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Abstract: Long-term information of phytoplankton bloom is critical for assessing the processes
driving blooms in lakes. A three-decade survey of the phytoplankton blooms was completed
for Erhai Lake from 1987 to 2016 with Landsat imagery. A modified three-band model using
Landsat broad bands is developed by comparing reflectance data from Landsat imagery to two field
datasets. The model is applied to the archived imagery (1987-2016) to predict chlorophyll-a (Chl-a).
Predicted In(Chl-a) and observed In(Chl-a) measurements are significantly correlated (R? = 0.70;
RMSE =0.13 ug/L). Bloom maps are generated by identifying Landsat pixels that have Chl-a
concentrations larger than 20 ug/L as bloom area. Bloom extent and magnitude are estimated.
Our study reveals that algal blooms first occurred in 1996 with a bloom area of 150 km?.
Bloom occurred frequently from 2002 to 2016, with extreme blooms in 2003, 2013 and 2016.
Algal blooms were mostly distributed in the northern and southern part of the lake. The proposed
method uses one model for all Landsat images for Erhai Lake and can predict past blooms and
extend the record to early years when field data is not available. The bloom extent and magnitude
produced in this study can be used as the basis for the understanding of the processes that control
the bloom outbreak.
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1. Introduction

Due to increasing anthropogenic nutrients input and global climate change, eutrophication and
phytoplankton blooms have affected inland water like rivers and lakes worldwide in recent years [1].
Understanding the factors that influence the initiation and growth of the blooms are of vital importance
to the ecosystem [2]. Temperature, light and nutrient status are the most common factors for the growth
of algae or cyanobacteria. Long term water quality monitoring programs are critical for providing
data to find the driving factors of blooms. However, field observations are usually only available for
a few stations and often cover short periods of time due to the high cost of maintaining personnel
and equipment to collect field data [3]. Moreover, the extent of the bloom can hardly be provided as
measurements are only available for limited locations. Thus, historic bloom information such as the
occurrence, spatial extent, magnitude and timing of blooms is scarce for a given system. However,
observational information of historical blooms would help understand the cause of the bloom and
improve current management efforts, and provide new insight into processes driving bloom spatial
and temporal variability.
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Chlorophyll-a (Chl-a) concentrations are indicators of algal biomass, and can be easily related to
the trophic status of lakes. The level of eutrophication has a positive correlation with the concentration
of Chl-a because Chl-a is a major pigment that absorbs solar radiation energy as part of the optical
response of phytoplankton biomass [4]. Remote sensing technology can provide synoptic observations
with short revisit time at low cost, and have been widely used for monitoring the Chl-a concentrations
for inland waters. Many studies have developed models from both broad band and narrow band
multispectral satellite sensors to predict Chl-a concentrations for inland waters, but the models and
the corresponding parameters can only be applied to the very few images under study and cannot be
used on other images [5-8]. A few studies have produced historical Chl-a concentration values and
bloom maps using Landsat [9-12], MERIS [13,14], MODIS [15], suggesting satellite remote sensing is
promising for the retrieval of historic lake environmental parameters. Among them, Landsat series
images provide the longest observation record of the earth surface free of charge with a spatial
resolution of 30 meters [16,17]. Thus, the continuity of images from Landsat archive allow for long
term monitoring of environmental parameters at regional scale especially for small lakes which are too
small to be seen from MODIS.

Erhai Lake is a famous tourism destination in China. Concerns have been drawn to Erhai Lake
in recent years as the worsening of the ecological environment of the lake [18]. The research status
and problems on ecology and environment of Erhai Lake were summarized in [18], but detailed
phytoplankton bloom history data of the lake is still unknown. This study is part of a larger research
effort aimed at better characterizing Erhai Lake for effective future management. The aims of this
study are to (1) develop the best algorithm for Chl-a retrieval for Erhai Lake using Landsat imagery;
(2) produce historic chlorophyll-a concentration maps for 1987 to 2016; (3) hindcast bloom location,
extent and magnitude for 1987 to 2016.

