; CART: Classification and Regression Tree.
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Table 2. Aquatic macrophytes mapping approaches by satellite data.

Approaches Satellite Data Study Area References

Unsupervised classifier
Landsat-1
TM/ETM+

IRS-1B LISS-II Quickbird

North Dakota

[52–57]
California’s Central Valley
Great Bay, New Hampshire

Grand Teton National Park, USA
Lake Mogan Chwaka Bay

Supervised classifier TM/ETM+
Lower Mekong Basin

[58,59]Yakima River

Classification trees
TM/ETM+

SPOT
HJ-CCD

DelawareWater Gap National Recreation Area

[60–67]

Gallatin Valley of Southwest Montana, USA
Yellowstone National Park
Camargue or Rhône delta

Lake Taihu
Japanese lakes

Classification trees with
ancillary data MODIS Lake Taihu [68,69]

2. Study Area and Data

2.1. Lake Taihu

Lake Taihu, the third largest freshwater lake in China, is located in the Yangtze River Delta
(latitude 30◦55′40”–31◦32′58′ ′N; longitude 119◦52′32′ ′–120◦36′10′ ′E, Figure 1). The lake has a surface
area of 2338 km2, a maximum and average depth of 2.6 and 1.9 m, respectively, with a mean water
residence time of approximately 309 days [77]. Due to the rapid economic growth through urbanization
and industrialization of Lake Taihu basin, increasing eutrophication and recurrent cyanobacterial
scums (Microcystis) have occurred in recent years, posing a significant threat to millions of people
relying on the lake for drinking water supply [78]. Harmful cyanobacterial scums regularly occur in
the northern Meiliang, Zhushan, and Gonghu bays and on the western lakeshore [19]. The eastern
and southern lake areas are characterized by extensive areas of macrophytes, where turbidity is
low and cyanobacterial scums are rare [68,79]. Thus many researchers always divided Lake Taihu
into cyanobacteria-dominated zone and a macrophytes-dominated zone [64–66]. On the basis of
havitat, aquatic macrophytes can always be subdivided as emergent, floating-leaved, and submerged
macrophytes [80]. Fourteen dominant species of aquatic macrophytes were identified in historical
surveys in Lake Taihu (Table 3), including two emergent species, three floating species and nine
submerged species [81]. In recent field investigations between 2013–2016, submerged macrophytes
(i.e., Potamogeton crispus) have re-appeared in areas where they have been absent for more than a
decade, Zhushan and Meiliang Bays.

2.2. Field Data

Two hundred and sixty six in situ investigations were carried out in July and August of 2013,
May of 2014, June of 2015, and May of 2016 (Figure 1), covering the whole lake. Of the investigations
82.7% were located in the bays, especially in the eastern lake, always covered with aquatic macrophytes
or cyanobacterial scums. The name and classification (emergent, floating, and submerged macrophytes)
of aquatic vegetation, GPS and photographs of each site were recorded, and the percentage coverage of
the aquatic macrophytes were estimated by eye from the boat during field investigations. Otherwise,
37 in situ water leaving reflectance spectra Rrs(λ) were measured in September of 2014 and April
of 2015.
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Figure 1. The locations of field investigation samples collected from 2013 to 2016. 

Table 3. Main dominant aquatic macrophytes in Lake Taihu due to field investigation. 
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Emerged 
macrophytes 

Frequently growing above the waterline 
of lakes and wetlands with only their 
roots located in wet or damp soils 

Phragmites australis 2–5 m 

Zizania latifolia 1.6–2 m 

Floating-leaved 
macrophytes 

Having roots located into sediment and 
stems to lift the leaves floating above the 
water surface 

Nymphoides peltatum; Nymphoides indica; 
Trapa maximowiczii;  

Above the 
water surface 

Submerged 
macrophytes 

Being usually but not always rooted, 
and putting their whole body under the 
water except flowers 

Potamogeton maackianus; Potamogeton 
malaianus; Ceratophyllum demersum;  
Hydrilla verticillata; Myriophyllum spicatum; 
Elodea nuttalli; Potamogeton crispus 

Under the 
water surface 

Vallisneria natans –1.2 m 
Chara –0.5 m 

We measured the Rrs(λ) for two emergent macrophytes (Zizania caduciflora; Phragmites australis), 
one floating macrophytes (Nymphoides peltatum) and two submerged macrophytes (Potamogeton 
crispus; Potamogeton maackianus). In situ Rrs(λ) were measured with a FieldSpec FR 
spectroradiometer (Analytical Spectral Devices, Boulder, CO) with the wavelength range from  
350 to 2500 nm following the NASA Ocean Optics protocols [82]. As recommended by Mobley [83], 
a viewing geometry with an azimuth of 135° and zenith of 40°, was used to avoid water surface 
reflection from direct sun. Each water spectrum was sampled 90° azimuth with respect to the sun 
and with a viewing angle of 45°. The detector integration time was either 136 ms or 272 ms. A 
separate dark reading was obtained each time the integration time was changed. The measurement 
sequence, repeated five times for each measurement, began with a measurement of a standard 25 
cm × 25 cm plaque (25% reflectivity), water and sky radiances (each preceded by a dark offset 
reading). The water surface reflectance factor ρ was assumed to be 0.028 but clearly depended on 
sky conditions, wind speed, and solar zenith angle [83]. The viewing direction of 40° and 135° from 
the sun was considered a reasonable compromise. This method has been used successfully in sea 
and inland lakes studies in conditions where wind speeds less than 5 m/s [83–86]. The viewing 
direction was set by adjusting the instrument angle to minimize the effects of sun glint and 
non-uniform sky radiance while also avoiding instrument shading. Measurements were made from 
a location that minimized shading, reflections from superstructure, ship’s wake, associated foam 
patches and whitecaps, and specular reflection of sunlight. 

