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Abstract: Additional measures of in situ water quality monitoring in natural environments can be
obtained through remote sensing because certain elements in water modify its spectral behavior. One
of the indicators of water quality is the presence of algae, and the aim of this study was to propose an
alternative method for the quantification of chlorophyll in water by correlating spectral data, infrared
images, and limnology data. The object of study was an artificial lake located at Unisinos University,
São Leopoldo/RS, Brazil. The area has been mapped with a modified NGB (near infrared (N), green
(G) and blue (B)) camera coupled to an unmanned aerial vehicle (UAV). From the orthorectified and
georeferenced images, a modified normalized difference vegetation index (NDVImod) image has
been generated. Additionally, 20 sampling points have been established on the lake. At these points,
in situ spectral analysis with a spectroradiometer has been performed, and water samples have been
collected for laboratory determination of chlorophyll concentrations. The correlation resulted in
two models. The first model, based on the multivariate analysis of spectral data, and the second
model, based on polynomial equations from NDVI, had coefficients of determination (R2) of 0.86
and 0.51, respectively. This study confirmed the applicability of remote sensing for water resource
management using UAVs, which can be characterized as a quick and easy methodology.

Keywords: lake; chlorophyll; normalized difference vegetation index (NDVI); spectral reflectance;
space autocorrelation

1. Introduction

The impacts of human activities on continental ecosystems have a number of consequences,
such as the deterioration of water quality and significant changes in the hydrological and
biogeochemical cycles and biodiversity. This process of deterioration has economic and social
impacts and, in some cases, creates permanent and irreversible changes in lakes, rivers, and artificial
reservoirs [1].
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Among the main factors causing the degradation of water resources are the discharge of untreated
industrial wastewater and sewage, as well as the drainage of agricultural areas. Effluents generated
from these human activities have a chemical composition different from water in its natural state,
leading to a water enrichment process, especially concerning phosphorus and nitrogen. When the
levels of these two nutrients in water bodies considerably increase, the composition of the water
changes, resulting in the phenomenon of eutrophication and leading to excessive growth of algae and
aquatic weeds on the water surface [2].

Eutrophication is considered one of the main water quality issues worldwide, affecting both
freshwater and marine ecosystems [3]. The chlorophyll-a (Chl-a) concentration is an important
indicator of the lake eutrophication process and serves as an index that presents correlation with
physical–chemical properties of water [4].

The monitoring and evaluation of water quality are fundamental to the management of water
bodies and the improvement of their quality. In situ measurements and the collection of water
samples for further laboratory analysis are traditionally used to monitor water quality. Although such
measurements are accurate to a point in time and space, they may become costly and time-consuming,
as well as inadequate to observe temporal and spatial variations over a large area. Remote sensing
tools can be used as complementary or alternative methods to this monitoring, being able to estimate
water quality over a large area and provide spatial and temporal views of parameters that are not
readily available from in situ measurements [5,6].

Remote sensing of water resources is used to find differences and relations between the
electromagnetic solar radiation reflected from water and some water quality parameters that modify its
spectral properties, such as chlorophyll, suspended sediments, and organic matter. With multispectral
and hyperspectral orbital, aerial, and ground level imagery, it is possible to study these parameters
based on their spectral response in specific spectral bands. Typically, by analyzing a single indicator
(or a set of them), it is possible to determine the impact of various pollutants on the water status [6,7].

Remote sensing images play an important role in the assessment of water quality and management,
especially in lentic systems and water bodies under eutrophication processes by assessing the pigment
chlorophyll, which changes the optical properties of water and is associated with increased primary
productivity and eutrophication [8].

Regarding the use of remote sensing technologies in the study of aquatic environments,
spectroscopy and unmanned aerial vehicle (UAV) imagery have been characterized as a new way
to access the limnological characteristics of these locations. Various studies have been performed
in this field using UAV for monitoring of aquatic vegetation [9,10], flood events [11], water
pollution [12], morphological and hydraulic characterization [13], and the determination of chlorophyll
concentration [14,15]. It is important to highlight that rare studies use UAVs to assess eutrophic inland
waters, which reiterate the importance of the present study.

The remote sensing platforms can be categorized as satellite (spaceborne), airborne, unmanned
aerial systems (UASs) and mobile/static (ground), since they are the most frequently used remote
sensing systems [16]. UASs, most popularly known as UAVs or drones [17], have been seen as
the new paradigm of aerial remote sensing and mapping for their high-resolution and low-cost
characteristics [18]. The advance in technology made the miniaturization of optical sensors possible,
such that they could be coupled to UAVs that are able to perform low-altitude flights with more
frequency, facilitating the analysis and monitoring of small areas [19].

