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Abstract 

Hydrodynamic and Eutrophication Modelling of Lake Vomb: Impact of Future Climate 

Change on Cyanobacteria 

Ahmed Elhabashy 

 

The increasing frequency of Cyanobacterial blooms in freshwater bodies raise concerns around the 

globe. The consequences of this phenomenon impact not only human health but the entire surrounding 

ecosystem. During the past decades, numerical modelling has been increasingly used to investigate and 

study aquatic systems. Hydrodynamic and Ecological models are developed in parallel to simulate 

processes, evaluate potential remedies, and investigate future scenarios. This project aimed at 

developing a 3D hydrodynamic and water quality (ecological) model to assess the eutrophication 

conditions of Lake Vomb under current and future scenarios. MIKE 3 FM software was used in the 

analysis with meteorological, hydrological, and water quality data. The hydrodynamic model 

performance was satisfactory in terms of water temperature simulation with root-mean-square-error 

(RMSE) ranging between 0.38-1.2 oC. In the ecological model, Chlorophyll-a (Chl-a) was simulated as 

a surrogate for Cyanobacteria. The model was adequate in simulating Chl-a concentrations with a Nash-

Sutcliffe efficiency (NSE) of 0.94 during calibration and 0.84 after validation. The results showed that 

Lake Vomb’s nutrient concentrations are highly influenced by external nitrogen loading and internal 

phosphorus loading. The results also showed that Chl-a levels are correlated with the total phosphorus 

levels in the lake. Future water quality projections were attempted through two Representative 

Concentration Pathways (RCPs) for the year 2050. The projections utilized only changes in air 

temperatures and precipitations and suggested significant increase in Cyanobacteria biomass 

independence of changes in external nutrient loading. 
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 Populärvetenskaplig sammanfattning 

Hydrodynamisk och eutrofieringsmodellering av Vombsjön: Påverkan på 

cyanobakterier av framtida klimatförändringar  

Ahmed Elhabashy 

 

Algal blooms are becoming more challenging in many water bodies across the globe. These blooms 

result from algae accumulation and can cover parts or whole of the surface of water bodies. Often, the 

dominant species in algal blooms are of the type Cyanobacteria. Cyanobacteria exist in almost all water 

environments. They become a concern under conditions of high nutrient levels in the water. In this 

project, computer modelling tools were utilized to simulate water quality conditions of Lake Vomb, 

Sweden. The modelling was performed to have a digital representation of the lake and simulate the 

water dynamics as well as water quality parameters. The water dynamics were evaluated based on the 

water temperature. While the water quality model was used to represent Cyanobacteria and other 

parameters such as nitrogen and phosphorus. The models showed acceptable results when the 

simulations were compared to the actual observations of each parameter. Additionally, two future 

climate change scenarios were attempted to predict the changes in water temperature and 

Cyanobacterial blooms. The model results suggested the, under global warming conditions, it is 

expected that water temperature and Cyanobacterial blooms will increase. 
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1 Introduction 

Accessible freshwater bodies make less than 1% of the water on Earth. Such limitation makes 

conserving water quality a matter of paramount importance and raises special concern about the 

deterioration in water quality. Water quality is generally described in terms of the biological, physical, 

and chemical properties of water in order to assess the suitability to sustain different uses (Thakur et al. 

2013).  Water quality deterioration is attributed to many factors including anthropogenic and climate 

change factors (Taranu et al. 2015). One obvious form of deterioration is eutrophication which is the 

response of a water body to excess levels of nutrients (Thakur et al. 2013). Eutrophication and the 

development of algal blooms (i.e., Cyanobacteria) in lakes is rarely attributed to natural conditions but 

rather it is a consequence of human activities as well as climate change. Understanding how freshwater 

lakes are affected by these changes is key in any mitigation process. 

Current health hazards globally identified in water bodies include the outbreak of pathogenic 

microorganisms (e.g., bacteria, viruses and protozoa), the spread of agricultural and industrial 

chemicals, and toxins produced by cyanobacteria (Chorus & Welker 2021). Cyanobacteria (blue-green 

algae) are microscopic organisms found in almost all types of water and are mobile to different 

environments. These bacteria can release toxins into the aquatic systems they grow in, although not all 

species of cyanobacteria release cyanotoxins (Chorus & Welker 2021). Causes of cyanobacterial 

blooms in lakes revolve around nutrient loadings in water bodies (Conley et al. 2009). Sources of such 

loadings include nutrient loaded runoff after storms, fertilizers, sewage overflow due to heavy rainfall, 

and untreated wastewater flow into lakes or streams. The excessive growth of Cyanobacteria poses a 

growing threat in freshwater bodies spanning from aesthetics to major human health risks. 

Cyanobacteria excessive existence hinders the luxury of recreational activities such as swimming and 

fishing, and also have the potential to severely impact human health in insufficiently treated drinking 

water. Human exposure to cyanotoxins raises many concerns due to the severe consequences. This 

exposure can result in diseases, such as liver damage, when ingested (Falconer 1999) or can cause 

severe skin irritation (Otten & Paerl 2015). 

Human actions have influenced the climate enormously resulting in global warming as well as 

frequent extreme events ranging from heavy rains to prolonged droughts (Taranu et al. 2015; Zhou 

2021). The continuous warming of atmospheric temperature with the emission of greenhouse gasses 

(GHG) provide a convenient environment for Cyanobacteria to thrive (Hense et al. 2013) as the bacteria 

favor higher temperatures and abundance in nutrient loadings. Furthermore, human actions such as 

phosphorus mining, fossil fuel combustion, alteration of land-use, and industrial GHG emissions 

increase nutrient loading into freshwater bodies and thus affect the eutrophication states (Taranu et al. 

2015; Janssen et al. 2019). 
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Modelling is a convenient approach to monitor and assess water quality conditions. Process-based 

modelling is a powerful tool in understanding the processes that lead to water quality deterioration. 

Having a working model helps in simulating and predicting near- and far-future scenarios and therefore 

can be utilized to develop mitigation strategies. In the algal bloom context, modelling is of a significant 

importance due to the high uncertainty that arises from the usually scarce data availability on nutrient 

loadings and water temperature at different depths in lakes and water bodies (Janssen et al. 2019). 

Lake Vomb (Vombsjön) is a major drinking water source in the southern part of Sweden. The lake 

is located in a watershed where agriculture is the primary land use. Because of the pattern of land use 

in the catchment, the lake has high nutrient levels, making it a eutrophic lake with recurring algal blooms 

(VISS n.d.). 

The aim of this project was to analyze Cyanobacterial bloom developments in Lake Vomb by means 

of hydrodynamic and water quality modelling under current and future conditions. The objectives of 

the project were to: 

• develop a hydrodynamic model of Lake Vomb. 

• develop a water quality model for Cyanobacteria analysis. 

• formulate future scenarios that impact Cyanobacteria. 

• simulate future Cyanobacteria under the future scenarios in the lake.  
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2 Background 

2.1 Cyanobacteria in aquatic systems 

Cyanobacteria are prokaryotic single-cell aquatic organisms that survive under variant ecosystems on 

Earth where light, water, and nutrients (mainly nitrogen and phosphorus) are available (Chorus & 

Welker 2021). They are believed to have changed the atmosphere millions of years ago during the Great 

Oxygenation Event by means of their oxygenic photosynthesis. Unlike other forms of bacteria, 

Cyanobacteria contain chlorophyll-a and phycocyanin which are pigments responsible for the green and 

blue colors respectively (Chorus & Welker 2021); hence the name blue-green algae. 

Cyanobacteria reproduce by means of vegetative cell division and can grow in suspension (plankton) 

or on sediment surfaces (benthic). Cyanobacteria can be found in almost all water bodies; however, 

their existence does not necessarily present a risk to human health (Chorus & Welker 2021). The risk 

arises with higher nutrient concentrations in water bodies which facilitate exponential growth. With 

excessive growth, Cyanobacteria can produce harmful, sometimes deadly, toxins such as Anatoxin-a, 

Cylindrospermopsins, Microcystins and Saxitoxins (Li et al. 2021). These toxins can cause a wide range 

of health complications. For example, Anatoxin-a can result in a fatal neural damage within minutes 

from ingestion (Méjean et al. 2014), Cylindrospermopsin was responsible of poisonous outbreak in 

Australia in 1979 (Ohtani et al. 1992), and Microcystins are water soluble toxins that can cause severe 

liver damage (Dziga et al. 2013; Corbel et al. 2016). In addition to human health impact, Cyanobacteria 

proliferation can disturb the aquatic ecosystems and change species biodiversity (Conley et al. 2009; 

Thakur et al. 2013). Such severe implications result from, e.g., oxygen depletion by Cyanobacteria 

creating dead zones within the water body. 

Cyanobacterial blooms are buoyant Cyanobacteria accumulation at surfaces of water bodies and 

they have the potential to cover massive areas under flourishing conditions (Chorus & Welker 2021). 

Formation of these blooms can be either directly at the surface or within the water column; however, it 

is mainly occurring in top layers where light is available for photosynthesis. Thus, the formation is 

widely affected by the stratification of the water body. During complete thermal stratification of lakes, 

nutrients tend to settle in the bottom layer (hypolimnion) creating a nutrient-rich anoxic layer which 

mainly occurs in winter and summer months. In spring and autumns seasons, the average water 

temperatures in the stratified water layers tend to converge which allows for mixing of the water column 

to take place (Chorus & Welker 2021). This mixing allows for settled particles to spread through the 

water column and rise to layers where light is available; therefore, create favoring growth conditions 

for planktons such as Cyanobacteria. Factors that impact the mixing are thus of significant value in 

analyzing Cyanobacterial development. These factors include water column temperature, air 

temperature, wind speed and direction, and short-wave and long-wave radiations. In other words, these 

parameters are key in studying eutrophication (Liu et al. 2016; Chorus & Welker 2021; Kakouei et al. 

2021; Le Moal et al. 2021). 
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Cyanobacterial blooms occur noticeably when the nutrients become abundant in the water body. The 

nutrient loadings to water bodies originate from various sources that are influenced by human activities. 

Cyanobacteria store phosphorus in the form of polyphosphate and can use it in cases when external 

availability of phosphorus is reduced (Chorus & Welker 2021). Phosphorus (P) excess in freshwater is 

associated with urban and agricultural development (Paerl & Barnard 2020). Build-up of high P levels 

in soils results from, for example, manure in grazing lands, and using fertilizers in agricultural lands 

(Motew et al. 2017) which then finds its way to water bodies by means of runoff. Another source of P 

in water is effluents from wastewater treatment plants (Comber et al. 2015). P has no gaseous form and 

is thus retained in either water bodies or in soil (Paerl & Barnard 2020). Over the years, P accumulates 

in lake sediments and can be resuspended and mixed in the water column. The resuspension of P from 

sediments is referred to as internal loading. This internal loading of P can be significantly more than 

external sources. A schematic of P transport and loading is shown in Figure 1. 

