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Satellite-Based Estimation of Column-Integrated
Algal Biomass in Nonalgae Bloom Conditions: A
Case Study of Lake Chaohu, China
Jing Li, Yuchao Zhang, Ronghua Ma, Hongtao Duan, Steven Loiselle, Kun Xue, and Qichun Liang

Abstract—In shallow lakes, algal biomass is a fundamental indicator of eutrophication status. However, the vertical movement
of phytoplankton within the water column can complicate the determination of total phytoplankton biomass using remotely sensed
data of surface conditions. In this study, we develop, validate, and
apply a new approach to use remotely sensed reflectance to estimate the variability of total algal biomass in shallow eutrophic
lakes. Using the baseline normalized difference bloom index together with hydrological and bathymetric data, we determine the
spatial and temporal dynamics of the total algal biomass in Lake
Chaohu, a large shallow lake in eastern China under the nonalgae bloom conditions. Over an eleven-year period (2003–2013), the
total phytoplankton biomass was highly variable, more than doubling between 2006 and 2007, from 19.95t to 39.50t. The seasonal
decomposition of biomass dynamics indicated the highest biomass
production occurred in June, while the lowest occurred in April.
The estimates of total phytoplankton biomass were both consistent
with in situ measurements and consistent for observations made
on the same day and on consecutive days. The improved stability
and reliability of total biomass estimations provided more complete
information about lake conditions with respect to surface concentrations. This has implications for both management and modeling.
Index Terms—Algal biomass, baseline normalized difference
bloom index (BNDBI), chlorophyll-a, lake Chaohu, remote
sensing.

I. INTRODUCTION

T

HE eutrophication of freshwater ecosystems has drawn
much attention in the past decades with respect to their
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sensitivity of these ecosystems to changes in climate and land
use/land cover [1], [2]. In areas with rapid increases in urban land
cover and population, increased direct and indirect nutrient loads
have severely impacted inland lakes with important impacts on
their socio-economic value and biodiversity [3]–[6].
Remote sensing-based indices have allowed for the monitoring of eutrophication through the determination of the frequency and coverage area of algal blooms [7], [8]. In general, reflectance-based approaches to monitor algal blooms are
based on: 1) reflectance classification algorithms using the blue,
green, red, or near-infrared (NIR) spectral bands [9], [10];
2) reflectance band-ratio algorithms using blue–green band ratios [11]–[15] with the difference based on a baseline between
the red and NIR bands [16]–[18]. The former was developed
for open and coastal ocean waters while the latter have been
mainly focused on coastal water or inland waters. Successful algorithms and indices for coastal and ocean monitoring include:
the normalized difference vegetation index [19]–[21], fluorescence line height [22], enhanced vegetation index [23], [24],
maximum chlorophyll index [25], [26], and color index algorithm [27]. For inland waters, the floating algae index (FAI) [28],
[29], ocean surface algal bloom[30], color index [31], and maximum peak-height algorithm [32] have been extensively used.
These algorithms provide important information on optical active components of surface waters and are based on remotely
sensed reflectance, absorption, and backscattering.
However, the concentrations of optically active components
usually vary with depth throughout the day. The observation
from geostationary ocean color imager indicated that in Lake
Taihu, surface chlorophyll concentration (Chl-a, μg/L) has a
maximum in the morning and minimum in the late afternoon
with sixfold range in concentration, from 30 to 200 μg/L [3].
In a similar manner, algal bloom area observed by the moderate
resolution imaging spectroradiometer (MODIS) in Lake Chaohu
varied between 30 and 240 km2 in only a few days [33]. In both
cases, the total algal biomass/stock is expected to be less variable
[31], [34]. Rapid increases in surface Chl-a are dominated by
the vertical movement of algal biomass [34, 35]. This translates
to a large potential error in estimating diurnal biomass from a
single surface value [31].
The estimation of total (column integrated) algal biomass can
be calculated based on relationship between surface information and total biomass [36] or on the retrieval of the vertical
profile of Chl-a. The latter has been used to determine primary
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Fig. 1. Location of Lake Chaohu, China. The yellow and blue symbols indicate
in situ measurement stations used for algorithm development and validation,
respectively. The red cross shows the position of two hydrological stations.

production of marine systems (with a defined chlorophyll maximum), where a constant Gaussian vertical profile is assumed
[37]–[39]. The conditions of most marine waters allow these
estimates to be accurate. However, in shallow lakes, these conditions are more complex, allowing for a number of potential
profile types. In such conditions, there are two ways to estimate
algal biomass: 1) based on the assumption of a homogenous
chlorophyll distribution throughout the water column; 2) based
on discrete measurements of several biomass profiles samples,
and then interpolated to the whole lake.
Different vertical profile types of phytoplankton distribution
were identified in Lake Chaohu: Gaussian, exponential, and hyperbolic [40]. Gaussian distribution is the most common type
under nonalgae bloom condition, while exponential and hyperbolic distributions occur when algal blooms are present. With
each type of vertical distribution, the corresponding total algal
biomass is quite different. And this paper would only focus on
algal biomass estimation under the nonalgae bloom condition.
The next paper will focus on the algal bloom condition.
This study presents an approach to determine total algal
biomass based on remotely sensed image data and hydrological
data under nonalgae bloom condition. The algorithm was validated and used to explore long-term changes and dynamics of
algal biomass in Lake Chaohu based on MODIS observations
of 11 years (2003–2013). Seasonal dynamics and interannual
trends in nonalgae bloom condition were determined for the
first time in this shallow and turbid lake. The advantages and
limitations of this approach were also explored.
II. STUDY AREA AND DATA
A. Study Area
Lake Chaohu (31°25’–31°43’ N, 117°17’–117°51’ E,
see Fig. 1) is the fifth-largest freshwater lake of China, with
a mean water depth of 3.0 m and a water surface area of 770
km2 [41], [42]. It plays an important role in regional water supplies (for the cities of Hefei and Chaohu), as well as supporting
commercial fishery and tourism [43], [44].
The lake continues to be eutrophic with an increased occurrence of algal blooms, despite efforts of local authorities to
reduce nutrient loads [42], [45]–[47]. The lake can be divided
into three zones based on trophic status [48] (see Fig. 1): the
eastern and central lake zones are considered to be mesotrophic
while the western zone is hypertrophic.

