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Abstract
Since the establishment of the EU Water Framework Directory by the European
Commission, water quality has gained great attention by all European Union
countries including The Netherlands. Currently, in-situ and space borne remote
sensing data are used for the estimation of water quality indicators. The use
however, of airborne remote sensing technology can offer great advantages over the
existing monitoring techniques.
The aim of the current study was to develop a UAV-based remote sensing approach
to derive water quality parameters in small natural water bodies. Chlorophyll-a,
turbidity and surface water temperature were assessed. Rikola hyperspectral camera
and a thermal consumer camera will be used for the aerial data acquisition. In-situ
data were also acquired. Chlorophyll-a and turbidity were locally estimated by the
WISP-3 ground sensor and the instantaneous surface water temperature was
measured by a laser thermometer.
During this research methods to overcome limitations during the orthorectification
and georeferencing steps that are reported by other water related studies associated
to UAV remote sensing, were proposed. However still problems were present in both
hyperspectral and thermal data processing. Weather condition during the field survey
caused problems and limitation at the data processing procedure and analysis. The
Hyperspectral UAV images were orthorectified and georeferenced in Agisoft
PhotoScan Software and thermal UAV images in ArcGIS. The UAV-based results,
after the parameters extraction are realistic compared to the existing field
measurements and based on the literature, but no conclusion can be drawn upon
their representativeness and accuracy, compared to the WISP-3 data, due to the lack
of validation points.
Based on the current results and conclusions, recommendations that should be taken
into account for next relevant researches are proposed so that the UAV-added value
can be maximized in water quality monitoring applications.

Key words: UAV, remote sensing, water quality, WISP-3
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1 Introduction
1.1 Background information
The evaluation of water quality in all of the countries, including the Netherlands, is a
critical issue because the problem of water resources scarcity is of major concern
(Varol et al., 2012). Since the establishment of the European Water Framework
Directive (WFD) by the European Commission, the main objective of which is to
maintain the good and "non-deteriorating" status for all water systems at catchment
scale from all the European countries, water quality monitoring has gained great
attention (Hommersom et al., 2012) (Bresciani et al., 2011). Water managers,
regional water authorities and the 26 Water Boards in the Netherlands, seek
extensive information on the water quality variables, for the implementation of the
required actions to ensure the efficient management of water resources and to
maintain and even enhance the quality of water throughout the country (Voutilainen
et al., 2007).
Currently in-situ and point-scale data are commonly used and reported by many
studies to assess water quality parameters (Hakvoort et al., 2002). Although in-situ
measurements can offer accurate estimates of indicators for a point in time and
space, they cannot give the spatial and temporal view of water quality in wider space
(Usali & Ismail, 2010). In situ data can lead to time series of spatial data in case of
multiple observations but the measurements are limited to only accessible areas and
meanwhile the cost constraint and the practical time that is needed for this
assessment approach make it difficult to collect data at frequent time periods
(Casado et al., 2015).
Remote sensing data, although is rarely used for water quality applications, offers in
many cases a more efficient way to assess water quality in a broader space than the
conventional field measurements and compared to the in-situ data they can offer the
spatial variation at one sampling moment. Remote sensing science relates the
determination of the characteristics (physical, chemical and biological) of the water
bodies with the remotely sensed reflectance values (Dube et al., 2015). Satellite
products with no up-front cost and with typical spatial resolution larger than 30
meters are used (e.g. Landsat, MODIS or MERIS) by some previous researches for
monitoring the spatial variation of water quality over large water bodies and oceans
(Flynn & Chapra, 2014).
Small water bodies, however, are not compatible with these satellite products, since
their resolution is coarse with respect to the size of the target and it is not feasible to
perform analysis with high precision (Saenz et al., 2015). Although commercial
satellite images with sufficient resolution, such as QuickBird, GeoEye-1 or
Worldview-1 or Worldview-2 do exist, the temporal resolution as well as the signal to
noise ratio (SNR) of these sensors, due to the atmospheric conditions, make it
difficult to get accurate estimates of the water quality indicators. Meanwhile, it is not
always economically feasible to use commercial satellite data for every monitoring
applications (Flynn & Chapra, 2014; Salama, 2014).
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Airborne remote sensing, such as the use of an Unmanned Aerial Vehicle (UAV) can
offer great advantages over the conventional monitoring techniques and space borne
remote sensing. The higher spatial, spectral and temporal resolution offered by UAV
remote sensing platforms, make them more suitable for smaller water bodies. Most of
the airborne sensors are programmable, which indicates that the user can control the
timing of the data acquisition and collect data at optimal time periods (Moses et al.,
2012). Additionally, UAVs can be used to obtain timely imagery over areas that are
not accessible and also to collect data when the variable of interest needs to be
measured.

1.2 Problem definition
Several challenges and limitations are associated to the use of airborne remote
sensing platforms regarding the water quality monitoring applications, despite their
significant advantages. Orthorectification and mosaicking of the UAV images is one
major aspect that should be taken into account. The images can be skewed or
deformed by the instability of the UAV platform during the flight due to the weather
conditions (e.g. wind), which can cause difficulties during the orthorectification
(Rango et al., 2009). Also, the incapability of getting ground control points (GCPs) on
the water surface can also cause limitations during the orthorectification and
mosaicking of the images. Mosaicking is a process that is done based on common
distinguishable points between the different images. In case the UAV images depict
only water areas, no common points can be visible, resulting in problems during the
creation of the orthorectified mosaics.
Georeferencing of the UAV images is another imperative aspect. According to
Oltmanns et al. (2012), two approaches exist to reconstruct the location of the
images acquired within a given ground coordinate system. The use of GCPs, the
location of which is known in a reference system, is the first approach and the
second approach takes into account the orientation of the images taken during the
flight. The orientation indicates the position (x, y, z) of the images, which can be
given by the use of an accurate global positioning system (e.g. RTK-GPS) and the
rotation (yaw, roll and pitch of the platform), which can be given by an accurate
navigation system in the UAV platform. Concerning the first approach, it is not
physically possible to get GCPs on the surface of water bodies and as it comes to the
second approach, the navigation system that can be used to investigate the rotation
of the UAV platform during the flight is not available in the current research.
Moreover, only by using an accurate GPS on the UAV platform can result in
obtaining an accurately georeferenced orthomosaic.
In the current study, chlorophyll-a, turbidity and surface water temperature were
assessed. Several relevant previous studies have focused on the estimation of
chlorophyll-a using remote sensing and in-situ data. Monitoring chlorophyll-a
concentration is important because it can significantly vary over small time periods
and it can also reveal the water ecological status (Bresciani et al., 2011). Additionally,
it is a parameter that indicates the presence or absence of certain nutrients in the
water column. Chlorophyll-a content can be inspected by the NIR part of the
2
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electromagnetic spectrum, as in this region it does not absorb light, which implies
maximum reflectance values at the NIR region.
Turbidity is also an important variable for determination of the quality of water and it
affects the color and brightness of the water (Kwoh et al. year). It is strongly related
to many biological processes, such as phytoplankton photosynthesis and growth, as
well as heat transfer in the upper water layers (Qiu et al., 2015). Additionally, it is
associated to the total suspended sediments and it can be used to estimate the
discharges, fluxes and distribution of suspended sediments inside the water column.
Turbidity can be also estimated by reflectance spectra using empirical algorithms
(Moreno-Madrinan et al., 2010). According to Dogliotti et al. (2015), the red part (for
low turbid waters) and the NIR part of the electromagnetic spectrum (for medium and
high turbid waters) is used for the estimation of turbidity in the water body.
Temperature is another significant parameter that is also commonly measured in
previous relevant researches. Temperature is associated to other water quality
parameters and can directly affect them. For instance, changes in water temperature
can influence chemical, biological and physical characteristics of the water, such as
the dissolved oxygen (physical parameter), which in turn affects plant and aquatic
species (Jensen et al., 2012). Water surface temperature can be quantified from the
thermal range of the electromagnetic spectrum.

1.3 Research objective and questions
The main objective of this study is to develop a UAV-based remote sensing approach
to derive water quality parameters for small natural water bodies. Four research
questions were investigated:
1. How can limitations related to orthorectification and georeferencing of UAV images
depicting water surfaces be overcome?
2. Which algorithms are used for extracting the water quality parameters by
reflectance spectra?
3. Are the results of water quality parameters from UAV images accurate and
representative to be compared with the in-situ measurements and past field data?
4. How can UAV-based remote sensing complement to the traditional water quality
monitoring methods and how can the added value of UAV-information be
maximized?
The current study will be done in cooperation with the companies KnowH20 and
Water Insight. KnowH20 is a consultancy company which specializes in hydrology
and water quality. Its contribution to the project was the supervision and assistance
and also the communication with the owners of the study area for the arrangement of
the field campaign. Water Insight company emphasizes on remote sensing water
quality. During the study, Water Insight provided us with the required equipment for
the in-situ measurements at the field campaign and offer also assistance regarding
the water quality parameters extraction by the UAV reflectance spectra.
3
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2 Literature review
2.1 UAV remote sensing on water quality applications
Remote sensing has been used for water quality monitoring applications since the
early 1970's. Previous studies have reported the use and the usefulness of remote
sensing technology in monitoring water quality (Usali & Hasmadi Ismail, 2010). In
most of them, low or no cost remotely sensed data with low spatial resolution are
used, such as Landsat, MODIS and MERIS products, resulting in the reduction of
costs, linked with the conventional water quality monitoring techniques.
Recently, UAV remote sensing was introduced as an innovative technique for water
quality monitoring applications. The principle of UAV imaging in general includes the
orientation and relation of the imagery to the ground. In almost every type of
photogrammetric project, setting GCPs for this step is necessary before the aerial
data acquisition (Su & Chou, 2015). Although there are a lot of researches that relate
UAV remote sensing with several scientific fields (e.g. precision agriculture, forestry
etc.), few studies can be found referring to UAVs and water quality parameters
extraction. Most of them focus on the preliminary investigation of the potential of
aerial data to water quality and how monitoring can be more efficient and accurate.
Apart from the spatio-temporal and spectral resolution of UAVs and the flexibility in
use, the aspect of using different kind of sensors (e.g. hyperspectral, multispectral,
thermal) on the UAV platform is a significant advantage over space born remote
sensing and in-situ data. The different sensors can result in acquiring detailed
information in almost every water quality parameter. Hyperspectral cameras for
instance can offer high spectral resolution data due to the narrow band selection. In
case of chlorophyll parameter, hyperspectral cameras are suitable for the distinction
of the different chlorophyll types (chlorophyll-a and chlorophyll-b). Additionally, all
sensors can be calibrated for water surfaces, so that the user can acquire good
quality images with high SNR, which is not possible by using satellite imagery, since
they are calibrated for measuring the reflectance of land surfaces (Hoeboer et al.,
2015).

