
water

Article

Hybrid Approach of Unmanned Aerial Vehicle and Unmanned
Surface Vehicle for Assessment of Chlorophyll-a Imagery Using
Spectral Indices in Stream, South Korea

Eun-Ju Kim , Sook-Hyun Nam, Jae-Wuk Koo and Tae-Mun Hwang *

����������
�������

Citation: Kim, E.-J.; Nam, S.-H.; Koo,

J.-W.; Hwang, T.-M. Hybrid Approach

of Unmanned Aerial Vehicle and

Unmanned Surface Vehicle for

Assessment of Chlorophyll-a Imagery

Using Spectral Indices in Stream,

South Korea. Water 2021, 13, 1930.

https://doi.org/10.3390/w13141930

Academic Editor: Giuseppe Pezzinga

Received: 31 May 2021

Accepted: 5 July 2021

Published: 13 July 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

Korea Institute of Civil Engineering and Building Technology—Environment Research Institute, Goyangdae-ro,
Goyang-si 10223, Korea; kej@kict.re.kr (E.-J.K.); fpnsh@kict.re.kr (S.-H.N.); koojaewuk@kict.re.kr (J.-W.K.)
* Correspondence: taemun@kict.re.kr; Tel.: +82-31-910-0741

Abstract: The purpose of this study is to compare the spectral indices for a two-dimensional river
algae map using an unmanned aerial vehicle (UAV) and an unmanned surface vehicle (USV) hy-
brid system. The UAV and USV hybrid systems can overcome the limitation of not being able
to effectively compare images of the same region obtained at different times and under different
seasonal conditions, when using a method of comparing and analyzing with absolute values in
remote sensing. Radiometric correction was performed to minimize the interference that could
distort the analysis results of the UAV imagery, and the images were taken under weather conditions
that would minimally affect them. Three spectral indices, namely, normalized difference vegeta-
tion index (NDVI), normalized green–red difference index (NGRDI), green normalized difference
vegetation index (GNDVI), and normalized difference red edge index (NDRE) were compared for
the chlorophyll-a images. In field application and correlational analysis, the NDVI was strongly
correlated with chlorophyll-a (R2 = 0.88, p < 0.001), and the GNDVI was moderately correlated with
chlorophyll-a (R2 = 0.74, p < 0.001). As a result of comparing the chlorophyll-a concentration with
the in-situ chlorophyll-a imagery by UAV, we obtained the RMSE of NDVI at 2.25, and the RMSE of
GNDVI at 3.41.

Keywords: chlorophyll-a imagery; river; spectral indices; unmanned aerial vehicle; unmanned
surface vehicle

1. Introduction

Algal blooms are natural phenomena that occur in water-based ecosystems in response
to environmental factors, such as nutrition, light, water temperature, and wind speed [1].
Harmful algal blooms can cause substantial water quality problems that persist in rivers,
lakes, and reservoirs [2–4]. Accordingly, monitoring the algae in rivers, lakes, and other
freshwater bodies is proving to be an increasingly concerning issue. Of the various types
of algae, blue–green algae are particularly concerning because of the potential existence
of toxins within them, necessitating a fundamental solution for their reduction, to avoid
economic and social problems [5,6]. Data pertaining to green algae hot-spots need to be
collected quickly and frequently, because green algae exhibits repeated cycles of growth
and death depending on environmental conditions such as light (solar radiation), water
temperature, nutritional salts (nitrogen, phosphorus), and their duration of residence [1].