Fig. 2. Photo of water sample collecting devices. Part 1 is the graduated
profiling sampling wire, with red marks for each sampling depth. Part 2 is the
small vacuum pump with connective tube (Part 3). Part 4 is the portable battery,
which provides the power for the pump.

B. In Situ Data
Water samples (n = 45) were collected during three field campaigns in spring, summer, and autumn of 2013 (May, July, and
October). Additionally, monthly experiments were conducted
in 16 fixed sites from January 2012 to December 2013. The
former dataset was used for algorithm development while the
latter was for algorithm validation. Sampling sites were selected
to represent different hydrological and algae conditions within
the lake.
In algorithm development dataset, Chl-a at nine different
depths (surface, 0.1, 0.2, 0.4, 0.7, 1.0, 1.5, 2, and 3 m) were
collected from 64 sites (see Fig. 1) by an ad hoc collection
device. This device consists of a graduated profiling sampling
wire, a small vacuum pump, a connective tube, and a portable
battery (see Fig. 2). The sampling wire was measured on board
with a scale bar. During the measurements, the vacuum pump
was plunged into the water. Samples were collected at different depths by connecting the vacuum pump to the sampling
tube. The sampling tube is 6 m long and is made from 0.03-mdiameter PVC material. In each site, except for the surface layer,
samples at different depths were collected individually with the
collection device.
Samples from each depth were collected in 1-L sample prerinsed plastic bottles. Surface layer samples were collected directly. For sampling in high wind conditions, sampling was
conducted twice for each depth and then mixed together to get
an average result. Sampling required five minutes to minimize
the effect of water flow at each depth. Secchi disk depth was
measured from the shaded side of the boat and an anemometer
(FR-HW, Forain Corp.) was used to measure the wind speed.
The validation dataset was acquired monthly from 16 sites
from January 2012 to December 2013. In this dataset, water
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TABLE II
AVAILABLE IMAGES (TOTAL = 132) USED IN THIS STUDY, WHICH DID NOT
INCLUDE IMAGES CONTAINING SURFACE BLOOMS, TYPICALLY OCCURRING IN
JULY, AUGUST, AND SEPTEMBER
Number of images

Fig. 3. Selected vertical distribution of Chl-a in nonalgae bloom conditions.
The scatters refer to original in situ data and the lines represent to the corresponding fitted curves. The different colors represent the results obtained from
different sites.

TABLE I
MEAN CONCENTRATIONS OF Chl-a (μ G/L) AND TOTAL ALGAL BIOMASS
(MG · M−2 ) FROM 45 SAMPLING SITES IN MAY, JULY, AND OCTOBER, 2013.
Chl-a
Max

Min

SD

0.1
0.2
0.4
0.7
1.0
1.5
2.0
3.0

77.01
78.92
91.46
74.68
79.34
82.82
82.41
75.37

17.58
18.58
17.41
16.25
15.19
12.76
8.90
8.79

16.71
15.15
16.86
16.94
17.20
18.31
20.29
18.86

42.69
47.09
45.82
41.09
45.37
46.49
44.81
45.71

CV(%) Mean Max Min
39.14
32.17
36.79
41.22
37.90
39.38
45.29
41.25

4.70
4.49
4.58
4.11
4.54
4.65
4.48
4.57

8.13
7.80
9.15
7.47
7.93
8.28
8.24
7.54

2.47
1.92
1.74
1.63
1.52
1.28
0.89
0.88

Jan.

Feb.

Mar.

Apr.

May.

Jun.

Oct.

Nov.

Dec.