2. Study Area and Data

2.1. Study Site and In Situ Data

Erhai Lake, located in Dali, the southwest of China in Yunnan Province (25°36’'~25°58'N,
100°06’~100°18'E), is the second largest fresh water body in that province. The average water depth is
10.5 m with the deepest point more than 20 m. The Erhai Lake region has a humid climate with annual
mean temperature of 15 to 16 °C. Precipitation of the Erhai Lake region shows significant seasonality,
with the wet seasons (May-October) accounting for 70-90% of the total annual precipitation, while the
dry seasons (November—April) only representing 10-30%. The lake is mainly fed by precipitation and
runoff. Two main inflows are in the northern tip of the lake and a third inflow is in the southeast.
The only outlet river of the lake is located at the southwest corner. Blooms in Erhai Lake usually occur
during summer and autumn and are dominated by Microcystis that are harmful [19].

Regular water quality observation data for Erhai Lake are available for a relatively short period
since 2009. Most information on blooms for Erhai Lake prior to 2009 is based on types and/or locations
of observations that are not entirely intercomparable. Thus, little is known about the severity of
historical blooms. Erhai Lake was sampled once per month for Chl-a analysis from March 2009 to
January 2011 by the Institute of Hydrobiology, Chinese Academy of Sciences, including 12 sampling
points that were distributed in four parallel line from the northern to the southern part of lake with
three points in each line from west to east (Figure 1). From August 2014 to October 2016, Erhai Lake
was sampled monthly (but with a few month gaps) by the School of Life Sciences, Central China
Normal University, including five sampling points that were in northern, southern and central part of
the lake. Thus, the total number of in situ samples is more than three hundred. As shown in Figure 2,
the measured Chl-a show a strong seasonal variation, with the minimum in March to April and the
maximum in October to November. A few Chl-a measurements in Fall 2009 have values larger than
30 pg/L, which are much higher than the Chl-a concentrations in other months, indicating severe
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algae blooms occurred in Fall 2009. Chl-a data from these two sources are used for model development

and validation.
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Figure 1. Study area and in situ chlorophyll-a (Chl-a) sample locations. The background is a true-color

composite Landsat 7 image acquired on 11 December 2009.
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Figure 2. (a) In situ Chl-a measurements for each of the sampling site shown in black for 20092010,

imposed red line is the mean for all sites (b) The same as (a), but for 2014-2016.

Our historical model is also tested by comparing predicted data versus actual Chl-a data.
This actual data with 21 sampling point was collected between 10 to 12 September 2011 and has
been used in previous studies [20,21]. Landsat 7 image collected on 28 September 2011 was the only
image available for that month. As five sampling points are located on the scan line error, 16 sampling

points are used in the validation.
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2.2. Landsat Data

All available Landsat Surface Reflectance Level-2 science data products of Landsat 5 and 7 are
obtained from the USGS EarthExplorer website (earthexplorer.usgs.gov) (Table 1). Landsat 5 was
launched in 1982, but continuous data collection for Erhai Lake did not begin until the end of 1986.
Erhai Lake lies in Path 131 and Row 42 of the WRS-2 orbit. Cloud-free images over Erhai Lake during
the wet season are quite rare, thus through manual interpretation images with a few cloud covers
are also included, but only data outside the cloud cover or cloud shadow are utilized. More than
three hundred images covering the lake area are used in the analysis for a 30-year period (1987-2016).
For the period of 1987 to 1999, only Landsat 5 was operational. From 1999 to 2011, Landsat 5 and 7
were both operational. From 2012 to 2016, only Landsat 7 collected imagery. Although Landsat 7 has
been hampered by the failure of the Scan Line Corrector (SLC-off) since 2003, the image areas that have
not been affected are included in this analysis as the scan line error areas were masked and excluded
from analysis using USGS's reflectance products [22]. Landsat 5 and 7 sensors have a revisit time of
16 days, but 8-days revisit time can be achieved when Landsat 5 and 7 were both operational from
1999 to 2011. Table 2 shows the number of Landsat images used in this study. Though Chl-a usually
increases from May to October, very limited satellite data is available for May to August because of the
high cloud cover during the wet season in Erhai Lake region.

Table 1. Comparison of Landsat 7 Enhanced Thematic Mapper Plus (ETM+) and Landsat 5 Thematic
Mapper (TM) bands. The bands used in this study are shown in bold letters.