 

Figure 1. Nutrient loading into a water body and the life cycle of Cyanobacteria 

Nitrogen (N), on the other hand, has a gaseous form which means it is in continuous exchange with 

the atmosphere (Paerl & Barnard 2020). Cyanobacteria obtain nitrogen in various forms such as nitrite 

(NO2), nitrate (NO3), and ammonium (NH4). These nitrogen forms can be dissolved or suspended in 

water as well as suspended in the atmosphere. NH4 can also be released into the water through the decay 

of organic matter. It can be consumed by phytoplankton in the water and can also undergo nitrification 

to form NO3. Lake ecosystem can lose nitrogen through denitrification where NO3 reduces to N2 gas 

into the atmosphere. These nitrogen processes are shown in the schematic Figure 1. N is strongly 

affected by anthropogenic activities, that is, increasing agricultural land use leads to increasing use of 

fertilizers and thus increasing content of N (Erisman et al. 2013). Moreover, urbanization and 

technological developments result in increased fossil fuel combustion which in turn increases N levels 

with the emission of nitrogen oxides (NOx) in the atmosphere (Erisman et al. 2013). 



5 

 

2.2 Climate change and socio-economic impacts 

Climate change has been and continues to be seen in higher air temperatures, extreme precipitation 

events, and altered hydrological cycles (Taranu et al. 2015). It is now undeniable that humans cause the 

continuously observed warming everywhere on the planet (IPCC 2021). Over the past few decades, 

both the land and ocean’s CO2 levels were 56% higher due to human activities, and the global surface 

temperatures are increasing from one decade to the succeeding (IPCC 2021). Human-caused global 

warming resulted in a 1.07 oC increase in surface temperature in the decade 2010-2019 compared to the 

five decades between 1850-1900 (IPCC 2021). Global average precipitation has also increased under 

the influence of human actions resulting in altered patterns. Both the frequency and intensity of heavy 

precipitation and hot extremes have increased with more human-caused agricultural and ecological 

droughts (IPCC 2021). 

IPCC (2021) in their sixth assessment report presented five scenarios that explore future climate 

projections on the near-term, mid-term, and long-term. The scenarios cover the possible future climate 

change as well as anthropogenic factors in their assessment. The scenarios range from two stringent 

climate policy scenarios resulting in almost a net zero CO2 emission by 2050 (SSP1-1.9 and SSP1-2.6), 

intermediate greenhouse gases (GHG) and CO2 emissions scenario (SSP2-4.5), to the extreme scenarios 

of high GHG and CO2 emission levels (SSP3-7.0 and SSP5-8.5) (IPCC 2021). The global surface 

temperatures are expected to increase in all five scenarios with an optimistic scenario of 1.0-1.8oC 

increase (SSP1-1.9) to a disastrous increase of 3.3-5.7oC (SPP5-8.5) scenario (IPCC 2021). To put these 

numbers into perspective, IPCC (2021) stated that every increase of 0.5oC in global surface temperature 

is expected to influence noticeable increase in hot extremes, heavy precipitation, and droughts. With 

each 1oC of temperature increase, daily precipitation is expected to be intensified by 7% (IPCC 2021). 

Moreover, the average annual precipitation is expected to experience an increase ranging from 0 to 13% 

depending on the scenario with higher percentages attributed to the more extreme of scenarios. 

In Sweden, both the average precipitation and temperature are projected to increase under climate 

change scenarios (Jiménez-Navarro et al. 2021). Under SSP2-4.5 and SSP5-8.5 scenarios, Jiménez-

Navarro et al. (2021) estimated future annual average temperature increase of 1 to 4oC and 4 to 6oC 

respectively in the south of Sweden compared to a reference period  1990-2014. Moreover, the annual 

average precipitation was projected to have an average increase of 20% by 2100 under the extreme 

scenario SSP5-8.5 (Jiménez-Navarro et al. 2021). 

2.2.1 Impact on cyanobacteria 

Increasing air and water temperatures as well as increasing trends of urbanization are expected to result 

in increase in Cyanobacterial biomass in lakes across the globe (Ralston & Moore 2020; Kakouei et al. 

2021; Hecht et al. 2022). Kakouei et al. (2021) projected climate change and land use change impacts 

on over 1500 lakes in Europe and North America and concluded that Cyanobacteria abundances are 

expected to increase with the increase in temperature and radiation with a decrease in wind speed and 
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forest areas under urbanization. While this is generally expected, any analysis should consider the state 

of the lake in question. That is, oligotrophic lakes can experience high relative changes in cyanobacterial 

development due to their limited nutrients conditions, while eutrophic lakes (which have available 

nutrients) can experience less pronounced relative changes (Kakouei et al. 2021). 

Changes in land use have also major influence on the eutrophication of lakes. That is, agricultural 

activities will increase the level of N and P by use of fertilizers, urbanization can result in higher 

magnitude of runoff, and industrial activities causes emission GHG and enriching the environment with 

more N in the atmosphere (Wurtsbaugh et al. 2019; Paerl & Barnard 2020). Moreover, forestation may 

increase lakes eutrophication by increasing the nutrient levels but can also be a countermeasure as it 

reduces runoff and flushing of nutrients into water bodies (Kakouei et al. 2021). 

2.3 Modelling approaches 

2.3.1 Previous modelling of cyanobacteria 

Several modelling studies (Elliott et al. 2007; Markensten et al. 2010; Trolle et al. 2011; Elliott & Defew 

2012; Huang et al. 2015) used Chlorophyll-a as an indicator for Cyanobacteria biomass in water bodies. 

Some studies aimed at predicting Cyanobacterial growth in short-term, while others studied the long-

term effect of climate change and socio-economic impacts on the growth. Chlorophyll-a is an indicator 

of all phytoplankton species; this means that many models, in fact, simulate the total phytoplankton 

biomass with the assumption that Cyanobacteria dominate the growth (Vinçon-Leite & Casenave 2019). 

That is, Chlorophyll-a in the surface (euphotic) layers is often used as a proxy for cyanobacteria biomass 

(Elliott et al. 2007; Vinçon-Leite & Casenave 2019). 

Huang et al. (2015) used the Modified Monod model to predict algal growth in a shallow lake at 

different, short-term, time scales. The Monod equation is an empirical equation used for mathematical 

representation of microorganisms’ growth while considering the limitation of substrates on the growth 

(Monod 1949). Huang et al. (2015) used the concentration of Chlorophyll-a (Chl-a) as a surrogate for 

Cyanobacteria biomass and used total nitrogen (TN) and total phosphorus (TP) as independent variables 

that cause the change in Chl-a concentrations. The study showed that the parameters of the Monod 

model, namely maximum growth rate, half-saturation coefficient, and energy dependent constant, vary 

in their optimal values depending on the time scale as well as the physical constraints. Huang et al. 

(2015) concluded that TP is a better variable in terms of model performance than TN regardless of the 

time scale. 

Markensten et al. (2010) simulated climate scenarios to evaluate the impact on Cyanobacterial 

growth (represented in Chl-a) using a lake model (PROBE) coupled with a phytoplankton model 

(PROTBAS). The results of their study showed that, although increasing water temperature favor the 

dominance of cyanobacteria, it was the changes in nutrient loadings into the water bodies that 

significantly affected the algal blooms. 
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Elliott et al. (2007) simulated multiannual phytoplankton in Lake Erken in Sweden using the 

ecological model PROTECH. Their estimations of phytoplankton were then converted into different 

Chl-a corresponding different species, including Cyanobacteria, using empirical equations. The 

validation of their model was performed using total Chl-a.  

Carraro et al. (2012) used the hydrodynamic ELCOM model coupled with the ecological model 

CAEDYM to simulate three species of phytoplankton including Cyanobacteria in Lake Pusiano, Italy. 

In their study, they used dissolved inorganic nitrogen, total nitrogen, total dissolved nitrogen, total 

dissolved phosphorus, TP, and other chemical parameters to apply their model. Barbosa et al. (2021) 

used the General Lake Model (GLM) coupled with ecological Aquatic Ecodynamics Model (AED) to 

simulate Cyanobacteria and Chlorophyta biomass in Paranoá Lake in Brazil. The model represented the 

different species in carbon units while it differentiated between the species according to constant 

carbon-to-nitrogen-to-phosphorus ratios corresponding to each species. 

Trolle et al. (2011) applied a DYRESM-CAEDYM model to study climate change impacts on three 

lakes in New Zealand. Their model simulated baseline conditions for the period 2002-2007 for several 

water quality parameters (Chl-a, dissolved oxygen, TP, and total nitrogen) by simulating phytoplankton 

and zooplankton groups and their nutrient processes. Trolle et al. (2011) formulated air temperature 

change by the year 2100 and concluded that this alone can cause increase in surface water eutrophication 

equivalent to increase in external nutrient loading up to 50%. 

Lessin & Raudsepp (2007) used MIKE 3 to study spatial distribution of phytoplankton in Narva 

Bay, Finland. They simulated two phytoplankton groups, namely diatoms and green algae, as well as 

Chl-a, inorganic nitrogen, inorganic phosphorus, dissolved oxygen, and zooplankton. The model was 

calibrated on phytoplankton and inorganic nitrogen concentrations at the top and bottom layers and 

showed reasonable agreement with observation. 

To summarize, Chl-a is widely used as a surrogate for Cyanobacteria in numerical models with 

processes that involve nitrogen and phosphorus simulations. The choice of a model depends strongly 

on the availability and quality of measurement data. Moreover, the parameters ranges in each process 

within a model vary without fixed optimal ranges (Huang et al. 2015). Lastly, application of any 

eutrophication model needs a working hydrodynamic model with satisfactory simulation of water 

temperatures (Anagnostou et al. 2017). 

2.3.2 Hydrodynamic modelling 

Analytical techniques can be used to manually calculate hydrodynamic conditions of simple water 

channels. However, for a real-world natural lake simulation, analytical techniques are rendered almost 

impossible to use due to many complexities (e.g., irregular boundaries). Numerical models, on the other 

hand, provide the upper edge in such applications. Numerical computer models divide the domain into 

relatively small grids and apply the governing equations on a grid-wise manner. 
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Hydrodynamic models simulate the motion of water, mass transport, and thermal structure (Hodges 

2009). Every hydrodynamic process-based model starts with appropriate digital representation of lake 

geometry. Lake morphology plays a vital rule in the simulation of all physical, chemical, and biological 

processes (Lawniczak-Malińska et al. 2018; Ulańczyk et al. 2018). In addition to lake geometry, input 

parameters required for a working model include meteorological conditions (e.g., air temperature, 

precipitation, wind speed and direction, … etc.), boundary conditions, and initial conditions (Hamilton 

& Schladow 1997). It is of significant importance to realize that models are only simplification of reality 

(Costa et al. 2021); therefore, a model credibility strongly depends on appropriate calibration and 

validation analysis (Hodges 2009). 

