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Abstract 

With a changing climate altering the composition of substances in freshwater the need for a 

frequent and cost-effective monitoring method have arisen. To solve this issue remote sensing 

using high resolution satellite sensors were applied. Based on their high spatial, temporal and 

radiometric resolution the Sentinel-2 Multispectral Imager (MSI) and PlanetScope 

constellation were chosen. The three most optically active substances, namely, chlorophyll a 

(Chla), total suspended matter (TSM) and coloured dissolved organic matter (CDOM) were to 

be estimated. Due to the lack of in-situ measurements of CDOM the substance known as 

dissolved organic carbon (DOC) was used instead. Chla and TSM were only included to 

measure the effect it could have on the water leaving reflectance of CDOM/DOC. Norway 

was selected as a suitable study area since an increase in DOC had been observed. Changes in 

precipitation, higher temperatures and precipitation acidity are factors that are suspected to 

cause this increase. Based on promising results from previous studies an estimation approach 

using empirically derived band ratios were selected. With a total number of 2409 DOC in-situ 

measurements for the study area only 17 were suitable for regression modelling. A set of strict 

criteria were the main reason for dismissing such a large proportion of data. The results 

showed that Chla in the range from 0.001 – 0.1 mg/l had no effect on DOC. TSM 

concentrations above 2.84 mg/l was found to have a significant impact on the DOC regression 

model. Taking that into consideration good statistical results for estimating DOC using the 

green/red band ratio was achieved. Top of the atmosphere (TOA) radiance was preferred 

since both atmospheric correction algorithms Sen2Cor and C2RCC had certain disadvantages 

making them unsuitable for small sized lakes and rivers. PlanetScope’s products was also 

dismissed due to a low signal to noise ratio (SNR). The TOA DOC regression model had a 

statistical result with a correlation of -0.95, R2 of 0.9, p-value of 5.8e-09 and a standard error 

of 1.5 mg/l. However, a limitation between the in-situ measurements and the spatial resolution 

of the MSI led to a reduced range for the TOA DOC model. These results show that the MSI 

has a sufficient potential for DOC estimation. PlanetScope is in an early development stage 

making it possibly a viable alternative in the future. This study also suggests what future work 

on this field should take into consideration to get good in-situ measurements for remote 

sensing use. 
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1 Introduction 

Water availability is the cornerstone for life, but with an increasing change in climate as 

atmospheric composition, precipitation and temperature this source of life is threatened to a 

varying degree through for example browning and lower freshwater productivity (Hongve et 

al., 2004; Couture et al., 2015). Therefore, which water quality parameter can be estimated 

and at what precision by applying remote sensing techniques have been an increasing sought-

after topic since the first optical satellite sensor was launched. When the satellites dedicated 

for scientific use came into orbit the documentation of such parameters took first place for the 

oceans due to its large extent and the inherent limitation in resolution for these satellites. Later 

supplemented with specialized satellite sensors such as the Sea-Viewing Wide Field-of-View 

(SeaWiFS) (O'Reilly et al., 1998). In the last decade with steadily improving resolutions for 

satellite sensors the focus for several scientific fields have shifted to inland and smaller 

freshwater bodies and the parameters that can be estimated (Ritchie et al., 2003; Zhu et al., 

2014; Toming et al., 2016). This is the gist of this study with focus on the water parameter 

dissolved organic carbon (DOC).  

 

The parameters that can be monitored are on the other hand limited because they must be 

what is considered optically active substances (OAS). The majority of substances have 

different spectral signatures due to both location of the river basin, based on the surrounding 

topography and amount of the particulate matter in the water system. The OAS can be divided 

into three main groups that have the best defined reflectance and absorption spectre making it 

possible to utilize remote sensing techniques. The first is total suspended matter (TSM) that 

can have local variations due to the geology and biology of the catchment. The second is 

chlorophyll a (Chla) which is the most spectral active of the different chlorophylls and reflects 

light in the green, yellow, and infrared spectrum (Morel and Prieur, 1977). The last and of 

most importance in this study is coloured/chromophoric dissolved organic matter (CDOM). 

Organic matter appears in several different forms but CDOM is the only part of it that can be 

optically measured. CDOM is often used as a proxy for other organic components and among 

them are DOC (Del Castillo et al., 1999; Kowalczuk et al., 2010; Rochelle-Newall et al., 

2014; Zhu et al., 2014). The system that DOC is a part of consists of many other contributing 

organic and inorganic matters when taking a water sample, shown in Figure 1. This can make 

the use of the correlation between DOC and CDOM difficult since the relationship between 
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the other components making up the total organic carbon (TOC) content in the water is not 

necessarily constant (Cole et al., 2007). Hence, conditions apply towards where this 

correlation can be used to achieve good results using remote sensing.  

 

 

Figure 1. Whole system of carbon with a measurement perspective. To show how DOC is measured compared to 

the other dissolved and particulate carbon in a water sample. CDOM would here be a subset of DOC but it is 
measured differently so it is not taken into consideration. The POC abbreviation for purgeable organic carbon is 

only used in this figure, it refers to particulate organic carbon in the rest of the study. Edited from Movassaghi et 

al. (2006). 

 

1.1 The DOC development 

Several studies using measurements from the last couple of decades have shown an increase 

in DOC values for previous glaciated landscapes such as North America and northern and 

central Europe (Freeman et al., 2001; Worrall et al., 2003; Skjelkvåle et al., 2005). Therefore, 

monitoring and understanding the development of these areas have become of great interest. 

The reasoning behind this increase in DOC has changed from being solely a climate change 

consequence (Forsberg, 1992) to other driving factors making it a more complex system. For 

example, by including the acidity of the precipitation (Monteith et al., 2007) to proposing that 

the increased DOC concentrations is a sign that the condition of the aquatic systems is 

recovering rather than declining (Evans et al., 2006). All the studies surrounding this issue 

does not consider another contributing factor namely the development of thermokarst lakes. In 

Fennoscandia the results from de Wit et al. (2016) shows also a change in the TOC values. 

Having monitored the TOC concentrations for freshwater bodies over the period from 1990 to 

2013 the majority of the total 474 sites sampled resulted in a significant increase of TOC. The 

samples taken showed that TOC consisted of 95% ±5% DOC supporting the possibility to use 

DOC as a proxy for TOC. This can then make the use of TOC measurements useful if DOC is 

not available. Where de Wit et al. (2016) study differ is its lack of findings of a correlation 

between the decrease in acidity and increase in TOC concentration for the subarctic region 

that is defined as inland Fennoscandia from 65° N and northward. Therefore, there are an 
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interest in understanding the driving force that might be explained by thermokarst lakes for 

this specific region. 

 

1.2 Advances in water colour remote sensing 

While remote sensing as a term covers a wide spectre, the first dedicated sensor capable of 

determining bio-optical parameters for waterbodies from space was the Coastal Zone Color 

Scanner (CZCS) on board Nimbus 7 (Madrid, 1978), followed by SeaWiFS, MODIS and 

VIIRS shown with their band configuration in Table 1. Building upon techniques developed 

using previous studies conducted by on-board sensors on airplanes, the focus has since then 

been on ocean colour to determine chlorophyll and suspended matter concentrations (Clarke 

et al., 1970). Entering a new era of spaceborne sensors have proved to be difficult. The main 

hurdle both in terms for land and ocean remote sensing have been to correct for atmospheric 

influence and is still not a perfected procedure (Li et al., 2018). The correction methods have 

become more sophisticated going from requirements of simultaneous surface reflectance 

measurements (Gordon et al., 1983) to real-time data calibration with information such as 

water vapour, aerosol optical thickness, radiative transfer tables and digital elevation models 

(Louis et al., 2016). Recent satellite constellation such as Sentinel-2 and Landsat that are 

primarily focused on land coverage have proved to deliver sufficiently reliable inland 

waterbody readings and at higher spatial resolution and therefore removing the need of 

specialized ocean/water colour sensors. 

 

Table 1. Evolution of ocean specific spaceborne sensors with their respective launch date. It shows an increase in 

both number of bands and smaller bandwidth (B) for each central wavelength (λ) building upon and expanding 

the knowledge acquired for each new addition while also allowing for backward compatibility between sensors 

(Madrid, 1978; Mueller et al., 2003; Seaman et al., 2015; National Aeronautics and Space Administration, 2020). 

Band numbering are relative for each sensor and only ocean specific bands are listed, and it is in nanometres. 
While the VIIRS lowered its number of ocean monitoring bands it increased its capability to better estimate 

atmospheric correction parameters and a higher global coverage time every other day. 

 
CZCS 

(1978) 

 
SeaWiFS 

(1997) 

 
MODIS 

(1999) 

 
VIIRS 

(2011) 

 

Band λ (nm)  B (nm) λ (nm) B (nm) λ (nm) B (nm) λ (nm) B (nm) 

1 443 20 412 10 413 7 412 10 

2 520 20 443 10 443 5 445 9 

3 550 20 490 10 488 5 488 10 

4 670 20 510 10 531 5 555 10 

5 750 100 555 10 551 5 672 10 

6 
  

670 10 667 5 856 9 
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7 
  

765 20 678 5   

8 
  

865 20 748 5   

9 
    

870 7   

 

With an ever-increasing number of earth observation sensors, the development of parameter 

algorithms has followed the same pattern. The optical classifications by Morel and Prieur 

(1977) laid the groundwork for extending the radiance readings from the surface into space. 

They classified waters into 2 classes whereas class 1 only contained Chla and class 2 

represented more complex waters containing components such as suspended matter and 

CDOM. Gordon et al. (1983) applied this work to the CZCS to retrieve Chla in class 1 waters 

without the need of surface measurements to do atmospheric correction and acquired a result 

with ±40% accuracy to the field measurements. This work was later carried on to class 2 

waters resulting in a change from one to two reflectance ratios in the retrieval algorithm by 

Carder et al. (1991). This led to a decrease in retrieval error from ±61% to ±23%. With an 

increased focus around the millennium on freshwater bodies several types of algorithms other 

than empirical were developed, such as semi-analytic (SA), matrix inversion method (MIM) 

and 1 optimization (OPT). All algorithms showed potential with different sorts of drawbacks 

shown by the work of Zhu et al. (2014).  

 

1.3 The global interest 

The importance to know the parameter values and understand how these are changing 

seasonally, have been of considerable importance since the Oslo Paris (OSPAR) Convention 

that took place in Paris in 1992. The convention arose as a result of previous major incidents 

that lead to disastrous consequences and a change in the general opinion towards management 

and preservation of marine and inland water sources, compared to a previous standpoint 

where water sources had been treated as though they were dumping areas. This meeting 

resulted in the new Convention for the Protection of the Marine Environment of the North-

East Atlantic. As the name implies it works towards monitoring of five main areas; protection 

and conservation of ecosystems and biological diversity, hazardous substances, radioactive 

substances, eutrophication, and environmental goals and management mechanisms for 

offshore activities (OSPAR, 2006). The Convention entered into force on 25. March 1998, 

and the OSPAR contracting parties reports yearly the monitoring of water sources that fall 

within the Comprehensive Study of Riverine Inputs and Directive Discharges (RID). Norway 
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is among the contracting parties and is one of the countries that reports less than the stated 

RID minimum; that at least 90% of land area that drain into maritime areas should be 

monitored (Gundersen et al., 2019). Here is where remote sensing measurements could 

improve and increase the interval and area coverage of monitoring that supports the RID, even 

within other areas as stated by OSPAR. The major drawback towards the RID framework in 

Norway is that it only monitors maritime contributing rivers. Therefore, to aim towards the 

OSPARs other main areas such as eutrophication and substances for inland lakes and smaller 

river systems would be beneficial. This would help to create a bigger picture of the composed 

systems that makes up all the different river and lake basins by using remote sensing methods. 