Figure 1. The locations of field investigation samples collected from 2013 to 2016.

Table 3. Main dominant aquatic macrophytes in Lake Taihu due to field investigation.

Type Havitat Dominant Macrophyte Max Height

Emerged
macrophytes

Frequently growing above the waterline of lakes and
wetlands with only their roots located in wet or damp soils

Phragmites australis 2–5 m

Zizania latifolia 1.6–2 m

Floating-leaved
macrophytes

Having roots located into sediment and stems to lift the
leaves floating above the water surface

Nymphoides peltatum;
Nymphoides indica;
Trapa maximowiczii;

Above the
water surface

Submerged
macrophytes

Being usually but not always rooted, and putting their
whole body under the water except flowers

Potamogeton maackianus;
Potamogeton malaianus;
Ceratophyllum demersum;
Hydrilla verticillata;
Myriophyllum spicatum;
Elodea nuttalli;
Potamogeton crispus

Under the
water surface

Vallisneria natans –1.2 m

Chara –0.5 m

We measured the Rrs(λ) for two emergent macrophytes (Zizania caduciflora; Phragmites australis),
one floating macrophytes (Nymphoides peltatum) and two submerged macrophytes (Potamogeton crispus;
Potamogeton maackianus). In situ Rrs(λ) were measured with a FieldSpec FR spectroradiometer
(Analytical Spectral Devices, Boulder, CO) with the wavelength range from 350 to 2500 nm following
the NASA Ocean Optics protocols [82]. As recommended by Mobley [83], a viewing geometry
with an azimuth of 135◦ and zenith of 40◦, was used to avoid water surface reflection from direct
sun. Each water spectrum was sampled 90◦ azimuth with respect to the sun and with a viewing
angle of 45◦. The detector integration time was either 136 ms or 272 ms. A separate dark reading
was obtained each time the integration time was changed. The measurement sequence, repeated
five times for each measurement, began with a measurement of a standard 25 cm × 25 cm plaque
(25% reflectivity), water and sky radiances (each preceded by a dark offset reading). The water surface
reflectance factor ρ was assumed to be 0.028 but clearly depended on sky conditions, wind speed,
and solar zenith angle [83]. The viewing direction of 40◦ and 135◦ from the sun was considered a
reasonable compromise. This method has been used successfully in sea and inland lakes studies in
conditions where wind speeds less than 5 m/s [83–86]. The viewing direction was set by adjusting
the instrument angle to minimize the effects of sun glint and non-uniform sky radiance while also
avoiding instrument shading. Measurements were made from a location that minimized shading,
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reflections from superstructure, ship’s wake, associated foam patches and whitecaps, and specular
reflection of sunlight.

2.3. Satellite Image Data Processing

MODIS Level-0 data collected by Aqua (2010–2016) covering the study region were obtained from
the NASA Goddard Space Flight Center through its Ocean Biology Processing Group (OBPG) [87]. We
used five bands from 469 nm to 1240 nm designed for land and atmosphere use, with a lower dynamic
range than the ocean bands, and therefore unlikely to saturate in the highly turbid conditions of this
shallow lake. The ground resolution of the 645 and 859 nm band is 250 m, and 500 m for the bands at
469, 555, and 1240 nm.

MODIS data were processed using SeaDAS (version 7.0). First, the data were converted to
calibrated radiance (Level-1B). A key challenge remains in Case II waters, to perform a full atmospheric
correction where significant errors in visible range occur for turbid waters with classic atmospheric
correction methods, such as Gordon and Clark [88], Ruddick, Ovidio, and Rijkeboer [89], Wang
and Shi [90], and Bailey, Franz, and Werdell [91] etc. Therefore, to avoid this problem, a partial
atmospheric correction to correct for the gaseous absorption (mainly by ozone) and Rayleigh
(molecular) scattering effects was applied to the Level-1B data, resulting in Rayleigh corrected
reflectance (Rrc, dimensionless):

Rrc(λ) = ρt(λ)− ρr(λ) = ρa(λ) + π × t(λ)× t0(λ)× Rrs(λ) (1)

where ρt is the top of atmosphere (TOA) reflectance after adjustment of the atmospheric (gas)
absorption, ρr is the reflectance due to Rayleigh scattering, ρa is the reflectance due to aerosol scattering
and aerosol-Rayleigh interactions, t and t0 are diffuse transmittance from the image pixel to the satellite
and from the sun to the image pixel, respectively. Note that ρa, t, and t0 are functions of aerosol type,
aerosol optical thickness, and solar/viewing geometry. The above formulation assumes negligible
contributions from whitecaps and sun glint.

