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A B S T R A C T

Remote sensing is useful for detecting and quantifying cyanobacteria blooms for managing water systems. In
particular, airborne hyperspectral remote sensing has an advantage in precise cyanobacteria detection with high
spatial and spectral resolution. Many bio-optical algorithms have been developed and utilized to estimate algal
concentration. However, achieving the optimal conventional optical model accuracy is still challenging in
freshwater owing to the biophysical complexity of the inland water and the seasonal reflection of site-specific
optical properties. Thus, this study applied convolutional neural network (CNN) with various input windows to
estimate the concentrations of phycocyanin (PC) and chlorophyll-a (Chl-a), and generated a phytoplankton
pigment map. We proposed that the Point-centered regression CNN (PRCNN) showed accurate PC and Chl-a
simulations, with R2 > 0.86 and 0.73, respectively, and root mean square errors of< 10mg·m−3, which were
smaller than the conventional optical algorithm in our study area. In addition, the generated PC and Chl-a map
from PRCNN closely followed the spatial distribution of the pigment and showed reasonable concentration
levels. Through testing we found that a small input size and deep spectral bands contributed to the CNN model to
achieve strong capacity to reflect the dynamic spatial feature of phytoplankton pigments. Therefore, this study
demonstrated that CNN regression has the potential to detect and quantify cyanobacteria with high accuracy and
can be an alternative to bio-optical algorithms.

1. Introduction

Frequent and extensive cyanobacterial blooms are a major concern
regarding global inland water (Clark et al., 2017; Codd et al., 2005;
Kutser, 2009). The World Health Organization (WHO) reported sig-
nificant toxic cyanobacterial blooms, which contribute to the dete-
rioration of water quality and public health (Chorus and Bartram,
1999). Water quality observation with a remote sensor is effective for
monitoring cyanobacterial blooms in water resources (Glasgow et al.,
2004). Multispectral and hyperspectral remote sensing exhibit potential
in accounting for the concentration and distribution of cyanobacterial
blooms (Simis et al., 2007). Particularly, airborne remote sensing is
suitable for detailed detection of cyanobacteria blooms with high

spatial resolution. The fine spatial resolution is effective for retrieving
valuable information from shallow bodies of water, such as rivers (Lee
et al., 2001). Furthermore, the hyperspectral image sensor contributes
to the identification of optical features in the phytoplankton in the in-
land water.

Many empirical or semi-analytical algorithms have been developed
to quantify the concentrations of cyanobacteria pigments, including
chlorophyll-a (Chl-a) and phycocyanin (PC) (Duan et al., 2012; Ho
et al., 2017; Li et al., 2015; Lunetta et al., 2015; Qi et al., 2014;
Randolph et al., 2008; Simis et al., 2007). Note that Chl-a is typical
pigment for phytoplankton biomass, while PC is a typical indicator for
the presence of cyanobacteria in freshwater. These algorithms have
provided reasonable cyanobacteria interpretation. However, the
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conventional optical algorithms are dependent on the optical com-
plexity of turbid water, in which the concentration and inherent optical
properties of phytoplankton, suspended matter, and colored dissolved
organic matter have large variation (Le et al., 2009; Odermatt et al.,
2012). In addition, the biophysical complexity of inland water results in
the uncertainty of the empirical algorithm owing to the variety of
pigments, species composition, and effects of atmospheric interference
to the light regime (Allali et al., 1997; Kimes et al., 2000).

Deep-learning techniques have shown reliable simulation perfor-
mance for dealing with multidimensional images, including multi-
spectral and hyperspectral imagery (Huang et al., 2018; Zhang et al.,
2018; Zhao and Du, 2016). In particular, convolutional neural networks
(CNNs) have been found to be demonstrably accurate in processing and
classifying these images (Kellenberger et al., 2018; Krizhevsky et al.,
2012; Zhao et al., 2017). The CNN model utilizes the kernel matrices of
convolutional layers to capture the rich features of the input data (Li
et al., 2016; Wu et al., 2014). This leads to the substantial consideration
of both the spatial and spectral information of the multi-dimensional
image (Li et al., 2017). Many studies proved this superior feature
learning of CNN with hyperspectral imagery for land classification (Lee
and Kwon, 2017; Mei et al., 2017; Zhang et al., 2018). In applying CNN
to the analysis of harmful cyanobacteria, Kumar and Bhandarkar (2017)
designed a model to detect harmful cyanobacteria blooms auto-
matically, through the recognition of smartphone image textures.