 

1.4 The climate impact 

Increased precipitation and temperature do not only have a particulate bad impact directly on 

the water quality through increased surface runoff, but changes in the parameters can also be 

used in combination to monitor thawing and development of palsas and thermokarst 

landscapes. This has become of importance since permafrost areas contains large amounts of 

frozen ground with significant amounts of stored carbon (Sitch et al., 2007). Besides the 

increase of DOC found by de Wit et al. (2016) in northern Fennoscandia, studies of palsas and 

thermokarst in Siberia (Pokrovsky et al., 2011) shows a release of DOC larger than that 

compared to other sources. In addition to the thawing, these areas release large amounts of 

methane and other greenhouse gases into the atmosphere, and from there increases the 

temperature. Waterbodies also have an important role in the carbon cycle. While the thawing 

releases substantial amounts of methane the inland waters also captures and stores carbon 

through atmospheric interactions leading to sedimentation which can eventually be connected 

to how these landscapes changes over time (Anthony et al., 2014). Although most of the 

obstacles of monitoring maritime waterbodies have been clarified (Cao et al., 2018), it is not 

necessarily the case for inland waters. The reason behind with a remote sensing perspective is 

due to the more complex variation mainly due to size, depth and composition compared to 

maritime waterbodies where size and depth are neglectable factors and composition is more 

uniform and less variating (Palmer et al., 2015). The continuous addition of satellites with 

higher radiometric, spectral, spatial, and temporal resolution provides an ever-increasing 

chance to handle the factors for inland lakes, something which have not been possible earlier. 
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1.5 Previous studies 

There are two papers in particular that have shown approaches to the problem, Zhu et al. 

(2014) and Toming et al. (2016). Zhu et al. (2014) tested over a wide array of different types 

of CDOM retrieval algorithms for complex inland waters such as MIM, artificial neural 

networking, spectral matching, SA and empirical algorithms. Validation samples were 

collected from Lake Huron, USA. The results favoured using a SA approach for a narrow 

range in CDOM values (0.11–1.55 m-1) with a RMSE < 0.35. For values exceeding those (> 

3.4 m-1) the empirical algorithms performed better with a RMSE < 0.07 whereas the RMSE 

for waters below a CDOM value of 0.75 m-1 the RMSE was over 0.75. One of the empirical 

algorithms was developed by Kutser et al. (2005b) and used the green/red band ratio to 

calculate CDOM values shown together with the other algorithms in Figure 2. To model good 

values using this algorithm a satellite sensor with high radiometric resolution (>8-bit) is 

required, due to the fact that the change in pixel values from the water leaving radiance when 

there is a change in CDOM, even between high and low values cannot be detected by low 

radiometric resolution satellite sensors. The reasoning behind using the green and red band is 

due to the influence Chla has on the blue band. In the red band the values vary little therefore 

making it the reference band. Which then leads to the green band, where CDOM is not the 

most optically but the water leaving signal varies enough that it can be measured. This 

algorithm was developed using waters in Fennoscandia, hereunder Sweden and Finland.  
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Figure 2. The statistical results from Zhu et al. (2014) testing the different algorithms. Here Kutser et al. (2005a)  

is mentioned as two different algorithms for narrow (n) and wide (w) bandwidth with respect to the sensor bands 

used in his study. While both MIM and SA have great statistical results, it is only for a small range and value of 

CDOM. AME is absolute mean error and RMSE is root mean square error. 

 

The second paper is Toming et al. (2016) which combined the Kutser et al. (2005b) algorithm. 

It was primarily developed for use by the Advanced Land Imager sensor, whereas Toming et 

al. (2016) adapted it to the Sentinel-2 MSI sensor instead. This fulfilled the radiometric 

condition as it is a 12-bit sensor and lowered the date difference between in situ measurement 

and scene acquisition date from at most four weeks down to three days. The increase in spatial 

resolution from 30m to 10m allowed to investigate and use smaller sized inland lakes to test 

and develop the algorithm on the same green/red band ratio principle. The result from this 

study surprisingly resulted in a better R2 from 0.73 in Kutser et al. (2005a) to 0.92 by using 

the measured DOC values rather than the CDOM in the regression modelling. Considering 

whether atmospheric correction is needed or not, Toming et al. (2016) dismissed this due to 

the high precision needed to measure the water leaving signal accurately. Though highly 

accurate atmospheric corrected scenes can be made, it requires field measured reflectance data 
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which is not available for this study. There are atmospheric correction models freely 

available, but they are mainly aimed towards land-based analysis purposes and have shown to 

return negative reflectance values in the blue and sometimes in other parts of the spectrum. 

This occurs since Sen2Cor and other atmospheric correction models works to compensate for 

the scattering in the atmosphere. Toming et al. (2016) showed this effect in his study shown in 

Figure 3. It shows that the deviation between the field reflectance spectra and Sen2Cor 

atmospheric corrected spectra is greatest for shorter wavelengths though it also depends on 

type of water, where (a) is rich on suspended materials and (b) is deep and clear. 

 

 

Figure 3. Comparison from Toming et al. (2016) using field reflectance data (grey line) and comparing it to 

Sen2Cor processed imagery (black line). (a) is lake Võrtsjärv, (b) is lake Peipsi, both in Estonia. 

 

Similar trends were found by Warren et al. (2019) who did a study examining the products of 

six atmospheric correction algorithms. It included in situ reflectance data from oceanic and 

inland waterbodies. Sen2Cor did not perform too well, with the main argument that it is 

primarily for land use. In fact, neither of them did perform rather well with high uncertainties 

and R2 values averaging at around 0.4. 
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1.6 Aim 

The summary of the obstacles and advances mentioned in the previous sections sets the 

objectives of this study. For even with high-resolution sensors such as the Sentinel-2 MSI and 

Landsat 8 OLI limitations are reached concerning their temporal and spatial resolutions. An 

example of this limitation can be observed for thermokarst lakes that are often small and high 

on organic carbon (OC), especially DOC. The problem that occur is that their size is too small 

for most sensors. This puts estimation range limitations for regression algorithms. Therefore, 

by utilizing the PlanetScope constellation that has both a higher spatial and temporal 

resolution, the addressed issue concerning the common correlation between high OC content 

and small lake area are tried to be overcome. The short revisit time of PlanetScope can also 

help with better detection temporal changes in both lake and river systems. In particulate the 

main objectives are to: 

• Develop a methodology to retrieve remote sensing suitable radiance readings using 

external in-situ measurements. 

• Fit a DOC regression model relevant for the study area and with corresponding 

atmospherically corrected products. 

• Investigate PlanetScope’s radiometric accuracy to estimate DOC. 

 

1.7 Structure 

This study has a structure consisting of seven sections: (1) introduction, motivation and aim 

(2) theoretical background, (3) study area and data, (4) methods, (5) results, (6) discussion 

and (7) conclusion. Introduction, motivation and aim have already been presented. In the (2) 

theoretical background section information about the different satellites and sensors as well as 

other aspects of the study that needs further explanation is presented. Study area and 

corresponding data used, and software applications used to process the data is presented in the 

(3) study area and data section. Explanation and presentation of the methods used to achieve 

the results are presented in sections (4) and (5) respectively. The discussion of the results and 

study in general is presented in section (6) followed by the conclusion in section (7). For 

tables and figures a list of both are provided after Table of Contents, giving an overview with 

corresponding page number. 
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2 Theoretical background 

In this section a more in-depth background is provided on topics such as satellite and sensor 

configurations and a description of the CDOM/DOC composition. The purpose of this section 

is to be an informative tool to give a better understanding of the following sections such as 

methods, results and discussion. First of are the presentation of the satellite sensors relevant 

for this study, then the atmospheric effects that must be taken into consideration when using 

satellite remote sensing followed by an explanation of a common band ratio index for water 

and land delineation. Then an explanation on where DOC fits within all the other carbon 

components making up the total organic matter proportion in a waterbody. At last a 

description of the relevant statistics for analysis purposes to support the results are given. 

 

2.1 Satellites and sensors 

The satellite constellations with their respective sensors are presented in this section. With the 

purposes to provide background information on how the systems function individually and 

compared to each other. 

 

2.1.1 PlanetScope 

The PlanetScope constellation is one of three satellite constellations operated by Planet. As of 

May 2019, it consists of approximately 130 satellites and is of the CubeSat 3U form factor 

(10x10x30 cm). With this large amount of satellites, it covers the entire Earth in a day 

meaning a coverage of approximately 200 million km2/day, and has been operational since 

June 2016. Its orbit is divided into two, one group that has the International Space Station 

orbit at 400 km altitude with a 3 m ground sampling distance (GSD). The other is in a sun-

synchronous orbit meaning that it crosses the equator at approximately the same time each 

day, at a 475 km altitude with an approximate GSD of 3.7 m. The spectral bands cover the 

blue, green, red, and near-infra red (NIR) wavelengths as shown in Figure 4. The radiometric 

resolution of the constellation after scaling is 16-bit from the original 12-bit collected by the 

sensor. There are three imagery products that can be downloaded L1B, L3B and L3A. Each 

product is an increase in post-processing, where L1B has no orthorectification, L3B and L3A 

is orthorectified but to different projections. All products are radiometrically and sensory 

corrected to Top of Atmosphere Radiance. Validation of the scaling is done quarterly by 
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sampling different locations in Railroad Valley, Nevada, USA resulting in an absolute 

accuracy of 5% or better from the calibration (Planet, 2018). Planet as a company is run on a 

commercial model, hence usage of satellite imagery can in most cases only be granted 

through transactions. However, research licenses can be provided. In this study a student 

license was provided giving the user a 10.000 km2/month download quota. As of 21.02.2020 

the company started a cooperation with the European Space Agency (ESA), opening up the 

possibility to increase the data quota (European Space Agency, 2020a). 

 

2.1.2 Sentinel-2 

The first Sentinel-2 satellite came into operation in June 2015 and as of March 2017 the 

second satellite has been operational. They have a sun-synchronous orbit at an altitude of 786 

km. Its revisit time at equator is 10 days for one and 5 when using both satellites. This 

decreases towards polar regions and for the areas above 65° N it is down to 1-2 days. Both 

satellites carry the Multispectral Instrument (MSI) that works on the push-broom concept and 

is the result of the need for higher resolution without the cost of high spectral performance. 

This has resulted in that 13 spectral bands are measured by the MSI with different spatial 

resolutions to collect enough light as a function of bandwidth and radiance. The data collected 

are divided into groups depending on the amount of post-processing as L0, L1A, L1B, L1C, 

L2A, L2B and L3. L0 is raw data collected at the sensor while L1A to L1C can be 

summarized as the amount TOA correction applied to the data. L2A to L3 is different levels 

of atmospheric corrected ground surface reflection products. The satellite is operated by ESA 

which allows data free of charge for both research and commercial use while not being 

restricted to be a member state of the agency (Gatti and Bertolini, 2013). 

 

2.1.3 Constellation comparison 

The two constellations have some major differences on the spectral level. The bandwidth for 

the spectral bands for Sentinel-2 MSI are narrower compared to the same wavelengths for 

PlanetScope. For PlanetScope the bandwidth overlaps each other while MSI have discrete 

bands as shown in Figure 4.  
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Figure 4. Comparison of the two constellations where they have bands in the same region. PlanetScope has a 

wider bandwidth that overlaps in the blue and green spectre. Sentinel-2 MSI has narrower and therefore 
separated bands in comparison. The central wavelength differs in all four bands between the two sensors. Edited 

from Gasparovic et al. (2018). 

 

Due to the difference in altitude between the different constellations the time when overpass 

occurs differs based on location. For example, for the date 28.08.2018 at 69°N it was 

approximately an hour difference between the two constellations (Sentinel-2 10:30:13 UTC, 

PlanetScope 09:39:14 UTC). This difference can lead to radiance values that have some offset 

from each other due to the bidirectional reflectance distribution function (BRDF). This is a 

function that accounts for how reflectance is distributed as a function of the angle between the 

light source and the observer that was first described by Nicodemus (1965). Not only does the 

time offset contributes the angle at which the sensor is oriented, it also affects the radiance 

received, and with different offset nadir angles it might introduce some impact. The mission 

statement for the two are also quite different. Sentinel-2 is an official organization driven 

program and falls under the science category for use cases. Planet is a commercial company 

meaning that they are profit driven and therefore science is not a priority. They are focused on 

mapping, disaster response, precision agriculture or simple temporal image analytics. Putting 

an emphasis on “simple” due to the lack of discrete bands and other calibration measures 

found in more science, meteorology aimed satellite sensors. Therefore, it would be interesting 

if it works using Sentinel-2 as the foundation and adapting an algorithm that suits 

PlanetScope’s capabilities. A comparison of the sensor spatial resolution difference is 

illustrated in Figure 5. In the left illustration the size ratio between the two is kept true. The 

right illustration shows how large an object needs to be to get discrete values in at least one 

pixel. This requirement is true if the object has a radius equal to the length of the hypotenuse 

of the pixel size. Therefore, the theoretical smallest size an object can have are the pixel area 

(10x10 m and 3.7x3.7 m), but this require that the alignment between pixel and object is 

perfect. The smallest practical size for the two constellations would be an object with the 
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shortest length/radius of 14.14 m and 5.23 m for Sentinel-2 and PlanetScope, respectively, 

making the smallest object area to keep the condition true 628 m2 and 86 m2. 