The Rrc data were mapped to a cylindrical equidistant projection for further analysis. First, the
Rrc data at 645 nm, 555 nm, and 469 nm were used to compose the Red-Green-Blue true color images
to screen for clouds and sun glint. After visual inspection, a total of 176 data granules between 2010
and 2015 (Table 4) were found to contain no cloud cover and sun glint, therefore suitable for thresholds
determination and method development.

Table 4. Temporal distribution of MODIS Aqua imageries used in this study.

2010 2011 2012 2013 2014 2015 2016 Total

January 0 0 2 0 5 5 5 17
February 0 0 0 0 0 5 13 18

March 1 0 2 4 10 2 5 24
April 0 2 1 7 0 3 4 17
May 4 1 5 6 4 2 3 25
June 1 1 0 0 0 2 2 6
July 1 3 3 2 1 2 2 14

August 4 0 0 5 0 5 14
September 2 4 1 1 0 2 10
October 1 2 5 3 6 5 22

November 1 0 3 7 4 1 16
December 6 0 0 2 14 5 27

Total 21 13 22 37 44 39 34 210

To further validate the results, we used the aquatic macrophyte distributions done by Luo [66]
using HJ-CCD images. HJ-1A and HJ-1B satellites were launched by the China Center for Resources
Satellite Data and Application (CRESDA) on September 2008, have a high revisit time (2 days) and
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wavebands (B1: 430–520; B2: 520–600; B3: 630–690; B4: 760–900 nm) that are appropriate for vegetation
mapping. According to Luo’s article [66], radiometric calibrations were made first using coefficients
provided with the image (e.g., gains and offsets), then the atmospherically corrected images were
geometrically corrected against a historical Landsat TM image with geometric accuracy of <0.5 pixel,
and lastly the FLAASH module was applied for atmospheric correction. All of the lake except Gonghu
Bay and the eastern lake was masked in Luo’s research.

3. Methods

3.1. Spectral Features of Lake Water, Cyanobacterial Scums, and Aquatic Macrophytes

Spectra for clear lake water had the maximum reflectance at the wavelengths between 550–580 nm
(Figure 2). Reflectance decreased sharply on both sides of the maximum, with reflectance at 500 nm
higher than at 650 nm [92]. The reflectance spectra of turbid waters were typical, with a low reflectance
in blue range and high reflectance in green range, owing to the absorption by dissolved organic
matter and tripton as well as backscattering by particulate matter [93]. Reflectance in the red
region (600–700 nm) had two minima around 620 nm and 675 nm, associated to phycocyanobilin
and chlorophyll-a absorption [94,95]. A distinct peak around 700 nm shifted from 690 nm at low
chlorophyll-a concentrations to 715 nm at high chlorophyll-a concentrations, which resulted from
both high backscattering and minimum absorption by all optically active constituents, including pure
water [96]. For low chlorophyll-a and high suspended sediments, this peak was reduced. The scattering
by all particulate matter controlled the variations of NIR reflectance [93].

The reflectance spectra of cyanobacterial scums not only had the typical chlorophyll-a and
phycocyanobilin absorption at 442, 665, and 620 nm respectively, but also an increase in wavelengths
ranging from 700 and 1800 nm with chlorophyll-a concentrations compared to that at visible and
longer than 1900 nm range [67]. This is similar to reflectance spectra of aquatic macrophytes.
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Figure 2. The in situ reflectance spectra and corresponding photographs of water, turbid water,
cyanobacterial scums, and some typical aquatic macrophytes observed in Lake Taihu. Spectra were
determined by the average spectra of each aquatic macrophytes.

For aquatic macrophytes, high reflectance values at the NIR region are mainly due to the cellular
structure in the leaves [97]. A small absorption around 970 nm has been associated to water content [14],
and is similar to that observed in the reflectance spectra of cyanobacterial scums [67]. All aquatic
macrophytes investigated in Lake Taihu have similar reflectance spectra with pigment concentration
and cellular structure responsible for observable differences [16]. Submerged macrophytes have lower
reflectance values across the whole range due to the water absorption [16].
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3.2. A New Classification Method for MODIS

3.2.1. CMI, FAI, and TWI

Considering the similar NIR reflectance spectra between cyanobacterial scums and aquatic
macrophytes, indices based on other wavelengths were necessary to distinguish them. Compared to
aquatic macrophytes, the Rrc spectra of cyanobacterial scums have a distinguishable peak at 555 nm
and an obvious minimum at 469 nm (Figure 3). We note that the Rrc data used removed Rayleigh
scattering effects but not aerosol or other atmospheric effects. The use of the 1240 nm band to construct
a baseline with 469 nm removed additional impacts from atmospheric effects. This suggests that the
difference between Rrc(555) and baseline between 469 nm and 1240 nm, can be used to distinguish
cyanobacterial scums and aquatic macrophytes. The resulting Cyanobacteria and Macrophytes Index
(CMI) was defined as:

CMI = Rrc,GREEN − Rrc,BLUE − [Rrc,SWIR − Rrc,BLUE]× (λGREEN − λBLUE)/(λSWIR − λBLUE) (2)

following a baseline subtraction similar to the FAI index [46] with clearly different band combinations.
FAI, widely used for detecting floating algae in lakes [47,50] was expanded in this study to identify

different types of aquatic macrophytes as well as floating algae. FAI was originally developed using
MODIS red, NIR, and SWIR bands,

FAI = Rrc,NIR − Rrc,RED − [Rrc,SWIR − Rrc,RED]× (λNIR − λRED)/(λSWIR − λRED) (3)

When very high suspended sediments are present, they can dominate the optical signal, leading
both CMI and FAI to identify areas of high turbidity as cyanobacterial scums. To avoid this, we
created a Turbid Water Index (TWI), following algorithm approaches for suspended solids in Case II
waters [98]:

TWI = Rrc,RED − Rrc,SWIR (4)

For MODIS, these are λBLUE = 469 nm, λGREEN = 555 nm, λRED = 645 nm, and λSWIR = 1240 nm.

3.2.2. Classification Tree

The relationship between CMI, FAI, and NDWI [67] from typical lake waters (Figure 3) showed
CMIcyano > CMIwater > CMIfloat > CMIsub. While CMI of floating macrophytes was much lower than
that of cyanobacterial scums, respective FAIs overlapped significantly. Likewise, the FAI of the open
lake water and clean water with submerged macrophytes in Xukou Bay were similar. Due to Oyama’s
research, NDWI showed a much better capability to distinguish cyanobacterial scums and aquatic
macrophytes using Landsat TM/ETM+ [67]. Figure 3b indicated that NDWI of cyanobacterial scums,
aquatic macrophytes, and lake water mixed together based on MODIS data. The impact of high
concentrations of suspended solids on water reflectance at green, red, and NIR range was evident,
as was its impact on CMI and FAI in turbid waters.

A classification decision tree based on these relationships was constructed with five steps
(Figure 4). Step 1: identify and remove pixels of turbid water by TWI; Step 2: chose the CMI and
FAI thresholds due to the pixel location (cyanobacteria-dominated or macrophytes-dominated zone);
Step 3: identify which is existing in the pixel, cyanobacterial scum or aquatic macrophytes by CMI
threshold; Step 4: if cyanobacterial scum exists, identify lake waters using FAI = −0.004; Step 5:
if aquatic macrophytes exists, distinguish between floating and emergent/submerged macrophytes
using FAI threshold.

Three regions of interest (ROI_i, ROI_ii, and ROI_iii) respectively in open lake and Xukou
Bay of Lake Taihu were used to determine threshold values from MODIS Rrc data directly (Figure 5).
It should be noted that the values from in situ reflectance measurements could not be used for threshold
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development directly due to the complex optical conditions of the waterbody and impossibility to
apply a comparative full atmospheric correction.
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Figure 5. The flow chart for determining TWI, CMI, and FAI thresholds. ROI i was 80 × 80 pixels while
ROI_ii and ROI_iii were 10 × 10 pixels, see Figure 1 for location.

3.2.3. Accuracy Assessment and Validation

Three approaches were used to validate our new classification tree: first, in situ remote sensing
reflectance spectra were used to compare CMI to FAI and NDWI; second, user’s accuracy, overall
accuracy [99] and normalized accuracy [100] were calculated by comparing the satellite-derived
distribution to the ground-truth results during 2013 and 2016; thirdly, aquatic macrophytes
distributions derived from MODIS imageries were compared to those from 30 m spatial-resolution
HJ-CCD imageries.
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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,

pu(i) =
pc(i)
pt(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,

po =
∑n

i=1 pc(i)
pt

(6)

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.

An iterative proportional fitting procedure which forces each row and column in the matrix to
sum to one was used to normalized error metrics [100,101]. This process then changes the cell values
along the major diagonal of the matrix (correct classifications) and therefore a normalized overall
accuracy can be computed for each matrix by summing the major diagonal and dividing by the total
of the entire matrix. The normalized accuracy is considered as a better representation of accuracy than
the overall accuracy computed from the original matrix because it contains information about the
off-diagonal cell values [100].

3.3. Classification Method for HJ-CDD Data

A spectral indices (B4−∑3
j=1 Bj)/(B4 +∑3

j=1 Bj) (SF1), the second principal components (SF2) and
the difference between the greenness index and the brightness index from the tasseled-cap transform
(SF3) were used to construct Luo’s classification tree using HJ-CDD data [66]. First, SF1 was utilized
to detect emergent mocrophytes, then floating-leaved macrophytes were identified by SF2, and SF3

discriminated submerged macrophytes and open water lastly. The thresholds of SFs in the classification
tree were determined by corresponding field investigation data.