2.2 Difficulties and limitations
As indicated before however, there are several limitations and challenges associated
to the UAV remote sensing for water quality assessment. In a relevant study by
Hoeboer et al. (2015), orthorectification and georeference problems of hyperspectral
and thermal UAV images, during the preprocessing analysis step were present. The
orthorectification problems existed due to the weather conditions and as a result, the
images taken were shaky, making the orthorectification infeasible. Also, the fact that
a pushbroom scanner was used, instead of a snapshot camera, for the hyperspectral
images might have also contributed to difficulties during this preprocessing step. The
georeference problems, on the other side, existed due to the fact that no identifiable
features can be noticed on the water surface, which can reveal the geo-location and
4
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orientation of the UAV images. Moreover, getting GCPs on the water surface for the
georeference and orthorectification steps, is not possible.
Problems and challenges were also part of the research by Honkavaara et al. (2013).
Their study focuses on the comparison and investigation of the potential of UAVs and
Manned Aerial Vehicles (MAVs) to water quality monitoring applications. Fabry-Perot
interferometer (FPI) lightweight spectrometric camera was used in this case, the
basic principle of which is to provide information from different spectral layers. The
flight distance regulations of UAVs (maximum flight distance is 150m in Finland,
where the field campaign took place) posed problems during the UAV data
acquisition, hence two separate flights had to be done so that the lake can be fully
mapped. Portable reference targets were used for the radiometric calibration;
transform the raw images from digital numbers into reflectance values. The
georeference of the aerial images was done by using almost 90 GCPs at the entire
area. However, images that contained only water areas could not be georeferenced
and orthorectified, so their orientation was interpolated according to the adjacent
images. The advantage of the UAVs was the adjustment of the flight speed, which is
important to get good quality data with the FPI camera. On the other hand, during the
MAV data acquisition the weather conditions (cloudy and rainy) affected the images
quality, but its higher flight altitude helped in the collection of a much larger area, in
one flight than by the UAV. Both MAV and UAV data were used in this study however
to obtain good results. Honkavaara et al. (2013) developed a processing chain for the
FPI imagery with several steps from the assessment of image quality by the
calculation of signal to noise ratio (SNR), to the calculation of the output products,
including image mosaics or digital surface models.
Another significant limitation concerning the UAV remote sensing for water quality
applications is the difference in the observability between remote sensing and in-situ
instruments. Remote sensing instruments observe the electromagnetic properties of
the Earth surface, which in fact means that most of the observations are limited to the
parts of the Earth that can be penetrated by electromagnetic radiation at visible,
infrared or microwave frequencies (Reichle et al., 2008). Regarding the water quality
monitoring applications, UAV data are mostly limited to surface mapping of the water
quality indicators. On the contrary, traditional in situ measurements have the
capability to give estimates below the water surface where earth observation data
cannot always provide accurate or representative information. Finally, remote
sensing data are taken straight above from the water surface, whereas in-situ
instruments measure the water quality variables under a specific angle, which means
that differences between the results of both measurement methods might occur. In
the current study, the limitation of the observability difference is not taken into
account since all sensors used estimate the water quality parameters at surface level
(see also Data acquisition section).

2.3 Indicators used for water quality assessment
There are several water quality parameters that can be measured both by remote
sensing and in-situ data. Each parameter however requires different spectral and
5
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spatial resolution to be identified and quantified in the water column by remote
sensing technology. Some of the indicators that were measured to evaluate the
quality of water in previous studies by remote sensing data and their requirements,
concerning the spectral and spatial resolution, are described in Table 1.

Table 1. Water quality parameters and their remote sensing data collection requirements (source:
Hoeboer et al., 2015).

Required
spectral
resolution for
RS
Multispectral

Required
spatial
resolution for
RS
Medium to
coarse

Parameters

Details

chl-a : concentration
of chlorophyll-a

Can indicate algae
blooms

TSM: concentration
of total suspended
matter (organic and
inorganic)

Indicate suspended
organic matter
content in the water

Multispectral

Medium to
coarse

aCDOM (λ):
absorption
coefficient of Colored
Dissolved Organic
Matter

Can indicate yellow
substances

Hyperspectral

High

Turbidity and Secchi
depth

Linked to
concentration of total
suspended matter

Multispectral

Medium to
coarse

Surface area covered
by vegetation

Can be linked to
NDVI values.
Spectral mixing could
be a problem

Multispectral

Medium to
coarse

Surface temperature

Spatial patterns can
predict algae blooms

Thermal

High

Aquatic vegetation is an important indicator that is examined by many studies on
water quality monitoring applications. Lake ecosystem is directly influenced by the
benthic vegetation; submerged and emergent aquatic vegetation (Dornhofer &
Oppelt, 2016). Submerged aquatic vegetation, which includes both macrophytes and
macroalgae (Flynn & Chapra, 2013), is an important parameter of wetlands and
coastal ecosystems that is correlated and affected by other water quality parameters,
such as water temperature, water level and transparency (Dornhofer & Oppelt,
2016). For instance, in eutrophic lakes with high concentrations of suspended matter
6
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and phytoplangton and dissolved matter, the transparency is low, which implies
disappearance of submerged aquatic vegetation and especially macrophytes
(Giardino et al., 2015).
The submerged macrophytes are used for the implementation of the European WFD,
since they are one of the key biological quality elements that can be used to reveal
the ecological quality status (Sondergaard et al., 2010). Submerged aquatic
vegetation can contribute to toxins removal from the water column and can improve
water quality by filtering nutrients and polluted runoff (Flynn & Chapra, 2013).
Especially for shallow water systems, macrophytes cover a large part of the water
area and they are responsible for maintaining the clear water state (Sondergaard et
al., 2010). However, there are species of submerged aquatic vegetation (e.g.
Chadophora glomerata L.), which can deteriorate the aquatic life and water quality
due to euthrophication (Flynn & Chapra, 2013), hence the detection of benthic
vegetation is of crucial importance.
2.3.1 Investigation of aquatic vegetation distinction
Landsat data with medium to coarse resolution are used by previous studies to
successfully map vegetation. Aerial hyperspectral or multispectral data with high
spatial resolution are even more suitable for the different aquatic vegetation species
discrimination. Contrary to satellite, aerial imagery can offer the detection of more
features on the water and enables the user to classify vegetation types in more
classes. However, in case of aerial data, the greater within class spectral variability
make the classification procedure more difficult (Whiteside & Bartolo, 2015).
For the detection of submerged aquatic vegetation by remote sensing data, the green
part of the electromagnetic spectrum is appropriate since it can offer light penetration
especially into water bodies with higher concentrations of suspended sediments.
Additionally, red and red edge regions are also considered to be suitable for
submerged aquatic vegetation distinction. However, the main difficulty is to isolate
plant signal from the overall water column interference. Bottom reflectance should be
considered for the distinction of submerged aquatic vegetation. In shallow water
bodies the signal is mainly affected by vegetation, whereas in more deep water
bodies the signal is influenced both by vegetation and the bottom part of the water
body. Hence, it is suggested to use depth information to classify aquatic vegetation in
order to reduce the influence of water column. It is important to notice that
atmospheric correction is necessary before the submerged aquatic vegetation
distinction (Silva et al., 2008).
As it comes to the emergent vegetation, the average reflectance is higher than the
reflectance of submerged vegetation due to the absence of water attenuation.
However, the presence of flooding causes fluctuations in the reflectance, since the
signal is influenced both by vegetation and water. In this case, image classification
algorithms, such as Decision Tree should be used for the distinction and
classification of aquatic vegetation and also the different species of plants (Silva et
al., 2008).
7
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Decision Tree (DT) and Random Forest (RF) classification was developed and used
by Whiteside & Bartolo (2015), for aquatic vegetation mapping by WorldView-2
imagery. Before the classification, four spectral indices were used and then applied
to the classification methods; FDI, NDVI, EVI, NREB (for more information on the
spectral indices see Appendix C). DT provided more accurate results than RF and
most of the classes were easier detected, since the RF was mostly depend on the
statistical values of the samples taken, whereas in the DT, the user can select the
threshold value for the classification of different species. The decision tree that was
created for the classification included all of the four indices and according to their
values, the different species of emergent vegetation could be distinguished. Species
such as Oryza, Para grass, Leersia, Eleocharis, Hymenachne etc. were observed by
the DT classification.
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3 Materials and methods
3.1 Study area
The study area where the field campaign took place is part of the Kampina, which is
a natural reserved area in the province of Noord-Brabant, located west to the city of
Boxtel and east to the city of Oisterwijk, in the Netherlands. The Kampina area is
owned and managed by Natuurmonumenten, an organization which buys, protects
and manages natural areas in the Netherlands (Amerongen, 2013).
There are several lakes in the Kampina surrounded mostly by heathland and pine
forests. Human activities in the surrounding areas, such as agriculture and farming
have influenced the water quality of the moorland pools and lakes (Dam & Blockland,
1978). According to Dam (2010), the water level of the lakes in the Kampina is
strongly correlated with the seasonal conditions (e.g. dry summer) and the total
precipitation. The bottom part of shallow pools (~0.5-1.5m) in the area, is mostly
accumulated by organic materials and different kinds of vegetation and plant species.
On the contrary the sandy bottom of the larger and deeper lakes (~2-3m) is kept bare
due to the wind and waves (Dam & Blockland, 1978).
For the current study, three lakes were selected to be measured during the field
campaign; Zandbergsven, Groot Huisven and Belversven; the first one is a shallow
moorland pool, the second one is a larger lake and the Belversven is a huge and
deep lake with more than 1000-1500m shoreline. Zandbergsven and Groot Huisven
lakes were almost completely mapped in one UAV flight each time, whereas only a
part of the Belversven was mapped by the UAV platform due to its size and the flying
restrictions.

9

3. Materials and methods

Figure 1. Lakes measured at the Kampina area. The red boxes indicate the parts of the lakes that were
mapped by the UAV platform during the field campaign.