Total

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

1
0
2
2
3
4
1
0
2
0
1
16

0
2
0
1
2
0
1
0
0
0
0
6

3
0
2
1
0
4
0
4
0
0
4
18

0
5
3
1
1
1
2
2
1
2
0
18

0
3
1
1
4
1
0
0
3
0
0
13

1
0
0
1
0
2
1
1
0
0
0
6

3
4
1
0
0
0
1
0
0
0
1
10

3
3
0
1
0
0
0
5
0
1
4
17

0
1
5
1
4
3
2
9
0
3
0
28

11
18
14
9
14
15
8
21
6
6
10
132

these fitting lines. The integration result was regarded as algal
biomass (mgm-2 ) in each water column [52], [53].
C. Remotely Sensed Data

Algal biomass

Depth (m) Mean

Date

SD

CV(%)

1.41
1.41
1.69
1.69
1.72
1.83
2.03
1.89

29.99
31.39
36.79
41.22
37.90
39.38
45.29
41.25

Algal biomass depth refers to the 0.1-m-thick layer centered at the specific depth. E.g.,
algal biomass at 0.1 m means biomass integrated from 0.05 to 0.15 m.

samples were obtained from three discrete depths (0.5, 1.5, and
3 m), and then mixed together in equal volumes to integrated
total algal biomass.
Water samples were filtered on board using 25-mm Whatman GF/C glass fiber filters (pore size of 1.1 μm) [49], [50].
Sample filters were stored in dark at 4 ◦ C until laboratory analysis of Chl-a (μg/L). The sample filters were extracted with
90% acetone for 24 h in the dark at 4 ◦ C before analysis.
Chl-a was calculated using absorbance at 630, 645, 663, and
750 nm measured by Shimadzu UV-2600 spectrophotometer as
follows [51]:

Chl − a = 11.64 × (A663 − A750 ) − 2.16 × (A645 − A750 )

(1)
+ 0.1 × (A630 − A750 ) × V1 /V2 · L
where A630 , A645 , and A750 (dimensionless) are sample absorbance at 630, 645, 663, and 750 nm, respectively. V1 (ml) and
V2 (ml) are extracted volume and filtered volume, respectively,
L(cm) is the optical length.
For each sites, Chl-a data (see Fig. 3, Table I) from nine
depths were put into a polynomial fitting to retrieve the
corresponding fitting line. Then, integration was made through

MODIS 250-m and 500-m resolution Level-0 data from 2003
to 2013 were acquired from U.S. NASA Goddard Space Flight
Center (http://oceancolor.gsfc.nasa.gov). SeaDAS software was
used in processing the Level-0 data to the calibrated radiance
(Level-1B). Since there is no reliable atmospheric correction for
lake waters with complicated optical properties, a partial atmospheric correction, widely used in optical complex waters (for
example, in Lake Taihu [54], [55], in Lake Chaohu [40], [56]),
was used. Rayleigh-correct reflectance, to correct for gaseous
absorption and Rayleigh scattering effects, was applied to
Level-1B data [57]
Rr c (λ) = ρt (λ) − ρr (λ)

(2)

where ρt is the top of atmosphere reflectance after adjustment of
the gaseous absorption and ρr is the reflectance due to Rayleigh
scattering. All available images identified as the nonalgae bloom
conditions were used (see Table II). The specific methods to
identify algae bloom are presented in Section III-A.
D. Hydrological Data
Water level data from two hydrological stations of Zhongmiao and Chaohuzha (see Fig. 1) from 2003 to 2013 (provided by Hydrology Bureau of Anhui Province, (http://yc.wswj.
net/ahyc_xjb/) were used. Bathymetry data (25-m resolution)
were obtained from the Management Bureau of Lake Chaohu
and the data were measured in 2008 (see Fig. 4). Bathymetry
data were averaged over the geoidal surface of each pixel. Both
the water level data and bathymetry were used in the calculation
of the water depth.
III. METHODS
Column-integrated algal biomass was calculated based on the
relationship between surface Chl-a and depth-varied integrated
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Fig. 4. Bathymetry map of Lake Chaohu. The white line indicated contours of
lake bottom elevation. The yellow points refer to the position of two hydrological
stations. The number on the contours means the specific lake bottom elevation.

Fig. 5. Flowchart of remote-sensing algorithm for column-integrated algal
biomass. R r c data refers to Rayleigh-corrected reflectance data.
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Fig. 6. FAI thresholds of all available images to identify algal blooms in Lake
Chaohu. For each individual image, the mean value of FAI with the maximum
gradient was chosen to be the threshold. The dashed line refers to the mean
minus two standard deviations. The value was regarded as a time-independent
threshold value to identify algal bloom in this study.

In the above equation, Rr c (645), Rr c (859), and Rr c (1240) are
Rayleigh-corrected reflectance with the wavebands centered at
645, 859, and 1240 nm, corresponding to the band 1, band 2,
and band 5 of MODIS, respectively.
The time-independent threshold to identify algal blooms was
determined by the following steps [29]. For each individual
image, a pixel’s gradient of the FAI value was determined by
the difference from the adjacent 3 × 3 window. Pixels with
FAI < –0.01 and FAI > 0.02 were excluded. The mean value
of all pixels in FAI images with maximum gradient was then
used as the threshold value to differentiate nonalgae bloom and
algae bloom conditions. All available images from 2000 to 2013
of Lake Chaohu were used to determine a threshold of 0.0006
(see Fig. 6).
B. Surface Chlorophyll Concentration Retrieval

algal biomass. The approach (see Fig. 5) used FAI to identify and remove images with surface bloom, then, Chl-a was
derived from Rayleigh-corrected reflectance measurement and
finally the water depth for each pixel was calculated from hydrological and bathymetry data. Within this, a column-integrated
algal biomass was determined based on surface Chl-a and water depth. The specific process was described in the following
paragraphs.
A. Algal Bloom Identification
The FAI approach has been used to provide relative stable
information about identifying surface algal blooms in different
environmental and observation conditions [28]. For MODIS, it
was defined as
F AI = Rr c (859) − Rr c (859)
Rr c (859) = Rr c (645) +

(859 − 645)
(1240 − 859)

× [Rr c (1240) − Rr c (645)].