MIKE 3 FM is a 3-D water modelling software developed by the Danish Hydraulic Institute (DHI) 

and is based on the flexible mesh method that uses a cell-centered finite volume method to solve 

Reynolds averaged form of Navier-Stokes equation for incompressible fluid (Waldman et al. 2017; 

Ranjbar & Hadjizadeh Zaker 2018; Soudi et al. 2019). The software comprises many modules for water 

modelling that are used for wide range of purposes such as hydrodynamic, ecological, and sediment 

transport simulations (Ranjbar & Hadjizadeh Zaker 2018; DHI 2021). In this study, the hydrodynamic 

and ecological (ECO Lab) modules are used. 

The hydrodynamic module in MIKE 3 FM is used to determine temporal and spatial variations in 

water bodies at the surface as well as variations along the water columns (Liu et al. 2016). It solves the 

governing equation (Navier-Stokes) in cell-centered grids in every time step; the module allows the use 

of vertical sigma coordinate system, Cartesian coordinate (z-coordinate) system, or hybrid system of 

both (DHI 2021). The sigma coordinate yields the ability to better represent bathymetry but is less 

realistic in situations where abrupt changes in topography exist (DHI 2021). On the other hand, ECO 

Lab is an ecological module used to simulate water quality scenarios. The module is capable of 

simulating phenomena such as eutrophication, chemical contamination, and heavy metals transports 

(DHI n.d.a). 

Many studies used MIKE 3 FM to model hydrodynamic conditions (Waldman et al. 2017; Ranjbar 

& Hadjizadeh Zaker 2018; Soudi et al. 2019); however, not many used ECO Lab for algal bloom 

simulations. Karbassi et al. (2017) modelled and examined the advection and dispersion of harmful 

algal cells in a coastal region in Iran. They used Chl-a as a state variable to simulate the development 

of blooms and their model showed consistent findings with the observations of their simulation period. 
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3 Methods 

3.1 Study area 

Lake Vomb (55° 41′ N, 13° 35′ E) is a freshwater lake located in the province of Scania in the southern 

part of Sweden. Lake Vomb has an average depth of 6.6 m and a maximum depth of 16 m and has a 

surface area of approximately 12 km2 (VISS n.d.). The lake is of great importance as it is the drinking 

water source for over than 350 000 consumers in Malmö, parts of Lund, and other areas in Scania. The 

raw water withdrawal from the lake is 1 m3/s and the theoretical lake retention time is 0.7-0.8 years 

(VISS n.d.). Lake Vomb is classified as a eutrophic lake with reported recurring algal blooms due to 

high nutrient loadings (Johansson et al. 2019). 

Lake Vomb lies within the Kävlingeån catchment and has three main tributaries, namely 

Borstbäcken, Torpsbäcken, and Björkaån (Figure 2). Björkaån is the major contributor of inflow with 

about 82% of the total annual inflow. Most of the catchment area consists of agricultural and grazing 

lands; there are around 2800 onsite wastewater treatment systems (Bergion et al. 2018). The nature of 

land use as well as the wastewater discharge account for the high nutrient levels in the lake (Li et al. 

2018).  

 

Figure 2. Lake Vomb geographical location with marked inflow tributaries discharge points (Björkaån, 

Torpsbäcken, and Borstbäcken), and temperature measurement sites 1 to 6 

3.2 Hydrodynamic model setup 

MIKE 3 FM was used to develop the hydrodynamic model of Lake Vomb. The model domain was 

created using a flexible mesh by digitizing the bathymetry of the lake. The bathymetry information was 

in the form of point elevations measured approximately every 130 m at the bottom of the lake by 

Sydvatten AB and provided by DiCyano (a research project for studying Cyanobacterial blooms). 
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Initially, a detailed mesh with 1014 nodes was created. The mesh was then reduced to 536 nodes, 

preserving the shape, to reduce computational time. The total number of triangular mesh elements was 

935 with areas ranging between 2150-30839 m2. The vertical profile of the lake was divided into 16 

layers out of which, 2 were set up using sigma coordinate (top 1 m of the lake) and the remaining were 

using the Cartesian z-coordinate. 

The boundary of the model was defined as an enclosed land boundary with an open boundary at the 

lake outlet. The boundary condition at the outlet was set up as a water level. The water level times series 

data were obtained from Kävlingeån's water council (vattenråd) reports for the years 2019 

(Ekologigruppen Ekoplan AB 2020), and 2020 (Ekologigruppen Ekoplan AB 2021). The water council 

reports the water levels at the lake outlet in the form of figures; therefore, the hourly timeseries of the 

water levels were generated by translating the data into tabular form and filling in the gaps by means of 

linear interpolation. 

The hydrological data of the three incoming tributaries were included as flow discharge time series 

at the respective locations. The data were downloaded from the Swedish Meteorological and 

Hydrological Institute (SMHI) model data per area (Modelldata per område) webpage for Björkaån 

(sub-catchment 113), Torpsbäcken (sub-catchment 125), and Borstbäcken (sub-catchment 150). A 

constant withdrawal to the drinking water treatment plant was used as 1 m3/s (VISS n.d.). Additionally, 

one more inflow source was introduced to account for the extra discharge observed at the lake outlet 

(sub-catchment 122). Furthermore, for each inflow source, a respective SMHI modelled water 

temperature time series was downloaded and used in the model. 

The meteorological data used in this study were obtained from SMHI. Precipitation data were 

downloaded on a daily resolution from Vomb station (reference number 53410). This station has records 

only for daily precipitation; therefore, the wind speed and direction, air temperature, and relative 

humidity data were obtained on hourly resolution from station Hörby A (reference number 53530) 

approximately 20.5 km north of Lake Vomb. Moreover, shortwave radiation data were downloaded 

from Lund station (53445) approximately 23 km west of Lake Vomb, while longwave radiation were 

only available at Växjö station (64565) more than 100 km north. 

Data for ice coverage were downloaded from SMHI measurements (Mätningar) webpage. However, 

no observations at Lake Vomb were found for the simulation periods. Thus, the ice coverage data of 

lake Östra Ringsjön (approximately 21.5 km north of Lake Vomb) were used instead. After parsing the 

ice cover data, no records for ice were reported in the years 2019 and 2020. Thus, the ice cover was set 

to a thickness of 0 cm for all modelled simulations. 

The governing equations in the module are the shallow water equations which are the simplification 

of Navier-Stokes’ equations for water bodies where the horizontal length scale is much larger than the 

vertical one. The water density in the model was set to vary with temperature to allow for water 

temperature simulations. The default values for bed resistance roughness height and wind friction 

coefficient were used as 0.05 m and 0.00125 respectively. Smagorinsky and k-epsilon formulations 
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were used, with model default values, to simulate the horizontal and vertical eddy viscosities 

respectively. 

Lastly, the initial condition for lake surface water elevation in each simulation was assumed to be 

0.1 m higher than the water level at the outflow boundary at the timestep corresponding to the simulation 

start time. The initial condition for water temperature in the lake was set to be the same as the outflow 

water temperature at the respective timestep. The selected simulation start date was 01-Dec-2018 (i.e., 

one month before the year 2019) to allow for model warming up period and correction for initial 

conditions. The water temperature was used to calibrate and validate the model. The simulated water 

temperatures were compared to the observations at six locations across the lake measured by Sydvatten 

AB and provided by DiCyano. The temporal resolution of the observations varied between seasons 

ranging from multiple observations a month during summer to a single or no observations in winter. 

The locations were named Site 1 to Site 6 and the spatial distribution of these locations is shown on 

Figure 2. 

3.3 Water quality model 

The water quality module ECO Lab is typically used by first defining the state variables required for 

the simulation. State variables are the variables that describe the state of an ecosystem, and that the user 

wants to simulate. These state variables differ depending on the chosen template which in turn depends 

on the processes to be simulated. In general, each state variable in ECO Lab is described by an ordinary 

differential equation that simulates its rate of change based on the relevant processes. ECO Lab 

eventually sums up all individual processes to output the change in the desired state variable as follows: 

𝑃𝑐 =
𝑑𝑐

𝑑𝑡
=∑𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖

𝑛

𝑖=1

 (1) 

where: 𝑃𝑐 is the change in the state variable concentration (𝑐) over time and 𝑛 is the total number of 

involved processes. 

Forcings (parameters varying in time and affecting state variables) can be user specified or can be 

built-in forcings that the ECO Lab module reads from the hydrodynamic module (e.g., water 

temperature). The ECO Lab module is integrated with the advection-dispersion (AD) module. The AD 

module describes the grid-wise transport of the state variables of interest. The ECO Lab modules solve 

the processes equations using rational extrapolation in an integrated two-step procedure with the AD 

module. 

3.3.1 Selected ECO Lab template 

There are multiple possible templates to simulate eutrophication in ECO Lab module. Due to the 

limitation in the data availability, a simple template, namely MIKE21/3 WQ with nutrients and 

chlorophyll-a (DHI n.d.b), was chosen. This template does not simulate the mass of Cyanobacteria 

specifically, rather it was used to simulate Chl-a as a surrogate. Therefore, the assumption of 

Cyanobacteria dominance in phytoplankton Chl-a concentration was made. The state variables 
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concerning eutrophication in this template are: biological oxygen demand (BOD), dissolved oxygen 

(DO), Chl-a, nitrogen (represented in NH4, NO2, NO3), and TP. 

The module utilizes the Monod and Arrhenius equations to take into account the limiting variables 

and temperature effects respectively. These concepts are applied to any variable that is limited by 

another and/or is affected by temperature. Both approaches can be combined and used as: 

𝜇 = 𝜇′ 
𝐶

𝐻𝑆 + 𝐶
 𝜃(𝑇−�̂�) (2) 

where 𝜇 is the growth/decay rate of the desired variable, 𝜇′ is the unlimited growth/decay rate of the 

variable, 𝐶 is the concentration of the limiting variable, 𝐻𝑆 is the half-saturation concentration of the 

limiting variable, 𝜃 is the temperature coefficient of the process, 𝑇 is the water temperature at this time 

step, and �̂� is the default temperature of the process. 

3.3.2 Equations of state variables processes  

Aside from the advection-dispersion, the BOD in the model only undergoes the decay process. This 

process utilizes the approaches shown in Equation (2) where a decay rate (𝐾3) is defined at water 

temperature of 20 oC as well as a temperature coefficient (𝜃3). The limiting variable for this process is 

the DO concentration for which, a parameter for its half-saturation concentration is included (𝐻𝑆𝐷𝑂). 

