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Abstract  
Urban blue infrastructures (UBI) consist of blue spaces in an urban city that include both 
natural and man-made infrastructures. These spaces offer various ecosystem services that can 
promote a more sustainable environment when water quality is in good conditions. Yet little is 
known about how different types of UBI can affect water quality. To assess this relationship 
the City of Amsterdam was used as a case study to 1) develop an UBI typology using remote 
sensing data and 2) assess the water quality of these different types of UBI. The UBI typology 
was created through high resolution remote sensing data to assess five variables: total area, 
vegetation, connectivity, water type and function. With the use of ArcGIS Pro a multivariate 
clustering technique was applied to create 7 clusters that defined the UBI typology in 
Amsterdam. The clusters were renamed to match their characteristics; thus, the following 
names were applied a) Green Oasis, b) Riparian Zones, c) Urban Blue, d) Concrete Jungle, e) 
Blue Pool, f) BioHotspot Corridor and g) Residential Hub. This was followed by water quality 
assessments of the 7  UBI clusters using 11 key performance indicators (KPI) including: pH, 
temperature, dissolved oxygen, turbidity, salinity, electric conductivity, total bacteria, 
chlorophyll-a, and dissolved metals (Cu, Fe, Zn). Through a principal component analysis 
(PCA) and Shapiro-Wilk test for normality, only the first five KPI were assessed in relation to 
the UBI typology. The results showed that only total bacteria were statistically significant. 
Therefore, a link between bacterial count and the type of UBI exists. Further research is 
required to assess if other KPI can determine a relationship between a type of UBI and water 
quality that can give insight into what infrastructures promote good water quality. This 
approach is transferable to other cities and could potentially improve how urban planning 
designs future cities. 
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Introduction 
Rapid and large-scale urbanization is one of the biggest sustainability challenges today. The 
growing population in cities has intensified urban activities and increased demand on energy, 
materials, and land use (Madlener and Sunak, 2011; While and Whitehead, 2013; Yeh and 
Huang, 2011). The impacts cities have on the environment can be seen at both macro and micro 
levels across the globe (Peng, 2010). In fact, while cities cover only 2% of the earth’s surface, 
they account for 75% of the world’s consumption of resources (Madlener and Sunak, 2011).  
With more than 68% of the global population expected to live in urban areas by 2050, one can 
only anticipate these challenges to escalate if not addressed through sustainable solutions 
(Elmjid, 2018).  
 
Green and blue spaces offer important nature-based solutions to climate change adaptation and 
the sustainability of urban cities (Droste et al., 2017). When well designed, green and blue 
spaces provide several services that benefit a healthy urban environment and promote 
sustainable urban development (Gehrels et al., 2016). These benefits include improvements in 
air quality, urban heat island (UHI) effect, stormwater management, biodiversity levels, and 
natural space availability (Bacchin et al., 2014; Gehrels et al., 2016; Wu et al., 2019). Green 
and blue spaces can also improve the adaptive capacity of large populations in urban areas (da 
Silva and Wheeler, 2017). Yet, these spaces are threatened by urban development even though 
they can improve a city’s resilience.  
 
In efforts to mitigate the loss of green and blue spaces, the concept of urban ecological 
infrastructures (UEI) has been developed to re-introduce these spaces into urban planning to 
promote building more sustainable cities. This concept is a model which focuses more closely 
on green and blue spaces that directly support socio-ecological structures and functions 
(Childers et al., 2019; While and Whitehead, 2013). UEI integrates blue (water-based), green 
(vegetated), and grey (non-living) landscapes with the addition of exits (outflows) and arteries 
(corridors) at an ecosystem scale (Li et al., 2017). The inclusion of all these landscapes and 
processes is an essential component for sustainable urban development. However, blue 
landscapes, which are also referred to as urban blue infrastructures (UBI), are still often 
overlooked in urban planning.  
  
