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Abstract: 

This study starts from the prospective of a future increase availability of water quality data at the water 

treatment facility at Lovön and aim to use the existing data to identify a pattern in the role of the different 

sub-basin that constitute the Mälaren basin. The data are analysed with the graphical tool of the scatterplot 

and a Non-linear Canonical Correlation Analysis, a variation of the classical multivariate method , that by 

using a neural network model is able to handle not linear relationships. From the data analysis it is possible 

identify that different areas have different contribution in shaping the water quality at the facility of Lovön, 

but also that this pattern of contribution is strongly affected by the season inside the analysed year.  

Keywords: Sustainable Development, Non-linear Canonical Correlation analysis, water quality, Mälaren basin, 

hydrology, data mining.  
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Summary:  

Water is a fundamental resource in sustain human life, thus an accurate management of this resource is of 

extreme importance. Our ability of perform an efficient water management relay on our knowledge of the water 

system. For this reason, this study aims to combine quality data, with flow data, as a way to create new 

knowledge from existing datasets. In the specific this study work on the Mälaren hydrological basin; with the 

aim of studying the relation among the water quality and the water flow datasets, in the year 2017. From the 

analysis of this relation the aim is to identify if some of the sub-basin that constitute the entire Mälaren basin are 

contributing more than others in determine the water quality at the Lovön facility. The relationships between 

quality and flows datasets are studied with methodologies that analyze the correlation value among the datasets. 

From the analysis was possible identify that some areas of the hydrological basin have stronger relationships 

than others specially the Arbogaån in the summer period.  
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1. Introduction  
In the year in which Donella Meadows and her team published the limits to growth, Italo Calvino 

published le città invisibili (Calvino, 1972), a collection of short stories that describe 55 imaginary 

cities. One of these cities, Ottavia, is a wonderful metaphor of sustainability: the imaginary city 

comprises houses, bridges and gardens hanging from a net over a ravine. The description concludes 

with a monition: “suspended over the ravine, the life of the Ottavia’s citizen  is safer than in many 

other town. They know that over a certain point the net won’t hold”(Calvino, 1972).   

  

In the analogy created by Calvino, the wellbeing of our society is tied to the availability of resources 

needed in daily life. Therefore, over history evolving societies have faced the problem of finding the 

right way to manage their natural resources and this has become a starting point for the discipline of 

sustainable development (Caradonna, 2014). Excessive exploitation of available resources has been 

the cause of collapse of some societies (Diamond, 2006). The importance  of  not exceeding the 

boundaries set by the physical caring capacity of our planet has been argued since the 1970s, 

including in books such as The Limits to Growth, (Meadows and Club of Rome, 1972) Hence the needs 

of the human population must be contained within the physical boundaries of the planet, leading in 

turn to a requirement for accurate resource management.  
 

The capacity to perform accurate natural resource management relies on adequate availability of 

information on the system to be managed, and lack of information is a treat for an optimal 

management of natural resources (Doremus, 2008). This study deals with the specific case of 

interpretation of water quality data. The water resource is fundamental for human life and the 

importance of secure access to a sufficient amount and good quality of this resource is clearly stated 

in the sixth sustainable development goal (SDG) of the United Nations (UN), in particular sub-

target 6.3 on improvement of water quality world-wide (UN, 2016). Moreover, a better 

understanding of the data, and thus of the system, can be an important element in a participatory 

process, where the data can be used to create a transparent and repeatable process that is 

fundamental for building-up trust (Soncini-Sessa et al., 2007).  

1.1. Background 
In this work, is applied the data mining approach. It aims at an efficient extraction of knowledge 

from large datasets by identifying correlations between different variables describing a particular 

problem. Data mining employs concepts from different fields, such as signal processin g, artificial 

intelligence and statistics (Conrads and Roehl Jr, 2010).  

Data mining is an alternative to the conventional physical-based approach. With conventional 

models, knowledge is created by searching for equations that explain cause-effect relationships and 

then using the data to calibrate the model itself so that it best matches the specific case. The data 

mining approach works the other way around, by using large quantities of data to create new 

knowledge. The physical-based approach is generally associated with problems such as high 

development time and cost, whereas data mining solutions are generally more accurate and, due to 

limited resource consumption, more simple to use (Conrads and Roehl Jr, 2010).   

This new kind of knowledge creation model is even more relevant nowadays, since improvements 

in technology have led to more cost-effective acquisition of impressive amounts of data. However, 

these data are still under-utilised (Conrads and Roehl Jr, 2010). The present work is an attempt to 

rectify this. The work was inspired by the initiative Digital Demo Stockholm (DDS), a collaboration 

between commercial companies, the City of Stockholm and universities with the aim of creating 

synergies between these three actors in order to transform Stockholm into the world’s smartest city 

by 2040. The hope is that this process will improve the quality of life for Stockholm’s citizens. The 

initiative is expected to create new knowledge in the field of the Internet of Things (IoT) in an 

interdisciplinary way, by using modern technologies to find solutions to various issues such as 

social aspects or smart control of urban traffic (DDS, 2017). The idea of IoT is to create a network 

between the object of our daily life in a way that this objects can collect data, exchange them and 

take decision (Tsai et al., 2014). One of the greatest challenges in the creation of a real Internet of 

Things is finding ways to transform the data collected by ‘smart objects’ into knowledge to improve 

the quality of life of people (Tsai et al., 2014). As a step in this direction, the aim of this study is to 
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find new ways to interpret the raw data.  

  

The study focusses on one of the topics covered by the DDS initiative, which is how to create secure 

access to the water resource in the Stockholm region and, in particular, how to ensure good water 

quality. The name of this specific project is iWater and it is intended to lead to the installation of a 

network of new water quality sensors by the Ericsson company at the water treatment facility at 

Lovön (Paska, 2017). The analysis is based on the assumption of future access to this new source of 

data but, as the sensors are still in the set-up phase, the data used are provided by the utilities 

company “Stockholm Vatten och Avfall”.  

This work represents one of a growing number of studies that attempt to address the issue of 

monitoring water quality at basin level (Figure 1). This is a result of increased awareness of the 

necessity for better water management, which, for example, has led the EU to create the Water 

Framework Directive (EU, 2016)  

 

Fig. 1. Number of published articles, sorted by year from 1995 to 2017, located in a search on the database Web 

of Science with the words water quality and refined with the words monitoring and basin (Web of Science, Result 

analysis tool). 

The issue of water quality monitoring is wide and can be approached in many ways, depending on the scope 

of the specific research and the availability of data. Hydrological time series are the core of many studies, 

but they are complex datasets shaped by different components such as noise and periodicity (Xie et al., 

2016). Moreover, water is a moving element, so spatial patterns play an important role. For example, 

pollutants can enter the water from point sources or distributed over a wider area (Sliva and Dudley 

Williams, 2001). In addition, the water system itself is widely spread in space, which means that in many 

cases a monitoring network is needed to carry out adequate monitoring (Diamantini et al., 2018). 

These interconnected issues mean that the field of water quality monitoring at basin level is an under-

explored research area. Even though data are available, research on the links between quality parameters 

and drivers is still needed. Moreover, there is no uniformity on how to approach this problem, as some 

studies focus on causes of variation in patterns, some seek to explain changes based on single data collection 

campaigns in larger areas, but limited in time, and some focus on a longer time frame but in a single spot 

(Diamantini et al., 2018). Technology can be of help in this regard; for example it has been suggested that 

remote sensing techniques can help reduce the downsides of in situ campaigns (Gholizadeh et al., 2016).  

A common factor in these kinds of studies is the importance of the data. Many studies use the available 

data as the starting point to create a better understanding of the water system, but a large number of variables 

are often involved, requiring the use of some kind of multivariate analysis tool (Fatoba et al., 2017; Olsen 
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et al., 2012; Sharifinia et al., 2017; Tay et al., 2017; Villas-Boas et al., 2017). In this sense, progress in the 

technologies and the introduction of new ideas, such as the Internet of Things, can enable new approaches 

to monitoring the quality of water bodies (Jo and Baloch, 2017).    

1.2. Aim and Research Questions 
The aim of this project is to explore the potential of the existing water quality dataset. Through the 

DDS initiative, in future there will be easy access to big data about water quality at the Lovön water 

treatment facility. When this large dataset becomes available, it is important create the tools needed 

to extract information from it (Paska, 2017; Tsai et al., 2014). The main aim of this work is to develop 

a tool that can be used to extract useful information from the raw data collected. Specifically, the 

work focus on utilising the information collected at the Lovön plant, situated at the outlet of the 

Lake Mälaren basin, to gain an indication of how different areas of the basin affect the water quality 

at the measurement point. The intention is that this information can be used to focus resources more 

efficiently for more accurate analysis and to create a better understanding of the system for ef ficient 

water management.  

The research questions that have been initially taken in consideration are two: 

1) Are there emerging patterns in the dataset that can help in identify how different areas of the 

Lake Mälaren basin contribute to water quality at the water extraction point at Lovön?  

2) Is there a way to quantify these patterns so that the information can be utilised in a future 

Internet of Things?   

