Heliyon 10 (2024) 30100

Contents lists available at ScienceDirect

52 CelPress Heliyon

journal homepage: www.cell.com/heliyon

Research article

Calibration and validation of the HydroColor and Citclops
smartphone applications for water quality monitoring

a,b,*

Peter N-jonaam Mahama ®™ , Suhyb Mohammed Salama “

2 Public Health Division, 37 Military Hospital, Accra, Ghana

" Ghana Level II Plus Hospital, United Nations Interim Security Force for Abyei, Abyei

¢ Department of Water Resources and Environmental Management, Faculty of Geo-Information Science and Earth Observation, University of Twente,
Enschede, the Netherlands

ARTICLE INFO ABSTRACT

Keywords: Water quality monitoring, essential for safeguarding ecosystems and human health, has gained
Applications (APPs) increasing significance as societies worldwide prioritize environmental awareness and sustainable
Colour

practices. Therefore, this study evaluates the performance of two smartphone applications (APPs),

Zﬁ?:lrotg ?one image HydroColor and Citclops (now EyeOnWater), in estimating water quality parameters such as
HydroColor turbidity, the concentration of suspended particulate matter ([SPM]), and colour. By comparing
Concentration of suspended particulate laboratory and hyperspectral sensors measurements with water quality parameters estimated
materials ([SPM]) from smartphone images, the study assessed the accuracy and efficiency of the transfer functions
Turbidity employed by these APPs. The study findings revealed varying degrees of accuracy, with Hydro-

Color R? values of 0.36 and 0.83 for turbidity and [SPM], respectively, while Citclops achieved an
R? value of 0.7 for colour estimation. The study identified limitations in both APPs, particularly in
their applicability to different water systems. These insights underscore the importance of proper
calibration and validation procedures for smartphone-based water quality monitoring APPs. Also,
the findings underscore the growing significance of smartphone APPs in enabling accessible and
real-time monitoring of water quality, highlighting their potential to revolutionize the democ-
ratization of environmental monitoring practices through citizen science. Ultimately, this
research contributes to the advancement of smartphone-based monitoring initiatives to inform
decision-making processes in environmental management, and enhancing our understanding of
water quality dynamics in diverse environments.

1. Introduction

Environmental sensing and monitoring have become increasingly pivotal as societies worldwide strive for greater environmental
awareness and sustainable practices. This growing emphasis is reflected in the increasing global market for environmental monitoring,
which was valued at $14 billion in 2022 and is forecasted to reach $19.3 billion by 2030 [1]. Among the many facets of environmental
monitoring, water quality assessment holds particular significance, given water’s fundamental role in ecosystems and human
well-being. Deteriorating water quality not only poses immediate threats to human health but also undermines ecological integrity,
making robust and innovative monitoring initiatives imperative [2].
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In this context, the demand for near-real-time analysis of water quality has intensified, driven by the need for timely and actionable
data. Optical remote sensing technologies have emerged as powerful tools in this endeavour, facilitating the transition from traditional
laboratory-based analyses to dynamic, spatially explicit monitoring approaches [3]. This evolution has been enabled by a diverse array
of platforms, including satellites [3], aircraft [4], drones [5], and increasingly, smartphones [6]. The ubiquity of smartphones and their
sophisticated imaging capabilities make them particularly promising for democratizing environmental monitoring efforts, empow-
ering citizens to actively engage in data collection and analysis.

Among the various APPs harnessing smartphone technology for water quality assessment, HydroColor and Citclops (now Eye-
OnWater) stand out as pioneering platforms. Leveraging smartphone cameras, these APPs capture red, green, and blue (RGB) images of
water surfaces and employ algorithms to first derive their transfer functions (colour space). The HydroColor APP uses the RGB
channels of the smartphone images taken of a grey card, sky, and water surface to convert to remote sensing reflectance R,;(RGB) [7].
Using specific models, the R.(RGB) is then used to estimate turbidity, [SPM], and colour. The Citclops APP uses the RGB channels of a
smartphone water surface image only to derive the xyz chromaticity coordinates. These chromaticity coordinates are then subse-
quently converted to the hue colour angle ap(°) which is used to index the colour of the water image as the Forel-Ule Index (FUI) [8].
While both APPs utilize similar input data, their underlying transfer functions differ significantly, leading to variations in the accuracy
and efficiency of their estimations.