Landsat5 (TM) Landsat7 (ETM+)
Bands Wavelength (um) Bands Wavelength (um)
Band 1-Blue 0.45-0.52 Band 1-Blue 0.45-0.52
Band 2-Green 0.52-0.60 Band 2-Green 0.52-0.60
Band 3-Red 0.63-0.69 Band 3-Red 0.63-0.69
Band 4-Near Infrared (NIR) 0.76-0.90 Band 4-Near Infrared (NIR) 0.77-0.90
Band 5 -Shortwave Infrared (SWIR) 1 1.55-1.75 Band 5-Shortwave Infrared (SWIR) 1 1.55-1.75
Band 6-Thermal 10.40-12.50 Band 6-Thermal 10.40-12.50
Band 7-Shortwave Infrared (SWIR) 2 2.08-2.35 Band 7-Shortwave Infrared (SWIR) 2 2.09-2.35
Band 8-Panchromatic 0.52-0.90

Table 2. The number of Landsat images used in our study for different months.

Year Jan.-Apr. May-Aug. Sept—Dec. Year Jan—Apr. May-Aug. Sept.—Dec.

1987 4 2 1 2002 9 4 8
1988 4 2 3 2003 13 2 8
1989 5 4 6 2004 10 3 7
1990 6 0 4 2005 7 3 5
1991 6 2 5 2006 6 6 7
1992 5 3 4 2007 4 4 3
1993 5 3 3 2008 8 2 5
1994 6 0 4 2009 8 0 7
1995 5 0 3 2010 9 1 4
1996 6 2 5 2011 6 2 6
1997 2 1 2 2012 1 2 4
1998 3 2 5 2013 5 2 5
1999 6 2 6 2014 6 1 6
2000 4 2 6 2015 1 2 2
2001 7 6 4 2016 5 2 5

The Landsat images are geometrically corrected by the Landsat Ecosystem Disturbance
Adaptive Processing System (LEDAPS) before the images are downloaded [23]. Pixels with clouds,
cloud shadows, and snow are removed using the pixel quality assessment data along with the surface
reflectance products [24]. Water-only images are created by clipping the original images using the lake
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boundary. A 3 by 3 mean filter is used to smooth data and reduce random high frequency noise [25].
All the reflectance values are converted to a 0-1 value range by a scale factor of 0.0001.

3. Method

3.1. Selection of Landsat Spectral Bands and Ground Data

In situ Chl-a concentrations are temporally matched with the closest available Landsat images.
Kloiber et al. [26] found that the closeness of fit (r* values) of regression models between satellite
reflectance data and measured water clarity decreases with increasing length of the time window
between image collection and ground observation due to constant water flow. Thus, Kloiber et al. [26]
concluded that a window of up to £7 days yielded reasonable results between satellite data and lake
water clarity when observation data were limited. As the wide time window allows the inclusion of
more observation data to conduct retrospective analyses with archived satellite imagery, all Landsat 5
and 7 images captured within eight days of the sampling dates are investigated in this study (Table 3).

Table 3. Image dates for Landsat 5 and 7 and Chl-a field sampling dates that are within a window of
£8 days of the satellite overpass.

Landsat Date Sample Date lag  Landsat Date Sample Date lag

7/4/2009 1/4/2009 6 25/12/2014 1/1/2015 -7
30/9/2009 1/10/2009 -1 2/5/2015 9/5/2015 -7
24/10/2009 1/11/2009 -8 25/10/2015 1/11/2015 -7
12/27/2009 1/1/2010 -5 26/11/2015 2/12/2015 —6
28/1/2010 1/2/2010 —4 29/1/2016 4/2/2016 —6

1/3/2010 1/3/2010 0 1/3/2016 5/3/2016 —4

9/9/2010 1/9/2010 8 4/5/2016 7/5/2016 -3
30/12/2010 1/1/2011 -2 9/9/2016 9/9/2016 0