During the initial study of the dataset has been notice the presence of two different  data clusters, 

this leads to a third research question:  

3) Which can be the causes of this clusterization, and how the presence of it influence the 

possible patterns of the research question one?  

2. Methodology 
This methodology section is divided into three major sub-sections. The first provides a description 

of the study area, the second presents information about the data and the third covers some of the 

basic concepts behind the tool used to carry out the correlation analysis.  

2.1. Study Area  
The sensors that record the data used in the present analysis are situated at the collection point for 

Lovön water treatment facility on the shores of Lake Mälaren. However, the analysis took into 

consideration the entire hydrological basin of Lake Mälaren.  

Lake Mälaren is the third largest lake in Sweden, with its basin extending over an area of 22 603 

km2 (Wallin and Andersson, 2000). Lake Mälaren, and the other two larger lakes in Sweden, have a 

characteristic origin linked to the specific geological history of the Scandinavian countries. The 

lakes were created during the deglaciation period when the land, relieved of the weight of the ice, 

started to rise and eventually separated the areas that contain the great lakes from the sea (Willén, 

2001). This has resulted in Lake Mälaren having a natural predisposition for infiltration of salty 

waters. To overcome this problem, specific actions, such as building a dam in Stockholm, were 

undertaken between the 1940s and 1960s (Willén, 2001).    

The Mälaren basin contains several important cities of Sweden, including the capital, Stockholm, 

and also Uppsala, Örebro and Västerås. The human pressure on this water body has always been 

quite high. The first human settlements in the area can be traced back to the Iron Age and, esp ecially 

in the past few centuries, there has been strong demographic development and an increase in 

industrial activities, such as ironworks and pulp and paper production (Willén, 2001). Nowadays 

roughly 2.9 million of people, live around the lake (The Swedish North Baltic water district, 2013). 

The majority of the population is concentrated in the Stockholm area, but the basin contains also 

the other important cities mentioned above and smaller urban centres, equally distributed over the 
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entire area (Willén, 2001). It is important to note that the extremely densely populated area of 

Stockholm is located downstream of the water sampling point at  Lovön, so the samples are not 

affected by it. 

 

 

Fig. 2. Map showing the sub-basins of the 12 rivers that contribute inflow to Lake Mälaren (Wallin and Andersson, 

2000) and the location of the Lovön water treatment facility (red dot). 

Table 1. River outflow basin location (A-F) in Lake Mälaren, river basin area and percentage contribution of the 

12 rivers that contribute most to the total inflow to Lake Mälaren. For outflow basin locations, see Figure 2. 

(Ledesma, 2011)  

 

River  

 

Outflow 

section  

 

Contribution 

percentage 

 to Malaren [%] 

Arbogaån A 25,1 

Kolbäcksån A 16,9 

Hedströmmen A 7 

Köpingsån A 1,1 

Eskilstunaån B 14 

Svartån B 3,5 

Sagån B 4,1 

Råckstaån C 0,6 

Fyrisån D 7,6 

Örsundaån D 2,9 

Oxundaån D 0,9 

Märstaån D 0,3 

Lovön (Sensor Location) 
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The water network of the Lake Mälaren basin comprises main rivers and their catchment areas 

(Figure 2), which contribute almost 84% of all inflow for the lake (Table 1). The remaining 16% of 

inflow comes from smaller elements of the drainage network that flow directly into Lake Mälaren 

(Ledesma, 2011).  

The geographical structure of the lake allows it to be divided into different sections (A -F) (Figure 

4).  The 12 main rivers studied here contribute to sections A, B, C or D (Table 1). The sensor data 

used in this study were collected in section E, which receives contributions from all the previous 

sections (Figure 3). This is important, because it means than each of the 12 rivers can potentially 

influence water quality at the Lovön water treatment facility.      

  

Fig.3. Sub-divisions A-F of Lake Mälaren based on its geographical structure; remote sampling station are 

marked for blue and red dot respectively if located in strait or in fiord (Wallin and Andersson, 2000).  

Lake Mälaren has an important history of water quality monitoring that is described in detail 

elsewhere (Willén, 2001). This monitoring process and some its impacts are summarised below. 

In 1964, the Swedish Natural Science Research Council initiated an extensive campaign to 

investigate water quality in the three major lakes in Sweden. Lake Mälaren was chosen as the first 

subject of investigation, as it was suffering from problems caused by heavy nutrient loads due to 

human pressure and an inadequate wastewater treatment system. The results of the first sampling 

campaign, which involved around 100 sites, were shared with residents and the international 

community. The choice to make available the results in a clear way engaged public interest in the 

issue and this resulted in an effective response. For example, it led to permission for an additional 

paper pulp factory being refused, which was the first time that the Swedish government priorit ised 

the needs of the environment over business needs, with the vision of greater benefit in the long 

term.  

In general, the results of the initial monitoring work led to a government decision to invest in 

improving wastewater treatment plants, in particular to increase the capacity for phosphorus 

sequestration, as it was identified as a more critical pollutant. In Lake Mälaren, this intervention 

led to an important improvement of water quality, by halving the phosphorus concentration and 

making a substantial reduction in the nitrogen concentration.     
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2.2. Data Analysis 
This section explains in detail the properties of the data, which play an important role in planning 

the research as the methodology is constructed to adapt to the data structure, which cannot be 

change. 

The data used in the analysis are of two kinds: i) water quality data collected at the Lovön water 

treatment facility, where Stockholm Vatten och Avfall’s sensors are located, and ii) data provided 

by the Swedish Metrological and Hydrological Institute (SMHI).  

2.2.1. Sensor data 
Stockholm Vatten och Avfall is the public utility that provides drinking water and wastewater services 

to Stockholm city.  The drinking water is extracted from Lake Mälaren and purified at the Lovön 

plant.  

The dataset collected by the company’s sensors comprise water quality information recorded between 26 

October 2016 and 12 October 2017. The complex dataset comprised roughly 107 000 entries, with a time 

interval between samplings of less than a minute in some cases. Each data entry states the day and time 

of sampling and several water quality values, some calculated with multiple units of measurement, in 

which case only one of the indices was taken into consideration in the present analysis. The status of the 

water at each sampling occasion is identified by nine different values: temperature [C], conductivity 

[uS/cm], pH [pH], oxidation reduction potential [mV], dissolved oxygen [%], turbidity [FNU], 

fluorescent dissolved organic matter [RFU], chlorophyll [ug/L] and blue-green algae [ug/L]. Each of 

these measures describes a different property of the sample of water, as summarised below. 

• Temperature [C]: Temperature influences the exchange of material and energy. Changes in this 

parameter have an impact on other water quality parameters such as pH, dissolved oxygen 

concentration and blue-green algae concentration (Yang et al., 2018) 

 

• Conductivity [uS/cm]: Pure water has no conductivity, so a positive conductivity reading is an 

indication of the concentration of solids dissolved in the water (Ilayaraja and Ambica, 2015). The 

values for European water bodies vary widely, from less than 3 to roughly 900 mS/m, with a 

mean value of 30 mS/m. The Scandinavian region is normally characterised by lower values of 

conductivity, normally less than 19 mS/m (Salminen et al., 2005) 

 

• pH value [pH]: The acidity of water is an important water quality parameter as it influences how 

it reacts with other elements, affecting e.g. the solubility of heavy metals. A decrease in the pH 

increases the solubility of heavy metals, resulting in more toxic water. On the other hand, a high 

value of pH can result in a bitter taste and in a reduction of the effectiveness of chlorine, 

commonly used in the drinking water treatment process to eliminate bacteria (USGS, 2016) 

 

• Oxidation reduction potential [mV]: Oxidation reduction potential is an important parameter 

used to set efficient quantities of the chemicals utilised for water sterilisation. This parameter 

gives an indication of the potential voltage needed for the occurrence of oxidation, which is 

important as it leads to the death of bacteria. Thus the use of sensors that record this parameter, 

in combination with measurement of pH, give precise indications on the water sterilisation 

treatment needed (Suslow, 2004)   

 

• Dissolved oxygen [%]: This parameter indicates the amount of oxygen dissolved in water, which 

is determined by the balance between absorption and the consumption of this gas in water. The 

equilibrium point is influenced by factors such as temperature, pressure and salinity. Oxygen is 

naturally dissolved through the water as a function of the surface in contact with air, and therefore 

wind, waves and turbulent movement increase the possibility of absorbing oxygen. Another 

source of oxygen is photosynthesis by aquatic plants. On the other hand, oxygen is used by living 

organisms for breathing, and is also utilised in aerobic decomposition and in chemical oxidation 

of mineral. (Kale, 2016) 
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• Turbidity [FNU]: is an indicator of the clarity of water. Turbidity is influenced by the 

concentration of suspended solid particles in the liquid, such as soil, microscopic plants and 

animals. While turbidity does not pose a direct risk to health, it creates the conditions for other 

factors that can make the water unhealthy, such as proliferation of bacteria. Hence a value lower 

than 5 formazin nephelometric units (FNU) is recommended for drinkable water (Kale, 2016)  

    

• Fluorescent dissolved organic matter [RFU]: This is one of the forms in which organic matter 

may be present, other than in particulate or colloidal form. The presence of dissolved organic 

matter is detected in this case with the help of fluorescence, measured as relative fluorescence 

units (RFU). The sources of dissolved organic matter are transportation from land, microbial 

activity in the water and human activity. Presence of dissolved organic matter has a negative 

influence on factors such as turbidity and dissolved oxygen (Hudson et al., 2007) 

 

• Chlorophyll [ug/L]: The chlorophyll value is commonly used to give a precise evaluation of the 

trophic state of the water body, as it has a strong correlation with algal biomass. However, there 

are some problems associated with the use of this metric, as different algae species have different 

concentrations of chlorophylls and this can create seasonal and annual bias (Boyer et al., 2009) 

 

• Blue-green algae [ug/L]: When present in low concentration, blue-green algae have beneficial 

proprieties through their capacity for fixing nitrogen, However, high concentrations in water 

represent a serious health threat (Falconer, 1999).   