Urban blue infrastructures (UBI) offer an important opportunity to foster water-related 
ecosystem services for urban residents and the environment (Iojă et al., 2021; Wu et al., 2019). 
These landscapes have a range of effects on ecological functions and socioeconomic 
development in urban areas (Li et al., 2017; Steele and Heffernan, 2014). For example, UBI 
can mitigate natural hazards and restore ecosystems in the face of climate change and 
biodiversity loss (Ristić et al., 2013). UBI are a critical component of an urban environment 
and may hold the key to nature-based solutions for several sustainability challenges in cities 
(Haase, 2015). Although several ecosystem services have been identified in connection with 
UBI, it is still not well understood if a specific type of blue infrastructure has a higher influence 
on water quality and the benefits that come from it.  
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This paper uses Amsterdam, the capital of the Netherlands as a case study. Amsterdam is 
known as the “City of Water” with over a third of its surface area covered by water 
(Municipality of Amsterdam, 2021a). This study aims to address the knowledge gap around 
UBI and to assess the relationship between different types of UBI, water quality and 
biodiversity within Amsterdam. Specifically, the paper addresses the following research 
questions: (1) What are the different UBI identified in Amsterdam based on remote sensing 
data? 2) How does the water quality differ across the various types of UBI in Amsterdam? and 
(3) Which type of UBI shows a positive relationship with good water quality? Insight to these 
questions is fundamental to understanding how UBI can influence a city’s ecological integrity 
and sustainability (Li et al., 2017).   

Study Region: Amsterdam, Netherlands 
Amsterdam is the capital of the Netherlands with a population of over 870,000 people (Data 
Commons, n.d). While the city is 30 km east of the North Sea, it is still connected to the sea by 
the IJ bay which used to function as a port for the city (Fig. 1). Additionally, Amsterdam is 
made up of seven districts that cover a surface area of 219 km2 (Fig. 2). With 35% of the surface 
area covered by surface water, Amsterdam has a diverse assortment of UBI (Municipality of 
Amsterdam, 2021a). The Municipality of Amsterdam has therefore set out an ambitious Green 
Agenda to increase biodiversity and climate proof the city in response to urbanization and 
climate change (Municipality of Amsterdam, 2021b). The vast quantities of blue spaces and 
focus on sustainability make Amsterdam an ideal city for this research on the connection 
between UBI and aquatic ecosystems.   
 
Figure 1. Map of Amsterdam, Netherlands.  
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Figure 2. Amsterdam’s seven districts and port. 

 
 
For purposes of this study the Markermeer, a lake east of Amsterdam (Fig. 3), is removed from 
this research. This is because the Municipality of Amsterdam only has jurisdiction over a partial 
area of the lake.  
 
Figure 3.  The area of Markermeer lake that Amsterdam has jurisdiction over in the 
Netherlands. 
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Theory  

Sustainability and Urban Ecological Infrastructures  
Urban ecological infrastructures (UEI) is a relatively new concept which embraces a hybrid 
between traditional and ecological infrastructure (Romero-Duque et al., 2020). Unlike 
terrestrial-centric models, such as urban green spaces (UGS), UEI also highlights the 
importance of aquatic ecosystems in cities (Childers et al., 2019). It emphasizes a nature-based 
approach for blue infrastructures within urban design and planning to foster ecosystem services 
(Romero-Duque et al., 2020). UEI provides a more holistic outlook for how to incorporate blue, 
green, and grey infrastructures into hybrid infrastructures that can provide several ecological, 
economic, and social benefits (Childers et al., 2019). However, the ecological uniqueness of 
aquatic ecosystems and their contribution to ecosystem services is still not fully understood 
(Childers et al., 2019). Closing this knowledge gap is important for bridging science and urban 
design to promote more resilient cities that can sustain urbanization in the 21st century (Clos, 
2016).   

Urban Blue Infrastructures  
Until recently, urban blue infrastructures (UBI) were classified as water drainage networks 
meant simply for stormwater management (Haeffner et al., 2017). Considering the new era for 
UEI, UBI has transitioned into a new concept that defines all open surface waters either natural 
or artificial, and which sustain a basic function in an urban environment (Zhou and Wu, 2020). 
An UBI can include running water bodies such as rivers, canals, and streams, as well as 
standing water bodies such as ponds and lakes (Wu et al., 2019). Wetland and coastal 
landscapes are also classified as an UBI, especially coastal cities (Haase, 2015). UBI has thus 
re-emerged in urban planning as an essential component in an urban environment which can 
support human health and wellbeing through ecosystem services (Iojă et al., 2021).  
 