The criteria for choosing these three lakes at the Kampina as part of the study area
are the following:
 Their different spatial characteristics (e.g. size, depth). These differences can
reveal the variability of the water quality indicators between the lakes.
 Their importance for the Dutch authorities. These three lakes are the mostly
common measured lakes.
 The availability of previous field measurements. Field data can be used to
validate the UAV-based estimates and check if the values can be realistic.
 The flying regulations for the professional use of UAVs (e.g. 150m away from
buildings and roads). Also, the preference of flying the UAVs in open fields
than in forest areas was taken into account.
Previous researches on the indicators that affect the water quality of the three lakes
have been reported by authorities, Water Boards and other stakeholders. The
estimations of the parameters are based only on in-situ data in random points and
from different time periods, without including remote sensing data. An overview of the
estimates of chlorophyll-a, turbidity and water temperature is displayed in Table 2.
The field data were provided by Herman van Dam (Senior Consultant at Water en
Natuur).
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Table 2. Overview of chlorophyll-a, turbidity and surface water temperature estimates for the three
different lakes in the Kampina (data provided by Herman van Dam). The red box indicates the highest
value and the yellow box the lowest value for each parameter.

Chlorophyll-a (μg/l)
Zandbergsven (n=12)

Groot Huisven (n=13)

Belversven (n=25)

min

max

median

min

max

median

min

max

median

<5

365

19

<5

100

17

<4

510

30.5

Turbidity (NTU)
Zandbergsven (n=2)

Groot Huisven (n=7)

Belversven (n=2)

min

max

median

min

max

median

min

max

median

2

3

2.5

1.6

20

5

2

5

3.5

Surface water temperature (°C)
Zandbergsven (n=13)

Groot Huisven (n=49)

Belversven (n=38)

min

max

median

min

max

median

min

max

median

4.7

25.8

17.3

6.4

23.5

17.3

3.9

24.6

15.6

Chlorophyll-a and turbidity are measured less frequently and there are fewer
measurements compared to the surface water temperature. For instance only two
measurements of turbidity for the Belversven lake are reported. The time periods that
each parameter is estimated deviate for each lake. The monitoring period of the
surface water temperature for the three lakes was larger in general (data
approximately from 1980 to 2014) than for the other two parameters (data from
almost the last ten years). The locations from the field measurements are not known.
Chlorophyll-a and water temperature get their highest values during the summer
(around July) and they decrease from August-September. It seems based on the
data that the two water quality parameters can be correlated following the same
trend. Turbidity measurements are not enough to draw a conclusion upon its
seasonality and trend.

3.2 Data acquisition
The field campaign at the Kampina was carried out on the 19th of October 2015 and
the flights for the three lakes were all executed at the same day, starting from around
10 AM to 5 PM. The first lake measured was the Zandbergsven, the second one was
the Groot Huisven and lastly the Belversven lake. Both aerial and ground data was
obtained using different remote sensors. UAV hyperspectral and thermal data along
with in-situ data by a handheld spectrometer and a laser thermometer was obtained
for the estimation of the three water quality parameters (see 3.2.1 and 3.2.2
sections).
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The weather conditions were not optimal for the data acquisition. Almost fully
overcast, high levels of humidity and slight rain during the morning describe the
weather condition before the afternoon, while collecting the data from the
Zandbergsven lake. The conditions were more optimal for data acquisition during the
afternoon when the last two lakes (Groot Huisven and Belversven) were measured.
Figure 2 below depicts the sun radiation for the entire day, taken by the Gilze Rijen
weather station, which is around 30 kilometers away from the study area. The
difference in illumination can also be seen by the RGB UAV images for the three
lakes in Appendix B.

2

th

Figure 2. Sun global radiation [J/cm ] on the 19 October 2015 during the field campaign. The boxes
represent the lakes at the time of the data acquisition (red: Zandbergsven, yellow: Groot Huisven,
green: Belversven).

3.2.1 UAV data
Both hyperspectral and thermal data imagery was obtained. For the estimation of
chlorophyll-a and turbidity, the Rikola camera was mounted to the UAV platform.
Rikola is a lightweight (~720g) hyperspectral snapshot camera with a default spectral
range between 500 and 900 nm (www.rikola.fi). It is a programmable camera, in
which the spectral bands can be initially selected by the user. It can measure the
reflectance up to 16 wavelengths in the default range. In this case, NIR and red
spectral bands were mostly used to estimate chlorophyll-a and turbidity. The
wavelengths in the Rikola camera were selected with the help of Harm Bartholomeus
before the field campaign. Some of the wavelengths were chosen based on the
algorithms that were used for the parameters estimation and the rest were selected
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in order to capture information mostly from the red and NIR bands. The wavelengths
that were selected in the Rikola camera are illustrated in Table 3.

Table 3. Wavelengths measured by the Rikola camera.

Spectral Band

Wavelength (nm)

Band Width (nm)

Green

502.9

11.5

Green

510

16.7

Green

529.6

15.5

Green

550.2

15.7

Green

554.9

14.4

Green

570

14.9

Red

630

14.7

Red

664.5

14.7

Red

669.6

14.8

Red

671.6

15.2

NIR

704.2

14.8

NIR

708.1

14.7

NIR

739.9

13.5

NIR

750.2

15.1

NIR

775.7

14.0

NIR

870.2

19.4

Figure 3. UAV platform (left) (source: Suomalainen et al., 2014) and Rikola hyperspectral camera
(right).

Concerning the thermal data, Avio NEC Thermal Imager R300SR (consumer
camera) was used to acquire thermal UAV images. Additionally, a GoPro Hero 3
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camera was also mounted to the platform during every hyperspectral flight and also
during the last thermal flight above the Belversven lake. The GoPro camera has a
wider footprint than the Rikola and the thermal camera, hence additional images with
broader view of the target lakes were acquired, which were helpful during the
preprocessing analysis steps. Along with the sensors, a GNSS (Global Navigation
Satellite System) receiver, with accuracy of approximately 3-5m was also used to get
the coordinates of the UAV hyperspectral and thermal images.
Specifications of the cameras that were used on the UAV platform can be found in
Appendix D.

Figure 4. Rikola and GoPro Hero 3 cameras (left) and thermal and GoPro Hero 3 cameras from the last
thermal flight on the Belversven lake (right).

Before the execution of each flight, 10 reference panels (Figure 5) with absolute
reflectance were used as GCPs and placed along the shoreline. Their geo-location
was obtained by an RTK-GPS (Real Time Kinematic GPS) (accuracy < 0.8cm in the
horizontal plane, < 1.3cm in the vertical plane). The GCPs where visible by the
hyperspectral data and were used for the radiometric calibration of the UAV
hyperspectral data. The locations that the reference panels were place along the
three lakes are depicted in Appendix B.
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Figure 5. Reference panel with absolute reflectance used in the field campaign as GCPs.

Since orthorectification and georeference of UAV images is a difficult procedure,
according to the literature review and to other past relevant studies, the approach
regarding the aerial data acquisition was to acquire images in which part of the land
is visible. Most of the images taken above each lake had part of the shoreline visible.
However, the images taken at the central part of the lakes were impossible to depict
part of the land, due to the high resolution of the Rikola camera and the flight altitude
regulations (maximum altitude - 120 m).
The low illumination and the humidity affected the quality of the aerial data and
especially the hyperspectral data, which was too noisy making the preprocessing
(orthorectification and mosaicing) difficult (see also Approach section).
3.2.2 Field data (WISP-3)
Apart from the UAV data, ground remote sensor instruments were also used for the
validation of the UAV-based estimates. For the local estimation of the chlorophyll-a
and turbidity, WISP-3 was used (Figure 6). WISP-3 is a handheld spectrometer
developed by Water Insight company for collecting optical in situ data. It measures
the reflectance of the water surface, which can provide information on the contents of
the water column. Hence, water quality parameters, such as chlorophyll content and
total suspended matter (TSM) can be derived from the reflectance spectra based on
dedicated algorithms. Its optical spectral range is between 380 and 800 nm
(approximately), with a band width of 4.9 nm (Hommersom et al., 2012). Although
WISP-3 does not measure turbidity directly, its estimates can be obtained by the
TSM measurements. TSM and turbidity are highly correlated (R2=0.9), according to
Colley & Smith (2001). Moreover, a handheld laser thermometer (Raytek Raynger
ST) was used (provided by the Geo-Information and Remote Sensing Department of
Wageningen University) for the estimation of the instantaneous surface water
temperature. Together with the ground sensors, a GNSS receiver was also used in
order to spatially reference the sampling / validation points.
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WISP-3 and the laser thermometers get estimates at the surface layer, so the
observability difference, regarding the depth of the estimates in this case does not
exist. The signal of WISP-3 measurements was influenced by the bottom visibility at
almost every sampling point. The bottom part of the lakes was mostly accumulated
by vegetation and soil. It is also important to mention that the weather conditions also
affected the quality of the in-situ data. In many cases during the data acquisition at
the Zandbergsven lake, WISP-3 could not get estimates for the chlorophyll-a and
TSM due to the extremely low illumination conditions. The SNR from the handheld
spectrometer was higher than the SNR from the UAV data, since the former gets
measurements from a distance of almost 1.5m height from the water surface,
meaning that the interference of the atmosphere is negligible over this distance
(Laanen, 2007).

Figure 6. WISP-3 sensor provided by WaterInsight company to collect optical in situ data.

3.3 Approach
The general approach that was followed during this study is depicted in Appendix A.
Each step of the approach is explained in the following chapters.
3.3.1 UAV Hyperspectral data
3.3.1.1 Filtering
The hyperspectral images from the Rikola camera were noisy, mostly for the
Zandbergsven and the Groot Huisven lakes, which can be explained by the fact that
the exposure time used on those images was too short for the illumination conditions
that were present during the field campaign. Therefore, smoothing of the
hyperspectral images was needed before the orthorectification and georeference
steps. A filtering technique was applied to the raw hyperspectral images and the
mean value of a 4x4 window was extracted for all of the images. This pre-processing
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step was done by Juha Suomalainen (Geo-Information and Remote Sensing
Department of Wageningen University).
3.3.1.2 Radiometric calibration
Most of the hyperspectral sensors provide raw data with pixel values in digital
number (DN), meaning that the radiometric calibration has two steps; first to
transform the DN into radiance (L) and then to transform the radiance into reflectance
factor (R). The advantage of Rikola is that the raw data are already processed
automatically in radiance, so the transformation into reflectance factor is the only
required step.
The radiometric calibration in this study was done according to the processing chain
developed by the Geo-Information and Remote Sensing Department of Wageningen
University and with the help of Juha Suomalainen.
The approach of this step is a pixel-based transformation in which the reference
panels were used. The mathematical equation used to transform the radiance into
reflectance factor for all of the raw images is the following:
𝑅𝑖𝑗 =

𝐿𝑖𝑗
𝐿𝑟𝑒𝑓

𝑅𝑟𝑒𝑓

(1)

where Rij is the reflectance at every pixel of the transformed image, Lij is the radiance
at every pixel of the raw images, Lref is the radiance of the central (white) part of the
reference panel, which is selected by the raw hyperspectral data, where the
reference panels are visible and Rref is the absolute reflectance of the central part of
the reference panel. This reflectance of the reference panel was set in this case to
0.9.
After the radiometric calibration step, the transformed hyperspectral images are then
saved as a .TIFF file format.
3.3.1.3 Orthorectification and georeference
The orthorectification and georeference of the hyperspectral images was done in
Agisoft PhotoScan (Version 1.0.4), an advanced image-based 3D modelling
software. The general workflow and the steps of the orthorectification and
georeference procedure are depicted in Figure 7.

load photos
into
PhotoScan

ispect photos
/ remove
unnecessary
photos

build dense
point cloud

align photos

build mesh
(3D model)

export
orthophoto

Figure 7. General workflow of the orthorectification and georeferencing pre-processing steps using
Agisoft PhotoScanc 3D modelling software.
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The first step of the procedure was to add all of the images taken for each flight and
select the images of the useful wavelengths that are essential for the water quality
parameter extraction (see chapter 3.3.3). After checking the images loaded and
removing the unnecessary ones (e.g. the photos taken during the take-off and
landing of the UAV platform) the alignment of selected images is then automatically
done by the software. Agisoft finds common points at the UAV images in order to
match them together. The general preferences that were set for the alignment can be
seen in Figure 8.