11/10/2016 10/10/2016 1

3.2. Remote Sensing Reflectance for Different Chl-a Concentrations

The histogram of all in situ Chl-a concentrations that have matched Landsat imagery within
five days are shown in Figure 3a. The Chl-a concentrations range from 3.6 to 46.7 nug/L with a mean
of 14.6 pg/L. The Chl-a are grouped into three categories to explore the relationship between Chl-a
concentrations and Landsat surface reflectance at different bands based on the distribution of Chl-a
concentrations, with concentration values less than 20 pg/L (category 1), between 20 and 30 pg/L
(category 2), and larger than 30 pg/L (category 3).
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Figure 3. (a) The histogram of all in situ Chl-a measurements that have matched Landsat imagery
within five days; (b) The mean remote sensing reflectance for different Chl-a concentration categories
and the Pearson correlation coefficients between In(Chl-a) and remote sensing reflectance.
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Remote sensing reflectance (Rys) are calculated by dividing the Landsat surface reflectance
by 7t [27]. Rys curves for the three Chl-a categories are shown in Figure 3b. All Ry curves are similar in
general outline (Figure 3b), regardless of the image acquisition dates or the locations of the sampling
points or the Chl-a concentrations. These Ry curves are also similar in magnitude and shape to the
typical Rys curves collected for Erhai Lake using a spectroradiometer during two field surveys in
2011 and 2012 [20,21]. The reflectance curves show maximum reflectances at Green band, and exhibit
a downturn at the Red band. This is because Red band overlaps a region with strong absorbance by
Chl-a, but reflectance from algal cells offsets the absorbance to some extent [28]. It is worth noting that
reflectances in the NIR band are much smaller than that in the Red band for Erhai Lake, compared
to many investigations of other lakes which reported that reflectances in NIR band are very high
for bloom areas due to surface scum [25,29]. Thus, pixels with reflectance values in NIR band larger
than in the Red band are masked in our study, as other components of the lake water may contribute
to the increase of reflectance of NIR band. Due to the high absorption coefficient of pure water,
reflectance values decrease to less than one percent and the reflectance curves get tangled at SWIR
bands (Figure 3b). Thus, pixels with reflectance values in SWIR1 band larger than two percent are
suspected to be influenced by fog and are masked.

The values of Ry for all the six bands are positively correlated to the Chl-a concentrations as
shown in Figure 3b, and these correlations are significant for Green, Red and NIR bands at p < 0.01 level.
The correlation coefficient for Green band is 0.69 which is the largest for all the bands investigated,
followed by 0.58 and 0.55 for blue and NIR band. The increase of remote sensing reflectances can
be attributed to the increased biomass at high Chl-a concentrations and the biomass increase the
scattering at these wavelengths. However, the magnitudes of the increase vary due to the differences
in absorbance and reflectance of algal pigments in these bands [10].

3.3. Chl-a Algorithm Development and Validation

Comprehensive reviews of empirical and semi-analytical procedures for Chl-a retrieval in
inland and near-coastal waters using passive optical remote sensing data can be found in [3,25,30].
Semi-analytical models, such as the three-band model and the floating algae index (FAI) [31],
are developed based on solutions to the radiative transfer equation and can be applied to different
water types that have similar optical properties. However, semi-analytical models are designed and
tuned for narrow band sensors such as MODIS and Medium Resolution Imaging Spectrometer (MERIS),
as the absorbing feature of phycocyanin at ~620 nm are often used. Empirical models, such as linear
regression and multi-linear regressions based on bands, band ratios and band arithmetic algorithms,
are easy to implement, but they usually lack physical foundations and are geographically specific [32].