The final version of the equation becomes: 

𝑑𝐵𝑂𝐷

𝑑𝑡
= − 𝐾3 𝐵𝑂𝐷 𝜃3

(𝑇−20) 𝐷𝑂

𝐻𝑆𝐵𝑂𝐷 + 𝐷𝑂
 (3) 

The oxygen processes (Equation 4) in the model were mainly governed by: reaeration (transfer of 

oxygen with the atmosphere at the top layer), phytoplankton photosynthesis, phytoplankton respiration, 

nitrification (transformation of ammonium to nitrate), BOD decay, and sediment oxygen demand at the 

bottom layer. The parameters of these processes are summarized in Table 1. 

𝑑𝐷𝑂

𝑑𝑡
= 𝑟𝑒𝑎𝑒𝑟𝑎𝑡𝑖𝑜𝑛 + 𝑃ℎ𝑜𝑡𝑜𝑠𝑦𝑛𝑡ℎ𝑒𝑠𝑖𝑠 −

𝑅1
𝐻
 𝜃1
(𝑇−20) 𝐷𝑂

𝐻𝑆𝐷𝑂 + 𝐷𝑂

−𝑌1 𝐾4 𝑁𝐻4 𝜃4
(𝑇−20) 𝐷𝑂

𝐷𝑂 + 𝐻𝑆𝑛𝑖𝑡𝑟
− 𝐾3 𝐵𝑂𝐷 𝜃3

(𝑇−20) 𝐷𝑂

𝐷𝑂 + 𝐻𝑆𝐵𝑂𝐷

−
𝑆𝑂𝐷

𝑑𝑧
 𝜃𝑆𝑂𝐷
(𝑇−20) 𝐷𝑂

𝐻𝑆𝑆𝑂𝐷 + 𝐷𝑂
 (4)

 

The photosynthesis process is modelled as: 

𝑃ℎ𝑜𝑡𝑜𝑠𝑦𝑛𝑡ℎ𝑒𝑠𝑖𝑠 = {

𝑃𝑚𝑎𝑥
𝐻

 𝑒− 
1.6
𝑆𝐷
 𝑑𝑧 cos(2𝜋𝑡𝛼−1) , 𝑖𝑓 𝑡 ∈ {𝑡𝑠𝑢𝑛𝑟𝑖𝑠𝑒 , 𝑡𝑠𝑢𝑛𝑠𝑒𝑡}

0, 𝑒𝑙𝑠𝑒
(5) 

where: 𝐻 is the water column depth, 𝑑𝑧 is the layer depth, 𝑡 is the time of day, and 𝛼 is the relative day 

length. 

Nitrogen was represented by the amount of ammonium (Equation 6), nitrite (Equation 7), and nitrate 

(Equation 8) in the lake. Ammonium (NH4) balance is calculated in the module by calculating: the yield 

from BOD decay (addition), transformation in the nitrification process (subtraction), and uptake by 

plants and bacteria (subtraction). NO2 concentration is then calculated by the transformation from NH4 
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to NO2 and then subtracting the transformation from NO2 to NO3. Lastly, the NO3 concentration is 

calculated by the NO2 to NO3 transformation and subtracting the denitrification (NO3 to nitrogen gas). 

These processes require setting of BOD decay rate, nitrification rates, and denitrification rate among 

other coefficients. The definitions of these coefficients are summarized in Table 1. 

𝑑𝑁𝐻4
𝑑𝑡

= 𝑌𝑁 |
𝑑𝐵𝑂𝐷

𝑑𝑡
| − 𝑁𝐻4 𝐾4 𝜃4

(𝑇−20) 𝐷𝑂

𝐷𝑂 +𝐻𝑆𝑛𝑖𝑡𝑟

−𝑈𝑁𝑝 ×max 

{
 

 (𝑃ℎ𝑜𝑡𝑜𝑠𝑦𝑛𝑡ℎ𝑒𝑠𝑖𝑠 −
𝑅1
𝐻
 𝜃1
(𝑇−20) 𝐷𝑂

𝐻𝑆𝐷𝑂 + 𝐷𝑂
)

0.8 (
𝑃𝑚𝑎𝑥
𝐻

−
𝑅1
𝐻
 𝜃1
(𝑇−20) 𝐷𝑂

𝐻𝑆𝐷𝑂 + 𝐷𝑂
)

× 𝐹(𝑁, 𝑃)

−𝑈𝑁𝑏 𝐾3 𝐵𝑂𝐷 𝜃3
(𝑇−20) 𝑁𝐻4

𝐻𝑆𝑁𝐻4 +𝑁𝐻4
 (6)

 

𝑑𝑁𝑂2
𝑑𝑡

=  𝑁𝐻4 𝐾4 𝜃4
(𝑇−20) 𝐷𝑂

𝐷𝑂 + 𝐻𝑆𝑛𝑖𝑡𝑟
− 𝑁𝑂2 𝐾5 𝜃5

(𝑇−20)
 

𝐷𝑂

𝐷𝑂 + 𝐻𝑆𝑛𝑖𝑡𝑟
(7) 

𝑑𝑁𝑂3
𝑑𝑡

= 𝑁𝑂2 𝐾5 𝜃5
(𝑇−20)

− 𝑁𝑂3 𝐾6 𝜃6
(𝑇−20)

 (8) 

Phosphorus in the module was represented in TP. Biological phosphorus is contained in organic 

matter and is released into the water as the BOD decays. Thus, the processes affected the concentration 

of TP in the module are: the yield from BOD decay (addition), and uptake by plants and bacteria 

(subtraction) as shown in Equation 9. In addition to these processes, one process was latter introduced 

into the model to account for phosphorus internal loading. This process is the phosphorus release from 

sediments. The phosphorus content in the sediment was assumed to be unlimited (by setting the TP 

content in sediment to a high value) while a release rate at 20 oC was defined. Additionally, this process 

was made temperature dependent by applying the Arrhenius equation to the sediment release 

mechanism. 

𝑑𝑇𝑃

𝑑𝑡
= 𝑌𝑃 |

𝑑𝐵𝑂𝐷

𝑑𝑡
| − 𝑈𝑃𝑝 ×max 

{
 

 (𝑃ℎ𝑜𝑡𝑜𝑠𝑦𝑛𝑡ℎ𝑒𝑠𝑖𝑠 −
𝑅1
𝐻
𝜃1
(𝑇−20) 𝐷𝑂

𝐻𝑆𝐷𝑂 + 𝐷𝑂
)

 0.8 (
𝑃𝑚𝑎𝑥
𝐻

−
𝑅1
𝐻
𝜃1
(𝑇−20) 𝐷𝑂

𝐻𝑆𝐷𝑂 + 𝐷𝑂
)

× 𝐹(𝑁, 𝑃)

−𝑈𝑃𝑏 𝐾3 𝐵𝑂𝐷 𝜃3
(𝑇−20) 𝑇𝑃

𝐻𝑆𝑇𝑃 + 𝑇𝑃
 

+ 𝑆𝑒𝑑𝑇𝑃 𝐾𝑇𝑃 𝜃𝑇𝑃
(𝑇−20) (9)

 

The change of Chl-a in the module was calculated in each model layer by the net production of Chl-

a (addition), death of Chl-a (subtraction), and settling of Chl-a (subtraction) according to the model 

default equation: 

𝑑𝐶ℎ𝑙-𝑎

𝑑𝑡
= 𝜃𝐶ℎ𝑙-𝑎

(𝑇−20) (𝑃ℎ𝑜𝑡𝑜𝑠𝑦𝑛𝑡ℎ𝑒𝑠𝑖𝑠 −
𝑅1
𝐻
𝜃1
(𝑇−20) 𝐷𝑂

𝐻𝑆𝐷𝑂 + 𝐷𝑂
) 𝐾10 𝐾11 𝐹(𝑁, 𝑃)

−𝐾8 𝐶ℎ𝑙-𝑎 −
𝐾9
𝐻
 𝐶ℎ𝑙-𝑎 (10)

 

where: 𝐹(𝑁, 𝑃) is the nutrients limitation function and is defined as follows in Equation 11. 
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𝐹(𝑁, 𝑃) = 2 ×
(

𝐼𝑁
𝐼𝑁 + 𝐾𝑆𝑁

×
𝑇𝑃

𝑇𝑃 + 𝐾𝑆𝑃
)

(
𝐼𝑁

𝐼𝑁 + 𝐾𝑆𝑁
+

𝑇𝑃
𝑇𝑃 + 𝐾𝑆𝑃

)
 (11) 

where: 𝐼𝑁 is the sum of inorganic nitrogen concentration (NH4 + NO2 + NO3), 𝐾𝑆𝑁 and 𝐾𝑆𝑃 are the 

half-saturation concentrations of 𝐼𝑁 and 𝑇𝑃, respectively, for the production process. It is worth 

mentioning that the default form of Equation 10 in the model did not include the temperature coefficient 

(𝜃𝐶ℎ𝑙-𝑎). This coefficient was later introduced to the model to account for the temperature dependency 

of chlorophyll-a growth (Reynolds 1984; Thomas & Litchman 2016; Nalley et al. 2018). 

The constants that were used in all these processes are summarized in Table 1 with their range of 

values in the model.  

Table 1. Water quality model parameters in the selected ECO Lab module 

Process Constant description 
Value 

Range 
Unit 

BOD 

Processes 

𝐾3  1st order decay rate at 20 oC 0-5 a /d 

𝜃3  Temperature coefficient for decay rate 1-1.2 a Dimensionless 

𝐻𝑆𝐵𝑂𝐷    Half-saturation oxygen concentration 0-20 a mg/l 

Oxygen 

Processes 

𝑆𝐷  Secchi disk depth 0-50 a m 

𝑃𝑚𝑎𝑥   Maximum oxygen production at noon 0-40 a g O2/m2/d 

𝑅1  Respiration rate of plants 0-30 a g O2/m2/d 

𝜃1  Temperature coefficient for respiration 1-1.2 a Dimensionless 

𝐻𝑆𝐷𝑂  Half-saturation concentration for respiration 2 b mg/l 

𝑆𝑂𝐷  Sediment Oxygen Demand 0.5 b g O2/m2/d 

𝜃𝑆𝑂𝐷  Temperature coefficient for SOD 1.07 b Dimensionless 

𝐻𝑆𝑆𝑂𝐷   Half-saturation conc. for SOD 2 b mg/l 

Nitrification 

𝐾4  NH4 to NO2 1st order rate at 20 oC 0-10 a /d 

𝐾5  NO2 to NO3 1st order rate at 20 oC 1 /d 

𝜃4  Temperature coefficient for NH4 to NO2 1-1.2 a Dimensionless 

𝜃5  Temperature coefficient for NO2 to NO3 1.088 b Dimensionless 

𝑌1  Oxygen demand by nitrification, NH4 to NO2 3.42 g O2/g NH4-N 

𝑌2  Oxygen demand by nitrification, NO2 to NO3 1.14 g O2/g NO2-N 

𝐻𝑆𝑛𝑖𝑡𝑟   Half-saturation oxygen concentration 2 b mg/l 

Ammonium 

𝑌𝑁  Ratio of ammonium released by BOD decay 0-2 a g NH4-N/g BOD 

𝑈𝑁𝑝  Amount of NH4-N taken up by plants 0-0.2 a g N/g DO 

𝑈𝑁𝑏  Amount of NH4-N taken up by bacteria 0-1 a g N/g DO 

𝐻𝑆𝑁𝐻4  Half-saturation conc. for N-uptake 0-5 a mg/l 

Nitrate 
𝐾6  1st order denitrification rate at 20 oC 0-10 a /d 

𝜃6  temperature coefficient for denitrification rate 1.16 b Dimensionless 
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Process Constant description 
Value 