Figure 8. Preferences window during the step of photos alignment.

The accuracy was set to "High", which defines the quality of the output, but
decreases the procedure time for aligning the images. The pair preselection that
corresponds to the approach of the pictures alignment was set to the "Ground
Control" option, by which the stitching of the images is done based on the
coordinates of each snapshot. The coordinates of each image was defined by the
GNSS receiver that was mounted on the UAV platform during the flights. The result is
a sparse point cloud and a set of images position (Figure 9).
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Figure 9. Result of the dense point cloud generation of the Belversven lake.

After aligning the hyperspectral images, the creation of the 3D model is the next step
of the procedure (build mesh). Agisoft creates a 3D polygonal mess which represents
the object surface based on the sparse point cloud. The general preferences for
creating the 3D surface model are depicted in the Figure 10.

Figure 10. Preferences window during the step of the 3D model creation (build mesh).

The surface type was set to "Height field" and the polygon count to "High". Height
field is used to model the terrain surface and it is selected as an option for aerial
photography processing and when dealing with large datasets, since it does not
require large amount of memory. The polygon count represents the accuracy of the
terrain surface model. After the creation of the 3D model the generation of the
orthophoto can be further done (Figure 11). While exporting the orthophoto in a TIFF
file, the coordinate system was set to WGS84 and the spatial resolution of the
georectified orthophoto changed into 1x1m2. The initial resolution was 15x15cm2 but
setting coarser resolution for the generation of the orthophoto, can result in a
smoother output with less errors and artefacts.
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Figure 11. Result of the 3D model generation for the Belversven lake.

3.3.2 UAV Thermal data
The raw thermal data taken by the UAV sensor measured the surface and
subsurface temperature directly in °C units. The quality of the thermal data was low
in general, which affected the orthorectification procedure (see 3.3.2.1 section). Most
of the UAV images of the thermal sensor were blurred due to the instability of the
UAV platform (because of the wind, humidity or because of the weight of the camera
itself). Moreover the coarse resolution of the thermal camera in addition to the large
size of the target lakes caused problems during the orthorectification and
georeference steps. However, no filtering approaches were applied in case of
thermal data.
3.3.2.1 Orthorectification and georeference
The orthorectification and georeferencing steps for the thermal UAV images was not
able to be done in Agisoft PhotoScan. As stated earlier most of the images did not
overlap and in addition to the low resolution, Agisoft software was unable to find
common features between the snapshots to make the alignment.
ArcGIS was then used for this preprocessing step. Thermal images that were
overlapping were selected and stitched together using manual GCPs. The result of
the alignment of a number of images was then georeferenced using the RGB images
as a reference.
Zandbergsven lakes was unable to get mapped by the thermal UAV images, since
almost all of them were blurred, due to the instability of the UAV platform. Moreover,
most of the images depict only water or land, making the alignment impossible.
Another significant aspect, was that the thermal camera stopped recording for more
than one minute during the flight. As it comes to the other two lakes, the quality of the
thermal data seem better. However, only parts of the lakes managed to get mapped,
mostly where both water and land was visible by the UAV images and where the
snapshots were overlapping.
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All of the thermal images had problems with pixel-errors. After the orthorectification
and georeferencing steps, the faulty pixel values were corrected from the thermal
georectified orthomosaics by using a two-step approach:
1. The faulty pixels were given the value “NA”
2. New values were calculated by averaging a 5x5 area surrounding the faulty
pixel, ignoring the “NA” values.

Figure 12. UAV thermal orthomosaic created for the Belversven lake. In the left picture the faulty pixels
can be seen (which were given NA value) and in the right picture are interpolated by getting the average
value of a 5x5 window. The unit of the temperature values is in °C.

The faulty pixels had extremely high or low values in comparison to the range of the
the values of land and water. As a result, they were easy to be removed by the
orthomosaic. However, in one of the tree thermal orthomosaics in total, the removal
of all faulty pixels could not be done because the faulty pixels got values in the
default range of values for water and land (see Results section).
3.3.3 Algorithms for water quality parameters extraction by hyperspectral data
The chlorophyll-a and turbidity algorithms that were used in the current study were
chosen in cooperation with Water Insight company.
3.3.3.1 Chlorophyll-a
Many algorithms have been developed for the retrieval of chlorophyll-a
concentrations in water bodies (Moses et al., 2012;Augusto-Silva et al., 2014).
According to Alberti et al. (2013) and Gons et al. (2005), band ratio algorithms are
commonly used and can give accurate estimates of chlorophyll-a concentrations
(Gons et al., 2005). Band ratio algorithms are based on the reflectance ratio between
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spectral bands (Pinkerton et al., 2005). It is proven, according to Gons et al. (2002)
that there is a strong relationship between the chlorophyll-a concentration and the
ratio reflectance between NIR and red bands, for various lakes, since the
interference in the signal of other constituents in this ratio, can be minimized in the
water column (Augusto-Silva et al., 2014).
A NIR to red ratio algorithm was developed and used by Gons et al. (2005) for the
retrieval of chlorophyll-a (Chl a) and the uncorrected pigment (Chl a-u) (for the same
water types). The difference between chlorophyll-a and the uncorrected chlorophyll
is that the first one is the major pigment of phytoplankton (Augusto-Silva et al., 2014),
whereas the latter one contains all color pigments of phytoplankton. This algorithm
uses the reflectance ratio between 708 nm (NIR reflectance peak in eutrophic water)
and 664 nm wavelengths (red absorption peak of chlorophyll-a), the absorption
coefficient of water aw(λ) for these wavelengths and the backscattering coefficient bb
retrieved by the reflectance at 776 nm wavelength (Gons et al., 2002). The
mathematical equations (3) and (4) depict the estimation of chlorophyll-a and
uncorrected pigment respectively, based on the wavelengths explained above.

[Chl a] =

p

RM (aw (708)+bb )−aw (664)−bb

(Gons et al., 2005) (2)

a∗ (664)

[Chl a − u] =

p

RM (aw (708)+bb )−aw (664)−bb
a∗ (664)

(Gons et al., 2005) (3)

where, RM = R776/R664 ratio, aw(708) = 0.70m-1, aw(664) = 0.40m-1, a*(664) (Chl a) =
0.016, a*(664) (Chl a-u) = 0.014, p (Chl a) = 1.06, p (Chl a-u) = 1.05,

bb =

1.61R(778)
0.082−0.6R(778)

(Gons et al., 2005) (4)

For some researches it is not important to separate these pigments, so equation (3)
is used. WIPS-3 sensor uses the equation (2) for the estimation of chlorophyll-a
(Alberti, 2013). In the current study, the equation (2) will be also used for the
extraction of chlorophyll-a concentrations by the UAV reflectance spectra, in order to
better assess the correlation between the UAV-based and WISP-3 results.
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3.3.3.2 Turbidity
For the turbidity extraction a NIR single band algorithms that was developed by
Nechad et al. (2009), was used in the current study. Although turbidity can get
different definitions and it is related with cloudy or opaque waters, Nechad et al.
(2009) used the definition “quantitative measurement of diffuse radiation”, according
to the International Standard Organization ISO 7027, based on which they developed
and calibrated the algorithm. Remote sensing-wise, this is a measurement at 870 nm
wavelength of the ratio between the 90° scattered light and the transmitted light.
According to Dogliotti et al. (2015) the algorithm by Nechad et al. (2009) that was
also used in their study for turbidity estimation can be valid for all water bodies,
regardless of the geographic region, particle type, size, composition and
concentration.
The theoretical basis of the algorithm is based on the Total Suspended Matter (TSM)
algorithm developed and described by Nechad et al. (2010), since it is proven that
there is strong correlation between the two water quality parameters (R2=0.96),
according to Colley & Smith (2001). In the study of Nechad et al. (2009) the algorithm
is adapted by replacing the relationship between the backscatter and TSM with the
relationship of backscatter and turbidity.
Nechad et al. (2009) suggest to use the 870 nm wavelength for the turbidity
estimation, however in the current study the 860 nm wavelength is used, since the
Rikola measured the reflectance at the latter wavelength, according to the initial
settings of the hyperspectral camera. Turbidity can also be estimated by wavelengths
±30 nm from the 860 nm (http1).
The turbidity algorithm, which is expressed by the water-leaving reflectance is the
following:

Τ=

Αλ
T ρw (λ)
(1−ρw (λ)/Cλ

(Nechad et al., 2009)(5)

where, A is the turbidity factor at the 860 nm wavelength and can be defined by the
ratio between non-particulate absorption and the turbidity specific particulate
backscattering (see equation 6). C is another turbidity factor which is defined by the
ratio of the turbidity specific particulate backscattering and the summary of turbidity
specific particulate absorption and the turbidity specific particulate backscattering
(see equation 7). Finally, ρw is the water leaving reflectance at the 860 nm
wavelength.