The first objective of this study is to develop a single equation using Landsat reflectance that
have matched ground data by linear regression and use this equation on all archived images for Erhai
Lake. Thus, empirical models are used, while complex algorithms like machine learning, relevance
vector machines are avoided [33]. Various band combinations are explored and the estimated Chl-a
are compared with in situ Chl-a data. The model with the highest closeness of fit is selected. Natural
log-transformed Chl-a observations is used because the relationship between band combinations
values and log(Chl-a) were shown to be approximately linear over a broad range of Chl-a [34].
The five most effective algorithms for the study area are listed in Table 4. They all use Landsat
band 1 to 4. Algorithm #1 to #4 are based on band arithmetic and band ratios. According to [3],
(TM1 — TM3)/TM2 and TM2/TM1 are recommended for low Chl-a concentration situations (<20 pg/L),
while TM3/TM1 is recommended for high Chl-a concentration situations (>20 ng/L). Algorithms #4
(TM1~! — TM2~!) x TM4 is inspired by the classical three-band model, which is originally designed
to estimate pigment contents in terrestrial vegetation, and has been proved to be very effective for
Chl-a concentration retrieval [32]. The three-band model uses two reciprocal reflectance where Al
is the wavelength of the band maximally sensitive to Chl-a absorption while A2 is the wavelength
of the band minimally sensitive to Chl-a absorption. Additionally, A3 is the wavelength of the band
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minimally affected by absorption that accounts for scattering. Multivariate linear regression (MLR) has
also been considered [12,35]. Several MLR combination were explored through stepwise procedures
for our data, and the combination of TM1, TM2 and TM4 is the most effective.

Table 4. Evaluation of algorithm. MLR is short for multi-linear regression. RRMSE is the relative root
mean square error (RMSE), which is RMSE divided by the mean.

M Algorithm 48 Days & Samples:126 45 Days & Samples: 73
R? RMSE RRMSE(%) R? RMSE RRMSE (%)

1 (TM1 — TM3)/TM2 0.48 0.20 8.2 0.69 0.14 5.7

2 T™M2/TM1 0.47 0.20 8.2 0.44 0.25 10.2

3 TM3/TM1 0.39 0.23 9.4 0.64 0.16 6.5

4 (TM171 — TM271) x TM4 059 0.16 6.5 0.70 0.13 5.3

5 MLR: TM1, TM2, TM4 0.59 0.16 6.5 0.78 0.10 4.1

The selection of the optimal model is a key step to obtaining a model with good predictive
capability. To assess model performance, validation of the models is undertake using a leave one out
cross-validation approach. A calibration model is built using N — 1 samples and the sample left out is
predicted. The root mean sum of squares of prediction error of cross validation (MSECV) (Equation (1))
is used as a measure to select the optimal model because of its effectiveness in indicating how well
the model predicts new samples. The corresponding regression equation for the validated model is
applied to all Landsat images to generate Chl-a concentration maps, obtaining a time-series of Chl-a
for Erhai Lake.

1 2
RMSECV =, | — "—vy)5, 1
" i;(y y) M
where i’ and y are measured and predicted log(Chl-a) concentrations and n is the total number
of samples. Moreover, linear regression analysis and root mean square error (RMSE) is used to assess
model performance by comparing the predicted Chl-a with actual Chl-a collected in September 2011.

3.4. Bloom Occurrence, Extent and Magnitude Extraction

Under conditions of cyanobacterial dominance, World Health Organization (WHO) uses a Chl-a
threshold of 10 pg/L for increased odds of irritative or allergenic effects, and 50 pg/L for increased
probability of irritative symptoms and toxic impacts [36]. As Erhai Lake is in the early stage of
eutrophication, 20 pg/L is selected as the threshold for bloom. The size of a bloom, defined as bloom
extent, is the sum of area where Chl-a concentration is larger than 20 ug/L. As Chl-a data are not
available for areas with cloud cover or scan line error, the extent reported is a minimum estimation
for the day under consideration. Based on visual examination of the bloom maps, pixels along the
shoreline are occasionally detected as bloom pixels in a few images. These pixels are suspected to be
under the influence of water plants growing along the shoreline. To eliminate these errors, a bloom
occurrence event is identified only when the bloom extent is larger than one tenth of the total area
of Erhai Lake, which is larger than 25 km?. The severity of a bloom, defined as bloom magnitude,
is inferred from the mean Chl-a concentrations for those pixels that have Chl-a concentrations larger
than 20 ug/L. Thresholds of 20, 25, 30 pg/L are used to define the severity of the blooms as moderate,
high and very high.