Despite the increasing adoption of smartphone-based water quality monitoring, there remains a notable gap in the literature
regarding the comparative evaluation of transfer functions employed by different APPs. Addressing this gap is crucial for enhancing
the reliability and robustness of smartphone-based monitoring systems, thereby facilitating informed decision-making and resource
management strategies. Consequently, this study aims to fill this void by rigorously assessing the efficiency and accuracy of transfer
functions utilized by HydroColor and Citclops APPs. By elucidating the strengths and limitations of these approaches, this research
endeavours to contribute valuable insights to the increasing field of smartphone-based water quality monitoring.

Innovatively, this study not only evaluates the performance of existing smartphone APPs but also identifies avenues for enhancing
their effectiveness through refined calibration and validation procedures. By elucidating the nuances of transfer functions and their
impact on estimation accuracy, this research lays the groundwork for future advancements in smartphone-based water quality
monitoring, thereby facilitating more comprehensive and reliable environmental assessments.

2. Methodology
2.1. Study areas and data sets

The research was carried out using four surface water resources (three lakes and an artificial wetland) in The Netherlands. The first
two lakes from the first field campaign; Binnenschelde Lake and Markiezaatsmeer Lake are neighbouring water bodies located
southwestern of The Netherlands as shown in the Google Earth map of Fig. 1. The second phase of the study was at Hulsbeek Lake and
Kristalbad artificial wetland located at the eastern part of The Netherlands. An example of the sampling points is as shown in Fig. 2 for
Kristalbad artificial wetland.

Measurements were carried out under the following weather conditions; overcast clouds and strong wind (Binnenschelde Lake),
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Fig. 1. Google Earth map showing the overlaid study sites (red dots) in The Netherlands country boundary (yellow line). (For interpretation of the

references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 2. Google Earth map showing Kristalbad artificial wetland (yellow boundary line) with overlaid sampled points (red dots). (For interpretation
of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

scattered clouds, fluctuating sunshine and relatively small wind (Markirzaatmeer Lake), no wind and about 60-90 % of cloud cover
(Hulsbeek Lake), and clear sky, sunshine and gentle wind (Kristalbad artificial wetland). In all, 53 measurement sites were visited with
distance ranging from 50 to 1000 m.

At each station, measurements carried out included; smartphone-captured images, hyperspectral sensors measurements, and water
samples collected for laboratory analysis. The smartphone images for each site were taken using a Samsung Galaxy S4 GT-i9515
through the HydroColor APP. The images included; a grey card, water surface and sky image taken at zenith angle 37°-45°,
36°-46° and 120°-134° respectively. In two of the field campaigns (Binnenschelde and Hulsbeek), a printed grey paper was used in
place of a grey card. Also, an Alcatel One Touch 7041D smartphone was used to take same measurement as the Samsung Galaxy S4 GT-
19515 as back up. However, the Alcatel One Touch 7041D smartphone images were not used in the analysis. The hyperspectral sensor
measurements included; 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 Markirzaat-
meer Lake and Kristalbad artificial wetland, the TriOS RAMSES-ACC radiance sensor was later used to take the measurement for the
sky radiance considering its fluctuation weather condition and sunny condition respectively. Water samples were also collected at
randomly selected points corresponding to smartphone images in 2 L sampling bottles wrapped in aluminium foil to prevent light
interaction with the water samples. To prevent degradation of the water samples, 3-6 drops of Magnesium Hydroxy Carbonate
(4MgCO03).Mg(OH),.5H50) was added. The water samples were then refrigerated at 5 °C after which they were analysed for turbidity
and [SPM]. Turbidimeter of model 2100P was used for measuring the turbidity of the water samples as described in the instrument
manual of [9]. Using the gravimetric method as described in Ref. [10] the [SPM] were quantified. In-situ water quality variables of pH,