𝐴𝑇 =
𝐶=𝑔

𝑎𝑛𝑝
𝑔𝑏𝑏𝑝𝑇
𝑏𝑏𝑝𝑇

𝑎𝑝𝑇 +𝑏𝑏𝑝𝑇

(Nechad et al., 2009)(6)

(Nechad et al., 2009)(7)

where, anp is the non-particulate absorption, bbpT is the turbidity specific particulate
backscattering, apT is the turbidity specific particulate absorption and g is a constant.
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According to the Nechad et al. (2009), the AT and C hyperspectral calibrated
parameters have the following values for the 860 nm wavelength:
AT = 2059.37 FNU-1 & C = 0.211
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4 Results
4.1 UAV hyperspectral georectified orthomosaics
The orthomosaics creation was the next step after the orthorectification and
georeferencing. In the next parts of the Results section the orthomosaics of the target
lakes are displayed showing the reflectance values. The reflectance both for land and
water pixels seem to be low in general due to the low incoming global radiation. As
stated in the previous sections, weather conditions were not optimal for aerial data
acquisition and they affected the results of the orthomosaics creation after the
imagery alignment. Therefore it might useful to atmospherically correct the
hyperspectral data before the parameters extraction. However, this is not proposed
and studied in the current research.
For the creation of the hyperspectral georectified orthomosaics only the useful (for
the chlorophyll-a and turbidity extraction) wavelengths were used. This means that
only the UAV snapshots from these wavelengths were used for the orthorectification.
Four georectified orthomosaics were created; one for each wavelength (664, 708,
776, 870 nm). The other wavelengths were excluded from the orthorectification
procedure in Agisoft. Using more UAV images that might later not be used for the
water quality parameter extraction slows down the orthorectification procedure. (In
this case, using only the images taken by the four wavelengths the time needed to
create the orthomosaics was almost 2-3 hours. In case using the information by all
16 wavelengths the orthorectification procedure would be much slower. In addition
the more information is included to the software the higher the requirements of the
PC should be in order to get the outcomes).
The creation of the orthomosaics in Agisoft PhotoScan was a challenging procedure.
The problem of the noise (because of the low illumination and humidity) in the data
affected mostly the outcome at the Zandbergsven lake. The atmospheric conditions
influenced the stability of the UAV platform and as a result almost all of the images
taken were shaky and with a shifted orientation, making the orthorectification
impossible. Agisoft software was almost unable to find common points to stitch the
images to create the orthomosaics, because of the shifted orientation and
atmospheric conditions.

25

4. Results

Figure 13. Result of the dense point cloud of the Zandbergsven lake. The low quality data did not allow
to create the orthomosaic of the Zandbergsven lake.

Figure 13 illustrates the shifted orientation of the UAV hyperspectral images at the
Zandbergsven lake. It seems that only a small part of the lake was orthorectified, but
still its orientation is shifted, meaning that the 3D model of the lake could not be
created correctly. An example of a correct dense point cloud generation can be seen
in Figure 9.
Regarding the other two lakes, the noise due to the weather conditions was less than
in the Zandbergsven lake but still obvious and it was more pronounced in the Groot
Huisven than in the Belversven lake, where the illumination conditions were more
optimal for aerial data acquisition. (This can also be seen by the RGB images in
Appendix B). At lower wavelengths (e.g. 664 nm) land cannot be differentiated from
water based on the reflectance values, making the orthorectification at some parts of
the lake impossible. However, in larger wavelengths the contrast between the
boundaries of water and the shoreline is higher due to the reflectance, which is lower
in the water and higher in the land that is covered mostly by vegetation and soil. This
can be seen by the histograms in Figures 16 and 17 and is explained in the next
paragraphs.
Another issue that was also part of other relevant studies is the interference of the
water surface at the preprocessing procedure of the orthorectification. The water
surface caused problems while aligning the UAV images in which only water areas
were visible. Agisoft software could not find common features in these areas in order
to stitch the images for the creation of the orthomosaics. Hence, parts of the lakes
could not be completely mapped, especially for the Groot Huisven lake, where mostly
in the middle part of the lake the orthorectification was impossible.
Figures 14 and 15 depict the georectified orthophotos with the reflectance values of
the four different orthomosaics for the Groot Huisven and Belversven lakes.
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Figure 14. Georectified orthomosaics depicting reflectance values of the Groot Huisven lake (created in
Agisoft PhotoScan).

27

4. Results

Figure 15. Georectified orthomosaics depicting reflectance values of the Belversven lake (created in
Agisoft PhotoScan).

The reflectance values for the two lakes at all of the four wavelengths are generally
low. The summary of statistics of the reflectance are displayed in Tables 4 and 5 and
the histograms for the values for the four wavelengths of Groot Huisven and
Belversven lakes are also depicted in Figures 16 and 17. Higher reflectance values
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can be noticed in the Belversven than in the Groot Huisven lake due to the higher
illumination conditions at the first one during the aerial data acquisition.
Spatial patterns on the surface water reflectance can be also distinguished by the
spatial maps (Figures 14 and 15) and mostly by the 776 nm wavelength orthomosaic,
which is more sensitive to vegetation (close to red edge position). The water areas
along and close to the shoreline seem to have higher reflectance values, which can
be explained by the shallow waters and due to bottom visibility. Sandy soil and
vegetation are mostly present at the bottom part of the lakes, which directly affect the
reflectance. This is more pronounced at the north part of the Belversven lake and
close to the shoreline, where the waters are very shallow (10-50cm depth) and
emergent aquatic vegetation is also part of the water surface.

Figure 16. Reflectance values histograms of the georectified orthomosaics of Groot Huisven lake.
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Figure 17. Reflectance values histograms of the georectified orthomosaics of Belversven lake.

Table 4. Summary of reflectance values for the four wavelengths of Groot Huisven lake.

Wavelength (nm)

Min Reflectance

Max Reflectance

Mean Reflectance

664

0.02

0.19

0.08

708

0.01

0.22

0.09

776

0.01

0.43

0.14

870

0.02

0.46

0.16
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Table 5. Summary of reflectance values for the four wavelengths of Belversven lake.

Wavelength (nm)

Min Reflectance

Max Reflectance

Mean Reflectance

664

0.03

0.3

0.1

708

0.032

0.36

0.129

776

0.021

0.603

0.224

870

0.01

0.54

0.18

Based on the Figures 16 and 17, it can be noticed that at the 664 nm wavelength the
water and land pixels have almost the same reflectance, making the distinction
between the water and land difficult, which results in difficulties in the
orthorectification procedure. On the other hand, the distinction between water and
land is visible by the other three wavelengths in both Groot Huisven and Belversven
lakes. Two peaks are visible in Figures 16 and 17 for the 708, 776 and 870 nm
wavelengths. The first peak represents the water pixels, whereas the second peak
represents the land pixels. This explains why the orthorectification was easier and
gives a better results for the 708, 776 and 870 nm wavelengths for the Groot Huisven
and Belversven lake.

4.2 Chlorophyll-a
After applying the empirical algorithm (2) for chlorophyll-a, proposed in the 3.3.3.1
section, for the Groot Huisven and Belversven lakes, the spatial maps, depicted in
Figures 18, 19 and 20 came up. The spatial resolution of the maps is 1x1m2.
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Figure 18. Chlorophyll-a raster of the Groot Huisven lake. The raster is not accurately georeferenced
because of the inaccuracy of the GNSS that was mounted on the UAV platform, based on which the
georeferencing was done.

The georeferencing of the spatial map of chlorophyll-a for the Groot Huisven lake
seem to be inaccurate based on the satellite basemap. This can be explained by the
inaccuracy of the GNSS receiver that was mounted on the UAV platform based on
which the georeferencing was done in the preprocessing step while creating the
georectified orthomosaics in the Agisoft PhotoScan software. As a result, the spatial
chlorophyll-a map was then further georeferenced manually in ArcGIS, using manual
GCPs. The result of the new georeferenced chlorophyll-a map is depicted in Figure
19.
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Figure 19. Georeferenced (in ArcGIS) chlorophyll-a raster of the Groot Huisven lake.
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Figure 20. Chlorophyll-a raster of the Belversven lake.

Contrary to the Groot Huisven lake, the chlorophyll-a spatial map for Belversven lake
seem to be more accurate and further georeference was not needed in this case.
Based on the spatial maps of the two lakes, it can be noticed that the chlorophyll-a
for both lakes is generally low (less than 200 μg/l), due to the low reflectance values
and comes close to the values provided by the field data by Herman van Dam (Table
2). However, there are few higher values of chlorophyll-a (close to 500 μg/l), which
can mostly be distinguished close to the shoreline, where the water is more shallow.
In these regions, submerged aquatic vegetation is also visible and affects the signal
by the UAV platform, giving higher reflectance values, which in turn results in higher
chlorophyll-a estimates. In cases of extreme chlorophyll-a values (>500 μg/l), these
can be explained also by the emergent vegetation which is present close to the land.
Hence, reflectance values in these regions are higher and they affect the chlorophylla estimation, since in many areas the signal that is returned to the UAV sensor is
almost pure vegetation than water. In more open waters chlorophyll-a seem to be
more homogeneously distributed over the lakes, since in these areas the spatial
characteristics (depth, presence of vegetation) of the lakes do not change, compared
to the areas close to the shoreline.
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Additionally, based on the Figures 19 and 20 it can be seen that there are pixels in
the spatial maps with no chlorophyll-a value, since the rasters of this parameter for
both lakes are not complete. These gaps in the spatial maps represent negative
chlorophyll-a values which were excluded as they cannot be realistic. In the
Discussion section the origin of these negative values is further explained.

4.3 Turbidity
After applying the empirical algorithm (5) for turbidity, proposed in the 3.3.3.2 section,
for the Groot Huisven and Belversven lakes, the spatial maps in Figures 20, 21 and
22 came up. The spatial resolution of the maps is 1x1m2.

Figure 20. Turbidity raster of the Groot Huisven lake. The raster is not accurately georeferenced
because of the inaccuracy of the GNSS that was mounted on the UAV platform, based on which the
georeferencing was done.

The turbidity raster of Groot Huisven lake (Figure 20) seems to be inaccurately
georeferenced (same as the chlorophyll-a raster of the same lake), due to the GNSS
receiver that was mounted on the UAV platform, based on which the georeferencing
was initially done. Thus, it was again manually georeferenced using ArcGIS (Figure
21).
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Figure 21. Georeferenced (in ArcGIS) turbidity raster of the Groot Huisven lake.
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Figure 22. Turbidity raster of the Belversven lake.

Turbidity gets higher values close to the shoreline and where the water in more
shallow. In these shallow areas, reflectance is influenced by both submerged and
emergent vegetation, which directly affects the UAV turbidity results. It can be stated
that the turbidity patterns in both lakes seem to follow some of the patterns of
chlorophyll-a. Turbidity is a parameter that is influenced by the presence of algae in
the water column and this is the reason why turbidity can be correlated to the
chlorophyll-a. However, the values of the turbidity cannot be compared with the
values of the field data provided by Herman van Dam and the WISP-3
measurements. The field data for turbidity are limited (around to 2-5 measurements)
for each lake. In addition, the unit that turbidity is measured by Herman van Dam is
different than the unit by the turbidity algorithm (field data in NTU, UAV results in
FNU). The difference between the two units is the way that turbidity is measured (see
Algorithms section for information about the FNU unit). WISP-3 does not measure
turbidity, but TSM matter instead, which is highly correlated to turbidity. Moreover,
the unit of the measured TSM is again different (TSM by WISP-3 in mg/l).
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4.4 Surface Water Temperature
The georectified orthomosaics of the thermal data for the Groot Huisven and
Belversven lakes are depicted in Figures 23 and 24.