Range 
Unit 

Phosphorus 

𝑌𝑃  Phosphorus content in dissolved BOD 0-0.1 a g P/g BOD 

𝑈𝑃𝑝  Amount of P taken up by plants 0-0.1 a g P/g DO 

𝑈𝑃𝑏   Amount of P taken up by bacteria 0-0.1 a g P/g DO 

𝐻𝑆𝑇𝑃  Half-saturation conc. for P-uptake 0-2 a mg/l 

Chlorophyll-a 

𝐾𝑆𝑁 
 Half-saturation conc. for nitrogen, limitation for 

photosynthesis by plants and algae 
0.05 b mg/l 

𝐾𝑆𝑃 
 Half-saturation conc. for phosphorus, limitation 

for photosynthesis by plants and algae 
0-1 a mg/l 

𝐾10  Chlorophyll-a to carbon ratio 0.01-0.04 a, d mg Chl-a/mg C 

𝐾11  Carbon to oxygen ration at primary production 0.2-0.4 a mg C/ mg O 

𝐾8  Death rate of chlorophyll-a 0-0.1 a /d 

𝐾9  Settling rate of chlorophyll-a 0-2 a m/day 

𝜃𝐶ℎ𝑙-𝑎  Temperature coefficient of chlorophyll-a growth 
1-1.2 a, c  Dimensionless 

Sediment TP c 

𝑆𝑒𝑑𝑇𝑃 TP in sediments 0-5 a, c g/m2 

𝐾𝑇𝑃 TP release rate from sediments 0-5 a, c /d 

𝜃𝑇𝑃 Temperature coefficient of TP from sediments 1.1 c Dimensionless 

a Included for calibration 
b Model Default values based on Jørgensen (1979) 
c Added process 
d Riemann et al. 1989 

3.3.3 Model setup 

Data for the aforementioned state variables were downloaded from Kävlingeån's water council 

(Kävlingeåns Vattenråd) reports for the years 2019 and 2020 (Ekologigruppen Ekoplan AB 2020, 

2021). The available measurements were for only two of the three tributaries, namely Torpsbäcken and 

Björkaån. For Torpsbäcken, the reported measurements were taken once every two months between 

February-2018 and December-2019, while measurements for Björkaån covered only the year 2019, on 

once-a-month basis. 

Additional data were downloaded from the Swedish University of Agricultural Sciences (SLU) 

database for lakes and watercourses (Miljödata MVM). The data were available for the lake outlet, Lake 

Vomb midpoint (55° 41' N, 13° 35' E) and the three tributaries discharging into the lake. Except for the 

outlet, all the locations had monthly observations for the months of April to December. Many gaps in 

the downloaded data were noticed especially for BOD that was only available at the outlet and partially 

available for Torpsbäcken. Chl-a data were only observed at the lake midpoint. 

Both downloaded datasets were parsed to extract the relevant values for the state variables (namely, 

BOD, NH4, NO2, NO3, TP, Chl-a, and DO) at each location. The locations for which the data were 

extracted are Lake Vomb midpoint, and the three tributaries (Borstbäcken, Torpsbäcken, and Björkaån). 

The data from the different sources were compiled in one file. In the cases where duplicated values 
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were found from these different sources, the maximum concentration value was used of the state 

variable in hand. Due to inconsistencies in measurement intervals, linear interpolation of missing data 

points was performed. The interpolation technique needs a data point at each end of the interpolated 

interval. While these data points are not always available at the start of simulation (01-Dec-2018), the 

following assumptions were made:  

• BOD values were assumed constant 3 mg/l at Borstbäcken inlet. This value was assumed as 

it was slightly above the median BOD value at Björkaån. 

• NH4 values on 01-Dec-2018 were assumed to be 15 𝜇g/l at Borstbäcken, and 20 𝜇g/l at 

Björkaån. 

• NO2+NO3 values on 01-Dec-2018 were assumed to be 8000 𝜇g/l at Borstbäcken. 

• TP values on 01-Dec-2018 were assumed to be 60 𝜇g/l at Borstbäcken and Björkaån. 

• DO starting value were assumed 12 mg/l at Björkaån as for Torpsbäcken and Borstbäcken. 

These assumptions were made to follow the same pattern of the individual time series and/or taking 

influence from the closest time series at another location. 

3.3.4 Model calibration 

The calibration of the ECO Lab simulation was performed on the state variables of the year 2019 at the 

midpoint in the lake where measurements of these variables are available from SLU database (except 

for BOD). The calibration process was performed both in sequence and in parallel. That is, multiple 

simulations were running simultaneously, and each round of runs contributed (by narrowing down the 

selection range) to the tuning of parameters’ values of the subsequent runs. This was necessary since 

the calibration had to be performed manually. The model was later validated on the data of the year 

2020. The selection of the years was solely dependent on the data availability. 

3.4 Performance metrics 

Two statistical performance metrics were used in this work, namely the root-mean-square-error 

(RMSE) and the Nash-Sutcliffe efficiency (NSE) coefficients. The RMSE marks the standard deviation 

of the prediction errors. The NSE is usually used to evaluate the predictive performance of a model. 

NSE calculates a dimensionless value in the range {−∞, 1} where NSE = 1 indicates a perfect match, 

NSE = 0 indicates that the model performance is just as good as assuming the mean actual value, and 

NSE < 0 indicates that the model fails to perform better than if the mean value was simply assumed. 

Both metrics were utilized according to their following respective equation: 

𝑅𝑀𝑆𝐸 =  √
∑ (𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑖 − 𝐴𝑐𝑡𝑢𝑎𝑙𝑖)

2𝑁
𝑖

𝑁
(11) 

𝑁𝑆𝐸 = 1 −
∑ (𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑖 − 𝐴𝑐𝑡𝑢𝑎𝑙𝑖)

2𝑁
𝑖

∑ (𝐴𝑐𝑡𝑢𝑎𝑙𝑖 −𝑀𝑒𝑎𝑛 𝐴𝑐𝑡𝑢𝑎𝑙)
2𝑁

𝑖

(12) 
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3.5 Modelled scenarios 

Due to the limited availability of observational data, the year 2019 was chosen as the baseline to 

calibrate the hydrodynamic as well as the water quality models as described in the previous sections. 

The models were also validated on the data of the year 2020. In addition to this baseline scenario, two 

future scenarios were formulated to account for climate change. 

Due to the high uncertainty of nutrient loadings into the lake, the future scenarios were decided to 

only reflect changes in air temperature and precipitation. The socio-economic practices (e.g., land use, 

use of nutrient rich fertilizers, … etc.) can result in either positive (worsening) or negative (alleviating) 

changes in nutrient loadings to the lake. However, formulating such changes requires hydrological 

modelling of the catchment which was not included in this study. Thus, the future scenarios were 

assumed to have sustained same nutrient loadings as the year 2019 (baseline). Future timeseries of air 

temperature and precipitation were created using the projections of SMHI in Skåne county for the period 

between 2041-2070 (SMHI n.d.). The year 2050 was selected as the target year of the analysis under 

two emission scenarios RCP4.5 and RCP8.5. SMHI reported the anticipated changes in the future 

compared to those observed in the historic period 1971-2000. Therefore, additional analyses were 

required to formulate conditions in 2050 and were performed as follows. 

The historical temperature observations from multiple stations in Skåne county were downloaded in 

addition to the data used for the baseline scenario. That is, air temperature data from SMHI stations 

52230, 53300, 53430, 53530, 54230, 54290, 62030, and 62040 were downloaded. These stations were 

selected to cover as much geographical space in the county as possible. The selected data were used to 

determine seasonal average temperature in the periods 1970-2000 and 2015-2019 so that the projected 

changes from SMHI were reduced by the changes that had already occurred up until 2019. 

Similarly, precipitation historical data were downloaded for stations 52230, 53230, 53260, 53290, 

53320, 53410, 53500, 53540, 54290, 62120, and 63080. The changes in seasonal average precipitation 

(in mm/month) from SMHI were then reduced by the changes that had already occurred since 1971-

2000 till 2015-2019. The projected changes were then formulated in the form of percentage increase 

from the baseline model 2019. The summary of projections in air temperature and precipitation is 

included in Table 2. 

Table 2. Projected air temperature and precipitation changes due to climate change in the year 2050 

compared to the baseline year 2019  

Season (months) 
Temperature (oC) Precipitation (%) 

RCP4.5 RCP8.5 RCP4.5 RCP8.5 

Winter (12, 1, 2) +1.03 +1.33 +12.5% +16.3% 

Spring (3, 4, 5) +0.51 +0.91 +17.0% +24.5% 

Summer (6, 7, 8) +0.90 +1.30 +0.76% +2.4% 

Autumn (9, 10, 11) +0.93 +1.54 +5.2% +5.2% 
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In summary, aside from the calibration runs, a total of 3 simulations were conducted. The first is the 

baseline scenario of the year 2019. Two future simulations were run for the two projected RCPs where 

seasonal changes in Table 2 were added to the reference baseline meteorological conditions.  
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4 Results 

4.1 Hydrodynamic model 

The hydrodynamic model was calibrated using the water temperature observations; the heat exchange 

parameters showed significant influence on the results, namely the light extinction coefficient, heating 

coefficient, and cooling coefficient. The values of these parameters were eventually chosen to be 0.45 

(1/m), 0.009, and 0.009 respectively. During the calibration process, the simulation of the year 2019 

was the target while the year 2020 simulation was used in model validation. The simulated water 

temperatures from the model were extracted at each depth to match the available data of the 6 

measurement sites used to collect the observation (Figure 2) and the RMSE was calculated for each 

depth at each site. The model results of 2019 showed close agreement with the measurement data in all 

measurement sites where the depth-averaged RMSE for each of the measurement sites ranged between 

0.38-0.44 oC and the depth-averaged NSE ranged between 0.94-0.99. Similarly, the simulated 

temperatures of 2020 showed reasonable agreement with the observations; however, few incidents of 

bottom layer temperature underestimation were noticed. The RMSE for the sites in 2020 ranged 

between 0.42-1.2 oC and the NSE ranged between 0.94-0.98. Figure 3 shows the time series of the 

simulated daily average temperatures compared to the measurements at site 2 for the two simulated 

years. Overall, the visual as well as statistical evaluation of the model demonstrated that the water 

temperatures were satisfactorily reproduced. 