(3)

The baseline normalized difference bloom index (BNDBI)
algorithm provides several advantages in the analysis of high
turbidity water, which has been a commonly seen challenge
in inland and coastal water research [58], [59]. The algorithm
was used with Rayleigh-corrected reflectance [60]. Based on
in situ data, Chl-a was correlated well with Rr s maximum at
555 nm and Rr s minimum at 640 nm. Therefore, the BNDBI
index used the normalized difference of local Rr s at 555 and
640 nm. Rr s (469) and Rr s (859) were used as a baseline to
remove atmospheric effects and turbidity effects
BNDBI = [Rr s (555) −Rr c (645) ]/[Rr s (555) +Rr s (645) ]

(859 − 555)

Rr s (555) = Rr s (555) − Rr s (469) ×
(859 − 469)

(555 − 469)
+ Rr s (859) ×
(859 − 469)

(859 − 645)
Rr s (645) = Rr s (645) − Rr s (469) ×
(859 − 469)

(645 − 469)
+ Rr s (859) ×
(4)
(859 − 469)
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where Rr s (469), Rr s (555), Rr s (645), and Rr s (859) are remote
sensing reflectance with the wavebands centered at 469, 555,
645, and 859 nm, corresponding to band 3, band 4, band 1, and
band 2 of MODIS, respectively. In situ Rr s was multiplied by
the MODIS spectral response function.
The relationship between Chl-a and BNDBI was determined
by nonlinear least-squares fitting as
Chla = 982.3 ∗ BNDBI4 + 71.86 ∗ BNDBI3 + 562.4
∗ BNDBI2 + 79.05 ∗ BNDBI + 6.6.

(5)

To apply this algorithm to MODIS Rr c data, the relationship
between Rr c -based BNDBI and Rr c -based BNDBI was determined. As expected, strong correlation between BNDBI(Rr s )
and BNDBI(Rr c ) (R2 = 0.99) was found under all conditions,
showing a very small overestimation of BNDBI(Rr s ) with respect to BNDBI(Rr c )
BNDBI(Rr c ) = 1.051BNDBI(Rr s ) − 0.007.

(6)

The BNDBI(Rr s ) algorithm was evaluated using synchronous field measurements of surface Chl-a. The root-meansquare-error (RMSE) and unbiased RMSE (URMSE) were
78.10 and 55.70, respectively. The results using BNDBI(Rr c )
were also determined and had RMSE and URMSE of 64.4 and
47.9, respectively (R2 = 0.941, p < 0.01).
C. Column-Integrated Algal Biomass Algorithm Development
1) Retrieval of Depth-Integrated Algal Biomass From Surface Chl-a: The approach mainly focuses on computing algal
biomass based on surface Chl-a. According to the calculation
results (which will be described in the next section), the water
depth of Lake Chaohu is less than 6 m. So, algal biomass from
1 to 6 m was calculated based on in situ data. As demonstrated in
Fig. 3, Chl-a was nearly homogeneously distributed from depth
more than 2 m. Although in situ data did not cover all depths
to 6 m, an average value for depths below 2 m was used for
depths below 3 m. Therefore, based on the methods introduced
in Section II-B, algal biomass at each depth can be retrieved.
The relationship between total algal biomass from the surface to
different depths (considering each 1-m layer) and surface Chl-a
was explored using linear, exponential, and power regression
relationships. The linear regression provided the highest R2 and
lowest error (see Fig. 7). From (a) to (f), it gives the relationship between surface Chl-a and algal biomass integrated from
surface to different depth.
The relationship between surface Chl-a and total integrated
algal biomass at different depths, AI can be described as
AI = a · Chla + b

(7)

where a, b are the intercept and gradient of the relationship
between surface Chl-a and total algal biomass to each different
depth, AI. For example, the total algal biomass from surface
to 2 m [see Fig. 7(b)] was y = 1.78x + 6.42 with R2 of 0.60,
where a = 1.78 and b = 6.42. As expected, the correlation with
Chl-a decreased with increasing depth.

Fig. 7. Relationship between surface Chl-a and total algal biomass from
surface to the specific depth. The integrated depth was listed in each figure.
[e.g., in (f), total algal biomass means biomass integrated from surface to 6 m).

2) Parameter Retrieval: In addition to surface Chl-a, there
are three unknown parameters in calculating water column algal
biomass (see Equation 7): water depth, coefficients of a and b.
a) Water Depth: To determine total algal biomass at different areas of the lake and in different periods of the year, it
was necessary to determine local (time and location specific)
water depth. Both of water level data and bathymetry data were
used to calculate water depth as
H p = Hw − Hb

