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ABSTRACT

With society becoming increasingly cautious and aware of their environment,
monitoring and sensor platforms are shifting toward empowering citizens with the
capability to collect, process and share information about their environment. In terms of
water quality monitoring, the ubiquity of smartphones makes it the better tool to
achieve such goal through the development and use of smartphone applications (APPs).
The capability of smartphones through APPs to quantify water quality variables such as
colour, turbidity and the concentration of suspended particulate materials ([SPM]) have
been the subject of this thesis. This was accomplished by evaluating two existing
smartphone APPs: HydroColor and Citclops. Both APPs use the RGB channels of images
acquired by the smartphone camera. However, the two APPs use different transfer
functions (colour space) to estimate water quality variables. The HydroColor APP uses
the RGB channels of the smartphone images taken of a gray card, sky and water surface
to convert to remote sensing reflectance, R,;(RGB). Using specific models, the R,;(RGB)
is used to estimate turbidity and [SPM]. For the Citclops APP, the RGB channels of a
smartphone water surface image is converted to xyz chromaticity coordinates which is
used to index the colour of the water image as a Forel-Ule index (FUI). Field
measurements using hyperspectral sensors were carried out and used to calibrate and
validate the R,(RGB) and xyz chromaticity coordinates derived from smartphone
images. Results of laboratory analysis of turbidity and [SPM] of corresponding areas of
the smartphone images were also used to validate estimates of turbidity and [SPM] from
the smartphone images through the models used by the APPs. The specified models of
the HydroColor APP estimate have 0.36 and 0.83 of R2 values for turbidity and [SPM]
respectively. The HydroColor APP uses 0.044 sr! as the water surface reflectance
saturation limit from which it can give estimate of turbidity and [SPM]. By this,
according to the HydroColor APP model, the estimate of turbidity and [SPM] at half the
saturation limit (that is, 0.022 sr-1) are 22.57 NTU and 21.91 gm-3 respectively. Thus, the
HydroColor APP cannot be used to estimate turbidity and [SPM] for very turbid water
systems whose reflectance exceeds the saturation limit. To improve upon the
HydroColor APP estimate of turbidity and [SPM], this research employed, calibrated and

validated a semi-analytical model and a logarithmic model. The logarithmic model was
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the better model in terms of accuracy whiles the semi-analytical model can be used to
estimate very turbid water systems. The Citclops APP which estimates water colour
translated to FUI derived from the smartphone images resulted in R? = 0.7 in
comparison to FUI estimates from the hyperspectral sensors. To obtain more water
quality variable estimates which can be used by the Citclops APP, this research
employed, calibrated and validated a semi-analytical model and a logarithmic model. As
a pilot study, the chromaticity coordinates of the smartphone images were used to
estimate turbidity and [SPM] through the semi-analytical and logarithmic models. The
logarithmic model was the better model compared to the semi-analytical model. The
research, therefore, showed that the logarithmic model performed better in estimating
turbidity and [SPM] from smartphone images for the two colour space of the APPs.
Comparing the proposed logarithmic model results of the two APPs in estimating the
water quality variables, the HydroColor APP gave more accurate [SPM] estimate of R? =
0.90 compared to Citclops APP of R2 = 0.79. For turbidity the Citclops APP gave more
accurate estimate of Rz = 0.73 compared to HydroColor APP of R? = 0.63. Although the
two colour space used by HydroColor APP and Citclops APP are different, they can be
converted from one colour space to another. The research, however, recommends that
the colour space used by Citclops is an easy and efficient colour space to be used in a
smartphone APP for water quality monitoring by citizens since it uses only the water
surface image. These research findings therefore introduced innovative ways to improve

on water quality monitoring using smartphone APPs.

Keywords: colour, smartphone image, Citclops APP, HydroColor APP, concentration of

suspended particulate materials ([SPM]), turbidity.
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1. INTRODUCTION

1.1. Research Background
Water is an abundant liquid which continuously recycles as it moves on, above and

under the earth’s surface (Bethea, 2011). Although the amount of water in the earth
system does not change, global climate changes greatly affect the distribution pattern of
water and, therefore, dictate its availability and usability (Dore, 2005). As the water
reaches the surface of the earth, its quality degrades because it encounters and picks up
many pollutants along its path (Ouyang et al.,, 2006; Verma, 2009). The water quality,
therefore, varies from place to place, with the seasons, and with the type of rocks and
soils which it moves through (Centre for Affordable Water and Sanitation Technology,
2008). In addition to these influence from nature, pollution and contamination caused
by humans have greatly compromised the quality of available water. The increased
pollution and contamination of small water bodies has raised a global concern (United
Nations, 2002). The fear is that if we do not address the quality problems now, there will
be quantity problems in the near future due to the fact that we may render most of our
water bodies unusable. To monitor the quality of the water bodies, McGrath & Scanaill
(2014) conclude that in addition to traditional laboratory analysis, new technologies are
needed to provide real-time information. Over the years, such ideas are growing into
reality as more instruments are enabled with remote sensing capabilities for monitoring
water quality.

The remote sensing of water quality can be simply accomplished by; observing the
colour of water to quantify suspended and dissolved materials in the upper layer of the
water. Colour can be represented and therefore measured either in the colour space
(image capture by a smartphone’s camera) or in the frequency space (that is, spectrum).
Radiometers on satellites that observe the earth measure water leaving spectra. Bio-
optical models are then applied to establish the relationship between water surface
reflectance and optically significant water constituents through empirical models
(O'Reilly et al.,, 1998) or to their optical properties through semi-analytical inversion
models (Maritorena et al., 2002). In applying these models, water quality variables such

as phytoplankton pigments, suspended particulate matter and dissolved organic matter
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can be estimated (Gordon et al., 1988; Lee et al., 2002) as cited in Chang and Gould
(2006).

The use of satellites and other airborne platforms with radiometric sensors have shown
remarkable results in the field of water quality remote sensing for the oceans and larger
inland water bodies for decades now (Qihao, 2011). Notwithstanding, there are still
quite a number of challenges with satellite observations. For example; long revisit time,
low spectral resolution, and inability to easily access and interpret data. Alternatively,
the value of smartphones as tools for water quality monitoring has thus been recognised
with applications (APPs) developed to derive water quality variables from them. For
example; Algae Watch - for algae monitoring (Kotovirta et al.,, 2014); Citclops, now
called EyeOnWater - for water colour (Novoa et al, 2014); HydroColor - for water
turbidity, [SPM] and backscattering coefficient in the red (Leeuw, 2014); and pesticides
detection using pictures taken of test strips (Sicard et al., 2015). Some smartphone APPs
also require the phone to be linked to an external sensor (Haklay, 2013). For example;
the iSitu water monitoring APP connects to a handheld instrument for collecting water
quality and quantity data (In-Situ Inc., 2013). Smartphone APPs have also been
developed and sited in a number of scientific fields such as; Creek Watch - for
waterways monitoring, (Kim et al, 2011); air quality (Kim & Paulos, 2010); noise
pollution (Maisonneuve et al.,, 2010); and healthcare management (Aitken & Gauntlett,
2013).

Globally, there are nearly 7 billion mobile phone subscriptions (accounting for 95.5 % of
the world’s population) according to the International Telecommunication Union (2014)
report with 4.5 billion mobile users (Ericsson, 2014). As mobile technologies continue to
advance, it is estimated that by 2020, about 70 % of the world’s population will be using
smartphones (Ericsson, 2015). Day in day out, more functionality is integrated into
smartphones to make access to information easier through the use of APPs. Thus,
smartphone APPs are becoming increasingly prevalent across mobile phone users (Lim,
2015). The number of APPs downloads had grown from 10 billion downloads in 2010 to
77 billion by 2014 (Bilbao-Osrio et al., 2014). As this trend continues and people become
more interested in environmental monitoring APPs, participatory sensing would

become prominent in producing scientifically meaningful observations.
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The use of smartphone APPs for water quality monitoring by citizens might finally be the
breakthrough in achieving real-time water quality monitoring to complement laboratory
analysis. In the light of this, it would not only be beneficial for citizens to be able to know
the quality of their water but can also be enabled to serve as water quality alert systems
and/or further developed to serve as national monitoring networks and generate water
resource databases (Chapman, 2002; Su et al., 2011). Quite apart, over a century’s data
on Forel-Ule (FU) index classification of global water bodies if added to existing and
forthcoming data from the Citclops APP can facilitate the interpretation of long-term
water colour data series valuable for climate-related studies (Novoa et al., 2013). With
such anticipated innovative usage, there is the need to know the efficiency and accuracy

of measurements from upcoming water quality monitoring APPs.

1.2. Problem Statement
The human society has become very cautious and curious about their environment. Non-

scientists thus volunteer to participate in data collection and analysis to better
understand their environment and what they consume. Monitoring and sensor platforms
are therefore shifting toward empowering citizens with the capabilities to collect and
share information about their environment. Devices and applications that extend the
theory of quantified self into the living environment according to McGrath & Scanaill
(2014) therefore will continue to evolve. Business Communications Company Report
(2014), thus projects the global market for environmental sensing and monitoring to be
valued at nearly $17.6 billion USD by 2019, with a compound annual growth rate of 5.9
%.

Water monitoring sensors have to be of great concern as water forms an essential
environmental component and a central element of life. Deteriorated water quality
poses a threat to both humans and the environment. Innovative long-term water
monitoring initiatives, therefore, have the potential to see increased investment in large-
scale, from the scientific and societal realm as water quality demand, continue to
increase (Corke et al, 2010). With near real-time analysing capabilities, innovative
technologies in optical remote sensing of water quality are gradually enabling sensing
technologies to move from the laboratory into world use in time and space (Banna et al.,
2014). A novel in such areas is the use of smartphone APPs to quantify some water

quality variables. Currently, there are two of such APPs (Citclops and HydroColor) in
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APPs stores. Cameras on smartphones are used to take RGB colour composite of water
upper layer. These APPs within a smartphone then apply specific models to derive xyz
chromaticity coordinates for Citclops and remote sensing reflectance RGB for
HydroColor. These are subsequently used to index and/or quantify water quality
variables from the image. These two APPs use different transfer functions in converting
RGB to spectrum. There has been no research on their efficiency and accuracy of
measurements in relation to their transfer functions. For effective monitoring and
decision making to be made on water bodies from these smartphone APPs, there is the

need to evaluate the efficiency and accuracy of their measurement.

1.3. Research Objective
Although the two APPs (Citclops and HydroColor) use the same RGB camera input, they

employ different transfer functions in converting RGB to spectrum and hence water
quality variables of; colour, turbidity and [SPM]. The research objective is, therefore; to
evaluate the efficiency and accuracy of these two approaches to deriving these water

quality variables.

1.4. Research Questions
1. How accurate are the retrieved spectra from smartphones RGB images compared to

hyperspectral observations?
2. How accurate is the retrieved water quality variables from the APPs compared to
laboratory measurements?

3. Which approach is recommended for use in inland water in the Netherlands?
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2. LITERATURE REVIEW

2.1. Colour Vision

The theory of colour is bound by the spectral power distribution of light rays over the
visible spectrum. Light from an object is thus perceived in the wavelength region 380 to
780 nm over the electromagnetic spectrum (Klein, 2010). Depending on the objects
surface, the spectrally reflected light may be altered. This does not only affect the
reflected light but also information of the light source and the subsequent impression of
the object’s colour (Reinhard et al., 2014). According to Wyszecki (2006), the human eye
can approximately distinguish 10 million different colours. To perceive these colour
differences, the human eyes only used three receptor cones in the retina. Each of these
receptors responds differently to the light waves in the visible spectrum. These
receptors thus send only three signals to the brain to interpret the perceived object
depending on the signal intensities.

Colour perceived by human is therefore not a physical quantity that can be measured by
engineering applications but a psychophysical response to light energy interpreted by
the brain from the signal transmitted by the cones (Klein, 2010). However, these
responses can be engineered by using three numbers to represent the cone’s signals.
Just like the human eyes, three numbers can be used to represent the visible spectrum
for any optically sensing device. According to Reinhard et al. (2014) “the field of
colourimetry has, therefore, being concerned with assigning numbers to physically defined

stimuli such that stimuli with the same specification look alike (that is, match)”.

2.2. Colour Space
Colour appearance of objects measured by devices is represented using the principle of

the three cone responses of the human eye. The colour presentation of objects can,
therefore, be said to be based on the theory of trichromacy which states that “Any colour
can be formed by combining three properly chosen primary colours” (Cotton, 1995).
Relying on the additive nature of the trichromacy theory, the red (R), green (G) and blue
(B) primary colours form the basis for the colour organisation in devices.

In an attempt to classify perceived colour of objects, colour space has been specified for

different devices. A common colour space used by devices is the RGB colour space. For
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image capturing devices, the RGB colour of an image is dependent on the R(4), G(A) and
B(A) sensitivity functions of the device and the spectral power distribution of incoming

light S(4) over the visible spectrum as indicated in Eq. (1 - 3) (Tkalcic & Tasic, 2003).

R= [ S(D)R(A)dA (1)
G = [ SAGA)dA (2)
B =[] S()B(A)dA (3)

The RGB colour of an image in an RGB colour space would, therefore, vary from device-
to-device since image capturing devices have different sensitivity functions. The RGB of
an object as stated earlier would also vary with changing illumination condition.

In order for everyone to use the same specification of colours, a standard colour space
known as the XYZ colour space was set by the Commission Internationale d’Eclairage
(CIE) in 1931 (CIE, 2004). By this, no matter the variation in objects colour observed by
different devices or perceived by different viewers, the objects colour can be described
using the CIE standard XYZ tristimulus values. The CIE XYZ colour space therefore does
not depend on the device used (Tkalcic & Tasic, 2003). The resulting produce from the
XYZ colour space such as the chromaticity coordinates is also illumination independent.
This makes such a colour space a good colour space to be used for objects colour of

image capturing devices.

2.3. Water Colour

In an open water system, light from a given source is either absorbed or scatter by water
molecules and order materials within it. The result of this phenomenon is the reflected
light that comes to our sight to be interpreted as the colour of the water. The colour of
water is thus related to its inherent optical properties (IOPs); absorption a(A) and
backscattering bp(A) (IOCCG, 2006). A water molecule by itself has specific IOPs at
explicit wavelengths. Variation of water colour therefore depends on the concentration
level of particulate and dissolved water constituents. This results in the variation of the
light signal intensity received by the human eye or a device. However, other secondary
processes such as fluorescence by dissolved organic matter and phytoplankton pigments,
and Raman scattering by water molecules may account for the colour of a water system

(Stramski et al., 2004). The apparent colour (the colour of the water system as a whole)
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or the true colour (the colour obtained after filtering the water to remove all suspended
material) have thus been used as a measure of water colour and its associated

particulate and dissolved constituent’s concentration.

2.4. Remote Sensing of Water Quality
Remote sensing of water quality is the quantification of the concentration of particulate

and dissolved water constituent using the apparent colour of the upper layer of a water
system perceived by the human eye or observed by remotely sensing device.

In an attempt to quantitatively assess the physics of water colour using remote sensing
devices, optical closure relationships have been developed to relate the observed signal
(remote sensing reflectance R,4(1)) to the IOPs of water molecules and its associated
constituents. According to Lambert-Beer’s law as sited in Salama et al. (2009), the 10Ps
of a water system are linearly proportional to the water constituent’s concentrations
and the specific inherent optical properties (SIOPs) of the water. The quantification of
particulate and dissolved materials can, therefore, be obtained from the IOPs and SIOPs
of a water system by remotely sensing its apparent colour. Remote sensing has thus
been used as a tool to monitor the quality of water bodies especially through satellite

and other airborne platforms.

2.5. Water Quality Variables
To determine the suitability of water for consumption, a number of water quality

variables are checked. Common among them include; colour, [SPM] and turbidity. The
[SPM] relates to the amount of suspended organic and inorganic materials within a given
water column. Turbidity is related to light attenuation effect induced by the presence of
[SPM]. The degree of light attenuation, therefore, determines the turbid nature of the
water concerned. Water quality variables for this study have been limited to colour,

turbidity and [SPM].
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3. STUDY AREA AND DATA SET

3.1. Study Area
The research was carried out using four surface water resources (three lakes and an

artificial wetland) in the Netherlands. The first two lakes, Binnenschelde and
Markiezaatsmeer are neighbouring water bodies located southwestern of the
Netherlands as shown in the Google Earth map of Figure 1. These lakes are located in the
provinces of Zeeland and North Brabant. They shear boundary with the Reimerswaal
Municipality to the north, Hulst Municipality to the south of Zeeland Province, Bergen op
Zoom Municipality to the east of North Brabant Province and Scheldt-Rhine Canal to the

west.
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Figure 1: Google Earth map showing the overlaid study sites (red dots) in the Netherlands country
boundary (yellow line).