Based on this, it is suggested that a CNN may provide a more ef-
fective way to estimate water quality variables, such as phytoplankton
pigments in inland waters. However, previous studies, using CNN with
satellite or hyperspectral images have mainly focused on classification
(Hu et al., 2015; Pan et al., 2018; Yu et al., 2017; Zhao and Du, 2016). A
comprehensive CNN study to estimate cyanobacteria from hyperspec-
tral images has not been implemented, even though many studies in
many different fields have used CNN to resolve regression problems
involving multidimensional image data (Narihira et al., 2015; Walach
and Wolf, 2015). In addition, the advantages of CNN, including higher-
level feature representation and image comprehension, are appropriate
to the regression problem with hyperspectral images. Regression using
CNN requires a patch-wise approach for input composition due to its
computational efficiency (Chen et al., 2016). The input patch size in-
fluences the feature representation of CNN because multidimensional
image pixels contain spatial and spectral features with high complexity
and heterogeneity (Zhang et al., 2018). That is, in CNN, applying the
appropriate patch size results in high-level feature extraction, even-
tually revealing the full scene of cyanobacteria distribution. However,
the influence of input patch size on CNN regression performance has
not been studied.

To address CNN regression for cyanobacteria estimation, this study
aimed to 1) develop a CNN model applicable to hyperspectral imagery,
2) estimate the concentrations of phycocyanin (PC) and chlorophyll-a
(Chl-a), 3) compare the performance of the CNN with that of conven-
tional optical models, and 4) generate an algal pigment map that is
evaluated with respect to various input dimensionalities.

2. Materials and methods

2.1. Study area

Baekje weir is located in Geum River, in the midwestern part of
Korea (36° 31′ 87.75″N 126° 93′ 90.52″E) (Fig. 1). The weir region has a
stream length of 23 km and a basin area of 7976 km2. The manageable
capacity of water storage is 24.2 million·m−3. The weir has four types
of gates (fixed weir, moveable weir, small hydro power gate, and fish
way). The main functions of the weir are to prevent flood damage and
provide water to domestic, industrial, and agricultural areas.

The cyanobacteria bloom of the Baekje weir has been a critical issue
since the construction of the weir in 2008. The increase in nutrient load
has caused eutrophication, resulting in cyanobacteria blooms in the

weir (Ministry of Environment, 2015). Additionally, there was a mas-
sive cyanobacteria bloom in 2014, mainly owing to the decrease in
rainfall and the increases in the temperature, solar intensity, and water
retention time (Yoon et al., 2015). The degree of eutrophication in the
Baekje weir was above the standard eutrophication index throughout
the seasons from Jan 2012 to Aug 2014 (Lee et al., 2014).

2.2. Field data collection

Field experiments were conducted 4 times in 2016 and 5 times in
2017 (Table 1). Simultaneously, the hyperspectral imagery sensor of
the aircraft scanned the weir with 2-m spatial resolution, while ex-
perimental analysis was implemented for the collected samples.

2.2.1. In situ data acquisition
In this study, water surface reflectance data and water samples from

the weir were collected. A FieldSpec HandHeld 2 Spectroradiometer
(ASD Inc., US) measured downwelling irradiance (Ed), downwelling
radiance from the sky (Lsky), and upwelling radiance from the water
surface (Lw), with a wavelength range from 325 nm to 1075 nm. The
remote sensing reflectance was defined as Rrs= (Lw− 0.025Lsky) / Ed.
We followed the specific position, including the azimuth and zenith
angles, of the reflectance measurement introduced by Mobley (1999).
For each sampling point, a sample of two liters of water was collected
for laboratory analysis. Chl-a was measured via the solvent-extraction
method using acetone and methanol owing to its fat-soluble property
(APHA, 2001). PC was extracted by physical force using the freezing
and thawing method because of its water-soluble property (Bennett and
Bogorad, 1973).

2.2.2. Hyperspectral image acquisition
ASIA Aero Survey Co., Ltd. implemented airborne sensing simulta-

neously with in-situ monitoring. The aircraft captured the Baekje weir 4
times in 2017 and 5 times in 2018 with the hyperspectral sensor, AISA
Eagle (SPECIM Inc., Finland). The hyperspectral image sensor has a
spectral range from 400 nm to 970 nm and a 4–5 nm spectral resolution.
The geometric correction was completed to adjust the topography of the
images, and MODTRAN 6 was utilized to generate the atmospheric
correction parameters to ultimately calculate the surface reflectance of
the hyperspectral images. Detailed information regarding the
MODTRAN 6 simulation was presented by Pyo et al. (2018). The
threshold value method segmented the water portion from the entire
class of the images, using a single band in the near infrared (Xu, 2006;
Feyisa et al., 2014).