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
Citclops Samsung Galaxy S4 GT-i9515 and Alcatel sRGB of water surface images.
One Touch 7041D.
HydroColor Samsung Galaxy S4 GT-i9515 and Alcatel sRGB images of water surface, sky, grey card, and printed grey paper (in place
One Touch 7041D. of the grey card when absent).
Hyperspectral sensors TriOS RAMSES-ACC-VIS irradiance sensor. Sky-sun downwelling irradiance.
Hyperspectral sensors TriOS RAMSES-ACC radiance sensor. Water leaving radiance.
In-situ water quality variables = HQ40d portable multimeter with two probes. ~ pH, dissolved oxygen, and temperature.
Water samples for laboratory Turbidimeter Turbidity
analysis
Water samples for laboratory Gravimetric method Concentration of suspended particulate materials [SPM]
analysis
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dissolved oxygen and temperature were also measured using an HQ40d portable multimeter with two probes. A summary of the data
sets of smartphone images, hyperspectral sensors, and water samples that were taken from the field campaigns for laboratory mea-
surements are as shown in Table 1.

2.2. HydroColor APP data processing

Here below is an elaboration on the derivation of remote sensing reflectance of an RGB smartphone image R,;(RGB) from the
HydroColor APP of [7]. Point captured images of the grey card, sky and water surface were processed to derive the 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 of the grey card and
sky images. For a water surface image, an area with less specular reflectance, and no whitecaps was cropped. The RGB bands for each
cropped image were then extracted using a MATLAB programme. The RGB intensity (grey level) values were then normalised from 0 to
1 and subsequently averaged to obtain single values for each band.

In the case of the printed grey paper, 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 5 images of a grey card and 5
images of the printed grey paper all taken under shadowed condition were derived. A relation was then established between the grey
card and printed grey paper using linear regression as shown in Eq. (1).

Required grey card results = (printed paper x slope) + intercept (€]

The linear regression coefficients as shown in Eq. (1) were then used to correct for the RGB of the printed grey paper images. The
resulting RGB values of the required images were then used to obtain the relative radiance L,;(RGB) of the images using Eq. (2). The
camera’s exposure time (@) during the capture of an image was obtained from the HydroColor APP Library of the smartphone.

RGB
L,;(RGB) = v (2)

The remote sensing reflectance for each band R,;(RGB) was then obtained using Eq. (3).

et (Lt:(RGB)) — p X Lyt (Lyy(RGB))
L (L,.(RGB))

re,

R, (RGB) = L 3)

Where; Ly (L. (RGB)) = the relative water surface radiance, Ly (L, (RGB)) = the relative sky radiance, L.(Lg.(RGB)) = the relative
grey card radiance, R,s = 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 Ref. [11] as specified for the HydroColor APP.

The remote sensing reflectance of the red band, R.s(R) derived from the smartphone images were used to then obtain estimates of
turbidity and [SPM] using specific models used by the HydroColor APP. The model used to estimate turbidity (Turb) from the R,(R) as
cited in Ref. [7] is as shown in Eq. (4). From this model, 0.044 is the saturation of the red band reflectance (sr’l) and 22.57 is the
estimate of turbidity (FTU, Formazine Turbidity Unit) for which the red band reflectance is at half the saturation level as defined by
Ref. [12].