The second phase of the study was at Hulsbeek Lake and Kristalbad artificial wetland

shown on the Google Earth map of Figure 1. These two surface water resources are
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located in the eastern part of the Netherlands within the Province of Overijssel.
Hulsbeek Lake is located in the western part of Oldenzaal Municipality. Kristalbad
artificial wetland shears boundary with Enschede Municipality to the west and Hengelo

Municipality to the east.

3.1.1. Binnenschelde Lake and Markiezaatsmeer Lake
The delta region of the Southwest Netherlands has been threatened over the past years

with flooding from the sea. Systems of dams, locks and other infrastructures have
therefore been constructed to separate salt, brackish and fresh waters in an attempt to
control the water. Haas & Tosserams (2001) in their research this concluded that the
once dynamic environmental estuary abundant with a high degree of natural dynamics
and productivity had to give way to secluded basins. Out of this development, the
Oosterschelde Estuary had undergone a number of changes which resulted in the
creation of Markiezaatsmeer Lake and Binnenschelde Lake. Both lakes are weak
brackish water; as a result of dilution from precipitation after its separation from the

Oosterschelde Estuary.

The Markiezaatsmeer Lake is centred at latitude 51.469119N and longitude 4.249778E.
It is separated from the Oosterschelde Estuary by the Scheldt-Rhine Canal. The lake has
a water surface area of about 18,000,000 m3 and 3,900,000 m3 of marshes. It has an
average depth of 2.1 m and a maximum depth of 3.0 m. Its soil is said to have been
transformed from Pleistocene to Holocene soils; a unique situation that is rarely found
(Tosserams et al., 2001).

On the other hand, the Binnenschelde Lake is centred at latitude 51.487187N and
longitude 4.264198E. It is a relatively small lake that borders the residential area of
Bergen op Zoom and separated from Markiezaatsmeer Lake by a dike. The lake has a
water surface area of about 1,780,000 m3. Also, it has an average depth of 1.5 m and a

maximum depth of 3.5 m. The lake is principally used for recreational activities.

The key challenge in both water bodies has being its quality. Since 1996, the
concentration of nitrogen and phosphorus compounds are said to be much higher than
the national limits (Withagen, 2000). The phosphorus compounds are attributed to the
seabed and the nitrogen to precipitation. This high concentration of nutrients in the

water has led to excessive algae growth occasionally observed in the summer. The
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eutrophic conditions and the small size of these lakes make them suitable study areas to
assess the quality and benefits of smartphone APPs in water quality monitoring. A map
of the study area showing Binnenschelde and Markiezaastmeeer Lakes with their

sampled points is as shown in Figure 2.
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Figure 2: Google imagery map showing Binnenschelde Lake (blue boundary line) and
Markiezaatsmeer Lake (yellow boundary line) with overlaid sampled points (red dots).

3.1.2. Hulsbeek Lake and Kristalbad Artificial Wetland
The increasing value of leisure times by the Dutch is often evident in recreational

facilities spotted at various sections of their cities. A prominent figure of such facilities is
water bodies. Lakes such as Hulsbeek are thus purposely created for recreational
activities. Furthermore, even the creation of Kristalbad artificial wetland as a waste
water treatment system has part of its landscape serving an ecological corridor and

recreational area.

Hulsbeek Lake is centred at latitude 52.181464N and longitude 6.531025E. It is one of

the top three recreational lakes visited in the Province of Overijssel used for swimming,

10
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surfing and other water sports (Abbenhues, 2003). It has a surface area of about
250,000 m3 and a maximum depth of 6 m. A map of the study area showing Hulsbeek

Lake with the sampled points is as shown in Figure 3.
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Figure 3: Google imagery map showing Hulsbeek Lake (yellow boundary line) with overlaid

sampled points (red dots).

Kristalbad, on the other hand, is an artificial wetland centred at latitude 52.244297N and
longitude 6.823907E. It is a wetland for further biological treatment of waste water
effluent from the waste water treatment plant of Enschede. It has a total surface area of
about 400,000 m3 with 187,000 m3 of the area used for water storage. A map of the
study area showing Kristalbad artificial wetland with the sampled points is as shown in

Figure 4.
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Figure 4: Google imagery map showing Kristalbad artificial wetland (yellow boundary line) with
overlaid sampled points (red dots).

3.2. Data Set
A summary of the data sets that were taken on a field campaign and laboratory

measurements is as shown in Table 1.

Table 1: Summary of the datasets, tools/protocols, and the quantity of information that
was collected from a field campaign and laboratory analysis of water samples.

Data Tool/Protocol Quantity

Field Measurements

Citclops | Samsung Galaxy S4 GT- | sRGB of water surface

i9515. images.
Smartphone Alcatel One Touch 7041D.
APP HydroColor | Samsung Galaxy S4 GT- | sRGB images of water
i9515. surface, sky, grey card, and

Alcatel One Touch 7041D. | printed grey paper (in place
of the grey card when
absent).
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TriOS RAMSES-ACC-VIS Sky-sun downwelling
Hyperspectral sensors irradiance sensor. irradiance.
TriOS RAMSES-ACC Water leaving radiance.
radiance sensor. Sky downwelling radiance.
Laboratory Analysis
Water samples Turbidimeter Turbidity
Water samples Gravimetric method Concentration of suspended
particulate materials [SPM]

3.3. Optical Field Measurement
A field campaign was organised on the 24th, 25th and 28th of September, and 1st of

October, 2015 for Binnenschelde, Markirzaatmeer, Hulsbeek, and Kristalbad
respectively. The sampling technique used was a random sampling. For the lakes,
measurements were taken at various sections across the lakes using boats and for the
wetland at its edges since there was no boat. Measurements commenced from 12:00 to
15:06 CET for Binnenschelde Lake with overcast clouds and wind. Measurements at
Markirzaatmeer Lake started at 10:09 to 13:30 CET with scattered clouds, fluctuating
the sunshine and relatively small wind condition. Measurements at Hulsbeek Lake
started at 11:41 to 12:47 CET with no sunshine, no wind and about 60-90 % of cloud
cover. Measurements at Kristalbad artificial wetland started at 11:21 to 13:24 CET with
clear sky and sunshine, and gentle wind. In all, 53 measurement sites were visited with
distance ranging from 50 - 1000 m. At each station, measurements carried out include;
hyperspectral sensors measurements, smartphones measurements and some water
quality indicators as shown previously in Table 1.

The hyperspectral sensor measurements include; TriOS RAMSES-ACC-VIS irradiance
sensor and TriOS RAMSES-ACC radiance sensor. The two sensors were first used to take
measurements instantaneously for downwelling sun-sky irradiance and upwelling water
radiance. For Markirzaatmeer Lake and Kristalbad artificial wetland, the TriOS RAMSES-
ACC radiance sensor was later used to take a measurement for the sky radiance
considering its fluctuation weather condition and sunny condition respectively.
Underwater downwelling, irradiance and upwelling radiance were also taken at two

different depths (10 and 20 cm) from the water surface.
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Measurements with the smartphone included the use of two different phones to take
images using the Citclops APP and HydroColor APP. The main smartphone of which data
was required for analysis was the Samsung S4. The Alcatel Onetouch Pop 7, on the other
hand, was used as a back-up in case the Samsung S4 failed. Measurements were first
taken using the Alcatel Onetouch Pop 7 followed by Samsung S4 for Citclops APP and
HydroColor APP respectively. With the Citclops APP on the Alcatel Onetouch Pop 7,
images of the water surfaces were taken at 15° - 35° viewing angle and 2° - 353° azimuth
angle. The general procedure as described in Annex II was followed by comparing the
water surface image to the digitised FU scale. This was followed by selecting the
corresponding colour, information patterning the weather condition at that moment and
visibility of the water bottom. The measurements on completion were then saved and
sent to the Citclops database to be processed. For the HydroColor APP, following the
instructions as described in Annex IlI, the grey card, water surface and sky images were
taken at zenith angles 35° - 42°, 38° - 43° and 127° - 135° respectively. Upon completing
the measurements for the APP, information of the water quality was then processed and

displayed immediately.

Water quality variables of pH, dissolved oxygen and temperature were also measured
using an HQ40d portable multimeter with two probes. Water samples were then
collected at selected points in 2 L sampling bottles wrapped in aluminium foil to prevent
light interaction with the water samples. This was to prevent the degradation of the
phytoplankton in the water samples (Aminot & Rey, 2000). Also, 3 - 6 drops of
Magnesium Hydroxy Carbonate (4MgCO3).Mg(OH)2.5H20) was added to prevent
degradation of the water samples. The water samples were then refrigerated at 5°C after

which they were analysed for turbidity and [SPM].

In two of the field campaigns (Binnenschelde and Hulsbeek Lakes), a printed grey paper
was used in place of a grey card. Thus, the printed grey paper measurements needed to
be corrected. Measurements were therefore taken off the printed grey paper and the
grey card using the hyperspectral sensors and the smartphones. First, the
measurements were taken in a sunny condition and second in a shadowed condition. For

each of the cards, five measurements were taken from the devices used.
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3.4. Laboratory Analysis
Water sampled from the field were analysed in the laboratory of the Faculty of Geo-

information Science and Earth Observation of the University of Twente.

3.4.1. Turbidity
Turbidimeter of model 2100P was used for measuring the turbidity of the water samples

as described in the instrument manual of Hach, (2008). The instrument was first
calibrated using the Gelex secondary turbidity standards of known turbidity values
shown in Figure 5.a. Raw water samples were then poured into the turbidimeter sample
cells of Borosilicate glass with screw caps to 2/3 (that is, approximately 15 mL) of its
volume. The sample cells were then placed into the cell compartment to analyse each
sample. Each sample measurement was then recorded in Nephelometric Turbidity Unit

(NTU) as shown in Figure 5.b.

<+

5

GELEX® SEC {GELEX® SEC

] E’URBIDWYE {WRBIDITY
0-1009T FO 00 NT!

Figure 5: Instrumental set-up, calibration and measurement of turbidity. (a) Gelex secondary
turbidity standards of know turbidity values. (b) Turbidimeter reading in NTU of the measured
water sample.

3.4.2. Suspended Particulate Materials (SPM)

Whatman's glass fibre filters (GF/F) of 0.7 um were pre-weighed on an electronic
balance of accuracy 10 g shown in Figure 6.a. 25 mL of water samples were then
filtered through these filters to retain the total suspended materials using a low vacuum
pump. At least 5 mL of distilled water was then filtered through the filtration apparatus
to dissolve and remove any salt or dissolvable material. The filter papers were then

placed on a petri dish and oven dried at a temperature of 105°C for 20-24 hours as
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shown in Figure 6.b. The final weight of the filter paper was then taken after oven
drying. The concentration of SPM ([SPM]) was then obtained by subtracting the initial
weight from the final weight of the filter paper and dividing by the volume of the water
sample used as shown in Eq. (4) (Tilstone et al., 2003).

(SPM] = Final weight (g) — Initial weight (g) (4)
"~ Volume of water sample filtered (mlL)
a b

Figure 6: Instrumental set-up for the measurement of suspended particulate materials SPM. (a)
Electronic balance used for measuring the weight of the filter papers. (b) Oven drying of the filter
papers containing total suspended materials after filtering the water samples.
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4. RESEARCH APPROACH AND METHODOLOGY

4.1. Summary of Data Analysis and Flow Chart
The research was designed to meet the objective of the study. By this, the field collected

data sets were analysed. The flow chart for the research is as shown in Figure 7. The
field measurements of the hyperspectral sensors hereafter referred to as RAMSES were
first used to derive remote sensing reflectance R,;(4). The R,.c(4) of RAMSES were then
used to derive xyz chromaticity coordinates for Citclops APP assessment and also
R,s(RGB) for HydroColor APP assessment. Smartphone images from the Samsung
Galaxy S4 GT-i9515 through the HydroColor APP were used in the subsequent
derivations. For the Citclops APP analysis, the field captured smartphone images were
converted to the XYZ colour space from which the xyz chromaticity coordinates, hue
colour angles ap(°®) and subsequently Forel-Ule indexes FUIs were derived. The xyz
chromaticity coordinates, p(°) and FUIs of the smartphone images were then
compared to the xyz chromaticity coordinates, ap(°) and FUIs derived from RAMSES.
The x chromaticity coordinate of the smartphone images was subsequently used to
derive turbidity and [SPM] for the point measurements by using a single band semi
analytical model and a logarithmic model as a pilot study. Regression analysis was then
used to compare these estimated water quality variables to laboratory measurements.
The limitations of the models were then determined by varying the models’ parameters
(that is, their coefficients and the x chromaticity coordinate). Errors in the estimation of
the water quality variables using the proposed models parameters were then quantified.
The xy chromaticity coordinates were also then used to derive the colour saturation as a
measure of transparency for the point measurements. For the HydroColor APP, the field
captured images on deriving their RGB bands were converted to R,(RGB) and
compared to the R,.;(RGB) derived from RAMSES data. The R,;(RGB) of the APP results
were also then used to derive water quality variables based on specified models of the
APP and compared to laboratory measurements. A logarithmic and semi-analytical
model were then used to derive water quality variables and compared to laboratory
measurements. Limitations of the original model used by HydroColor APP and the
proposed models parameters were then turned to determine the limit of their turbidity

and [SPM] estimates. Errors were then quantified from the models parameters.
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CitClops RAMSES HydroColor
Field Data Field Data Field Data
SRGB of Water Derive Water sRGB of Grey Card,
Leaving Reflectance Sky & Water
Surface Images
(R,<(A)) Surface Images
| —
Convert to XYZ Convert to XYZ Derive Relative Radiance
Colour Space Colour Space L,01(RGB) of Images
\l/ \4 A4
Derive Derive Convert R,5(1) Convert L,.,;(RGB)
Chromaticity Chromaticity to R,s(RGB) to R,s(RGB)
Coordinate (xyz) Coordinate (xyz) Channels Channels
Compare (J > Compare
Y \ 4 A4
Convert xy Convert xy Estimate Water Quality
toap(®) & toap(®) & Variables using HydroColor
FUI FUI APP Original Models
\ 4
Compare > Compare
Y \ 4
Estimate Water Laboratory Measured Estimate Water
Quality Variables Quality Water Quality Variables
using other Models Variables Data using other Models
—— J
>| Compare >| Compare
\ 4 A4
Error Error
Quantification Quantification

Figure 7: Flow chart of the research work; Citclops and HydroColor APPs assessment using
hyperspectral sensors (RAMSES) and laboratory measurements.
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4.2. Deriving Remote Sensing Reflectance
The field hyperspectral measurements of RAMSES were used to derive the remote

sensing reflectance of the upper layer of the water bodies. First, the water surface
reflectance R,s. (1) was derived directly from the ratio of total upwelling water leaving
radiance L, (A1) and the total downwelling irradiance E; (1) measurements as indicated
in Eq. (5).

L(A) 5)
Eq(2)

However, the total upwelling water radiance is not only of the upper layer of the water

Rsfc(l) =

molecules and its constituents but also contributions from specular reflectance (sun-sky
glint), whitecaps, bubbles, foams, bottom reflectance, etc. If these contributing factors
could be duly accounted for, the upwelling water leaving radiance could these be simply
obtained by subtracting these factors from the total upwelling water leaving radiance.
However, these contributing effects occur in unknown circumstances and still a
challenge to correct for all of them (Garaba & Zielinski, 2013). The only measurement
that was taken apart from the upwelling water surface radiance and downwelling
irradiance was the sky radiance L, (1) for two water bodies (Markiezaatsmeer and
Kristalbad). A more generic way was thus applied to correct for sun-sky glint which is
modelled according to Eq. (6).

Lu(D) = (Pair-water X Lsicy(A)) (6)

Eq(2)

Where pgir—water 1S defined as the sun-sky glint correction coefficient at the air-water

Rys(A) =

interface (Mobley, 1999). This equation can be modified should the other contributing
factors have been measured or derived. Since the measurements were taken from
different water bodies with varied meteorological conditions (from fully overcast
conditions to clear sky and of rough to gentle winds), a number of pgi;_warer Were
applied.