2.3. Convolutional neural networks

In this study, a CNN was utilized for extracting hyperspectral image
features to estimate the PC and Chl-a concentrations. The CNN is a deep
neural network using forward and backward propagation, thereby
processing multidimensional image data with convolutional layers,
pooling layers, and activation functions (LeCun et al., 2015). The
convolutional layers induce the input internal features by performing
dot-product multiplication of the input vector and learnable weights
and biases. Then, the activation function is applied, which involves
element-wise nonlinearity multiplication. The pooling layers are used
to extract distinctive features of the input by downsampling operators
along the spatial dimension. The learning process minimizes the loss
function, in which the backpropagation algorithm calculates the deri-
vative of the loss in the network. In this study, the Tensorflow library
was used to implement the CNN simulation (Abadi et al., 2016).
AlexNet (Krizhevsky et al., 2012) was employed as the CNN archi-
tecture for estimating the water-quality parameters, including the PC
and Chl-a concentrations.

The CNN structure is presented in Table 2. We constructed two
convolutional layers for the cyanobacteria pigment estimation. Each
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convolutional layer is followed by batch normalization, a max-pooling
layer, and a dropout layer. The input images are fed into convolutional
layers with filter size FW×FH and kernel size N, where FW and FH are
the filter width and height, respectively, and N is the filter depth. After

the first convolutional layer with input image (IW× IH) is applied, the
output image size changes to + − −(IW 2P FW) 1

S
× + − −(IW 2P FW) 1

S
×N,

where IW and IH are the input width and height, respectively, and S
and P represent the stride and padding, respectively. The batch nor-
malization is implemented for regularization (Luo et al., 2018). After
batch normalization, the max-pooling layer is used to extract high-level
features (Kalchbrenner et al., 2014). The dropout layer is then applied
to avoid the overfitting which causes the deep learning network to fail
in predicting additional or future data. The output of the first con-
volutional layer is fed to the second convolutional layer with a smaller
input size and deeper kernel size to achieve higher-level feature ex-
traction. When all the convolutional layers are operating, the outputs
are fed to the fully connected layers. For the cyanobacteria pigment
simulation, we divided two fully connected layers with respect to the
PC and Chl-a simulation. After the final fully connected layer is applied,
the output of each fully connected layer is 1× 1. Then, each output is
fed to an optimizer, which minimizes the difference between the esti-
mated cyanobacteria pigments and the observations through the sum-
mation of the loss function.

Fig. 1. Study area: Baekje weir with sampling point of each monitoring period. Red box indicates the location of the weir. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)

Table 1
Temporal variation of PC and Chl-a.

PC (mgm−3) Chl-a (mgm−3) Point

Min Max Mean Min Max Mean

08.12.2016a 10.55 150.90 41.32± 40.99 28.66 111.40 51.61± 24.55 10
08.24.2016a 20.88 100.00 45.97± 22.03 25.96 61.44 37.45± 8.80 15
09.20.2016a 0.83 1.64 1.24± 0.28 11.85 60.88 25.99± 11.51 16
10.14.2016a 0.19 0.88 0.34± 0.18 13.74 46.17 28.34± 9.62 19
2016 0.19 150.90 19.33± 28.38 11.85 111.40 33.02± 15.29 60
09.15.2017a 7.41 9.66 8.34± 0.66 30.24 61.52 47.28± 8.54 12
09.22.2017a 7.64 21.69 12.63±3.96 14.09 27.89 17.57± 3.80 12
10.25.2017a 2.64 4.56 3.56± 0.69 10.56 20.92 13.18± 2.99 11
10.28.2017a 1.18 14.77 3.82± 4.24 8.45 16.73 10.76± 2.40 12
11.11.2017a 0.23 0.71 0.34± 0.14 12.76 38.43 22.58± 6.75 12
2017 0.23 21.69 5.83± 5.03 8.45 61.52 22.23± 12.28 59

a Airborne monitoring was implemented corresponding to monitoring date.

Table 2
Structure of PRCNN.

Layer name Function Filter size Output tensora

Convolutional layer 1 Convolutional/CRelu 2× 2 7×7×32
Batch normalization 1 Batch normalization 7× 7×32
Convolutional layer 2 Convolutional/CRelu 2× 2 6×6×64
Batch normalization 2 Batch normalization 6× 6×64
Pooling layer 2 Max pooling 2× 2 3×3×64
Dropout 2 Dropout 3× 3×64
Fully connected layer 1 Fully connected layer/

CRelu
1× 64

Fully connected layer 2 Fully connected layer/
CRelu

1× 32

a Output size was calculated based on input window size of 8×8.
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The forward computation of the CNN structure is

= ++ +
−

+x f (k x b )i 1
l

a i,i 1
l

i
l 1

i 1
l (1)

where xi+1
l represents output feature map i+ 1 in the lth layer, ki, i+1

l

represents the kernel connecting feature map i in the l-1th layer to
output feature map i+ 1 in the lth layer, bi is the bias matrix linked to
output feature map i+ 1 in the lth layer, and fa is the activation func-
tion, which is assigned as a concatenated rectified linear unit (CReLU).
The CReLu was adopted because it enforces the non-saturated and
nonlinear features of the positive and negative phase information of the
CNN output (Shang et al., 2016). That is, the kernel of the CNN network
improves the feature representation of the input data.