UBI provide provisional, regulating, and cultural ecosystem services which are necessary for 
maintaining a well-balanced ecosystem (Iojă, et al., 2021). Although regulating services are 
the most researched function of UBI, such as stormwater management, studies have shown that 
blue spaces are also effective for cooling air to reduce urban heat island (UHI) effects and 
improving air quality in highly urbanized areas (Haase, 2015; Shi et al., 2020; Wu et al., 2019). 
These functions are significant for future mitigation of climate change threats such as floods, 
fires, heat waves, and sea level rise (Wamsler et al., 2013).  
 
In addition to regulating services, UBI can provide various cultural ecosystem services that 
directly benefit urban residents. These services include recreational and social spaces that have 
been linked to improve mental and physical health of people (Gascon et al., 2017; White et al., 
2021). The recent coronavirus (COVID-19) pandemic is an example of how access to outdoor 
blue infrastructures was essential for avoiding social isolation and engaging in physical 
activities (Freeman and Eykelbosh, 2020). Further research performed in 2020 showed that 
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people who maintained contact with blue infrastructures during the pandemic were able to cope 
better with the lockdown measures and report fewer symptoms of poor mental and physical 
health (Pouso et al., 2021). While the global pandemic was the main cause of this research, it 
is not to overshadow the numerous social and cultural factors that can benefit people who come 
in contact with blue infrastructures on a regular basis.  
 
Lastly, there are provisional services which include freshwater availability and habitats for 
species (Logsdon and Chaubey, 2013). This is important for plant and animal biodiversity in 
urban environments that can simultaneously help maintain good water quality and healthy 
systems (Marselle et al., 2021). Although UBI are an important component of an urban 
ecosystem, there has been a considerable decline in these types of infrastructures and their 
quality due to urban densification (Iojă et al., 2021). Urbanization is one of the main drivers 
changing the land use system and causing major ecological issues (Nuissl, 2021). Therefore, 
understanding what types, or clusters, of UBI support various ecosystem services may provide 
an objective method for how to prioritize certain infrastructures for conservation from land 
change.  

Clusters and Remote Sensing  
A clustering method is a commonly used technique to create typologies by grouping data, 
concepts, or observations and to process information more effectively. In fact, model-based 
assessments of landscapes have shown to be a useful technique to determine clusters with high 
inter-variability and low intra-variability (Graça et al., 2018). Previous studies have used 
similar approaches for assessing green infrastructure clusters and ecosystem services. Studies 
from Farinha-Marques et al. (2016), Ruan et al. (2019), and Bartesaghi-Koc et al. (2019) have 
adapted similar concepts to develop methods that generate groups of similar structure as a 
sampling technique to improve accuracy and reliability of ecosystem services analysis. A 
typology of green infrastructures is also able to identify planning and policy opportunities in 
different sectors, including urban development (Young et al., 2014). Furthermore, typologies 
are an optimal solution for the identification of needs and implementation of planning and 
design interventions at a city scale (Bartesaghi-Koc et al., 2017).  
 
In effort to streamline the methodology for identifying typologies of infrastructures at a city-
scale, remote sensing data has been proposed as an optimal solution for classification of spaces 
(Bartesaghi-Koc et al., 2017). Remote sensing data is practical for the assessment of landscapes 
and spatial patterns based on land cover and land use characteristics (Fu et al., 2019). Remote 
sensing is also a fast and inexpensive tool for research that can yield more accurate assessments 
of landscapes studies (Frohn, 1997).  
 
This research has adapted and modified a methodology from Farinha-Marques et al. (2016), 
Bartesaghi-Koc et al. (2019), and Ruan et al. (2019) to streamline the classification of UBI in 
an urban context based on a set of landscape variables that relate to the structure and 
surrounding land cover.  The landscape variables selected for the UBI typology are widely used 
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to monitor water quality and land cover which can determine the effects on aquatic ecosystems 
(Ruan et al., 2019).   
 