22.57R,(R)

Turb =5 044 — R, (R)

4
The APP uses a relation of turbidity (in FTU) and the [SPM] to estimate log,,[SPM] as cited in Ref. [7] and shown in Eq. (5); It should
be noted that FTU is equivalent to NTU (Nephelometric Turbidity Unit).

logo|SPM] = 1.02 log,,(Turb) — 0.04 5)

A detailed description of the models can be obtained from Ref. [7]. Laboratory results of turbidity and [SPM] for the corresponding
sampled sites of the smartphone images were used to validate the HydroColor APP models. Parameters that were of interest were the
coefficient of determination (Rz), and the root mean square error (RMSE). The limitations of the models were then determined by
varying the models’ parameters, that is, their coefficients and the R(R).

The hyperspectral sensors measurements hereafter referred to as RAMSES were also used to derive their remote sensing reflectance
Rys(1). RAMSES data of Rys(4) were converted to R,s(RGB) to make it comparable to the derived smartphone images R,;(RGB). 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 CMF’s of CIE1931 were downloaded from the Institute of Ophthalmology
Colour and Vision Research Laboratory through the following link: http://cvrl.ioo.ucl.ac.uk/cmfs.htm. The derivation of the R,s(1) and
the R,;(RGB) of RAMSES is detailed in Ref. [13]. The R,(RGB) of RAMSES were then compared to the R,;(RGB) of the smartphone
images.

2.3. Citclops APP data processing
The RGB bands extracted from the cropped water surface images of Section 2.2 were used. Based on the Water COlour from Digital

Images (WACODI) model of [14], gamma correction, chromaticity adaptation and illumination correction were applied to these
images. The chromatically adapted image for each point measurement was then used to calculate the xyz chromaticity coordinates and
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subsequently the ap(°) and FUI based on the Forel-Ule MERIS (FUME) model of [15]. Subsequently, the ap(°) derived from the
smartphone images were compared to ay(°) of [16], obtained from laboratory prepared FU solutions transmission measurements of
their experiment with the results shown in Fig. 3.

From the R,s(1) of RAMSES, ap(°) and FUI were derived by using the FUME model of [15] as applied to the smartphone images. The
ap(°) and FUI of the smartphone images on comparison with the ap(°) and FUI derived from RAMSES were then 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 Ref. [17].

Visual judgement was also used to compare the smartphone water surface images to the RGB FU scale developed by Ref. [15]. This
was by using the RGB values of the FU scale to generate images and their corresponding FUI to visually compare these images to the
smartphone images.

The R;5(4) of RAMSES on converting to the xyz chromaticity coordinate were also compared to the xyz chromaticity coordinate of
the smartphone images. First, the R;(1) of RAMSES were normalised by dividing R,s(4) values for each wavelength by the maximum
Rys(2) value. The normalised R,s(4) of RAMSES (as a colour function in the spectrum) were then multiplied by the standard colouri-
metric 2-degree CMF’s (x,y and 2) of CIE1931 and integrated over the visible spectrum (from 380 to 780 nm) following the Grass-
mann’s law in optics [18]. This resulted in single tristimulus values (X, Y and Z) computed for each R,s(1) spectral curve. Out of this, the
xyz chromaticity coordinate were derived for RAMSES as detailed in Ref. [13]. A flow chat summarizing the study process for the data
analysis is as shown in Fig. 4.

3. Results and discussions
3.1. Field measurements

Results of selected smartphone water surface images that were used and subsequently processed according to Section 2.2 and 2.3
are as shown in Fig. 5a-e. This indicates the range of water systems that were used for the study; from blue-green to brown.

The resulting R,s(4) curves from the various study areas acquired through RAMSES are as shown in Fig. 6a-e. The Ry(4) curves of the
point measurements are shown as blue lines whereas the coefficient of variation (CV) between the wavelengths is shown as a red line.
The magnitude of variation of the R,s(1) 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. Of the water
types studied, Hulsbeek Lake (a) showed the lowest CV (0.13) whiles Kristalbad artificial wetland (d) the highest CV (2.49).