 

2.2.2. SMHI data  
The role of the various sub-basins (identified in Figure 2) in defining water quality in Lake 

Mälaren is examined using time series data on flow for the 12 major tributaries before they enter 

the lake. These flow data are retrieved from the SMHI website (http://vattenwebb.smhi.se/), 

which provides two different kinds of flow data: direct data measured at monitoring stations and 

modelled data obtained with the Hydrological Predictions for the Environment (HYPE) model ( 

Lindström, 2017). The modelled data are available for the whole territory of Sweden, with great 

freedom for choose exact points, while there are a limited number of measuring stations. 

For this reason, modelled data were used in this study. A Geographical Information Service 

(GIS) created by SMHI divides the Swedish territory into 17 313 small watersheds used in the 

HYPE model and can be used to search for suitable data. Each of the sub-basins identified in 

Figure 2 is covered by several of the small watersheds in SMHI’s GIS. The data for this analysis 

were taken from those watersheds situated closest to Lake Mälaren.  

Calculations on the flow data were performed using the HYPE model, which is designed to 

calculate water flows and exchange of water and nutritional substances with high spatial detail 

(Lindström, 2017). The modelled data available from the SMHI have different time steps, the 

shortest of which is one day (for the flow data). The data on nutritional substances are given 

with a time step of the month. As this study is constrained in the timeframe of a single year the 

month time step is too long as it results in dataset of only 12 records . For this reason, this data 

is not take in consideration in this analysis.  

2.2.2. Data limitation  
The availability of data is very important for the type of research described in this study.  Hence 

some of characteristics of the dataset utilised set limits to the research. For exampl e, the time 

frame of the whole study was set by the sensor dataset, which covered water quality between 26 

October 2016 and 10 October 2017. Thus, the time frame of the analysis was around one year. 

Limiting the study to a single year limited the capacity to analyse the role of seasonality, due to 

lack of redundancy in the data that could be used in statistical analysis.  

Another issue related to time is that even when the water quality dataset had a really short time 

step (less than a minute in some cases), the time step in the flow data was one day, so the whole 

work had to use one day as the time unit of analysis. This prevented analysis at a more detailed 

scale. In addition, the quality data were measured multiple times in each day but with an uneven 

http://vattenwebb.smhi.se/
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distribution, with two samplings within the same minute in some cases and no measurements for 

hours in other cases. This made it difficult to use the data for analysis of the changes in water 

quality within the day.      

Another issue with data quality was the presence of some periods of missing data. The longest 

period was from 21 April to 12 May 2017 when, due to a malfunction of the sensor, there was a 

complete absence of data. In addition to this major data gap, there were two other gaps of three 

days each, one close to the sensor malfunction event and one close to the end of the time series. 

However, these two small windows of missing data did not create any substantial problems other 

than a need for additional attention in handling a time series with the presence of missing data. 

On the other hand, the larger interruption had to be taken into consideration, particularly since 

for some of the quality parameters there was a substantial shift in values between the periods 

before and after the interruption. Without the possibility of comparing with data from other 

years, it was not possible to identify whether the shift referred to an effective change in water 

quality or to replacement of the measurement sensor. Both explanations are possible, since on 

the one hand the interruption occurred between the hydrological maxima and minima of the 

flows series (see section 3.1), while on the other hand the issue of bias in time series due to 

changes in measuring equipment is a well-known problem in sciences such as hydrology 

(Moisello, 2014).  

2.2.3. handling the limitation 
The work on the data was conducted in a Matlab environment, where it was possible to utilise 

the tool to perform non-linear canonical correlation analysis (NLCCA) developed by Hsieh 

(described in section 2.3.2).  

As mentioned in the previous section, the flow data and quality data had different time steps, 

which mean that one of the first operations is to harmonise the data. This was done by calcula ting 

the mean value for each day for each water quality parameter. The large number of data entries 

in the sensor time series made it impossible to perform this operation manually. Moreover, the 

time step of the series was not constant and the number of entries differed between days, which 

required creation of a specific procedure to overcome this problem.  

To manage the uneven time step of the quality data, a vector that collect the number of samplings 

for each day was created automatically by responding to a counting query on the field of the 

date. This also make easier to identify days with missing data, as they are represented by zeros 

in this vector. Then a cycle was used on the information stored in the vector to divide the original 

dataset and calculate the means values (see Appendix I). 

The presence of missing data was marked in the dataset with the value “Not a Number” or “NaN” 

(Matlab, 2018). In NLCCA, the presence of NaN leads to errors in running the tool. To overcome 

this problem for the smaller windows of missing data, the row with NaN was removed from the 

dataset on water quality and the corresponding rows in the water flows dataset were also delet ed. 

For the larger period of missing data, because of the possibility of a shift in flow behaviour 

around this time, the data were analysed separately. 

2.3. Analyse correlation 
Correlation coefficient is an index that quantifies the strength of the relationship between two 

variables. To define it in a formal way, the covariance value should be defined first. “The sample 

covariance, sX,Y, gives a numerical summary of the linear association between two quantitative 

variables X and Y. It is the average of the product of their deviations about the respective 

means.” (Kottegoda and Rosso, 2009) formally defined as: 

  

𝑆𝑋,𝑌 =
1

𝑛
∑(𝑥𝑖 − �̅�)(𝑦𝑖 − �̅�)

𝑛

𝑖=1

                                     (1) 
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Where 𝑛 is the numerosity of the sampling ∙𝑖  is the i-th value and ∙ ̅is the expected value. The 

covariance is an index that have a dimension but if we divide it by the standard deviation is 

possible obtain a dimensionless measure constrained between -1 and 1. This measure is the linear 

correlation among two variables (Kottegoda and Rosso, 2009). The definition of the correlation 

is then:  

 

𝑟𝑋,𝑌 =
∑ (𝑥𝑖 − �̅�)(𝑦𝑖 − �̅�)𝑛

𝑖=1

√∑ (𝑥𝑖 − �̅�)2𝑛
𝑖=1 ∑ (𝑦𝑖 − �̅�)2𝑛

𝑖=1

                           (2) 

 

From this definition of the correlation, various methods have been developed to study the 

relationships between different variables. As mentioned in sections 2.2.1-2.2.3, several variables 

are compared in the present analysis: there were nine variables for  water quality, which had to 

be compared for 12 different water flow time series. The branch of statistics that studies the 

relationships between many variables is called multivariate analysis and uses methods such as 

principal component analysis, factor analysis, correspondence analysis, multigroup discriminant 

analysis, canonical correlation and constrained correspondence analysis (Acevedo, 2012). 

All of these analytical methods are based on the concept of a covariance matrix and the study of 

the eigenvectors (Acevedo, 2012).  The covariance matrix C is a symmetrical matrix that shows 

the variance of each variable on the diagonal and the covariance of couples of  variables 

elsewhere (Acevedo, 2012): 

 

𝐶 =

[
 
 
 
 

𝑆𝑥1
2 𝑆𝑐𝑜𝑣𝑥1𝑥2

𝑆𝑐𝑜𝑣𝑥1𝑥2
𝑆𝑥2

2  
      … 𝑆𝑐𝑜𝑣𝑥1𝑥𝑚

      … 𝑆𝑐𝑜𝑣𝑥2𝑥𝑚

⋮ ⋮
𝑆𝑐𝑜𝑣𝑥𝑚𝑥2

𝑆𝑐𝑜𝑣𝑥𝑚𝑥2

⋱ ⋮
… 𝑆𝑥𝑚

2
]
 
 
 
 

               (3) 

 
The eigenvector is defined as a vector that: “when premultiplied by a [square] matrix the 

resulting vector preserves the direction and only change the length of the original vector by a 

scalar factor”(Acevedo, 2012). 

The first three methods of multivariate analysis listed above study the relationships between 

different variables with the aim of reducing the dimensionality of the dataset, while the other 

three methods focus more on finding linear combinations among the variables (Acevedo, 2012). 

This is an important difference when it comes to choice of method, as it depends on the objective 

of the study (Chatfield and Collins, 1981). Principal component analysis and canonical correlation 

analysis are methods commonly used in the literature. However, principal component analysis 

is intended to reduce the dimensionality of the dataset and do not fully address the aim of this 

work. Therefore, canonical correlation analysis (CCA) is chosen to study the relationships 

between water quality parameters and flow time series.   

