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The remote sensing of algal pigments is essential for understanding the temporal and spatial distribution of
harmful algal blooms (HABs). In particular, the vertical distribution of cyanobacterial pigment (e.g., phycocyanin (PC)) is critical factor in remote sensing because the diel vertical migration of cyanobacteria may aﬀect
the spectral signals according to observational time. Although numerous studies have been conducted on the
remote sensing of algal bloom using pigments, few studies considered the vertical distribution of the pigments
for the remote sensing of cyanobacteria in inland waters. In this regard, the objective of this study was to develop
an improved bio-optical remote-sensing method using in-situ remote-sensing reﬂectance (Rrs) at diﬀerent water
depths and cumulative PC and Chlorophyll-a (Chl-a) concentrations, which was cumulated from the surface to a
5-m water depth. The results showed that the bio-optical algorithm using surface Rrs and surface pigment
concentration was more accurate than that using the subsurface Rrs and surface pigments. The bio-optical algorithm using subsurface Rrs showed the highest R-squared (R2) values (0.87–0.94) in each regression with the
cumulative PC concentration from surface to each depth. The regressions between drone-based surface reﬂectance and cumulative PC concentration for each depth indicated a better performance than those between the
reﬂectance and surface PC concentration; the highest R2 value of 0.82 was obtained from a bio-optical algorithm
using drone-based reﬂectance and a 1.0-m cumulative PC concentration, which was the best-performing algorithm. The PC maps developed using the best bio-optical algorithm accurately described the spatial and temporal
distributions of the PC concentrations in the reservoir. This study demonstrates that the application of vertical
cumulative pigment concentration and subsurface Rrs measurement in bio-optical algorithms can improve their
performance in estimating pigments, and that drone-based hyperspectral imagery is an eﬃcient tool for the
remote sensing of cyanobacterial pigments over a wide area.

1. Introduction
Harmful algal blooms (HABs) cause crucial problems associated
with freshwater aquatic ecosystems and human health, such as dissolved oxygen depletion and production of harmful toxins, which lead
to the death of aquatic organisms (Carmichael and Boyer, 2016;
Hilborn and Beasley, 2015; Huisman et al., 2018). To improve water
quality management, it is important to better understand the spatial
and temporal distribution of HABs and their inﬂuences on the aquatic
ecosystem. Traditional ﬁeld water sample collection, however, cannot
adequately consider their spatial and temporal distribution because of
∗

the high spatial variability of HABs in waterbodies. In addition, substantial time and labor is required to monitor entire lakes or reservoirs
(Power et al., 2005; Ritchie et al., 2003).
Remote-sensing techniques could be an alternative solution because
they allow broad spatial coverage and a short data-acquisition time
(Brando and Dekker, 2003; Brezonik et al., 2005; Dekker, 1993; Hilton,
1984; Kallio et al., 2001). Many researchers have investigated the
quantiﬁcation of phytoplankton abundance or algal pigment, i.e.,
chlorophyll-a (Chl-a) concentration in inland waters (Mittenzwey et al.,
1992; Pulliainen et al., 2001; Tyler et al., 2006; Yacobi et al., 2011).
The concentration of phycocyanin (PC), an accessory pigment of
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remote sensing signals (Kay et al., 2009; Kutser et al. 2009, 2013;
Streher et al., 2014). Some researchers have investigated the eﬀects of
subsurface pigment-concentration proﬁles on the remote-sensing signal
using Hydrolight-Ecolight (Mobley and Sundman, 2008; Xue et al.,
2017), a subsurface light-ﬁeld model Stramska and Stramski (2005);
(Kutser et al., 2008; Pitarch et al., 2014; Xiu et al., 2008). Recently, Xue
et al. (2015) documented a method to estimate the vertical distribution
of chlorophyll-a class using remote sensing reﬂectance data. Previous
studies, however, have typically focused on the analysis of relationships
between the vertical pigment distributions from various optical properties of water bodies and the remote sensing signals. There are limited
investigative studies on the comprehensive relation between the vertically cumulative pigment concentration and the vertical distribution of
Rrs, and its application to bio-optical algorithms.
To address these issues, the main objectives of this study are the
following: (1) to measure the vertical pigment-concentration proﬁle,
portable sensor-based Rrs at the surface and three subsurface depths
(i.e., subsurface, 0.5-m depth, and 1-m depth), and drone-based surface
reﬂectance; (2) to compare the performance of the bio-optical algorithms using the Rrs at diﬀerent sensing depths, surface reﬂectances,
and vertical pigment-concentration proﬁles; and (3) to determine the
spatial and temporal distribution of algal pigments through the bestperformance bio-optical algorithm using drone-based hyperspectral
images.