The output layer is fed into a cost function, which gives the mean
square error (MSE):

=
∑ −

=y
(x o )

n
i 1
n

i
l

i
l 2

(2)

where n is the number of training data, including the surface re-
flectance (sr−1) and cyanobacteria pigment (mg·m−3), and oil re-
presents the observation data.

The output vector indicates the surface reflectance or concentration
of PC and Chl-a.

The backpropagation stage uses the gradient-descent method for the
training parameter, minimizing the cost function. The derivative of the
cost function is

=
∂

∂ ++
−

+

φ
y

(k x b )i
l

i,i 1
l

i
l 1

i 1
l (3)

where ki, i+1
l represents the kernel connecting feature map i in layer l-1

to output feature map i+ 1 in layer l, and bi is the bias matrix of the lth

layer.

2.3.1. Batch normalization
During the training of the deep neural network, the data distribution

of each layer must be constantly changed for preventing early satura-
tion of the nonlinear activation function in the whole network.
Accordingly, we utilized batch normalization in the CNN structure for
reducing the internal covariate shift, thereby avoiding the vanishing-
gradient problem and accelerating the training of the CNN network
(Chang and Chen, 2015; Ioffe and Szegedy, 2015). Furthermore, the
batch normalization reduces the scale gradients of the input values and
network parameters; thus, a relatively high learning rate is applied to
the CNN without divergence risk (Ioffe and Szegedy, 2015). This has a
beneficial impact on the regularization of the CNN model and the re-
duction of the dropout utilization (DeVries and Taylor, 2017). In the
normalization step, the mean and variance of the input are determined.
Specifically, for a k-dimensional input batch x= {x1…xk}, the batch
normalization is calculated using the following equation:

=
−Norm(x ) x E(x )
Var( x )

i
i i

i (4)

where Norm(xi) is the batch normalization of the training dataset, E(xi)
is the batch mean, and Var(xi) is the batch variance. The output of the
layer is then obtained by scaling and shifting the normalized input:

= +y γNorm(x ) βi i (5)

where γ and β are scaling and shifting factors, respectively. These
parameters are learned in the training. Subsequently, the previously
calculated batch statistics and parameters are applied in the validation
step.

2.3.2. Max-pooling and dropout
After the convolutional feature extraction, the pooling layer is

adopted for reducing the spatial size of the feature representation
(Kalchbrenner et al., 2014). This reduces the number of parameters and

the computational load. The pooling layer is independently applied to
each feature map. In this study, max pooling was employed in the
pooling layer owing to its advantage for superior feature extraction.
The max-pooling layer takes the maximum values from a fixed region of
the convolutional layer without multiple filter depths. Then, the output
is downsampled, and the distinct feature is extracted. This fast con-
vergence and highlight feature generalization in the max-pooling layer
are determined by the following equation:

=f (x ) max(x )m
l

i
l (6)

where fm(xl) represents the max-pooling results of the lth CNN layer.
In this study, dropout was used for effective regularization and to

avoid overfitting of the deep neural network. The dropout layer ran-
domly ignores the output nodes of the prior layer. During the training
step, the dropping nodes are temporarily removed in the forward net-
work, and weight and bias are not updated in the backward network
(Srivastava et al., 2014). This means that the network becomes less
sensitive to the peculiar weight and bias, resulting in generalization of
the deep-learning model and less overfitting of the training dataset.

The input uploading and the running speed of the deep-learning
model were dependent on the system specification. An NVIDIA GeForce
GTX 1080 Ti GPU (11 GB of RAM) and an Intel Xeon E5-1620 v3 3.5-
GHz CPU (108 GB of RAM) were used to perform the CNNs. The CPU
RAM supported a sufficient capacity of uploaded high-dimensional
input images in the TensorFlow interface, and the GPU RAM ac-
celerated the training of the CNNs.

2.3.3. Input composition
In this study, the CNN input was constructed considering atmo-

spheric and radiational effects for cyanobacteria estimation. The CNN
input image was composed of atmospheric correction parameters (i.e.,
total flux, diffuse transmittance, direct transmittance, spherical albedo,
path radiance) and raw data of the hyperspectral image (i.e., digital
number). The input image of each parameter covered a total of 86
bands (from 400 to 800 nm) for reflecting the site- and season-specific
diversity of the cyanobacteria bloom. Six input parameters for each of
the 86 bands were stacked in order to make the CNN consider the
spectral features of all the parameters, including atmospheric (i.e., total
flux, diffuse transmittance, direct transmittance, spherical albedo, path
radiance) and optical (i.e., digital number) information. The input
windows, including the monitoring point, were then segmented from
the stacked input image. The total input size was
119× IW× IH×516, where 119 is the total number of sampling
points; IW and IH represent the width and height of the input image,
respectively; and 516 represents the total spectral depth, which com-
prises five atmospheric correction parameters and one set of raw data.