Chlorophyll-a is one of the photosynthetic pigments contained in algae, and it has
traditionally been used as an indicator of algal biomass via field sampling to monitor algal
growth. Fixed chlorophyll-a sensors are currently installed in South Korea to monitor sites,
such as major water sources, rivers, and lakes, using an automatic water quality moni-
toring network [7]. Field sampling and assessment of algae is also conducted to monitor
chlorophyll-a concentration levels and measure algal biomass [8]. However, monitoring
via field sampling and chlorophyll-a concentration measurement can be problematic with
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regards to temporal and spatial resolution, because the locations and/or compositions of
large-scale algal outbreaks can change dramatically in a short time, due to multiple ubiq-
uitous factors such as the rain and wind. In an effort to address this issue, recent studies
have investigated the use of an unmanned aerial vehicle (UAV) to monitor chlorophyll-a
concentration [9–14]. Because most images acquired by the UAV for analysis are taken
from a distance of 50–200 m, atmospheric correction is not necessary, and multispectral
sensors have proven to be effective for environmental monitoring [15–19].

A recent study has shown that using a UAV operating at an altitude of 50–300 m
helped to remove interference, which distorts the remote sensing analysis results and
evaluates the image quality of the images obtained under other weather conditions, and
apply it in situ. In this case, the quality of the images obtained in cloudless and low-
humidity areas was found to be good [20–22]. UAVs operating at low altitudes have greatly
reduced the atmospheric correction requirements compared to satellites operating outside
the atmosphere, or aerial vehicles operating at high altitudes [23].

The simplicity of operating a UAV makes it possible to adjust the capture time accord-
ing to the solar angle position, based on the season, and the latitude and longitude of the
capture point. It also makes it possible to change the operation schedule depending on
whether there are cloudy or humid conditions. As a result of comparing the reflectivity and
normalized distribution vegetation index (NDVI) of the UAV images obtained by flight
path and time zone, in the case of reflectivity, there is a limit to the quantitative utilization,
due to the large variability in the middle of day, on a daily basis without constant tendency,
but the NDVI was reported to show a stable change of around 5%, without significant
changes in the time series [24].

Several studies have been successful in quantifying concentration of chlorophyll-a or
percent cover of aquatic vegetation with various algorithms [25–29]. The NDVI is one of
many spectral indices [30] that has been used in this study [1,13,19].

To obtain chlorophyll-a images using an UAV, a chlorophyll-a concentration measure-
ment must be performed in the target aquatic area, in conjunction with the UAV in situ.
Data collection is required at various water points in situ. Traditionally, a boat has been
required to measure the chlorophyll-a concentration in fairly inaccessible streams, but it
is time and labor intensive, and entails numerous associated limitations. Therefore, it is
necessary to develop a mobile, less cumbersome technology for an immediate water quality
measurement in situ [31]. When remote sensing is performed, using a UAV equipped
with a multispectral or hyperspectral sensor, accurate and repeatable results, especially in
the entire procedure of processing the image obtained in different seasons and different
lighting conditions, may not always be drawn. In particular, some studies do not take
into account the time resolution, and there is a limit to the lack of accuracy of the image
at the time of measurement when extracting the value of a specific wavelength band and
interpreting the model as an absolute value [32].

To solve this problem, the analysis is required at the same time in the field, in order
to be analyzed with relative values, and for this purpose, the study was used to develop
unmanned surface vehicles (USV) to measure the in situ chlorophyll-a concentration. The
USVs have garnered increasing interest in recent research and development. They are
being used in a variety of research areas, including water quality monitoring, surveillance,
underwater terrain mapping, and oceanography [33–42]. They also have applications in
ameliorating space and time constraints, by automating data collection. Autonomous USV
technology can be conducive to improving water quality monitoring methods [43].

In this study, the UAV spectral images were combined with in situ data that were
obtained from the USV, to create chlorophyll-a images using UAV and USV hybrid plat-
forms in the Nae Seong Stream in Korea. As well as the NDVI, the use of other spectral
indices to estimate chlorophyll-a concentration were investigated. To date, few studies have
investigated the development and application of USVs in conjunction with UAVs in the
field of visual two-dimensional spatial distribution imagery of chlorophyll-a concentration.
For this, relative values are derived by applying the spectral indices calculation formula for
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the acquired images by band, after acquiring data from the stream in optimal conditions,
using the UAV equipped with multispectral sensor. The values are corrected with in situ
water quality measurements, obtained by the simultaneous operation of UAV and USV,
and then image processed. This enhances not only the stability compared to estimating a
model using the absolute value in remote sensing, but also the reliability of the analysis
results, such as the time series changes by performing cross-validation and applying the
experimental chlorophyll-a concentration measured in situ.