3.2. Comparison of RAMSES R,;(RGB) and smartphone images R,;(RGB)

Using the three images (grey card, sky and water surface) of the smartphone, the R,;(RGB) of each site was obtained as described in
Section 2.2. The relations between the R.;(RGB) derived from RAMSES data and R,;(RGB) derived from the smartphone images are as
shown in Fig. 7a and 7b respectively. It was observed that the R;(RGB) values obtained from RAMSES were higher than the R,;(RGB)
obtained from the smartphone images. 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. 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

FUI Hue Colour Angle (°)
1 I 227168
- I 220.997
3 I 209-99 4
2 I 190.779
s I 163.084

10 I 74.572
11 I 7957
12 . 62.186
13 I 56435
14 I 50.665
15 I 45129
16 I 39769
17 I 34.906
18I 30.439
19 26337
20 I 22741
21 -

Fig. 3. Hue colour angles o_N (°) and their corresponding Forel-Ule Index (FU 1 to 21) of [16]. These ay(°) were derived from laboratory FU
solutions of transmission measurements of their research. The Figure was developed using RGB colour values for the reproduction of the FU legend
by Ref. [15]. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 4. Flow chat summarizing the study process.

Fig. 5. Selected smartphone water surface images of the studied surface water systems. From left to right; Binnenschelde Lake (a), Markiezaatsmeer
Lake (b), Hulsbeek Lake (c), Kristalbad artificial wetland (d), and a pit water at the Kristalbad artificial wetland (e).

[7]. Thus, 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,s(1) 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.

3.3. 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
Fig. 8a and 8b respectively. 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. 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 2
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 Fig. 8. The Figure indicates a correlation of R 0.65, 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.
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Fig. 6. Spectral reflectance curves R,s(4) (blue lines) for the sample sites and their corresponding coefficient of variation (CV) of the wavelengths
(red line). For all the measurements [11] 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; (¢) CDOM dominated pit water
sampled near Kristalbad artificial wetland. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web
version of this article.)
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Fig. 7. The 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 im-
ages R,;(RGB).

3.4. Laboratory measurements

Results of the laboratory measurements of the water samples for turbidity and [SPM] with their sampled sites are shown as bar plots
of Fig. 9a and 9b respectively. Measurements for turbidity ranged from 1.4 to 163.4 NTU. The measurements for [SPM] ranged from
7.6 to 136.0 gm . The results indicated a wide variation of the water type sampled with two orders of magnitude for both turbidity
and [SPM]. However, turbidity showed the highest variation with 1.65 as the CV compared to 0.75 of the [SPM]. The relation between
turbidity and [SPM] was found to be 1 NTU: 4 gm™° after removing the extreme turbidity sample point. The correlation between
turbidity and [SPM] after removing the extreme turbidity sample point also indicated an R? of 0.79. The significant relation between
turbidity and [SPM] confirmed the direct relation of these two variables stated in literature [19-21]. According to Ref. [22] 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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of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 9. Bar plots of laboratory measured water quality variables with respect to their sample sites. (a) Turbidity (NTU). (b) [SPM] (gm~3), the
concentration of suspended particulate materials.
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Smartphone images red band reflectance versus lab measured turbidity. (b) Smartphone images red band reflectance versus lab measured [SPM].
(For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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3.5. HydroColor APP water quality variables

The relation between the laboratory measured turbidity and [SPM], and the red band reflectance R,s(R) of the smartphone images
was determined by fitting two and three-degree polynomial respectively as shown in Fig. 10a and 10b. For turbidity, the relation
indicated an RMSE of 7.32 NTU with R? of 0.60. The relation for [SPM] also gave an RMSE of 15.08 grn’3 and R? of 0.89. Therefore, it
was observed that turbidity and [SPM] influence the reflectance of the water bodies in the red band of the smartphone images.
However, for the datasets used for this study, the relation only holds for turbidity less than 28 NTU with a reflectance of 0.0165 sr™!
and [SPM] less than 128 gm ™~ with reflectance of 0.015 sr™*. 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 Touch, iPhone 4 and iPhone 5 devices with the HydroColor APP by Ref. [7] and also for the red band
wavelength 645 nm of a multispectral sensor product used by Ref. [23] 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 [22]. This is because; the turbidity meter uses the amount of backscattered light in its
computation. For instance Ref. [24], reported that homogeneous spherical particles smaller than 2.4 pm, contribute more to back-
scattering of water as they scatter light in equal intensities in all directions. Also, studies indicate that particles larger than 302 pm 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 [25]. 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 Fig. 10 a. Research conducted by Ref. [26] 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.