The use of UAVs enables the measurement and monitoring of environment aspects with desired
spatial and temporal resolutions, even under adverse environmental conditions, such as cloud
cover [20].

Regarding the use of spectroradiometers in applications involving the environment, studies
emphasize this tool as one of the most modern instruments to aid in the control and monitoring of
water, allowing the projection of scenarios for planning purposes, as well as the modeling of correlation
functions and use of data for control, monitoring, and diagnostic purposes [21].
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Spectra collected in situ and above the water surface through a spectroradiometer may reveal
the optically active material present in water and be used as important raw data for the Chl-a remote
sensing estimation model. Studies indicate that the spectral response obtained in the field is the
collective response of Chl-a and other components/minerals of lake water. Because minerals and other
components vary from lake to lake, the spectral bands suitable for Chl-a estimation also vary and
should be selected for a model by comparing the estimated values with the measured values obtained
from laboratory analysis [22,23].

Given the above, the aim of this study was to propose an alternative method for monitoring and
estimating chlorophyll concentration in water through the correlation between spectral data, infrared
images obtained by UAVs, and limnology data from laboratory analysis.

2. Materials and Methods

2.1. Field Site

The study area is located in the campus of the Unisinos University, São Leopoldo-RS, Brazil, and
the study material is the largest lake present there, which has an area of approximately 25,000 m2

(Figure 1). The lake is an artificial water body, with maximum depth of 4 m in its central area.
Occasionally, the lake also receives the drainage of rainwater, since it is located at the lowest portion of
the terrain.
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Figure 1. Study area location.

2.2. Data Acquisition

Field sampling for data acquisition was carried out in March 2016 and consisted in a UAV flight
over the reservoir area and the in-situ collection of spectral data and water samples in 20 spatialized
sampling points.

Figure 2 shows the position of the 20 sample points adopted in this study.
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Figure 2. Position of the sample points adopted.

We collected the spectral response of the water using the spectroradiometer Spectral Evolution,
model SR-3500, with a spectral range scan from 350 to 2500 nm and spectral resolution varying from
3.5 to 7.0 nm. The adopted methodology was the spectral measurement of absolute reflectance. For the
measurement, we used a lens with a 1◦ target field, which has been coupled to the spectroradiometer,
with a distance of approximately 1 m from the water surface at an angle of 90◦. We explored
only wavelengths between 400 and 900 nm, which are characteristic of the COAs (Optically Active
Compounds) present in water.

The UAVs used in the image acquisition was a fixed-wing SwingletCAM from SenseFly (Figure 3),
which has been coupled with a camera capable of capturing 3 different channels: near infrared (NIR),
green (G), and blue (B). The camera used was a Canon ELPH 110HS with 16 megapixels resolution,
factory-modified to capture the NIR band instead of the red band. The flight was carried out at an
altitude of 170 m, obtaining 28 high-resolution images and resulting in a mapped area of approximately
250.000 m2.

In addition to the UAV survey, we collected 6 ground control points (GCPs) to ensure the positional
accuracy of the cartographic products generated. The GCPs had their coordinates determined through
a GNSS (Global Navigation Satellite System) system, using RTK (Real Time Kinematic) method and
were distributed over the area homogeneously to avoid clustering distortions.

The images obtained by the UAV were later processed in the PIX4D software version 2.1 (Pix4D:
Lausanne, Switzerland, 2016), where the images have been georeferenced and orthorectified. We
adopted the SIRGAS 2000 (Geocentric Reference System for the Americas) as the reference system in
UTM (Universal Transverse Mercator) projection, zone 22S.

The PIX4D software presents a simple workflow for UAV data processing in 3 steps. The first step
creates a controlled mosaic and informs the accuracy of the model after applying the GCPs. The second
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step creates a point cloud from the images pixels using Image-Based Modeling technique. The third
step transforms the point cloud into a Digital Surface Model (DSM) that is used as the basis for the
orthorectification process.
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2.3. Data Analysis

With the water samples, we carried out the determination of the chlorophyll-a concentration
using the spectrophotometric method proposed by Nusch [24].

During the processing of reflectance data collected in the field, some noisy data were identified
in the dataset. As a preparatory step to analyze the spectral reflectance, the curves were softened by
applying a data smoothing method called the moving average filter, in which we considered a window
having a size of five points.