2. Materials and Methods
2.1. Study Area

The study site was located in the Nae Seong Stream (N Stream) in Korea (36◦48′21” N,
128◦41′45” E) (Figure 1). The N stream is of interest because algal blooms occur there every
year. The UAV flight was targeted at 3.2 km, and the USV operated at 2.31 × 0.10 km2.
UAV flight and USV service took place almost at the same time.
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Figure 1. The study area (N Stream).

2.2. UAV Data Acquisition and Image Processing

The UAV (Remo-M by Uconsystem Inc., Daejon, Korea) used in the study is shown in
Figure 2a. It has a wingspan of 1.8 m, and weighs 3.4 kg. It is equipped with a brushless
AXI 2826/10 motor (Model Motors LTD., Hradec Králové, Czechia) and an Aeronaut
carbon propeller (Aero-Naut8, Reutlingen, Germany). Its maximum speed is 80 km/h and
it has a minimum operating distance of 8 km. A Sequoia multispectral sensor (Parrot Cor.,
Paris, France) is mounted on the UAV. Four cameras in the sensor create multispectral
images in the following four spectral bands: green (530–570 nm), red (640–680 nm), red
edge (730–740 nm), and near-infrared (NIR) (770–810 nm). The focal length of the camera is
3.98 mm, image size is 1280 × 960 pixels, and sensor size is 4.8 × 3.6 mm. The UAV flight
preparation begun on 18 September 2019 at 8:00 a.m. and was finished at 9:00 a.m. The
images were taken under sunny conditions and clear skies, humidity ranged from 40 to
70%, and flight wind speed was 0–3 m/s to minimize any negative effects on images [22,44].
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Figure 2. The unmanned aerial vehicle and sensor used in the study: (a) the Remo-M and (b) the
Sequoia multispectral sensor.

The altitude of the UAV takeoff point was 150 m. Data were collected from a 3.2 km
section during a single 15-min flight. To ensure lateral overlap of ≥65% and longitudinal
overlap of ≥75% the images were taken in four strips at an altitude of 150 m. The entire
15-min flight covering the 3.2 km section was photographed, with the camera set at 60-m
strip intervals and a shooting interval of 2 s. For image identification, 15 ground control
points (V100 GNSS, Hi Target, Shanghai, China) were installed around the site before the
flight so that positional image displacement could be corrected.

In order to measure algae bloom using remote sensing, reflectance of water, which
is a function of light scattering and absorption properties of water [16,45], is to be consid-
ered [46,47]. According to the results of the previous study about water reflectance, it was
reported that water spectral changes regarding increasing the altitude up to 20–100 m using
UAVs, without the confounding influence of atmospheric effects, could be ignored [48]. The
previous study also reported that image radiometric quality is affected by meteorological
conditions [20].

Recently, a study on accurately evaluating the radiometric quality of UAV imagery is
underway, which will reduce the analytical potential of images and eliminate interference,
which can distort the results of remote sensing analysis [19,47]. Since reflective data of the
research area can be obtained directly after using sequoia image and processing it, it was
reported that errors of spectral indices are correlated with a way of calibrating a level of
radiation in the case that spectral indices are calculated using the reflective data of spectral
indices equation [49].

In this study, radiometric calibration was performed using the Sequoia sensor module
of Parrot Sequoia® (Parrot Drone SAS, Paris, France) and calibration target panel that
include the pre-calibration process in multispectral cameras, as shown in Figure 3 [50].
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(b) multispectral sunshine sensor module, and (c) calibration target.