Total area was the first landscape variable identified to differentiate between size and type of 
space that explains the function of a blue infrastructure (Völker et al., 2015). For instance, the 
area can determine the potential of the blue infrastructure to support biodiversity and avoid 
ecological traps (Oertli and Parris, 2019). Ecological traps are important in urban environments 
because they can drive species extinction due to poor management of landscapes (Hale et al., 
2015).  
 
Vegetation cover was also identified to play a role in maintaining the quality and biodiversity 
of UBI. Studies on water quality have reported that riparian, or vegetated zones tend to be 
major filters for sediments and inorganic nutrients (Connolly et al., 2015). In highly urbanized 
areas, vegetation can also represent an important carbon reservoir, depending on the type of 
species and amount of vegetation (Velasco et al., 2016).  
 
Impervious cover was closely related in several studies with vegetation cover. Often this is the 
case because increases in impervious cover often comes at the cost of vegetation cover (Ruan 
et al., 2019). This is especially important in urban cities where urban expansion often results 
in the removal of vegetation for impervious surfaces (Wang et al., 2020). Furthermore, 
impervious areas often lead to increasing runoff that directly drains to aquatic ecosystems and 
cause water quality issues (Carey et al., 2011).  
 
Connectivity of UBI, while mainly attributed to green infrastructures, serves a 
multifunctionality in urban cities when assessed from a blue-green perspective (Iojă et al., 
2018). Maintaining UBI that are interconnected provides many benefits such as conservation 
of biodiversity, mitigating urban run-off, and cultural attractions for urban residents (Hill et al., 
2017; Iojă et al., 2018; May, 2006). Additionally, connected urban waters can enhance a 
circular ecological environment that benefits nature and people (Asakawa et al., 2004).  
  
The function of UBI serves to identify how urban waters are integrated in urban cities to support 
ecosystem services (Gehrels et al., 2016). This variable looks closely at the design and 
management of UBI to promote climate mitigation, social contact, and ecological preservation 
among other services (Gascon et al., 2017). Identifying the main use of a blue infrastructure 
can also link to other landscape variables that together work to mitigate environmental 
problems and better integrate blue spaces in an urban city (Li et al., 2017).  
 
The classification of water types provides an opportunity to identify the hydrography of a city 
(Steele and Heffernan, 2014). It serves as a roadmap for the modeling and management of 
waters present in an urban environment (Fletcher et al., 2013). Moreover, this variable is 
closely related to water infrastructure scale. Water infrastructure scale in this study refers to 
the degree by which a waterbody has been altered (van Puijenbroek and Clement, 2010). 
Opposite to water type, water infrastructure scale serves more as a reference point for how 
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urban development has altered surface waters by processes such as drainage and excavation 
(Steele and Heffernan, 2014).  
 
A combination of these variables provides an opportunity to assess landscapes and assess a 
common trend among UBI. These variables can then serve to differentiate between UBI and 
develop a typology that characterizes the infrastructures accordingly. Noticeably, a typology 
for UBI in urban landscapes using remote sensing data has not been developed thus far. This 
study serves as a steppingstone for a methodology that facilitates the selection of sites to study 
aquatic ecosystems in an urban setting. It provides a basis for determining sites for assessments 
to verify whether the observed water quality is suitable for its intended uses and to support 
species habitats (Meybeck et al., 1996). Additionally, an UBI typology can identify sites that 
are more likely to be affected by anthropogenic activities and require more frequent monitoring 
of water quality to protect the aquatic environment (Meybeck et al., 1996). 

Water Quality  
The quality of surface water in urban areas is sensitive to anthropogenic and natural process 
influences (Simeonova et al., 2003). Anthropogenic factors can include anything from 
industrial and municipal discharge to domestic effluent or land use/land cover change as 
urbanization expands (Khatri and Tyagi, 2014). Natural processes on the other hand include 
events such as precipitation, soil erosion, and geological characteristics that influence surface 
waters (Sun et al., 2014). These two influences, while opposite to each other, are important for 
assessing water quality of UBI and its influence on ecosystem services in an urban setting.  
 