    

2.3.1. visual analysis of correlation 
To study the correlation among two different variables the scatter plot is a simple and efficient tool 

that can help to give a first impression of the of the relationship among the studied variables. A 

definition of what is a scatter plot is: “a plot of two variables, x and y, measured independently to 

produce bivariate pairs (𝑥𝑖, 𝑦𝑖), and displayed as individual points on a coordinate grid typically 

defined by horizontal and vertical axes, where there is no necessary functional relation between x 

and y” (Friendly and Denis, 2005). An example of a scatter plot is shown in Figure 4. 
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 Fig.4. Example of a scatter plot showing the Arbogaån day flows as a function of the fluorescent dissolved 

organic matter.  

To understand how to read this kind of graph, in the following a series of pairs of variables and the 

scatter plot built by combining them are described. In this example, the pairs of variables are 

artificially constructed and thus the relationship between them is known. Such knowledge would be 

useless in a real case, as a scatter plot is used to give a hint of unknown relationships, but in this 

case, it provided the possibility to compare the theoretical relationship and the visual output, and 

illustrate the use of this graphic tool. 

The general relationship taken into consideration in this example is:  

𝒚 = 𝛼𝑓(𝒙) + 𝛽𝜺                                                  (4) 

where 𝒚 and 𝒙 are the two variables, 𝜺 is a vector of random values to simulate the causality of 

natural phenomena, and 𝛼 and 𝛽 are parameters to balance the deterministic and the m part. To do 

so, the two parameters are defined to add up to 1. In this example, 𝑓(𝒙) takes two forms, one linear 

(𝑓(𝑥) =  0.7𝑥 +  40) and one logarithmic (𝑓(𝑥) =  100 ∗ 𝑙𝑜𝑔(𝑥)), to give an example of a linear and 

a non-linear relationship. 

The parameters 𝛼 and 𝛽 play a key role, as they determine the strength of the relationship between 

the two variables. The first example studied is the extreme case where 𝛼 is equal to 1 and 

consequently 𝛽 is equal to 0. In this case, the relationship between the two variables  is fully 

explained in this case equation 4 is reduced to: 

𝒚 = 𝑓(𝒙)                                                          (5) 

       

Fig.5. the two graphs are scatterplot of the variable x and y with alfa=1 and beta=0.  

on the left: linear relationship and on the right: logarithmic relationship. 

 

The graphic representation of this, following the definition of a scatter plot given above, produces 
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the results shown in Figure 5. The two diagrams in Figure 5 show a strong relationship between the 

two variables, as the points are aligned on two different kinds of curves.  

To continue the analysis, the values of 𝛼 and 𝛽 were changed to introduce some causality, which 

lead to a weaker relationship between the two variables. The weakness of the relationship can  be 

observed in Figure 6. where the points are no longer lying precisely on the curve but it is still 

possible observe structure in the data, as the points are still around a hypothetical fitting line. 

 

  
 
Fig.6. the two graphs are scatterplot of the variable x and y with alfa=0.8 and beta=0.2.  

on the left: linear relationship and on the right: logarithmic relationship  

 

On increasing the contribution of the random part even more, the dispersion of the cloud of points 

increases (Figure 7). 
 

  
Fig.7. the two graphs are scatterplot of the variable x and y with alfa=0.5 and beta=0.5.  

on the left: linear relationship and on the right: logarithmic relationship 

 

in the last case if beta became equal to 1 and consequently 𝛼 is zero the equation 5 then becomes:  

𝒚 = 𝜺                                                         (7) 

Thus, in this equation the variable 𝑥 disappears, which that means that there is no relationship 

between 𝑦 and 𝑥 and, as can be seen in Figure 8, the points are randomly placed in the whole space. 
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Fig.8. scatterplot of the variable x and y with alfa=0 and beta=1.  

 

In the scatter plot presented in Figure 9, it is possible recognise a pattern, as all the data are perfectly 

aligned in three strict horizontal lines. However, if this pattern is further analysed it becomes clear 

that it presents a situation of no relationships between the two variables. This graph is constructed 

using the same variable 𝑥 presented above, but the variable 𝑦 is defined as randomly assuming one 

value out of a set of three pre-defined values. 

 

 
Fig.9. scatterplot of the variable 𝑥 and 𝑦 = 𝑟𝑎𝑛𝑑(35,90,129).  

 

As this example shows, the scatter plot is a powerful tool to give an immediate visualisation of the 

degree of correlation between two variables. One of the limitations of this tool in multivariate 

analysis is the possibility to compare only pairs (or triplets if used a 3D representation), so it is 

more difficult to use for large datasets. On the other hand, the scatter plot provides the opportunity 

to detect nonlinear relationships, while the most common multivariate methods presented in section 

2.3 take into consideration only linear relationships between different variables. This is a major 

limitation, as in fields such as hydrology there is strong evidence of non-linearity of the processes, 

but correlation methods that are capable of dealing with this non-linearity are still not fully utilised 

(Ouali et al., 2016). 

   

 

 

2.3.2. Non- Linear Canonical Correlation analysis (NLCCA) 
This section presents the basic theory behind the Matlab tool used to perform the correlation analysis of 

the data. This tool was created by Hsieh and realised under a GNU licence (NeuMATS, 2008). With this 

Matlab code, it is possible perform a non-linear canonical correlation analysis (NLCCA) that in this case 

was used to study the correlations between water quality and water flows.  

While is useful have a preliminary grasp of the relationship between the variables studied with graphical 

tools such as the scatter plot, it is also important to have a numerical summary of the correlation 



13 
 

proprieties using an appropriate method (Kottegoda and Rosso, 2009). As seen in the previous section 

the correlation is not necessarily of a linear form, but conventional approaches for studying this property 

are only able to deal with linear relationships. Newer mathematical models, such as the neural network, 

provide the potential to adapt linear methods to non-linear cases. This section presents the basic ideas 

behind classical canonical correlation analysis (CCA), which is the starting point for NLCCA, and then 

briefly describes some of the basic concepts of neural network models. Finally, the theory behind the 

NLCCA tool used in the present work is described.    

2.3.2.1. linear canonical correlation analysis  

“Canonical correlation analysis is a standard tool of multivariate statistical analysis for discovery and 

quantification of associations between two sets of variables” (Härdle and Simar, 2015). This method was 

developed by Hotelling (1935) to analyse the correlations between arithmetic speed and power, and 

reading speed and power. The main idea in this kind of analysis is to study the correlation between the 

projection of the two sets that act as indices (Härdle and Simar, 2015).   

A canonical variable is defined as a linear combination of the two variables X and Y: 

𝒖 = 𝒂𝑋, 𝒗 = 𝒃𝑌                                       (8) 

The aim is to find values of the canonical variables 𝒖 and a 𝒗 that maximise the covariance (Acevedo, 

2012; Härdle and Simar, 2015) or the correlation (Hsieh, 2001). The methods for optimizing   𝒖 and 𝒗 

vary. 𝒂 and 𝒃, are two vectors of weights with dimension of nx1, where n is the number of records of the 

dataset, and these two vectors are iteratively varied to solve the optimisation problem while meeting the 

condition of having variance equal to 1 (Acevedo, 2012). For a further description of linear canonical 

correlation, see section 15.3 in Acevedo (2012). The non-linear version by Hsieh, starting from these 

basic ideas, is presented in section 2.3.2.3.  

2.3.2.2. Artificial Neural network  

The artificial neural network (ANN) is a mathematical model inspired by the biological structure of the 

human brain ((Shanmuganathan and Samarasinghe, 2016). Work on this kind of model started in the 

1970s and it is still an important model that is able to work with non-linear processes. It can also be used 

generally in signal processing and clustering analysis. While it is recognised that the actual structure of 

the brain is complex and to some extent still unknown, the basic elements of the biological structure of 

the network can be simplified into the form presented in Figure 10 (Shanmuganathan and Samarasinghe, 

2016). 

 

 
Fig.10. biological neuron structure (Blausen Medical Communications, 2013) 

This biological model is than reinterpreted in in the mathematical representation in figure 11. that is 

precisely defined by: 

1. A vector of inputs xi, and a related vector of weights wi. x0  is a speciall input to the neuron, that 
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have the name of  bias and has value of 1  

2. A input function f:  this function have the role of aggregate input signal.  

𝑢 = 𝑓(𝑥,𝑤), 

Where x and w are the vector described in point 1, usually f is a summation. 

3. The activation function s uses the results of the input function f to calculate the activation level 

of the neuron  

𝐴 =  𝑠 (𝑢) 

4. The output function have the aim of calculate the output signal value emitted through the “axon” 

of the neuron;  normally the output function is an identity function with activation one. 

(Shanmuganathan and Samarasinghe, 2016) 

 

 
 

Fig.11. Mathematical model of a neuron (Shanmuganathan and Samarasinghe, 2016) 

 

Obviously to have a neural network, a series of these elements needs to be connected, usually in a layer 

structure.  