Parrot Sequoia® used in this study is a multispectral sunlight sensor that can record
illumination information of each image, which makes it simple to calibrate a multispectral
image. For this, calibration of a level of radiation using calibration panels provided by
a manufacturing company is possible and reflective data can be directly obtained. The
formula for radiation calibration is available from the Parrot Sequoia [51]. This is termed
as reflectance target/tarp/panel calibration. Radiometric correction was performed in
the option ‘Radiometric processing and calibration’ of Pix4D. The photographs were pro-
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cessed using orthomosaics, georeferenced digital surface models, and the two-dimensional
mapping software Pix4D (Lausanne, Switzerland). At the initial processing stage, external
distortions caused by the UAV tilting and internal distortions caused by camera character-
istics were corrected, and photo junction points were extracted via a scale-invariant key
point algorithm [51].

2.3. USV Data Acquisition and Processing

The USV used in the study was developed by our research team specifically for
monitoring chlorophyll-a concentration in the N Stream, and it is shown in Figure 4a. It is
1.3 m long, weighs approximately 10 kg, and can operate at a maximum speed of 18 km/h.
The communication distance is 2–3 km or more, at a frequency of 2.400–2.483 GHz. In
addition to a general camera sensor, it also included an echo sound apparatus for measuring
the depth of the river, a light detection and ranging (Lidar) sensor to prevent collisions,
and the AlgaeChek Ultra (Modern Water, London, UK) fluorometer for the measurement
of chlorophyll-a concentration.
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Portable fluorometers that can measure chlorophyll-a concentration in situ include
AlgaeChek Ultra (Modern Water, London, UK), nanoFlu (TriOS, Rastede, German), and
TriLux (Chelsea, Surrey, UK). The features of the portable fluorometer are that it is low
cost and the wireless data transmission by means of RS-232 is convenient. In this study,
AlgaeChek Ultra was applied, chlorophyll-a concentration measurement range was set as
0–100 µg/ L, and other turbidity and phycocyanin factors were measured. In this study,
the sensor was used only after prior testing. Chlorophyll-a concentrations were recorded
in the sensor in µg/L.

Chlorophyll-a sensor mounted on USV was tested before operation. Rhodamine B
(Sigma-Aldrich, Saint Louis Zoo, USA) 0.25, 0.5, 1, 2 µM was manufactured and measured,
and is used to confirm whether a signal is properly transmitted.

The water quality sensor is mounted at a location on the vehicle that is not affected
by the propeller. The location receiving system consists of the global navigation satellite
system L1 (GNSS) and a satellite-based augmentation system-class receiver of 5 Hz or
higher. An autonomous navigation program is used to set the unmanned travel route. The
main operation modes and functions are autonomous route operation, point navigation,
and automatic return. The maximum operation time is approximately 5 h. The water
quality sensor and location data are synchronized with the flight control computer via a
parsing protocol, and are stored in real time.

The architecture of the USV system is shown in Figure 4b. The USV continuously mea-
sured chlorophyll-a concentration during autonomous operation within a 2.31 × 0.10 km2
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area along in the N Stream. The route width was 20 m and the operating speed of the USV
was 1.6 km/h.

In situ chlorophyll-a concentration data were obtained from the N Stream by the USV
as it traveled the route shown in Figure 5. Because raw data obtained from the USV are
extensive, they must be processed prior to being compared with the UAV-derived image
data. USV data obtained from in situ can perform exploratory data analysis (EDA). EDA
is a technique that performs analysis using a variety of visualization methods, such as
histograms, acidity, and correlation analysis, to determine how the data are distributed
with a large amount of data processing technology, and whether there is correlation of the
data [52]. For the extraction of extensive raw data, this study was used to develop a data
analysis tool (DAT). This software written in the C# and R. In this study, it was customized
to compile code and run on Windows. DAT can extract chlorophyll-a concentration data at
desired coordinates and distance intervals, with the exception of outlier data. Analytical
data from USV are used to obtain spectral indices of images taken during UAV flight and
relative expressions of chlorophyll-a concentration.