Therefore, effective management practices of urban ecosystems often include monitoring and 
assessing key performance indicators (KPI) that determine the health of the system (Brown, 
2017). KPI serve as a tool to measure targets and performance of systems, and often reveal the 
level of sustainability of the built environment (Kylili et al., 2016). Water monitoring programs 
across urban cities often include KPI that assess the physicochemical and biological properties 
of water to determine the ecological status of the waterbody (Szczerbiñska and Gałczyñska, 
2015). This is supported in Amsterdam by the Water Framework Directive 2000/60/EC (WFD) 
and the Dutch Decree on quality requirements and monitoring of water 2009. These two 
directives identify specific KPIs that must meet certain standards in order to be in an 
‘ecologically good condition' (Ministerie van Algemene Zaken, 2013).  
 
Following the two directives and other literature, the subsequent KPI were identified to cover 
both physicochemical and biological properties of water and determine the relationship to 
anthropogenic influences against natural processes. These included: pH, temperature, dissolved 
oxygen (DO), turbidity, conductivity, salinity, chlorophyll-a, total bacteria and dissolved 
metals (copper, iron, and zinc). An analysis of all KPI, besides total bacteria is meant to assess 
the physicochemical properties of UBI (Reif, 2012). Furthermore, monitoring total bacteria can 
determine the levels of environmental pollution and organisms (Szczerbiñska and Gałczyñska, 
2015).  
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By combining an UBI typology with water quality assessments, this research aims to 
investigate how patterns of urban development control the hydrological and ecological 
processes in an urban environment. Moreover, this research intends to provide 
recommendations to the Municipality of Amsterdam for their Green Agenda.  

Methodology  

Overview 
The methodology carried out for this study was conducted in three main phases (Fig. 4). In 
phase one an UBI typology was created from a set of quantitative and categorical variables and 
using a multivariate clustering technique. Phase two pertained to the water quality assessment 
of all typology groups and phase three included an analysis between UBI typology and water 
quality results. By performing the methodology in this sequential order, the relationship 
between an UBI and water quality can be determined.  
  
Figure 4. Overview of the three main phases of the study. 
 

 

Phase 1 - Amsterdam’s Blue Infrastructures 
Water occurrence and recurrence data from the Global Surface Water Explorer and a 
predefined GIS map from the PBL Netherlands Environmental Assessment Agency served as 
the main datasets for identifying surface waters in Amsterdam (see Appendix 1 for list of data 
sets and sources). Figure 5 illustrates the model created in ArcGIS Pro version 2.6.2 that details 
the tools that were used to read and merge datasets. A total of 9,753 individual UBI were 
identified in Amsterdam and given an individual identification number for reference (Fig. 6).  
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Figure 5. ArcGIS Pro model to identify UBI in Amsterdam.  

 
 
Figure 6. Urban Blue Infrastructures in Amsterdam. 
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Landscape Variables  
Total Surface Area 
Total surface area was measured in meters squared (m2) using the standard ESRI shape area 
and length attributes included in the TOP10NL datafile (see Appendix 1). An additional 10-
meter buffer was added to the total surface area, with the use of a Buffer tool, to include 
information on the surrounding landscape. This was required for calculating vegetation and 
impervious cover surrounding an UBI. For instances where the UBI were connected to other 
water structures, the total surface areas were calculated based on where water transitioned to 
another type of water or there was an obvious break from the main waterbody. 
 
Vegetation Cover 
The vegetation raster from the Rijksoverheid (see Appendix 1) included greenery like trees, 
shrubs, and plants in 10 by 10-meter plots across the Netherlands. To make use of this dataset, 
the original vegetation layer had to be converted from a raster to a polygon with the use of the 
Raster to Polygon (Conversion) tool. The vector data was then clipped with the UBI layer to 
remove any additional vegetation outside the 10-meter buffer of the UBI. The vegetation was 
calculated in percentages using the following equation: 

  
Vegetation Cover (%) = [Vegetation Area (m2)/Total Surface Area (m2)] * 100. 