 

 

Figure 5. Illustration of the pixel size difference and the size requirement. Sentinel-2 and PlanetScope resolution 

illustrated on the left with how nearby ground would influence the measurement if the object is not centred 

within the pixel. On the right two example shapes on how the practically smallest size an object can have to get 
non-influenced measurements. This is true as long as the roll and pitch of the sensor is so that the pixel size is 

equal throughout the whole scene. Making it independent on where the pixels are and yaw angle of sensor when 

the image is taken. 

 

2.2 Atmospheric effect 

 

 

Figure 6. Atmospheric transmission as a function of wavelength. The transmission decreases due to different 

scattering/absorption processes. For example, the low transmission of UV is due to the ozone absorption in the 
atmosphere. For radar wavelengths (>1 cm) the particle sizes in the atmosphere are smaller than the wave and 

therefore have no effect. Most earth observing sensors have their bands set to the wavelengths that have high 

transmission while meteorological sensors will often use those with low transmission to measure the atmospheric 

composition. Ultraviolet (UV), Visible (VIS), Near Infrared (NIR), Short-Wave Infrared (SWIR), Middle 

Infrared (MIR), Thermal Infrared (TIR). Edited from Kääb et al. (2014) 
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The addition of sensors into earth’s orbit have opened a whole new field of possibilities to 

better understand systems and processes on multiple scales and at remote locations. Though 

this methodology to gather data is not without obstacles. With sensors at high altitudes it 

introduces implications on the electromagnetic (EM) radiation which for passive sensors most 

of it origins from the sun. That radiation collected onboard have passed through the 

atmosphere at least two times and by so have been scattered, absorbed and emitted by 

multiple particles disrupting the original value from the area of interest. The processes that 

contributes to this disturbance have been documented and known for a long period 

(Chandrasekhar, 2013), but the methods to correct for it are still a work in progress. Figure 6 

illustrates the part of the atmosphere that is usable for observing EM waves for earth 

observing sensors, though this is only relative values. The reason behind this is that the 

atmosphere is an everchanging composition of different molecules and particles, for example 

the ozone layer, ashes from fires or volcanoes, and humidity. Humidity and large particles are 

one of the main contributors to render satellite imagery unusable through fog, clouding and 

pollution which on the other hand are in most cases easily dismissed since it can be identified 

by the naked eye. Therefore, the work to correct for atmospheric influence have been aimed 

towards that which cannot be easily observed, such as scattering processes, especially 

Rayleigh scattering. This scattering occurs when the particles are smaller than the wavelength 

and is the main reason the sky is blue (Rayleigh, 1899). As shown in Figure 6 the 

transmission of blue light is still high compared to other wavelengths due to the sun’s max 

emission peak at about 500 nm, but for sensitive measurement methods such as of the ocean 

colour the slightest change in atmospheric composition can have a major impact where some 

studies have shown that 90% of the observed radiation is due to scattering by aerosols and 

molecules (Gordon et al., 1983; Gordon et al., 1985). The reasoning behind this is that the 

reflectance from the ocean is less than from a land surface, making the atmospheric 

contribution higher than that of a brighter surface (Fraser and Kaufman, 1985). Advances 

towards better understanding the effect of aerosols and molecules have expanded drastically 

with the advances of remote sensing, such as the importance of size and shape of particles 

going from a universal refraction index as a function of atmospheric thickness between 

observer and radiance source (Kaufman, 1993) to sensors dedicated to measure atmospheric 

composition and global ground based radiometers such as the Aerosol Robotic Network 

(AERONET) (Giles et al., 2019). 
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2.3 NDWI 

The Normalized Difference Water Index (NDWI) was developed by McFeeters (1996) to 

delineate between water and land by exploiting the large difference in reflectance in the green 

and NIR bands measured by an optical sensor. The ratio is expressed as such: 

𝑁𝐷𝑊𝐼 =  
(𝐺𝑟𝑒𝑒𝑛 − 𝑁𝐼𝑅)

(𝐺𝑟𝑒𝑒𝑛 + 𝑁𝐼𝑅)
 

By using green it is often the highest reflecting wavelength of waterbodies, while NIR is 

commonly the lowest. The formula itself works by dividing green on NIR, but for 

normalization purposes meaning it goes from -1 to 1 the difference is divided on the sum of 

the two bands. Whereas the delineation between land and water is around zero. The advantage 

lies within the simplicity of this index and to adjust the “hardness” of the classification 

increasing the certainty in the differentiation between land and water. 

 

2.4 Dissolved organic carbon 

DOC has no particular chemical definition or implication since it primarily works as an 

estimate measurement for the amount of OC in ground or water. DOC is defined as milligram 

per litre substance that the extract process is left with after purging and filtration. Regulations 

on how the extraction process is conducted is in place to ensure that measurements are 

comparable across fields and borders (Comité Européen de Normalisation, 1997). When DOC 

is measured the other components making up the total carbon content is also accounted for as 

shown in Figure 1. Therefore, CDOM measurements in comparison are scarce, because while 

it can be used as a proxy for DOC and sometimes TOC it does however not account for the 

inorganic carbon (Fondriest Environmental, 2017). Also, the scientific field where CDOM 

measurements have been used are small in comparison to the economic, political and 

environmental part of it which are more interested in the total carbon content. CDOM have 

more direct impact on the water system since it introduces light attenuation by absorption and 

reflection of both visible and ultraviolet light, which is limiting vegetation growth and 

increasing water temperature (Jones, 1992). For water treatment plants the removing of colour 

and odour from CDOM requires more processing of the water. The biggest concern with high 

OC concentrations is the creation of trihalomethane. This substance is the product of OC and 

chlorine reactions and is a possible carcinogenic and mutagenic (King and Marrett, 1996). For 
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bacteria, the access to OC increases productivity and by so uses dissolved oxygen which then 

can promote anoxia (Brönmark, 2002; Klug, 2005). Since OC is part of many different 

reactions it leads to a decrease in quantity if the system is not continuously replenished. The 

chemical representation of organic matter is shown in Figure 7 where the humic substances is 

denoted as the CDOM due to the spectral properties with high absorption in the blue region 

and decreasing towards longer wavelengths, and height and slope of the peak absorption 

varies as a function of concentration (De Souza Sierra et al., 1994). The origin of the water 

carbon is from dead and uncomposed organic matter both from terrestrial (allochthonous) and 

aquatic (autochthonous) vegetation and organisms. With large amounts of carbon bound in 

soil strong correlations have been found between surface runoff and OC in waterbodies 

(Ledesma et al., 2012). In addition to that it is possible to distinct different land types based 

on the DOC measured value. In general it is high concentrations for bog and soil thick layers, 

and low concentrations for bare ground and soil thin layers (Raymond and Bauer, 2001). 

While de Wit et al. (2016) had found that DOC made up most of the TOC, this is only 

applicable to certain areas. How the different major carbon components (TOC, DIC, DOC, 

POC) is proportioned is shown in Figure 8, where Meybeck (1993) found that the latitudinal 

location impacted the proportion. 

 

 

Figure 7. Visual representation of the different organic matters in water. Total Organic Matter (TOM), Dissolved 

Organic Matter (DOM), Dissolved Organic Carbon (DOC), Total Organic Carbon (TOC), Particulate Organic 

Carbon (POC), Dissolved Organic Nitrogen (DON), Dissolved Organic Phosphorus (DOP). DOC represents the 

substance that passes a certain filter size, while POC do not pass the filter. The grouping of the humic substances 

is based upon solubility properties. DOM and DOC is commonly used interchangeably in literature since the 

DON/DOP fraction is often negligible. Not scaled to actual proportions. Edited from Pagano et al. (2014). 
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Figure 8. Carbon budget for lakes with different location. It illustrates the diversity in carbon fluxes from 

riverine input/output, atmospheric deposition/contribution and sedimentation. The explanation for these 

variations lies within the difference in climate, soil texture, geochemistry, and land use for the contributing 

watersheds. C) have a larger DIC proportion due to stronger weathering of carbonates, soil respiration and 
groundwater flow which is more common for temperate regions (Finlay et al., 2009; Stets et al., 2009). The 

opposite is true for B) and D) since it is non-carbonate bedrock. A) is an example that while at higher latitudes 

the processes for C) still have an effect, but contrary to B) the soil and bedrock consist of more carbonates. 

Edited from Tranvik et al. (2009). 

 

2.5 Statistics 

The development and usability of an algorithm needs to be supported by several statistical 

parameters. These varies depending on the type of analysis that is performed, but the most 

common are R2 and p-value for linear regression. Linear regression is the approach to fit a 

line to a collection of numerical observations. In its simplest form it is given by: 

𝑦 = 𝑎 + 𝑏𝑥 

Where y is the outcome, x is the covariate, a is the intercept and b is the slope. The best fit is 

the line that has the lowest number of residuals, meaning the number of units between the 

observation and the line. The goodness of fit can be quantified by the statistical parameters 

retrieved such as R2. This parameter is called the coefficient of determination which can be 

interpreted as the percentage of the total variability (TSS (total sum of squares)) that is 

explained by the linear model (MSS (model sum of squares)). It is given by the formula: 
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𝑅2 =
𝑀𝑆𝑆

𝑇𝑆𝑆
=
∑ (�̂�𝑖 − �̄�)2𝑛
𝑖=1

∑ (𝑦𝑖 − �̄�)2𝑛
𝑖=1

 

Where ŷ is the value of the new fitted value, y is the corresponding observed value and ȳ is 

the mean value. So, to summarize it checks if the new line predicts y better than the mean of 

y. There are also other ways to find the R2 value, but this is most often used in multiple linear 

regression where multiple covariates are used. 

 

The p-value gives a measure of probability that the observed data have any effect on the 

outcome meaning it is a test of the null hypothesis. For linear regression, a covariate’s effect 

can be easily determined by finding the standard error value and the estimate. If the standard 

error is larger than the estimate the null hypothesis is true, while it is false if not because the 

variance is smaller than the slope. 

 

To perform a linear regression the observed data must meet certain criteria. These criteria are 

in place since the linear regression method does a lot of assumptions and to ensure that the 

values in the dataset does not influence the result in a negative way such as outlying and 

influential observations. The first one is linearity meaning that the order of degree assigned to 

the covariate is correct. This can be tested by fitting a function to the partial residuals as such: 

𝑓𝑗(𝑥) = 𝛽̂̂  
𝑗
𝑥𝑗𝑖 + 𝑟𝑖 

Where β̂ is the regression coefficient (b), x is the value of the covariate and r is the residuals. 

Plotting the results for each jth will indicate if the order of degree is correct for that covariate. 

For multiple linear regression containing several covariates linearity can be checked by 

making everyone of them a function, known as the Generalized Additive Model (GAM). 

Meaning that every regression coefficient is replaced by its corresponding function in the 

regression model. This will make both the regression and confidence interval smooth. 

Confidence interval is known as the interval where a certain percentage of the observations 

can be found. If a straight line cannot be fitted within this interval it signifies non-linearity. 

 

The next criterion is that the variance is constant (homoscedasticity). This is to ensure that 

there is no pattern in the residuals that left untreated can lead to inconsistent probability 
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measurements. It is easily identified by plotting the residuals against the predicted y values 

and look for any patterns. The last one is normality, meaning that the residuals should have a 

normal distribution with a mean of zero. To treat all these different criteria the easiest and 

fastest way is to remove observations, but if that is not an option another way is to transform 

the data. Meaning the relationship is true but is on another scale making for example log 

transformation useful. This is especially valuable if the covariates have an exponential 

relation with the outcome. To do this a minimum number of observations are needed. The 

lowest number of observations to get a reliable regression line varies between 10–15. This 

number does however increase if more covariates are added as in multiple linear regression.  