Water 2021, 13, x FOR PEER REVIEW 6 of 15 
 

 

and automatic return. The maximum operation time is approximately 5 h. The water qual-

ity sensor and location data are synchronized with the flight control computer via a pars-

ing protocol, and are stored in real time. 

The architecture of the USV system is shown in Figure 4b. The USV continuously 

measured chlorophyll-a concentration during autonomous operation within a 2.31 × 0.10 

km2 area along in the N Stream. The route width was 20 m and the operating speed of the 

USV was 1.6 km/h. 

In situ chlorophyll-a concentration data were obtained from the N Stream by the USV 

as it traveled the route shown in Figure 5. Because raw data obtained from the USV are 

extensive, they must be processed prior to being compared with the UAV-derived image 

data. USV data obtained from in situ can perform exploratory data analysis (EDA). EDA 

is a technique that performs analysis using a variety of visualization methods, such as 

histograms, acidity, and correlation analysis, to determine how the data are distributed 

with a large amount of data processing technology, and whether there is correlation of the 

data [52]. For the extraction of extensive raw data, this study was used to develop a data 

analysis tool (DAT). This software written in the C# and R. In this study, it was customized 

to compile code and run on Windows. DAT can extract chlorophyll-a concentration data 

at desired coordinates and distance intervals, with the exception of outlier data. Analytical 

data from USV are used to obtain spectral indices of images taken during UAV flight and 

relative expressions of chlorophyll-a concentration. 

 

Figure 5. The operator’s remote interface for operating route in the N Stream. 

2.4. Chlorophyll-a Spectral Indices 

The previously described multispectral indices that have been used as indicators of 

algal blooms in rivers [30], shown in Table 1, were used to generate UAV images of chlo-

rophyll-a concentration. The chlorophyll-a concentrations were measured by the APHA 

10200-H method [53]. 

The indices applied in the present study were the NDVI, the normalized green–red 

difference index (NGRDI), the green normalized difference vegetation index (GNDVI), 

and the normalized difference red edge index (NDRE). 

  

Figure 5. The operator’s remote interface for operating route in the N Stream.

2.4. Chlorophyll-a Spectral Indices

The previously described multispectral indices that have been used as indicators
of algal blooms in rivers [30], shown in Table 1, were used to generate UAV images of
chlorophyll-a concentration. The chlorophyll-a concentrations were measured by the
APHA 10200-H method [53].

Table 1. Spectral indices used for chlorophyll-a assessment in the current study.

Name Derivation References

Normalized difference
vegetation index (NDVI) (NIR * − red)/(NIR + red) [54]

Normalized green–red
difference index (NGRDI) (green − red)/(green + red) [55]

Green normalized difference
vegetation index (GNDVI) (NIR − green)/(NIR + green) [56,57]

Normalized difference red
edge index (NDRE) (NIR − red edge)/(NIR + red edge) [58]

* NIR, near-infrared.
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The indices applied in the present study were the NDVI, the normalized green–red
difference index (NGRDI), the green normalized difference vegetation index (GNDVI), and
the normalized difference red edge index (NDRE).

2.5. Methodology Flowchart

A flowchart representing the UAV imaging and image analysis procedures used in
the study is shown in Figure 6. The two main components were imaging performed by
the UAV (sky zone), and in situ water quality analysis performed by the USV (surface
zone). Spectral indices were extracted from the image analysis data acquired via flight
photogrammetry, chlorophyll-a concentration estimations derived from USV data were
collated, and the combination of the two was used to generate a regression equation.
Coefficient of determination (R2) was then estimated to determine whether to create
chlorophyll-a concentration imagery.
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The suitability of the linear regression analysis of the correlation between the spectral
indices obtained using the UAV and the in-situ chlorophyll-a data obtained using the USV
was evaluated, with the R2 at a significance level of p < 0.001.