2.3.4. Point-centered regression CNN (PRCNN)
In this study, the stacked input images were used to implement a

point-centered regression CNN (PRCNN) for PC and Chl-a estimation
(Fig. 2). Input windows with various sizes were tiled from the hyper-
spectral image, and then the cropped windows were used to train the
PRCNN model. The center of the input window was set as the field
observation point in an attempt to predict the PC and Chl-a con-
centrations. The size of the windows varied among 8× 8, 64×64, and
128× 128. The input-window size in the convolutional process char-
acterizes the nonlinear feature of the pigment distribution and the
linear feature of the concentration. During the convolutional process,
the internal filter extracts spatial and spectral features of the input
windows by moving around the windows. This makes the PRCNN
model consider the pixels surrounding the centered point of the input
window. Subsequently, the fully connected layers regress the PC and
Chl-a concentrations. To accomplish feature extraction and regression,
the structure of the PRCNN model consisted of two convolutional layers
associated with batch-normalization layers, a max-pooling layer, and
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dropout. The sequential fully connected layers were composed of two
sections for estimating the PC and Chl-a. For the PRCNN model simu-
lation, the training and validation datasets were randomly assigned
70% and 30% of the total data, i.e., 83 and 36 points, respectively, of
the 119 total input points. After finishing the model training with
training data, the validation data was then applied to test the trained
model. The training of the PRCNN model was implemented with a
dropout rate of 0.5, 150 epochs, and a batch size of 16, resulting in 7
iterations per epoch. For 150 epochs, the training time of PRCNN took
140.48 s.

2.4. Performance evaluation

The accuracy of the predicted PC and Chl-a concentration was
evaluated with the coefficient of determination (R2) and root mean
square error (RMSE). The RMSE value was calculated as follows:

=
∑ −X X

N
RMSE

( )p o
2

(7)

where Xp is the estimated PC or Chl-a concentration (mg·m−3), Xo is the
observed PC or Chl-a concentration (mg·m−3), and N is the total
number of samples.

3. Results and discussion

3.1. Field data analysis

Table 1 shows the variation of PC and Chl-a concentration with
respect to sampling periods. On August 12 and 24, 2016, the PC and
Chl-a concentrations were observed as> 100mg·m−3. The alert system
for cyanobacteria blooms in Korea has categorized this level of con-
centration as “Outbreak level,”, which occurs when the cyanobacteria
cell density is over 500 cells·mL−1 and Chl-a is over 100mg·m−3 (Ahn
and Oh, 2007). However, the alert system of the cyanobacteria bloom
using its cell number has been considered inaccurate, time-consuming,
and not economical since the microscopic enumeration of the colonial
cyanobacteria cells involves significant error (Bartram et al., 1999;
Lawton et al., 1999). In addition, the relationship between Chl-a and
cyanobacteria cells did not show a linear relation. Thus, Ahn et al.
(2007) suggested a new alert criterion using PC and Chl-a concentra-
tion, based on the linear relationship of the pigments. This study also
revealed a positive relationship between PC and Chl-a (p-value <
0.05) (Fig. 3). The PC outbreak level was over 700mg·m−3 and was
100mg·m−3 for Chl-a. Based on this criterion, the “Warning level” for
cyanobacteria bloom was observed on August 12 and 24, 2016. The
other periods were not included in the alert criteria for cyanobacteria
blooms, because such a PC concentration rarely existed. Because of the
low temperature in autumn, cyanobacteria were suppressed, while the
algae species—including diatom and green algae—formed the bloom
(Jeong et al., 2001).

This study selected representative in-situ remote sensing reflectance
spectra to analyze the variation in the optical properties in terms of the
pigment constituents. The spectra of the in-situ reflectance varied with
respect to PC and Chl-a concentrations (Fig. 4). High PC and Chl-a
concentrations resulted in a deeper reflectance curvature near 615–620
and 660–670 nm owing to the high light absorption of PC and Chl-a.
Many studies revealed a similar tendency with regard to the deep ab-
sorption peak when the high pigment concertation was observed in the
reflectance spectra (Barille et al., 2007; Kühl and Fenchel, 2000; Galvao
et al., 2010; Gitelson, 1992; Jensen, 2000; Song et al., 2012; Simis et al.,
2007). In addition, the notable peak near 700 nm moved toward longer
wavelengths and the height of the peak increased when the pigment
concentration increased. This is because the magnitude and the position
of this maximum peak near 700 nm was strongly related to the Chl-a
concentration (Schalles et al., 1998; Song et al., 2012; Yacobi et al.,

Fig. 2. Convolutional neural network architecture, input layer composed by atmospheric correction parameters and digital number, two convolutional layers, and
two fully connected layers for phytoplankton pigment estimation.