Figure 23. Temperature raster of the Groot Huisven lake, created in ArcGIS. The red spots at the lower
part of the raster are faulty pixel values that could not be removed.
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Figure 24. Temperature raster of the Belversven lake, created in ArcGIS.

Starting with the results of the orthorectification for the two lakes it can be seen that
Groot Huisven lake still contain some faulty pixels in the temperature raster (red
spots in the water area ), which are extreme values that could not be removed after
the orthorectification procedure. The temperature raster of the Belversven lake has
all of the faulty pixels removed after the UAV thermal imagery alignment. In the
Recommendations section is proposed how the procedure of the faulty pixels
removal should be done in order to prevent errors in the outcomes.
The surface water temperature in both Groot Huisven and Belversven lakes is
reasonable, since they lie on the values measured by the laser thermometer during
the field survey and the values provided by Herman van Dam (Figure 26). It can be
seen that the water has higher temperature close to the shoreline and lower than 9°C
away from the coast. Also, in more shallow waters, where turbidity and chlorophyll-a
values are higher, surface water temperature seem to be also higher. Water
temperature is an indicator that is directly affected by other water quality parameters.
High values of turbidity or chlorophyll-a for example also indicate higher temperature
values. No high or low extreme temperature estimates can be noticed by the UAV
sensor or the laser thermometer. The field data by Herman van Dam however,
contain values higher than 20°C. This can be explained by the fact that the existing
field measurements are mostly taken during the summer period (May-August), where
we do expect higher water temperature values, whereas the field survey took place
at the end of October.
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4.5 Validation of UAV-based estimates with the in-situ measurements
The results of the UAV-based estimates for chlorophyll-a and turbidity were
compared with the WISP-3 measurements, whereas the UAV-based surface water
temperature estimates had to be compared with the instantaneous water temperature
measured by the laser thermometer.
After the extraction of the parameters and the creation of the spatial maps, the UAV
values were extracted by the spatial maps for all of the validation points for the Groot
Huisven and Belversven lakes. However, some validation points do not overlap with
a UAV pixel value either due to the inaccuracy of the GNSS receiver (3~5m) or due
to the removed values (in case of chlorophyll-a). Therefore, a 2m buffer was created
around each point and the mean value was extracted by each buffer and then used
for the validation with the ground measurements.
Few points were selected for validation in all of the three lakes in the Kampina, due
to their inaccessibility. The validation points are not enough for the accuracy
assessment and no conclusion upon the representativeness of the UAV-based
estimates can be drawn. More points are needed in order to extract information on
the accuracy of the UAV-based results.
Moreover, in case of turbidity and temperature water quality indicators, the validation
was not possible (see next sections). Thus, the UAV values were also compared with
the ground measurements and the field data by Herman van Dam in terms of the
range, in order to check if they can be realistic.
Appendix B shows the location of the validation points for each lake.

4.5.1 Chlorophyll-a results
The chlorophyll-a parameter was measured in 5 different points in the Groot Huisven
lake and in 3 sampling points in the Belversven lake, by the WISP-3 sensor (8
validation points in total). However, only 5 sampling points in total; 3 from the Groot
Huisven and 2 from the Belversven lakes, were used for the validation. In the other 3
points there was not able to get a UAV-estimate. This happens because of the
inaccuracy of GNSS receiver or the interference of the vegetation (e.g. trees), which
affect the signal of the GNSS. Hence these three points do not really represent the
accurate geo-location.
The comparison of the UAV results with the WISP-3 measurements for the
chlorophyll-a is depicted in Figure 25.

40

4. Results

Figure 25. Validation of UAV-based chlorophyll-a estimates with the WISP-3 measurements for the
2
different points in Groot Huisven and Belversven lakes. The regression coefficient (R ) is close to 0.2,
which indicates that there is almost no correlation between the UAV and the WISP-3 measurements
based on the current measurements.

Based on Figure 25 it can be seen that in the second and fifth validation points the
results of the UAV and WISP-3 are close, whereas in the other points there is a
significant difference. Emergent vegetation is the reason why in some points
(validation point 1 and 4) the UAV value is much higher than the WISP-3 estimate.
Minding also the spatial resolution of 1x1 m2 of the chlorophyll-a raster, means that
chlorophyll-a get its mean value for every 1 m2, resulting in the mixing of pure water
pixels with emergent aquatic vegetation pixels. On the other side, measurements of
only pure water pixels were done by the WISP-3 sensor.
In case of validation point 3 where the UAV value is much lower than the WISP-3
outcome, this can be explained by the fact that there are a lot of “no chlorophyll-a”
pixels inside the raster (chlorophyll-a value meant to be zero). The spatial variability
that is present at many parts of the raster in a 1 m2 area affects the average
chlorophyll-a UAV-based result. Moreover, it should be taken into account that the
creation of a 2 m buffer around each validation point, also decreases the accuracy of
the UAV chlorophyll-a result, by averaging the chlorophyll-a value inside the buffer
zone.
Both the UAV and the WISP-3 values were also compared with the field
measurements (point samples) by Herman van Dam, in order to check if they can be
realistic regardless of their location.
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Figure 26. Range of the chlorophyll-a values measured by the different sensors. The white box
represents the mean value of each sensor.

In Figure 26 the range of chlorophyll-a values is depicted for all of the different
measurements (field measurements, UAV and WISP-3). It can be seen that the
range from the field data is larger, with higher chlorophyll-a values. On the other
hand, the range from the UAV and WISP-3 values are almost overlapping. The mean
chlorophyll-a value from all of the measurements is close to each other, meaning that
the UAV values can be realistic and representative to the WISP-3 and the existing
field measurements. No extreme values can be observed based on the WISP-3 and
UAV data. It is important however to notice that the field data were collected in many
different time periods, in comparison to the UAV and WISP-3 data, indicating
temporal variability within the point-scale measurements of Herman van Dam.

4.5.2 Turbidity results
Concerning turbidity, the main challenge was that WISP-3 measured TSM in mg/l
instead of turbidity directly. As stated earlier in section 3.2.2, TSM is highly correlated
with turbidity. Another limitation was that the UAV-based turbidity estimates were
measured in FNU and it was not able to transform the latter unit in another (e.g.
mg/l). Moreover, the field data, although there are limited for the turbidity parameter
for the two lakes, are measured again in another unit (NTU) than the values by the
UAV sensor.
It was not possible therefore to compare the different measurements from the
different sensors in order to assess the representativeness of the UAV estimates to
the WISP-3 and the field data. Figure 27 illustrates the range of turbidity values from
the different sensors in different units.
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Figure 27. Range of turbidity values measured by the different sensors. The white box represents the
mean value of each sensor.

4.5.3 Surface water temperature results
The validation points, in which temperature was measured by the laser thermometer
do not overlap with the temperature rasters for the Groot Huisven and Belversven
lakes. This happens because of the limited mapping of the areas with the thermal
data and due to the inaccuracy of GNSS. Therefore accuracy assessment of the
UAV-based temperature estimates with the ground measurements was not possible
based on the existing points. The values of the surface water temperature of the
three different sensors were plotted to check if they overlap and to evaluate the
representativeness of the UAV-based values according to the field data (Figure 28),
without taking into account the location.
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Therefore, the representativeness of the UAV-based temperature estimates was
assessed based on the water temperature values of the laser thermometer and the
point scale values by Herman van Dam (Figure 28).

Figure 28. Range of surface water temperature values measured by the different sensors. The white
box represents the mean value of each sensor.

The field data by Herman van Dam seem to have larger range than the laser
thermometer values and the UAV-based estimates, since the field data is taken at
many different periods, including for example summer months when temperature is
higher and winter temperature can be low. Also the location of the field
measurements is not known. Hence, most of the point measurements might be close
to the shoreline, where the temperature is higher, due to the higher within the water
column spatial variability. The UAV values lie in the range of the field data and they
overlap with the laser thermometer values, although they seem to be lower. The
interference of the atmospheric conditions between the UAV platform and the water
can significantly influence the temperature results estimated by the thermal sensor.
On the contrary, the laser thermometer measurements and every point scale
estimate is done few meters above the water surface where there is almost no
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atmospheric influence. This fact can explain the lower values of surface water
temperature measured by the UAV thermal sensor.
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5 Discussion
5.1 Materials and methods
In the current study, different sensors were used in order to extract water quality
parameters. Rikola hyperspectral camera is applicable to water quality monitoring
applications, since it is a snapshot camera in which you can select the exact
wavelengths that are essential for the parameter extraction and it was also proposed
by Hoeber et al. (2015) based on the results of their study (explained in Literature
review section). Relevant hyperspectral camera was also successfully used to
assess water quality indicators by a UAV platform (Honkavaara et al., 2013). Apart
from the hyperspectral camera, a consumer thermal camera was used to estimate
water temperature. The images taken by the camera had to be filtered in order to
remove faulty pixels that were present and the low resolution of the camera did not
help during the orthomosaicking procedure. Additionally due to the resolution and
probably due to the time interval each snapshot was taken, most of the images could
not overlap. It is essential to acquire data with overlapping UAV images, which can
be helpful during the orthorectification step.
Concerning the in-situ data collected at the field survey, WIPS-3 and a laser
thermometer were used. WISP-3 handheld spectrometer measures the reflectance of
the water surface and can give direct estimates of water quality indicators, such as
chlorophyll-a and turbidity. Estimating parameters by a typical spectrometer needs
more time for data processing in this case. However, WISP-3 signal was influenced
by the low illumination conditions. This was more pronounced at the Zandbergsven
lake (weather conditions: fully overcast), where estimates could not be extracted by
the sensors at several points of the lake. Moreover, apart from the weather
conditions, the signal was also affected by the presence of vegetation in the
surrounded area and in few cases (mostly at the Groot Huisven and Belversven
lakes) WISP-3 could not get parameter estimates. In general, in more open and
accessible water bodies, multiple WISP-3 measurements in different parts of the lake
can help extrapolate the results in a broader scale and make water quality
parameters prediction for a larger area. The laser thermometer was handy in use and
is used in several studies. The results taken by this sensor seem realistic compared
to other field data.