There are two major problems related to the use of ANN, namely the issues of local minima and 

overfitting (Hsieh William W., 2004). In the NLCCA tool used for the present data analysis, both of these 

issues had to be taken into consideration. The first one is related to the training algorithm of the ANN, 

which should solve an optimisation problem to find the weights 𝑤𝑖. The optimisation problem is solved 

by exploring a theoretical unknown surface and by evaluating, step by step, the gradient of this surface. 

The problem is considered solved once the bottom of a hollow on the surface is found, but this does not 

guarantee that there is not another deeper point on the surface (Figure 12). This issue is solved by 

iteratively solving the optimisation problem with the use of different starting points (Hsieh William W., 

2004). 

 

The second issue is overfitting: an ANN with a sufficiently large number of layers is actually able to 

learn the proprieties of a specific dataset very well, but this means that the specific ANN becomes highly 

specialised in the data used to train it, which means in turn that the model not only captures the 

phenomenon, but also all the noise of the dataset. This issue is solved on one side through choice of 

models with a limited number of layers, and on the other with the use of weight penalty and by reserving 

part of the data for an overfitting test (Hsieh William W., 2004).    
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Fig.12. Local and global minima on a 2D curve 

2.3.2.3. Combining the two ideas    

The main source for the following description of the NLCCA method is the paper by Cannon and Hsieh 

(Cannon and Hsieh, 2008), which is a follow-up to the previous papers on this method with some 

improvement in the robustness. 

To introduce the non-linearity in CCA, the canonical variables defined in equation 8 as a linear 

combination of the studied variables and a vector of weights are transformed into: 

      (9) 

where ℎ𝑘
(𝑥)

 and ℎ𝑙
(𝑥)

 represent the hidden-layer nodes; tanh(·) is the hyperbolic tangent function, a 

common choice for the transfer function in neural networks (Hsieh, 2001); 𝑊(𝑥) and 𝑊(𝑦) are the 

hidden-layer weight matrices; 𝑏(𝑥) and 𝑏(𝑦) represent the hidden layer bias vectors; and 𝑤(𝑥) and 𝑤(𝑦) 

are the output-layer weight. 

 

 

 

Fig. 13. Schematic diagram of the artificial neural network (ANN) used in canonical correlation analysis (CCA) in 

this study (Hsieh, 2008).   

All the values of the weights of the ANN on the left side of Figure 13 are found by solving the 

optimisation problem that minimises the following cost function: 

Local minima  

Global minima  
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             (10) 

The first term of the cost function is the negative of the correlation between the canonical variables, as 

the aim is to maximise it. The last term is a penalty weight that works to limit the non-linearity to resolve 

the issue of overfitting. The other terms are intended to push 𝑢 and 𝑣 to a normal form, i.e. a mean value 

around zero and a variance value around 1. The right part of Figure 13 is the reverse problem that 

calculates �̂� and �̂�. These two new variables are used to calculate the mean square error, which is useful 

for evaluating the performance of the model.    
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3. Results  
The full set of results can be found in Appendix II, III and V for river flows and quality index, respectively. 

This section discusses the major characteristics that emerged in the results. For both the flow graphs and 

quality index graphs presented in the next section, the days are shown in consecutive order during the 

project, i.e. in a progression from 1 to 352 where 1 is the day of the first sampling and 352 is the day of 

the last sampling. Table A of Appendix IV presents a table that couples this notation with the standard 

date of each record, with days without samplings marked in red. 

3.1. Flows  
The rivers included in the analysis have an hydro-meteorological regime characteristic of the Baltic region, 

where the highest flows are recorded during the period between November and December and between 

March and April and the lowest flows occur during the period from June to September (Shiklomanov and 

Rodda, 2004). The group of 12 rivers feeding Lake Mälaren can be divided into two major groups, 

examples of which are shown in Figure 14. The diagram on the left shows an example of a river 

(Hedströmmen) that maintains a high flow between the period of the two maxima, while that on the right 

shows an example of a river (Sagan) that displays a series of peaks during the same period. In general, for 

both groups the flows are higher in the second maximum period (March-April).  

 

  

Fig.14. Streamflow in (left) the river Hedströmmen and (right) the river Sagån during the 352-day study period. 

Rivers that show a clear difference are the Kolbäcksån (Figure 15), the Märstaån (Figure 16) and the 

Eskilstunaån (Figure 17).  

  

Fig.15. Streamflow for the Kolbäcksån, 

The river Kolbäcksån is characterised by a very pronounced change between the periods of high and low 
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flows and constant flow during the late spring-summer period, which indicates some form of human 

control on the flow (Figure 15).  

  

Fig.16. Streamflow in the river Märstaån during the 352-day study period. 

The Märstaån river is characterised by high variability but with a less strong discrepancy between the 

high flow and the low flow periods (Figure 16). This difference can be related to the dimensions of its 

sub-basin, which was the smallest of the 12 included in this study (see Figure 2). 

  

Fig.17. Streamflow in the river Eskilstunaån during the 352-day study period. 

The Eskilstunaån is characterised by a smoother curve than the other rivers (Figure 17). This difference 

can be caused by the presence of a relatively large lake quite close to the end of this sub-basin. A lake can 

smooth the discharge as the lake is able to store water and in this way work as a buffer (Goodman et al., 

2011).  

 3.2. Sensor Data  
Each index had its different behaviour, with no strong commonality between them. For most quality 

indices, it was possible to observe a visual continuity between the data before and after the interruption 

in the recording of data, but this was not true for all and for some indices it was more difficult identify a 

logical continuity.  

The two major measures affected by this problem in the case of water entering Lake Mälaren were the 

conductivity and the concentration of blue-green algae (Figure 18). These two indices showed a large 

discrepancy between the two extremes and, moreover, the whole series of values before and after the 

interruption in recording fell into different ranges. However, as mentioned previously, it was not possible 

to determine whether this was due to changing the sensors or to an actual change in the water quality, 



19 
 

especially when considering the period of the year in which the interruption occurred. Comparing the air 

temperature for the period in question by taking the average temperature value for the 10 days before the 

first days and after the last days of the interruption revealed an increase of 4.4°C (“SMHI Öppna Data | 

Meteorologiska Observationer,” n.d.).  

      
Fig.18. (Left) Concentration of blue-green algae and (right) conductivity level in water at Lovön water 

treatment facility during the study period, but with a break in the data owing to sensor failure. 

A large gap in the data also occurred for the chlorophyll concentration, but this affected only the 

descending limb of the peak (Figure 19, left). Moreover, there was an anomaly in the graph of oxygen 

reduction potential, with a series of low outliers just at the start of the time series and after the 

interruption in data recording, which may have been due to a kind of transitory effect (Figure 19, 

right). 

    
  Fig.19. (Left) Chlorophyll concentration and (right) oxidation reduction potential level in water at Lovön 

water treatment facility during the study period, but with a break in the data owing to sensor failure.  

 

3.3. Visual Correlation 
This section presents the results obtained with the scatter plot tool described in section 2.3.1. Since two 

different datasets were used in the analysis (flow data and the quality indices), the two-dimensional 

representation in scatter plots can provide a picture of the correlation between pairs of variables. From the 

nine variables of water quality data and the 12 variables of water flow, 108 different scatterplots were 

obtained. The entire list of these scatterplots can be found in Appendix X. It was impossible to make a 

separate analysis of each, so in this section some of the most interesting observations revealed by the 

scatter plots are presented. For each of the scatter plots chosen for illustration, the x axis represents the 

daily stream flow in m3/s, while the y axis shows the range of the various water quality indices with the 

relative unit of measurement. 

In the initial stages of visual analysis of the correlations, all the data were presented with the same symbols, 

which resulted in an output of the kind of shown in Figure 20 (left).  However, as pointed out in section 

2.2.1, the water quality dataset was characterised by a period of missing data and this could have coincided 

with a possible shift in the behaviour of the variables. For this reason, in a second version of the graphical 
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representation, the data from before and after the interruption are presented in two different colours (red: 

before interruption, blue: after interruption) (Figure 20, right side).       

    

Fig.20. (Left) First version of the scatterplot for the river Örsundaån with all the data shown in the same colour 

and (right) second version of the scatterplot with data from before and after the interruption in recording shown 

in red and blue, respectively.  

For most cases, it can be noticed that the blue and red dots were not randomly placed around the cloud of 

data but instead belonged to two different clusters (Figure 20, right). In some of the graphs for the 

individual water quality variables these clusters were fully separated, while for some others the clustering 

is fuzzier (Figures 21). Another characteristic that can be observed in a number of graphs is the presence 

of a small group of blue dots within the red cluster. This is particularly evident in the scatterplot showing 

the conductivity of the water and the concentration of blue-green algae (Figure 21). 

  

Fig.21. Scatterplots of (left) conductivity and (right) concentration of blue-green algae in river water, with 

readings before (red) and after (blue) the interruption in recording. A set of blue dots fell within the red cluster. 