(8)

where Hp is the water depth of the specific location and Hw
represents the water level of the lake during the image acquisition. Hb is the lake bottom elevation at each location acquired
from bathymetry data.
Two water level stations data were available for this study. As
the water level in Lake Chaohu monotonously decreases from
west to east [61], a longitudinal interpolation based on slope
variation was used to extend point measurements of the water
level throughout the lake. The slope between two hydrological
stations was estimated as


h1 − h2
(9)
slope = tan
Δs
where h1 and h2 (m) refer to water level data of Zhongmiao
station and Chaohuzha station, respectively, and Δs(m) is the
horizontal distance between two stations (see Table III). When
data for only one station were available, the yearly average slope
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TABLE III
AVERAGE WATER LEVEL SLOPE FROM WATER LEVEL DATA BETWEEN TWO
HYDROLOGICAL STATIONS (DIMENSIONLESS).
Slope between two hydrological stations(x106 )

annual mean
SD
min
max

2006 2007

2008

2009

2010

2011

2012

2013 Long term mean

0.272
0.209
0.000
1.080

0.196
0.347
-2.330
1.680

0.197
0.403
-5.210
1.630

0.324
0.274
-0.542
1.410

0.216
0.296
-2.870
1.190

0.368
0.651
-1.250
6.400

0.283
0.375
-2.840
3.030

0.190
0.273
-1.030
1.300

0.256
0.353
-2.010
2.220

Annual mean value in the second row refers to average slope of the year (e.g., annual mean
value in the second row stands for mean corresponding yearly slope value of 2006, 2007,
2008, and so on). The last column refers to long-term statistics of slope value from 2006 to
2013.

Fig. 9. (a) Measured algal biomass of validation sites versus estimated algal
biomass from satellite data (see Fig. 1). (b) The recalibrated validation results
using the same dataset. The crosses indicate the measurements from 2012 while
the circles indicate measurement from 2013.

D. Accuracy Assessment
RMSE and relative error (RE) were used to assess the algorithm performance and product uncertainties [62], [63].
1
N

RMSE =
Fig. 8. Relationship between water depth, and (a) coefficient a (b) and coefficient b.

of that year was used

n

i=1

a = 0.8114 · z + 0.021
b = 4.479 · z − 2.0978.

1
N

(xi − yi )2

(12)

i=1

N
i=1

|(yi − xi )|
xi

(13)

where xi and yi refer to the measured and estimated values for
the ith sample, and N is the sample size.

slopei
(10)
n
where slopei refers to slope value of all available days of the
year and slopemean is the average yearly slope of the corresponding year.
b) Coefficient a and b: MATLAB (R2010a) was used to
determine the coefficients of a and b. For each depth interval,
different regressions were tested to describe the relationship between surface Chl-a and corresponding depth-integrated algal
biomass, including exponential, power regression, etc. Comparing with all these regressions, linear regression had the highest
R2 . Coefficients a and b depend on the relation between total
biomass to specific depths and surface Chl-a. Importantly, the
variation of both coefficients varied uniformly with depth (see
Fig. 8) as: the good fitness could be attributed to fact that algal
biomass in each depth interval was highly linear correlated to
total column algal biomass. Coefficients a and b varied from
depth and the relationship can be defined as
slopemean =

RE =

N

(11)

These relationships allowed us to determine a depth-specific
estimate of a and b, which could then be used to estimate total
algal biomass concentrations for different depth lake depths
based on surface Chl-a (see Eq. 7).

IV. VALIDATION
The estimate of total algal biomass was validated using in situ
data from monthly samples of algal biomass and satellite data
from consecutive periods and days.
A. In situ Validation
Monthly in situ data and lake depth from 16 sites, respectively, in the western, central, and eastern lake zones were used
with synchronous satellite data to validate total algal biomass
estimates. The results showed a high correlation (R2 = 0.89) but
a consistent underestimation of total biomass with RE = 44.4%
and RMSE = 32.5 [see Fig. 9(a)]. This result was influenced
by the fact that the water samples from the validation sites were
obtained from three discrete different depths, rather than the
nine depths sampling used in the model development.
By fitting the estimated and measured integrated biomass
data, the model was recalibrated and the underestimate was
eliminated. The RE reduced to 22.2% [see Fig. 9(b)].
B. Temporal Validation
To validate the temporal consistency of the algal biomass
estimates, estimates from different hours of the same day
and on consecutive days were compared. MODIS Terra and
Aqua data from the same day showed large changes in surface
Chl-a, especially in eastern lake. However, the estimated
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Fig. 10. Satellite-derived algal biomass on the same day with two different
sensors of MODIS Terra and Aqua on 8 December, 2008. (a) and (b) Maps of
Chl-a concentrations from Terra and Aqua, respectively. (c) and (d) Maps of
algal biomass from Terra and Aqua, respectively. The variation was 0.97t with
RE = 3.2%.

Fig. 11. Comparison of algal biomass in near consecutive days with different
sensors of MODIS Terra and Aqua. Surface Chl-a maps derived from (a) Terra
on 7 December, 2010, and (b) Terra on 9 December, 2010. (c) and (d) Algal
biomass from corresponding times. The variation between (c) and (d) was 1.69t
with RE = 8.04%.

area-integrated algal biomass remained consistent (see Fig. 10).
The minor differences observed were within the expected error
of the estimation, with the maximum RE was 3.20%.
MODIS Terra data from consecutive days were also used to
explore the robustness of the approach. While changes were
expected to be larger than same day images, the consecutive
day estimates of algal biomass (three days in December 2010,
see Fig. 11) ranged from 22.72t to 21.03t, RE = 8.04%, less
than the RE of overall approach. Estimates from later period
of the same month also showed similar agreement (see Fig.12).
The RE of the area-integrated biomass over several days was
smaller than the error observed in validation sites. In summary,
the algal biomass estimated from satellite data was consistent
with both in situ data and expected temporal consistency.
V. RESULTS
A. Monthly Variation of Total Algal Biomass
The integrated algal biomass approach was used to determine
seasonal and interannual dynamics of Lake Chaohu over 11

Fig. 12. Comparison of algal biomass in near consecutive days with different
sensors of MODIS Terra and Aqua. Surface Chl-a maps derived from (a) Terra
on 28 December, 2010, and (b) Terra on 30 December, 2010. (c) and (d) Algal
biomass maps from the corresponding time. The variation between (c) and
(d) was 0.59t with RE = 3.89%.