For Fresnel reflectance of a water surface, Akenine-Moller et al., (2008) recommended
Pair—water = 0.02. For overcast conditions at all wind speed, and also, for wind speed
less than 5 ms! for all conditions, Mobley (1999) recommended pg;;—water = 0.028.
Ruddick, et al., (2006) also recommended pg;;—water = 0.0256 for overcoat conditions at
all wind speed. All these recommended values of pg;;_water Were applied to the RAMSES

measurements to derive the remote sensing reflectance. This was tested on clear water,
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chlorophyll dominated water and a CDOM dominated pit water. Based on the results, the
Pair—water Of Mobley (1999) was chosen to derive the R,4(4) for the measurements.
Using the selected pgir—water With the RAMSES measurements taken of the study areas,
R,¢(A) for Markiezaatsmeer and Kristalbad were derived based on Eq. (6).

Measurements of Benninschelde were taken under an overcast sky condition with no
Lgy(A) measurements taken. This, to correct for any possible sky reflectance it was
assumed that the incoming light from the sky was divided equally among all possible
directions. Incoming radiation from the atmosphere thus consisted only of the diffused
light from the cloud cover (Kokhanovsky, 2013). Sky radiance was thus obtained by
dividing the irradiance measurements by pi (i) as shown in Eq. (7). The resulting sky
radiance was then put into Eq. (6) to obtain R,.;(4) for Benninschelde Lake.

Es() (7)
T

Lsky =
In the case of Hulsbeek, Eq. (5) was used to calculate the Rsr.(4) and used as the
reflectance for the water body. This was because, Lg, (1) measurements were not taken
and thus Eq. (6) could not be applied. Also, because of the fluctuation in the weather
condition, Eq. (7) could not be applied since it only works for overcast skies with
diffused light from the cloud cover only.
The variation in the derived R,;(1) for each study area was then assessed. For each of
the study areas, the coefficient of variation (CV) for each wavelength of the derived
R,¢(A) was determined. This was by taken the standard deviation (SD) of R,.4(4) divided
by the mean of R,.4(4) for each wavelength as shown in Eq. (8).

5D (Res(D)) 8)
V= Mean (R (1)

4.3. HydroColor Data Processing
4.3.1. Converting RAMSES R, (1) to R,;(RGB)

RAMSES data of R,;(1) were converted to R,;(RGB)to make it comparable to the
smartphone images R,;(RGB) derived later in Section 4.3.2. Since the spectral response
functions of the smartphone could not be obtained, the standard colourimetric 2-degree

observation Colour Matching Functions, CMF’s (x,y and Z) of CIE1931 were used. The
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CMF’s of CIE1931 shown in Figure 8.a were downloaded from the Institute of
Ophthalmology Colour and Vision Research Laboratory through the following link:

http://cvrl.ioo.ucl.ac.uk/cmfs.htm.

a b

#(\)
. (M)
| —Z(A)

=
B =

=
to

=
=J

[
L]

=
(=2

(=2
(=]
=
L

0.6

Tristimulus Response

=]
Lk

=
L8]

Normalised Tristimulus Response
[
Lr

=
fart

0 St 0 5
300 400 300 600 700 800 900 300 500 600 700 800 900
Wavelength (nm) Wavelength (nm)

Figure 8: The standard 2-degree field of view colour matching functions (CMF) of CIE1931. Values

used to generate the CMF curves were obtained from http://cvrl.ioo.ucl.ac.uk/cmfs.htm. (a)

Tristimulus response of the CIE1931 CMF (xy z). (b) Normalized tristimulus response of the
CIE1931 CMF (x y 7).

The CMFs ( x y z) of CIE1931 were first normalised by dividing the tristimulus response
value for each wavelength by the maximum value of each tristimuli response to obtain
Figure 8.b. This was to ensure equal maximum intensity of the spectral response
comparable to the spectral responses of the smartphones used by Leeuw (2014). The
normalised X ¥ Z of CIE1931 were then interpolated to obtain the data at 4 nm interval
over the visible spectrum (from 380 to 780 nm). This was to make the wavelength
interval comparable to the interval of RAMSES data which has its spectral intervals of
approximately 3.3 nm.

By convolution, the resulting X, ¥ and Z of CIE1931 and R,;(1) of RAMSES

measurements for each site (from 380 to 780 nm) were then used to derive the

R,s(RGB) of RAMSES as shown in Eq. (9).

380 Rrsramsesy(A) X x(1) (9a)
x(1)

Ry (R) =
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RrS(G) — Zggg RTS(RA?SES) ()\) X y(/’l) (9b)
y()
R, (B) = Y380 Rrsramses) D) X z(2) (9¢)

z(2)
4.3.2. Deriving R,;(RGB) from Smartphone Images
Here below [ will give an elaboration on the derivation of R,;(RGB) from the HydroColor
APP of Leeuw (2014). Point captured images of printed grey paper, grey card, sky and
water surface taken via the HyroColor APP of the Samsung Galaxy S4 GT-i9515 were
processed to derive their R,;(RGB). Each image was read in an array ranging from 0 to
255 and displayed. A displayed image was then cropped at the middle for the printed
grey paper, grey card and sky images, and an area with less specular reflectance, and no
whitecaps for the water surface images. The RGB bands for the cropped image were then
extracted. The RGB intensity (grey level) values were then normalized from 0 to 1 and
subsequently averaged to obtain single values for each band.
In two of the field campaigns (Binnenschelde and Hulsbeek), a printed grey paper was
used in place of a grey card. In this case, the derived RGB of these images had to be
recalibrated to account for the printer tint on paper, that is, to account for the standard
colour of the grey card. Following the same procedure, the RGB of 10 images of a grey
card (5 each taken under sunny and shadowed conditions) and 10 images of the printed
grey paper (5 each taken under sunny and shadowed conditions) were derived. A
relation was then established between the grey card and printed grey paper using linear
regression as shown in Eq. 10.

Required grey card results = (printed paper X slope) + intercept (10)
The same relation was used for the two atmospheric conditions separately and for both
conditions combined. The resulting linear regression coefficients for the shadowed
condition were then used to correct for the printed grey paper images RGB using a linear
model.
The RGB values were then used to obtain the relative radiance L,..;(RGB) of the images
using Eq. (11). The camera’s exposure time (a) during the capture of an image was

obtained from the HydroColor APP Library of the smartphone.

RGB
Lyei(RGB) = 7 (11)
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The water leaving reflectance for each band R,;(RGB) was then obtained using Eq. (12).
(12)

Rys(RGB) =

Lrel(Lsfc(RGB)) —p X Lrel(Lsky(RGB))

T

Rref

Lrel (Lgc (RGB))

Where; Lo (Ls;.(RGB)) = the relative water surface radiance, L ¢; (L, (RGB)) = the

relative sky radiance, Lrel(Lgc(RGB)) = the relative gray card or printed grey paper

radiance, R,.r = the standard reference reflectance of the grey card which was taken as

0.18 and p = the sun-sky glint correction coefficient at the air-water interface taken as

0.028 from Mobley (1999).

A summary of the processes used in a structural diagram is as shown in Figure 9.

Figure 9: An illustration of the smartphone images processing to derive remote sensing reflectance
R,(RGB). The uper panel is the cropping of the images, middle panel is the derivation of the
histograms of the images and the lower panel is the derivation of the resulting R,.;(RGB) from the
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images. The R, ;(RGB) image was taken from Leeuw (2014).
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4.3.3. Deriving HydroColor APP Water Quality Variables
The R,4(R) derived from the smartphone images were used to obtain estimates of

turbidity and [SPM] using specific models used by the HydroColor APP. The model used
to estimate turbidity (Turb) from the water leaving reflectance of the red band R,(R) as
cited in Leeuw (2014) is as shown in Eq. (13). From this model, 0.044 is the saturation of
the red band reflectance, sr-1 and 22.57 is the estimate of turbidity for which the red
band reflectance is at half the saturation level, gm-3 as defined by Ambarwulan et al.
(2012).

22.57R..(R
Turb = rs(R) (13)
0.044 — R,(R)

The APP uses a relation of turbidity (in FNU, Formazine Turbidity Unit) and the [SPM] to

estimate log;,[SPM] as cited in Leeuw (2014) is as shown in Eq. (14);
log,o[SPM] = 1.02log,,(Turb) — 0.04 (14)

4.3.4. Assessment of Alternative Models to Estimate Turbidity and [SPM]
The laboratory measurements of the water samples and the R,4(R) derived from the

smartphone images were used to develop alternative models for the estimation of
turbidity and [SPM] from smartphone images. The following steps as shown below were
applied based on the GeoCalVal method of Salama et al. (2012). The steps applied as
follows for turbidity was also applied for [SPM];

The laboratory turbidity data and the R,;(R) of smartphone images were subdivided
into calibration (Cal) and validation (Val) data sets. Taking the Cal data set, the first case
was applying nonlinear regression by fitting the data to the model indicated in Eq. (15)
using ordinary least square method. The second instant was by type I linear regression
using ordinary least square method to fit the data to the model of Eq. (16). In the case of
the type I linear regression, the R,;(R) were log transformated. From the two models as
shown in Eq. (15 & 16), the independent variable is turbidity (Turb), the dependent
variables are R,¢(R) and log,o(R,s(R)), and ayri, Buri, ®urz and Lyr, are the
coefficients to be estimated. The estimates of the model coefficients were then obtained
from the model fit and then stored as probability distributions (PD¢) on bootstrapping
the Cal data set. The standard error SE and mean absolute error MAE in estimating the

model coefficients were also obtained.
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X R..(R
Turb — aur1 rs(R) (15)
ﬁHTl - Rrs(R)
Turb = ayr; X logi0(Rrs(R)) + Bura (16)

The mean of the estimated model coefficients was then obtained. Taking the Val data set
of R,s(R), the mean of the model coefficients were then use as input into Eq. (15 & 16)
respectively in the case of the semi-analytical nonlinear model or the linearised model to
estimate Turb. Using type Il regression analysis, a linear model was then fit between the
estimated Turb and the Val set Turb. The models coefficients, SE and MAE of the models
coefficients and their R?2 were determined. The results from the validation data set were
then store as probability distribution (PDy).

The semi-analytical nonlinear model that was used in estimating the [SPM] is as shown
in Eq. (17) which is based on Nechad et al. (2010). On log transforming the R,;(R) the

model that was also used to estimate the [SPM] is as shown in Eq. (18).

_ Bus1 X Rys(R) (17)
[SPM] = asy1 + Rys(R)
(SPM] = log10(Rys(R)) — Bus: (18)
XHs2

4.3.5. Error Quantification
The uncertainty in the models variables were quantified; for instance the error in the

turbidity semi-analytical nonlinear model of Eq. (15) was obtained by calculating its
total error or,,. This, the uncertainty of any estimated turbidity results based on the
effect of uncertainty in the red band reflectance R,.¢(R), the model coefficients ayr; and
Bur1 was obtained by assuming these variables as independent. It should be noted that,
since the noise to signal ratio of the smartphone device used was unknown, errors from
the smartphone device could therefore not be quantified. Error due to the smartphone
device is thus not inclusive in the total error. First, the mean p, ., of these estimated
variables were obtained as shown in Eq. (19). For example, using the alpha coefficient
where; ayrq; represents the observations andnis the number of observations. The
measure of how widely these observations are dispersed from the mean was obtained

using the standard deviation g, ., as shown in Eq. (20) where; n — 1is the degree of
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freedom lost in estimating the mean. By assuming that the total error is a sum of
independent variables, a common formula can be used based on Taylor series of
approximation of the first order expansion as shown in Eq. (21) to propagate its
contributing error factors (Bevington & Robinson, 2003; Ku, 1966). From Eq. (15),
turbidity was estimated based on ayrq, Byr1 and R,¢(R). This, the square root of the sum
of squares for the partial derivative of turbidity with respect to each parameter
multiplied by the standard deviation of each parameter was used to obtain the total
error.

_ OHT1i (19)
Hapr, = n

(20)

_ 2?:1(“HT1,1' - MaHTl)Z
Oayry =

n—1

(21)

OTurb\> 5 OTurb\> ) OTurb \> 5
Trurd = (aa,m) ““HT1+(a/3HT1) s +<6RrS(R)> TRrs(R)

4.4. Citclops Data Processing
4.4.1. Converting RAMSES R,.;(4) to FUI

Forel-Ule index (FUI) from the R,;(4) of RAMSES were derived by using the Forel-Ule
MERIS (FUME) model of Wernand et al, (2013). First, the R,4(4) of RAMSES were
normalised by dividing R,¢(1) values for each wavelength by the maximum R,¢(1)
value. The normalised R,;(4) of RAMSES (as a colour function in the spectrum) were
then multiplied by the standard colourimetric 2-degree Colour Matching Functions,
CMF’s (x,y and z) of CIE1931 and integrated over the visible spectrum (from 380 to 780

nm) as shown in Eq. (22) following the Grassmann'’s law in optics (Gert, 1996).

Amax 780 (22a)
X = L R (D)E()dA = ; R..()Z(1)dA
780 (22b)

A‘max
v = f Res(DFDA =Y Res(DF(1)d2

Amin 380
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A 780 (22¢)
Z = L - R,s(D)Z(A)dA = 3280 R,s(1)Z(A)dA

This resulted in single tristimulus values (X, Y and Z) computed for each R,4(1) spectral
curve. The CMF’s of CIE1931 shown in Figure 8 for a 2-degree field of observation thus
served as a weighting function to obtain the XYZ tristimuli values of the normalized
R,4(A) in CIE XYZ colour space (Wernand et al., 2013). The XYZ tristimuli values thus
theoretically represent the amount of the three primary colours (RGB) stimulus of the
human eye at their respective wavelength. Working with this three-dimensional colour
space is complex. Thus, the tristimuli values were normalization (X +Y + Z =1). This was
by taken the ratio of each tristimulus value and the sum of the three values, to obtain the
xyz chromaticity coordinates as shown in Eq. (23). By this, the chromaticity coordinates

of every point measurement (xp, yp, Zp) was calculated.

‘= X (23a)
S X+Y+Z
_ Y (23b)

Y= X+v+z

S Z (230)
T X+Y+Z

This was followed by calculating the hue colour angle ap(°) of each point. The
chromaticity coordinates xp and y, with respect to the white point WP (xy, = yy, =
1/3) were determined by subtracting (xp, yp) from (xy, yy/) respectively. Taken WP as
the midpoint, the hue colour angle (that is, the angle around the central vertical axis to
Xp — Yw,Xp = Yw) was determined. This was by using the ATAN2 function in MATLAB
programme in order to return the quadrant of the angle in radians. The derived angle

was then multiplied by 180/ to obtain the angle in degrees as shown in Eq. (24).

ap(®) = arctan2(y; — Yw, Xi — Xy ) X % (24)

Using the same procedure as above, hue colour angles ay(°) of Novoa et al. (2013) were
derived using their CIE tristimulus values from laboratory prepared FU solutions
transmission measurements. The resulting angles from the point measurements were

then compared with the angles derived from the laboratory solutions of Novoa et al.
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(2013) shown in Figure 10. Using a MATLAB loop for 1 to 21 FUI, if the argument;
ap(®) < ay(°)is true, then the FUI to the angle lower than ay(°) is selected. Also, if
ap(®) > the maximum of ay(°), 1 is selected, else, if ap(®) < minimum of ay (°) then 21
is selected. This was then used to obtain the FUI of all the point measurements.

FUI Hue Colour Angle (°)
1 I 227168
> I 220997
3 I 209.99 4
4 I 190.779
s N 163.084
o I 132,999
7 I 1 0©.054
o I 04037
o I 53.346
1 0. 7 4.57 2
11 I 67957
12 I 62.186
13 I 56435
1+ I 50.665
15 I 5129
16 N 3°.769
17 I 34.906
15 I 30.439
1o 26337
20_ 22.741

2 1 [

Figure 10: Hue colour angles ay(°) and their corresponding Forel-Ule index (FU 1 to 21) of Novoa
et al. (2013). These ay(°) were derived from laboratory FU solutions of transmission
measurements of their research.