From the georeferenced orthophoto, we generated a modified normalized difference vegetation
index (NDVI) (NDVImod) image for the entire flight coverage area from an adaptation of the index
usually used, an NIR band instead of a red band, due the use of a modified IR camera. The equation
used is shown below:

NDVImod =
(NIR − B)
(NIR + B)

(1)

where NIR is the near infrared channel and B refers to the blue channel.
In possession of all the proposed data (NDVImod image, spectral data and concentration of

chlorophyll-a in the sampling points), the last step established a correlation between them to propose
a mathematical model to quantify (or estimate) the chlorophyll-a present in the water. We conducted
the study of these correlations by developing scatter plots, which returns a coefficient of determination
R2 on the trend between two variables (chlorophyll-a content and spectral or NDVImod results) as
well the best applicable function that can explain this trend. In addition to these analyses of simple
correlations between two variables, we also worked with multiple linear regressions, which consider
the possibility of several independent variables in the system to explain a dependent variable (in this
case, chlorophyll).

3. Results and Discussion

This section presents the results and discussions of this research, which are organized into
three sub-sections: the results of the laboratory analysis, the correlation between NDVImod and
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chlorophyll values from spectral data, and the correlation between NDVImod and chlorophyll from
UAV images.

3.1. Results of the Laboratory Analysis

The methodological procedures developed in the laboratory obtained satisfactory results as
the determination of the chlorophyll-a concentration in the water samples collected in the field.
The summary of the results is shown in Table 1.

Table 1. Summary of results for chlorophyll-a (Chl-a) analysis.

Parameter Value (µg/L)

Average 150.98
Minimum value/Location 115.79/P05
Maximum value/Location 231.01/P11

Standard deviation 27.66

3.2. Correlation between Spectral Data and Chlorophyll

The spectral responses collected in the sampling points, after going through the data smoothing
process, are shown in the graph of Figure 4.
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of turbid productive waters indicated by the letters A, B, C, D, E and F.

By analyzing the curves, it is possible to note that, at all points, the spectral behavior of water
was similar, as the main points of peaks and valleys in the graph remain the same wavelengths for all
curves. There was only a small difference between the reflectance values of each point analyzed.

The spectral responses were quite similar to typical reflectance spectra collected in turbid
productive waters. The reflectance is lower in the blue spectral range 400–500 nm (indicated by
Letter A in Figure 4) and starts increasing at 500 nm. In the green range, the reflectance was much
higher, reaching a peak at about 560 nm (Letter B), caused by relatively less absorption of green
wavelength by algae/chlorophyll. It is possible to observe the presence of a very steep valley in the
curve in the red range, at approximately 680 nm (Letter C), where the curve of reflectance begins
to increase. There is also a well-defined peak reflectance around 700 nm (Letter D), associated to
the energy absorbed and back-scattered from water and phytoplankton. This high reflectance value
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decrease rapidly to about 750 nm (Letter E) and smoothly increases until 800 nm (Letter F) and, finally,
decreases to about 900 nm [25–28].

Regarding the behavior of the spectral curves, it is emphasized that the results are consistent with
those reported in the literature (Figure 5a–c), which presented the main features of the presence of
chlorophyll in the lake.
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Figure 5. Behavior of the spectral curves reported in the literature: (a) comparison between clear
water and water with algae [26]; (b) water rich in chlorophyll with variations of suspended solids
concentrations [26]; (c) water rich in suspended solids with variations of chlorophyll concentrations [27].

Moreover, the graph (Figure 4) shows changes in the curve related to the other COAs. Low
reflectance values in the blue range are caused by the presence of organic matter in the environment,
and the small reflectance peak at 800 nm (Letter F) is characterized by the presence of suspended
sediments in water.

After the behavioral analysis of the spectral reflectance curves, a study of the correlation between
these data and the chlorophyll concentrations has been performed to establish a full mathematical
model to quantify water chlorophyll from the spectral data collected in the field.

Aiming to reduce the errors associated with the statistical techniques used in this study, we chose
to exclude the points with values obtained by water analysis considered outliers compared to others,
which are points P11 and P14.

To study the correlations between the spectral data, we exclude the set of curves referring to Point
P01. Such a situation is justified considering that problems with the spectral reading of this sample
point were identified and that they were considered inconsistent with the other curves obtained. Thus,
all the analyses presented here have been performed considering 17 sample points.