Fig. 13. (a) Monthly and (b) interannual variation of total algal biomass in
Lake Chaohu. All available MODIS without surface algal blooms from 2003
to 2013 (listed in Table II) were used. Squares and whiskers indicate mean and
standard deviation of algal biomass estimates. Frequent surface algae blooms
were observed during July, August, and September. That is the reason for the
blank data in these three month.

years (2003–2013) (see Fig. 13). Periods of surface algal blooms
were not used as the approach was designed for nonalgae bloom
conditions. Mean algal biomass reached annual maxima in June
(42.11±10.86t), while annual minima (21.98±7.87t) value occurred in April. Overall, average seasonal dynamics showed a
maximum in late spring and early autumn, and a minimum in
midspring and late autumn.
Elevated algal biomass occurred throughout the lake in these
periods of maximum, with the eastern zone of the lake showing
the highest algal biomass across the seasonal cycle, ranging from
9.46t in April to 17.67t in June, with the mean algal biomass of
13.68t. The central lake zone had a mean algal biomass of 9.93t,
ranging from 6.67t in April to 13.86t in October. Algal biomass
in the western lake zone ranged from 5.81t in November to
10.56t in June, with the mean value of 7.72t.
B. Annual Variation of Total Algal Biomass
The analysis of interannual trends [see Fig. 13(b)] indicated
that total biomass reached a maximum in 2007 (39.50t) with an
increase of 21.16t with respect to the year before. From 2008 to
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Fig. 14. Average monthly dynamics of total algal biomass for (a) Lake Chaohu
and (b) different lake zones based on MODIS data from 2003 to 2013. Data
in July, August, and September were precluded because surface algal bloom
occurred during this period.

Fig. 16. Relationship between column-integrated biomass with varied depth
and corresponding water depth. These average data were calculated from all in
situ stations at each depth. The black line refers to the fitting line.

TABLE IV
SENSITIVITY ANALYSIS OF THE TOTAL ALGAL BIOMASS ALGORITHM
Fig. 15. Inter-annual variation of total algal biomass of Lake Chaohu based
on MODIS observation from 2003 to 2013. (a) Spatial distribution. (b) Averages
of different lake zones.

2011, average algal biomass decreased (8.06t/a) and 2011 was a
decadal low of 19.95t. The last year of the study, 2013, showed
another major increase.
The interannual dynamics of individual lake sections were
very consistent, with the highest biomass in the eastern lake
zone, followed by the central and the western (see Fig. 15) with
a lake-wide increase in 2007. This was confirmed by looking at
individual lake section [see Fig. 15(b)].
Annual algal biomass in the eastern zone ranged from 9.40t in
2004 to 17.35t in 2007, with a mean biomass of 12.85t. Annual
algal biomass in the central lake zone ranged from 5.60t in 2011
to 12.91t in 2008, with a mean of 9.11t. Annual algal biomass
in western zone ranged from 4.57t in 2011 to 9.55t in 2007 with
a mean of 7.24t.
VI. DISCUSSION
A. Depth Integrated Biomass Estimates
In the present analysis, the relationship between surface
Chl-a and estimated lake depth was used to estimate total algal biomass. This was based on the observation that total algal
biomass increased linearly with depth, confirmed in field measurements (see Fig. 16). Some scatter around the 1:1 line was
presented, indicating bias at low depths, very likely the result of
a nonlinear vertical distribution of Chl-a. Coefficient b provides
some indication of this bias.
Although in situ data did not cover Chl-a more than 3 m,
according to sample data, Chl-a began to be homogenous from
the depth of 2 m (see Fig. 3). Therefore, an average value for

Total algal biomass variation(0%)
Parameter variation

5%

10%

20%

Chl-a
Depth

4.06
5.14

8.12
10.28

16.25
20.56

depth greater than 2 m was calculated. This value was used for
depths greater than 3 m. This led to the good fitness of both a
and b with water depth, especially for depths below 3 m.
B. Sensitivity Analysis
A sensitivity analysis was conducted by changing the two input parameters: surface Chl-a and water depth by ±5%, ±10%,
and ±20%, within (7) and (11). The results indicated that
changes in water depth had greater influence on algal biomass
estimation compared to changes in surface Chl-a (see Table IV).
When water depth was altered by ±20%, the variation in estimating algal biomass was about 20.56%, compared to 16.25%
for surface Chl-a.
Another possible source of error was the temporal variation in the Chl-a distribution, in particular at the lake surface.
The algorithm was based on single daily MODIS-derived surface concentration, and assumed a Gaussian vertical profile,
in this case linear distribution, in nonbloom conditions[40].
The simulated dataset following Gaussian distribution was built
based on in situ data. Then, algal biomass both from profile
based and algorithm based was calculated. 1000 data were selected randomly from this dataset. The results were highly correlated (R2 = 0.92) with RE = 15.98 and RMSE = 6.63 (see
Fig. 17).
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D. Interannual and Seasonal Variation

Fig. 17. Relationship between algorithm-based and profile-based estimation.
The dashed line refers to 1:1 line.