Using the relation of the red band reflectance to turbidity and [SPM] as shown in Egs. (4) and (5), estimations of these water quality
variables were obtained as specified for the HydroColor APP. Results of validation of the APPs models with the laboratory mea-
surements is as shown in Fig. 11a and 11b for turbidity and [SPM] respectively. 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 these results were based on using all the corresponding laboratory measurements of the smartphone images’
red band reflectance.

Based on the previous relation of the reflectance in the red band with turbidity and [SPM], reflectance values > 0.02 st! 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 Fig. 12a and 12b gave R? = 0.36 and RMSE = 4.13 NTU for turbidity while R* = 0.83 and RMSE = 3.44 gm > for
[SPM] respectively. This indicated a decrease in the correlation between turbidity and an increase for [SPM] as compared to results of
all the reflectance values of Fig. 11a and 11b respectively.

3.6. Limitations of HydroColor APP

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. (4), the saturation of the red band reflectance occurs at 0.044 sr—! and the concentration of
turbidity at half the saturation was 22.57 NTU. From the results obtained as shown in Fig. 13a, the estimate of turbidity starts at 0 NTU
when the red band reflectance = 0 sr™'. As turbidity gets larger the red band reflectance approaches an asymptote at 0.044 sr*. The
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Fig. 11. Validation of the specified 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. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of
this article.)
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Fig. 13. Simulation of the estimation of turbidity and [SPM] from the red band reflectance to determine the limitations of the 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. (For inter-
pretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

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 sr~! give negative turbidity results. With the possibility of having to
encounter a water system with reflectance >0.044 sr~! which is typical of very turbid water dominated with colour dissolved organic
materials (CDOM) or suspended mineral substance [27], 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 reflectance value of 0.0001
st~ gave 0.05 NTU and 0.04 gm > respectively. Thus, the HydroColor APP can be used on optically clear water systems.

In the same contest, since [SPM] is estimated from the concentration of turbidity as derived in Eq. (5) the estimation of [SPM] will
fall under the same limitation. Thus, as shown in Fig. 13a for turbidity, a similar result was obtained for [SPM] as shown in Fig. 13b.
This is because, the HydroColor APP model for turbidity and [SPM] has approximately 1 NTU: 1 gm > relation based on researches
conducted by Refs. [22,28] as cited in Ref. [7]. Therefore, this would give the results for these water quality variables to approximately
overlap as observed in Fig. 13c. The limit of the [SPM] estimate before the asymptote specified for the HydroColor APP was, therefore,
obtained to be approximately 5344 gm~>. From the laboratory measurements indicated previously, the relation between turbidity and
[SPM] was observed to be approximately 1 NTU: 4 gm™°. In this case, the model used by HydroColor APP would underestimate the
[SPM] of the water bodies studied.
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3.7. Citclops APP water quality variable

An illustration of selected xy chromaticity coordinates of RAMSES and the smartphone images are as shown in a chromaticity
diagram of Fig. 14. The Figure indicates the derived chromaticity coordinates of the devices with respect to the chromaticity co-
ordinates that were developed from laboratory FU solution transmission measurements by Ref. [16]. It was observed that the chro-
maticity 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 as specified for the
WACODI model [14]. By gamma expansion with a value of 2.2 which is specified for the WACODI model, the colour of the output
smartphone images became saturated with the enhancement of their grey level.