  
In this equation the total surface area of all UBI include the additional 10-meter buffer. The 
vegetation area was then calculated using the Summarize Within Spatial Analysis toolset in 
ArcGIS Pro version 2.6.2 to calculate the ratio of vegetation area to total surface area. This 
value was then multiplied by 100 to get a percentage of vegetation cover. 
 
Connectivity 
Connectivity was determined from data by the PBL Netherlands Environmental Assessment 
Agency. This data is originally classified as main drainage and identifies which water bodies 
are connected to others within the perimeter. The data was reclassified from categorical to 
quantitative data by creating two number groups, (50) Yes and (100) No. This allowed the 
Multivariate Clustering tool to read the dataset accurately on a range from 0-100 for all 
variables. 
 

Functions 
The functions identified in this study include: (10) water management, (20) water purification, 
30) ecopassage, (40) harbor, (50) other, (60) recreational, and (70) undetermined. These 
functions stem from the national Water Directive Framework (WFD) and verified using the 
Municipality of Amsterdam’s nature and environment dataset on recreation, ecopassages, and 
main green structures as well as the TopNL10 dataset.  
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Water Type  
The variable water structure contained a list of ten surface water classes identified by the WFD. 
These classes are based on hydromorphological properties that include water type (fresh, 
brackish, or salt water), soil type, flow, size and depth. The water structure classes data included 
the following: (10) MBR: brackish Waters, (20) MGD: Large Lakes, (30) MKA: Canals, (40) 
MKO: Shallow Sand or Lime Pools, (50) MKV: Shallow Peat Pools, (60) MMD: Moderately 
Large Deep Lakes, (70) MSL: Ditches, (80) ONB: Undetermined, (90) OVE: Other, and (100) 
RMB: Rivers. These classes were aggregated from the ‘majority’ Top10NL surface waters data 
and compared with the WFD water bodies map. 
 
Water Infrastructure Scale  
The variable water infrastructure scale provided information on the structure of the UBI. More 
specifically, this data included details on whether the UBI are a) natural waters, b) modified 
waters or 3) artificial waters. The data was collected from the Top10NL water type data and a 
typology made by the Stichting Toegepast Onderzoek Waterbeheer (STOWA).  
 
Impervious Cover  
Impervious cover was characterized as land which has been substituted from its natural land 
cover with artificial and impermeable cover (Copernicus, 2018). This data was presented from 
the Copernicus Team at the European Environment Agency in the form of a 10m raster file. 
The impervious area was calculated in percentages using the following equation: 

  
Impervious Area Cover (%) = [Impervious Area (m2)/Total Surface Area (m2)] * 100. 

 
Like the vegetation cover, impervious cover was measured using the Summarize Within Spatial 
Analysis tool in ArcGIS Pro version 2.6.2 to calculate the ratio of impervious area to total 
surface area. This value was then multiplied by 100 to get a percentage of impervious cover. 
 
Regression and Multicollinearity Analysis 
Prior to performing the multivariate clustering technique, a statistical regression model was 
used to determine which variables contained the best available data to differentiate between 
cluster groups. This was necessary to highlight unique features of one cluster to another and 
from this determine a clear UBI typology in Amsterdam. The regression analysis identified the 
proportion of variance for the dependent variable. Additionally, the multicollinearity analysis 
determined the degree of correlation between variables (Frost, n.d.). This is important to 
remove redundant information which can skew the results in a regression model.  
 
R2 was computed as: 
  

(TSS - ESS) / TSS 
 
TSS is the total sum of squares and is calculated by squaring and then summing deviations 
from the global mean value for a variable (Esri, n.d.). 
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ESS is the explained sum of squares and is calculated the same way, except deviations are 
cluster by cluster: every value is subtracted from the mean value for the cluster it belongs to 
and is then squared and summed (Esri, n.d.).  
 
Optimized Number of Clusters  
The optimal number of clusters for the typology classification was measured using the 
Calinski-Harabasz (CH) pseudo-F statistic. This statistic calculated the sum of squared 
distances within a cluster and compared it to the variance between clusters (Halpin, 2016). 
Using the CH pseudo-F statistic criterion along with k-means in mixture model-based 
clustering was a superior method for selecting the correct number of clusters and identifying 
small scale differences (Stalh and Sallis, 2012). 