4. Results

4.1. Chl-a Model Calibration and Validation

As shown in Table 4, algorithm #4 and #5 perform better than the other three algorithms when
using samples of eight days and five days. The relationship between the estimated log(Chl-a) and
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in situ log(Chl-a) using samples that are within five days of the corresponding Landsat images are
shown in Figure 4. A model will have the advantage of covering a wider variety of image observation
conditions and the advantage of covering various lake conditions if a greater number of separation
days are included. Thus, the effect of separation date on the performance of the algorithms is explored
by successively increasing the time window between satellite overpass and ground observation from
within one day to within eight days (Figure 5). For both model #4 and #5, the highest R? and the
lowest standard error of estimate are achieved when time window is within five days. When the
time window increases to £6 days, R? decreases for both algorithms. When further increase the time
window to +7 and +8 days, R? and RMSE keep almost stable with the gradual increase in the number
of observations. Thus, the optimum time window is set as £5 days to ensure the best fit of the model.
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Figure 4. Comparison between estimated log(Chl-a) and in situ log(Chl-a) using different algorithms
using in situ observations that have matched Landsat images within five days.
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Figure 5. Relationship between the width of the time window between satellite and ground observations
and the number of samples (n), R?, and RMSE for algorithm #4 and #5.

Calibration and validation of algorithms #4 and #5 are conducted as described in Section 3.3.
The model predicted values for each sample point produced by the leave one out cross validation
procedure is used in a linear regression with the in situ measurements of Chl-a concentrations (Figure 6).
The RMSECYV for algorithms #4 and #5 are 0.37 and 0.64, while the R? for algorithms #4 and #5 are
0.69 and 0.06, showing that algorithm #4 performs better than algorithm #5. As MLR suffers from the
problem of overfitting, algorithm #4 is selected as the final model for modeling Chl-a concentrations.
Using a total sample number of 73 for a time window of +5 day, the model is defined in Equation (2):

log(Chl — a) = 1.5979 + 10.1431 x (TMr1 - TM2*1) x TM4, @)

e

I

o
w
[N

w
°

Pridicted log(Chl-a) ug/L
o
Pridicted log(Chl-a) ug/L
&
L]

2.6
2 L
2.4
1'570: * e . . 2.2 . . . . .
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Figure 6. Linear regression of in situ measurements of Chl-a and model predicted for algorithm #4 (a)
and #5 (b).

The chosen model is tested on actual data (Figure 7). There is significant relationship between
the predicted and actual log(Chl-a) (n = 16, RZ2=0.6, p <0.001, RMSE = 0.44 ug/L, RRMSE = 16%) as
shown in Figure 8. The Chl-a model tend to underestimate actual Chl-a concentrations. Considering
the fact that the imaging dates are more than 16 days apart from the sampling date, the predicted Chl-a
concentrations are acceptable.
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Figure 7. (a) The 21 actual data points collected during 10-12 September 2011 are shown with the
true-color composite Landsat 7 image acquired on 28 September 2011; (b) The Chl-a concentration
map for 28 September 2011 derived using our selected model. The parallel lines on the maps are areas
affected by the Landsat 7 scan line error.
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Figure 8. Predicted and actual log (Chl-a). The 1:1 line is represented by the dashed line, while the solid
line represents the observed relationship between the satellite estimated values and actual measured
values (n = 16, R? = 0.60, RMSE = 0.44 pug/L, RRMSE = 16%).

4.2. Spatial and Temporal Analysis of Blooms

Based on peer-reviewed literature, qualitative depictions of Erhai blooms have been reported
in the embayment and some parts of the lake in years 1996, 1998, 2003, 2006, 2009 and 2013 [37-41].
As shown in Figure 9, the bloom extents for Erhai Lake were small in the late 1980s to 2001 except
1996 and 1997. During that period, year 1996 was the first time a large bloom occurred in Erhai Lake
for the 30-year study period. Bloom in 1996 was record setting, even for the 1986-2016 study period,
with a mean Chl-a concentration of more than 50 ug/L. Since 2002, an increasing number of algae
blooms have occurred based on our results. Bloom extent was larger than 25 km? in year 2003, 2005,
2006, 2008, 2009, 2010, 2013 and 2016 (Figure 9), which generally consistent with other researches that
Erhai Lake as developed to moderately eutrophication since 2002 [18]. A Mann—Kendall statistical
analysis performed on the yearly maximum bloom extents show that there is significant trend in the
bloom extent for Erhai Lake. The bloom magnitude was very high in years 1996, 2006 and 2013 with
mean Chl-a larger than 30 ng/L (Table 5). We note that the 1998 bloom was not detected in our data.