4.4.2. Deriving FUI from Smartphone Images
The RGB bands (R'G’'B’) extracted from the cropped water surface images of Section

4.3.2 were used. The following procedure applied on the R’G’B’ were based on the Water
COlour from Digital Images (WACODI) model of Novoa et al. (2015). Here below I will
give an elaborated explanation on the WACODI model which was modified to suit this
research. For each of the R'G’B’ bands, a gamma correction was first applied by using Eq.
(25) to return each band’s digital numbers to a linear level. In this case the gamma
expansion value was taken as 2.2 since this value is standard for sSRGB colour images and

also generally used for digital instruments.
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R 2.2
5ee +0.055 R’
R ={(Z 05— if ﬁ < 0.04045 (25a)
k R’ else
( e +0055 - G
6=4\""Toss if ﬁ < 0.04045 (25b)
\G' else
( B +0055 - B’
B=3|\""Toss — if ﬁ < 0.04045 (25¢)
\B' else

The RGB values from each pixel were then averaged to obtain single values for each
band. By this, the resulting RGB values were then multiplied by a conversion matrix of
Eqg. (26) by Pascale (2003) as shown in Eq. (27) to obtain the tristimuli values XYZ of the

images.

0.4124 0.3575 0.1804 (26)
[M] = [0.2126 0.7151 0.0721]
0.0193 0.1191 0.9503
X R (27)
Y|=[M]|G
Z B

These XYZ values in the case of the human eye represent the three cone types (red,
green, and blue, RGB) in the retina and accounts for an images colour. However, each
time the illumination condition varies, each cone independently turns to adapt to the
illuminant (von Kris, 1970). This phenomenon is termed chromaticity adaptation. A
chromatic adaptation model was thus applied by transforming the tristimuli values into
a cone response domain and then individually scaling the RGB components according to
the current and desired illuminants (Reinhard et al., 2014). The chromaticity adaptation
was thus applied using Bradford method of cone response matrix [B] of Eq. (28) (Katoh
& Nakabayashi, 2001).

0.8951 0.2664 —0.161 (28)
[B] =]-0.7502 1.7135 0.0367
0.0389 —0.0685 1.0296
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The [B] was first transformed with the reference light source taken as CIE standard
illumination D65 (source white [W;]; [0.95047 1.0000 1.08883]) of natural daylight
illuminant to obtain the source white point [BW;] as shown in Eq. (29). Since the desired
illuminant was an even colour of equal weight to all wavelength, illiminant E was used
with elements[1.000 1.000 1.000] as the destination white [W,]. Also, the [W,] was

transformed with [B] to obtain the destination white point [BW,] as shown in Eq. (29).

[BW;] = [B] % [Ws] and [BWq] = [B] X [W,] (29)

Alternatively, the R,4(1) and L, (4) of the RAMSES data obtained in Section 4.2 for each
site was used to calculate the illumination spectrum (E;;) as shown in Eq. (30).
Convolution was then used to weigh the resulting E;;; spectral with the CMF of CIE1931
as used previously in deriving R,;(4) from RAMSES R,;(4) from Section 4.3.1. The
resulting vectors were also then used as [W;]. The [W;] of RAMSES were similar to the
[Ws] of the average daylight of CIE standard illumination D65. The [W;] of CIE standard

illumination D65 was thus chosen for further analysis.

u

P (30)

s

Eqy =

The illumination correction matrix [[CM] was then calculated by the product of [BW]
and the reciprocal of [BW,], and the diagonal adaptation matrices of [B] and [B-1] as
shown in Eq. (31). The [ICM] was then applied on the XYZ of the images to obtain the
chromatic adaptation [XYZ.,] colour corrected images as shown in Eq. (32) (Kang,

1996).

g L [([BW]
[ICM] = [B]™* x <m> X [B] (31)
[XYZ,,] = [ICM] x [XYZ] (32)

The chromatic adapted XYZ_., were then used to calculate the chromaticity coordinates
and subsequently the ap(°) and FUI as applied on the RAMSES data from the previous
section. A summary of the processes used in a structural diagram is as shown in Figure

11.
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Figure 11: Structural diagram of the processes used to derive the xyz chromaticity coordinates, hue
colour angle ap(°) and Forel-Ule index FUI of the smartphone images adapted from Novoa et al.
(2015).

The ap(®°) and FUI of the smartphone images on comparison with the ap(°) and FUI
derived from RAMSES was used to calculate the deviation (A) of the smartphone images
from RAMSES (which is considered to be the “true” measured colour of the water
bodies). The A of the smartphone images from RASMES were then used to develop a
model for the smartphone images ap(°) A as applied on MERIS data by van der Woerd &
Wernand (2015).

Visual judgement was also used to compare the smartphone water surface images to the
FU scale develop by Wernand et al. (2013). This was by using the RGB values of the FU
scale to generate images and their corresponding FUI and to visually compare these

images to the smartphone images.
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4.4.3. Comparison of RAMSES and Smartphone Images xyz Chromaticity
Coordinates

The derived xyz chromaticity coordinates of RAMSES was compared to the xyz
chromaticity coordinates derived from the smartphone images taken of the water
surfaces. Also the ap(°) and the FUI derived from RAMSES observations and the ap(°)
and FUI of the smartphone images were compared. This was by using linear regression
analysis to fit the data sets by ordinary least squares method to a line. The goodness of
fit and uncertainty of the data sets to the fitted lines were then determined. The
statistical measures that were used included; root mean square error (RMSE),
percentage error (PE) and determination coefficient (R2?). Mathematical equations of
these statistical measures are as shown in Eq. (33-35) for the FUI of RAMSES and the

smartphone images. The 95 % confidence intervals CI of the data sets were then

determined.
1 n
2
RMSE = (; Z(FUI(RAMSES),i — FUl(app),i) ) (33)
i=1
FUI . — FUI - (34)
E= | (RAMSES)),i (APP),ll % 100
FUlramsEs),i
RZ—1_— Z?zl(FUI(RAMSES),i - FUI(APP),i)Z (35)

Z?=1(F Ul(ramsks),i — /'L(RAMSES))Z

Where; n is the number of observations and u is the mean of the obsevations.

4.4.4. Deriving Water Quality Variables for Citclops APP
As a pilot study, the x chromaticity coordinate derived from the smartphone images

were used to obtain estimates of turbidity and [SPM] using specific models applied on
the R,4(R) for HydroColor APP. The model used to estimate these water quality
variables for HydroColor APP are shown in Section 4.3.4. This, in place of R,4(R), the x

chromaticity coordinate was used.

4.4.5. Error Quantification
Since the estimation of turbidity and [SPM] through Citclops was proposed to be based

on the same models used for HydoColor, the same procedure was followed to derive the

uncertainty in the models parameters.
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4.4.6. Deriving Colour Saturation and Dominant Wavelength
CIE1931 chromaticity coordinates (x.;., ¥ie) data were downloaded from the Institute

of Ophthalmology CVRL through the following link: http://cvrlioo.ucl.ac.uk/cmfs.htm.

The spectral wavelength (4.;.) of the data was from 360 to 830 nm at 1 nm interval. The
data were then plotted with the white point WP taken as (1/3, 1/3). The WP was then
moved to the origin of a polar coordinate with the rest of the CIE1931 coordinates by
subtracting (1/3, 1/3) from (X¢e, Ycie)- The resulting (X, Ycie) in the polar coordinate
system was then used to obtain the radius rad.;, and angle 8., (in radians) using Eq.
(36) and (37) respectively. For an angle within the fourth quadrant (IV) as shown in

Figure 12, 2 was added.

radg = \/(xcie)z + Veie)? (36)
o -1 ycie)
e = tan™ (Z28 37)
y
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Figure 12: An illustration of the derivation of radians and angles from the xy chromaticity
coordinate on a polar coordinate system. The left panel is the xy chromaticity coordinates of
CIE1931 2-degree standard observation for spectrally pure colours at specific wavelengths (A).
Source: Colour & Vision Research Laboratory Database http://cvrl.ioo.ucl.ac.uk/cmfs.htm. The
right panel is the xy chromaticity coordinates of a polar coordinate system showing the four
quadrants of the polar coordinate system. The white point (WP) is indicated as the origin.

Field results of the chromaticity coordinates (Xfje14, Yrieta) for each point was then used
to calculate the colour saturation and dominant wavelength. First, on reading a point

measurement of (X¢ie14, Vrieia), the WP was then subtracted from it. The resulting (xf;e;q,
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Yriela) in the polar coordinate system was then used to obtain the radius radg;e;; and

angle 614 (in radians) using Eq. (38) and (39) respectively.

2 2 (38)
radsielq = \/ (xfie1a)” + (Vriera)
_1 [ Yrield
Ofie1a = tan™* (fl—e> (39)
Xfield

The minimum of the absolute difference between 6.4 and 6., were then obtained
using Eq. (40) through a MATLAB programme. By this, the value of the minimum
difference (min_val) and the index with the minimum difference (i_min) were
determined.

[min_val, i_min] = min(abs(6fic1a — Oeic)) (40)

By using i_min, the corresponding 4.;, with the same index is selected as the dominant
wavelength A4,y of the measured (Xfie1q, Yfieia) POINt.

Also, using i_min, the corresponding rad_;, with the same index is selected as the radius
from the WP to the dominant wavelength. The colour saturation of the point

measurement (Xfieiq, Vrieta), Was then calculated as the ratio of rady;.q and rad;, as

shown in Eq. (41).

radg;
Colour Saturation = —2<2 (41)
radcie

On the other hand, the min _val was then used to calculate the deviation A of the angle in
degrees 6° by using Eq. (42) to obtain the degree of deviation.
180

Ain 6° = min_val X — (42)
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5. RESULTS AND DISCUSSIONS

5.1. Remote Sensing Reflectance

The dataset used in this research work included measurements of water bodies of
varying water quality variables taken under different environmental conditions. This
was to enable a good assessment of the smartphone APPs for such varying water
systems. Generally, the bottleneck to remote sensing of water quality is the sun-sky glint
effect which masks the intrinsic radiances of water surfaces. A good estimation of R,;(1)
would thus imply an accurately corrected sun-sky glint effects. Thus, using different sun-
sky glint correction factor pgir—water, the following results as shown in Figure 13 were
obtained for the resulting R,4(4) of selected sample sites. Different puir_warer Were
applied to slightly clear water, chlorophyll-a pigment material dominated water and
CDOM dominated water respectively of Figure 13.a, b & c. Some general observations
were made of the different water types. The clear water showed strong absorption of the
green and red spectral bands with high reflectance at the blue spectral band region. The
chlorophyll-a pigment materials dominated water showed high reflectance at the green
and red spectral band region while strong absorption at the blue spectral band region.
The results for the CDOM dominated water system indicated strong absorption of blue

light by CDOM and strong reflectance at the red spectral band region.
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Figure 13: Spectral reflectance curves of water surface reflectance and remote sensing reflectance
derived using different sun-sky glint correction factors applied to different water bodies. (a)
Spectral reflectance curves of a clear water. (b) Spectral reflectance curves of a chlorophyll-a
pigment materials dominated water. (c) Spectral reflectance curves of a CDOM dominated water.

From the above results, the p,ir_water Of Mobley (1999) of 0.028 was used to correct for
specular reflectance for the measurements of Binnenschelde, Markiezaatsmeer and
Kristalbad to derive their R,.¢(4). This was because it gave low reflectance values for all
the water type it was tested on. The resulting spectral reflectance curves for the various
study areas are as shown in Figure 14.a-e. The spectral reflectance curves of the water
surfaces are shown as blue curves whereas the coefficient of variation (CV) between the
wavelengths is shown in red. The magnitude of variation of the R,¢(4) across the
spectral curves specifies the absorption and scattering of water molecules and the
specific properties of each optically significant constituent and their effects on a light

field as a function of wavelength.
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Figure 14: Spectral reflectance curves (blue lines) for the sample sites and their corresponding
coefficient of variation of the wavelengths (red line). For all the measurements, Mobley (1999)
sun-sky glint correction factor of 0.028 was used to correct for specular reflectance except for
Hulsbeek Lake (c). (a) Binnenschelde Lake; (b) Markiezaatsmeer Lake; (c) Hulsbeek Lake; (d)
Kristalbad Artificial Wetland; (e) CDOM dominated pit water sampled near Kristalbad wetland.

The spectral reflectance curves of Binnenschelde Lake and Markiezaatsmeer Lake were
characterised by troughs at 624 and 670 nm. The spectral reflectance curves also
showed peaks at 570 - 600 nm, 650 nm, and 704 - 710 nm. These troughs and peaks
indicated the presence of chlorophyll and cyano-phycocyanin at the time these
measurements were taken. Apart from these water quality variables, the presence of
SPM and other CDOM constituents generally lowered the reflectance at the blue
wavelengths of the hyperspectral measurements for these lakes.

Measurements for Binnenschelde Lake were taken under an overcast sky and rough
wind condition. Although the wind-roughened surface could cause more reflectance
facets, the overcast condition, on the other hand, reduces sun-sky glint effect. Thus, less
variation within the individual spectral reflectance curves was observed. The CV of the
wavelengths was also lower with a maximum of 0.62 at the infrared spectral region as
indicated in Table 2.

Measurements for Markiezaatsmeer Lake were taken under fluctuating weather

condition (from diffused clouds to clear skies and from gentle to rough winds). Such
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fluctuations resulted in large variations seen in the spectral reflectance curves. Apart
from the spatial-temporal dynamics of a given inland water body which may account for
such variations, the wind-roughened water surface enhanced variable wave slopes. The
presence of varying illumination condition would have concurrently resulted in more
Fresnel mirrored facets. The windy condition also resulted in the formation of whitecaps
which affects observed reflectance should the measuring instrument be pointed in its
direction. It is possible that the fluctuating illumination condition alone could have been
the main cause of the spectral reflectance variations. For instance, the illumination
condition at which some downwelling irradiance E;(4), upwelling water surface
radiance L, (1), and sky radiance L, (1) were taken differed. This was because,
measurements of E;(4) and L, (1) had to be taken before Ly, (4). In such a fluctuating
weather condition, the illumination condition sometimes changed before changing terms
of the measuring instrument. The CV of the wavelengths for the spectral curves was thus
observed to be higher with a maximum of 1.43 as shown in Table 3.

Measurements for Hulsbeek Lake (c) were characterised by diffused to overcast clouds
and from gentle to rough winds. The variation in its spectral curves could thus be due to
the varying conditions at which the measurements were taken as discussed on
Markiezaatsmeer Lake. Quite apart, not been able to correct for sun-sky glint effects due
to inadequate information taken of the water body could also account for such
variations. It should be noted that results from this lake were however used for further
data analysis. This could translate into errors in the comparison of the RAMSES data
with other data sets since its spectral reflectance curves plainly showed the variations in
the measurements.

Measurements of Kristalbad artificial wetland (d) were taken under clear skies and
gentle winds. However, the wetland was a shallow water system of different
compartments and thus had a bottom reflectance of varying characteristics. This
explains the high variation in the spectral reflectance curves of this site. Since the
wetland was divided into compartments, each compartment’s water had some eminent
water characteristic. This is evident in the high CV of the wavelengths to a maximum of
2.49. Out of 6 measurements taken of Kristalbad wetland, only 1 had no bottom effect.
Not been able to correct for the bottom reflectance, these measurements were removed

from the dataset before any further analysis. The outstanding spectral reflectance curve
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shown of Figure 14.e is CDOM dominated pit water which was sampled near Kristalbad
artificial wetland. Its spectral reflectance curve thus showed strong absorption of blue

light by CDOM and strong reflectance in the red spectral band region.

Table 2: Summary of the coefficient of variation, CV of selected wavelengths for the study
areas. The wavelengths used are dependent on the TriOS RAMSES-ACC-VIS irradiance
sensor.

Wavelength (nm) 401.92 | 502.54 | 603.11 | 703.37 | 803.08 | 901.79
Binnenschelde 0.48 0.29 0.17 0.14 0.28 0.62
Markiezaatsmeer Cv 0.89 0.81 0.46 0.36 0.74 1.43
Hulsbeek 0.13 0.14 0.14 0.17 0.21 0.23
Kristalbad 0.67 1.17 1.62 1.73 2.23 2.49

5.2. Laboratory measurements
Summary of the results of the laboratory measurements of the water samples are as

shown in Table 3. The water quality variables with the sampled sites are demonstrated
as bar plots shown in Figure 15. The result indicated a variation of two orders of
magnitude for turbidity and [SPM]. This indicates the variation in the nature of the water

type sampled. The [SPM], however, showed the highest variation with 1.65 as the CV.

Table 3: Statistical summary of laboratory measurements of water quality variables:
[SPM], the concentration of suspended particulate materials; SD, standard deviation; and
CV, the coefficient of variation.

Water Quality Variables Minimum | Maximum | Median | Mean SD Cv
Turbidity (NTU) 1.40 163.4 20.66 22.88 | 37.67 1.65
[SPM] (mgL1) 7.50 136.00 58.00 57.06 | 42.99 0.75
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Figure 15: Bar plots of laboratory measured water quality variables with respect to their sample
sites. (a) Turbidity. (b) [SPM], the concnetration of suspended particulate materials.