Multivariate Clustering  
The Multivariate Clustering (Spatial Statistics) toolset available in ArcGIS Pro version 2.6.2 
is a mix modeling tool to find natural clusters in a large set of data based on a set of feature 
attributes (or variables). Based on a predefined number of clusters, the tool can create clusters 
where its features are as similar as possible, and the clusters themselves are as different as 
possible. An unsupervised machine learning method was utilized to read the various variables 
and using a k-means algorithm create the classification of UBI.  
 
k-Means Algorithm 
The k-means algorithm used with the Multivariate Clustering tool is a simple and effective 
method for classifying between the data set through a fixed number of clusters (Kodinariya and 
Makwana, 2013). Euclidean distance measure centroids of the clusters are used with k-means 
to eliminate computational error by the addition of new data to the analysis (Patel and Mehta, 
2011). One downside from using k-means is the inability to analyze and process missing data 
from the dataset (Patel and Mehta, 2011). Therefore, the algorithm automatically removes the 
missing values and refers to them as “incomplete” datasets. This is further discussed in the 
discussion section.  
 
UBI Typology Nomenclature  
An essential component of the UBI typology was to ensure that it was comprehensible from its 
name what type of blue infrastructure it was describing. To name the cluster groups, a literature 
review was conducted based on conventions for naming green and blue infrastructures within 
urban cities. This created an opportunity for brainstorming and designing names that fit with 
the characteristics of each cluster group in Amsterdam.   
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Phase 2 - Water Quality Assessment  
Water Samples 
Once the UBI typology was developed, a water quality assessment was conducted for each 
group. Water samples were collected in 19 locations across Amsterdam. The water sample 
points were selected based on two criteria. First, each water sample location had to either be 
disconnected to other waterways or have a different water type from the sample point that was 
closest to it. Second, the water sample point had to be in regions of Amsterdam which have 
future development plans outlined in the Municipality’s Structural Vision for 2040. Based on 
these two criteria water sample points were selected in Noord, Nieuw-West, Zuid, and Zuidoost 
(Fig. 7).  
 
Figure 7. a) Water sample points in Amsterdam. b) Sample points in Noord. c) Sample points 
in Nieuw-West and Zuid. d) Sample points in Zuidoost.  

a)  
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b)  
 
 

c)  
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d)  

Key Performance Indicators (KPI) 
Table 1 provides a list of eleven KPI assessed in the field or laboratory to determine water 
quality. A Hydrolab HL7 multiparameter sonde was used to perform the measurements in situ 
for temperature, pH, turbidity, conductivity, dissolved oxygen, salinity, and chlorophyll-a. The 
remaining variables, total bacteria and dissolved metals were tested in a laboratory using 
different techniques and instruments. The following sections provide more information on the 
methodology to assess water quality in the field and laboratory.  
 
Table 1. List of eleven KPIs for water quality and their unit of measurement.  

Key Performance Indicators Units Test 

Temperature Celsius (°C) Field  

pH 0-14 Field 

Turbidity  Nephelometric turbidity unit (NTU) Field 

Conductivity  microSiemens/centimeter (uS/cm) Field 

Dissolved Oxygen (DO) mg/L Field 

Salinity Practical Salinity Units (PSU) Field 

Chlorophyll-a mg/L Field  

Total Bacteria  Colony-forming unit (CFU) Lab 

Dissolved Copper mg/L Lab 
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Dissolved Iron mg/L Lab 

Dissolved Zinc mg/L Lab 

 
Field Tests and Water Samples 
The Hydrolab HL7 was utilized in the field to measure and record data on temperature, pH, 
turbidity, conductivity, DO, salinity, and chlorophyll-a. The Hydrolab HL7 functions by 
inserting the sensor end of the probe into the water at a depth no greater than 0.20 meters to 
test for surface water quality while avoiding any vegetation or debris from touching the sensors. 
The measurements were recorded and saved directly to an excel sheet using the Hydrolab HL7 
software program. After the measurements were recorded, four separate 50 mL centrifuge tubes 
of water were collected per location and stored in a cooler to preserve. Four samples per 
location were collected, three for optimal statistical analysis and an extra sample to test if 
necessary. All samples were transported to the laboratory on the same day of collection and 
stored in a refrigerator at a temperature of 4°C.  
 