Remote Sens. 2017, 9, 1265 11 of 15

All days captured in 1998 had a very low Chl-a concentration. One possible reason could be that the
bloom lasted only a short period and the bloom period were not imaged by Landsat.

As shown in Figure 10, high Chl-a concentrations most frequently occur on the southern and
northern part of the lake, as 60% of the water of Erhai Lake comes from the two main inflows at the
northern tip [38]. These two inflows are the sources of pollution for Erhai Lake. The nutrients input
from runoff causes the high Chl-a concentration in the northern part of the lake. On the other hand,
waste water with nutrients is discharged into Erhai Lake from Dali city located on the southwest shore
of Erhai Lake. Thus, Chl-a concentrations are high in the northern and southern part of the lake.

Temporal changes of bloom extent and magnitude for Erhai (pixels with Chla>20 ug/L
I
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Figure 9. Temporal changes of bloom extent, defined as the area with Chl-a larger than 20 ug/L from
1987 to 2016. The bloom magnitude, which is the mean Chl-a for days with a bloom extent larger than
25 km?, are shown as dots.
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Figure 10. The Chl-a concentration map for selected years with large areas of high Chl-a concentration.
The areas affected by the scan line errors are shown in white color on the images.
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Table 5. Bloom magnitude definition using the mean Chl-a concentrations for those pixels that have
Chl-a concentrations larger than 20 ug/L.

Bloom Magnitude Moderate High Very High
Mean Chl-a concentration (ug/L) 20-25 25-30 30
year 2010, 2012, 2015 2003, 2005, 2009, 2016 1996, 2006, 2013

5. Discussion

From the bloom extent data, large bloom rarely occurred in Erhai Lake before 2002, other than the
outbreak of algae bloom in 1996. Nevertheless, bloom occurred almost every year since 2002. In 1996,
the estimated bloom extent reached 148 km?, accounting for half of the lake water area. One of the most
important reasons for this disaster is the proliferation of silver fish. It is reported that the silver fish
was successfully introduced into the lake as alien biota in 1991, and the harvest was about 253 t in 1993,
and 650 t in September 1996 [41]. Silver fish mainly feed on zooplankton, which is a key part of the
grazing food chain and thus has a strong control for phytoplankton density. The excessive reproduction
of silver fish in Erhai Lake destroyed the balance of the food chain, resulting in a dramatic increase in
phytoplankton. Meanwhile, the rainfall was low in 1996. The reduced water storage capacity lead to
the increase in nutrient concentration, which is conducive to algae reproduction [34]. The interference
of human activities was another important reason. The number of Dali tourists increases from the
0.89 million in 1995 to 3.24 million in 1996 (Dali Yearbook). The increase in the number of tourists led to
the increase of wastewater and nutrients discharge into the lake and intensified the bloom in 1996 [42].

Since 2002, both the bloom extent and bloom frequency increased, the bloom extent reached more
than 25 km? almost every year. The driving force for this comes from both natural and human factors.
From the mid-1990s, the trend of temperature growth in Dali is more obvious. The average temperature
in 2000-2009 was 0.41 °C higher than that in 1990-1999 (Dali state weather station), which is beneficial
to algal blooms. In the aspect of human disturbance, the number of tourists in Dali, the area of crops
sown, the number of pig stocks and the output of Erhai fish have entered a period of rapid growth.
The industrial and agricultural output value has increased significantly (Dali Yearbook). The rapid
development of agriculture, animal husbandry and fishery increase a comprehensive load in Erhai
Lake and create conditions for algae breeding rapidly. Our study is consistent with Wang et al. [43]
that 2001 is a critical transition point for Erhai Lake.

Because bloom is a mixture of water and algae, the surface reflectance generally decreases from
green band to red and infrared bands for all Chl-a concentrations. It is noteworthy to mention that
almost all data in 1992 and 1993 have NIR reflectance larger than that in red band. These pixels are
suspected to be floating vegetation and are not included for bloom extent estimation, as their surface
reflectance features are closer to that of green vegetation. Consequently, almost no data is available for
years 1992 and 1993 as shown in Figure 9. The reasons why surface reflectance in 1992 and 1993 show
characteristics of green vegetation need further investigation.