 

For statistical plotting it is common to provide the confidence and prediction interval for a 

regression model. The confidence interval is set to a certain confidence level given in 

percentage. Meaning that if 95% are the confidence level the observations will fall into this 

interval 95% of the time. Prediction interval says how likely it is that future observations will 

fall into this interval (Vittinghoff et al., 2011). 
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3 Study area and data 

Here the study area and relevant data are presented. The data used varies over a large scale 

both temporally and spatially. It is however restricted by previous research results such as the 

DOC and TOC correlation and the latitudinal difference mentioned in 2.4 Dissolved organic 

carbon. Another restriction is the temporally distribution of data due to the operational period 

of the satellite constellations. The data sources selected was based on the premise that they are 

open to the public, except for the PlanetScope imagery. The same is true for the software and 

web applications used to process and analyse the imagery. 

 

3.1 Study area 

The study area is defined by the many freshwater sources in Norway. This is because of the 

interest around the increase of DOC and TOC and the strong correlation between them 

mentioned in 1 Introduction. Norway has a variating climate with the characteristic wet and 

warm coastal, and cold and dry continental climate. The annual average temperature varies 

from 6°C at the coast to -4°C for the highlands with an average 1°C for the whole country. As 

for the annual precipitation it can vary with a factor of 16 from less than 300 mm in the 

continental zone to 5000 mm in the coastal zone (Hanssen-Bauer et al., 2009). Due to a 

variating elevation of the landscape and soil cover there is a great span of the different types 

of waterbodies in Norway. From marshes in the lowland, to clear mountain waters and the 

rivers that connect it all together which provides a great range in water parameter values. 

Most of Norway’s inland waterbodies fits within the same categorization as B) from Figure 8 

in chapter 2.4 Dissolved organic carbon. The rest of the waters that does not fit in with the 

categorization is due to some variations in the bedrock and soil cover throughout Norway. 

This applies for the area known as the Oslo Rift with a larger composition of carbonate 

bedrock, but also for minor areas spread throughout the nation (Geological Survey of Norway, 

2020). 

 

With highly confident recordings of precipitation and temperature since the 20th century a 

steadily increase in both parameters the last 20-30 years have been discovered (The 

Norwegian Meteorological Institute, 2019). This has led to a change in Norway’s 

hydrological system as mentioned in 1 Introduction and has increased the attention towards 

measuring the effect it can have. This has led to an increasingly number of recordings 
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containing spatial and temporal information of the concentration for different water 

parameters that are relevant for this study. 

 

3.2 Case study area 

A certain region of Norway especially sensitive to the change in climate defined the case 

study area, namely Finnmarksvidda in Northern-Norway. The area is Norway’s largest 

“vidde” at 22 000 km2 and inhabits a substantial amount of wetland areas found in between 

the moraines from previous glaciations (Sollid et al., 1973). Its climate is continental meaning 

cold and dry even though it is located close to the North Atlantic Current (Aune, 1993). The 

area is intriguing since the landscape is under change due to increasingly higher temperatures 

since the 1980s and precipitation since 1915 for some locations (Vikhamar-Schuler et al., 

2010).  Studies have been conducted investigating the consequences of such a change in 

climate. In Borge et al. (2017) a decrease in permafrost extent and permafrost landforms such 

as palsas and peat plateaus have been documented. These landforms have degraded by 33-

71% in areal extent from the 1950s to the 2010s, whereas most then have turned into 

thermokarst lakes and other wetland types. Karlsen et al. (2017) modelled future warming of 

the area and estimated an increase of the total forest coverage by 70%. This will have several 

negative impacts concerning the areas biology, but also increase the amount of organic matter 

deposited into waterbodies.  

 

The estimated soil organic carbon (SOC) storage amount ranges from 40-75 kg m-2 across the 

area and up to 100–150 kg m-2 in some places. The amount is only a fraction of the estimated 

SOC in the northern circumpolar permafrost region which covers 17.8*106  km2 containing 

about 1035 Pg SOC (Hugelius et al., 2014). Therefore, remote sensing can prove to be useful 

for the whole permafrost region. Concerning the areas hydrology, it consists of two large river 

basins Alta and Tana (Figure 9) at 8770 km2 and 17405 km2 respectively making it one of 

Norway’s largest basins and therefore monitored throughout the year by RID standards 

(Norwegian Water Resources and Energy Directorate, 2020). Since the locality is of such 

great interest in several fields as geomorphology, biology, politically and environmentally this 

has led to several in situ data measurements. It contains water sources of many different 

forms, from mountainous clear waters to wetland marshes and from wide and deep to narrow 

and shallow rivers. The size variation of lakes and rivers makes the use of high-resolution 
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sensors much more reasonable. Considering the climate in the area a frequent revisit time is 

important due to the short ice and snow free seasons. A short revisit time would also increase 

the probability to have usable imagery as close as possible to the in-situ sample date. The low 

amount of high vegetation makes the purpose of investigating small waters also much more 

reasonable. This is because high vegetation would either block or shadow the reflectance from 

small waters which is more common further south. 

 

 

Figure 9. Overview of the case study area including the extent and naming of the two river basins with 

contributing tributaries and mainstem. Measurements displayed are those taken by PhD Westermann, S. over the 

period 2017-2018 with a larger amount for the Tana basin. The measurements have been taken in such a manner 

that it is possible to document the downstream development of water parameters both spatially and temporally. 

 

3.3 In-situ data 

The data that are relevant can be put into two categories. First are the in-situ measurements 

collected by PhD Westermann, Sebastian dedicated for the case study area. Secondly data 
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collected using databases from different governmental agencies such as the Norwegian 

Environment Agency (2020)(NEA) that are relevant for the whole study area, and the 

Swedish University of Agricultural Sciences (2020)(SLU).  

 

Westermann’s data was collected during his field study over a period of two years from 2017 

to 2018. His measurements of interest contain only information about the DOC amount. The 

data covers a broad range from marshes and thermokarst lakes with high DOC (≈64 mg/l) 

content to crystal clear waters with low DOC (≈1.3 mg/l) over a broad region in Finnmark. 

The purpose of the measurements was mainly focused on the DOC variation following the 

Tana river basin and its contributing lakes and rivers. The measurements count 223 in total 

and are mostly between July and September over the two-year period.  

 

The second category involves databases such as NEA and SLU that have a large number of 

measurements over a longer time period. Data from the NEA are publicly published under the 

Freedom of Information Act. The site contains all measurements that fall under the 

Norwegian Water Framework Directive and is in compliance with the OSPAR Convention. 

There are also other data based on different national and regional interests, for example in-situ 

measurements of the effects of pond and river liming. Because of this there is a wide span of 

interest groups that can have an effect on the accuracy of the measurements. There is a good 

variation in the measurements both temporally and spatially. The number of relevant DOC 

measurements makes out a number of 2186 measurements in the period that Sentinel-2 has 

been operational.  NEA is the main source since it contains measurements of most of Norway 

making it possible to test for any latitudinal dependency mentioned by Meybeck (1993). The 

spatial distribution of the relevant in-situ measurements from NEA are shown in Figure 10. 

Comparing Figure 10 to Figure 9 shows that Westermann’s measurements supplements an 

area that have a poor coverage by the NEA database. SLU worked as a supplement for extra 

measurements, but the database search capabilities are limited. NEA provides with useful 

visualization tools, though restricted to search for one parameter at the time. SLU includes the 

option to search for more parameters at the time but lacks on the visualization and navigation 

part of the database compared to NEA.  
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Figure 10. The spatial distribution of in-situ measurements from the NEA database. Measurements are from the 

period 2015 to 2020 with a total number of 2191 (2186 waterbody measurements). Due to recurring 

measurements the unique number of locations are only 292. For recurring measurements the highest DOC value 

are displayed. The measurements are mostly located in areas of public interest such as water reservoir, RID 

monitored rivers and polluted areas such as airports, shooting ranges and industry. A trend can also be seen with 

lower amounts of DOC for higher elevated areas that have little vegetation and soil cover in the watershed 

compared to lowland boreal forests in eastern and southern Norway. The legend is divided into quartiles 

meaning that each class represents 25% of the total number of measurements. 

 

3.4 Satellite data acquisition 

Sentinel-2 scenes were acquired through the satellite image providers Sentinel-Hub (Sinergise 

Ltd, 2020) and EarthExplorer (U.S. Geological Survey, 2020). Sentinel-Hub provides the 

ability to download only within the area of interest (AOI) when finding suitable scenes that 
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corresponds to the in-situ measurements. This ability leads to the need of less storage capacity 

and therefore lower bandwidth speeds compared to EarthExplorer. Additional features for 

Sentinel-Hub is that resolution size, number of bands and radiometric resolution are 

changeable parameters which therefore decrease the data amount further. The EarthExplorer 

service downloads the entire scene and with the resolution provided by the satellite sensor for 

each its bands. This can take up to one Gb of storage and therefore takes longer to process and 

download. Scenes acquired through EarthExplorer does however provide all bands at default 

and is directly compatible with the dedicated Sentinel-2 scene analysis and processing 

software Sentinel Application Platform (SNAP). Both services provide the option to remove 

scenes that are clouded though this is a setting that takes into consideration the whole scene 

and not only the AOI.  

 

PlanetScope imagery is provided through their proprietary webpage (Planet Labs Inc., 2020) 

and operates much in the same way as Sentinel-Hub. The site allows to draw the geometry of 

the AOI the user need, but as EarthExplorer it downloads the entire scene. Depending on the 

satellite altitude each scene is on average 24x7 km which equals 168 km2 taking up then 

1.68% of the monthly data quota. This limits the number of scenes monthly to 59. In addition 

to that the quota is limited to downloaded km2 and not unique scenes. Meaning that if a scene 

is corrupt or accidentally removed the acquisition of a new scene would count on the quota. 

Corresponding surface reflectance (SR) product is automatically added to the order. This is an 

atmospherically corrected product. It relies on correction information from other satellite 

sensors since it does not have bands in the relevant wavelengths. Besides that, additional 

information is given such as cloud percentage, ground sample distance, off-nadir angle, 

elevation and azimuth for the sun on the webpage for each scene. Along with the SR scene an 

unusable data mask is provided to indicate if there are any pixels which might be unusable or 

suspect that it might be faulty. As of 11.06.2020 the site is still under development and is 

experimenting with its UI and AOI selection procedure. 

 

3.5 Software applications 

For image analysis purposes the software QGIS (QGIS Development Team, 2020) and SNAP 

(European Space Agency, 2020b) were used. Both products are free and open source. QGIS is 

a geographical information system software developed as a free option for commonly 
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expensive proprietary software. The software is based upon programming languages as 

phyton and C++ making it possible for end-users to develop codes and scripts suitable for 

their purpose. As a non-profit organization the software does not deliver the same end-user 

customer service as a proprietary software.  

 

SNAP is developed by ESA and is specifically for analysis, processing and visualization of 

the Copernicus satellite sensors with own toolboxes for each sensor as the Sentinel-2 MSI. 

Being specialized for the MSI sensor it provides features for atmospheric correction (Sen2Cor 

(example in Figure 11) and C2RCC), radiometric indices and a maximum chlorophyll index 

(S2 MCI) among many other. The toolbox can also be used for the satellite sensor onboard 

Landsat-8 since the configuration of the bands on the MSI are close to that of the instrument 

on Landsat-8 the Operational Land Imager (OLI) increasing the software’s versatility. Where 

QGIS and SNAP differ is on ease to use. QGIS has a UI developed for more ease of use 

compared to SNAP. It also has a larger userbase that have developed plugins and features 

increasing the versatility of the software.  

 

 

Figure 11. Example of atmospheric correction. Top of atmosphere (TOA) on the left and bottom of the 

atmosphere (BOA) to the right using the Sen2Cor atmospheric correction algorithm. 

 

RStudio (RStudio Team, 2019) is a software based on the statistical analysis software R and 

programming language Python. It was used to process the data gathered from the in-situ and 
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corresponding satellite scene measurements. The software is free to use and open-source and 

like QGIS has a large userbase that can provide support. The need for a statistical analysis 

software in a study like this is essential since the capabilities to calculate and validate the 

results are greater than that in for example Excel. The software does however require a 

moderate understanding of how to program and interpret the results, but on the other hand 

provides more control to the user. 