3.4. Analysis Methods

3.4.1. Atmospheric Effects

Considering MODIS Rayleigh corrected reflectance used in our research, in order to estimate
atmospheric effects on CMI, we simulated the influence of the different atmospheric conditions on CMI
using in situ reflectance measurements and an atmospheric radiance transfer model in the absence of
whitecaps and sun glint (Equation 1). Aerosol optical thickness (0–1 at intervals of 0.2), six aerosol
types (r30, 50, 70, 75, 80, and 85) and six typical solar/viewing geometry of Lake Taihu (oc1: solz = 40◦,
senz = 20◦, phi = 40◦; oc2: solz = 40◦, senz = 20◦, phi = −120◦; oc3: solz = 40◦, senz = 40◦, phi = 40◦;
oc4: solz = 40◦, senz = 40◦, phi = −120◦; oc5: solz = 60◦, senz = 20◦, phi = −120◦; oc6: solz = 60◦,
senz = 20◦, phi = 40◦) were extracted from SeaDAS LUTs.

3.4.2. Mixed Pixels Effects

The best spatial resolution of MODIS data is 250 m, which is much rougher than that of Landsat
TM/ETM+ and HJ-CCD. In order to assess mixed pixels effects on thresholds of CMI and FAI, a MODIS
image with both of the cyanobacterial scums and all the kinds of macrophytes should be chosen in
the following analysis. We therefore took the MODIS image on 9 August 2013 for an example to
investigate the influence of mixed pixels on the thresholds of CMI and FAI by varying the fraction of
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cyanobacteria blooms, submerged macrophytes or emergent/floating macrophytes from 0% to 100%
at intervals of 10%. However, first, the 5 × 5 pixels covering with only one of lake water, cyanobacteria
blooms, submerged macrophytes or emergent/floating macrophytes were detected based on in situ
investigations in 2013. Also, the average upper 25% values of CMI and FAI were determined as the
pure pixel thresholds for cyanobacterial scums or emergent/floating macrophytes. The average lower
25% values of CMI and FAI were decided as the pure pixel threshold for submerged macrophytes.
Then the CMI and FAI means of 5 × 5 lake water pixels were used as the pure lake water thresholds.
A simple linear model was chosen with two endpoints: one was pure lake water, and the other was
pure cyanobacterial scums, submerged macrophytes or emerged/floating-leaved macrophytes.

4. Results

4.1. Thresholds

4.1.1. TWI Threshold Determination for Turbid Waters

Considering the location and timing of elevated turbidity in Lake Taihu, a region of interest (ROI_i)
with 80 × 80 pixels in the open lake was chosen and 76 images from December to February were
visually checked for cyanobacterial scums and aquatic macrophytes. All pixels, with FAI > −0.004,
were put together to determine TWI thresholds (Figure 6a). Based on the near normal distribution
with a mean (µ) and standard deviation (σ) of 0.1326 and 0.0126, the TWI threshold for turbid waters
was 0.107 (µ − 2σ).

4.1.2. CMI Threshold Determination for Distinguishing Aquatic Macrophytes and
Cyanobacterial Scums

Based on the existed FAI threshold for cyanobacterial scums in Lake Taihu, FAI > −0.004 [47],
the CMI threshold was based on 176 images from ROI_i, which satisfied TWI ≤ 0.107 and
FAI > −0.004 at the same time. The CMI distribution of cyanobacterial scums pixels was also
in a normal fashion with µ = 0.0455 and σ = 0.0085 (Figure 6b). The priori knowledge on
Lake Taihu shows that the macrophytes-dominated zones are located in the east sections of the
lake [65]. In order to minimize the false positive, we used two different CMI thresholds for
detecting cyanobacterial scums in cyanobacteria-dominated zone and macrophytes-dominated zone
(Figure 1). For cyanobacteria-dominated zones, we chose 0.0285(µ − 2σ) as the CMIa

thresh, and for
non-cyanobacteria-dominated zones we chose a more strict 0.0455(µ) as CMIg

thresh.

4.1.3. FAI Threshold Determination for Detection Different Types of Aquatic Macrophytes

The published FAI threshold of−0.004 was used to distinguish cyanobacterial scum and water [47].
As FAI can also discriminate different types of aquatic macrophytes (Figure 3), and considering
the small area of emergent macrophytes and coarse spatial resolution of MODIS, we combined
emergent and floating macrophytes in one group. It should be noted that water quality in the
macrophytes-dominated zone was much better than that in the cyanobacteria-dominated zone [79]. We
decided to use two thresholds FAI_suba

thresh and FAI_subg
thresh in these two zones to discriminated

waters and aquatic macrophytes respectively. FAI_suba
thresh was based on ROI_i (Figure 6c) where

TWI < 0.107, CMI < 0.0285 and FAI < −0.004. Similarly, FAI_subg
thresh was determined from ROI_ii

(Figure 6d), where TWI < 0.107, CMI < 0.0455 and FAI < −0.004. FAI_suba
thresh and FAI_subg

thresh
were −0.0122 and −0.011 (µ − 2σ) respectively. In the same way, ROI_iii in Xukou Bay was used to
determine the FAI threshold of 0.05 for submerged and emergent/floating macrophytes, interestingly
the same FAI value used by Oyama with Landsat TM/ETM [67].