cyanobacteria, has been used for the identiﬁcation of cyanobacterial
HABs (Kudela et al., 2015; Kutser, 2004; Kutser et al., 2006; Matthews
et al., 2010; Park et al., 2017; Randolph et al., 2008). Multispectral
satellite remote sensing has been widely used to estimate the pigment
concentrations of HABs in both inland and coastal waters (Ahn et al.,
2006; Gokaraju et al., 2011; Kutser, 2004; Kutser et al., 2006; Kwon
et al., 2018; Proctor and Roesler, 2010; Wynne et al., 2010). There are
numerous satellite-borne sensors of diﬀerent spectral, spatial, and
temporal resolutions. For example, the Landsat-8 operational land imager (OLI) and Sentinel-2 have been applied to various rivers and lakes
to detect HABs because these sensors have relatively high spatial resolutions and spectral bands that detect algal pigment absorption peaks
(Ansper and Alikas, 2019; Kwon et al., 2018; Mollaee, 2018; Toming
et al., 2016; Zhao et al., 2017). However, the coarse spectral resolution
of these sensors, may aﬀect the performance of algal pigment detection
(Palmer et al., 2015a, 2015b). Spectral sensors, which have a broad
bandwidth from 60 to 80 nm, have diﬃculty discriminating the absorption features of algal pigments (Dekker et al., 1992). The seaviewing wide ﬁeld-of-view sensor (SeaWiFS) and moderate resolution
imaging spectroradiometer/aqua (MODIS-Aqua) have ﬁner spectral
resolutions than Landsat-8 and Sentinel-2, but the spatial resolution is
insuﬃcient to monitor the water quality in rivers and lakes. Recently,
the medium resolution imaging spectrometer (MERIS) and Sentinel-3
OLCI, which have narrower spectral bands than SeaWiFS and MODIS,
have been used for algal pigment remote sensing in inland waters (Blix
et al., 2018; Kiefer et al., 2015; Odermatt et al., 2012; Palmer et al.,
2015a, 2015b).
Over the last few decades, airborne hyperspectral remote-sensing
techniques have been widely used because of their high spectral, spatial, and temporal resolutions (Hunter et al., 2008; Jupp et al., 1994;
Park et al., 2017; Roessner et al., 2001; Selige et al., 2006; Shippert,
2003). Hyperspectral imagery is an eﬀective technique for pigment
estimation and cyanobacteria bloom detection (Kudela et al., 2015;
Kutser, 2004; Li et al., 2010; Wang et al., 2016; Wynne et al., 2010).
Concentrations of PC and Chl-a have been estimated using apparent
optical property (AOP) algorithms with multiple reﬂectance bands
obtained from hyperspectral images (Hunter et al., 2010; Matsushita
et al., 2015; Mishra et al., 2009; Pyo et al., 2018). Dekker (1993) introduced two-band ratio algorithms to estimate Chl-a and PC concentrations. With regards to the band selection, the reﬂectance from the
blue-green band (440–560 nm) is used in coastal Chl-a estimation. The
red and near-infrared wavelength range (650–800 nm) is mainly used
for turbid waters because the colored dissolved organic matter (CDOM)
absorbs the blue-green light while the mineral particles scatter the light
(Gilerson et al., 2010; Gitelson et al. 2007, 2008; Mittenzwey et al.,
1992; Pyo et al. 2016, 2017; Randolph et al., 2008).
These hyperspectral imagery techniques of remote sensing of cyanobacteria focus mainly on reﬂectance on the water surface and the
pigment concentrations of surface water (Kutser et al., 2006; Mishra
et al., 2009; Randolph et al., 2008; Simis et al., 2005; Vincent et al.,
2004). Using the surface reﬂectance may have a limitation in remotely
detecting cyanobacterial pigments because of the vertical migration
and distribution of cyanobacteria (Kromkamp and Mur, 1984; Nadeau
et al., 1999; Oliver, 1994; Richardson and Castenholz, 1987; Visser
et al., 1997; Wallace et al., 2000). In addition, this is closely related to
photosynthesis via solar irradiation and wind-induced mixing. Hydrocarbon accumulation via photosynthesis results in cells sinking. However, mixing by wind may cause the cyanobacterial cells to disperse
throughout the water column; the vertical distribution of cells is considerably aﬀected by wind conditions during both the day and night
(Ha et al., 2000; Wu and Kong, 2009).
Moreover, a sun-glint eﬀect based on the solar zenith angle has been
documented since the 1980s, and Bhatti et al., (2009) found that sun
glint caused by a surface wave resulted in a magnitude diﬀerence between the surface and subsurface reﬂectance in inland waters. Various
studies have developed removal techniques of the sun-glint eﬀect from

2. Methodology
2.1. Study area
The Daechung Reservoir, constructed in June 1981 (N
36.35°–36.52°, E 127.48°–127.60°), is an artiﬁcial reservoir that supplies water to surrounding cities for domestic and industrial use. Its
watershed and water surface area are 4134 and 72.8 km2, respectively.
The length of the reservoir is 86 km and its storage volume is
1490 × 106 m3 (Shim et al., 2015). Three dominant algal genus, namely
Anabaena, Microcystis, and Oscillatoria, were observed from early
summer to late autumn (Shin et al., 1999). The Sookcheon region was
chosen as the study area because previous researchers have regarded it
as the main blooming area (Lee et al., 2014; Tae et al., 2014). The study
area was divided into three sub-sections (A, B, and C) because of the
limitations in the drone operation; the main monitoring section was
section C (Fig. 1).
2.2. Data acquisition
2.2.1. Water sampling
Seven surface-water sampling events were conducted from July 26
to October 25 in 2018. The observations are described in Table 1. Two
diﬀerent-sized water samples (i.e., 125 ml and 2 L) were collected for
diﬀerent purposes. The 2-L surface-water sample was collected for the
Chl-a concentration calculation, whereas the 125-ml sample was used
to calculate the PC concentration. A 2-L sterilized water sample bottle
and 125-ml wide-mouthed bottle were used, respectively. The surfacewater samples were collected directly using a 5-L plastic beaker. A preconcentrated water sample was placed in a 125-ml bottle using a
phytoplankton net of 20-μm mesh size. The volume of the water for preconcentration varied from 5 to 20 L according to the phytoplankton
concentration. All water samples were stored in a box with ice and were
moved to the laboratory for experimental investigations.
2.2.2. Pigment extraction in the laboratory
We quantiﬁed the PC and Chl-a concentrations in the laboratory
within 24 h of water sampling. PC is a pigment-protein complex that
harvests sunlight for photosynthesis (Glazer, 1989; Jin et al., 2018).
The PC extraction was based on methods from previous studies (Bennett
and Bogorad, 1973; Sarada et al., 1999). The detailed procedures are
2
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Fig. 1. Study area and speciﬁc monitoring sections. Each ﬁeld monitoring station are represented by markers according to monitoring events.