 

3.6 Additional resources 

Map services as Norge I Bilder (Norwegian Mapping Authority et al., 2020) and Google 

Earth (Google, 2020) was used to aid in the selection of suitable waters. The service consists 

of orthophotos with a high spatial resolution often down to 0.1 meter in economic zones and 

mostly 0.25 meters elsewhere. It also includes an option to select maps on a temporal scale 

but how far back the imagery goes varies depending on the location. In addition the tool 

Varsom Xgeo (Norwegian Water Resources and Energy Directorate et al., 2020) which is an 

analysis and monitoring database developed for environmental hazard purposes. It contains 

real time data from weather stations around Norway, but also interpolated data where stations 

are missing. Being an environmental hazard tool, it contains information about landslides, 

floods and avalanches, but also provides weather data. 
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4 Methods 

In this section the methodology to retrieve both usable data points and corresponding satellite 

imagery is explained as shown in Figure 12. The methods are heavily dependent on visual 

supervision. For the data points they must be checked and sorted based upon different criteria 

set to ensure that the corresponding satellite image represents the measurement in the best 

possible way. The next step is to test several different statistic approaches to ensure 

robustness and to check for possible correlations for OAS other than DOC to see if and how it 

may disrupt CDOM radiance in the satellite imagery. Then methods used to investigate the 

possible difference between the two satellite constellations is explained. A lot of trial and 

error can be accounted for during this process because of the qualitative criteria. The main 

reason for developing a methodology to find usable measurements is the consequence of 

using an external database that is not for remote sensing purposes. 

 

 

Figure 12. Illustration of the methodology from in-situ measurement to regression model. The dotted lines 

represent the smaller portion of points directed to those processing steps. 
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4.1 Data point selection 

With over 2000 measurements of DOC concentration available for use, selecting which of 

them that are relevant for the regression model must be taken care of first. First off, points 

were ruled out as some was taken from late autumn to early spring either rendering them 

useless as the waters were ice covered or the sun’s altitude was to low meaning it does not 

radiate enough light required for the satellite sensors. The remaining points then had to be 

compared to high resolution mapping services to identify and remove those that are not 

meeting certain criteria to use in combination with satellite imagery. The use of maps was 

done before satellite imagery retrieval since there are a lot more information that can be 

acquired. The criteria are:  

 

(1) Depth/bathymetry, as a certain depth or knowledge about the depth is needed to ensure 

that the satellite imagery measurement does not get influenced by the riverbed 

 

(2) Area, as the areal extent of the lake/river must be wide enough, so the pixel or pixels 

measured does not get influenced by any nearby surface or object (as shown in 2.1.3 

Constellation comparison).  

 

(3) Aquatic vegetation, this criterion is vital since it can create a layer 

blocking/influencing the radiance readings. Though the uncertainty whether it is 

present is seasonally dependent for most waters therefore either combining it with 

historical imagery or look on the infrared reflection for the water over time are viable 

options.  

 

(4) Topography around the waterbody, a criterion that determines the possibility for wind 

driven waves and shadowing from nearby structures. The possibility of wind driven 

waves are dependent on a set of factors concerning topography.  

 

(5) Measurement point precision, this is towards the precision for where the samples were 

taken. For NEA and SLU, the in-situ measurements are presented as coordinate 

positioned points. Determining those who are not is done by concluding that if a point 

is in the centre of a waterbody the measurement is most likely not defined to that exact 

location. The precision is of importance because whether the measurement has been 
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taken before or after two rivers branching can have a major impact on the imagery 

analysis.  

 

(6) Basin composition, how sensitive the waterbody can be to changes in discharge. The 

surrounding land cover and rivers contribute to the accessibility of nourishment 

leading to changes in the composition of the waterbody. This might influence the 

measurement if there are sudden changes in discharge and can impact waterbodies 

differently depending on size.  

 

(7) Turbidity, how likely it is that there might be rapids in rivers. Identifiable either 

visually or with the same methodology as for waves. 

 

(8) Temporal and spatial differentiation. Based upon the difference in solar radiance due 

to both latitudinal positioning and seasonal changes the points must be classified due 

to the changes in light. 

 

4.1.1 Reflectance variations 

There are two factors that must be taken into consideration that can have in ideal conditions a 

great impact on the received radiance. The two factors are cloud and snow cover nearby the 

waterbody of interest. Due to the high albedo (diffuse reflection) of these two factors the 

radiance received can be influenced. The amount of possible influence depends on thickness, 

areal extent and proximity to the area of interest (Twomey, 1974). This effect is also true for 

the landcover near the waterbody, but the difference in diffusely reflected sunlight from the 

most common landcovers such as forest and soil were found to be relatively small and 

consistent in comparison. It can be identified as a sudden increase in radiance for each band, 

but the increase is not equal for each band. 

 

4.1.2 Seasonal categorization 

As mentioned by criterion 8 and in 4.1.1 Reflectance variations, the seasonal change in light 

affects the radiance received at the sensor. It can be thought that the reduction in radiance is 

equal across every wavelength making the use of ratios unaffected the example shown here 

prove otherwise. One water was suitable to show this effect. Røssvatnet (65°46'17''N 
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14°02'19''E) was selected based on its location and stable state concerning water parameters. 

The aforementioned factors that can interfere with the received radiance is removed in this 

example. Due to this the number of suitable images is low since it requires no snow and 

clouds to make the effect unaffected. The band ratio comparison is shown in Figure 13 where 

the measured TOC was within the range of 0.72-0.83 mg/l from June till October, and the 

reduction in the ratio value went from 1.92 to 1.73. Though the occurrence of this effect is not 

easily documented it is taken into consideration to increase the certainty for the regression 

modelling. While the figure shows only the effect during the autumn the same would be true 

early in the year but is not added since most lakes are frozen during this period. 

 

 

Figure 13. Reduction in band ratio values between the green and red band (B3/B4) for Røssvatnet in 2016. While 
the maximum reduction in ratio value is only around 10% the actual effect this have is explained in the results. 

The DOC values measured was within the range of 0.72-0.83 mg/l over the year. The y-axis is unitless. 

 

4.1.3 Data point classification 

With the criteria established they were weighted and applied to each point, dividing them into 

four classes: (1) Useable, (2) Useable if conditions allow, (3) Usable only if no point in a 

higher class can cover the data from this measurement and (4) Unusable if not satisfactory for 

the criteria set. Most points with a (2) classification are so because of the nearby topography. 

For example, there is some flexibility considering shadows, as it allows certain points to be 

used depending on the suns position. This applies also to rivers in general since a variating 

topography creates variations in rapids. Rivers can also be more prone to changes in discharge 
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leading to rapid changes in depth which can also be the case for measurements done in 

reservoirs. 

 

4.2 Satellite image retrieval 

Having categorized all the points, the corresponding satellite imagery must be acquired. First 

approach is using Sentinel-Hub due to its fast search and AOI selection options. The size of 

the AOI depends on the location of the measurement. This process can be divided based upon 

if it is a lake or river the measurement represents. For lakes, the whole area is retrieved to 

check for spatial variability in the radiance. With most lake measurements being not defined 

to a specific point position the most robust option is to presume one uniform radiance value. 

This is only doable if the statistical evaluation returns results such as a normal distribution of 

the radiance. For rivers, a larger extent is retrieved to ensure robustness as for lakes, however 

it can be restricted due to the criteria set in the point classification. It can be branching rivers 

or change in topography that defines whether up- or downstream is most suitable. Therefore, 

the point location precision for rivers are much more important since it has a greater 

implication if it is positioned wrong. For both lakes and rivers there can be applied some 

deviation in the AOI selection if imagery of the exact point location is somehow prevented. 

This again are defined by the topography and the uncertainty of shadowing from nearby 

vegetation that will vary depending on the position of the sun. 

 

4.2.1 Date deviation 

Taking all the aforementioned factors and criteria into consideration deciding the AOI for 

each water the next step is to choose the satellite imagery date. A similar in-situ measurement 

and satellite imagery date is preferred. If that is not possible the general rule is that lowest 

date difference imagery is acquired. For situations where two scenes are available with the 

same date difference then Varsom Xgeo is used to help aid with information considering 

events in between the scene and measurement that could influence and increase the 

uncertainty. A limit to how many days’ difference there could be is flexible. The only 

criterion would be that enough data could be collected so that the degrees of freedom criterion 

for regression is met allowing for a reliable analysis. Due to the DOC degradation mentioned 

in 2.4 Dissolved organic carbon and date deviations used in previous studies (Kutser, 2012; 

Toming et al., 2016) an upper limit was set to ±3 days to reduce uncertainty. 
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4.2.2 NDWI 

NDWI is used to increase the confidence in the retrieved data from satellite imagery by 

increasing and evaluating the value returned by the index to ensure less influence from 

riverbeds and nearby landcover. The index value is set individually for each water due to 

variations in NIR reflectance. Since NIR reflectance is primarily determined by vegetation 

(Chla) it works as a useful classification tool if some waterbodies have a poor index value 

(<0) when there is no other explanatory variable to account for. 

 

4.2.3 Atmospheric correction 

Sen2Cor (v255) and C2RCC (v1.0) are used for atmospheric correction. Both processes are 

included in the Sentinel-2 SNAP toolbox. In this study their default values were used due to 

the lack of any in-situ reflectance measurements. They are only used for DOC regression and 

on scenes that showed potential in the non-corrected algorithms due to ambiguous results in 

previous studies (mentioned in 1.5 Previous studies). Concerning the effect of diffusely 

reflected sunlight in 4.1.1 Reflectance variations atmospheric correction algorithms are built 

to minimize this effect.   

 

4.2.4 Model testing 

Ratios and their corresponding algorithms must be tested for validation and robustness 

purposes. This means that some in-situ measurements cannot be used as they are needed to 

work as validation points. A selection process as those for points used in the regression must 

be performed and must cover the same range of values. Outliers and extreme situations are 

selected to test the robustness. The selection often does not include knowledge about the 

values but can be based on results from studies that have measured similar types of 

environments.  

 

4.2.5 Satellite product comparison 

To test how well PlanetScope performs compared to Sentinel-2 MSI a radiance comparison of 

corresponding imagery between the two constellations are performed. The comparison must 

consist of imagery over a longer time period and at the exact same day for the two to increase 
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the confidence in the result. This is done to fit the regression model to PlanetScope. The next 

step is to test the robustness and validity of the model which is done the same way as 

mentioned in 4.2.4 Model testing. Testing also the quality of PlanetScope products in general 

are done by looking on how much the retrieved radiance varies daily for water parameter 

values that does not change. 

 

4.3 Statistical point selection 

The readings from the scenes are statistically tested against the in-situ measurements in 

RStudio. This is to test every band ratio and their corresponding normalized index. The 

statistical testing used starts with a correlation chart matrix using TOC, DOC, POC, TSM and 

Chla.  It visualizes the distribution, correlation coefficient and possible regression lines for 

each outcome. This helps to quickly indicate whether the ratio or measured data is usable. If 

ratios with prediction possibilities are ruled out in this process the task of identifying why this 

is the case will improve further studies. The illustrated distribution also helps with 

determining if transformation of the data is necessary. 

 

Further statistical evaluation is done through multiple diagnostic plots. At this stage, the band 

ratio is set, but further investigation of any outliers or heavy influencers are needed. As 

mentioned in 2.5 Statistics the plots help to identify the criteria that needs to be fulfilled for 

linear regression to make sense. This includes plots as: Partial Residuals, Residuals vs Fitted, 

Normal Q-Q, Scale-Location, Residuals vs Leverage and GAM, each helps with identifying 

troublesome datapoints and distributions. If any outliers are identified in this part, it is crucial 

to work out why and what is causing this. This would make it necessary to go through the 

selection and classification process again changing the weight distributed to different criteria.  

 

Investigation of multiple covariates influencing the OAS outcome is performed, known as 

multiple linear regression. The selection of several band ratios having any significant effect 

can either be done by forward and backward selection, meaning stepwise inclusion or 

exclusion of covariates as a function of the statistical results such as R2 and p-value. 
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5 Results 

The resulting regression models and their usability are presented here. The results are 

structured such that the resulting points from the selection methodology using Sentinel-2 top 

of the atmosphere (TOA) is presented first. Then which of the different water parameters that 

have a correlation with each other. Followed by the best resulting band ratios with 

corresponding model algorithm. The results from fitting the PlanetScope radiance readings to 

these measurements are then presented. Then the measurements used in the Sentinel-2 TOA 

DOC is tested with atmospheric correction models, Sen2Cor and C2RCC to see how well they 

perform. The DOC algorithms are then tested on a broad spectre of different types of 

waterbodies with variations in both TSM and DOC concentration. At last the conclusion for 

the best approach for DOC estimations with an empirical regression model is presented. 