The scatter plots can be analysed in two ways: by comparing those with the stream flow of the same river 

on the x axis, or be comparing those showing the same quality index on the y axis. The second method of 

comparison made it possible to detect similarities between the graphs presenting a particular water quality 

index and also to note change in the pattern. As an example, plots showing the fluorescent dissolved 

organic matter concentration are presented in Figure 22. As can be seen from the diagrams, especially for 

the blue clusters (after the interruption in data), the plots started as vertical lines for many of the 12 rivers, 

which means no correlation (see Köpingsån for example). However, in other cases, for instance the river 

Arbogaån, the blue dots were distributed quite clearly around a 1:1 linear plot (45 degree incline) (Figure 

22). 
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Fig.22. Change in the concentration of fluorescent dissolved organic matter content (fDOM) as a function of 

daily flow (m3/s) in the 12 rivers supplying Lake Mälaren. 

 

The large number of scatter plots in Figure 22 provide an overview of the relationships in the datasets for 

the different rivers. A horizontal or vertical line shows that the value is almost fixed for one of the variables 

but varies for the other axe, a pattern which can be interpreted as a lack of relationship between the 

variables (see last example in section 2.3.1). In this regard, the scatterplot presented in Figure 23 in 

interesting. As can be seen in the diagram, the scatterplot showed two different trends for turbidity in water 

from the river Örsundaån. For the period before the data gap the daily flow value is spread while the value 

of the turbidity is always around 1.6 FNU (red dots), but after the gap the opposite can be seen, i.e. the 

flow value is low and the turbidity is much more spread (blue dots). 
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Fig.23. Plot of turbidity in water from the river Örsundaån as a function of daily flow. Initially the turbidity 

varied from 1.2 to 2.2 FNU while the flow remained low (1-5 m3/s), but later the turbidity remained around 

1.6 FNU but the flow increased to up to 15 m3/s. 

3.4. Non- Linear Canonical Correlation  
Use of the NLCCA tool described in the methods section made it possible to evaluate the 

relationship between the two set of variables (water quality indices and flow time series) in a holistic 

way, but was not actually of help in answering all the research questions. Instead, in order to detect 

patterns in the structure of the data, the NLCCA tool was used in an iterative way to examine two 

different questions “How is a single river correlated to the whole set of water quality indices?” and 

“How is a specific quality index is correlated to the whole set of flow time series?”. These questions 

follow the division made in the previous section between comparing the rivers and comparing the 

quality variables using the scatter plots. This process was performed separately for the data from 

before and the data after the break in recordings caused by the faulty sensor.  

 

Tables 2-5 present all the results obtained from the iterations of the NLCCA. The values shown in 

the tables are the correlations between the canonical variables and the error for the X (quality 

indices) and Y (flow time series) variables. Two further columns show the number of hidden layers 

of neurons and the score. The score is an index of performance defined as (Hsieh, 2008): 

𝑠𝑐𝑜𝑟𝑒 =
𝐶𝑜𝑟𝑟(𝑢, 𝑣)

𝐸𝑟𝑟𝑋 ∗ 𝐸𝑟𝑟𝑌
                              (11) 

 

 

This index provides a robust indication of the performance and was used here as a key metric for 

the analysis of the results (Figures 23-27). The number of hidden neurons is automatically chosen 

by the NLCCA tool, which for each run calculates the model with 2, 3 and 4 layers and then chooses 

that with the best performance (based on the score defined). 

 

 

 

 

 

 

 

 

 

 

 

 

 
 



23 
 

Table 2. Results for the non-linear canonical correlation analysis (NLCCA) obtained by evaluating each 

of the 12 rivers with the whole set of quality index data in the first period. Cor(uv) = correlation between 

canonical variables, X = quality indices, Y = flow time series    

first period  Score cor(uv) ErrX Erry Layers  

6601(Råckstaån) 1157 0,95455 3,74931 0,00022 4 

7533(Eskilstunaån) 1758 0,99137 2,5636 0,00022 3 

7940(Hedströmmen) 187 0,90668 4,69786 0,00103 4 

8086(Köpingsån) 13 0,84614 3,39636 0,01849 3 

8387(Kolbäcksån) 90 0,90605 3,34954 0,00299 4 

8526(Oxundaån) 618 0,83488 3,97133 0,00034 3 

8709(Sagån) 35 0,88849 4,07994 0,00627 4 

8753(Svartån) 1072 0,92555 3,19631 0,00027 3 

9073(Örsundaån) 728 0,78456 3,07711 0,00035 4 

9261(Fyrisån) 829 0,94717 3,36016 0,00034 4 

40964(Arbogaån) 70 0,9749 2,92954 0,00473 4 

41047(Märstaån) 145 0,47298 5,16579 0,00063 2 

Table 3. Results for the non-linear canonical correlation analysis (NLCCA) obtained by evaluating each of the 12 

rivers with the whole set of quality index data in the second period. Cor(ug) = correlation between canonical 

variables, X = quality indices, Y = flow time series    

second period  Score cor(uv) ErrX Erry Layers  

6601(Råckstaån) 1751 0,97985 3,29087 0,00017 3 

7533(Eskilstunaån) 300 0,98775 4,2182 0,00078 4 

7940(Hedströmmen) 17 0,99144 5,01304 0,01187 2 

8086(Köpingsån) 515 0,94979 3,54328 0,00052 3 

8387(Kolbäcksån) 1020 0,83508 3,72006 0,00022 3 

8526(Oxundaån) 317 0,98343 3,4818 0,00089 3 

8709(Sagån) 340 0,97751 4,63336 0,00062 4 

8753(Svartån) 4 0,98765 4,48369 0,0498 2 

9073(Örsundaån) 374 0,97533 3,30304 0,00079 4 

9261(Fyrisån) 3 0,94468 3,94699 0,06931 2 

40964(Arbogaån) 7254 0,99731 3,43723 0,00004 4 

41047(Märstaån) 11 0,85856 4,10236 0,0198 4 
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Table 4. Results for the non-linear canonical correlation analysis (NLCCA) obtained by evaluating each quality 

index with the whole set of river flows in the first period. Cor(uv) = correlation between canonical variables, X = 

quality indices, Y = flow time series.  

first period  score cor(uv) ErrX Erry Layers  

Temperature (C°) 91 0,99553 0,00193 5,6659 3 

Conductivity 
(uS/cm) 

9 0,8067 0,011258 8,23527 3 

pH(pH) 25 0,98407 0,0071 5,60008 4 

Oxidation 
Reduction 
Potential (mV) 

580 0,93297 0,00021 7,66167 4 

Dissolved Oxigen 
(%) 

1 0,97666 0,21182 5,43106 2 

Turbidity(FNU) 38 0,9523 0,00359 7,07271 2 

Fluorescent 
Disssolve Organic 
Matter (RFU) 

3 0,97966 0,06446 5,39852 4 

Chlorophil (ug/L) 2 0,91258 0,07758 5,3988 2 

Blue-Green Algae 
PC(ug/L) 

2818 0,99142 0,00006 5,86338 4 

Table 5. Results for the NLCCA obtained by evaluating each quality index with the whole set of river flows in the 

second period. Cor(uv) = correlation between canonical variables, X = quality indices, Y = flow time series.   

second period  score cor(uv) ErrX Erry Layers  

Temperature (C°) 5238 0,98848 0,00007 2,696 3 

Conductivity 
(uS/cm) 

2300 0,98788 0,00016 2,68461 4 

pH(pH) 44 0,94376 0,00359 5,99999 3 

Oxidation 
Reduction 
Potential (mV) 

703 0,8438 0,00025 4,80436 4 

Dissolved Oxigen 
(%) 

1824 0,95944 0,0001 5,25937 2 

Turbidity(FNU) 9 0,94117 0,01652 6,39292 4 

Fluorescent 
Disssolve Organic 
Matter (RFU) 

1654 0,96976 0,00021 2,79131 3 

Chlorophil (ug/L) 1016 0,92734 0,00016 5,70617 3 

Blue-Green Algae 
PC(ug/L) 

344 0,98622 0,00084 3,41607 2 
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Fig.24. Performance score of the non-linear canonical correlation analysis (NLCCA) for flows in the 12 

different rivers in the first period (before the break in data recording). 

 

 
Fig.25. Performance score of the non-linear canonical correlation analysis (NLCCA) for flows in the 12 

different rivers in the second period (after the break in data recording). 

 
Fig.26. Performance score of the non-linear canonical correlation analysis (NLCCA) for flows in the 12 

different rivers in the second period (after the break in data recording). 
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Fig.27 Performance score of the non-linear canonical correlation analysis (NLCCA) for the different water 

quality indices in the first period (before the break in data recording). 

From the tables, it can be seen that the correlation values were close to unity in most cases. This 

made it important to evaluate the correlation in combination with the error data. In addition, a 

consideration can be done about the error value: it increases with the increase of the complexity of 

the dataset. Indeed, can be observed that when the focus was on quality, the error in X (quality data) 

was quite low (Tables 4 and 5) and when the focus was on the flow the error in Y (flow data) was 

quite low (Tables 2 and 3). This behaviour is reasonable due to the way in which the analysis was 

conducted and displays an asymmetry in the dimensions of the dataset: when the focus was on 

flows, only one time-series was taken into consideration in each comparison while the entire quality 

dataset was considered, i.e. on one side just one variable was taken into consideration, while on the 

other 12 variables were considered.  