 

Figure 3. Water temperature of depth range from 1 to 14 m at site 2 for the years 2019 (top) and 2020 

(bottom): simulations (solid) vs measurements (scatter) 
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To further emphasize the ability of the model to capture the vertical variation of the temperature, 

sample water temperature profiles are shown in Figure 4 for both simulated years. The selected dates 

for the profiles were chosen to be in the summer season where the water column temperature variation 

is occasionally pronounced. Figure 4 suggests that the variation between the simulated and observed 

temperatures was within reasonable range (approximately within 1 oC in 2019 and 2 oC in 2020). 

 

Figure 4. Water temperature profiles at site 2 on selected days in (a) 2019 and (b) 2020 using simulated data 

(line) and measurements (dots) 

The simulations of the lake temperatures suggest that the lake undergoes almost continuous mixing 

throughout the year. It is only during the summer season that the temperature variation in depth behave 

closest to a stratification condition only at the deepest location of the lake (site 2).  

4.2 Water quality model 

The calibration of the model was performed to obtain as close agreement between simulated and 

measured main state variables as possible. State variables were simulated and compared to the 

measurements recorded by SLU. The calibration was focused on the simulated values at the lake’s top 

layer (lake surface down to 0.5 m of depth). This was due to the availability of the measurements almost 

only at this layer. Figure 5 shows the simulated variables compared to the measured ones in the top 

layer of the lake in 2019 and Figure 6 shows the same configuration but for the validation year 2020. 

Moreover, the calibrated model results for 2019 were visually compared to additional measurement 

data from different sources to further validate the model and potentially identify uncertainties in the 

measurements (Appendix E and Appendix F). 

The dissolved oxygen simulations showed an overall agreement with the long-term trends of the 

observations (Figure 5 and Figure 6). That is, the DO simulations did not capture the fine local 

variations but rather lied within the average of the season. The RMSE value was found to be 1.63 mg/l 
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and the NSE was 0.64 in the year 2019. These parameters showed a slight drop in performance in 2020 

which had 2.05 mg/l and 0.43 respectively. The current model was developed by calibrating the 

coefficient of maximum oxygen production to a value of 10 g O2/m2/d, respiration rate of plants to 0.96 

d-1, and respiration temperature coefficient of 1.08 (Equation 4 and 5). 

Although initial NH4 simulation showed a poor correlation with the observations, the range of 

concentrations of NH4 was noticed to be almost negligible compared to the NO2 and NO3 

concentrations. Therefore, the calibration was focused on the sum of NH4, NO2, and NO3 collectively 

rather than assessing each separately. The sum, which was referred to as inorganic nitrogen (IN), was 

used to plot the results in Figure 5. The simulated IN showed the best agreement with the measurements 

among all the modelled variables. The RMSE and NSE of IN in 2019 were found to be 292.5 𝜇g/l and 

0.97 respectively. This was achieved by calibrating the denitrification rate at 20 oC to a value of 0.035 

d-1 with a temperature coefficient of 1.16 (Equations 6, 7, and 8). Moreover, the concentrations of IN 

were noticed to be mainly influenced by the external loading. That is, the resulted concentrations were 

seen to be almost independent of the nitrogen yield from organic matter decay. Björkaån was identified 

as the main source of this nitrogen loading due to its large flow values compared to the other tributaries; 

however, the significance of each inflow source contribution was not thoroughly analyzed. 

Phosphorus simulations on the other hand were given a special focus in the calibration as the 

observed Chl-a levels were noticed to correspond to the trends in TP concentrations. The inflow from 

the tributaries was found to have little influence on the peak in TP concentrations in autumn of 2019. 

Thus, additional phosphorus source was introduced into the model to simulate internal loading of that 

nutrient, namely phosphorus release from sediment. The release rate was calibrated to a value of 24 

mg/m2/d at 20 oC. This release rate was multiplied by a temperature coefficient of 1.1 (Equation 9). The 

RMSE and NSE coefficients of the TP simulation in 2019 were found to be 25.4 𝜇g/l and 0.72 

respectively. However, in the validation year 2020, the RMSE scored an increase to 36.5 𝜇g/l while the 

NSE dropped to 0.37. Although, the statistical metrics do not suggest optimal agreement, the visual 

inspection of the results show that the model follows, to some extent, the general trend of TP (Figure 

5 and Figure 6). 

On the other hand, Chl-a simulations showed a reasonable agreement with the overall trends of 

observations. Chl-a death and settling rates were calibrated to be 0.015 d-1 and 0.15 m/d respectively, 

while Chl-a temperature coefficient was 1.09 (Equation 10). To account for the correlation between TP 

and Chl-a, the half-saturation parameter of TP in the nutrient limitation function was set to be 0.13 mg/l 

(Equations 10 and 11). The nitrogen limitation in the production of Chl-a had almost insignificant 

impact; therefore, the half-saturation value from IN was left as the model default value (0.05 mg/l). The 

simulated Chl-a scored a RMSE of 7.7 𝜇g/l and NSE of 0.94 in the calibration year 2019 and values of 

13.3 𝜇g/l and 0.84 in the year 2020. 
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Figure 5. Simulations (lines) and measurements (crosses) of: (a) Chl-a, (b) TP, (c) IN, and (d) DO at the 

lake surface layer in the calibration year 2019 

 
Figure 6. Simulations (lines) and measurements (crosses) of: (a) Chl-a, (b) TP, (c) IN, and (d) DO at the 

lake surface layer in the validation year 2020 

The full set of model parameters with the calibrated values can be found in Appendix D. The NSE 

and RMSE values of the main state variables (namely, TP, IN, DO, and Chl-a) are shown in Table 3. 
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Table 3. RMSE and NSE values of selected state variables 

Metric 
Calibration Validation 

TP IN DO Chl-a TP IN DO Chl-a 

NSE 0.72 0.97 0.64 0.94 0.37 0.98 0.43 0.84 

RMSE (𝜇g/l) 25.4 292.5 1.63* 7.7 36.5 230.3 2.05* 13.3 

* (mg/l) 

Additionally, Chl-a spatial distribution in the lake’s surface layer was analyzed. The Chl-a 

concentrations during the baseline were almost homogeneous across the lake. However, the general 

behavior of the lake was that the Chl-a concentrations were slightly lower in lake sections with larger 

depths (Figure 7). 

 

Figure 7. Chl-a spatial distribution in the lake surface on 15-July (top) and 24-September (bottom) from the 

baseline model simulations 
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4.3 Future Scenarios 

The simulated scenarios showed an increase in water temperature correlated to the projected air 

temperature. The average yearly increases in water temperature in 2050 were +0.665 oC under RCP4.5 

scenarios and +1.043 oC under RCP8.5 compared to the baseline scenario. The changes were more 

pronounced in summer, autumn and winter than in spring where the changes were only +0.42 oC under 

RCP4.5 and +0.76 oC under RCP8.5. The future precipitation projections had negligible impact on lake 

temperature. The increase in water temperature was seen to be almost uniform across the water column 

at days with unpronounced temperature gradient in the baseline scenario (Figure 8). However, the days 

with a noticeable temperature gradient under the baseline showed a stronger gradient under future 

scenarios (i.e., stratification). 

 

Figure 8. Water temperature profiles on selected summer dates for baseline and future scenarios 

As expected, the increase in lake water temperature resulted in acceleration of the temperature 

dependent processes in the model. The top-layer simulation of state variables under climate change 

scenarios RCP4.5 and RCP8.5 are shown in Figure 9. The sediment release of phosphorus caused a 

significant increase in TP levels during summer, autumn, and winter with an average increase range 

between 8-37% compared to the baseline model. Consequently, Chl-a concentrations showed an overall 

increase in both future scenarios compared to the baseline (Table 4). On the other hand, nitrogen 

simulations showed an average decrease of -8% under RCP4.5 and -12% under RCP8.5. Lastly, the 

dissolved oxygen levels showed an overall decrease under both scenarios. The average seasonal changes 

in state variables’ levels are summarized in Table 4. 
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Figure 9. State variables concentrations in lake top layer for the years 2019 (Baseline) and 2050 scenarios 

RCP4.5 and RCP8.5: (a) Chl-a, (b) TP, (c) IN, and (d) DO 

Table 4. Seasonal percentage change in state variables under future scenarios compared to the baseline 

Variable 
Winter Spring Summer Autumn 

RCP4.5 RCP8.5 RCP4.5 RCP8.5 RCP4.5 RCP8.5 RCP4.5 RCP8.5 

Δ Chl-a (%) 9.29 15.27 3.11 5.69 4.53 6.91 7.63 11.62 

Δ TP (%) 7.77 11.86 3.54 6.49 8.62 13.41 21.45 37.24 

Δ IN (%) -2.19 -2.55 -1.35 -2.46 -16.09 -23.87 -15.89 -21.80 

Δ DO (%) -2.39 -3.35 -1.02 -1.82 -1.93 -2.84 -2.09 -3.35 

 

Lastly, selected state variables profiles were extracted and plotted from the simulated scenarios and 

are shown in Figure 10. Profiles of Chl-a and TP show how stratification conditions affect the water 

quality parameters. For example, a noticeable difference in concentrations across the water column on 

12-June (of all simulated years) can be seen which is in consistence with the findings from Figure 8. 
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Figure 10. Water quality profiles for chlorophyll-a (top) and total phosphorus (bottom) on selected summer 

days  
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5 Discussion 

5.1 Analysis of baseline hydrodynamic and ecological conditions 

According to Chorus & Welker (2021), lakes stratify when the vertical temperature gradient exceeds 1 

oC/m. The temperature simulations of Lake Vomb showed no pronounced stratification conditions in 

the lake throughout each simulated year. That is, the temperature gradient in the water column was seen 

to be always less than 1 oC/m. The lake was seen to undergo continuous mixing throughout the year. 

Only in the summer season was there a noticeable temperature gradient at the deepest location of the 

lake (i.e., site 2) (Figure 4). This thermal behavior of the lake is influenced by morphometry, water 

depth, and meteorological conditions (Liu et al. 2022). The mixing depth can be estimated by the 

empirical equation: (100.185 log(𝐴)+0.842 − 2.37)/1.05, where 𝐴 is the lake surface area in km2 (Qin et 

al. 2020). The mixing depth of the lake was calculated as 8.2 m which is higher than the lake’s average 

depth (6.6 m) which explains the unlikelihood of the lake to experience thermal stratification. 