 

5.1 Usable measurements 

After the categorization in 4.1.3 Data point classification the number of measurements that 

were classified as usable for regression were drastically reduced. 74 out of the 2186 

measurements from NEA were useable. The main criteria that rendered measurements 

unusable were date deviation, seasonal categorization and area. This led to a constraint in the 

DOC range for the Sentinel-2 MSI since most waterbodies with high DOC content have a 

smaller area than the practical minimum mentioned in 2.1.3 Constellation comparison. The 

intended date deviation was zero days since degradation of DOC is mostly unknown due to 

few recurring measurements but were set to two days in exchange for a wider DOC range. 

The 74 measurements were further divided into which parameter they represented, because 

Chla was rarely measured in combination with DOC and TSM. This led to 17 measurements 

for DOC regression, 20 for TSM and 18 for Chla. The remaining and additional 

measurements were added to test the correlation between the OAS, since that is not restricted 

by any criteria. 

 

For testing and validation purposes the criteria were less strict because the pattern both 

temporally and spatially were of higher importance than estimating the exact measured value. 

This allowed the use of Westermann’s data for the case study area which have the advantage 

of several recurring and in close proximity measurements over a wide DOC range. 
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5.2 Water parameter correlation 

The result from correlation and significance testing of the relevant water parameters are that 

DOC and TOC have a correlation of one and highly significant as shown in Figure 14. This 

are supported by the results from de Wit et al. (2016) and can make the use of TOC instead of 

DOC viable. For the normal distribution criterion to be true the data had to be log 

transformed. The result is from 52 measurements over a range in DOC from 0.4 – 30.1 mg/l. 

 

 

Figure 14. Correlation and significance score between log transformed TOC and DOC. 95% confidence interval 

in grey, but due to the strong correlation it is almost not visible. 

 

The other significant correlation were between Chla and TOC as shown in Figure 15. The 

number of measurements were only 17 and with a Chla range of 0.001–0.1 mg/l over a TOC 

range of 1–23.6 mg/l. Even though there are a low amount of corresponding DOC 

measurements the relation can be extrapolated without any large uncertainty. For TSM there 

was no significant correlation between the other OAS. This can be true, but as for the Chla 

correlation the number of corresponding DOC/TOC measurements were low and decreased as 

concentrations increased. The main reason however is the disconnect in relationship between 

the two parameters. For rivers, the amount of TSM and OC tend to correspond but lakes with 

high OC content do not necessarily have high amounts of TSM. In the correlation testing 

these two factors were not handled separately. 
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Figure 15. Correlation and significance score between log transformed TOC and Chla. Grey area represents the 

95% confidence interval. 

 

5.3 Chla algorithm 

For estimation of the Chla concentration the best resulting band ratio was the blue/green ratio. 

As shown in Figure 16  the significance of 0.0094 is acceptable, but the low correlation of -

0.59 due to the spread gives a R2 value of 0.35 and high uncertainty estimations. The result is 

with 18 observations over the same range as in 5.2 Water parameter correlation and with no 

seasonal categorization due to few measurements. The fitted line equation is: 

𝐶ℎ𝑙𝑎 (
𝑚𝑔

𝑙
) = 𝑒^(2.51 − 4.75 ∗ (

𝐵2

𝐵3
)) 

This result is most likely due to a lack of observations and was mainly included to check if 

Chla had any impact concerning the radiance readings of DOC. The amount used here had no 

impact though it has been proved that algae blooms have an effect, but this can in most cases 

be identified visually. So, for accurate estimate the use of already established methods such as 

the S2 MCI are preferred. 
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Figure 16. Highest scoring ratio combination for estimating log transformed Chla with band ratio blue over green 

making it unitless. Grey area represents the 95% confidence interval. 

 

5.4 TSM algorithm 

The best resulting ratio for TSM estimation is the blue/red (B2/B4) combination with 

corresponding statistical results shown in Figure 17. With a correlation of -0.92, R2 of 0.85 

and a highly significant p-value the ratio is not perfect, but good enough for a rough estimate. 

Its purpose is to give an estimate to rule out waterbodies that are not suitable for retrieving 

DOC radiance readings. There was no correlation between TSM concentration and time of 

year so seasonal categorization was not needed. The result from this is that 20 observations 

with a range from 0.5–21.6 mg/l could be used for the regression model. Fitting that line to a 

non-transformed regression model with confidence and prediction intervals is shown in Figure 

18 with corresponding algorithm: 

𝑇𝑆𝑀 (
𝑚𝑔

𝑙
) =  𝑒^(6.64 − 2.31 ∗ (

𝐵2

𝐵4
)) 
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Figure 17. Fitted line of the correlation between log transformed TSM and the blue/red (B2/B4) ratio. Grey area 

represents the 95% confidence interval. 

 

 

Figure 18. Non-transformed TSM regression model using the blue/red (B2/B4) ratio. Higher spread for larger 

TSM values due to more variance. 

 

5.5 DOC algorithm 

For the correlation between DOC and different band combinations the green/red ratio gave the 

best result. As shown in Figure 19 the distribution, significance and correlation score are well 

within the criterion of being a sufficient model, with a correlation of -0.95, R2 of 0.9, p-value 

of 5.8e-09 and a standard error of 1.5 mg/l. Contrary for measurements used in Chla and TSM 
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the need for seasonal categorization was largest here since most waterbodies increased in 

DOC values during the fall leading to an unwanted correlation between the reduction of 

green/red band ratio radiance and increased DOC concentration. This defined along with the 

reduction shown in 4.1.2 Seasonal categorization the suitable season to be from mid-May to 

mid-August. Also compared to TSM the ratio range is smaller meaning it is more sensitive to 

changes in light conditions. Still, the number of measurements used in the regression model 

were 17 with a range in concentration going from 0.44–17.3 mg/l. The only downside is the 

same as for TSM shown in Figure 20 that due to the exponential nature of the model the 

confidence and prediction interval gets wider as DOC concentration increases. The desired 

range was also not achieved due to the small area most high DOC waterbodies have which 

again is the reason why PlanetScope was included. Though it is sufficient to delineate 

between high and low DOC waters. For the regression algorithm that corresponds to Figure 

20 it is: 

𝐷𝑂𝐶 (
𝑚𝑔

𝑙
) = 𝑒^(9.59 − 5.13 ∗ (

𝐵03

𝐵04
)) 

 

 

Figure 19. Best resulting band ratio for estimating DOC. By dividing the green band (B3) on the red band (B4) 

making values unitless. Grey area is the 95% confidence interval for this log transformed model. 
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Figure 20. The best fit line for DOC using green/red (B3/B4) ratio with corresponding confidence and prediction 

intervals. 

 

Along with the seasonal categorization another threshold concerning TSM had to be added. 

Waterbodies with a TSM value over 2.84 mg/l lowered the statistical results significantly. The 

actual threshold would be somewhere between 2.84–3.44 mg/l due to the gap between 

measurement values. While the focus of this study was towards Finnmark the points used in 

all regression models were sampled with the distribution shown in Figure 21. As for the 

latitudinal distribution the four highest DOC values are almost at the same latitude (335, 340, 

355), but other than that no latitudinal dependency was found between received radiance and 

DOC value. 
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Figure 21. Distribution of the DOC measurements used in the regression. There are recurring measurements of 

the same location and the number is the water id. Four-digit number is NEA and three-digit is SLU. 

 

5.6 Planet adaptation 

Making the DOC algorithm suit the PlanetScope constellation the differences between the two 

must be resolved. In Figure 22 the green/red ratio is calculated for a set of multiple waters 

over a season suitable for remote sensing. A value equal to one represents no difference which 

occurs only at the beginning and end of the year. It steadily increases with a maximum during 

August. Whereas the fitted line would set a baseline for correction between the two systems 

the values fluctuates too much. Therefore, an option is to validate the ratio difference with a 

corresponding Sentinel-2 image to not increase the uncertainty of the readings. Figure 23 

shows how the radiance readings of multiple waters within the same scene fluctuates. 

Assuming that Sentinel-2 is correct the radiance from Planet has the possibility to differentiate 

between low and high DOC waters but lacks precision for waters with low DOC values.  
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Figure 22. The ratio difference between the two constellations over a period from May to October. A value of 

one would mean that the ratio value between Sentinel-2 MSI and PlanetScope are equal. Fluctuating differences 

throughout the period. There is however a trend shown by the plotted line with increased deviation in the 

summer while they are close to equal in the spring and fall. It is calculated by dividing the PlanetScope green/red 

ratio value on the Sentinel-2 MSI green/red ratio. 

 

 

Figure 23. Plot comparing the green/red ratio measurements between PlanetScope and Sentinel-2 MSI. The 

comparison is to show how the received radiance of the same waters differ between the two sensors. PlanetScope 

shows less variation in the band ratio values compared to Sentinel-2 MSI. 

 

Using most of the same measurements points as in 5.5 DOC algorithm the resulting green/red 

ratio algorithm is shown below with a range in DOC from 0.94–17.3 mg/l with corresponding 

log transformed and best fit in Figure 24 and Figure 25 respectively: 

𝐷𝑂𝐶 (
𝑚𝑔

𝑙
) = 𝑒^(22.826 − 14.072 ∗ (

𝐵2

𝐵3
)) 

Due to a lack of corresponding scenes with the data used for Sentinel-2 regression the 

intervals are wide. The resulting R2 is 0.78 and a p-value of 0.0084 with 7 observations. The 

lack of observations was also because the fluctuation in radiance values were too high to get a 
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sufficient regression model. This is the main reason why PlanetScope does not work for 

measuring DOC in waters due to the low signal to noise ratio (SNR) compared to the 

Sentinel-2 MSI. PlanetScope has a SNR threshold at 50 while Sentinel-2 MSI is at 142. The 

low SNR leads to a smoothing effect as shown in Figure 23. As stated, it manages to delineate 

between high and low DOC waters, but when applied to smaller thermokarst lakes the 

surrounding land and vegetation disturbs the path radiance. Hence remote sensing of 

thermokarst lakes in Finnmark is not achievable with these high-resolution sensors. 

 

 

Figure 24. Using the same band ratio combination for PlanetScope as for Sentinel-2 MSI which are B2/B3 

(green/red). The figure is the log transformed data with corresponding statistical results. Grey area is the 95% 

confidence interval. 
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Figure 25. The best fit for PlanetScope when adopting the Sentinel-2 MSI DOC regression model measurements. 

Lower number of measurements increased the uncertainty and led to much wider intervals. The gradient is also 

less steep which is the result of the low SNR compared to Sentinel-2 MSI. 

 

5.7 Atmospheric correction 

Atmospheric correction was tested due to its accessibility and probability to increase the 

significance and usability of the Sentinel-2 DOC algorithm. Atmospheric correction models 

such as Sen2Cor and C2RCC corrects for the atmospheric influence on the reflectance from 

the object/area on the ground. Meaning that the output is the bottom of the atmosphere 

reflectance rather than the top of the atmosphere. The measurements used were the same as 

for Sentinel-2 but due to restrictions in each model the number ended at 13 for Sen2Cor and 

11 for C2RCC. The limitations for C2RCC made it unsuitable since the correction model is 

too coarse leading it to averaging the values. The statistical results were a R of -0.91, R2 of 

0.83 and highly significant p-value. Due to this C2RCC was dismissed as an option and 

Sen2Cor with the resulting correlation is shown in Figure 26. With a correlation of -0.92, R2 

of 0.85 and highly significant p-value over a larger ratio range than for the top of the 

atmosphere algorithm makes it more robust against changes in atmospheric composition. The 

algorithm for Sen2Cor is: 

𝐷𝑂𝐶 (
𝑚𝑔

𝑙
) = 𝑒^(5.06 − 2.53 ∗ (

𝐵3

𝐵4
)) 
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Figure 26. Statistical result with fitted line and confidence interval from fitting Sen2Cor using the B3/B4 

(green/red) ratio. Grey area is the 95% confidence interval. 

 

5.8 Case studies 

The robustness of the DOC algorithms is validated and tested here. A selection of different 

waterbodies based on their parameter values and relevance to the study area were selected. 