where, OD620 and OD652 are the optical densities and each subscript
represents speciﬁc wavelengths, 620 nm and 652 nm, respectively. For
the Chl-a extraction and quantiﬁcation, a standard experimental
method was followed (APHA , 2001). The extraction procedure of Chl-a
is described in the following statements. (1) A volume of 250 ml water
from the 2-L sample was ﬁltered using a glass microﬁber ﬁlter
(Whatman) with a 0.7-μm pore size. (2) The ﬁltered sample was only
stored in a 15-ml conical tube, and then 10 ml of a 9:1 acetone and
methanol solution was added to the sample. The resulting sample was
placed in a -4-°C refrigerator for 24 h, without the grinding process to
prevent the inﬂuence of ground ﬁlter paper. (3) The sample was centrifuged at 500 g and 20 °C for 20 min (4) The optical densities of the
sample's supernatant were measured using a Cary-500 UV–Vis–NIR
spectrophotometer. Then, the concentration of Chl-a was estimated
using the following equation:

described in the following statements. (1) Pre-concentrated samples
from netting were homogenized via an Ultra-Sonicator (Sonictopia Inc.,
Cheongju, Korea). (2) A total of 30 ml of homogenized sample was
moved to a 50-ml conical tube, which was then centrifuged at 4000 rpm
and 5 °C for 15 min (3) The supernatant was removed by pipetting the
remaining liquid from the pellet. (4) A 5-ml phosphate buﬀer solution
of pH 7.2 was added to the sample. (5) The PC was then extracted by
applying a freezing-and-thawing method. The sample was frozen at
−20 °C for 24 h and then thawed at room temperature to break the
algal cells. (6) To release the PC pigment from the cyanobacterial cells,
the samples were placed in a shaking incubator, which was then operated at 150 rpm for 15 min (7) The centrifugation process was repeated under the condition that was applied during the prior step (step
2) to analyze the supernatants. (8) Using a Cary-500 UV–Vis–NIR
spectrophotometer (Agilent Inc., Santa Clara, CA, USA), the optical
densities of the supernatant samples were measured throughout the
200- to 3300-nm wavelength range. Afterwards, the PC concentration
was estimated using the following equation:

PC (mg /

m3)

OD620 − (0.474 × OD652)
=
5.34

Chl − a (mg / m3) =

(11.64 X1 − 2.16X2 + 0.10 X3) × V1
V2

(2)

where, X1, X2, and X3 represent (OD663-OD750), (OD645-OD750), and
(OD630-OD750), respectively; V1 and V2 are the supernatant and ﬁltered
sample volumes, respectively.

(1)

Table 1
Information regarding drone operation and the number of in-situ observations.
Sampling date

Number of surface water
samples

Number of YSI-sensor
measurements

Number of in-situ Rrs
observation

Number of hyperspectral images

Sampling region

18/07/26–27
18/08/16–17
18/09/06
18/09/17
18/09/19
18/10/11
18/10/25

16
16
12
12
12
14
10

15
17
12
12
12
14
10

15
11
12
10
11
14
10

8
8
7
7
7
8
7

A, B and C
A, B and C
C
C
C
C
C

3
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2.2.3. Field water quality measurement using EXO-2 YSI
A YSI EXO-2 water-quality multi-probe (YSI, Yellow Springs, Ohio,
USA) was used to monitor the vertical water-quality proﬁle. The ﬁve
water quality parameters, namely water temperature, dissolved oxygen,
pH, blue-green algae PC (BGA-PC), and chlorophyll-a concentration,
were continuously measured from the surface to a 5-m depth at a 0.5-s
interval; the depth was determined by reducing the time gap between
the hyperspectral sensing and ﬁeld measurement. The continuous record of the vertical proﬁle was converted to depth-versus-concentration
data at a 0.05-m interval. To obtain the vertical cumulative-pigment
concentration, the depth proﬁle was integrated with a 50-cm interval
using the following equation:

Fig. 2. Picture of drone and mounted hyperspectral sensor used in this study.
MATRICE M600 Pro hexacopter drone (A) and Nano-Hyperspec® hyperspectral
imaging sensor (B).

z/i

[vertical cumulative concentration] (mg / m2 ⋅ z ) =

∑ i⋅ Cn
n=1

drone has 9.5 and 15.5 kg of weight and maximum takeoﬀ weight,
respectively. The sensor is a push-broom type sensor with an 8-mm lens
which weighed 520 g. This type of sensor acquires the entire line of the
image at once and captures the image continuously with the motion of
drone (Kerekes and Schott, 2007). The wavelength ranges from 400 to
1000 nm (Hill and Clemens, 2015), whereas the minimum spectral resolution and maximum number of channels of the sensor are 2 nm and
270 channels, respectively (Beth, 2016). A sensor ﬁeld of view (FOV) of
32.2° was set using an 8-mm lens. The number of hyperspectral images
and sampling regions are described in Table 1. In this study, 112 bands
were used to reduce the data size. The altitude of the drone hover was
150 m and the spatial resolution of the image was 20 cm, while the
swath width was approximately 87 m at that altitude.
The collected hyperspectral images were corrected using the
SpectralView® software (Headwall Photonics Inc., MA, US). From the
raw digital number data, radiance correction was conducted to calculate the radiance data from the raw digital number data using a dark
reference, which was collected in the ﬁeld with the lens cap cover and
an internal calibration ﬁle that has optimal gains and oﬀsets for digital
numbers in each wavelength band (i.e., Radiance = Gain*Digital
number + oﬀset). After ﬁnishing the radiometric calibration, the surface reﬂectance was calculated with an in-scene reference, radiometric
tarp. The reﬂectance tarp of 70% was located on ﬂat ground to collect
reference reﬂectance when the drone was ﬂying. The internal calibrated
reﬂectance spectra in the tarp ﬁle of the software was used as the reference for correcting the calibrated radiance to surface reﬂectance. The
white reference data helped in providing the surface reﬂectance adjustment during reﬂectance generation. Prior to drone monitoring, the
white reference data was collected using Spectralon; thus, the ﬁnal
output of the image-processing software was surface reﬂectance
(Rdrone). Afterwards, ortho-rectiﬁcation was applied using the lens,
sensor position, and GPS information of roll, pitch, and yaw. The dronebased surface reﬂectance at each sampling station with the same GPS
position as each water sampling station was extracted from the corrected images. The noisy remote-sensing signal can be corrected effectively using a ﬁltering method (Zeng et al., 2017). In this study,
Savitzky-Golay ﬁltering was applied to minimize the noise of the dronebased surface reﬂectance spectra (Chen et al., 2004). A two-dimensional adaptive ﬁlter, Wiener2, was applied after the PC distribution
map was generated (Lim 1990). Wiener2 ﬁltering is a pixel-wise
method using the local neighbors’ statistics of each image pixel; it is
eﬀective in reducing the speckle noise in remote-sensing images
(Agrawal and Venugopalan, 2011). Atmospheric correction was not
performed because the operational altitude of the drone was 150 m,
which is very low compared to those of satellite and air-craft sensing
(Adão et al., 2017). In water quality remote sensing, atmospheric correction has not been conducted because of the negligible atmospheric
eﬀect of the low-altitude, unmanned, aerial vehicle (UAV) operation
(Kislik et al., 2018; Su and Chou, 2015).