5.2 Data processing
The data processing step was one the most challenging parts of the current study.
The orthorectification and georeferencing parts for both hyperspectral and thermal
data was difficult. The UAV hyperspectral data was processed in Agisoft PhotoScan
software whereas the UAV thermal data in ArcGIS. It can be stated that the
orthorectification procedure of hyperspectral data in Agisoft is not complicated,
however a lot of time (more than 2-3 hours in this case) is required to get a result for
each lake. Additionally, another requirement that is essential concerning this part is
the memory of the computer. Low memory can result in lower procedure speed and
problems, such as computer crashing. The problems of the georeferencing (not
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accurate georeferencing of the orthomosaics created) that was present in the current
study can be overcome following some of the suggestions proposed in the
Recommendations section. The thermal data processing was also a difficult and time
consuming procedure. Since Agisoft software could not create the thermal
orthomosaics, this part was done in ArcGIS manually.

5.3 Derived water quality indicators and validation of the UAV-based
results
5.3.1 Chlorophyll-a
Chlorophyll-a is a parameter that can vary not only depending on the season but also
depending on the day. More than four annual measurements should be done to
better assess its representativeness and accuracy (Bresciani et al., 2011). The
results were difficult to explain, since there are no relative references and literature to
compare the current outcomes. The results of chlorophyll-a extracted by the Rikola
camera seem to be realistic and representative based on the existing field data,
WISP-3 measurements and also results extracted by satellite data in other studies,
although they refer to larger scales (coarser spatial resolution).
For the investigation of the negative UAV-based chlorophyll-a values, two random
pixels of the raster, where chlorophyll-a was negative and one random pixel with
reasonably (according to the field data of Herman van Dam) positive chlorophyll-a
value (~ 67 µg/l) were selected from the Belversven lake estimates. At the pixels with
negative chlorophyll-a values, the backscattering coefficient (Bb) did have either high
positive value or high negative value and where the backscattering coefficient was
positively low (and close to zero), the chlorophyll-a value was also positive (see
Figure 29). According to Neukermans et al. (2012), it is unknown which is the
contribution to the backscattering coefficient in the natural water bodies and what can
cause extreme backscattering values.
The reflectance values for the three different pixels were expected to be higher at the
708 nm (red edge position), since at this region the reflectance is sensitive to the
chlorophyll-a and the vegetation in general. However, not all of the reflectance
values, according to Figure 29, do follow the expected assumption. The higher
reflectance at 776 nm wavelength at some pixels can be explained by the
atmospheric conditions. The humidity and the atmospheric particles in the
atmosphere during the field campaign contribute to higher reflectance values at the
776 nm wavelength, due to the multiple scattering in the layer between the UAV
platform and the earth surface. Additionally, the bottom visibility at some part of lakes
and especially close to the shoreline, where the water was shallow (~20cm depth),
affected the signal and had a significant contribution to the reflectance value. The
high reflectance at the 776 nm wavelength resulted in the extreme values of the
backscattering coefficient, which in turn resulted in the negative chlorophyll-a values.
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Figure 29. UAV-based reflectance values at random pixels in chlorophyll-a raster (Belversven lake)
with different backscattering coefficients. Overestimation or underestimation of the backscattering
coefficient (e.g. Bb = 172, Bb = -104) results in negative chlorophyll-a values. The pixel with the
backscattering coefficient of 2.5 gives a reasonable chlorophyll-a value of 67 µg/l.

The UAV-based chlorophyll-a values of the Belversen are higher than the values of
the Groot Huisven lake. (The field data by Herman van Dam also depict that
chlorophyll-a in the Belversven gets higher values than in the Groot Huisven lake,
see Table 2). This can be explained by the fact that a small and close to the
shoreline part of the Belversven was mapped whereas Groot Huisven was fully
covered by the UAV platform. In this case, it is reasonable to have lower values in
more open waters (Groot Huisven) and in larger lakes, according to (Bresciani et al.,
2011). The higher values of the part of the Belversven lake (and Groot Huisven)
indicate that the measurements can be affected by the aquatic vegetation that was
present in many parts of the lake and by the spatial characteristics variability of the
lake (e.g. depth, presence of aquatic vegetation etc.).
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As it comes to the validation, it can be seen that in some points both UAV and WISP3 values are close, which indicates that there can be correlation between the two
measurements by the two different sensors. However, the significant difference that
there is in the other points illustrates that no conclusion can be extracted based on
the current measurements. Further measurements are needed in order to better
assess the accuracy of the UAV results.
5.3.2 Turbidity
Based on the literature (Qiu et al., 2015) & (Katlane et al., 2013) and the existing field
data, the UAV-based turbidity estimates can be realistic. Turbidity gets higher values
close to the shoreline and where the water is more shallow, where there is
interference of aquatic vegetation. The high values of turbidity can be explained by
the increase of the backscattering in the water column, which can indicate increase
or high levels of suspended particles (Neukermans et al., 2012). The weather and
atmospheric conditions (e.g. humidity) during the field campaign might be another
indicator that affected the reflectance values (high reflectance in some pixel values)
and in turn the turbidity estimates.
According to Guttler et al. (2013), it is difficult to distinguish spatial turbidity patterns
during autumn (when the field campaign took place), which can be more clear during
winter and summer time. The validation of turbidity results was a difficult procedure
since WISP-3 measures TSM in mg/l and not turbidity directly, which is measured in
FNU by the UAV sensor. Moreover, the field data provided by Herman van Dam
measures turbidity in TNU unit and in addition to the limited number of validation
points both by the WISP-3 sensor and the field data, no conclusion can be drawn
about the accuracy of the UAV turbidity estimates based on the current
measurements.
5.3.3 Surface water temperature
Surface water temperature is an indicator that controls many other parameters in the
water column. According to the spatial maps created for the water quality
parameters, it can be noticed that water temperature patterns follow the patterns of
chlorophyll-a and turbidity. Hence, high chlorophyll-a or turbidity values that is visible
within more shallow waters indicate high surface water temperatures at these
regions.
The quality of the thermal data were noisy and of low quality, resulting in problems
during the orthorectification step. Atmospheric conditions (e.g. humidity and low
illumination) can affect the accuracy of the thermal camera, even though the flying
altitude is generally low. Wind can decrease the lens temperature and may cause the
thermal camera to read lower temperature, which can explain the lower UAV-based
values compared to the laser thermometer values (Jensen et al., 2015).
Since mosaicking of the thermal images was a difficult procedure only some parts of
the two lakes managed to get mapped by the thermal data. The UAV-based
temperature estimates are realistic and representative based on the existing field
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measurements and the values that were measured by the laser thermometer during
the field survey. However the validation of the temperature at the sampling points
was impossible because of the limited orthorectification, in addition to the inaccuracy
of the GNSS that was used to specify the geo-location of the points.
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6 Conclusions
According to the results of the current study, it can be stated that monitoring water
quality parameters using UAV remote sensing can offer great advantages over the
conventional monitoring techniques. The possibility to view the overall spatial
distribution of the parameters which is not able by point-scale measurements is the
main advantage of the UAV remote sensing on water quality applications. Moreover,
in comparison to field measurements, which require laboratory work, getting UAV
estimates is less time consuming. However, there are still a lot of limitations that are
part of the processing steps related to the UAV remote sensing.
The influence of the weather conditions is an important aspect of the UAV related
studies that should be taken into account. The outcomes of the current research
illustrates the need of acquiring UAV field data at optimal weather conditions. The
weather conditions for example in this case, during the field survey affected mostly
the results of the Zandbergsven lake, the data of which could not be processed and
no results could be extracted for the lake.
Apart from the quality of the raw data, the pre-processing steps after the data
acquisition (e.g orthorectification, georeferencing) is another important part of the
research, since they can affect the data analysis and the extraction of water quality
parameters by the UAV hyperspectral and thermal sensors. The limitations and
challenges that are reported in other previous relevant studies (problem of
orthorectifing and georeferencing UAV images depicting only water areas) were
taken into account during this project in order to get reasonable and representative
UAV results for the parameters that were assessed in the current study. However,
the problem of the orthorectification of water areas, which affects the water quality
parameter values extracted by the UAV data, remains on an experimental phase. In
the recommendations section, suggestions are proposed to help achieve better
results in the next relevant studies.
The UAV-based results for all of the three water quality indicators reveal that airborne
remote sensing can add significant contribution to the existing monitoring techniques,
as they can offer higher spatial resolution results and also can indicate the spatial
distribution of each parameter over the whole lake, which is not possible with pointscale measurements by in-situ instruments. Another important problem that is
associated to the current study, is the influence of the atmosphere between the UAV
sensor and the earth surface. The interaction of the atmosphere remains unknown.
UAV sensors measure the reflectance from a higher altitude than the ground remote
sensors (e.g. WISP-3) and in-situ instruments in general. Therefore, slight
differences between the results of the different sensors are expected to be present
and especially in case the weather conditions are not optimal.
Although water quality monitoring by UAV technology is on an experimental phase,
the outcomes of this research can be promising and used as a starting point for
further research. The recommendations that are proposed in the next section should
be taken into account for the next studies so that the UAV-added value can be
maximized, which in turn will enable the users to acquire more accurate and
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representative water quality results. There is a lot of potential of using UAV remote
sensing for water quality monitoring applications. The Dutch Water Boards and
Authorities can benefit from this technology into the policy making, due to the
strength of the UAV remote sensing, which lies in the ability to capture the spatial
and temporal variability of water quality parameters in highly dynamic lake
ecosystems and small natural water bodies.
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7 Recommendations
7.1 Material and methods
Concerning the thermal UAV imagery, the sensor that was used in the current
research was a consumer camera. Using a professional thermal sensor with higher
accuracy, can contribute to acquire more accurate and better results for the water
temperature. Higher resolution can lead to coverage of multiple pixels for the entire
area. Additionally, the accuracy of the sensor is important since, based on the
existing images it can be seen that there is temperature difference of the same
location measured by two different snapshots.
As it comes to the field data, WISP-3 sensor was able to estimate many different
water quality parameters (not temperature), such as chlorophyll-a, TSM and CPC
and provided the outcomes directly without processing steps. Using a typical
spectrometer in water quality applications can also be another way to acquire field
data (in case WISP-3 is not available) and based on the reflectance that will be
measured by the spectrometer, the parameter extraction can be applied.

7.2 Weather conditions at field survey
The quality of both UAV hyperspectral and thermal data, due to the weather
conditions during the field campaign, affected the outcomes of the analysis
(orthorectification, mosaicing, parameters estimations). UAV data should be collected
at optimal weather conditions (e.g. clear sky). Not only the UAV but also the WISP-3
data can offer good quality data under optimal weather conditions, since the sun
radiation affects the WIPS-3 signal. However, UAV data acquisition should be
avoided when the sunglint effect (explained in Glossary section) is present, since
water reflectance might be overestimated, resulting in unrealistic water quality
parameter values.