The most common way to compare completed chlorophyll-a imagery is to compare it
through statistical regression of the actual in situ concentration, by means of chlorophyll-a
and USV of the completed imagery. The completed imagery is compared with the USV in
situ data (surface zone). Suitability is defined by the coefficient R2 and root mean square
error (RMSE). RMSE equation is the same as (1).

RMSE =

√
∑n

i (y− yi)2

n
(1)

Here, y is USV data, yi is chlorophyll-a image completed by spectral indices. If R2 and
RMSE are not satisfactory, data analysis must be performed again from the beginning.
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3. Results
3.1. USV Data Analysis

As seen in the histogram in Figure 7a, the chlorophyll-a data obtained by the USVs
have a right-skewed distribution. The box plot (Figure 7b) shows a maximum value of
data, first quartile, third quartile, median, minimum, maximum, and distribution of data.
Outliers exist; however, it is possible to identify values that are too large or small compared
to the other values of the observed value. The normal distribution and interquartile range
were considered for outlier removal. As a result, out-of-place was used as a quartile (first
quartile, 75% third quartile) method. The lower quartile was defined as zero and data
that were out of the permissible range, the upper quartile, 48.7 µg/L, was defined as the
outliers. The number of data contained by operating the USV was 242,818, and the number
of outlier removals was 228,259. The range of chlorophyll-a concentration of raw data was
−3.5–100.9 µg/L, and the range of chlorophyll-a concentration after removing the outlier
was 1.0–48.7 µg/L.
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Figure 7. Histogram and box plot of chlorophyll-a in monitoring site: (a) histogram, and (b) box plot.

In Figure 8, the concentration of chlorophyll-a measured by USV was compared with
the data directly collected from the field. The chlorophyll-a concentration, measured with
laboratory analysis and in situ sensors, was found to have R2 = 0.92, p < 0.005. As a result of
the analysis, it was shown that the chlorophyll-a concentration measured with laboratory
analysis was higher than that measured by the sensor in situ.
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Figure 8. Laboratory data versus sensor data for chlorophyll-a concentration: (a) sampling points, (b) correlation.

3.2. Spectral Indices Analysis

In this study, after filming in optimal conditions using a UAV equipped with multi-
spectral sensors, spectral indices were extracted per band from the obtained images. The
Chlorophyll-a concentration was extracted by correlation model of spectral index data
obtained through UAV and water quality data from USV. This improves the reliability of
the analysis results, by performing cross-validation and applying an experimental value,
while the USV and UAV are operated simultaneously. The stability is also compared to
the remote sensing method, to derive a value using the absolute value. The chlorophyll-a
concentration data, measured by the USV using the developed DAT, are used for the
correlation analysis of the spectral indices of the image taken during the UAV flight. The
chlorophyll-a data acquired by the USV sensor were extracted at intervals of 80 m.

In this study, we observed the four different indices (band ration algorithms), which
were used to identify the chlorophyll-a concentrations as indicators of algae bloom from the
UAV images. The results of the correlational analysis between the four spectral indices and
the in situ chlorophyll-a concentration measurements, obtained via the USV, are shown in
Figure 9. These indices include NDVI, GNDVI, NGRDI, and NDRE. The NDVI and GNDVI
showed lower values than the NGRDI and NDRE. The chlorophyll-a concentration was
greatly correlated with the NDVI (R2 = 0.88, p < 0.001) and GNDVI (R2 = 0.74, p < 0.001).
It was not correlated with the NGRDI (R2 = 0.004) or NDRE (R2 = 0.04). As shown in
Figure 9, the GNDVI and NDVI have high correlations, while the NGRDI and NDRE show
the lowest correlations. These results demonstrate that although the NDVI reflects the
characteristics of chlorophyll-a better than the GNDVI in the remote detection, the GNDVI
can be also used to estimate the chlorophyll-a concentration. In other words, chlorophyll-a
can be estimated by identifying the green band, in addition to the red and NIR bands. The
imagery of chlorophyll-a, derived using the NDVI and the GNDVI, are shown in Figure 10.
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The analyses using these indices indicated that the level of chlorophyll-a concentration in
the N Stream was in the range of 0–45 µg/L.
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Figure 9. Regression analysis of the four spectral indices and chlorophyll-a: (a) normalized difference vegetation index
(NDVI), (b) green normalized difference vegetation index (GNDVI), (c) normalized green–red difference index (NGRDI),
and (d) normalized difference red edge index (NDRE).
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Figure 10. Chlorophyll-a (chl-a) imagery derived using (a) the normalized difference vegetation index (NDVI), and (b) the
green normalized difference vegetation index (GNDVI).