This will be waterbodies that have a high and low DOC content, high and low amounts of 

TSM and waters with measurements over time. Due to the lack of DOC values and an 

approximate relationship of 1:1 with TOC this value was instead used for most of the testing 

and validation shown here. Also the DOC algorithm from 5.5 DOC algorithm will be denoted 

as TOA (top of atmosphere) to differentiate between them. 

 

The first case is shown in Figure 27 where the only good result from C2RCC was achieved. 

The waters depicted have high amounts of TSM. The left image is a water with a measured 

TSM of 17 mg/l and a TOC of 9.7 mg/l and the right image is a river with TSM of 21.6 mg/l 

and TOC of 1.6 mg/l. The best resulting algorithm was the C2RCC with only a 0.4 mg/l 

difference in TOC for the lake. For Sen2Cor the result for the lake is still within the 

confidence interval but for TOA the trend is that it overshoots where TSM gets beyond the 

threshold of 2.84 mg/l. This is the best use case for C2RCC with relatively large waterbodies, 

and due to the amount of TSM has a larger reflectance than TSM poor waters. Therefore, 
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C2RCC is a better option for these kinds of water remote sensing studies, whereas in this 

study TSM poor waters are more common leading to poor results for C2RCC. On the other 

hand, the TSM amount in the river was seemingly too high to get accurate measurements. 

 

 

Figure 27. Left image is of Haugestadvannet 14.08.2017. Right image is of Målselv 12.06.2017. Values listed 

are in the order from top to bottom: TOA, C2RCC and Sen2Cor. Målselv is divided into three parts to ensure 

consistency in the estimation.  

 

How TSM changes over time is the reason for choosing Hillestadvannet depicted in Figure 

28. There were no in-situ measurements of the TSM, but due to its close location and with an 

inlet originating in Haugestadvannet from the previous test the TSM is presumed to be high. 

In Figure 29 the estimated TOC and TSM are presented. The graph shows how the estimated 

TOA TOC concentration increases with the TSM but at a variating degree. As from the 

previous test Sen2Cor is less influenced by the changes in TSM than the TOA. Though both 

fails to capture the sudden peak in TOC 18.06.2019. The dates where TSM concentration is 

not peaking, the estimated values are within an acceptable range for these TOC values. Why 

both the TSM and TOC are not consistent is most likely due to wind driven waves. Both on 

15.07 and 19.08 the closest weather station reported winds above 4 m/s around 12:00 when 

the satellite image was taken. Due to the distance between the water and the weather station 

being 12 km away it is too much uncertainty to approach a quantification of this effect. The 

lack of recurring measurements makes it also hard to estimate whether the peak of TOC was 

short lived or not. Location specific factors concerning the watershed is also present here. As 
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shown in Figure 28 the lake has a different colour than its neighbouring waters that might 

explain why the TOA TOC does not exaggerate its estimation compared to Haugestadvannet. 

These waters are also the ones with the highest Chla concentration used in the regression 

modelling so some influence might be an option but due to the low number of comparable 

data no conclusion could be made. 

 

 

Figure 28. Outlined in blue is Hillestadvannet 12.07.2019. Haugestadvannet from previous test is the 

neighbouring water. The high amounts of TSM in both waters are clearly visible. 
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Figure 29. Graph showing the estimated and measured TOC in Hillestadvannet during 2019. Sen2Cor is much 

more stable than the TOA algorithm. Both algorithms fails to capture the peak of in-situ TOC at 18.06.2019. 

 

The case study areas largest lake Iešjávri at 68 km2 (Figure 30) was chosen to test how well 

the algorithms do for low TOC/DOC waters over time. No sudden changes are expected to 

occur due to its elevation above the surrounding terrain making it suitable for temporal 

analysis with few in-situ measurements. Only the Sen2Cor and TOA algorithm were included 

here with corresponding results shown in Figure 31.  Here TOA outperforms Sen2Cor due to 

the reason mentioned in 1.5 Previous studies that Sen2Cor struggles with low reflectance 

waters. The retrieved values are from a smaller polygon selection than the outline of the river 

due to variating cloud cover and haze so some uncertainty towards spatial variation in TOC 

can occur. While the number of in-situ measurements are low the temporal variance is well 

within what could be expected for TOA. 
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Figure 30. Finnmark's largest lake Iešjávri. Used to test the algorithm accuracy in low DOC/TOC waters. 

 

 

Figure 31. Graph showing the difference in TOC between in-situ measurements, TOA and Sen2Cor for Iešjávri 

in 2018. 

 

The next test was aimed towards waters that are common in the case study area. Meaning that 

the DOC is between 5–10 mg/l and with low amounts of TSM. For this purpose the water in 
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Figure 32 was selected since it is has inlets from nearby thermokarst lakes where the DOC has 

been measured to be up to 46 mg/l. Both TOA and Sen2Cor were tested, but due to the lack of 

reflectance from the lake the atmospheric correction returned unusable values as in Figure 31. 

The result from TOA corresponds well enough with the in-situ measurements and indicates 

spikes in DOC at two occasions. 

 

 

Figure 32. Depiction of location for lake 300. Outlet of this lake had been measured three times in 2018. A 

“mid” range DOC water with concentrations around 6 mg/l.  
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Figure 33. Graph showing the difference in TOC between in-situ measurements and TOA for water 300 in 2018. 

Larger variations for estimated TOA DOC than for the lower DOC water in Figure 31. 

 

The last test was on high TOC/DOC waterbodies shown in Figure 34 where a selection of 

thermokarst lakes in western Siberia was used.  This was done because the area of high DOC 

waterbodies in Finnmark were too small. The in-situ measurement for this area were 

performed by Manasypov et al. (2015) in 2014. Therefore, corresponding Sentinel-2 imagery 

are not available, but by using the assumption that since the lakes have not drained or changed 

shape then the DOC content is presumable near the same. The result is that the values are 

within the prediction interval for TOA, but since it is wide the accuracy is poor. It does 

however identify the variability between low and high DOC waterbodies which corresponds 

with the measurements by Manasypov et al. (2015). These measurements had DOC values 

ranging from 10–54 mg/l with an average value around 24 mg/l within the black rectangle.  
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Figure 34. DOC classified thermokarst lakes in western Siberia using the TOA algorithm. The black rectangle 

marks part of the study area in Manasypov et al. (2015). 

 

With the result from these tests it can be concluded that Sen2Cor and C2RCC are not 

sufficient for the purpose of this study. The TOA algorithm does perform as expected with 

higher accuracy in estimation for lower DOC amounts and vice versa for higher DOC 

amounts, but that can be attributed to the low amount of high DOC measurements. However, 

the main aim of this study can be said to be achieved since the algorithm manages to delineate 

between high and low DOC concentrations. 
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6 Discussion 

In this section the results will be discussed to determine the obstacles that are present. This 

includes evaluation of the methodology hereunder the approach to retrieve points for 

regression (4.1 Data point selection) and the choice of data source (3.1 Study area). Based on 

the results each constellations performance is evaluated to present their constraints.   

 

6.1 In-situ data and study area 

The in-situ measurements by NEA, SLU and Westermann were not meant for remote sensing 

purposes. For most locations not all OAS are measured, especially Chla are seldom measured 

with DOC and TSM. In similar studies as those mentioned in 1.5 Previous studies in-situ 

measurements were performed, parameters such as time of day, weather and or surface 

reflectance measurements were commonly measured. This was done to have a satellite image 

that corresponded to the same conditions. While a certain degree of deviation in these 

parameters can be allowed, the number of measurements containing information for all OAS 

are almost non existing. The consequence is then that a coherent correlation between the 

parameters and how they impact radiance readings cannot be determined. An approach to 

solve this issue would be to backwards engineer the parameter value that is missing. This can 

be done by using an algorithm based on other measurements, but an amount of uncertainty is 

then added instead so the necessity of this would have to be evaluated. This could have been 

done with the 5.4 TSM algorithm but was chosen to not be needed since the amount of TSM 

in general for the case study area is known to be low. It would however be a viable option for 

other areas of interest if knowledge about the TSM concentration is unknown. This imposed 

however an issue concerning the depth of lakes and rivers in the case study area. The lack of 

TSM in correlation with shallow waters reduced the certainty in the radiance readings whether 

the lake/riverbed did have an influence. Whereas the border between land and water was often 

clearly defined the border where the secchi depth is shorter than the depth of the waterbody is 

not so easily defined. Very strict thresholds for NDWI and other band ratio indexes can be set, 

but this could lead to bias in the retrieved radiance. 

 

For especially the DOC algorithm several more points could have been included, but the aim 

was to have a wide range for the concentration rather than a highly significant model for a 
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narrow range. The range that was initially the goal was a DOC range from 1 – 64 mg/l which 

is the range of values measured in Westermann’s data and therefore relevant to both study 

areas. The number of DOC measurements in NEA with a value larger than a third of what was 

measured by Westermann were 25 measurements. The total number and distribution of the 

measurements are shown in Figure 35. It also shows that the highest concentration measured 

was 51.6 mg/l which is lower than the desired range. Though this still could have been used 

had it not been ruled out by the strictest criterion in the methodology section namely date 

deviation. This is also the reason why data from SLU was added so that the DOC range could 

be expanded. 

 

 

Figure 35. Graph showing the distribution of measurements by DOC concentration since 23.06.2015. Though the 

total number is 2191, five measurements were removed since they were from a testing facility and not an actual 

waterbody.  

 

The low number of DOC measurements above 20 mg/l also raises the question if the 

possibility to estimate these high values are even needed. For many of the high concentration 

measurements they have outlets into larger lakes where the DOC amount according to the 

measurements diminish relatively quick. This was also common for Westermann’s data as 

mentioned in 5.8 Case studies where the lake in Figure 32 has inlets from several high DOC 

containing lakes, but the increase of DOC in lake 300 was only measured to be 6.6 mg/l at its 

highest. Therefore, an accurate model for a narrower DOC range might be of greater interest 

for the fields within this area. It also comes down to the area of interest as shown in the 

example from Siberia (Figure 34) where the area of thermokarst lakes are large enough for the 
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MSI, but whether or not similar sized thermokarst lakes will occur in Finnmark in the near 

future is hard to say. 

 

With clouds or haze being the main reason why the scene and in-situ date did not match the 

decision on how large that difference can be have yet to be quantified. The reason is because 

of the different DOC degradation in waters. This rate differs on a set of multiple parameters 

that are unique for each waterbody. Such parameters are mostly biologically governed and a 

larger response to change are most likely to be seen for rivers than for lakes. This would also 

most likely be the trend for lakes as a function of volume whereas a certain discharge would 

lead to a larger change in a smaller volume waterbody. As mentioned Xgeo could help with 

information concerning rainfall, but for most areas the values are interpolated and the effect as 

a function of rainfall would in most cases be unknown. The unknown values are the result of 

low interval measurements of the same waterbody. 

 

In Figure 36 the number of scenes available as a function of cloud mask percentage are 

shown. This figure illustrates the problems with a consistent temporal investigation of DOC 

over time since the number of scenes with little cloud coverage are few. So, to solve this 

problem scenes must be acquired manually for inspection. Even if an AOI is drawn the cloud 

mask is based upon the whole scene therefore most scenes must be acquired manually. 

Another drawback is that for higher latitudes the sun’s position is lower which leads to a 

greater displacement between the cloud and its shadow. The impact for this is that while a 

scene can be close to cloud free the shadows must be identified manually. No band mask 

could be made to make this process automatic since the water reflectance is already so low. 

Clouds in the 5.5 DOC algorithm was easily removed because the resulting value spiked 

above 100 mg/l DOC which is highly unlikely. The cloud shadows led to a modest decrease in 

measured DOC which is not as easily identifiable. This is the main reason why most of 

Westermann’s measurements are not included in the algorithm since they were often sampled 

on the same date when the conditions for remote sensing purposes were suboptimal.  
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Figure 36. Graph showing how many numbers of scenes that are available as a function of cloud mask 

percentage. 0% mask equals completely cloudless scene, while 100% includes every scene independent of cloud 

percentage. The bars are divided into scenes for a whole year and scenes available during a remote sensing 

period for Finnmark (mid-May to mid-October). The numbers are over a scene (tile) with an area of 1000x1000 

km2 and exceeds 365 scenes due to overlapping. 