Fig. 3. Correlation between observed PC and Chl-a concentration. (For inter-
pretation of the references to color in this figure, the reader is referred to the
online version of this chapter.)
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1995). Furthermore, the PC trough near 620 nm shifted toward longer
wavelengths because the absorption of PC was substantially influenced
by the absorption of Chl-a (Simis et al., 2007).

Thus, the seasonal and optical variations of the cyanobacteria pig-
ment were significant in interpreting biophysical phenomena in fresh-
water, because the optical position and intensity of the PC and Chl-a
varied according to the pigment concentration level. This factor could
result in uncertainty in the conventional optical algorithms, which
utilize the wavelength limits for algal pigment estimation.

3.2. Cyanobacterial biomass simulation with PRCNN

3.2.1. Implication of input composition
This study composed PRCNN input related to atmosphere and light.

Specifically, MODTRAN 6 software produced total solar flux, direct
transmittance, diffuse transmittance, path radiance, and spherical al-
bedo which were used as input data associated with the atmosphere
(Pyo et al., 2018). Here, the radiative transfer equation calculated the
atmospheric correction parameters (Berk et al., 2014), and the digital
numbers of the hyperspectral image were used as the main input data,
representing the sunlight-related dataset. This is because both classifi-
cation and regression use remote sensing incorporated with a light in-
tensity (e.g., reflectance) and atmosphere (e.g., atmospheric inter-
ference) (Zhong et al., 2019; Zhu et al., 2017). Each input had 86
spectral bands from 400 nm to 800 nm. The total spectral bands sug-
gested that the CNN model could embody the temporal and optical
variation of cyanobacteria pigments and atmospheric radiative prop-
erties during the training process. In addition, the convolutional process
could reflect the spatial feature of the pigment surrounding the mon-
itoring pixel. This might take into account the monitoring uncertainty
that resulted from the constantly moving boat due to the water flow
during the in-situ measurement. In addition, the filter depths can take
into account the spectral information of each input parameter by
summing the input depth features (Table 2). That is, the convolutional
process hierarchically represents the diverse spatial and spectral feature
of the center pixel by reflecting the surrounding pixels (Zhang et al.,
2018). If the input window size varied, the feature extraction by the
CNN could be changed, meaning that the spatial and spectral context
extracted by input window enlarged or contracted. That was the reason
that this study varied the size of the input window. We could expect
that the spatial feature extraction of the cyanobacteria pigment would
be different depending on the input size variation.

3.2.2. Influence of various input window sizes
Fig. 5 presents the PC and Chl-a maps from the PRCNN with dif-

ferent input window sizes. This study tried to identify the effect of input
size on the regression performance of the CNN network. We selected the
region near the weir in which the spatial feature of the bloom was
distinct, seen in the RGB image in Fig. 5. The PRCNN with an input size
of 128× 128 showed mostly rough spatial features for PC and Chl-a

(Fig. 5a–b). Compared to the RGB image, an input size of 128×128
was not able to facilitate the determination of the spatial context of the
pigment by the PRCNN model. The estimated concentration of PC and
Chl-a showed underestimation and inconsistency. With an input size of
64× 64, the PRCNN model tried to mimic the spatial distribution of
cyanobacteria. The cyanobacteria pigment map was improved com-
pared to an input size of 128×128. However, the PRCNN with a
64× 64 input window was not able to reproduce the exact spatial
feature of either PC or Chl-a (Fig. 5c–d). In addition, the concentration
level of PC and Chl-a remained an underestimation near the gate region
where the maximum algal concentration occurred. Then, the smaller
input size, 8× 8, was tested. The PRCNN model with the input size of
8×8 generated significantly robust spatial representation of PC and
Chl-a compared to the RGB image through reasonable pigment con-
centration levels (Fig. 5e–f). That is, this study found that the relatively
smaller input size for CNN regression was more suitable for extracting
the nonlinear spatial features of the algal pigment without losing het-
erogeneous information within the window than CNN with the larger
input size. Previous studies found similar results for the influence of the
input window size on CNN performance. Sahiner et al. (1996) men-
tioned that the large input image size could be more appropriate for the
extraction of the deep feature representation of large-scale objects by
CNN, and Zhang et al. (2018) introduced a small input window size for
CNN, substantially characterizing the contextual feature of the elongate
object, compared to the CNN performance with a large input window.
These studies imply that the feature presentation of CNN is strongly
dependent on the input window size. The Baekje weir region should be
assigned as a shallow and elongate object. The input size of 8×8,
which is geographically equal to 16m×16m, caused the PRCNN
model to have substantial capacity for reflecting the fine details of the
spatial distribution of PC and Chl-a in Baekje weir. In addition, 86
bands of the hyperspectral image facilitated the demonstration of the
quantitative characteristics of the PC and Chl-a concentrations by the
model.