All of the thresholds have been summarized in Table 5.
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Figure 6. Distribution of TWI (a), CMI (b) and FAI (c,d) for images to distinguish thresholds for turbid
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Table 5. The thresholds of TWI, CMI, and FAI used in the new classification method.

Index Usage Cyanobacteria-Dominated
Zone

Macrophytes
Dominated Zone

TWI To detect high turbid water 0.107

CMIthresh
To distinguish lake water with cyanobacterial scums

or with macrophytes 0.0285 0.0455

FAI_cyano To detect cyanobacterial scums −0.004 −0.004
FAI_subthresh To detect submerged macrophytes −0.0122 −0.011
FAI_floatthresh To detect emerged and floating-leaved macrophytes 0.05 0.05

4.2. Validation by in Situ RRS Measurements

We first validated the applicability of CMI, FAI, and NDWI to distinguish lake water,
cyanobacterial scums, submerged macrophytes, and emergent/floating macrophytes using in situ
reflectance spectra of 2014 and 2015. All of these indices were calculated by in situ measured reflectance
in simulated MODIS bands (Figure 7).

FAI was effective at separating lake water and others, but less useful for distinguishing
cyanobacterial scums and aquatic macrophytes (Figure 7b). In contrast, CMI showed significant
differences between the cyanobacterial scums and aquatic macrophytes, but was less useful for
detecting open lake waters (Figure 7a). The modelled MODIS band 2 (841–876 nm) and band 6
(1628–1652 nm) from in situ spectra were chosen to estimate NDWI, which also showed a good
separation between cyanobacterial scums and floating-leaved macrophytes from Figure 7c as that
achieved using Landsat TM/ETM+ [67]. However, if MODIS Rrc data were used, NDWI was less
useful due to Figure 3b. This may be the result of very thick cyanobacterial scums, relative disperse
and sparse aquatic macrophytes, and turbid waters as well as the spectral differences between MODIS
and Landsat TM. This validation by in situ Rrs indicated the improved effectiveness of combining CMI
and FAI.
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Figure 7. Box-and–whisker plots of CMI (a), FAI (b) and NDWI (c) for lake water, cyanobacterial
scums, macrophytes based on in situ reflectance spectra of Lake Taihu. The solid line in the box
represents the median value. The upper and lower fences represent the 1st and 3rd quartiles (Q1
and Q3), respectively. The lower and upper whiskers were calculated from (Q1 − 1.5 × IQR) and
(Q3 + 1.5 × IQR), respectively, where IQR is the inter quartile range represented by the width of
the box (i.e., Q3 − Q1). The data above or under the whisker were defined as the outliers and are
shown as cross. (W: Lake water; C: Cyanobacterial scums; S: Submerged macrophytes; F: Emergent
and floating macrophytes).

4.3. Validation by Field Investigation

To verify the stability and accuracy of the new method, we validated the predicted results with
synchronous ground-truth investigations in Lake Taihu (Table 6). From 2013–2016, the user’s accuracy
of the submerged macrophytes, emergent and floating macrophytes, cyanobacterial scums and lake
water was 83%–89%, 79%–83%, 75%–92% and, 92%–100% respectively, and the overall classification
accuracy each year was 87%, 92%, 80%, and 86%, respectively. Based on the off-diagonal matrix values,
the normalized accuracy was lower than the overall classification accuracy, which was 86.2%, 62.6%,
56.5%, and 81.0% for 2013–2016 respectively. In total, the overall classification accuracy and normalized
accuracy was almost similar, 86.0% and 86.8% respectively. The classification accuracy was influenced
by: the number and spatial distribution of ground-truth data [68] and the spatial resolution of MODIS
where mixed pixels effects could lower the overall accuracy.

Table 6. Accuracy assessment of classification results from 2013 to 2016.

Year Measured

Predicted

S E & F C W User’s
Accuracy

Overall
Accuracy

Normalized
Accuracy

2013
S 71 5 4 89%

87% 86.2%E & F 7 26 79%
W 3 34 92%

2014
S 11 1 1 85%

92% 62.6%C 11 1 92%
W 3 100%

2015
S 10 2 83%

80% 56.5%E & F 1 5 83%
C 1 3 75%

2016
S 7 1 88%

86% 81.0%C 3 1 75%
W 1 16 94%

Total

S 99 6 8 88%

86% 86.8%
E & F 8 31 79%

C 1 17 2 85%
W 4 53 93%

S: Submerged macrophytes; E & F: Emergent & floating macrophytes; C: Cyanobacterial scums; W: Water.
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4.4. Validation by HJ-CCD Data