It is noticeable that some of the estimated Chl-a concentrations are not well-correlated with the
in situ data. This can be attribute to several reasons. First and foremost, the Landsat reflectance is
influenced by the changes in the lake water components, including the proportion of total suspended
solids and colored dissolved organic matter, in different seasons and through the years. Secondly,
the sampling dates do not lie well with the imaging dates, mostly within five days of image
acquisition. Concomitant sampling with image acquisition is difficult to obtain due to factors including
weather condition, man power, etc. Another reason is the influence of wind and light. During windy
conditions on the lake, water quality variables change quickly as phytoplankton floating upward
was accommodated by sunlight. For days with relatively high wind speed, the estimated Chl-a
concentrations are low and not reliable due to complete mixing of Chla concentrations throughout the
water column by wind. Besides, this paper used in situ Chl-a data from different years and seasons,
and the water surface’s reflectance may vary sharply as the season or year varied. The two groups of
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Chl-a observations used also have systematic difference due to different sampling techniques used, as
the first group used surface water while the second group used water samples that were mixtures of
water from the surface, middle and bottom of the lake. For future modeling of water parameters using
remote sensing, it is important to take field observations concurrent with satellite data acquisition.

Although Landsat has a revisit time of 16 days, data gaps can last several months especially during
the wet season due to high cloud cover for Erhai Lake. Moreover, several images were screened out by
visual interpretation of the true color image composition due to high wind or fog. Thus, the analysis of
the phenology of the bloom growth is impossible. MODIS data which have a shorter revisit time but
250 m spatial resolution may be integrated with Landsat in the future to see if bloom phenology could
be extracted.

6. Conclusions

The effectiveness of Landsat archive observations for identifying historic phytoplankton blooms
in Erhai Lake is demonstrated in this study. Using field measurements, a three-band model adapted to
Landsat broad bands was selected as the best algorithm for Chl-a estimation. The proposed model was
considered more robust than previous studies of Chl-a retrieval, due to the much larger number of
images and in situ sampling days used for model development and validation, as well as the different
times of year and the wide range of Chl-a concentrations. The proposed model was then applied to all
historical images to extract the Chl-a concentration maps over the 30-year period from 1987 to 2016.
The bloom extent and bloom magnitude were estimated quantitatively based on the Chl-a maps using
a threshold of 20 pg/L. The timing, spatial distribution, extent, magnitude and the of historic blooms
are all generated for the 30-year period. Overall, Erhai Lake did not burst blooms before 2002 except
the outbreak of algae bloom in 1996. Meanwhile, both the bloom extent and the outbreak frequency
increased greatly since 2002 and bloom can be found almost every year. Year 1996, 2006 and 2016
were identified as the years of most severe blooms. The bloom extent of 1996 was close to 150 km?
with bloom magnitude of more than 30 ug/L, meaning that more than half of the lake had a Chl-a
concentration larger than 30 ug/L on the imaging date of 12 October 1996. Historic quantities of bloom
extent, bloom magnitude and the spatial distribution maps clearly provide a reliable and ecological
useful indicator of bloom extent and occurrence in Erhai Lake. The results are consistent with blooms
reported in other literature, indicating that the developed method is capable of routine monitoring of
algal blooms. Our results suggest that the use of a consistent equation for Chl-a is applicable to all
historic Landsat 5 and 7 images.

This research used one model for all historic Landsat images of Erhai Lake, instead of one model
per image. Since the model has been tested with independent data, it can be used on future images
captured in Erhai for water monitoring. The results from this investigation suggest that remote sensing
can serve a valuable tool to assess the historic blooms. To fully understand the cause of the blooms
for Erhai Lake, a study of variability in river discharge patterns should be considered. Weather
conditions such as lake water temperature, cumulative sunny days and precipitation before the large
bloom should also be studied using concurrent meteorological data. The data produced in this study
can be used as the basis for the understanding of the processes that control the bloom outbreak,
and consequently used for bloom early warning.
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