3.2.3. Training and validation of PRCNN
The training and validation performance of the PRCNN are pre-

sented in Fig. 6. These results were estimated from the PRCNN model
with an 8×8 input window because the 8×8 input window showed
reliable performance in terms of both pigment simulation and map
generation. Detailed results are described in section 3.3. The RRCNN
model showed high correlation between the estimated PC from the
training and validation sets and the observations, with coefficients of
determination of 0.90 and 0.86, respectively (Fig. 6a–b). RMSE values
of the PC simulation were 7.74mg·m−3 and 9.39mg·m−3, with respect
to training and validation errors, respectively (Table 3). Compared to
the training result for PC, the validation result showed a slight over-
estimation, since the PC dataset had substantial variation resulting from
seasonality (Table 1). The training and validation of Chl-a showed
reasonable correlations of determination of 0.75 and 0.73, respectively
(Fig. 6c–d). Also, the Chl-a concentration was estimated with RMSE
values of 8.40mg·m−3 and 8.34mg·m−3, for training and validation,
respectively (Table 3). The relatively lower performance of Chl-a si-
mulation compared to PC simulation was due to the seasonality of Chl-
a. The Chl-a variation was temporally stable except during the high-
temperature period (Table 1). The red box in Fig. 3 indicates that a
relatively high Chl-a concentration existed in the low-temperature
period, compared with the suppressed PC concentration. Thus, PRCNN
simulation might generate weak correlation, especially at the con-
centration range from 20mg·m−3 to 60mg·m−3 (Fig. 6d).

Fig. 7 shows the validation error with respect to the input-window
size. The larger window sizes (i.e., 64×64 and 128×128) yielded
larger validation error than the 8×8 window size did. Thus, 8× 8 was
adopted as the final input-window size, occupying 16× 16m geo-
graphically, considering the small validation error and optimal CNN
structure. For the window size of 8× 8, the CNN model was saturated

Fig. 4. In-situ reflectance spectra with cyanobacteria pigment concentration.
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Fig. 5. PC and Chl-a map with different input window size, a and b are PC and Chl-a maps from 128×128 input window, c and d are PC and Chl-a maps from
64×64, and e and f are PC and Chl-a maps from 8×8.

Fig. 6. Training and validation result of PC and Chl-a: a and b are the training and validation of PC, and c and d are training and validation of Chl-a.
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for> 30 epochs, and at> 90 epochs, the CNN model converged via
overfitting, meaning the error began to increase. To avoid the over-
fitting problem, the network size should be optimized (Caruana et al.,
1996). Thus, we empirically tuned the CNN model structure comprising
two convolutional layers, a batch-normalization layer, one max-pooling
layer, and two fully connected layers. Additionally, the CNN para-
meters, i.e., the learning rate and epoch number, were empirically
optimized using computer vision as 0.0001 and 150, respectively, to
train the input features via forward and backward computation. Pre-
vious CNN studies used a learning rate of 0.01 (Noh et al., 2015; Marcos
et al., 2016; Niepert et al., 2016) or 0.001 (Schmugge et al., 2016;
Sudowe et al., 2015; Qian et al., 2015). The low learning rate in this
study was due to the relatively small input dataset (Sahiner et al.,
1996). This study saved trained models for each iteration and compared
their performance. Then, we selected the model that showed the best
performance for both PC and Chl-a at epoch number 85.

3.2.4. Performance comparison with conventional model
This study evaluated the performance of PRCNN with conventional

bio-optical algorithms. Apparent optical property (AOP) algorithms and
inherent optical algorithms estimated PC and Chl-a concentrations. The
AOP algorithms were the two-band ratio and three-band ratio algo-
rithms referred to by Duan et al. (2012). The IOP algorithms were the Li
algorithm, Simis algorithm, and Gons algorithm (Gons et al., 2002; Li
et al., 2015; Simis et al., 2007). The empirical parameters and sensitive
wavelengths of these conventional algorithms were optimized by the
pattern-search algorithm for the AOP algorithm and multi-objective
optimization for IOP algorithms (Pyo et al., 2017). Additionally, the
absorption-coefficient experiment for the IOP algorithm is that referred
to by Pyo et al. (2017). Fig. 8 shows the entire bio-optical algorithm
results for PC and Chl-a estimation. Compared to the performance of
these conventional optical algorithms, the PRCNN model showed
higher simulation accuracy with respect to PC and Chl-a simulation