7.3 Data processing
The pre-processing analysis part (orthorectification and georeference) can be further
improved in the next related studies. Solution should be first investigated in terms of
the orthorectification / orthomosaicing and georeferencing steps. In the current study
large lakes were tried to get mapped resulting in problems during this pre-processing
analysis, especially in the areas where only water pixels are visible. Covering smaller
parts of a large lake (such as the Belversven) and parts where the shoreline can be
visible by all of the UAV snapshots can contribute to a better alignment, so that the
orthomosaics can be complete reflectance rasters, which in turn will result in
obtaining complete parameters spatial maps. Another possible solution to cover a
larger area is to operate different flights at different locations, where the flight lines
overlap. This technique was also proposed and used by Honkavaara et al. (2013).
Another problem during the project was the georeferencing of the orthomosaics. The
GCPs (reference panels) that were used for the Groot Huisven and the Belversven
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lakes were placed only at the one side of the lakes and as result they could be used
during the image alignment and for georeferencing purposes. Therefore, the
georeferencing was initially done based on the GNSS receiver that was mounted on
the UAV platform. The GNSS receiver has low accuracy (~ 3-5m) and in addition to
the instability of the UAV platform, resulted in errors during the georeferencing of the
orthomosaics. Extra work was then needed during the georeferencing step, but still
the outcomes were not so accurate as expected. Placing an RTK-GPS on the UAV
platform and identifiable objects with exact geo-location as additional GCPs at the
central parts of the lake (by using a boat) can result in higher georeferencing
accuracy. Another important suggestion could be to spread the GCPs along the
whole shoreline for the entire lake (in this study, this was not possible for the Groot
Huisven and Belversven lakes, due to their large size), which can be then used
during the orthorectification and georeference procedure. Hence, instead of using the
coordinates of the UAV images for the alignment and consequently for the
georeferencing (see section 3.3.1.3, Figure 8), the GCPs that will be place along the
whole shoreline will be used for the orthorectification and georeference steps, which
can also result in obtaining more accurate georectified orthomosaics.
Based on the results of chlorophyll-a, the problem of atmospheric conditions
(humidity and low illumination conditions mostly in this case) affected the signal of
the reflectance. Humidity caused multiple scattering of the signal, which resulted in
overestimation of surface water reflectance (especially in larger wavelengths, where
the reflectance values were expected to be lower). According to the UAV-based
chlorophyll-a estimates and the no-chlorophyll-a values in some pixels of the spatial
maps for the two lakes indicate that the atmospheric influence is different for every
pixel. As a result, atmospheric correction might be needed before the parameters
extraction by the reflectance spectra. Although dark pixel subtraction atmospheric
correction method is suitable for several studies, it is difficult to be applied to waterrelated studies, since water in general has low reflectance and in many cases
reflectance values close to zero, meaning that this technique might exclude correct
reflectance values by some pixels. Another solution to avoid the problem of negative
chlorophyll-a values might be the use of a different chlorophyll-a algorithm that does
not take into account the backscattering coefficient (4), which causes the problem.
However, in this case the algorithm will be different from the WISP-3 algorithm (2)
and might not give representative estimates based on the WISP-3 outcomes.
Concerning the UAV thermal imagery, in case the same camera is used for other
studies, the faulty pixels that are present in all of the images should be removed at
the raw thermal UAV images and not after the orthorectification and georeferencing
procedure.

7.4 Derived water quality indicators
Since the UAV results for the chlorophyll-a, turbidity and water temperature
parameters are highly influenced by the aquatic vegetation (especially in shallow
water bodies, close to the shoreline), estimating or measuring submerged and
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emergent aquatic vegetation could be another significant indicator that can be
correlated with the outcomes of other indicators.
Another important suggestion is to measure the parameters in the same unit by all
sensors so that can be helpful during the accuracy assessment step. In the current
study the problem of correlating the turbidity UAV results with the WISP-3
measurements and also the field data can be overcome by estimating TSM instead
(which is highly correlated with turbidity) and in the same unit that WISP-3 measures
the parameter. Since turbidity is measured in many different units, according to the
way turbidity is measured by the sensors (check Algorithms section), it would be
more efficient to estimate TSM to investigate if it can be related to the WISP-3
measurements, so that a conclusion upon the representativeness of the UAV results
with the field data can be drawn.

7.5 Validation of the UAV results
In terms of the validation, very few WISP-3 measurements were collected for each
lake in the current study, due to their inaccessibility. More validation points are
needed in order to better assess the accuracy and representativeness of water
quality parameters by the UAV platform. Selecting lakes that are more accessible
and getting as many validation points as possible can reveal the accuracy of the
UAV-based estimates in following relevant studies. Additionally, getting field in-situ
measurements (WISP-3 or other spectrometer) at multiple central parts of the lakes
(by using a boat) can help during the accuracy assessment part of the UAV results
and can also be used to extrapolate the UAV estimates and consequently to get
water quality parameters estimates in wider space than investigated in the current
study.
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Appendix A: Flowchart
Flowchart of the working approach after the data acquisition

Figure 30. Flowchart of the working approach and the different steps during the study. In the first step of
the hyperspectral UAV images the absolute reflectance of the reference panels was used to transform
the images from radiance (L) into reflectance factors (RF). The coordinates of each snapshot that was
taken by the GNSS receiver, which was mounted on the UAV platform were used in order to stitch the
images together and create the georectified orthomosaics before extracting chlorophyll-a and turbidity.
Regarding the thermal UAV imagery, the orthorectification was manually done and the surface water
temperature was straight extracted by the georectified thermal orthomosaics. The UAV-based
hyperspectral results were validated with the WISP-3 results and the UAV-based surface water
temperature was validated with the instantaneous temperature measured by a handheld thermometer.
The accuracy of the results can reveal the potential of the UAV remote sensing on water quality
monitoring applications for small natural water bodies.
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Appendix B: UAV RGB images
UAV RGB images depicting the locations of the validation points and the reference
panels for the three lakes in the Kampina

Figure 31. RGB image of the Zandbergsven lake depicting the location of validation points and
reference panels placed before the aerial data acquisition.
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Figure 32. RGB image of the Groot Huisven lake depicting the location of validation points and
reference panels placed before the aerial data acquisition.
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Figure 33. RGB image of the Belversven lake depicting the location of validation points and reference
panels placed before the aerial data acquisition.
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Appendix C: Aquatic spectral indices
Indices used for aquatic vegetation detection
Table 6. Spectral indices used in the Decision Tree classification of the aquatic vegetation (source:
Whiteside & Bartolo, 2015).

Index

Equation

Remarks
Enables the separation of

FDI

photosynthetic vegetation

𝑁𝐼𝑅 − (𝑅𝐸 + 𝑏𝑙𝑢𝑒)

from bare soil and nonphotosynthetic vegetation.
Correlated to photosynthetic
material. Enable distinction

NDVI

𝑁𝐼𝑅 − 𝑟𝑒𝑑
𝑁𝐼𝑅 + 𝑟𝑒𝑑

between actively.
photosynthetic vegetation,
senescent vegetation (e.g.
Oryza) and open water.

EVI

2.5 x (NIR − red)
NIR + (6 x red) + (7.5 x blue) + 1

Correlated to
evapotranspiration.

Highlighted photosynthetic
NREB

(𝑁𝐼𝑅 + 𝑅𝐸) − 𝑏𝑙𝑢𝑒

vegetation that is highly
reflective and homogeneous.
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Appendix D: Equipment specifications
Equipment specifications (sensors)
Table 7. Specifications of the Rikola hyperspectral camera.

Parameter
Horizontal FOV

Value
36.5°

Vertical FOV

36.5°

Ground Pixel

6.5 cm at 100m altitude

Default Spectral Range

500-900 nm

Spectral Resolution

~ 10 nm, FWHM

Calibration Unit

Spectral radiance

Exposure Time

0.12-3000 ms

Max Spectral Image Dimensions

1010 x 1010 pixels

Weight

~ 720 g

Table 8. Specifications of the Avio NEC Thermal Imager R300SR.

Parameter
Measurement Range

Value
-40°C to +500°C

Thermal Accuracy

± 1°C

IFOV

1.2 mrad

Pixel Resolution

640 x 480 pixels

FOV

22° (H) x 17° (V)

Table 9. Specifications of the Raytek Raynger ST

Parameter
Measurement Range

Value
-32°C to +535°C

Thermal Accuracy

± 2°C

Reading response time

500 msec

Laser sighting

Yes
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Table 10. WISP-3 specifications

Parameter
Weight

Value
2.2 kg

Length

25 cm

Width

20 cm

Height

15 cm + 10 cm handle

Measuring time

0.5-2 min

FOV

3° (can be adapted on request)

SNR

250:1

Calibrated spectral range

350-800 nm

Spectral band width

~ 4.9 nm
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Appendix E: Quality assessment of WISP-3 data
Quality assessment of WISP-3 data
The fully overcast weather conditions also affected the quality of the WISP data.
According to Figures 34 and 35, the reflectance values by the WISP instrument for all
of the stations is low, lying between 0 and 0.20. It is important to mention that in
many cases and especially during the data acquisition at the Zandbergsven lake
(small moorland pool), WISP could not get reflectance values at some points due to
the very low illumination.

Figure 34. Boxplots of all WISP measurements for the 3 different lakes (5 measurements were taken for
the Zandbergsven and the Groot Huisven lake and 3 measurements were taken for the Belversven lake,
due to its inaccessibility).
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Figure 35. Spectral signatures of reflectance values measured by the WISP-3 sensor.

Some negative reflectance values can also be seen, which implies an
underestimation of water reflectance. The negative values can be seen only at the
blue band (400-500 nm) of the visible part of the spectrum. This can be related to the
atmospheric and weather conditions (not enough sunlight) and also to the high
absorption in the blue band.
Based on Figure 34, the range of the reflectance values differ between the lakes and
also between the different points measured at the same lake, which can be explained
by the bottom visibility of the lake in almost all of points. The different spectral profiles
due to the properties of the bottom part of the lake cause these deviations in the
reflectance. The interference of trees or vegetation in the surrounding area close to
the WISP measurements might also influence the signal and in turn the reflectance
values.
Figure 35 illustrates the reflectance spectra of all points measured by WISP-3
sensor. A reflectance peak around 680 nm can be noticed for most of the WISP
measurements, which is related to the chlorophyll concentrations close to the red
edge position. Bottom surface was visible by almost all of the measurements, which
also is the case of this reflectance peak. There is however noise in the reflectance
spectra and mostly at the NIR part close to 770 nm wavelength.
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