The hydrodynamic model developed in this project showed satisfactory performance in reproducing 

the water dynamics, represented in water temperature, of Lake Vomb. The use of a detailed bathymetry 

in the model as well as observed atmospheric conditions facilitated a proper simulation of actual 

conditions. However, the apparent errors in the simulated temperatures can be attributed to multiple 

reasons including: (1) the calibration of the complex multivariate model parameters (Li et al. 2017), 

and (2) uncertainty in meteorological data due to errors in the measurements or the absence of some 

data in the direct vicinity of the lake. In general, the performance of the hydrodynamic model, both 

visually and statistically, showed an acceptable representation of the observed conditions. 

On the other hand, the water quality model was developed by simulating Chl-a as a surrogate for 

Cyanobacteria in the lake. The model included the biochemical processes of phytoplankton (represented 

in Chl-a) and nutrients. The calibration of the water quality model proved to be the most challenging 

part of this work. This could be due to several reasons such as: (1) the high uncertainty of the model 

due to the simple representation of involved processes, (2) the site-specific water quality parameters 

that are subject for calibration, (3) the process of manual calibration, and (4) the uncertainty in the 

measurements data. The uncertainty in the measurement data was clear in the case of Chl-a when 

different data sources were compared (Appendix E and Appendix F). Due to time limitation, a trade-

off had to be done. For example, the ammonium simulations were given a lower importance during the 

calibration due to the overall low concentrations in the lake compared to nitrate and nitrite. Moreover, 

due to unavailability of BOD measurements in the lake, the BOD state variable was not considered in 

the calibration process. This in turn adds to the uncertainty of the model as the organic matter 

represented in BOD does contribute to the production and consumption of phosphorus and nitrogen. 

Additionally, the simulated periods of each year were set between the months April to December due 

to two main reasons: (1) unavailability of data measurements in winter for most of the locations, and 

(2) to reduce computational time. Although the model performance was considered reasonable, 
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simulating full-year conditions for several years can further provide a more comprehensive assessment 

of the model ability to reproduce seasonal variations. 

The depth class of Lake Vomb is medium. This category is for lakes with mean depth > 2.6 m 

(Lamon et al. 2008) and also where the condition of mean depth < mixing depth < maximum depth 

holds. Both conditions apply to lake Vomb with its mean depth of 6.6 m and mixing depth of 8.2 m. 

This classification is crucial in the nutrient dynamics in the lake. The external loading of phosphorus 

plays a minimal role in the mass balance in the lake since the simulated phosphorus did not correlate 

with observations until the internal loading was incorporated in the water quality model. This finding 

agrees with the study by Qin et al. (2020) where shallow and medium lakes experience significant 

interaction between the sediments and water column which regulates nutrient dynamics. In contrast, the 

nitrogen concentrations were highly influenced by the excessive mass flow from the tributaries. This 

excessive external loading always superseded any in-lake nitrogen production (e.g., decay from organic 

matter). Consequently, the denitrification process was the most significant process in the nitrogen 

model. Denitrification in shallow to medium lakes is a critical process (Qin et al. 2020); therefore, the 

model performance for total inorganic nitrogen (IN) simulation was remarkable after proper calibration 

of the denitrification parameters (Table 3). 

Total phosphorus is involved in many ecosystem processes; phosphorus exists in many forms in 

living and decaying animals and plants. It can also be found chemically bonded to sediments in aquatic 

systems. Errors and uncertainties are always found in models that simulate phosphorus (Seo & Canale 

1996). In this study, phosphorus release from sediments was modelled to be temperature dependent 

according to the findings of different studies (Redshaw et al. 1990; Wu et al. 2014). The assumption of 

a constant release rate helped improving the model performance; however, the error in simulations was 

still significant. This error can be attributed to the simplification of the release process. That is, 

phosphorus release from sediments is not only dependent on temperature. Besides temperature, 

phosphorus release depends on other water quality parameters such as pH and DO (Wu et al. 2014) 

which were not included in the release mechanism for model simplicity. However, improving the 

current model needs more detailed field measurements which were not available at the time of the 

project. Moreover, this study used TP as the limiting nutrient of Cyanobacteria for simplification and 

data availability. It is worth mentioning that, while this approach is widely used in several studies 

(Trolle et al. 2008; Chen et al. 2013; Huang et al. 2015; Cui et al. 2016), the use of TP remains a 

simplification. That is, the limit for Cyanobacterial growth is fraction of TP available for uptake (Chorus 

& Welker 2021). 

Chl-a simulations showed a good overall agreement with measurements. The nitrogen half-

saturation parameter in Chl-a nutrient limitation function was set to a low value to take into account 

Cyanobacteria ability for nitrogen fixation from the atmosphere. That is, Chl-a levels in the lake were 

allowed to increase even though the total nitrogen concentrations were decreasing (given an increase in 

TP). The model results showed that the Chl-a levels are correlated with TP which agrees with several 
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studies (Xie et al. 2011; Li et al. 2018; Payen et al. 2021). This was clear in the simulation of the 

validation year 2020 where the Chl-a underestimation coincided with the model’s TP underestimation 

(Figure 6). While the model did not capture local variations in the Chl-a levels, it was able to reproduce 

the average levels (Figure 5). 

Cyanobacteria blooms were evident in the model as the Chl-a levels were mostly higher than the 

eutrophic threshold 8 𝜇g/l (Qin et al. 2020; Chorus & Welker 2021). Cyanobacteria in the model were 

noticed to have relatively lower concentrations in sections with large depths than in smaller depths. This 

can be attributed to mixing with sediments under the phosphorus release conditions. Consequently, the 

deeper sections of the lake undergo mixing with the sediment but not as significant in shallower 

sections. The results showed that Cyanobacteria in Lake Vomb are positively correlated to total 

phosphorus and negatively correlated with inorganic nitrogen (e.g., Figure 5). This supports the general 

conclusion that phosphorus is the limiting nutrient of Cyanobacteria in the lake. The results also 

suggested that the internal phosphorus loading is the significant contributor to the total phosphorus 

content in the lake. 

5.2 Projected future water quality conditions 

The selected scenarios for future projections were limited to temperature and precipitation changes. 

RCP4.5 and RCP8.5 were selected to represent medium, and extreme scenarios respectively. The 

increase in air temperature resulted in increase in water temperature while the precipitation had almost 

no impact on simulated water temperature. The negligible precipitation impact on average daily water 

temperature was expected as the precipitation-induced heat mostly impacts water surface temperature 

only on a short-term scale within the day (Curry et al. 1999; Wei et al. 2014; Rooney et al. 2018). It 

was interesting to notice that the increase in water temperature from the baseline model was rather 

uniform across the water column with almost the same temperature gradients. This was mainly 

attributed to the solar radiation and wind conditions in the model which were kept the same in the future 

scenarios as in the baseline. However, the change in temperature was not uniform where stratification 

conditions were spotted (Figure 8); the future projection seemed to favor more stratification during the 

summer season. The use of unchanged conditions (e.g., solar radiation, wind, and relative humidity) 

were used for simplicity and could be thought of as a limitation in the current model. 

Formulating future scenarios for nutrient loadings is a complex process and requires extensive 

information about regional trends in agricultural and urban activities and can only be accomplished by 

means of hydrological models (Hägg et al. 2014) that describe physical properties (e.g., land use) in 

catchments. Such information includes the authoritative regulation and trends for the use of certain 

products/material (e.g., banning of phosphorus in laundry detergents or fertilizers), changes in land use, 

changes in farmers activities, and others. As a result, the larger the data requirement, the higher the 

uncertainty. In this project, the same nutrient external loading was assumed to sustain the same levels 

in the year 2050. The Cyanobacteria biomass (represented in Chl-a concentration) was seen to increase 



30 

 

under future climate scenarios independent of nutrient loadings from the catchment. The obtained 

higher concentrations of Chl-a resulted from warmer lake temperature as well as the increase in 

phosphorus content in the lake. This finding agrees in principal with several studies (Markensten et al. 

2010; Trolle et al. 2011; Elliott 2012; Nalley et al. 2018) on the impact of climate change on 

Cyanobacterial growth. In turn, the increase in phosphorus content in the lake resulted from the 

temperature dependent release mechanism from the lake sediments. It is worth mentioning that the 

default model setup (which did not include a temperature coefficient for Chl-a growth) showed a 

significant reduction in summer biomass (Appendix G) which could have been attributed to the increase 

in temperature without a conjugated increase in nutrient loading (Alex Elliott et al. 2005) if the TP 

concentrations had not increased. Since this was not the case in the simulations (with TP), the Chl-a 

model was corrected for the temperature coefficient in Equation 10. 

The future simulations suggested that the eutrophication of the lake is not expected to improve under 

climate change even without increase in external nutrient loadings. Besides the direct impact of higher 

temperatures on the temperature dependent processes, warmer future will have indirect impact on the 

growth as well. If, as projected, thermal stratification becomes more frequent in the future, this will 

create a more stable environment for Cyanobacteria to bloom on the surface while anoxic conditions 

can develop in the bottom layers (hypolimnion). In turn, this can facilitate more nutrient rich conditions 

in the bottom layers as nutrient particles can settle to these layers and also be released from the 

sediments. Then when mixing occurs, elevated levels of nutrients will be observed in the whole water 

column leading to even more proliferation of Cyanobacteria (Chorus & Welker 2021). In light of all 

these speculations, preventive actions are required to manage Cyanobacteria in the lake. These actions 

should include nutrient control in the catchment to reduce the huge external nitrogen loading in the lake. 

While phosphorus control will need more than only external control as the internal loading is more 

significant. 

5.3 Limitations and future opportunities 

The hydrodynamic model can be further improved by calibrating the model parameters over multiple 

years. Additionally, it would be interesting to utilize the built-in empirical equations for solar radiation 

rather than including the actual observed solar radiation. This will omit the dependency of the model 

on the actual atmospheric conditions (shortwave and longwave radiation) and can allow for flexibility 

in future simulations to deviate from baseline conditions. Moreover, future socio-economic projections 

can be analyzed by means of hydrological modelling in the catchment and consequently formulate 

future nutrient loading scenarios. This would allow for a more comprehensive assessment of future 

conditions. However, it would require a thorough investigation of projected changes in catchment 

practices and their relationship to nutrients of interest such as trends and regulations of the use of 

fertilizers in agricultural, projections of wastewater effluent conditions, and future plans of land use in 

the catchment. 
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The water quality simulation periods in this project were shortened (April to December) to optimize 

computational time and due to data availability. Measurements of water quality variables were among 

the uncertainties in the model. The manual interpolation and initial conditions assumption contributed 

to the errors in the results. The unavailability of the winter data made setting correct initial conditions 

challenging and therefore, full year simulations were not completed. The model could not be tested 

outside the selected years due to data availability. Additionally, the simplification in the water quality 

module could be a contributor to the errors. The results of the model were mainly concentrated on the 

lake surface layer. The DO content in the bottom layer of the lake was not examined, which may have 

resulted in a significant constraint. This is of significance as the DO levels affect the nutrient release 

mechanisms from the sediments, e.g., anoxia at the bottom layer can significantly enhance phosphorus 

release from the sediments (Chapra & Canale 1991; Wu et al. 2014; Olsson et al. 2022; Yu et al. 2022) 

potentially leading to further increase in algal blooms in the lake. In turn, TP release mechanism in the 

model was solely dependent of the water temperature. 