Several studies reported in the literature also used correlations considering the concentration
of Chl-a and the spectral curve, spectral band ratios, or algorithms with more than two variables.
The work conducted by Gitelson et al. [25] showed that the best results for Chl-a estimation in turbid
productive inland waters were the two- and three-band models using wavelengths in the range from
670 nm to 675 nm (minimum reflectance in the red range), from 695 nm to 705 nm (NIR reflectance
peak), and from 720 nm to 730 nm (minimum reflectance after NIR peak). Mishra and Mishra [28]
predicted Chl-a concentration from remote sensing data using the normalized difference chlorophyll
index (NDCI), following the concept of NDVI applied in vegetation monitoring, taking the spectral
band difference at 708 nm and 665 nm and normalizing it by the sum of their reflectance.

Given the low correlations between this simple analysis, with R2 inferior to 0.2, we conducted
a multivariate linear regression analysis between chlorophyll concentrations in the sample points
(dependent variable) and two spectral band ratios (independent variables), which consider spectral
points characteristic of Chl-a presence in water: 560 nm (green reflectance peak), 680 nm (reflectance
minimum in the red range), and 708 nm (NIR reflectance peak).



Sustainability 2017, 9, 416 8 of 14

We considered as the analysis criteria to a confidence level of 95%. As a result, we obtained the
independent variables (Table 2) used to estimate the chlorophyll-a concentration and their respective
coefficients in the equation.

Therefore, the determination of chlorophyll-a concentration through the two variables of the
reflectance curve was obtained based on the equation shown below:

Chl-a (µg/L) = I + C1

(
R560R−1

680

)
+ C2

(
R708R−1

680

)
. (2)

Table 2. Analysis of the results of the multivariate linear regression.

Variable Coefficient Value of Coefficient

Intersection I −30.53
R560R−1

680 C1 6.05
R708R−1

680 C2 −0.26

This mathematical model returned a R2 of 0.86 and a standard error of 5.12 µg/L, indicating that
the presence of chlorophyll-a in that environment is best explained by a set of variables.

From the obtained results, we highlight the importance of using in situ data collection tools such
as spectroscopy to quickly determine parameters that infer water quality, providing a time and cost
reduction with monitoring of water bodies.

3.3. Correlation between NDVImod and Chlorophyll from Images Obtained with UAVs

As a cartographic product obtained by the UAV flight and image processing, the orthorectified
and georeferenced mosaic of the area is shown in Figure 6.
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By an analysis of the orthophoto, it is possible to confirm that the image covered the entire area of
study (lake) as well as a large area of its surroundings. The orthorectified mosaic served as the basis
for the generation of the NDVImod image.

To improve the visualization of the spatial distribution of NDVImod in the lake, we first
performed a clip of the study area only, which is shown in Figure 7a. Afterwards, we created a
color composite image, shown in Figure 7b, which has been adjusted to highlight the differences
between the index values.
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It is worth noting that, during this stage, we realized that two sampling points established in the
field were located in shaded areas of the image. Thus, we exclude these two points (P08 and P17) of
the dataset from analysis, because their respective NDVImod values would not be representative of
the water column.

Finally, we extracted the values for NDVImod in each pixel containing the sample point, and
their values were used in the analysis of correlations with the chlorophyll-a concentration in the same
spots. Table 3 shows the maximum and minimum NDVImod values obtained in this step as well as
the average and standard deviation of the dataset.

Table 3. Average, maximum, minimum and standard deviation of NDVImod.

Parameter Value NDVImod

Minimum value/Location −0.1389 (P02)
Maximum value/Location 0.0493 (P10)

Average −0.0495
Standard deviation 0.0494
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For the correlation between the NDVImod data and the chlorophyll-a concentration in the water,
we adopted stricter criteria for the selection of data, because the response of the sensor used in the
images acquisition might have been affected by many factors, such as the reflection of solar radiation
on the water surface, the interference of wind, and the atmosphere itself.

In addition to disregarding some of the sampling points previously mentioned and discussed, we
also excluded from the dataset the NDVImod values outside the range (more or less) of the mean.

Considering these criteria, 10 remaining points have been used for the correlation analysis between
the indices values and the chlorophyll-a concentration in the lake: P01, P05, P06, P07, P13, P15, P16,
P18, P19, and P20.

The correlation model that had the best result was the curve of a second-order polynomial function
(Figure 8), returning a correlation coefficient (r) of 0.71, a R2 equal to 0.51 and a standard deviation of
11.7 µg/L.
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The polynomial equation adopted for the determination of chlorophyll-a in water bodies as a
function of NDVImod is shown below:

Chl-a (µg/L) = 139.37 − 491.01(NDVImod)− 6751.41
(

NDVImod2
)

. (3)

Although the R2 value obtained by this correlation was acceptable, there are not many studies in
the literature that apply the NDVI in water bodies, and the few existing used it for area classification
or used satellite images to do so. For example, the work of Nuhu [29] used the index to delimit
areas of water (negative values), submerged aquatic vegetation (values around 0.15), and above water
vegetation (greater than 0.15), without correlating to the presence of chlorophyll in water with the
negative NDVI values.