(3)

where, z is the cumulative depth, i the depth proﬁle interval, and Cn the
concentration of n-th component of the depth proﬁle.
2.2.4. In-situ Rrs measurement using a portable sensor
Remote-sensing reﬂectance (Rrs) data were collected from 82
sampling stations using a FieldSpec HandHeld 2 spectroradiometer
(ASD Inc., Boulder, CO, USA). The wavelength ranged from 325 to
1075 nm. This study focused on the wavelength region from 450 to
730 nm because the signals that were below the 450 nm and above the
730 nm spectra included sensing noise (Murphy et al., 2008; Olmanson
et al., 2013; Uitz et al., 2015). The downwelling irradiance was measured using a detachable remote cosine receptor (RCR). The RCR was
removed from the spectroradiometer after measuring the irradiance.
Then, the sky and surface (Lw, surf) radiances were measured with a bare
ﬁber. We measured three diﬀerent subsurface radiances—below the
water surface (Lw, sub, 0), 50 cm below the water surface (Lw, sub,50), and
100 cm below the water surface (Lw, sub, 100)—using a 1.5-m jumper
cable as an accessory for the spectroradiometer; it is a submergible,
waterproof, optical-ﬁber sensor that is detachable. The end of the ﬁber
was bent to maintain a 40° viewing angle. The visibility of the waterbody was measured using a Secchi disk to check the depth of penetration. The average and standard deviation of the Secchi depth were
0.99 and 0.32 m, respectively, throughout the monitoring events.
Throughout the in-situ measurements, the azimuth angle and zenith
angle were maintained in the ranges of 130°–135° and 35°–40°, respectively, to reduce the sun-glint eﬀect and shading interference (Li
et al., 2013; Simis et al., 2007; Mobley, 1999). Finally, the surface Rrs
and subsurface Rrs at three diﬀerent depths were measured via in-situ
measurement. Rrs is the ratio between the irradiance and radiance,
which can be described as follows:

Rrs (λ) =

L w (λ )
Ed (λ )
−2

(4)
−1

where Ed (W m
nm ) is the downwelling irradiance from the sun
and Lw (W m−2 nm−1 sr−1) is the radiance from the water. To minimize
the inﬂuence of the sky, the radiance of the water, Lw, is deﬁned as the
following equation:

L w (λ ) = L w, r (λ ) − qLsky (λ )
−2

−1

(5)
−1

where, Lw, r (λ) (W m nm sr ) is the water radiance with the sky
inﬂuence; Lsky (λ) (W m−2 nm−1 sr−1) is the radiance from the sky; and
q is the interference factor of the skylight between the water and air,
deﬁned as a constant of 0.025. The constant q was selected according to
the reference with a 40° viewing angle and a wind speed of less than
5 m/s (Mobley, 1999).
2.2.5. Hyperspectral reﬂectance measurement using a drone-installed sensor
Hyperspectral images were collected using a Nano-Hyperspec® hyperspectral imaging sensor (Headwall Photonics Inc., MA, US) installed
on a MATRICE M600 Pro hexacopter (DJI Inc. China) (Fig. 2). The
4
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2.3. Use of a band-ratio algorithm to estimate pigment concentration

PC and Chl-a.

A band-ratio algorithm was used to estimate the surﬁcial and vertically cumulated pigment concentrations. Based on the literature, the
two-band ratio algorithm for PC uses the 709 and 620 nm bands,
whereas Chl-a uses the 709 and 665 nm bands (Duan et al., 2010;
Gilerson et al., 2010; Gitelson et al., 2007; Liu et al., 2017). In this
study, we used the 709, 620, and 665 nm bands to estimate PC and Chla because of the spectral resolution of the available hyperspectral
sensor. The algorithms are shown in the following equations:

3.2. Relationship between portable-sensor hyperspectral Rrs and pigment
concentration

PC (mg / m3 ) ∝

Rrs (709)
Rrs (620)

Chl − a (mg / m3 ) ∝

3.2.1. Portable-sensor hyperspectral spectra
Fig. S1 shows in-situ Rrs measured from the surface, subsurface, 0.5m subsurface, and 1.0-m subsurface. The Rrs intensities decreased as
the measuring depth increased, whereas the noise in the Rrs signals
increased as water depth increased. In particular, the intensities in the
surface and subsurface measurements showed a remarkable decrease at
the approximately 350 nm and above-750 nm bandwidths. Fig. 4 presents the Rrs intensity of the three main wavelengths used in this study,
namely 620, 665, and 709 nm. For the three bands, approximately one
order of magnitude diﬀerence in median Rrs intensity was observed
between the surface and 1.0-m subsurface. Median intensities decreased
exponentially as the depth increased, and the diﬀerence between the
maximum and minimum intensity in each band decreased as the depth
increased. Reductions in Rrs intensity between the surface and 1.0 msubsurface were 78% for 620 nm, 83% for 665 nm, and 84% for
709 nm.