Figure 11 showed the correlation between chlorophyll-a concentration extracted from
the NDVI or GNDVI and measured data by USV. As a result of being compared with the
actual data of the NDVI, R2 = 0.88 and RMSE = 2.25. As a result of being compared with
the actual data of the GNDVI, R2 = 0.73 and RMSE = 3.41. The NDVI and GNDVI, which
showed the most apparent difference between aquatic vegetation and water surface, were
reported to be the most effective for detecting aquatic plants [54].
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4. Discussion

The UAV and USV hybrid platforms, which use multispectral sensors and water
quality sensors to detect, and chlorophyll-a concentration imagery as an indicator for algal
blooms, provide more reliable spatial information than either one alone and help identify
specific algal species. The NDVI and GNDVI were also reported to be effective indices in a
previous study, which was conducted on the detection of chlorophyll-a concentration using
vegetation indices and images obtained from a multispectral sensor-integrated UAV [33].
The NDVI and GNDVI can be used to estimate chlorophyll-a because of the identification of
the green band; however, the red and NIR bands also facilitate the estimation of chlorophyll-
a. These results were similar to previous studies, in which vegetation indices were applied
to detect the chlorophyll-a concentration in water. Collecting and analyzing large amounts
of in situ data, in order to image chlorophyll-a concentration using vegetation indices with
more reliable spectral resolution, is critical [55]. Furthermore, when imaging chlorophyll-a
concentration in water, the analysis results may be distorted by wave distortion, solar
reflection, shadow, turbidity, etc. Regardless of which sensor is used, a large amount of
chlorophyll-a concentration data must be obtained on the ground, continuously, during
the same flight period. Because chlorophyll-a shows different reflected signals depending
on its seasonal or visual appearance, the chlorophyll-a concentration was measured at
numerous points of the target water body, using the USV during the flight time of the
UAV. When remote sensing is performed, the method in which the UAV and USV are
used simultaneously can be an advantageous, because relative values are compared rather
than absolute values. In the results of analyzing the chlorophyll-a concentration that was
measured using the USV, and various vegetation indices extracted from the multispectral
images of the UAV, the NDVI showed a very high correlation in terms of representing the
characteristics of chlorophyll-a concentration in the water.

5. Conclusions

To show chlorophyll-a imagery with relative values using UAVs, in situ analysis must
be performed in the target waters, along with UAV measurements. When remote sensing
is performed, the method of utilizing the UAV and USV simultaneously proves to be an
advantage of using in situ data, in which case the comparison analysis is done with relative
values rather than absolute values.

In this study, a UAV and an autonomous USV hybrid system were developed, in
order to assess the chlorophyll-a concentration imagery. The use of autonomous USVs has
enabled successful acquisition of a reliable chlorophyll-a concentration in situ. The DAT
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was adapted and used in the analysis of the USV data, and three types of spectral indices
were applied to the UAV images to derive estimations of the chlorophyll-a concentration.
The chlorophyll-a imagery, thus derived, indicated that both the NDVI and GNDVI were
useful.

In this study, the UAV and USV hybrid system has been successfully applied for
high-resolution two-dimensional images so far, and, in the future, an attempt will be made
to create a three-dimensional image combined with a river water quality model.
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