Statistical summary of the ap(°) and FUI that were derived from RAMSES and the smartphone images are as follows. The ap(°)
derived from RAMSES data ranged from 32.68° to 85.47° and FUI ranged from 9 to 18. The ap(°) of the smartphone images ranged
from 36.90° to 156.85° and FUI ranged from 6 to 17. Comparison of the ap(°) and FUI derived from RAMSES and the smartphone
images are as shown in Fig. 15a and 15b respectively. With the ap(°), the R? obtained was 0.63 and an RMSE of 17.20°. Fig. 15 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 Fig. 3. Quite apart, the water system that was characterised by these
angles was the clear water body of Hulsbeek Lake with measurements taken under fluctuating 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, the correlation between RAMSES and the smartphone images gave R? of 0.70 and RMSE of 1.32. The
consistency in the FU 14 for the RAMSES data was for Binnenschelde and Markiezaatsmeer Lake which had similar water charac-
teristics. It was therefore expected to have the same range of FUI as was observed from RAMSES (considered to be the “true” results).

3.8. Limitations of citclops APP

Variations in ap(°) as seen from Fig. 15 caused significantly the derived FUI To identify such areas of ap(°), the A of the smartphone
images from RAMSES (considered to be the “true” measurements) were determined. This was by subtracting the ap(°) of the smart-
phone images from RAMSES ap(°). The derived A of ap(°) with respect to the sample sites are as shown in Fig. 16a. It was observed that
there was much variation in the sample sites of Hulskeeb Lake up to —92.71°.

Next, Fig. 16b indicates that the smartphone images with ap(°) > 100° gave most of its deviation < —50°. From Fig. 3, ap(°) > 100°
correspond to FU 7 to 1. It was this observed that FUI derived with ap(°) > 100° gave much variation in FUI as shown in Fig. 16¢. Such
disparity in ap(°) which subsequently affected the FUI of Hulsbeek Lake could be attributed to its clear water system (of ap(°) > 100°)
and fluctuation in weather condition. Also, its RAMSES R,s(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’s 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 three-degree polynomial function to the
data set. The results obtained indicated a good fit with an R? of 0.97 and RMSE of 2.00° as shown in Fig. 16d with the resulting model
shown in Eq. (6).
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Fig. 14. 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 Ref. [16]. The white
point of the chromaticity coordinate is indicated as WP.
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It should, however, be noted that this hue colour angle deviation factor, A,, (°) 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.

Another comparison was to match the water surface images with the FU scale developed using RGB values by Ref. [15]. This was by
using the RGB values of the FU scale to generate RGB colour images and their corresponding FUI The resulting images were visually
compared to the smartphone images. The results were relatively good for the smartphone images except for the pit water surface image
of Fig. 4. From visual inspection, this water should correspond to FU 20-21 as can be visualised from the images in Fig. 3 and Table 2.
Comparing the derived ap(°) of that point’s measurements to the ay(°) of [16], FU 17 was obtained for the smartphone image and FU
18 for RAMSES. However, the ap(°) of the smartphone image and RAMSES on relating to the ay (°) of [15] gave FU 21 for both devices.
From the preliminary results displayed by Citclops APP when an image is first captured and sent to the Citclops database for subsequent
processing, one could say the pit water contains extreme concentrations of humic acid which cover an FU range of 18-21 (check details
from; http://www.citclops.eu). By this, the derived FUI of RAMSES and perhaps the smartphone image fall within the same range of
water system for the ap(°) compared to the ay(°) of [16]. On the other hand, the “true” colour of the water translated to FUI would be
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Table 2

Visual comparison of the pit water smartphone image ap(°) and FUI to the aw(°) and FUI generated using
RGB values of [15] and the ay(°) and FUI of laboratory FU solution transmission by Ref. [16]. The FUI is
calculated based on the ap(°). For example, the ap(°) of the pit water smartphone image was 36.896°. Base on
[16], this angle is < 39.769°. The smartphone image is thus indexed 17. Also, based on [15], this angle is <
39.674°. The point measured RAMSES data is thus indexed 21.