 

The results in the performance score graphs for the flows show two different pictures when 

considering the period pre-interruption and post-interruption (Figures 24 and 25). In the first period 

half of the rivers had a score over 500, with the strongest relationship for Eskilstunaån (Figure 24). 

The second period, on the other hand, was strongly dominated by the river Arbogaån while the other 

rivers had a relatively weaker relationship. However, on considering the absolute values it is 

important to note that the values for the first period and the second period were comparable and the 

values for the Arbogaån in the second period were significantly different from all the other values.  

 

For the quality graphs, the first period was strongly dominated by a single value (that related to the 

blue-green algae) (Figure 26), while the second period had a larger number of variables with a 

noticeable relationship (Figure 27). However, when these graphs were again analysed in terms of 

the absolute values, the second period generally showed higher values.  

 

4. Discussion  
The aim of this study was to combine flow data with water quality data to create a better understanding of 

the Lake Mälaren basin system. Two different methods are used in the analysis: the scatterplot and 

NLCCA. The use of two different methods was a great advantage; first of all, the two methods are 

in some way complementary. The scatter plot is rich in information but this richness is also a 

downside, as it is quite difficult analyse a large number of graphs as a whole. The NLCCA is able 

to give this kind of information, but if used by itself the results from this method are more difficult 

to interpret. In addition, looking at the data with two different lenses provided the opportunity to 

make comparisons among the results and obtain a kind of cross-validation, that enabled a more 

robust understanding of the results. The results of this research are discussed in more detail below 

by looking at them from different perspectives and highlighting some interesting findings. 
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When reading the discussion, it can be of help to refer back to Table 1 and Figure 2, as they show 

the flow contribution and the location of each river, respectively. This is relevant as there were 

great differences in the relative contribution of the rivers to Lake Mälaren. As an example, the river 

Arbogaån made the largest contribution, amounting to 25.1% of total flow, and Märstaån the 

smallest (0.6%).  

One important finding was the high scores obtained for the water temperature parameter in the 

second period. This raises an important issue that has to be kept in mind when applying correlation 

analysis, which is that it does not reveal cause-effect relationships but only shows whether or not a 

relationship exists (Crawford, 2014). The high score for temperature is one such case. This parameter 

showed obvious seasonality (Figure 28), as the readings were low in the winter and higher in the 

summer, but, as mentioned in section 3.1 the hydrological regime of the rivers were also affected 

by seasonality. In this case, a relationship exists because of a third external driver (the seasonal 

alternation). What was not expected in this example was the low correlation value in the first period 

of the analysis. A possible explanation for this was that the first period coincided with the flow 

maxima period, that was affected by greater variability than shown by the temperature data.  

  

Fig.28. Summary of the data obtained on water temperature at the Lovön treatment plant at the outflow of 

Lake Mälaren. 

This example shows the limit of correlation analysis. The analysis focusing on the flow values is 

able to overcome this limit as it does not look for the existence of a relationship, but examined how 

this relationship changed among a homogeneous set of variables. Before discussing the results, it 

is first important to consider the issue of different behaviour between the first and the second period, 

i.e. before and after the break in data recording. 

The decision to divide the data into two group was driven by the presence of a period of missing 

data and it helped to highlight the presence of structure in the data. This was evident from the 

presence of two different clusters in the majority of the scatterplots. While the data were initially 

divided because of the issue of sensor failure and the first main concern was to avoid sensor bias in 

the data, the results showed a different pattern. Indeed, from the results it is more reasonable to 

attribute the presence of these two separate clusters to seasonal differences in hydrological 

behaviour in the Lake Mälaren basin system. There are two main reasons for this assumption. The 

first is that visual analysis of the continuity of the curves for the quality indices data showed 

reasonable continuity in most cases. The other reason is that the clustering in the scatter plots 

revealed the presence of a small group of data from the second period within the cluster of the data 

from the first period. A reasonable interpretation is that a shift occurs in how the system acts in 

summer and in winter and that the two clusters explain this difference instead of sensor bias. In 

addition, the sensor failure can be assumed to have happened close to the shift (without fully 

overlapping it), as the interruption more or less coincided with the period in which the hydrological 
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regime of the rivers was passing from the period of maxima to that of minima.  

From this perspective, it is clear that some of the data are in the wrong cluster just because the time 

division reflected by the two different colours refers to the sensor failure, while the clustering refers 

to the change in hydrological regime. This can be seen better in Figure 29, where the time is added. 

As mentioned in section 3.3, the graph on the left shows values distributed around a horizontal line 

for the first period and on a vertical line for the second period. On the right is the diagram is a group 

of blue dots (second period) ‘horizontally’ aligned (green line). If this dot is looked from the time 

perspective, the values are not randomly situated in the data cloud but are the first values from the 

second period. In addition, in the lower part of the graph there is a group of red dots (first period) 

‘vertically’ aligned (purple line). These values are the first of the series and, by applying the same 

logic, this group of data belong to the previous season. This is supported by the fact that most of 

the scatter plots revealed two different clusters and that the quality index curves did not show a 

drift, indicating that the system swings between two different states with the change of the season.  

           

Fig. 29. (Left) Graph showing turbidity values as function of daily flow (m3/s) distributed around a horizontal 

line for the first period (red dots) and on a vertical line for the second period (blue dots). (Right) graph 

showing turbidity and daily flows (m3/s) in function of the time. Showing the group of blue dots (second 

period) ‘horizontally’ aligned (green line) and a  group of red dots (first period) ‘vertically’ aligned (purple 

line).   

Considering the Lake Mälaren basin as a system that swings between two different states can help 

in interpreting  the NLCCA results and why they are not consistent between the two measurement 

periods. With this perspective, it can be seen that the water quality was strongly influenced by the 

river Arbogaån in the second period, while during the first period this river did not show any 

consistent relationship with water quality at the Lovön water treatment station and a larger number 

of rivers contributed to determining the water quality. Comparing the correlation results with the 

percentage contribution of each river shown in Table 1 revealed some interesting findings. For 

example, the Arbogaån was the river with the strongest relationship with the water quality in the 

second period, and was also the river making the higher percentage contribution to lake inflow (see 

Table 1). However, even if the river that have the highest score for the first period is the 

Eskilstunaån with a score of 1758, is interesting notice the score of the Råckstaån that is quite high 

for both the periods (1157 for the first period and 1751 for the second) these results is quite 

surprising if put in relation with the river flows contribution that are only of the 0.6%.   
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5. Conclusions 
The following research questions were examined in this study:  

1) Are there emerging patterns in the dataset that can help identify how different areas of the Lake 

Mälaren basin contribute to water quality at the water extraction point at Lovön?  

2) Is there a way to quantify these patterns so that the information can be utilised in a future Internet of 

Things?   

3) Which can be the causes of this clusterization, and how the presence of it influence the 

possible patterns of the research question one? 

With respect to these questions, the following conclusions can be drawn:  

1) A combination of visual analysis through the scatter plots and successive quantification of the 

relationships with the NLCCA tool revealed a series of relationships between water quality in Lake 

Mälaren and the stream contributions of the various sub-basins of the 12 main rivers feeding the lake. In 

particular, the contribution of the Arbogaån river during the period from May to October was evident from 

that analysis. This finding was confirmed by visual analysis of the scatter plots. At the same time, the 

scatter plots showed a wider complexity of relationships that were not fully captured by the NLCCA in 

analysis of the clusters. 

2) The NLCCA tool is able to give a numerical and synthesising interpretation of the relationships but, as 

acknowledged previously, the concept of correlation had its limitations and for this reason it is better to 

use the results obtained with this tool simply as an indication for future investigations. This means that 

NLCCA based on the numerical results alone was not fully able to give exhaustive knowledge This is 

especially true if is take in consideration the limitation coming from the data. Indeed, on one side the time-

length of the time series don’t allow a for finest pre-work on data that can improve the results of this kind 

of analyses. On the other side data from a single point in the basin cannot give a precise description of an 

entire basin, but the information gained with this method can be used to focus more efficiently resources 

for a deeper investigation.  

This study showed that useful information can be extracted from raw data and the Internet of Things offers 

the prospective of easier acquisition of data in a promising synergy. Projects as the DDS that aim to 

develop a smart city, with the use of the Internet of Things, can activate this synergy. An easier access to 

different datasets can incentive this kind of researches and the availability of more and longer time series 

can overcome some of the limitations encountered in this study.    

3) The possible causes of the data clusterization, as previously discussed, can be attributed to two more 

probable factors: sensor bias, and/or different seasonal behaviour. In the discussion are highlighted the 

two main reasons of why is more reasonable attribute the presence of the clusterization to a different 

seasonal behaviour of the system. A more secure answer on this aspect can be obtained with the 

confrontation of the results of this study with the results from different years, that don’t was available for 

this specific study. The analysis of the pattern of the correlation among different rivers by keeping in 

account the clusterization show an interesting aspect of the Mälaren Basin. Indeed, it is clear that the 

role that each sub-basin plays in contributing to the water quality in the Lovön facility change 

during the year with a relevant dependence from the season.       