(6)

Rrs (709)
Rrs (665)

(7)

where, Rrs (710), Rrs (620), and Rrs (665) are the remote-sensing reﬂectances at 709, 620, and 665 nm, respectively.
In this study, the band ratios were calculated from the reﬂectance
data obtained from the portable and drone-installed sensors. These
band ratios were used for the bio-optical algorithms. The coeﬃcients in
the algorithms were obtained from linear regressions between the band
ratios and pigment concentrations. The coeﬃcient of determination (Rsquared, R2) from the regressions were calculated; R2 values from the
regression between the band ratio and sensor-measured pigment concentration were compared to those from the regression between the
band ratio and experimental pigment concentration. The spatial and
temporal distributions of PC were developed using the band-ratio algorithm with the highest R2 value.

3.2.2. Surface pigment concentrations and Rrs band ratios
Figs. 5 and 6 describe the correlation between pigment concentrations as well as the surface and subsurface band ratio values. Linear
regressions between the experimental PC and two band ratios showed
low R2 values of 0.2340 and 0.2049 for the surface and subsurface band
ratios, respectively. For the YSI-sensor-measured PC, the band ratios
showed relatively higher R2 values of 0.5393 and 0.5038, respectively.
In contrast to the PC shown in Fig. 5, the Chl-a concentrations in Fig. 6
revealed opposite trends. The experimental Chl-a concentration showed
a higher correlation with the band ratios with R2 values of 0.4461 and
0.4070 for the surface and subsurface band ratios, respectively. In
contrast, the YSI-sensor-measured Chl-a was found to have no correlation with the band ratios, yielding R2 values of 0.0350 and 0.0132 for
the surface and subsurface band ratios, respectively.

3. Results
3.1. Pigment concentrations in surface water
The descriptive statistics for pigment data in surface water are
shown in Table 2, including the mean, minimum, maximum, and
standard deviation. Overall, the experimental pigment concentrations
are higher than the YSI-sensor-measured values. The highest concentrations of PC and Chl-a were observed on September 6th and
September 19th, with concentrations of 803.01 and 402 mg/m3, respectively. Fig. 3 shows the temporal variations in the PC and Chl-a
concentrations obtained from the lab experiment and YSI sensors. The
experimental results showed a rapid decrease in PC and Chl-a concentrations between September and October. The YSI-sensor-measured
PC concentration showed a similar trend to the experimental results
between September and October. Correlations between the experimental and YSI-sensor-measured concentrations were very low for both

3.2.3. Cumulative pigment concentrations and Rrs band ratios
Cumulative pigment concentrations at diﬀerent depths were compared to the Rrs band ratio data collected by a portable sensor at different depths (Fig. 7 and Figs. S3–S8). Table 3 shows the correlation
between cumulative PC concentrations and Rrs band ratio. The 0.5-m
cumulative PC concentration showed the highest R2 performances of
0.8509, 0.9448, and 8315 for the surface, subsurface, and 1.0-m subsurface Rrs measurements, respectively. For the 0.5-m subsurface Rrs
data, the highest R2 value of 0.8982 was found at the 1.0-m cumulative
PC concentration. Overall, the subsurface ratio showed the best R2

Table 2
Statistical details of surface water measurement of pigment concentrations.
Sampling

Measurement

Date
18/07/26–27
18/08/16–17
18/09/06
18/09/17
18/09/19
18/10/11
18/10/25

Phycocyanin (mg/m3)
Mean

Experiment
EXO-2
Experiment
EXO-2
Experiment
EXO-2
Experiment
EXO-2
Experiment
EXO-2
Experiment
EXO-2
Experiment
EXO-2

†

22.35 ± 20.04
0.99 ± 0.37
26.21 ± 16.56
1.32 ± 0.48
113.72 ± 228.43
3.18 ± 3.80
13.84 ± 8.09
3.12 ± 1.70
28.16 ± 10.69
5.67 ± 2.70
2.98 ± 1.44
0.63 ± 0.09
2.61 ± 1.89
0.44 ± 0.07

Chlorophyll-a (mg/m3)
Max

Min

Mean

Max

Min

64.30
1.79
64.06
2.54
803.01
12.15
29.68
8.22
48.92
13.07
7.33
0.83
5.54
0.56

2.21
0.47
3.08
0.59
3.03
0.39
0.43
1.59
14.66
2.71
1.68
0.51
0.60
0.36

20.87 ± 10.65
9.60 ± 5.32
16.91 ± 5.76
13.78 ± 9.08
39.13 ± 31.99
14.73 ± 9.43
60.49 ± 30.35
5.06 ± 1.54
101.54 ± 99.06
8.26 ± 2.44
12.31 ± 2.96
8.41 ± 1.59
6.45 ± 2.18
4.27 ± 1.86

48.38
17.87
30.43
32.12
118.89
33.37
130.61
8.82
402.00
12.85
18.86
10.50
9.97
7.24

7.44
1.97
8.42
6.44
7.17
6.36
24.57
3.27
35.77
5.21
7.10
6.04
3.33
2.11
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Fig. 3. Temporal variation in PC and Chl-a concentrations measured via experiment(A, B and C), EXO-2 sensor (E, F and G) and scatter plots between two measurements (D and H). A and E are on the total dataset and B and F are the version with high concentration values removed.

comparison between the surface Rrs band ratio and 0.5-m cumulative
Chl-a concentration. For the 1.0- to 1.5-m cumulative Chl-a concentrations, subsurface Rrs exhibited the highest and lowest R2 values
of 0.0795 and 0.0365, respectively. Deeper cumulative Chl-a concentrations exhibited an R2 of under 0.01.

values among all Rrs measurement depths with cumulative PC concentrations. Fig. 8 and Figs. S6–S8 show comparisons between the
surface to 1.0-m subsurface Rrs band ratio and cumulative Chl-a concentrations; the R2 values are shown in Table 4. Similar to the surfacesensor-measured concentrations (Fig. 6), Chl-a showed very low R2
values in the depth cumulation. The highest value was 0.1122 for the
6
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Fig. 4. Box plots for In-situ Rrs at 620 nm (A), 665 nm (B) and 709 nm (C) through surface to 1.0 m subsurface. Red line is median. Blue box represents range from
25th to 75th percentile. Dashed line is whisker of box and this represents max and minimum values. (For interpretation of the references to color in this ﬁgure legend,
the reader is referred to the Web version of this article.)