C. Vertical Migration of Algal Biomass
Surface Chl-a can be highly variable over a short time period,
while total algal biomass in the water column remains more
stable. Depending on species, algae’s physiological properties
influence its vertically heterogeneous distribution, through
swimming (flagellates) or regulating their buoyance (cyanobacteria) [64]. Environmental conditions, such as wind-related mixing can play an important role in vertical distribution of algae
[34]. Under calm conditions, when the wind speed is lower than
3 m/s, algae can accumulate at the water surface [65]. When
the wind speed is high, algae are more likely to be homogenous
distributed in water column. Light and nutrients are another two
essential resources that influence the algae’s vertical migration.
In most conditions, light is supplied from above while nutrients
are often supplied from below, resulting in possibly heterogeneous distribution [66]. Internal hydrological conditions may
also influence vertical migration [67]. The turbulent mixing will
lead to nutrient release and more uniform nutrient distribution
around algal cells, favoring algae growth. On the other hand,
high velocity or turbulent conditions may injure algae cell’s
structure and may reduce available light if cells are brought
below the photic zone.
In the previous example (see Fig. 10), the average wind speed
was 2.4 m/s and the lake condition was suitable for surface
algae accumulation. The wind direction was south-southwest,
which led to a horizontal migration of accumulated surface algae
from southwest to northeast. Combining with the influence from
water flow and other conditions, heterogeneous distribution of
algae in the water column resulted in changing surface Chl-a,
but total algal biomass was relatively stable. This resulted from
both changes in the position [both horizontal and vertical as
well as changes in lake depth {parameters a and b in (7)}]. Both
vertical and horizontal migration can occur over short periods
of time, changing biomass in a specific water column, without
changing biomass in the local lake section.

The variation of interannual and seasonal dynamics (see
Fig. 13) was influenced by changing hydrological conditions and, more importantly, dominant phytoplankton species
changes.
On an interannual scale, nutrients loads played an essential
role on algal biomass, together with annual variation in precipitation and temperature in the subtropical climate of southeastern
China. In Lake Chaohu area, precipitation and cloud coverage
are maximum in June and July. Nutrient concentrations in the
lake center are expected to decrease through dilution and increase in the lake coastal areas. Depending on local conditions of
limitation, light or nutrients, a seasonal change in algal biomass
is expected [66], [68] as phytoplankton respond to changes in
hydrological conditions [69], irradiance conditions [70], temperature, and nutrient concentrations [71]–[73].
Phytoplankton composition is reported to change seasonally
with Cyanophyta having highest average density in summer
and autumn (>95%) compared to Chlorophyta, Bacillariophyta,
Cryptophyta, and Euglenophyta [74], [75]. The increase in total biomass from April to June could be attributed to the rapid
growth of Microcystis. After November, Anabaena along with
Chlorophyta and Bacillariophyta dominate biomass until February [see Fig. 9(a)]. The lower biomass in April is attributable to
a gap period prior to the Microcystis increase. It should be noted
that image gaps may also have influence on seasonal averages.
May is underrepresented and July/August was not utilized as
these were bloom-dominated months.
The results showed that the biomass in winter was higher than
spring (see Fig. 13). The possible reasons for this phenomenon
might be that only a few data scenes, as low as six, of image
data were used in each month. Therefore, the results may have
not been representative. Additionally, there were several uncertainties in the surface concentration estimates, including atmospheric correction and Chl-a estimation. Moreover, the shifts
of dominant species attributed to temperature adaption would
also influence these seasonal variations in biomass [76]. The
dominant species in winter is Anabaena, which has a fast grow
in low temperature and begin to die in spring. While the next
dominant species of the lake, Microcystis, is severely restricted
to low temperature and began to grow in the later spring [75],
[77]. Therefore, the spring period was a gap periods for different
species growth [78].
So it is significant that, on an intraannual scale, climate condition has some impact on algal biomass but phytoplankton
species succession has overwhelmed these influences.
Interannual temperature and precipitation variations have
been shown to influence algal biomass in Lake Chaohu (see
Fig. 18) [56], while bloom events in Lake Taihu have been associated to a combination of elevated winter temperature favoring
algal recruitment [79] and ENSO-related impacts on wind conditions [80]. In the biomass analysis in Lake Chaohu, a similar
comparison shows several inconsistencies; with average temperatures being very similar in 2008 and 2011 but with very
different algal biomass conditions, indicating that other factors
are controlling productivity.
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Fig. 18. Relationship between meteorological factors and annual variation
of algal biomass. (a) Precipitation and annual average algal biomass in Lake
Chaohu from 2003 to 2013. (b) Temperature and annual average algal biomass.

Fig. 19. Relationship between nutrient and algal biomass. (a) Mean annual
nitrogen concentrations (TN) and algal biomass. (b) Mean annual phosphorus
(TP) concentrations and algal biomass in Lake Chaohu in 2003–2011.