High-spatial resolution HJ-CCD data were used to validate spatial distributions of water,
cyanobacterial scums and different aquatic macrophytes for 9 and 16 August, and 16 and 26 September
2013 (Figure 8). Aquatic vegetation spatial distributions on 16 August and 26 September 2013 were
provided only in the eastern part of Lake Taihu by Luo’s CT method [66] using HJ-CCD data. The two
datasets showed consistent spatial distributions of aquatic macrophytes in the macrophytes-dominated
areas: in the south shore of Gonghu Bay, there existed many submerged macrophytes and sparse
floating macrophytes; submerged macrophytes dominated Xukou Bay; floating macrophytes were
mainly located in the East lake especially in summer. However, emergent macrophytes distributed
dispersedly close to the shores were more difficult for MODIS data to identify.
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Figure 8. Spatial distributions of lake water, cyanobacterial scums and different aquatic macrophytes
in Lake Taihu on 9 (a) and 16 (b) August, and 16 (c) and 26 (d) September 2013.

The expected temporal consistency was met, as submerged and emergent/floating macrophytes
in the macrophytes-dominated zone were 174.5 and 178.3 km2 on 16 August, and 255.7 and 105.6 km2

on 26 September, respectively and their location was consistent (Figure 8). Cyanobacterial scums
showed a much larger variation, changing from 68.4 to 0.75 km2 over the same period.



Remote Sens. 2017, 9, 133 16 of 25

5. Discussion

5.1. Data Quality versus Data Quantity

Time-series and trend analyses for aquatic vegetation, both macro and micro, in inland water
bodies have been difficult to examine using satellite ocean color data due to challenging atmospheric
conditions (e.g., clouds, thick aerosols, and sun glint) [72]. This complicates the separation of
in-water reflectance from the top of atmospheric reflectance. The use of Rrc(869) > 0.027 to screen
cloud pixels and low quality data significantly reduced data availability for Lake Taihu even under
cloud-free and glint-free conditions [72]. Not only thick aerosols but also cyanobacteria blooms
and aquatic macrophytes can increase reflectance in the near infra-red and shortwave infra-red
wavelengths. For turbid waters, Wang and Shi recommended a cloud threshold of Rrc(1240) = 0.0235
and Rrc(1640) = 0.0215 [102], while Hu suggested Rrc(1640) = 0.03 [47]. None of these are suitable for
the complex atmospheric, aquatic, and ecological conditions of Lake Taihu, where thick aerosols, sun
glint, cyanobacteria blooms, aquatic macrophytes, and elevated turbidity all co-exist. In order to avoid
false positive cloud masking from cyanobacteria blooms and aquatic macrophytes, we utilized Qi’s
Rrc(555) > 0.25 [72] and Rrc(1240) > 0.10 as constraint conditions for cloud masking. This resulted in
>90% valid data coverage per image for every climatological month (Figure 9). In comparison, the
mean valid data coverage for the Rrc(1240) < 0.0235 threshold was 35%–74%.
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5.2. Use in Highly Turbid Waters

For shallow and turbid Lake Taihu, re-suspended solids have a major impact on visible and near
infra-red reflectance spectra [103]. A comparison of reflectance spectra from cyanobacteria blooms,
typical aquatic macrophytes, and turbid waters with different suspended solid (SS) concentrations
shows that CMIs increased at higher suspended solid concentrations (Figure 10), impacting the
detection of cyanobacteria blooms and emergent/floating macrophytes. Figure 11 is an example
showing that the turbid water index, TWI, avoided these misclassifications, even under high wind
and high turbidity conditions. MODIS RGB image (Figure 11a) showed lake water in the open lake
was yellow and very turbid especially close to the west (W) and south (S) lakeshores, correspondingly
CMI(W: 0.040 ± 0.003; S: 0.043 ± 0.003) and FAI (W: –0.006 ± 0.008; S: 0.0001 ± 0.008) of high turbid
water were much higher than the other regions (Figure 11b,c). Therefore, high turbid water could be
misclassified to cyanobacterial scums in cyanobacteria-dominated zone and submerged macrophytes
in macrophyte dominated zones (Figure 11d). (W: 0.141 ± 0.014; S: 0.147 ± 0.010) As our new
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method considered the disturbance from turbid water via TWI (Figure 11f), original false positives for
cyanobacteria blooms were rejected.
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5.3. Impact of Black Waters

Black waters are another typical environmental phenomenon in eutrophic lakes, often associating
to lake areas with cyanobacteria blooms and macrophyte stands [104]. They are characterized by
high absorption due to elevated concentrations of colored dissolved organic matter (CDOM) [104,105].
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In Lake Taihu, further studies on the 2007 algal bloom event indicated that the intrusion of a black
water bloom in the main water intake of Wuxi City was the key cause of the water source crisis [106].
Studies show that Zhanshan Bay, Meiliang Bay, and Gonghu Bay were the main sensitive area to black
waters in Lake Taihu [104,107,108], all areas of high-frequency cyanobacterial scums [47]. Attempts to
use remote sensing to detect black waters have found that interference by cyanobacteria blooms and
submerged macrophytes can be significant [105]. Field observations indicate that black waters in Lake
Taihu have limited spatial and temporal scope, usually persisting for less than five days. They occur in
areas of submerged macrophytes (i.e., Potamogeton crispus) from March to May [109]. By integrating
the static location and growth period of submerged macrophytes, the possible interference of black
waters on the remote sensing of macrophyte and bloom was achieved.