Fig. 5. Comparison of experimentally and sensor-measured surface PC concentrations with surface Rrs band ratio (A and C) and subsurface Rrs band ratio (B and D).
Each solid line represents linearly ﬁtted curve.
7
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Fig. 6. Comparison of experimentally and sensor-measured surface Chl-a concentrations to surface Rrs band ratio (A and C) and subsurface Rrs band ratio (B and D).
Each solid line represents linearly ﬁtted curve.

3.3. Relationship between drone-based hyperspectral surface reﬂectance
and pigment concentration

develop a PC distribution map. The linear regression-based empirical
equations for the PC concentrations are as follows:

The raw and smoothed drone-base reﬂectance data at each sampling
station are described in Fig. S2. Before the band-ratio bio-optical algorithm was applied, the drone reﬂectance spectra were compared with
the in-situ Rrs at each monitoring station. The mean R2 between the insitu Rrs and drone reﬂectance was 0.85. Fig. 9 shows a comparison
between the surface pigment concentrations and drone-based surfacereﬂectance band ratio. The R2 value of the YSI-sensor-measured PC
(0.3436) was higher than the experimentally derived measurement
(0.2570). The YSI-sensor-measured Chl-a concentration showed a negative relationship with the band ratio, resulting in an R2 value of
0.0067. For the experimental Chl-a, a relatively high R2 value of 0.3127
was found, whereas the sensor-measured PC showed a linear trend with
reﬂectance. The cumulative concentrations of PC from 0.5 to 4.0 m
were also compared to the drone-based surface-reﬂectance band ratio
as shown in Fig. 10. The R2 values gradually decreased as the cumulation depth increased from 1.5 to 4.0 m.

(710) ⎞
R
PC (mg m−3) = 5.8281 × ⎛ drone
− 2.7126
⎝ Rdrone (620) ⎠

(8)

(710) ⎞
R
PC (mg m−2⋅1.0 m) = 4.882 × ⎛ drone
− 2.8297
(620)
R
drone
⎝
⎠

(9)

⎜

⎟

⎜

⎟

where, the PC concentrations are represented by the volume (m−3) and
1.0-m depth cumulation (m−2 ∙ 1.0 m). Rdrone (710) and Rdrone (620) are
the drone-based surface reﬂectance at 709 and 620 nm, respectively.
Figs. 11, S9, and S10 show the distribution maps of the surface and 1.0m cumulative PC concentrations in section C for September 6th, 17th,
and 19th, respectively. As shown in Fig. 11, the surface PC concentration (A, B, and C) ranged approximately from 1.5 to 11 mg/m3 in all
images, whereas the 1.0-m cumulative PC concentration (D, E, and F)
ranged from 0.5 to 8 mg/m3. The PC distribution map developed using
both surface and 1.0-m cumulative concentration, which were measured using a YSI sensor, showed a similar estimation pattern; however,
the linear regression using surface PC concentration showed a higher
slope than that of cumulative PC by approximately one. The high PC
concentration regions were near the edge of the lake (B, C, E, and F in
Fig. 11). A and D have regions with extremely high PC concentrations
for both the surface and cumulative concentrations. A fence was installed in the region to prevent transport of HABs downstream. The
fence may have caused an accumulation of phytoplankton and other
particles near the surface, thereby resulting in high PC concentrations.

3.4. PC distribution map
A PC distribution map based on the drone surface-reﬂectance data
was developed using a linear-regression-based bio-optical algorithm
with the YSI sensor-measured surface PC concentration and cumulative
PC concentration. The 1.0-m cumulative PC concentration, which has
the highest R2, was selected from eight diﬀerent cumulative results to
8
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Fig. 7. Comparison of subsurface Rrs band ratio to cumulative PC concentrations. From A to F, each represent 0.5, 1.0, 1.5, 2.0, 2.5, and 3.0 m of cumulative depth,
respectively. Each solid line represents linearly ﬁtted curve.

were extracted from inside the algal cell using methanol extraction,
whereas the YSI sensor measured pigments in a nondestructive manner
by using the ability of the pigment to ﬂuoresce. Past studies reported
that in-situ ﬂuorometers under-estimated the concentration of pigment
compared to the experimental concentration measured by a spectrophotometric method (Gregor and Maršálek, 2004; Silva et al., 2016).
Silva et al. (2016) documented the under-estimation factor, which
ranged from 0.27 to 1.03 depending on the pigment extraction solvent.
The Chl-a concentrations of the experiment and YSI were very poorly
correlated below 0.1. Most Chl-a in cyanobacteria is located in photosystem I, i.e., weakly ﬂuorescent. Only 10%–20% of Chl-a is located in
photosystem II and the ﬂuorescence probe excites this region and
measures Chl-a (Beutler et al., 2003; Zamyadi et al., 2012). This is also
one of the reasons that the YSI sensor-measured pigment concentration
is lower than that measured in the experiment. The diﬀerence in the
volume of the water sample of the experiment and EXO-2 sensing may
cause this discrepancy. For example, in this study, water samples of 5 L
and 500 ml were collected for the experimental measurement of the PC
and Chl-a concentrations, respectively, whereas only 0.3 ml was
scanned by the in-situ YSI sensor for measurement. In addition, Algal
scum, which ﬂoats on the water surface, was often observed during
ﬁeld monitoring. Some scums may have been included in the water
sample, resulting in high pigment concentration in the experiment. In
contrast, the EXO-2 sensor measured only a small volume of water and
the variability in the concentration may have been relatively high

Table 3
R-squared values in comparison to cumulative PC concentrations and band
ratios at diﬀerent depths.
Cumulative Depth