With turbidity being the degree to which light is scattered by dissolved and suspended
materials in a water system, the relation between turbidity and the [SPM] was
determined as shown in Figure 16. The correlation between turbidity and [SPM]
indicated an R? of 0.79. The significant relation between turbidity and [SPM] confirmed
the direct relation of these two variables stated in literature. According to Neukermans
et al., (2012) where a linear model was developed for this two water quality variables,

the relation work for both Case 1 and Case 2 water.
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Figure 16: Relation between laboratory measured turbidity and the [SPM].

5.3. Smartphone Images Analysis
Results of selected smartphone images processed according to Section 4.3.2 is as shown

in Figure 17-19 and Annex V. This shows the extracted RGB bands from a cropped image
of which the histogram of each band was derived. This gave the pixel count on the y-axis

and the grey level from 0 to 255 on the x-axis for each band.
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Figure 17: Derived RGB bands of a water surface image taken at Markiezaatsmeer Lake. The upper
panel from left to right is the original image, the red band of the cropped image, the green band of
the cropped image and the blue band of the cropped image. The lower panel from left to right is the
cropped image, histogram of the red band, histogram of the green band and histogram of the blue
band.
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Figure 18: Derived RGB bands of water surface image taken at Hulsbeek Lake. The upper panel
from left to right is the original image, the red band of the cropped image, the green band of the
cropped image and blue band of the cropped image. The lower panel from left to right is the
cropped image, histogram of the red band, histogram of the green band and histogram of the blue
band.
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Figure 19: Derived RGB bands of water surface image taken at the CDOM dominated pit at
Kristalbad artificial wetland. The upper panel from left to right is the original image, the red band
of the cropped image, the green band of the cropped image and the blue band of the cropped
image. The lower panel from left to right is the cropped image, histogram of the red band,
histogram of the green band and histogram of the blue band.
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6. HYDROCOLOR APP

6.1. Calibration of the Printed Grey Paper
The results from the printed grey paper images were corrected as described in Section

4.3.2. Scatter plots of the RGB bands obtained from the printed grey paper and the
original grey card for the shadowed condition, sunny condition and for both conditions
are as shown in Figure 20. The weather conditions under which the printed grey paper
was used for Binnenschelde and Hulsbeek Lake were overcast and diffused skies
respectively. This, the results for the shadowed condition was used for the correction.

The expected grey card values for each site were then obtained base on Eq. (10).
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Figure 20: Scatter plot of printed grey paper versus original grey card under the shadowed
condition, clear sky and sunny condition and for both conditions for the red (R), green (G) and blue
(B) bands. The left panel is for the shadowed condition, middle panel for the sunny condition and
the right panel for both conditions.
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6.2. Comparison of RAMSES R,..(RGB) and Smartphone Images R,;(RGB)
Using the three images (grey card, sky and water surface), the R,;(RGB) of each site was

obtained as described in Section 4.3.2. Relations between the R,;(RGB) derived from
RAMSES data and R,;(RGB) derived from the smartphone images are as shown in Figure
21. It was observed that the R,.;(RGB) values obtained from RAMSES were higher than
the R,;(RGB) obtained from the smartphone images. The resulting relations from this
analysis were not good with percentage error PE of 69 %, 67 % and 77 % for the R, G
and B bands respectively. The R% on the other hand was 0.22, 0.21 and 0.32 for R, G and
B bands respectively. With the R,;(RGB) of the smartphone images, any scaling error
from the smartphone camera would have been cancelled from the subtraction and
division of the three images used in calculating the R,;(RGB) of the water surface
(Leeuw, 2014). This, the primary source of error associated with the results was due to
the convolution of the 2-degree field of view CMFs of CIE1931 with RAMSES R,.¢(4)
instead of the spectral response functions of the smartphone device used. The results
obtained indicated that, the CIE1931 CMFs cannot be recommended as use in place of
the spectral response function of a smartphone. First, R,.;(RGB) is of the RGB colour
space and depends on the sensitivity function of the device used. Thus, to make the
result of the smartphone R,;(RGB) comparable to the R,;(RGB) of RAMSES, the
convolution of RAMSES should have been done with the smartphone’s spectral response.
Secondly, the CMFs of the CIE1931 are illumination independent and are thus
theoretical representation of the spectral response.

The maximum absolute variation between RAMSES R,;(RGB) and the smartphone
images R,;(RGB) were obtained to be 0.022, 0.020 and 0.016 for the R, G and B bands

respectively as indicated in Table 4.

Table 4: Statistical summary of the variation between RAMSES derived R,.;(RGB) and
smartphone images derived R, ;(RGB). SD, standard deviation; CV, coefficient of
variation; PE, percentage error.

Data Minimum | Maximum | Median | Mean SD CcvV PE

RAMSES R 6.6e-6 0.022 0.009 | 0.008 | 0.005 0.62 69

versus G | 51e-6 | 0020 | 0.009 |0.008 ]| 0.005 | 060 | 67

Smartphone

B 4.9e-5 0.016 0.004 | 0.005 | 0.004 0.79 77

Images
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Figure 21: Relationship between derived RAMSES R,;(RGB) and smartphone images R,;(RGB) of
the studied water bodies. (a) The variation of RAMSES and smartphone images R, (RGB) with
respect to sample sites. (b) The correlation between RAMSES R,..(RGB) versus smartphone images
R,s(RGB).

6.3. Assessment of HydroColor APP Water Quality Variables
The relation between the laboratory measured turbidity and [SPM], and the red band

reflectance R,¢(R) of the smartphone images were determined by fitting two and three
degree polynomial respectively as shown in Figure 22. For turbidity, the relation
indicated an RMSE of 7.32 NTU with R2 of 0.60. The relation for [SPM] also gave an RMSE
of 15.08 gm-3 and R? of 0.89. It was this observed that turbidity and [SPM] influence the
reflectance of the water bodies in the red band reflectance of the smartphone images.
However, for the data sets used for this study, the relation only holds for turbidity less
than 28 NTU with reflectance of 0.0165 srl and [SPM] less than 128 gm=3 with
reflectance of 0.015 sr-l. The reflectance in the red band increased with increase in
turbidity up to approximately 20 NTU before it turns to saturate. A similar (but not

identical) dependence of turbidity and the red band reflectance was observed using iPod
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Touch, iPhone 4 and iPhone 5 devices with the HydroColor APP by Leeuw (2014) and
also for the red band wavelength 645 nm of a multispectral sensor product used by
Dogliotti et al. (2015) in their research.

The lower correlation of the reflectance in the red band with turbidity than with [SPM]
might be attributed to differences in particle size distribution within the water bodies
(Neukermans et al, 2012). This is because; the turbidity meter uses the amount of
backscattered light in its computation. For instance, Stramski et al. (2004) reported that
homogeneous spherical particles smaller than 2.4 pm, contribute more to backscattering
of water as they scatter light in equal intensities in all directions. Also, studies also
indicate that particles larger than 302 um may contribute more backscattering of water
as particles larger than the wavelength of the light source used by the turbidimeter
results in greater forward scattering (Hatcher et al., 2001). In this case, such an effect
was likely to have been encountered for homogenously smaller particle size and larger
particle size in the water samples used for the laboratory measurements. The results
also indicated that in some case, as turbidity increased the reflected light in the red band
decreased as observed in Figure 22.a. Research conducted by Binding et al. (2005)
indicated that as particle scattering decrease with increase in the [SPM] of
homogenously smaller particle size and of larger particle size, this causes a reduction in

the water surface reflectance.

a b
30 T T T T T 140 T
&
25 120 ¢

=
E %100
g =
=P
2 K
B =
2 £ 80
o ©
S5 A =)
b g
e =
S Z 60

&
2 s
210} 5
S 8 40
-

o 20
o @
DD
0 ! | | | ! 0 ! | | | |
0 0.005 0.01 0.015 0.02 0.025 0.03 0 0.005 0.01 0.015 0.02 0.025 0.03
Red Band Rrs [sr'1) Red Band Rrs [sr'1)

Figure 22: The relationship between laboratory measured turbidity and the [SPM], and the red
band reflectance of the smartphone images. (a) Smartphone images red band reflectance versus
lab measured turbidity. (b) Smartphone images red band reflectance versus lab measured [SPM].
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Using the relation of the red band reflectance to turbidity and [SPM] as shown in Eq. (13
& 14), estimations of these water quality variables were obtained as specified for the
HydroColor APP. Results of validation of the APPs models with the laboratory
measurements is as shown in Figure 23. The results indicated a good correlation of R? =
0.68 and RMSE = 7.37 NTU for turbidity. The [SPM], on the order hand, gave a
correlation of R = 0.38 and RMSE = 10.75 gm-3. It should however be noted that this

results were based on using all the corresponding laboratory measurements of the

smartphone images red band reflectance.
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Figure 23: Validation of the original models used by HydroColor APP to estimate turbidity and the
[SPM]. (a) Estimates of turbidity through the semi-analytical model of the HydroColor APP versus
laboratory measured turbidity. (b) Estimates of the [SPM] through the logarithmic model of
HydroColor APP versus laboratory measured [SPM]. The relations were based on all the
corresponding red band reflectance of the smartphone images to laboratory measurements.

Based on the previous relation of the reflectance in the red band with turbidity and
[SPM], reflectance values > 0.02 sr- were excluded from the data since the water quality
variables estimates above this reflectance were considered not reliable. The relation
between the laboratory measurements and the estimated smartphone images results
were again determined. The results from this relation as shown in Figure 24 gave R? =
0.36 and RMSE = 4.13 NTU for turbidity while R2 = 0.83 and RMSE = 3.44 for [SPM]. This
indicated a decrease in the correlation between turbidity and an increase for [SPM] as

compared to results of all the reflectance values of Figure 23.
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Figure 24: Validation of the original models used by HydroColor APP to estimate turbidity and
[SPM]. (a) Estimates of turbidity through the semi-analytical model of HydroColor APP versus
laboratory measured turbidity. (b) Estimates of the [SPM] through the logarithmic model of
HydroColor APP versus laboratory measured [SPM]. The relations were based on measurements of
the red band reflectance of the smartphone images < 0.02 sr-1.

6.3.1. Limitation of HydroColor APP Models
The limit of the models used to estimate turbidity and [SPM] by the HydroColor APP

were evaluated by varying the red band reflectance. From the turbidity model of Eq.
(13), the saturation of the reflectance occurs at 0.044 sr-l and the concentration of
turbidity at half the saturation was 22.57 NTU. From the results obtained as shown in
Figure 25.a, the estimate of turbidity starts at 0 when the red band reflectance = 0 sr-1.
As turbidity gets larger the red band reflectance approaches an asymptote at 0.044 sr-1.
The limit of turbidity estimate before the asymptote is approximately 4943 NTU. As can
be seen from the Figure, the major limitation to this model is that reflectance values
above the saturation limit of 0.044 srl gives negative turbidity results. With the
possibility of having to encounter a water system with reflectance = 0.044 sr-1 which is
typical of very turbid water dominated with CDOM or suspended mineral substance
(Dierssen et al. 2006), this model would not be able to estimate the concentration of
turbidity in such case. On a positive note, the results indicated that the model would give
an estimate of turbidity and [SPM] no matter how small the optical signal received by

the smartphone may be. For instance, the estimate of turbidity and [SPM] at a
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reflectance value of 0.0001 sr-1 gave 0.05 NTU and 0.04 gm-3 respectively. With such, the
APP can be used on optically clear water systems.

In the same contest, since [SPM] is estimated from the concentration of turbidity as
shown in Eq. (14) the estimation of [SPM] will fall under the same limitation. Thus, as
shown in Figure 25.a for turbidity, a similar result would be obtained for [SPM] as
shown in Figure 25.b. This is because the HydroColor APP model for turbidity and [SPM]
has approximately 1 NTU : 1 gm3 relation based on researches conducted by
Neukermans et al. (2012) and Boss et al. (2009) as cited in Leeuw (2014). This would,
therefore, give the results for these water quality variables to approximately overlap as
observed in Figure 25.c. The limit of the [SPM] estimate before the asymptote specified
for turbidity was therefore obtained to be approximately 5344 gm-3. From the
laboratory measurements indicated previously, the relation between turbidity and
[SPM] was observed to be approximately 1 NTU : 4 gm-3.In this case, the model used by
HydroColor APP would underestimate the [SPM].
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Figure 25: Simulation of the estimation of turbidity and [SPM] from the red band reflectance to
determine the limitation of the original models used by HydroColor APP. (a) Estimated turbidity
versus the red band reflectance. (b) Estimated [SPM] versus the red band reflectance. (c) The 1
NTU : 1 gm- relation of turbidity and [SPM] applied by HydroColor APP showing an overlap of the
two estimated water quality variables.
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6.4. Alternative Approaches for Estimating [SPM]
From the results obtained and its associated limitations in using the models specified by

HydroColor APP, alternative approaches to estimating [SPM] and turbidity were sort.
Starting with [SPM], the estimation of the [SPM] directly from the red reflectance band
based on the single band relation between [SPM] and reflectance proposed by Novo et al.
(1989) was used. This was by first using the single band nonlinear relation of the
Kabelka-Munk theory of reflectance as proposed by Nechad et al. (2010) and hereafter
referred to as Nechad model. This was applied to the dataset with the red band
reflectance < 0.02 sr-l. The results of the model coefficients indicated as PD. are as
shown in the upper panel of Figure 26. The model coefficients were determined over a
range with the associated probability that the “true” model results would be within the
interval. This was to avoid any substantial errors associated with point estimate of
model parameters (Haan et al,, 1998). Taking the mean of these estimates, the resulting
model was therefore as shown in Eq. (43). Using type Il linear regression to validate the
model with the Val data sets; the slope, intercept, MAE and R? were determined with the
resulting PDy as shown in the middle and lower panel of Figure 26. The mean of the
estimated slope, intercept, MAE and R? were 1.32, -17.13, 24.97 gm3 and 0.80

respectively.

1594.75 X R,(R)
[SPM] =
0.18 + R,5(R)
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Figure 26: Probability distributions of the derived Nechad model coefficients ays; and By, (upper
plots) the slope and intercept of the type Il linear regression (middle plots), the MAE and R? (lower
plots).

Previous research of Myint & Walker (2002) also used linear models to relate the [SPM]
and the red band reflectance. Thus, a linear model was used to predict [SPM] from the
log transformed red band reflectance and hereafter called the logarithmic model. The
results of the model calibration are as shown in the upper panel of Figure 27. The
resulting model was therefore as shown in Eq. (44). On validating the model with the Val
data sets, the mean of the slope, intercept, MAE and R2? were obtained as 1.08, -4.00,
15.68 gm-3 and 0.90 respectively. The results of the validation parameters are as shown

in the middle and lower panel of Figure 27.

log(R,s(R)) + 6.51

[SPM] = 0.02

51



ASSESSMENT OF THE UTILITY OF SMARTPHONES FOR MONITORING OF WATER QUALITY

=20 20
S
=10 ﬂlﬁl 1 10
g
= 0 0 ' '
0.01 0.015 0.02 0.025 -7.2 -7 -6.8 -6.6 -6.4 -6.2
Qrye,t Slope B, .. Intercept
=20 10 =2
g | |W
% 10 5
= 0 L 0
0.5 1 1.5 2 25 60 40 -20 0 20
Type II Slope Type II Intercept
=40 40
g ||
220 20
g
=5 0 - 0 - A
20 40 60 80 06 07 08 0.9
MAE of Estimated [SPM] (gm ™) R? of Estimated [SPM]

Figure 27: Probability distributions of the derived logarithmic model coefficients ayg, and By,
(upper plots) the slope and intercept of the of type Il linear regression (middle plots), the MAE and
R? (lower plots).

The relation between the laboratory measurements and the model estimates for all the
corresponding measurements are as shown in Figure 28. For the Nechad model, the
results obtained indicated an R? of 0.78 and RMSE of 27.29 gm-3. From the results, such a
model gave more error and was less accurate as compared to the original model used by
the HydroColor APP. The logarithmic model, on the order hand, gave a better estimate of
[SPM] with R2 of 0.90 and an RMSE 15.34 gm-3. With the logarithmic model, it was also
observed that reflectance values less than 0.0014 srl of the studied data set gave
negative estimates of [SPM]. This implies that, a water body with [SPM] of
approximately 7.5 gm-3 of the studied water bodies would not be appropriate to use the

logarithmic model in its prediction.
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Figure 28: Validation of the proposed models for the HydroColor APP in estimating [SPM]. (a)
Estimated [SPM] of the proposed semi-analytical model of Nechad et al. (2010) versus laboratory
measured [SPM]. (b) Estimated [SPM] of the proposed logarithmic model versus laboratory
measured [SPM]. The relations were based on measurements of the red band reflectance <0.02 sr-1.