 

Mentioned in methods wind driven waves are important to consider due to the impact it has 

on the radiance received at the sensor. While larger waves can be removed by using Xgeo or 

by identifying abnormal variations in the radiance smaller waves are harder to account for. 

For most locations with a weather station nearby Xgeo can provide hourly wind data, but the 

interpolated data is for one time during the day at 08:00 which is four and a half hours before 

the satellite passes. Therefore, knowledge about the exact wind conditions when the satellite 

image is taken will most likely reduce uncertainty in the models. One approach to solve this is 

by using radar. Previous studies (Goldstein and Zebker, 1987; Mouche et al., 2006; Hwang 

and Fois, 2015) used radar for geophysical parameters over the ocean surface and with the 

development of higher resolution radars it can become a useful tool for smaller inland 

waterbodies. 

 

Concerning the databases used in this study the possibility to increase the number of in-situ 

measurements are possible by utilizing more of SLU and other national environmental 

agencies. The drawback however is that knowledge about the national language are often 

needed. This is the case for SLU and other databases that are a part of OSPAR/RID. Another 

challenge is that while there are standards for measuring parameters this is not a guarantee, 
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and if this is the case the unit for the parameters can be different. A major concern that must 

be taken into consideration is that for NEA the in-situ measurements are performed by 

different external agencies. For example, there were several occasions where the measured 

DOC was higher than the TOC. This is theoretically impossible and is most likely due to 

variating precision in the measurement methods and adds uncertainty. 

 

6.2 Evaluation of the methodology 

In similar studies the methodology to achieve good measurements are often not a concern. 

This is because the in-situ measurements are done with remote sensing purposes in mind and 

therefore criteria as those mentioned in 4.1 Data point selection have already been taken into 

consideration. This made the criteria presented in the methodology section qualitative. The 

knowledge from the points that were used in the algorithm can however be categorized and 

aid in the work towards a quantitative methodology for automatic retrieval, detection and 

estimation of satellite imagery and OAS parameters. 

 

As for the seasonal categorization of measurements. This had to be worked out after several 

regression models, and did not produce a satisfactory result due to the effect mentioned in 5.5 

DOC algorithm. In previous studies where in-situ measurements were done they were often 

performed in a short timeframe giving little to none impact from the change in light 

conditions and possible BRDF related issues. A typical BRDF case is that the specular 

reflection changes as the angle between the sun and satellite sensor increases which at a 

certain angle will create what is known as sun glint. Though for calm waters such high angles 

do not occur between the sun and the sensor. It can however occur if waves are present. This 

can also influence lake inlets where turbulent streams can lead to the misconception that for 

example high DOC concentrations are present. This specular reflectance effect is suspected to 

have occurred in Figure 13, where the ratio between the bands shown goes down but the 

values for each band went up which can be the effect of increased specular reflectance. This 

effect can also be quantified by calculating the angle between the sun and sensor as a function 

of latitude, earth’s curvature and time of year. The earth’s curvature must be taken into 

consideration since it will influence the angle either reducing or increasing the effect of 

specular reflectance and how the reflectance is distributed in general. 

 



59 
 

The result from this methodology led to the use of several river measurements in the 

algorithms. For the DOC algorithm, 12 out of the 17 measurements used are rivers. While 

they not only are expected to change faster in DOC values, it has been shown in a study by 

Skorospekhova et al. (2016) of the Lena river delta in Siberia that the R2 between CDOM and 

DOC was 0.48 for rivers and 0.98 for lakes. The reason behind this was because of different 

permafrost deposits throughout the watershed. Even though the amounts of these deposits are 

substantially larger in Siberia than in Finnmark it is possibly something that could improve 

the model in thermokarst related DOC estimations.  

 

6.3 TOA algorithm 

With a focus on DOC the number of observations for the other OAS were not prioritized and 

as mentioned there were a substantial lack of corresponding measurements. Still the required 

number of observations are met at least for the DOC regression. However, the distribution, 

date deviation and concentration range are something that most likely would improve the 

model. For example, the effect that the latitudinal distribution of observations might have are 

mostly dependent on the difference in how the reduction of light affects the radiance and 

reflectance of the waterbodies. The chance that the correlation between DOC and CDOM is 

not 1:1 also increases the uncertainty, as mentioned in 6.2 Evaluation of the methodology the 

type of landcover in the watershed can have in extreme cases a poor R2 and was not accounted 

for when selecting usable measurements. Considering how the TOA DOC algorithm 

compares to the study by Toming et al. (2016) that this direct correlation between green/red 

ratio and DOC was a possibility it differs mainly in the DOC range. The range in Toming et 

al. (2016) was from 6-20 mg/l compared to 0.4-17 mg/l in this study. Therefore, a comparison 

showed that the resulting TOA DOC algorithm here was more accurate for DOC in the lower 

range approximately 0–10 mg/l. Whereas the algorithm by Toming et al. (2016) was more 

accurate in the 10–20 mg/l range. When in-situ measurements for that range in DOC becomes 

available for the Sentinel-2 MSI there is certainly a possibility to increase the range with a 

smaller standard deviation. 

 

6.4 Planet evaluation 

As mentioned in the 5.6 Planet adaptation section the poor result from PlanetScope can be 

attributed to its low SNR. It also corresponds with the description of its own products use for 
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simple analytics in 2.1.3 Constellation comparison. The quality of PlanetScope products are 

poor compared to Sentinel-2 and Landsat sensors. In Figure 37 the image product and the 

corresponding quality image for that scene is presented. The image represents a water surface 

on a cloudless day. The first thing to note is the speckle that is a representation of the noise. 

The second thing to note is the striping. In this image example it is visible by the naked eye, 

but in some cases, it can blend in with features or be too small to notice. This could have been 

easily removed by applying the image quality mask, but it does not match up to the location 

of the stripes. 

 

The poor image quality for analytical applications is also a common discussion point in 

studies who have used PlanetScope products where radiometric precision is key (Traganos et 

al., 2017; Wicaksono and Lazuardi, 2018). However, it might be a viable option in the future 

since quality assessment methods are already an addressed issue (Anger et al., 2019). The 

high resolution would make a fine addition for thermokarst detection in the case study area 

due to their relatively small size. The high resolution and short revisit time can aid in the 

categorization of usable in-situ measurement locations if no other high-resolution imagery is 

available. 

 

 

Figure 37. Comparison between PlanetScope scene and corresponding quality image. The black in the quality 

image represent usable while the white is unusable. Image courtesy of Planet Labs Inc. (2020). 
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6.5 Atmospheric correction evaluation 

While TOA was the best for performing an empirical DOC regression in this study the use 

cases of the atmospheric correction models should not be discarded. For Sen2Cor and C2RCC 

the disadvantages between them differ. Sen2Cor is primarily a thematic land process and by 

that has some disadvantages which led to a decrease in usable measurements for the 

algorithm. The most common being that it does not correct for water surface effects such as 

sun glint and handles water with a low reflectance signal poorly. It also performs better for a 

scene where most of it consists of land, due to the use of spatially distributed thresholds 

throughout the scene. Therefore, there are limitations for using this process for coastal 

regions. This does require to process the whole scene compared to C2RCC where only the 

AOI is needed. This is because it is not reliable on land pixels since it is a dedicated water 

process. Still the amount of usable measurements using C2RCC were lower than for Sen2Cor. 

Figure 38 illustrates the difference in atmospheric correction between the models. While the 

pixel size for each is 10x10 m it is evident that the C2RCC has some unwanted pattern in its 

product. This leads to unwanted effects especially for waters where the polygon used to 

retrieve data was less than 100 m in diameter. Its estimation accuracy grew for larger sized 

lakes, but without this possibility to accurately estimate smaller waterbodies its contribution 

for this study became inadequate. This builds upon the investigations in similar studies where 

inland waters have been tested with these two atmospheric correction models. Though the 

atmospheric correction models proved to have difficulties, the algorithms they use to quantify 

water vapour, aerosol optical thickness and other influential atmospheric components might 

prove to be beneficial in identifying outliers or influential observations that could not be 

explained by the criteria in 4.1 Data point selection. 

 

 

Figure 38. Illustration of the atmospheric correction. From left to right: TOA, Sen2Cor and C2RCC. See text in 

6.5 Atmospheric correction evaluation for explanation of figure. 
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6.6 Recommendations for further work 

Considering what has been achieved in this study the recommendations for further work is 

first and foremost to expand the DOC range and with that more measurements. Suggestions to 

what needs to be improved have been given in the previous discussion sections, though there 

are some preferred ways to move forward with this. The perfect case for a study like this is 

something that one can work towards. What that means in this case is that there are 

measurements of all OAS both separated and mixed with concentrations at each side of the 

spectra. This would create the best comparison to estimate the effect Chla and TSM have on 

the CDOM reflectance. This would then also include measurements of both DOC and CDOM 

to investigate the parameters that makes the correlation between them different. To make 

more measurements available the date deviation must be quantified, but as mentioned the 

degradation of DOC is a difficult parameter to estimate. As shown in Figure 31 and Figure 33 

the assumption on the fluctuation of DOC concentration in those waters were in agreement 

with the estimated values. So, to measure the effect of rainfall and discharge a lake like 

Iešjávri would be a good place to start due to its less complex watershed. 

 

Considering the remote sensing aspect, further work would be to test other atmospheric 

correction algorithms or incorporate the algorithms for identification of possible influencing 

atmospheric composition. Whereas both Sen2Cor and C2RCC are still under development 

further version updates could be of interest. There are also other options such as POLYMER 

and ACOLITE that are developed for water specific use cases. With an almost continuous 

addition of new satellites and sensors, hyperspectral sensors would be an option moving 

forward. Whereas the only drawback is a trade in lower spatial resolution for a higher number 

of spectral bands. But as discussed in this study, estimation of DOC for small sized waters 

might not be of great interest, so the trade-off might be worth it. This is beneficial since the 

bandwidth will be narrower and therefore the radiance it captures will represent the spectral 

signature of CDOM more precisely. Other additions since the PlanetScope constellation did 

not perform as expected is to add other high-resolution sensors that are already in orbit. The 

Operational Land Imager sensor onboard the Landsat 8 satellite has a band arrangement 

comparable to the Sentinel-2 MSI making it a viable possibility to increase the imaging 

frequency.
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7 Conclusion 

The good statistical results from Toming et al. (2016) using an empirical ratio approach to 

estimate DOC concentrations set the main objective of this study. As it was mainly to 

investigate the potential of estimating DOC using the green/red band ratio with high-

resolution satellite sensors. To exclude possible influences on the CDOM reflectance in the 

regression modelling both Chla and TSM was taken into consideration since they are 

considered the most optically active. Contrary to similar studies the data was completely 

external and so it was also a test to check whether this approach was viable. A specified case 

study area was selected based on the importance it has within several fields namely 

Finnmarksvidda and the amount of data available for that region. Selection of data for the 

regression model did however extend beyond the study area due to the criteria set to ensure 

representative datapoints. This led to an insufficient number within the study area, that was 

further expanded to include some of Sweden by using SLU data to increase the range. This 

had to be done because the NEA database did not have DOC measurements with a high 

enough concentration. 

 

The methodology that led to a strict selection of measurements had to be worked out as the 

regression models did not achieve any significant result for estimating DOC. Thoroughly 

inspecting why some measurements differed and identifying each variable that had to be taken 

into consideration laid the foundation for the selection criteria. The resulting usable 

measurements from this proved that a significant proportion had to be excluded. Majority of 

these can be attributed to the date deviation with cloud cover and satellite revisit time as the 

main contributing factor. Quantifying the date deviation would be the best way to increase the 

number of measurements that can be used to improve the regression model. 

 

The selection of high-resolution satellite sensors such as the Sentinel-2 MSI and PlanetScope 

constellation was based upon previous achievements, specifications and accessibility. The 

best result was achieved with the Sentinel-2 MSI for DOC regression modelling. The 

PlanetScope constellation had the specifications making it theoretically possible with 12-bit 

radiometric and three-meter spatial resolution and daily revisit to estimate DOC 

concentration. However, it was the product quality in general, and especially the low SNR 

that made it unsuited for this purpose. Atmospheric correction algorithms Sen2Cor and 
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C2RCC were also not suitable for this. While some promising results where shown, the coarse 

correction masks and wrongly interpretation of black waterbodies introduced too much 

uncertainty in the resulting products.
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