0.5 m
1.0 m
1.5 m
2.0 m
2.5 m
3.0 m

Spectral measurement depth
Surface

Subsurface

0.5 m subsurface

1 m subsurface

0.8509
0.8143
0.7908
0.7754
0.7702
0.7623

0.9448
0.9430
0.9311
0.9160
0.8955
0.8723

0.8864
0.8982
0.8901
0.8746
0.8607
0.8451

0.8315
0.8198
0.7993
0.7745
0.7456
0.7135

The highlighted areas in the black circles show the algal accumulation
regions that were recognized as vegetation.
4. Discussion
4.1. Experimentally and YSI-sensor-measured pigment concentrations
There are distinct discrepancies between the experimental and YSIsensor-measured pigment concentrations. The sensor-measured pigment concentration is substantially lower than the experimental pigment concentration. One reason for the discrepancy is the diﬀerence in
measuring the pigments. In the laboratory experiment, the pigments
9
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Fig. 8. Comparison of subsurface Rrs band ratio to cumulative Chl-a concentrations. From A to F, each represent 0.5, 1.0, 1.5, 2.0, 2.5, and 3.0 m of cumulative
depth, respectively. Each solid line represents linearly ﬁtted curve.

contents of each cell, Chl-a concentration, and turbidity (Chang et al.,
2012; Zamyadi et al., 2012). In Kong et al. (2014), a change in the
taxonomical populations of cyanobacteria in the microalgal communities had a negative eﬀect on the accuracy of the bio-optical algorithm.

Table 4
R-squared values in comparison to cumulative Chl-a concentrations and band
ratios at diﬀerent depths.
Cumulative Depth

0.5 m
1.0 m
1.5 m
2.0 m
2.5 m
3.0 m

Spectral measurement depth
Surface

Subsurface

0.5 m subsurface

1 m subsurface

0.1122
0.0602
0.0246
0.0112
0.0058
0.0020

0.1110
0.0795
0.0365
0.0172
0.0080
0.0026

0.0481
0.0672
0.0361
0.0187
0.0094
0.0045

0.0528
0.0629
0.0344
0.0190
0.0104
0.0055

4.2. In-situ Rrs and drone-based surface reﬂectance for pigment remote
sensing
A bio-optical algorithm using the in-situ Rrs data collected from the
portable sensor showed a diﬀerent estimation performance according to
the pigment and measuring technique. In the case of PC estimation
using sensor-measured concentration, it showed a strong correlation
between the band ratio and pigment concentrations, whereas the Chl-a
estimation showed a poor correlation. However, this is in contrast to
the comparison of the experimental pigment concentrations and biooptical algorithm. The PC concentration obtained experimentally
showed a relatively low estimation performance compared to that of
the sensor-measured PC concentration. In contrast, the experimental
Chl-a concentration had a higher R2 performance than that of the
sensor-measured Chl-a. Duan et al. (2012) divided the PC concentration
into two groups, less than and greater than 2 mg/m3. This resulted in a
higher R2 value (0.7) for high PC concentration than that for the low PC
concentration (0.62). In addition, they reported a very poor performance (R2 of 0.18) for the band ratio of an undivided PC concentration
group. This implies that the bio-optical algorithm needs to consider

during measurement in the inhomogeneous water column.
With regards to the statistical analysis, previous studies have
showed R2 values greater than 0.6 in the linear regression between the
YSI-sensor-measured PC and algal biomass during laboratory experiments (Bastien et al., 2011; Choo et al., 2018; Hodges et al., 2018).
However, the ﬁeld application study of the sensor showed a relatively
low relationship between the total cyanobacterial biomass and the
sensor-measured PC concentrations with an R2 value of 0.3 (Hodges
et al., 2018). Bowling et al. (2016) reported R2 values ranging from
0.24 to 0.54 between experimentally and sensor-measured Chl-a. There
are various potential causes of the disturbance of accurate measurement
by the YSI EXO-2 sensor: colony size of the cyanobacteria, phycocyanin
10

Remote Sensing of Environment 236 (2020) 111517

Y.S. Kwon, et al.

Fig. 9. Comparison of drone-reﬂectance band ratio to experimentally and sensor-measured surface PC (A, C) and Chl-a (B, D) concentrations. Each solid line
represents linearly ﬁtted curve.

radiation to detect suspended sediment in surface water. The result
from this study showed a diﬀerent correlation coeﬃcient to that of the
Landsat data according to the sun radiation angle. Unlike surface reﬂectance, the geometry between the sun and spectrophotometer is
highly important in measuring in-situ Rrs. Mobley (1999) examined the
inﬂuences of wind speed, sun angle, and viewing angle on Rrs measurement. For a near-40° viewing angle for the sensor, the sun angle
showed a minimal eﬀect on Rrs measurement. A sun zenith angle between 30° and 80° also had little eﬀect on the measurement.

various water quality conditions.
Subsurface and 0.5-m subsurface Rrs band ratios exhibited better R2
performances than that of the surface Rrs in the cumulative PC estimation. Previous works calculated the subsurface reﬂectance from the
above-surface reﬂectance (Gons, 1999; Randolph et al., 2008; Rijkeboer
et al., 1997; Simis et al., 2005). These early works showed reasonable
R2 performances of between 0.7 and 0.9. Li et al. (2015) showed that
surface and subsurface reﬂectance could be measured using separate
above-surface submerged spectral sensors; the PC estimation performance had an approximate R2 of 0.7.
In this study, the band ratio obtained from drone-based surface reﬂectance was directly introduced in the Rrs band-ratio algorithm. Both
surface and cumulative pigment estimation using the drone-reﬂectance
band ratio showed relatively low R2 performances. This low performance resulted from a discrepancy between the surface reﬂectance of
the drone and the Rrs of in-situ monitoring. The surface reﬂectance is
more dependent on incident light, sky condition, and wind speed than
remote sensing reﬂectance; however, the spectral trend and features of
the surface reﬂectance are similar to those of remote-sensing reﬂectance. This means that the ratio of the surface reﬂectance in estimating the pigment concentration could compensate for the magnitude
diﬀerence of the surface reﬂectance spectra. From the early days to
recent remote sensing studies, the surface-reﬂectance ratio has been
utilized to estimate algal biomass (Gokul and Shanmugam, 2016;
Gordon et al., 1983; Morel and Prieur, 1977). Previous research has
reported that surface reﬂectance varied according to the sun angle
(Gordon, 1989; Morel and Gentili, 1991; Morel and Maritorena, 2001;
Oxford, 1976). Oxford (1976) measured the incident and reﬂected solar