(Table 3). PRCNN errors were observed to be 12% and 62% lower than
those of the bio-optical algorithm with respect to PC and Chl-a esti-
mation, respectively. (Table 3). The PRCNN model was determined to
be more appropriate for estimating the temporal variation of algal
pigments than the conventional optical model. The temporal change of
the optical feature might be difficult to describe with the conventional
optical model using the same algorithm parameters and wavelength
band (Le et al., 2009). The PRCNN model has a strong capacity to es-
timate the temporal variation of the algal pigments. Meanwhile, this
study implemented PRCNN to one study area. If there is input dataset
which covers various study areas, PRCNN model would able to provide
reasonable estimation performance in terms of the diverse study sites.
When applying this PRCNN model to another study area, the model
needs to be trained with additional data for reflecting new features in
the new study area. Overall, this study found that PRCNN regression
could be a useful alternative for estimating cyanobacteria concentra-
tions.

3.3. Cyanobacteria distribution map from PRCNN

A trained PRCNN model with 8×8 input windows was applied to
the entire hyperspectral image to generate PC and Chl-a in each pixel.
The PC and Chl-a maps for August 12 and August 24, 2016 are pre-
sented in Fig. 9 and Fig. 10, respectively. This study evaluated the
PRCNN model by generating an algal pigment map where the cyano-
bacteria bloom was significant. On August 12, 2016, the severe cya-
nobacteria bloom was observed. In this period, it was determined that
the PC and Chl-a map from the PRCNN model substantially followed the
spatial feature of the actual bloom (Fig. 9). Particularly, near the Baekje
weir region, PC and Chl-a maps from PRCNN were almost identical to
the spatial variation, where most of the dynamical spatial feature of the
bloom was observed, shown in R-1 in Fig. 9a. Furthermore, the model
well reproduced the PC and Chl-a concentration in relatively high-
concentration regions: R-2 in Fig. 9a, R-1 in Fig. 9d, and in Fig. 10b–c.
Additionally, we found that the spatial variation of PC and Chl-a was
similar because PC and Chl-a had a linear relationship (Ahn and Oh,
2007). Moreover, the PRCNN model estimated credible concentration
levels for PC and Chl-a.

4. Conclusion

This study implemented CNN regression of hyperspectral images for
estimation and map generation of PC and Chl-a. The PRCNN model was
trained by segmented input images, which included atmospheric cor-
rection parameters and digital numbers, and then, the model was va-
lidated. For performance evaluation, the PC and Chl-a estimation re-
sulting from conventional optical algorithms were compared to the
pigment concentration from PRCNN. Then, the trained model was ap-
plied to generate the PC and Chl-a maps. Finally, this study tested the
variation in PRCNN performance with respect to different input
window sizes. The major findings were as follows:

• Regression performance of PRCNN model showed accurate training
and validation results for both PC and Chl-a simulations. This deep-
learning technique was effective for reflecting the variation of PC
and Chl-a compared with conventional bio-optical algorithms.

• The PC and Chl-a map from the PRCNN model substantially fol-
lowed the complex spatial distribution of the pigment with the
proper size of the input window, and sufficiently deep spectral
bands were able to extract the nonlinear spatial feature and linear
quantitative feature of the pigments.

• The small size of the input image (i.e., 8× 8) was suitable for the
CNN model, with a strong capacity to reflect the fine detailed spatial
presentation of PC and Chl-a along the Baekje weir.

In addressing the water quality problem due to cyanobacteria

Table 3
PRCNN Simulation and conventional algorithm results.

Training Validation

R2 RMSEa R2 RMSE

PC 0.8987 7.7432 0.8647 9.3888
Chl-a 0.7539 8.3968 0.7325 8.3405
AOP1 0.7628 10.5587 0.2866 13.6182
AOP2 0.6956 11.9609 0.3797 12.6989
IOP1 0.6494 99.3732 0.3446 26.6003
IOP2 0.8270 25.8259 0.3385 13.4539

AOP1 and AOP2 indicate two band ratio and three band ratio algorithm, re-
spectively. And, IOP1 and IOP2 present Li algorithm and Simis algorithm.

a Unit of RSME is mg m−3 for PC and Chl-a.

Fig. 7. Validation error with respect to different input window sizes.
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blooms, this study found that CNN regression of hyperspectral images
had significant potential to detect and quantify cyanobacteria with high
accuracy. In addition, the CNN model could utilize alternatives to the
conventional optical models for dealing with cyanobacterial variation.
Therefore, this study will provide the preliminary information for fu-
ture deep learning regression in water quality determination.
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