To conclude, raw data are a precious source of knowledge that can help gain a better understanding of the 

world around us. With the development of new methods that are able to overcome the limitations in 

existing methods, it will be possible to consider a non-linear world and increase the capacity to close the 

gap between mental models and reality.           
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Appendix I 
This appendix contains the procedure used to calculate the average value of each day for the water 

quality values. 

 

  

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Excel  

Datadayi=count.if($A$2:$A$77783;ADi) 

The vector dataday (that contain the number of 

records for the first day in the first position, the 

number of records for the second day in the 

second position, and so on) and the matrix of all 

the quality value (DATA)  are imported in the 

Matlab environment  

function[Datadaymean]=meanperday(DATA,dataday) 
%the function calculates the mean of the values in 

DATA and aggregate them 
%following the indication in dataday. EXAMPLE: 

dataday=[3,5] then the 
%function meanperday will calculate the mean of 

each column for the first 
%3 row than will make the same operation for the 

successive 5 rows and so on 
N=length(dataday); 
n=min(size(DATA)); 
Datadaymean=(ones(N,n))*NaN; 
count=1; 
for i=1:N 
if dataday(i)>0 
   J=(dataday(i)-1); 
   provisorial=DATA(count:(count+J),1:end); 
   Datadaymean(i,:)=mean(provisorial); 
   count=count+J+1; 
else 

   
end 
end 
end  

 

 

Matlab 
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Appendix II 
This appendix contains the graphs of the river’s flow taken in consideration for this study. (day should be 

intended as progression as 1 first day of the study and 352 as the last in Table A of appendix X this 

notation is coupled with the standard date) 
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Appendix III 
This appendix contains the graphs of the flow rivers take in consideration for this study. (day should be 

intended as progression as 1 first day of the study and 352 as the last in Table A of appendix X this 

notation is coupled with the standard date) 
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Ref. 
Day 

Date   
Ref. 
Day 

Date   
Ref. 
Day 

Date   
Ref. 
Day 

Date   
Ref. 
Day 

Date   
Ref. 
Day 

Date 

1 26/10/16   61 25/12/16   121 23/2/17   181 24/4/17   241 23/6/17   301 22/8/17 

2 27/10/16   62 26/12/16   122 24/2/17   182 25/4/17   242 24/6/17   302 23/8/17 

3 28/10/16   63 27/12/16   123 25/2/17   183 26/4/17   243 25/6/17   303 24/8/17 

4 29/10/16   64 28/12/16   124 26/2/17   184 27/4/17   244 26/6/17   304 25/8/17 

5 30/10/16   65 29/12/16   125 27/2/17   185 28/4/17   245 27/6/17   305 26/8/17 

6 31/10/16   66 30/12/16   126 28/2/17   186 29/4/17   246 28/6/17   306 27/8/17 

7 1/11/16   67 31/12/16   127 1/3/17   187 30/4/17   247 29/6/17   307 28/8/17 

8 2/11/16   68 1/1/17   128 2/3/17   188 1/5/17   248 30/6/17   308 29/8/17 

9 3/11/16   69 2/1/17   129 3/3/17   189 2/5/17   249 1/7/17   309 30/8/17 

10 4/11/16   70 3/1/17   130 4/3/17   190 3/5/17   250 2/7/17   310 31/8/17 

11 5/11/16   71 4/1/17   131 5/3/17   191 4/5/17   251 3/7/17   311 1/9/17 

12 6/11/16   72 5/1/17   132 6/3/17   192 5/5/17   252 4/7/17   312 2/9/17 

13 7/11/16   73 6/1/17   133 7/3/17   193 6/5/17   253 5/7/17   313 3/9/17 

14 8/11/16   74 7/1/17   134 8/3/17   194 7/5/17   254 6/7/17   314 4/9/17 

15 9/11/16   75 8/1/17   135 9/3/17   195 8/5/17   255 7/7/17   315 5/9/17 

16 10/11/16   76 9/1/17   136 10/3/17   196 9/5/17   256 8/7/17   316 6/9/17 

17 11/11/16   77 10/1/17   137 11/3/17   197 10/5/17   257 9/7/17   317 7/9/17 

18 12/11/16   78 11/1/17   138 12/3/17   198 11/5/17   258 10/7/17   318 8/9/17 

19 13/11/16   79 12/1/17   139 13/3/17   199 12/5/17   259 11/7/17   319 9/9/17 

20 14/11/16   80 13/1/17   140 14/3/17   200 13/5/17   260 12/7/17   320 10/9/17 

21 15/11/16   81 14/1/17   141 15/3/17   201 14/5/17   261 13/7/17   321 11/9/17 

22 16/11/16   82 15/1/17   142 16/3/17   202 15/5/17   262 14/7/17   322 12/9/17 

23 17/11/16   83 16/1/17   143 17/3/17   203 16/5/17   263 15/7/17   323 13/9/17 

24 18/11/16   84 17/1/17   144 18/3/17   204 17/5/17   264 16/7/17   324 14/9/17 

25 19/11/16   85 18/1/17   145 19/3/17   205 18/5/17   265 17/7/17   325 15/9/17 

26 20/11/16   86 19/1/17   146 20/3/17   206 19/5/17   266 18/7/17   326 16/9/17 

27 21/11/16   87 20/1/17   147 21/3/17   207 20/5/17   267 19/7/17   327 17/9/17 

28 22/11/16   88 21/1/17   148 22/3/17   208 21/5/17   268 20/7/17   328 18/9/17 

29 23/11/16   89 22/1/17   149 23/3/17   209 22/5/17   269 21/7/17   329 19/9/17 

30 24/11/16   90 23/1/17   150 24/3/17   210 23/5/17   270 22/7/17   330 20/9/17 

31 25/11/16   91 24/1/17   151 25/3/17   211 24/5/17   271 23/7/17   331 21/9/17 

32 26/11/16   92 25/1/17   152 26/3/17   212 25/5/17   272 24/7/17   332 22/9/17 

33 27/11/16   93 26/1/17   153 27/3/17   213 26/5/17   273 25/7/17   333 23/9/17 

34 28/11/16   94 27/1/17   154 28/3/17   214 27/5/17   274 26/7/17   334 24/9/17 

35 29/11/16   95 28/1/17   155 29/3/17   215 28/5/17   275 27/7/17   335 25/9/17 

36 30/11/16   96 29/1/17   156 30/3/17   216 29/5/17   276 28/7/17   336 26/9/17 

37 1/12/16   97 30/1/17   157 31/3/17   217 30/5/17   277 29/7/17   337 27/9/17 

38 2/12/16   98 31/1/17   158 1/4/17   218 31/5/17   278 30/7/17   338 28/9/17 

39 3/12/16   99 1/2/17   159 2/4/17   219 1/6/17   279 31/7/17   339 29/9/17 

40 4/12/16   100 2/2/17   160 3/4/17   220 2/6/17   280 1/8/17   340 30/9/17 

41 5/12/16   101 3/2/17   161 4/4/17   221 3/6/17   281 2/8/17   341 1/10/17 

42 6/12/16   102 4/2/17   162 5/4/17   222 4/6/17   282 3/8/17   342 2/10/17 

43 7/12/16   103 5/2/17   163 6/4/17   223 5/6/17   283 4/8/17   343 3/10/17 

44 8/12/16   104 6/2/17   164 7/4/17   224 6/6/17   284 5/8/17   344 4/10/17 

45 9/12/16   105 7/2/17   165 8/4/17   225 7/6/17   285 6/8/17   345 5/10/17 

46 10/12/16   106 8/2/17   166 9/4/17   226 8/6/17   286 7/8/17   346 6/10/17 

47 11/12/16   107 9/2/17   167 10/4/17   227 9/6/17   287 8/8/17   347 7/10/17 

48 12/12/16   108 10/2/17   168 11/4/17   228 10/6/17   288 9/8/17   348 8/10/17 

49 13/12/16   109 11/2/17   169 12/4/17   229 11/6/17   289 10/8/17   349 9/10/17 

50 14/12/16   110 12/2/17   170 13/4/17   230 12/6/17   290 11/8/17   350 10/10/17 

51 15/12/16   111 13/2/17   171 14/4/17   231 13/6/17   291 12/8/17   351 11/10/17 

52 16/12/16   112 14/2/17   172 15/4/17   232 14/6/17   292 13/8/17   352 12/10/17 

53 17/12/16   113 15/2/17   173 16/4/17   233 15/6/17   293 14/8/17       

54 18/12/16   114 16/2/17   174 17/4/17   234 16/6/17   294 15/8/17       

55 19/12/16   115 17/2/17   175 18/4/17   235 17/6/17   295 16/8/17       

56 20/12/16   116 18/2/17   176 19/4/17   236 18/6/17   296 17/8/17       

57 21/12/16   117 19/2/17   177 20/4/17   237 19/6/17   297 18/8/17       

58 22/12/16   118 20/2/17   178 21/4/17   238 20/6/17   298 19/8/17       

59 23/12/16   119 21/2/17   179 22/4/17   239 21/6/17   299 20/8/17       

60 24/12/16   120 22/2/17   180 23/4/17   240 22/6/17   300 21/8/17       
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