Nutrient concentrations are often a main driver in changing algal biomass. An increase in nutrient inputs from multiple
sources (sewage, industry discharge, agriculture fertilizer, and
other point and nonpoint runoff) in the Lake Chaohu catchment
has occurred in recent decades [29]. The interannual dynamics of total phosphorus and total nitrogen (see Fig. 19) show a
clear (and expected) correlation with total algal biomass. The
2008 and 2011 algal biomass comparison, not well explained
by climate conditions showed stronger links to nutrient concentrations. In summary, it is likely that climate conditions and
nutrients concentrations combine to control interannual algal
biomass dynamics [75].
E. Differences Between Lake Zones
As demonstrated in Figs. 14 and 15, algal biomass varies
between lake zones. In general, the total algal biomass is highest
in eastern lake while lowest in the western part. This was not
directly related to nutrient concentrations, higher in the west, and
may result from the increased depth in the eastern part of the lake
and the size of the lake sections, the largest in the east [33], [48].
The depth-averaged algal biomass (see Fig. 20) demonstrated
more variable seasonal and interannual trends. This confirms
the important role of lake depth in total biomass.
After considering the effects of depth and area, the differences
between lake zones decreased (see Fig. 21). However, the results still revealed that algal biomass in eastern and central part
are higher than western part in nonbloom conditions. This was
mainly due to the shifts of dominant algae species. Anabaena
dominates the nonbloom months with respect to Microcystis
that dominates the eastern and central zones [74]. Microcystis
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Fig. 20. Depth-averaged algal biomass of different lake zones. (a) Monthly
variation results. (b) Annual variation results.

Fig. 21. Both depth- and area-averaged biomass results. (a) Monthly variation
results. (b) Annual variation results.

was the dominated species in bloom conditions, particularly in
the western zone [78].
F. Limitations and Further Development
The present approach provided important and robust estimates of the total algal biomass. However, validation data also
indicated that total algal biomass was underestimated at highly
elevated biomass conditions, >130 mg·m-2 [see Fig. 9(b)],
where average RE increased to 38.62% while the maximum
RE was 57.87%. These errors can be associated to near bloom
conditions, when the vertical profile of phytoplankton does not
follow the profile used for the nonalgae bloom conditions. This
suggest that a new limit for blooming conditions should be defined; e.g., when Chl-a is above 40 mg·m-3 .
Overestimates at very low biomass conditions, 15 mg·m-2
may be attributable to the impact of high concentrations of suspended inorganic matter on the BNDBI algorithm [60]. Further
study should focus on improving surface Chl-a estimation in the
highly turbid conditions typical of these shallow lakes.
A systematic error in the present analysis resulted from the
use of two different datasets for algorithm development and
algorithm validation. A comparison of these sample sets [see
Fig. 9(a)] shows an underestimation of algal biomass. In order
to calibrate the difference, 180 chlorophyll samples with different vertical distributions and surface Chl-a were simulated by
MATLAB (R2010a). A comparison of algal biomass estimates
from three mixed layers of the validation dataset (AI3 ) and nine
layers of the development dataset (AI9 ) showed
AI9 = 0.7571 · AI3 − 12.87.

(14)
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The equation was used to successfully recalibrate the model
[see Fig. 9(b)], allowing for limits at bloom and low algal
biomass conditions. The recalibration model was conducted to
remove the difference between two sampling methodology. In
future work, only surface Chl-a needs to retrieve, so (14) will
not be used.
Other challenges in using this, or any other satellite-based
approach are the differences in spatial resolution (MODIS has
250-m resolution), temporal differences in satellite, and field
data acquisition and errors related to field sampling at multiple
depths.
Future work should continue exploring additional wavebands
available on satellites with a higher resolution, both spatial and
spectral. The MODIS wavebands used (green and red) are similar to those of many satellite systems, such as Sentinel, Landsat,
HJ-1, etc., allowing for future development. Moreover, using
remote sensing data to retrieve algae thickness and density in
bloom conditions should be considered. And this will be based
on algae’s inherent optical properties such as ap , aph apparent
optical properties like remote sensing reflectance and other hydrological conditions. The development of column-integrated
approaches to monitoring total algal biomass provides new insights to the drivers to spatial and temporal variability of this
important, yet underreported lake property.
VII. CONCLUSION
An algorithm to estimate column-integrated total algal
biomass under the nonalgae bloom conditions was built using
the relationship between surface Chl-a and algal biomass of water column at different depths. Two primary parameters (Chl-a,
z) were derived from satellite data and hydrological monitoring
stations data. The estimation of algal biomass was consistent
with in situ data. Independent validation sites proved that the
proposed algorithm is stable and reliable in Lake Chaohu with
average REs of 22.2%.
The temporal and spatial distribution of total algal biomass
dynamics in Lake Chaohu under nonalgae bloom conditions was
determined by remote sensing for the first time. Lake Chaohu
showed an average total algal biomass of 29.20t under nonalgae
bloom conditions over an 11-year period, reaching a maximum
in 2007 and minimum in 2004. Seasonal variations were evident and associated to phytoplankton species compositional
changes associated to subtropical climate variations. For further improvement, an improved surface Chl-a algorithm and
additional studies of biomass profiles would be useful. Finally,
thanks to the availability of daily MODIS data and weekly data
from other satellite systems, this approach could be used as part
of a regular monitoring program to validate or evaluate the lake
productivity and bloom conditions.
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