In order to improve the water quality model, a more sophisticated module could be used in future 

studies with more parameters (e.g., include phytoplankton and zooplankton groups with phosphorus 

fractions, and include DO influence on phosphorus internal loading). But this expansion would require 

more inclusive measurement schemes to include additional variables. It is also recommended to conduct 

field measurements at the lake sediments specially for phosphorus content and release as it proved to 

have higher impact on eutrophication than external loading. Chl-a measurements at the tributaries can 

also be conducted.  
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6 Conclusions 

In this study, a 3D hydrodynamic and eutrophication model was developed to simulate algal blooms in 

Lake Vomb observed in the baseline year 2019, and to project eutrophication conditions in the year 

2050 under two climate change scenarios, namely RCP4.5 and RCP8.5. The hydrodynamic model was 

deemed successful in reproducing lake water temperature. The model suggested that Lake Vomb, in the 

year 2019, did not experience pronounced stratification conditions while future scenarios projected 

summer stratification occasionally. The simple eutrophication model was developed by simulating 

nutrient processes, DO, and BOD. Cyanobacteria was successfully modelled in the lake represented in 

Chlorophyll-a (Chl-a). The model suggested that nitrogen levels in the lake were heavily influenced by 

external loading while phosphorus in the lake was significantly dependent on internal loading by means 

of sediment release. Out of the external nutrient sources, Björkaån was identified as the major nitrogen 

source responsible for nitrogen content in the lake. Future water quality simulations suggested that 

Cyanobacteria biomass are projected to increase by 3 to 15% under warmer climate conditions 

independence of external nutrient loading. Lastly, uncertainties in the model vary from the simplified 

representation of the processes to the availability and assumptions in data usage. This indicates that 

improvement (in terms of simulated processes and calibration) and expansion (in terms of simulating 

several years) of the current model are needed and suggested for future research. 
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Appendix A Digital mesh of lake bathymetry 

 
Figure 11. Lake mesh of 536 nodes and 935 elements with colored bathymetry; coordinate system is 

according to the Swedish reference system SWEREF99_TM 
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Appendix B Temperature simulations at all locations 

 

Figure 12. Water temperature of multiple depths at site 1 for the years 2019 (top) and 2020 (bottom): 

simulations (solid) vs measurements (scatter) 

 

 

Figure 13. Water temperature of multiple depths at site 3 for the years 2019 (top) and 2020 (bottom): 

simulations (solid) vs measurements (scatter) 
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Figure 14. Water temperature of multiple depths at site 4 for the years 2019 (top) and 2020 (bottom): 

simulations (solid) vs measurements (scatter) 

 

 

Figure 15. Water temperature of multiple depths at site 5 for the years 2019 (top) and 2020 (bottom): 

simulations (solid) vs measurements (scatter) 
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Figure 16. Water temperature of multiple depths at site 6 for the years 2019 (top) and 2020 (bottom): 

simulations (solid) vs measurements (scatter) 
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Appendix C Future Temperature simulations at all 

locations 

 

Figure 17. Water temperature of multiple depths at site 1 for the year 2050 under RCP4.5 (top) and RCP8.5 

(bottom) 

 

 
Figure 18. Water temperature of multiple depths at site 2 for the year 2050 under RCP4.5 (top) and RCP8.5 

(bottom) 
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Figure 19. Water temperature of multiple depths at site 3 for the year 2050 under RCP4.5 (top) and RCP8.5 

(bottom) 

 

 

Figure 20. Water temperature of multiple depths at site 4 for the year 2050 under RCP4.5 (top) and RCP8.5 

(bottom) 
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Figure 21. Water temperature of multiple depths at site 5 for the year 2050 under RCP4.5 (top) and RCP8.5 

(bottom) 

 

 

Figure 22. Water temperature of multiple depths at site 6 for the year 2050 under RCP4.5 (top) and RCP8.5 

(bottom) 
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Appendix D Calibrated water quality parameters 

Table 5. Water quality module parameter values after calibration 

Process Constant description Value Unit 

BOD Processes 

𝐾3  1st order decay rate at 20 oC 0.05 /d 

𝜃3  Temperature coefficient for decay rate 1.1 Dimensionless 

𝐻𝑆𝐵𝑂𝐷     Half-saturation oxygen concentration 7 mg/l 

Oxygen 

Processes 

𝑆𝐷  Secchi disk depth 3 m 

𝑃𝑚𝑎𝑥  Maximum oxygen production at noon 10 g O2/m
2/d 

𝑅1  Respiration rate of plants 0.96 g O2/m2/d 

𝜃1  Temperature coefficient, respiration 1.08 Dimensionless 

𝐻𝑆𝐷𝑂  Half-saturation conc. for respiration 2 mg/l 

𝑆𝑂𝐷  Sediment Oxygen Demand 0.5 g O2/m
2/d 

𝜃𝑆𝑂𝐷  Temperature coefficient for SOD 1.07 Dimensionless 

𝐻𝑆𝑆𝑂𝐷  Half-saturation conc. for SOD 2 mg/l 

Nitrification 

𝐾4  NH4 to NO2 1
st order rate at 20 oC 0.02 /d 

𝐾5  NO2 to NO3 1
st order rate at 20 oC 1 /d 

𝜃4  Temperature coefficient for NH4 to NO2 1.04 Dimensionless 

𝜃5  Temperature coefficient for NO2 to NO3 1.088 Dimensionless 

𝑌1  Oxygen demand by nitrification, NH4 to NO2 3.42 g O2/g NH4-N 

𝑌2  Oxygen demand by nitrification, NO2 to NO3 1.14 g O2/g NO2-N 

𝐻𝑆𝑛𝑖𝑡𝑟  Half-saturation oxygen concentration 2 mg/l 

Ammonium 

𝑌𝑁  Ratio of ammonium released by BOD decay 0.25 g NH4-N/g BOD 

𝑈𝑁𝑝  Amount of NH4-N taken up by plants 0.02 g N/g DO 

𝑈𝑁𝑏  Amount of NH4-N taken up by bacteria 0.04 g N/g DO 

𝐻𝑆𝑁𝐻4  Half-saturation conc. for N-uptake 0.05 mg/l 

Nitrate 
𝐾6  1st order denitrification rate at 20 deg. C 0.035 /d 

𝜃6  temperature coefficient for denitrification rate 1.16 Dimensionless 

Phosphorus 

𝑌𝑃  Phosphorus content in dissolved BOD 0.1 g P/g BOD 

𝑈𝑃𝑝  Amount of P taken up by plants 0.0075 g P/g DO 

𝑈𝑃𝑏  Amount of P taken up by bacteria 0.012 g P/g DO 

𝐻𝑆𝑇𝑃   Half-saturation conc. for P-uptake 0.01 mg/l 

Chlorophyll-a 

𝐾𝑆𝑁 
 Half-saturation conc. for nitrogen, limitation for 

photosynthesis by plants and algae 
0.05 mg/l 

𝐾𝑆𝑃 
 Half-saturation conc. for phosphorus, limitation for 

photosynthesis by plants and algae 
0.13 mg/l 

𝐾10  Chlorophyll-a to carbon ratio 0.04 mg Chl-a/mg C 

𝐾11  Carbon to oxygen ration at primary production 0.4 mg C/ mg O 

𝐾8  Death rate of chlorophyll-a 0.015 /d 

𝐾9  Settling rate of chlorophyll-a 0.15 m/day 

𝜃𝐶ℎ𝑙-𝑎  Temperature coefficient of chlorophyll-a growth 1.09 Dimensionless 

Sediment TP 

𝑆𝑒𝑑𝑇𝑃 TP in sediments 0.06 g/m2 

𝐾𝑇𝑃 TP release rate from sediments 0.4 /d 

𝜃𝑇𝑃 Temperature coefficient of TP from sediments 1.1 Dimensionless 
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Appendix E Extra water quality validation data 

The following figures show the comparison between different water quality data sources and include 

the simulated Chlorophyll-a, total phosphorus, and inorganic nitrogen. The extra data are the work of 

Aquatic Ecology Division at Lund University and were provided by the research project DiCyano. 

These data were used to visually validate the model across different data sources and to assess 

uncertainties in the measurements. From the Chlorophyll-a figure, multiple discrepancies were 

noticeable between the different sources which implies high uncertainty in the measurements. While in 

the nitrogen and phosphorus cases, all the sources showed overall similar measurements. 

 

Figure 23. Chlorophyll-a model simulation (line) compared to measured Chlorophyll-a from different data 

sources: SLU database (crosses), Extra data measured by Fluorometer (triangles), and Extra data measured by 

Lab Analyser (circles) 
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Figure 24. Total phosphorus model simulation (line) compared to measurements from different data 

sources: SLU database (crosses), Extra data (triangles) 

 

 

Figure 25. Inorganic nitrogen model simulation (line) compared to measurements from different data 

sources: SLU database (crosses), Extra data (triangles) 

  



51 

 

Appendix F Satellite Chlorophyll-a validation data 

The following figures were plotted to compare the model results of Chlorophyll-a simulations in 2019 

to another source of Chl-a measurements deduced from satellite images. These observations were 

conducted and provided by the DiCyano research team. 

 

Figure 26. Model simulation (line) compared to satellite-based observations (scatter) at site 1 for the 

calibration year 2019 

 

Figure 27. Model simulation (line) compared to satellite-based observations (scatter) at site 2 for the 

calibration year 2019 
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Figure 28. Model simulation (line) compared to satellite-based observations (scatter) at site 3 for the 

calibration year 2019 

 

Figure 29. Model simulation (line) compared to satellite-based observations (scatter) at site 4 for the 

calibration year 2019 
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Figure 30. Model simulation (line) compared to satellite-based observations (scatter) at site 5 for the 

calibration year 2019 

 

Figure 31. Model simulation (line) compared to satellite-based observations (scatter) at site 6 for the 

calibration year 2019 
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Appendix G Chlorophyll-a simulations using default 

model setup 

The following figure shows the model results when the default template was used without introducing 

a temperature dependent factor for Chl-a growth. A significant summer reduction in Chl-a levels was 

noticed which was counterintuitive given an increase in both water temperature and total phosphorus 

content in the lake. The default model template was then corrected for temperature growth dependency 

as shown in Equation 10. 

 

Figure 32. Chl-a simulation results without Chl-a temperature coefficient 
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