6.4.1. Limitation of the Proposed HydroColor [SPM] Models
The limit of the Nechad and logarithmic models for estimating [SPM] using the red band

reflectance of smartphones images proposed to be used by HydroColor APP were
evaluated by varying the red band reflectance. For the Nechad model, the saturation of
the red band reflectance occurred at 0.18 sr-! and the [SPM] at half the saturation was
1595 gm-3. From the results obtained as shown in Figure 29.a, the estimate of the [SPM]
gets larger as the red band reflectance approaches an asymptote of 0.18 sr-1. Estimates
of the [SPM] above the saturation limit would thus give negative values. Also [SPM] at
0.044 sr-1 gave 151 gm-3 as compared to 22.57 gm-3 of the original model used by the
HydroColor APP. If the Nechad model proposed is to be used, the APP would still be able
to give good estimates of [SPM] at reflectance > 0.044 sr'l which in the case of the
original model is the saturation limit.

For the logarithmic model, it was observed that the model was limited to reflectance
values 2 0.001491 sr-1. Figure 29.b this showed that reflectance values less than the limit
gave negative estimates of [SPM]. At reflectance value of 0.1 sr-1, the [SPM] estimate was
236 gm3. This model was therefore observed to be only limited by low reflectance

values which can be attributed to clear water systems.

53



ASSESSMENT OF THE UTILITY OF SMARTPHONES FOR MONITORING OF WATER QUALITY

a b
0.1 = 0.2 T T
Nechad Model Logarithmic Model
0.09 g 1 0.18
0.08 0.16
~ 0.07 —~0.14
~— Al
& &
—0.06 —0.12
g £
Z 005 g o1
= =
= &
g 0.04 ® 0.08
= =)
QL [-F]
% 0.03 = 0.06
0.02 0.04
0.01 0.02
0= 0 : :
0 500 1000 1500 5 2000 -100 0 100 200 300
Estimated [SPM] for HydroColor (gm™) Estimated [SPM] for HydroColor [gm'g)

Figure 29: Simulation of the estimation of the [SPM] from the red band reflectance to determine
the limitation of the proposed models for HydroColor APP. (a) Semi-analytical model of Nechad et
al. (2010) estimated [SPM] versus the red band reflectance. (b) The logarithmic model estimated
[SPM] versus the red band reflectance.

6.5. Alternative Approaches for Estimating Turbidity
Based on the results from the HydroColor APP, alternative approaches were assessed to

estimate turbidity using the same models applied on [SPM] through the red band
reflectance. This was because; from the previous analysis the relation of turbidity and
[SPM] gave a good correlation of R% 0.79. Previous studies also proposed that because of
the strong correlation between these two water quality variables, the same model can be
designed and apply equally to both (Nechad et al.,, 2010). Quite apart research conducted
by Kallio et al. (2001) also concluded that the best model for the estimation of turbidity
is the single band (red) since the impact of other optical water constituents are small. A
single band semi-analytical model has thus been developed to relate remote sensing
reflectance to turbidity (Nechad et al, 2009). Based on these reasons, the red band
reflectance of the smartphone images were used to relate to the measured turbidity.
This was done by using the Nechad and logarithmic models as applied on [SPM] to
derive their coefficients and validated using the laboratory measurements. The results of
the correlation of the laboratory measurements and the estimated turbidity from these
models are as shown in Figure 30. The results of the logarithmic model gave an RMSE of

6.65 NTU and an R? of 0.63. The Nechad model, on the other hand, gave an RMSE of 6.17
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NTU and R? of 0.45. The models of Eq. 45 and 46 were obtained for the Nechad and
logarithmic model respectively.
10.16 X R,5(R)

Turb =
P =0.023 + RL(R) (45)

Turb = 12.47 X log(R_rs (R)) + 82.58 (46)
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Figure 30: Validation of the proposed models for HydroColor APP in estimating turbidity. (a)
Estimates of the proposed semi-analytical model by Nechad et al. (2009) versus laboratory
measurements. (b) Estimates of the proposed logarithmic model versus laboratory measurements.
The relations were based on measurements of the red band reflectance < 0.02 sr-.

6.5.1. Limitation of the Proposed Turbidity Models
The limit of the proposed Nechad and logarithmic models for estimating turbidity via the

HydroColor APP using the red band reflectance were evaluated by varying the red band
reflectance. For the Nechad model of Figure 31.a, the saturation of the red band
reflectance occurred at 0.023 sr! and turbidity at half the saturation was 10.16 NTU.
Any other limitation that applied to the Nechad model of the [SPM] would equally affect
turbidity because they both use the same parameterization. The saturation limit as well
as turbidity estimate at half the saturation was observed to be low as compared to the
original model used by the HydroColor APP. This was because of the low values of

turbidity (< 24 NTU) for red band reflectance < 0.02 sr-1 used to calibrate the model.
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For the logarithmic model, it was observed that the model was limited to reflectance
values 2 0.00134 sr-1. Figure 31.b this indicated that reflectance values less than the limit
gave negative estimates of turbidity. The turbidity estimate for this model was observed
to be low which could be related to the low values used in the calibration which also

occurred in the Nechad model.
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Figure 31: Simulation of the estimation of turbidity from the red band reflectance to determine the
limitation of the proposed models for HydroColor APP. (a) Semi-analytical model of Nechad et al.
(2009) estimated turbidity versus the red band reflectance. (b) The logarithmic model estimated
turbidity versus the red band reflectance.

6.6. Error Quantification of the HydroColor APP Models
Both turbidity and the [SPM] model parameters were evaluated for their uncertainties

as described in Section 4.3.5. It was observed that for the [SPM] the total error of the
logarithmic model was 48.65 and the Nechad model was 48.41. The total error for
turbidity was also observed to be 20.43 for the logarithmic model and 20.04 for the
Nechad model. From the two models of the [SPM] and turbidity, the total error
propagated for the logarithmic models were higher than the Nechad models. Also,
because each of the model parameters has an uncertainty about its mean, the square
root of the partial derivative of their mean and their standard deviation was used to
obtain the error in each parameter from the resulting Eqs. (43, 44, 45 and 46). The
percentage of each models’ parameters error to the total error of each model indicated
in pie charts are as shown in Figure 32. [t was observed that the error in R,;(R) derived

from the smartphone images contributed the most to the error incurred in estimating
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[SPM]. The error in estimating turbidity for the Nechad model was affected by the
reflectance saturation limit ayr, followed by the R,;(R). The logarithmic model, on the
other hand, for turbidity was affected by the intercept Syr, followed by the R,(R).
Generally, the values of the derived R,¢(R) affects the estimation of the water quality

variables studied. This could be due to the variation in the water types studied.

[SPM] Nechad Model Turbidity Nechad Model
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Figure 32: Pie charts of the relative contributions of the error in the models parameters proposed
for the HydroColor APP shown as percentages, % with respect to the total error of each model. The
upper left panel indicates the errors in % of the Nechad model parameters in estimating [SPM].
The lower left panel indicates the errors in % of the logarithmic model parameters in estimating
[SPM]. The upper right panel indicates the errors in % of the Nechad model parameters in
estimating turbidity. The lower right panel indicates the errors in % of the logarithmic model
parameters in estimating turbidity.

6.7. Accuracy of the HydroColor APP Models
The accuracy of the original models used by HydroColor APP and the proposed Nechad

and logarithmic models in estimating turbidity and [SPM] were determined by their R2
and MAE. The results are as shown in bar charts of Figure 33. It was observed that the

logarithmic model was the best for the estimation of [SPM] with RZ = 0.90 and MAE =
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11.66 gm-3. For the turbidity models, the logarithmic model was also the best with R? =
0.63 and MAE = 5.82 NTU.
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Figure 33: Bar charts of the accuracy of the original HydroColor APP models and the proposed
HydroColor APP models estimate of turbidity and [SPM] compared to laboratory measurements.
The upper left panel indicates the R? of the models for estimated [SPM] after validating with lab
measured [SPM]. The lower left panel indicates the MAE of the models for estimated [SPM] after
validating with lab measured [SPM]. The upper right panel indicates the R? of the models for
estimated turbidity after validating with lab measured turbidity. The lower right panel indicates
the MAE of the models for estimated turbidity after validating with lab measured turbidity.
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7. CITCLOPS APP

7.1. Comparison of RAMSES xyz and Smartphone Images xyz
The correlation of RAMSES xyz chromaticity coordinates and the smartphone images xyz

chromaticity coordinates are as shown in Figure 34. The xyz chromaticity coordinates of
RAMSES and the smartphone images showed a correlative pattern for the sample sites
as shown on the left panel of the Figure. The maximum absolute variation between the
two devices were obtained to be 0.101, 0.058 and 0.159 for x, y and z respectively as
indicated in Table 5. The results of the correlation also indicated the highest value(s) of;
x chromaticity coordinate at the CDOM dominated water site, y chromaticity coordinate
for chlorophyll-a pigment dominated water sites and z chromaticity coordinate at the
clear water sites. Scatter plots of the xyz chromaticity coordinates of RAMSES and the
smartphone images are as shown on the right panel of Figure 34. The figure indicates a
correlation of R20.65, 0.70 and 0.67 respectively for x, y and z. the PE were also 9.69 %,
0.07 % and 22 % respectively for x, y and z.

Table 5: Statistical summary of the variation between RAMSES derived xyz chromaticity
coordinates and smartphone images derived xyz chromaticity coordinates. SD, standard
deviation; CV, coefficient of variation; PE, percentage error.

Data Minimum | Maximum | Median | Mean SD CcV PE
RAMSES X 0.009 0.101 0.039 | 0.041 | 0.022 0.530 9.69
versus

y 0.0003 0.058 0.021 | 0.022 | 0.016 | 0.747 0.07
Smartphone

z 0.002 0.159 0.041 | 0.049 | 0.040 | 0.827 22

Images
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Figure 34: Relationship between RAMSES xyz chromaticity coordinates and smartphone images xyz
chromaticity coordinates. The x data is specified by red, y data by green and the z data by blue. The
left panel of the figure, (a) indicates the plot of the xyz chromaticity coordinates versus the sample
sites. On the right panel, (b) are the scatter plots of the xyz chromaticity coordinates of RAMSES
versus the smartphone images.

An illustration of selected xy chromaticity coordinates of RAMSES and the smartphone
images are as shown in a chromaticity diagram of Figure 35. The Figure indicates the
derived chromaticity coordinates of the devices with respect to the chromaticity
coordinates that were developed from laboratory FU solution transmission
measurements by Novoa et al. (2013). It was observed that the chromaticity coordinates
of RAMSES were closer to the white point, WP as compared to the smartphone images
chromaticity coordinates. The closeness of RAMSES chromaticity coordinates to the WP
indicated that its resulting colours were less saturated as compared to the smartphone
images. This could be as a result of the gamma expansion that was applied on the
smartphone images. By gamma expansion with a value of 2.2, the colour of the output

smartphone images became saturated with the enhancement of their gray level.
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Figure 35: Illustration of the xy chromaticity coordinates derived from RAMSES and the
smartphone images on a chromaticity diagram. This is compared to the chromaticity coordinates
that were developed from laboratory FU solution transmission measurements by Novoa et al.
(2013). The white point of the chromaticity coordinate is indicated as WP.

7.2. Hue Colour Angles and Forel-Ule Index
Statistical summary of the ap(®°) and FUI that were derived from RAMSES and the

smartphone images are as shown in Table 6. This indicated that, the ap(°) derived from
RAMSES data range 32.68° to 85.47°. The FUI of RAMSES also ranged 9 to 18. The ap(°)
of the smartphone images ranged from 36.90° to 156.85° and the FUI ranged from 6 to
17.

Table 6: Statistical summary of the hue colour angles, ap(°) and Forel-Ule Index (FUI)
derived from RAMSES and the smartphone images. SD, standard deviation; CV, coefficient
of variation; PE, percentage error.

Data Minimum | Maximum | Median | Mean SD Cv PE
RAMSES ap(°) 32.68 85.47 55.55 57.40 9.74 0.17 | 38.4
Smartphone ap(°) 36.90 156.85 7691 87.89 28.05 | 0.32
RAMSES FUI 9 18 14 13.37 1.66 0.12 | 26.7
Smartphone FUI 6 17 10 9.89 2.38 024
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Comparison of the ap(°®) and FUI derived from RAMSES and the smartphone images are
as shown in Figure 36. With the ap(°) it was observed that 98 % of the data were within
the 95% confidence interval (CI). The R? obtained was 0.63 and an RMSE of 17.20°.
Figure 36 also indicated that, the ap(°) of the data set within the third quartile were
more dispersed. This could be due to the high angular differences existing in the blue to
cyan hue colour angles as can be seen in Figure 10. Quite apart, the water system that
was characterised by these angles was the clear water body of Hulsbeek Lake with
measurements taken under a fluctuation weather condition. The effect of such
fluctuating weather condition could have also caused a significant influence on the water
surface reflectance which in this case resulted in varying angles.

For the FUI, 100 % of the data were within the 95 % CI. The correlation between
RAMSES and the smartphone images gave R? of 0.70, RMSE of 1.32 and PE of 26.7. The
consistency in the FU 14 for the RAMSES data was for Binnenschelde and
Markiezaatsmeer Lake which had similar water characteristics. It was therefore
expected to have the same range of FUI as was observed from RAMSES (considered to be

the true results).
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Figure 36: Relationship between the hue colour angle o (°) and Forel-Ule Index (FUI) derived from
RAMSES and the smartphone images. (a) Scatter plot of the ap(°) derived from RAMSES and the
smartphone images with a linear fit (full line) and the 95 % confidence interval (dotted line). (b)
Scatter plot of the FUI derived from RAMSES and the smartphone images with a linear fit (full line)
and the 95 % confidence interval (dotted line).
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Variations in ap(°) as seen from Figure 36 caused significantly the derived FUI. To
identify such areas of ap(°), deviation, A of the smartphone images from RAMSES
(considered to be the true measurement) were determined. This was by subtracting the
ap(®) of the smartphone images from RAMSES ap(°). The A of ap(°) with respect to the
sample sites is as shown in Figure 37.a. It was observed that, there was much variation
in the sample sites of Hulskeeb Lake up to -92.71°. A summary of the deviation of the

smartphone images from RAMSES ap(°) and FUI are as shown in Table 7.

Table 7: Statistical summary of the deviation, A of smartphone images hue colour angle
ap(®) and Forel-Ule index (FUI) from RAMSES.

Smartphone Images Deviation, A Minimum | Maximum | Median Mean
A of ap(°) -4.21 -92.71 -23.37 -30.49
A of FUI 1 6 3 3.49

Generally, Figure 37.b indicated that ap(°) > 100° gave most of its deviation > -50°,
From Figure 10, ap(°) > 100° correspond to FUI from 7 to 1. It was this observed that
FUI derived with ap(°) > 100° gave much variation in FUI as shown in Figure 37.c. Such
disparity in ap(°) which subsequently affected the FUI of Hulsbeek Lake could be
attributed to its fluctuation in weather condition. Also, its RAMSES R, (1) were not
corrected for sky glint effects which could contribute to such deviation because of the
clear start of the water at the time the study was conducted.
The Hulsbeek Lake results were thus removed from the data set and the remaining ap(°)
used to develop a model on which A of the smartphone images ap(°) from the “true”
ap(°) of RAMSES was obtained. This was by fitting a 3 degree polynomial function to the
data set. The results obtained indicated a good fit with an R2 of 0.97 and RMSE of 2.00°
as shown in Figure 37.d with the resulting model shown in Eq. (47).

Aap(°) = 0.0003x30.0757x% + 5.144x — 107.8 (47)

It should, however, be noted that this deviation factor, Aap(°) cannot be applied on

36.896° < ap(®) > 99.991°. Thus, ap(°) derived outside this interval with the addition of

the A, (°) will give inaccurate results.