Water Surface RGB Colour Field Data ap(°) Novoa et al. Wernand et al.
Image Images of FUI (2013) (2013)

ay(®)  FUI  ay(® FUI

RAMSES  32.677  39.769 16 58.623 16
34.906 17 54.649 17

30.439 18 49.527 18

Smartphone 36.896  26.337 19 43.963 18
Image 22.741 20 39.674 20

<22.741 21 <39.674 21

missed if the relation is based on the ap(°) to the ay(°) of [16]. Thus, the Citclops APP would underestimate the “true” colour of very
turbid water bodies if the Citclops APP model is based on comparing smartphone images ap(°) with the ay(°) of [16]. However, a
comparison of the point measured ap(°) to the aw(°) of [15] gave an accurate result.

4. Conclusions

The capability of smartphones through APPs to quantify water quality variables such as turbidity, ([SPM]), and colour have been
the subject of assessment for this research. This was accomplished by evaluating two existing smartphone APPs: HydroColor and
Citclops. The HydroColor and Citclops APPs both use the RGB channels of a water surface image captured by a smartphone camera.
However, they use different transfer functions (colour space) to estimate water quality variables from the smartphone image(s). 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. Thus, the correlation of smartphone images and RAMSES
R.s(RGB) were lower with R? < 0.32. The correlation of smartphone images and RAMSES xyz chromaticity coordinates on the other
hand was good with R? > 0.65.

For the estimated water quality variables, the models used by the HydroColor APP in estimating turbidity and [SPM] after cor-
relation with laboratory measurements indicated an R? of 0.36 and 0.83 respectively. These models although averagely gave good
results have R,s(R) of 0.044 sr~! as the reflectance saturation limit thereby limiting the range of water type that can be studied with it.
Therefore, the models will work well for optically clear water systems but will fail with very turbid or CDOM-dominated water systems.
The study also indicated that the 1 NTU: 1 gm ™ proximity relation of turbidity and [SPM] used by the HydroColor APP is not
representative of all water bodies. The relation that was obtained for the water bodies used for this study was 1 NTU: 4 gm~>. For the
Citclops APP, the resulting water colour of the smartphone images as the ap(°) translated into FUI gave a good correlation with
RAMSES with R? of 0.63 and 0.70 respectively. Since the study was limited by the data set, the model developed to correct for the offset
in ap(°) was derived for ap(°) within 36.896° and 99.991°. After visual assessment of a pit water surface image against derived RGB
colour images of the FU, it was observed that the a,,(°) used by Ref. [15] with FU 21 gave a “true” colour of the water compared to ay(°)
of [16] of FU 17.

Despite these advancements, it is evident that both APPs require proper calibration and validation to extend their utility across a
wider range of water systems. Future research should focus on refining the models used by these APPs to improve accuracy and
reliability, thereby enhancing their effectiveness in water quality monitoring. Overall, this study underscored the importance of
ongoing efforts to advance smartphone-based monitoring technologies and their potential to revolutionize environmental monitoring
practices. By leveraging the potential of smartphone technology, we can achieve more comprehensive and sustainable management of
water resources, ultimately benefiting both ecosystems and human communities.
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Abbreviations
The following abbreviations are used in this manuscript

APP Application
CDOM  Colour Dissolved Organic Materials

Ccv Coefficient of Variation
FUI Forel-Ule Index

FUME Forel-Ule MERIS

Lab Laboratory

MATLAB Matrix Laboratory

MERIS  Medium Resolution Imaging Spectrometer

NTU Nephelometric Turbidity Unit

RAMSES Radiation Measurement Sensor with Enhanced Spectral Resolution

RGB Red, Green and Blue channels of an image
RMSE Root Mean Square Error
R? Determination Coefficient

[SPM] Concentration of Suspended Particulate Materials
USD United States Dollar

WACODI Water COlour from Digital Images

WP White Point
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