4.3. Surface pigment and depth-cumulative pigment concentrations
Previous studies have emphasized the necessity of monitoring the
vertical distribution of cyanobacteria because of the rapid vertical migration of cyanobacteria and its eﬀect on surface pigment detection
(Binding et al., 2010; Hunter et al., 2008). Hunter et al. (2008) documented that the diel vertical migration of cyanobacteria can be detected
through sequential airborne remote sensing of pigment concentration.
However, the vertical monitoring data was not used to estimate pigment concentration. Binding et al. (2010) concluded that the vertical
distribution of algae is required in algorithm development and validation, using vertical in-situ sampling. In addition, a recent study on algal
vertical distribution demonstrated that remote sensing of the vertical
distribution of algae using satellites is an unresolved challenge
(Soontiens et al., 2019). This study continuously monitored the vertical
proﬁle of algal pigments in a deep lake using a YSI sensor. The vertical
structure of PC was considered by using the vertical cumulative PC
concentration.
11
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Fig. 10. Comparison of drone-reﬂectance band ratio and cumulative PC concentrations. From A to H, each represent 0.5, 1.0, 1.5, 2.0, 2.5, 3.0, 3.5, and 4.0 m of
cumulative depth, respectively. Each solid line represents linearly ﬁtted curve.

PC concentrations showed R2 values of greater than 0.8. The highest R2
value was obtained from each regression between the in-situ Rrs band
ratio at all depths and the 0.5-m cumulative PC concentration, except
for the case of the 0.5-m subsurface measurement which had the
highest R2 value from the regression between the 0.5-m subsurface Rrs
band ratio and the 1.0-m cumulative pigment concentration. However,
regressions between the cumulative Chl-a concentrations and the band
ratios from both in-situ Rrs and drone-based reﬂectance had very low

Several depth-cumulative pigment concentrations were regressed
using in-situ and drone-reﬂectance band ratios. Compared to surface PC
concentrations, the cumulative PC concentration showed a signiﬁcantly
high linear correlation with band ratios in both in-situ Rrs and dronebased reﬂectance measurements. The regression between the in-situ
subsurface Rrs band ratio and 0.5-m cumulative PC concentration had a
relatively high R2 value of greater than 0.9 (Table 3). Other regressions
between the in-situ Rrs measurements and 0.5-m and 1.0-m cumulative
12
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Fig. 11. PC distribution map of section C on September 6th. A, B, and C are from the linear regression results using experimental surface PC. D, E, and F are linear
regression results using YSI-sensor-measured 1.0-m cumulative PC.

R2 values of less than 0.12.
Overall, the bio-optical algorithms using drone-based surface-irradiance reﬂectance performed slightly worse than those using in-situ
Rrs. For the eﬀective depth of cumulation, the drone-based reﬂectance
band ratio was well-matched with the 1.0-m cumulative PC concentration in the bio-optical algorithm. This combination performed the
best with the highest R2 value; a combination of the band ratio and 1.5m cumulative PC concentration performed slightly worse than the best
combination. These results imply that the cumulation of pigment concentration in the depth direction can improve the performance of a biooptical algorithm in remotely estimating pigment concentrations in
inland waters.
Based on the map-based spatial and temporal distributions of PC
concentration (Figs. 10, S7, and S8), the two bio-optical algorithms had

diﬀerent concentration scales but similar distribution patterns for the
sensor-measured surface and cumulative PC concentrations. Similar
patterns in the spatial distribution and the relatively low concentration
for vertical cumulative concentration can be explained by the vertical
distribution of PC (Fig. S11). The highest PC concentration may be
mainly near the surface (less than 1.0 m), and its concentration may
gradually decrease as the depth increases. This implies that the PC
distribution map developed using cumulative concentration followed
the one using surface PC concentration. In the case of the 1.0-m cumulative PC, the concentration gradient was larger than that of the
surface concentration, which signiﬁes that the spatial occurrence of
cyanobacteria can be readily detected. This study could be a novel
application of hyperspectral sensing and the YSI device because synoptic and rapid monitoring are required to precisely detect harmful
13
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cyanobacterial bloom. Song et al. (2013) concluded that in-situ monitoring using portable devices should be integrated with a remote sensing technique for a detailed interpretation of spatiotemporal cyanobacteria distribution.
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5. Conclusions
The main purposes of this study were to apply subsurface Rrs
measurements and vertical cumulative pigments to bio-optical algorithms for the remote sensing of algal pigments, and to develop a PC
distribution map using drone-based hyperspectral imagery. The major
ﬁndings are as follows:
(1) Both the experimental Chl-a and PC concentrations were higher
than those measured by the sensor. Uncertainties in measurement
conditions such as colony size, pigment content of each cell, turbidity, and taxonomical structure of the algal community may have
caused this discrepancy.
(2) The application of vertical cumulative PC concentration contributed to improvement in the overall performance of the bio-optical algorithm compared to the application of surface PC concentrations (experimental and sensor-measured). Unlike the PC
concentration, the experimental Chl-a concentration showed a relatively weak correlation with the bio-optical algorithm, and there
was no correlation between the sensor-measured PC concentration
and the algorithms.
(3) The drone-based surface reﬂectance had an R2 of 0.85 for in-situ
Rrs, and its band ratio showed a slightly weak correlation with the
cumulative pigment concentrations compared to the correlation
between the in-situ surface Rrs band ratio and the cumulative
pigment concentrations. The vertical cumulative concentration
improved the bio-optical algorithm performance; the developed PC
distribution map accurately describes the spatial and temporal
distributions of the cumulative PC concentration.
This study was able to demonstrate that the vertical cumulation
concentration can improve the performance of bio-optical algorithms in
remote sensing of cyanobacterial blooms in a lake. An option for future
studies to improve the remote-sensing algorithm is the identiﬁcation of
the relationship between cumulation depth and light attenuation to
estimate the vertical proﬁle of the water-quality parameter.
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