Studies conducted by Londe [30] and Cândido et al. [19] indicated a strong linear relationship
(R2 of 0.78 and 0.95, respectively) between the NDVI values and chlorophyll concentration in water,
which is not consistent with the findings of our study. However, the first author worked with fully
eutrophic waters, reaching a concentration greater than 67,000 µg/L in their water samples, values that
are extremely higher than those concentrations measured in the lake of study. The second authors used
as study material two small water spring areas and Landsat satellite images, which could generate
conflict in the interpretation of the index since the pixel value used could be suffering interference from
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local vegetation. Moreover, Lissner and Guasselli [31] did not obtain high coefficients of determination
for NDVI and chlorophyll correlation (R2 = 0.02), possibly due to the low concentration of chlorophyll
present in the study area (between 3 and 15 µg/L) and the low spatial resolution of the images used to
obtain the index (Landsat).

We emphasize that the high linear correlations in studies such as Londe [30] occur due to the
better applicability of models based on NDVI for water with high contents of chlorophyll, as the
response received by the sensor is similar to vegetation and the high homogeneity of the conditions of
the study material being patterned according to the same main component present in the water (in this
case, chlorophyll). An analysis of the chlorophyll in the laboratory of the same water sample showed a
large amount of suspended inorganic solids in the studied lake, which explains the greater complexity
in shaping this environment.

The use of UAVs in the mapping of these surfaces is notable for enabling centimetric resolutions
of the study area, different from the satellite sensors, whose resolutions may be over 10 m.

Among cases similar to the present study, which used the modified NDVI, none have been
applied in water environments. However, the comparison is relevant in view of the wide applicability
of new band arrangements, given that modified digital cameras (including the NIR band) increase
the sensitivity of sensors to crop biomass [32,33] and that spectral indices using visible bands, when
compared to NDVI and Green NDVI ((NIR − G)/(NIR + G)), are more sensitive to leaf chlorophyll
content than biomass [34]. Lehmann et al. [35], for example, used the same NDVImod to facilitate the
distinction between healthy and infested trees, given the extreme low albedo ratio of dead biomass,
which could be compared to the spectral characteristics of water bodies. Nijland et al. [36] also
assessed vegetation health by using different variations of the NDVI. The red rejection band-pass
NDVI (using the blue band instead of the red one) showed more variability than other indexes,
demonstrating good sensitivity to spectral trends of vegetation. Rasmussen et al. [37] used the same
modified camera and applied the NDVImod to assess the reliability of using consumer-grade cameras
mounted on UAVs. The findings demonstrated that vegetation indices based on UAV imagery, similar
to ground-based sensors and cameras, have capabilities of assessing crop responses. These studies
demonstrate the applicability and reliability of modified NDVIs as an important tool for agriculture and
other applications. The present study was a start for using this type of analysis in water environments.

4. Conclusions

The results of this research allow us to conclude that the two hypotheses were confirmed. It was
possible to establish a correlation between the data for the chlorophyll-a concentration present in the
lake of study and the responses obtained by the sensors used (NDVImod image generated through the
UAV flight and spectral data obtained by the spectroradiometer).

Mathematical models were generated concerning these correlations, and they obtained satisfactory
coefficients of determination (R2), namely, 0.86 by means of the mathematical model based on the
multivariate correlation between the chlorophyll concentration in water and its spectral response and
0.51 using the correlation between NDVImod and chlorophyll present in the water by means of a
second-order polynomial function.

It is worth mentioning that the models presented in this research have real values applicable only
to the study material, and further analysis with larger amounts of samples from different locations
would likely be needed to generalize the observed patterns.

The results can, however, serve as a starting point for further studies and deepen the study of the
interference of other parameters in the response of sensors, such as water turbidity, the presence of
suspended solids, lake depth, and background interference.

The models generated from this study confirm the applicability of data obtained by remote
sensing in the management of water resources as quick tools for estimating variable concentrations,
which assists in the constant monitoring of water bodies, and identifying the locations of critical points
to undergo collections and more detailed analysis.
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Finally, it is emphasized that the application of alternative tools to continuously monitor aquatic
environments is extremely important, given that preventive and/or corrective measures can be taken
and socioeconomic impacts can be minimized or avoided.
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