63



ASSESSMENT OF THE UTILITY OF SMARTPHONES FOR MONITORING OF WATER QUALITY

b
0 : : ,
T
& o %a
\_JL .‘_; E\:‘ul [ o
s} a ont ° ]
T o
= o
< <]
-100
40 60 80 100 120 140 160
Sample Site Smartphone Images o, )
c d
. T T T 0 T r T -
6 a a
= A A A A ;: a0l
E 4 & 8 & & C-L
o " — .
4 “ - S 4| Ri=0w o
2 A A & <] RMSE=2.00 o
& a ¥=0.0003x" - 0.0757x" + 5.144x - 107.3
0 -60
18 16 14 12 10 8 6 40 50 60 70 80 90 100
Smartphone Images FUI

Smartphone Images ay ®

Figure 37: Deviation, A of the smartphone images hue colour angles ap(°) and Forel-Ule index (FUI)
from RAMSES. (a) Derived A of the smartphone images ap(°) with respect to sample sites. (b)
Derived A of the smartphone images ap(°) with respect to the original ap(°) of the smartphone
images. (c) Derived A of the smartphone images FUI with respect to the original FUI of the
smartphone images. (d) Derived A of the smartphone images ap(°) for the sample sites excluding
Hulsbeek Lake (36 - 47) in order to derive a model to correct for the deviations of the smartphone
images.

Another comparison was to match the water surface images with the FU scale develop
by Wernand et al. (2013). This was by using the RGB values of the FU scale to generate
images and their corresponding FUI and to visually compare these images to the
smartphone images. The results were relatively good for the smartphone images except
for the pit water surface image. From visual inspection, this water should correspond to
FU 20 - 21 as can be visualised from the images in Table 8. Since the Citclops APP is
based on relating the ap(°) of the smartphone image to the ay(°) of Novoa et al. (2013),
FU 17 were obtained for the smartphone image and also FU 18 for RAMSES. However,
the ap(°) of the smartphone image and RAMSES on relating to the ay,(°) of Wernand et
al. (2013) gave FU 21. From the preliminary results displayed by Citclops APP when an
image is first captured and sent to the Citclops database which are indicated in Annex II,
one could say the pit water contains extreme concentrations of humic acid which covers
an FU range of 18 - 21. By this, the derived FUI of RAMSES and perhaps the smartphone

image fall within the same range of water system. On the other hand, the “true” colour of
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the water translated to FUI would be missed if the relation is based on the ap(°) of the
smartphone image to the ay(°) of Novoa et al. (2013). Thus, the Citclops APP would
underestimate the “true” colour of water bodies if the Citclops APP model is based on

comparing smartphone images ap(°) with the ay (°) of Novoa et al. (2013).

Table 8: Visual comparison of the pit water smartphone image ap(°) and FUI to the ay,(°)
and FUI generated using RGB values of Wernand et al. (2013) and the ay(°) and FUI of
laboratory FU solution transmission by Novoa et al. (2013). The FUI is calculated based on
the ap(°). For example, the ap(°) of the smartphone image was 36.896°. Base on Novoa et
al. (2013) this angle is < 39.769°. The smartphone image is this indexed 17. Also, Base on
Wernand et al. (2013) this angle is < 39.674°. The point measured RAMSES data is this
indexed 21.

Water RGB of Field Data ap(°) Novoaetal. (2013) | Wernand et al.
Surface FUI (2013)
Image FUI ay(®) FUI aw(®)

RAMSES 32.677 16 39.769 16 58.623

17 34.906 17 54.649

18 30.439 18 49.527
Smartphone | 36.896 19 26.337 19 43.963
Image 20 22.741 20 39.674

21 <22.741 21 <39.674

.

7.3. Assessment of the Chromaticity Coordinates for Estimating Water
Quality Variables

In terms of the Citclops APP, the only water quality variable estimated is the water
colour which is translated into FUI. This water quality variable was previously assessed
by comparing the results of the ap(°) and FUI derived from RAMSES and the smartphone
images from Section 7.2. The relation of the xyz chromaticity coordinates derived from
RAMSES and the smartphone images gave a good correlation as was observed in Figure
34. From the perspective of HydroColor APP, the R,.;(RGB) are comparable to the
R,s(RGB) bands of traditional radiometers used generally for remote sensing of water
quality. From Section 6.4 & 6.5, the assessment of the estimation of [SPM] and turbidity
were successful through the red band reflectance from smartphone images using known

remote sensing models used on radiometric measurements. The R,.;(RGB) derived from
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the sRGB images of the grey card, sky and water surface this represents the “intrinsic
colour” of the water sampled as a measure of reflectance. In the same contest, the xyz
chromaticity coordinates obtained from the smartphone sRGB image of the water
surface after gamma expansion, chromaticity adaptation, and illumination correction
specified for natural water bodies would also represent the “intrinsic colour” of the
water sampled in the CIE XYZ colour space. This, it is possible to quantify water quality
variables from the xyz chromaticity coordinates since they used the same “spectra” as
the R,;(RGB) of HydroColor APP and traditional remote sensing radiometers. The two
colour space used by this APPs can also be transformed from one colour space to the
other (that is, from RGB colour space to XYZ colour space and vice versa). The same
relation as applied to the red band reflectance of HydroColor can thus be applied to the x
chromaticity coordinate of Citclops to derive turbidity and [SPM].

As a pilot study, a relation between the x chromaticity coordinate and laboratory
measured turbidity and [SPM] were first determined. The results indicated a good
correlation between these two water quality variables and the x chromaticity coordinate
after fitting a 2-degree polynomial as shown in Figure 38. The correlation of turbidity
gave RMSE of 0.02 NTU and R? of 0.70 whiles the [SPM] gave RMSE of 0.02 gm-3 and R?
of 0.79.
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Figure 38: The relationship between laboratory measured turbidity and the [SPM], and the x
chromaticity coordinate from the smartphone images. (a) Smartphone images x chromaticity
coordinate versus laboratory measured turbidity (b) Smartphone images x chromaticity
coordinate versus laboratory measured [SPM].
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7.4. Estimating the [SPM] from the x Chromaticity Coordinate
Using the same models as applied on the red band reflectance of HydroColor APP in

Section 6.4, estimates of the Nechad and logarithmic model coefficients were determined
by using x chromaticity coordinate in estimating the [SPM]. The resulting models are as
shown in Eq. (48 and 49) for the Nechad and logarithmic model respectively. The
models validation of the [SPM] using the laboratory measurements gave an RMSE of
20.18 gm-3 and R? of 0.79 for the logarithmic model and RMSE of 2.93 gm-3 and R? of 0.77

for the Nechad model as indicated in Figure 39.

_ 13.34 X chrom(x)

SPM] =
[ ] 0.43 — chrom(x) (48)
[SPM] = 413.91 X log(chrom(x)) + 508.99 (49)
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Figure 39: Validation of the proposed models for Citclops APP in estimating [SPM]. (a) Estimated
[SPM] of the proposed semi-analytical model by Nechad et al. (2010) versus laboratory measured
[SPM]. (b) Estimated [SPM] of the proposed logarithmic model versus laboratory measured [SPM].

7.4.1. Limitation of the Proposed [SPM] Models
The models limit in estimating the [SPM] using the x chromaticity coordinate were

evaluated by varying the x chromaticity coordinate. For the Nechad model, the
saturation of the x chromaticity coordinate occurred at 0.43 and [SPM] at half the

saturation was 13.34 gm-3. As shown in Figure 40.a, any x chromaticity coordinate above
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the saturation limit gave negative estimates of the [SPM]. In this regard, the Nechad
model would not be effective in estimating [SPM] since turbid water systems as a result
of SPM could exceed the model saturation limit. This, such a model cannot be used for
estimation of the [SPM] in the case of using the x chromaticity coordinate.

For the logarithmic model, it was observed that the model was limited to x chromaticity
coordinates = 0.293. Figure 40.b this showed that x chromaticity coordinates values less
than the limit gave negative estimates of [SPM]. The [SPM] estimate at the x chromaticity
coordinate limit, 1 was approximately 509 gm-3. Although the water systems that were
used for this study varied, the least x chromaticity coordinate was greater than the limit
of the logarithmic model. This model would, therefore, be appropriate for the estimation

of [SPM].
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Figure 40: Simulation of the estimation of the [SPM] from the x chromaticity coordinate to
determine the limitation of the proposed models for Citclops APP. (a) Semi-analytical model of
Nechad et al. (2010) estimated [SPM] versus the x chromaticity coordinate. (b) The logarithmic
model estimated [SPM] versus the x chromaticity coordinate.

7.5. Estimating Turbidity from the x Chromaticity Coordinate
Using the same models as applied on the red band reflectance of HydroColor APP in

Section 6.5, estimates of the models’ coefficients were determined for turbidity. The

resulting models are as shown in Eq. (50 and 51) for the Nechad and logarithmic model

68



ASSESSMENT OF THE UTILITY OF SMARTPHONES FOR WATER QUALITY MONITORING

respectively. The models validation of turbidity estimates with the laboratory
measurements gave an RMSE of 5.86 NTU and R? of 0.73 for the logarithmic model and
RMSE of 0.83 NTU and R? of 0.70 for the Nechad model as shown in Figure 41.

17.6 X chrom(x)

Turb =
0.42 — chrom(x) (50)
Turb = 106.07 X log(chrom(x)) + 130.29 (51)
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Figure 41: Validation of the proposed models for Citclops APP in estimating turbidity. (a) The
estimated turbidity of the proposed semi-analytical model by Nechad et al. (2009) versus
laboratory measured turbidity. (b) Estimated turbidity of the proposed logarithmic model versus
laboratory measured turbidity.

7.5.1. Limitation of the Proposed Turbidity Models
The models on assessing their use in estimating turbidity gave the following results on

turning the x chromaticity coordinate. For the Nechad model, the saturation of the x
chromaticity coordinate occurred at 0.42 and turbidity at half the saturation was 17.6
NTU. From the results obtained as shown in Figure 42.a, any x chromaticity coordinate
above the saturation limit gave a negative estimate of turbidity. In this regard, the

Nechad model would not be effective in estimating turbidity since turbid water systems

69



ASSESSMENT OF THE UTILITY OF SMARTPHONES FOR MONITORING OF WATER QUALITY

could exceed the model saturation limit. Thus, the Nechad model cannot be used for
estimation of turbidity in the case of using the x chromaticity coordinate.

For the logarithmic model, it was observed that the model was limited to x chromaticity
coordinates = 0.293. This was approximately the same limit as the [SPM]. Figure 42.b
this showed that x chromaticity coordinate values less than the limit gave negative
estimates of turbidity. Turbidity estimate at the x chromaticity coordinate limit, 1 was
approximately 130 NTU. For the varied water systems studied, the logarithmic model is
thus recommended as the appropriate model for estimating turbidity from the x
chromaticity coordinate. Generally, the estimates of turbidity were observed to be small

due to the low values of turbidity that were used to calibrate the models.
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Figure 42: Simulation of the estimation of turbidity from the x chromaticity coordinate to
determine the limitation of the proposed models for Citclops APP. (a) Semi-analytical model of
Nechad et al. (2009) estimated turbidity versus the x chromaticity coordinate. (b) The logarithmic
model estimated turbidity versus the x chromaticity coordinate.

7.6. Error Quantification of the Proposed Citclops APP Models
From the quantification of the models errors, it was observed that for the [SPM] the total

error of the logarithmic model was 43.16 and the Nechad model was 42.89. The total
error for turbidity was also observed to be 11.50 for the logarithmic model and 18.72 for

the Nechad model. From the two models of the [SPM], the total error propagated for the
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logarithmic model was higher than the Nechad model. For the turbidity models, the
logarithmic model had a lower total error as compared to the Nechad model. The errors
in each models parameters of Eqgs. (48, 49, 50 and 51) over their total error were
determined as indicated in Figure 43. For the Nechad model in estimating [SPM], it was
observed that the error in x chromaticity coordinate, x chrom. coord. derived from the
smartphone images contributed the most to the total error. The logarithmic model for
[SPM] on the other hand was affected by the slope a.r, followed by the x chrom. coord.
The error in estimating turbidity for the Nechad and logarithmic models were affected
by the x chrom.coord. Generally, the effects of the derivedx chrom. coord affects the
estimation of the water quality variables studied. This could be due to the variation in

the water systems studied.
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Figure 43: Pie charts of the relative contributions of the errors in the models parameters proposed
for the Citclops APP shown as percentages % with respect to the total error of each model. The
upper left panel indicates the errors in % of the Nechad model parameters in estimating [SPM].
The lower left panel indicates the errors in % of the logarithmic model parameters in estimating
[SPM] The upper right panel indicates the error in % of the Nechad model parameters in
estimating turbidity. The lower right panel indicates the error in % of the logarithmic model
parameters in estimating turbidity.
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7.7. Accuracy of Citclops APP Models
The accuracy of the proposed Nechad and logarithmic models in estimating turbidity

and [SPM] were determined by their R2 and MAE. The results are as shown in the bar
charts of Figure 44. It was observed that the logarithmic model performed better for the
estimation of [SPM] with R%Z = 0.79 and MAE = 14.77 gm-3. For the turbidity models, the
logarithmic model again performed better with R2 = 0.73 and MAE = 4.14 NTU.
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Figure 44: Bar charts of the accuracy of proposed Citclops APP models (Nechad and logarithmic)
estimates of water quality variables compared to laboratory measurements. The upper left panel
indicates the R? of the models for estimated [SPM] after validating with lab measured [SPM]. The
lower left panel indicates the MAE of the models for estimated [SPM] after validating with lab
measured [SPM]. The upper right panel indicates the R2 of the models for estimated turbidity after
validating with lab measured turbidity. The lower right panel indicates the MAE of the models for
estimated turbidity after validating with lab measured turbidity.

7.8. Colour Saturation as a Measure of Water Transparency
The derived colour saturations described in Section 4.4.6 were intended to be used as a

measure of the transparency of point measurements of the water bodies. This is
because; the colour saturation of a water system determines how much optically active

components are present to apparently affect the measure of the depth of light
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penetration into the water. Colour saturation as a quantitative measure of the saturation
of a particular colour does not depend on the type of water constituent but on the
constituents’ capability to attenuate light. Colour saturation and dominant wavelength
for each point measurement were thus obtained. An illustration of the results for a point

measurement (P) is as shown in Figure 45.
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Figure 45: An illustration of derived colour saturation and dominant wavelength from the xy
chromaticity coordinate on a polar coordinate system, and the deviation, A in estimating the
difference in a point measured angle 0° and the angle of the corresponding CIE1931 chromaticity
coordinate. This illustration is the result of the pit water sampled near Kristalbad artificial
wetland.

For the whole study sites, the results of the colour saturation ranged from 0.08 to 0.73 as
shown in Figure 46.a. This indicated that the point measured water bodies ranged from
high transparent waters to low transparent waters. The more saturated the colour was,
the closer the measurement was to the dominant wavelength. In terms of the dominant
wavelength, the minimum wavelength was 497 and the maximum was 582 as shown in
Figure 46.b. This being a wavelength range for cyan to the orange colour indicated the
variation in the water types that were studied. The A in estimating the difference in a
point measured angle and the angle of the corresponding CIE1931 chromaticity

coordinate also ranged from 0.005° to 0.99° as indicated in Table 9. The A in estimating
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the angles were thus obtained to be lower than 1° out of 360° and thus can be said to be
insignificant.
Since transparency measurements were not taken of the water bodies, no model was

developed to relate these two parameters.

Table 9: Statistical summary of the colour saturation, dominant wavelength and the
deviation, A in estimating the difference in a point measured angle 0° and the angle of the
corresponding CIE1931 chromaticity coordinate. SD, standard deviation; CD, coefficient of
variation.

Data Minimum | Maximum | Median | Mean SD CV
Colour Saturation 0.08 0.73 0.29 0.35 0.23 | 0.66
Dominant Wavelength (nm) 497.0 582.0 562.0 | 550.2 | 25.32 | 0.05
Ain 6° 0.005 0.99 0.41 0.45 0.27 | 0.60
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Figure 46: Variation of the colour saturation and dominant wavelength derived from the
smartphone images with respect to the sample sites. (a) Colour saturation versus sample site. (b)
Dominant wavelength versus sample site. From the Figure, Hulbeek Lake of site 36 - 47 (circled
with red full line) gave lower colour saturation and dominant wavelengths within the blue
wavelength range because of the clear nature of the water system.
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8. CONCLUSION AND RECOMMENDATIONS

8.1. Conclusion
Smartphones although not empowered as water quality sensing devices can be used to

obtain spectral information about our water quality through their enhanced capability to
capture images and process using APPs. As was the focus of this study, the efficiency and
accuracy in using the HydroColor and Citclops APPs in estimating water quality
variables such as water colour translated to FUI, turbidity and [SPM] were successfully
assessed. The results of their transfer functions (that is, the R,;(RGB) and the xyz
chromaticity coordinates respectively of HydroColor and Citclops APP) derived from
smartphone images on comparison with RAMSES cannot be conclusive. This is because,
the R,;(RGB) of RAMSES data was not weighed with the spectral response function of
the smartphone. This, the correlation of smartphone images and RAMSES R,;(RGB)
were lower with RZ < 0.32. The correlation of smartphone images and RAMSES xyz

chromaticity coordinates on the other hand was good with R% 2 6.5.