5.4. Atmospheric Effects

The impact of aerosol thickness, aerosol type, and solar/viewing geometry on classification
indices was variable. The CMI value was supposed as 0.04 at AOT(555) = 0, aerosol type = r30,
solz = 40◦, senz = 20◦, and phi = 40◦. CMI was least sensitive to aerosol thickness, as only 12.1%
changed when AOT(555) varied from 0 to 1 (Figure 12a). Although the effects of aerosol thickness in
shorter wavelengths are stronger than those in longer wavelengths [110], the baseline subtraction of
CMI, like FAI, helped reduce the effects from different aerosol thicknesses. CMI changed <0.5% and
<15.2% with different aerosol types and solar/viewing geometry, respectively (Figure 12b,c). FAI has
been shown to be less sensitive to changes in aerosol and observing conditions [46].
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5.5. Mixed Pixels Effects

Differences between the classification and ground-truth observations (Table 4) are likely to have
resulted from scale effects. Mixed MODIS pixels containing both open lake water and cyanobacteria
blooms or aquatic macrophytes were validated in field observations. Figure 13a shows that CMI
values of different fractions of cyanobacteria blooms were above the CMI thresholds of 0.0455
in macrophytes-dominated zones and 0.0285 in cyanobacteria-dominated zones. This confirmed
that the CMI thresholds detected cyanobacteria blooms correctly regardless of where cyanobacterial
scums occurred. The CMI threshold of 0.0455 allowed for the identification of aquatic macrophytes
in macrophytes-dominated zones (Figure 13b), not only emergent/floating macrophytes but also
submerged macrophytes. In cyanobacteria-dominated zone, however, the CMI threshold of 0.0285
misclassified emergent/floating macrophytes as cyanobacteria blooms, and similarly submerged
macrophytes were detected as cyanobacteria when submerged macrophytes coverage was lower
than 33.3%. Usually, few emergent/floating macrophytes grow in cyanobacteria-dominated zones
of Lake Taihu [111]. Due to this, we analyzed the influence of the CMI threshold of 0.0285 on the
detection of the pixel mixing with cyanobacteria blooms and submerged macrophytes (Figure 13c).
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Submerged macrophytes were classified correctly only when their fraction was more than 79.2%.
In macrophyte-dominated zones, the CMI threshold of 0.0455 distinguished cyanobacteria blooms and
aquatic macrophytes perfectly; but in cyanobacteria-dominated zones, the CMI threshold of 0.0285
was more appropriate for bloom detection.

The FAI threshold of –0.011 correctly detected submerged macrophytes from lake water when their
fractions were larger than 47.0% (Figure 14), and when the fraction of emergent/floating macrophytes
was more than 23.8%, the mixed pixel could be classified as emergent/floating macrophytes due to the
FAI threshold of 0.05.
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6. Conclusions

In this study, a new method to examine the spatial distribution of cyanobacterial scums
and macrophyte vegetation dominated areas of optically complex shallow lakes was developed.
The approach was validated by in situ reflectance spectra, field investigations and high spatial
resolution HJ-CCD data. The results show an overall classification accuracy of 86% and a normalized
classification accuracy of 86.8% with a specific accuracy of 88%, 79%, 85%, and 93% for submerged
macrophytes, emergent/floating macrophytes, cyanobacterial scums, and lake water, respectively.
The possibility to separate open lake water, areas dominated by cyanobacterial scums and those with
different aquatic macrophytes opens new possibilities to explore the impacts of large scale changes in
lake and catchment management.

The MODIS indices were first developed; TWI, CMI, and FAI were tested in the highly complex
atmospheric and aquatic optical conditions of a large highly eutrophic and shallow lake in southeast
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China. The classification method addressed first areas of high turbidity (TWI), then separated pixels
into lake waters with cyanobacterial scums or aquatic macrophytes (CMI). Lastly, FAI thresholds
were used to separate cyanobacterial scums and lake water, and to classify the remaining areas into
submerged macrophytes, emergent/floating macrophytes or lake water.

The new method provided high accuracy, low sensitivity to changing atmospheric conditions, high
background reflectance (turbidity) or absorption (black waters), and mixed-pixels effects. The overall
approach to combining specific indices in a decision tree to identify and separate lake areas with
dominant optical properties can easily be extended to other lake ecosystems. The indices applied
in the present study are those most appropriate to shallow eutrophic lakes, therefore most directly
applicable to these more complex waterbodies. In deeper or less impacted lakes, the use of turbidity
indices (TWI) is not appropriate, and more specific indices related to the lake- specific dominant optical
components (e.g., CDOM) should be used. Furthermore, additional testing would be required for lakes
with significantly different types of macrophytes or where macrophytes and algae are both present.
Further validation to test the applicability of the new method using other satellite sensors would
extend the use of this approach.
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