For the estimated water quality variables, even though it might not be representative of
all water bodies, the models applied to derive turbidity and the [SPM] performed
satisfactorily after comparison with laboratory measurements. The original models used
by the HydroColor APP in estimating turbidity and [SPM] gave good results but had
R,s(R) of 0.044 sr-las the reflectance saturation limit. The model used by HydroColor
APP therefore would not be able to estimate turbid water systems such as CDOM and
mineral dominated waters whose reflectances are greater than the saturation
reflectance limit of the APP. The use of other models to improve the original model of
HydroColor APP revealed some important results about the type of models to be used by
the APP. The semi analytical model of Nechad et al. (2010) gave estimates of [SPM] until
a reflectance saturation limit of 0.18 sr-1 and the estimate of [SPM] at half the saturation
limit to be 1594.75 gm-3. This would greatly improve on the APPs ability to sample a
wider range of water systems. The logarithmic model for [SPM] and turbidity also
indicates that the models were sensitive to very low reflectance values of water systems
with turbidity < 0.09 NTU and [SPM] < 0.38 gm-3. Thus, water systems with R,.¢(R) <
0.00134 srt and 0.0015 sr-1 would therefore give no estimate of turbidity and [SPM]

respectively. The error propagation of the models indicated the results of estimating
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both turbidity and [SPM] were greatly affected by the R,;(R) parameter up to 78 % of
the total error. The accuracy of the models in estimating turbidity and [SPM] based on
their R2 and MAE also concluded that the proposed logarithmic model was the best
compared to the original model used by the HydroColor APP and the proposed Nechad

model.

For the Citclops APP, the resulting water colour of the smartphone images translated
into FUI gave a good correlation with RAMSES with R = 0.70. A model was successfully
developed to correct for the offset in hue colour angles calculated within 36.896° and
99.991° to obtain an accurate estimate of FUI within this hue colour angles since the
study was limited by data set. The x chromaticity coordinate of the smartphone images
used to estimate turbidity and [SPM] gave good correlation with laboratory
measurements. The Nechad model and the logarithmic model used in estimating
turbidity and [SPM] both gave R? = 0.70. Parameterization of the Nechad model
indicated that the model only estimated turbidity and [SPM] if the x chromaticity
coordinate was > 0.42. The logarithmic model gave a limit to the x chromaticity
coordinate to be > 0.29 for both turbidity and [SPM]. In other to sample all water
systems, the logarithmic model was a better model to be used. It was observed that the
error incurred in the estimation of turbidity and [SPM] were contributed mostly by the x
chromaticity coordinate up to 77 % of the total error. The accuracy of the proposed

models based on their R2 and MAE showed that the logarithmic model performed better.

For the two APPs, it can be generally concluded that the use of the logarithmic model in
estimating turbidity and [SPM] performed better than the Nechad model. The estimate
of turbidity for the Citclops APP which is based on the XYZ colour space performed
better with R2 = 0.73 compared to R% = 0.63 of the HydroColor APP which uses the RGB
colour space. On the other hand, the estimation of [SPM] for the HydroColor APP
performed better with R2 = 0.90 compared to R2 = 0.79 of the Citclops APP. If the models
used for this study are incorporated into the APPs, the Citclops APP is recommended for
the estimation of water quality variables. This is because; the XYZ colour space used by
this APP requires only the water surface image which would be easy and efficient to be
used by ordinary citizen and researchers for water quality monitoring. Also, other water

quality parameters such as water transparency can be estimated from the colour space
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of the Citclops APP. The XYZ colour space through the Citclops APP is therefore

recommended for use for inland waters in the Netherlands.

8.2. Recommendations
At the end of this research work, the following are given as recommendations that

require further studies:

= Incorporate the proposed models into real measurements to assess their
accuracy.

= Model calibration and validation on a wider range of water systems should be
further investigated to obtain models that can be applicable to all water systems.

= With the sun being the primary source of daylight, changes in received sunlight
due to the time of the day, weather conditions, geographical latitude, season, and
sunspot cycle would significantly affect perceived water surface colour. This, the
use of smartphones should be further studied under different lighting conditions
to ascertained its effect on water surface colour.

= Smartphones images format and their subsequent gamma correction
requirements differ. This, a detailed study should be done on smartphone inter-
comparison to determine the format of images, gamma correction and the models
to be used in estimating water quality variables.

= CDOM and mineral-dominated turbid water often have red colour water surfaces.
Likewise, red tide events of algae bloom would also have red colour water
surfaces. Images taken of these two different water bodies might give the same
R,s(RGB) or xyz chromaticity coordinate base on the sRGB of the images. These
images would therefore give the same estimate of water quality variables such as
water colour of FU 21. Studies should be carried out to differentiate between the
two cases of water systems in terms of smartphone images.

= For inland water bodies, the presence of some inorganic and organic compounds
have the ability to interact with light in many ways to produce colour (Nassau,
2001). Some inorganic compounds (pigments) turn to be weather resistant with
the ability to hide light energy thereby producing dull colours as compared to

organic compounds. Sophisticated procedure should, therefore, be applied to
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assess the effects of such materials on the colour of water systems and its impact

on smartphone images results.

Derive chlorophyll and CDOM using the band ratio models as specified by Goddijn
& White (2006) and Goddijn et al. (2009) for the two APPs. For chlorophyll, the
red band reflectance should be subtracted from the green and blue band
reflectance in the band ratio to remove the impact of scattering of mineral
particles in Case 2 water as specified by Leeuw (2014).

Comparison of smartphone images with high-resolution multispectral sensors.
Scale down of multispectral sensor images using smartphone images through
Bayesian inference and other methods.

The use of smartphone images and multispectral sensors to identify areas of
submerged aquatic vegetation of water bodies.

Develop a graphical user interface (GUI) in open source software such as ILWIS
(Integrated Land and Water Information System) for water colour monitoring
translated into FUI This should include documentation of a user guide manual for

the GUI.
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ANNEX I - LINKS TO THE APPS USED

Links to more information on the APPs used are; Citclops APP http://www.citclops.eu

now called EyeOnWater http://www.eyeonwater.org and HydroColor APP

http://misclab.umeoce.maine.edu/research/HydroColor.php. A general overview of

these smartphone APPs for monitoring water quality is discussed below.

ANNEXII - CITCLOPS APP USAGE

The Citclops APP includes a digitalized Forel-Ule (FU) color-comparator scale that
mimics the colour scale of the traditional FU colour scale or Xantho-meter which has
been used by oceanographers and limnologists since the 19th century to measure the
colour of natural water bodies. Examples of the colours of water bodies taken from some

parts of the globe are as shown in below.

Atlantic Northsea Northsea Waddensea Lakewater
Ocean coastline

by with
algal blooms dead organic
material

Colours of water bodies taken from some parts of the globe; Source: http://forel-ule-scale.com

The traditional FU scale includes 21 chemically prepared colours placed in glass vials.
These colours range from indigo-blue (index 1) thru green (index 10) to cola-brown
(index 21) as shown in a Modern FU scale of the Figure below. The final vial (index 22)
added to Modern FU scales is distilled water (which is colourless). Recently, Novoa, et al.
(2014) developed the FU scale using high-quality lighting filters and a white frame as
shown in the Figure below to improve upon the materials originally used in the
manufacture of the scale and to reduce the risk in handling it (chemical solutions placed

in glass vials).
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Modern FU scales of different materials; (a) glass vials containing chemically prepared solutions,
and (b) high-quality lighting filters on a white frame. These images were acquired from the

Citclops website: http://www.citclops.eu

Using the back camera of a smartphone to view a water body, the part of the picture that
best represents the colour of the water (without foam or sun reflection) is captured. The
image of the water is taken at an angle < 40° from the horizontal surface of the water.
This is achieved by adhering to the compass display on the image capture screen. For a
better view of the water colour, the user in possession of a Secchi disc is asked to place it
at half the Secchi disc depth (SDD) to boost the light signal coming from the water. The
use of the Secchi disc is especially important on cloudy and dark days when not enough
light is coming from the water column. The APP also includes an option where the user
can indicate the measure of transparency at half the SDD. Thus, in the case of using a
Secchi disc, the area where the Secchi disc (at 2 SDD) can appear in the image is
preferred. An area of the image which best represents the colour of the water is then
cropped for analysis.

The cropped water surface image is then simultaneously viewed with the digitalized FU
scale of 21 colour bars. Each colour bar has 3 colour saturations to mimic the water
transparency. The best matching colour bar of the digitalized FU scale is then selected as
the corresponding colour of the water image. As a measure of accuracy, measurements
from a Modern FU scale can be used to validate the digitalised FU output from the APP.
The standard RGB, sRGB of the digital image is then used to calculate the FUI using
specific models after the image is submitted to the Citclops community as specified via
the APP. The results of the FUI can then be obtained from the Citclops database via their
website for a user of the Citclops APP.

However, preliminary results displayed by the APP are as follows based on their
corresponding colour indexes listed below. The corresponding category of water that

was sampled is thus highlighted to make it clear to the observer the water type that was
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sampled. This information was taken directly from the site of the Citclops APP
http://www.citclops.eu which is the same information displayed categorically by the

APP.

1. Indigo blue to greenish blue with high light penetration (1-5 FU scale). These
waters have often low nutrient levels and low production of biomass. The colour is
dominated by microscopic algae (phytoplankton).

2. Greenish blue to bluish green (6-9 FU scale). The colour is still dominated by algae,
but also increased dissolved matter and some sediment may be present. Typical for
areas towards the open sea.

3. Greenish (10-13 FU scale). Often coastal waters which usually display increased
nutrient and phytoplankton levels, but also contain minerals and dissolved organic
material.

4. Greenish brown to brownish green (14-17 FU scale). Usually with high nutrient and
phytoplankton concentrations, but also increased sediment and dissolved organic
matter. Typical for near-shore areas and tidal flats.

5. Brownish green to cola brown (18-21 FU scale). Waters with an extremely high
concentration of humic acids, which are typical for rivers and estuaries.

To make the results more presentable, an illustrative water colour with their FUI is as

show in the Figure below.

1 2 3 45 6 7 8 9 101112 13 14 15 16 17 18 19 20 21

Developed RGB images of water colour with their FUIs. This was developed based on the RGB
colour values for the reproduction of the FU legend by Wernand et al. (2013).

ANNEXIII - HYDROCOLOR APP USAGE

HydroColor APP requires three images to be taken by the user with an open end
forward-looking digital camera of a smartphone. The required images include; the water
surface, the sky (which is used to correct the water surface image off water surface
skylight reflectance), and an 18 % reflectance grey card (which is used as a measure of

the down-welling irradiance from the sky and sun). The RGB values from a 200 x 200
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pixel square at the centre of the three images are averaged. The averaged values are
then used to obtain the relative radiance of the images by dividing the RGB of the images
by the exposure time of the phone camera and subsequently used to derive the remote
sensing reflectance R,4(RGB). It is from this R,;(RGB) that specific models are applied
to derive turbidity, [SPM] and backscattering coefficient. The R,;(RGB) in this case is a
calculated value rather than a direct field measured value (where a tube/cone is fitted
around the camera lens to block skylight and water surface reflected light) (Goddijn &
White, 2006; Lee et al., 2013).

In order to reduce the effects of sun glint and non-uniform sky radiance from the water
surface image, the image is taken at a zenith angle of 40° from nadir and an azimuth
angle of 135° from the sun as recommended by Mobley (1999). This is achieved by
adhering to the compass display on the image capture screen. The image of the grey card
is taken at the same zenith and azimuth angles as the water image. Taking the water
surface and the grey card images at the same zenith and azimuth angle also avoid
shading problems by creating the condition of having to block the same portion of the
sky radiance for the two images. In order to capture the portion of the sky that
contribute the most to the surface reflectance of the water image, the image of the sky is
taken at a zenith angle of 130° from nadir and an azimuth angle of 135° from the sun as

recommended by Mobley (1999).

ANNEX IV - COMPARISON OF CITCLOPS AND HYDROCOLOR
APPS

A comparison of the Citclops and HydroColor APPs based on the required images,
reference materials, RGB transfer functions, estimated water quality variable,
advantages and disadvantages are as shown in Table 1.

Comparison of Citclops and HydroColor APPs

Citclops HydroColor

Required Image(s)

Water surface image. Water surface, sky and grey card images.
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Reference Material

Digitalized FU colour comparator scale as
reference material. The user can add
information on Modern FU scale and

Secchi disc measurements.

No reference material needed.

RGB Transfer Function

From sRGB of water surface image to xyz

chromaticity coordinates.

From sRGB of grey card, sky and water

surface images to R,;(RGB).

Colour Space Conditions

XYZ colour space; not dependent on the

device used. Also, the resulting

chromaticity coordinates does not depend
on the illumination condition of which the

image was taken.

RGB colour space; dependent on the device
used. This is because; it is influenced by
the specific spectral response function of
the capturing device. Also, it depends on
the illumination condition of which the

image was taken.

Estimated Water

Quality Variables

Water surface colour translated to FUI.

Water turbidity (0-80 NTU), [SPM] (g/m3),
and backscattering coefficient in the red

(m-1).

Advantages

It is only the upwelling light from the
water surface that carries any useful
information on the water body. By this, it
only requires an image of the water
surface which would be easier for citizen

monitoring.

In deriving the R,;(RGB) using the three
images, error incurred from each image as

a result of the smartphone cancels out.

Thus, the phone camera needs no

calibration.

Disadvantages

The weather conditions of the location are
given as parameter values to be selected
by the user concerning the location and

not of the pertaining condition of the

Does not take into account the weather
conditions such as the wind which can
affect the resulting output.

It is cumbersome for citizens who would
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location. This can result in an optimistic | like to take random measurements
estimate of water quality variables without | without the availability of a grey card.
correcting sun-sky glint effects on the

water surface image.

ANNEX 'V - PROCESSED SMARTPHONE IMAGES

Original Image Red Band Green Band Blue Band
Cropped Image Histogram of Red Band Histogram of Green Band Histogram of Blue Band
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Derived RGB bands of a grey card image. The upper panel from left to right is the original image,
the red band of the cropped image, the green band of the cropped image and the blue band of the
cropped image. The lower panel from left to right is the cropped image, histogram of the red band,
histogram of the green band and histogram of the blue band.
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Original Image
i Red Band Green Band Blue Band
Histogram of Red Band Histogram of Green Band Histogram of Blue Band
Cropped Image e —— —
0 0 am
£ a P S
3 3 3
g o g o
Fs = o

8
B
B

a a o
b & m = m T [} e e s Im I3 b & e T . Mo I3

Gray Leves Gray Leves Gray Leves

Derived RGB bands of a printed grey paper. The upper panel from left to right is the original image,
the red band of the cropped image, the green band of the cropped image and the blue band of the
cropped image. The lower panel from left to right is the cropped image, histogram of the red band,
histogram of the green band and histogram of the blue band.
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Derived RGB bands of a clear sky image taken at Kristalbad artificial wetland. The upper panel
from left to right is the original image, the red band of the cropped image, the green band of the
cropped image and the blue band of the cropped image. The lower panel from left to right is the
cropped image, histogram of the red band, histogram of the green band and histogram of the blue
band.

93



ASSESSMENT OF THE UTILITY OF SMARTPHONES FOR MONITORING OF WATER QUALITY

GreenBand
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Derived RGB bands of a partial cloud image taken at Hulsbeek Lake. The upper panel from left to
right is the original image, the red band of the cropped image, the green band of the cropped image
and the blue band of the cropped image. The lower panel from left to right is the cropped image,
histogram of the red band, histogram of the green band and histogram of the blue band.
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Derived RGB bands of an overcast cloud taken at Binnenschelde Lake. The upper panel from left to
right is the original image, the red band of the cropped image, the green band of the cropped image
and the blue band of the cropped image. The lower panel from left to right is the cropped image,
histogram of the red band, histogram of the green band and histogram of the blue band.
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