Laboratory Tests  
The water samples were removed from the refrigerator within 24 hours from collection to filter 
using a vacuum filtration technique with 0.45 µm membranes. This technique and size of 
membrane pore is most used for water quality testing to remove larger debris while not 
affecting the bacteria and dissolved metals in the water. Different techniques, equipment and 
processes were required to test for total bacteria and dissolved metals separately.  
 
Total Bacteria  
A flow cytometry technique was adopted for total bacteria count since this technique is time-
efficient and effective for water-dissolved samples. The samples were prepared by taking 0.9 
mL of the water sample to be fixed with a formaldehyde solution at a 1% concentration. A 
staining technique is then applied using 0.5M EDTA solution and SYBR-Green reagent to stain 
the DNA of bacteria present in the sample. Once all water samples have been processed, each 
can be measured for bacterial count using the flow cytometry meter.  
 
Dissolved Metals - Cu, Fe, and Zn 
To test for dissolved metals, an ICP-OES (Inductively coupled plasma - optical emission 
spectrometry) technique was used to determine the composition of elements in a water-
dissolved sample. This technique requires 9 mL of the water sample to be mixed with 1 mL of 
1-5% HNO3 to prevent metals in the water solution from further dissolvement or reaction with 
other substances present. The autoanalyzer can then detect and measure concentrations using 
light wavelength intensity.  

Statistical analyses  
A principal component analysis (PCA) was performed using R Studio Version 1.3.1093 to 
assess the groups of variables in the physical and chemical data set. This is one of the oldest 
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multivariate statistical techniques used to simplify datasets while preserving the relationships 
in the original data (Ouyang, 2005). This is done by extracting the most important variables to 
make a new set of orthogonal variables called principal components (Abdi and Williams, 
2010). The principal components describe the variability of the whole group of data and 
analyze the structure of groups to determine a pattern. A PCA essentially looks at which 
variables correlate or covariate mostly to assess these in relation to an independent variable 
group.  
 
Prior to running a multivariate analysis of variance (MANOVA), data normality was evaluated 
using Shapiro-Wilk test (Shapiro and Wilk, 1965). Due to the limited number of samples the 
data was not normally distributed. In order to continue with a multivariate analysis of variance 
(MANOVA), a log transformation method was used to reduce the variability and address the 
skewed distribution.  
 
After the data was normalized an analysis using MANOVA was performed to assess the 
multiple dependent variables identified from the PCA. Similar to ANOVA, MANOVA is used 
to examine the statistical difference between continuous variables by an independent grouping 
variable. In this case, the dependent variables were the water quality KPI that showed the 
highest variance in PCA. These variables were then tested against the UBI typology clusters 
which serve as the independent variables.  

Results and Discussion 

Variables and Optimal Number of Clusters 
The descriptive statistics for each variable showed that the continuous variables had the highest 
variability. This included total area, impervious cover, and vegetation cover. The total area data 
ranged from a minimum of 323m2 to a maximum of 3,209,537 m2. Impervious cover data was 
from 0 to 3,169,354.66 m2 and vegetation cover ranged from no coverage in the surrounding 
landscape to a maximum cover of 151,597.80 m2. Water type and function presented dominant 
categories, brackish water and water management at 70% and 54%, respectively. Data on 
connectivity indicated that 76% of the UBI in Amsterdam are not connected to other major 
waters. Lastly, water infrastructure scale had no natural water and 34.7% of all UBI were 
modified waters. Artificial water accounted for 65.3% of the total UBI.  Table 2 presents the 
minimum, maximum and count value for each variable.  
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Table 2. Descriptive statistics on multivariate cluster variables.  

Variables  Descriptive Statistics 

 min Max Average or n (%) 

Total Area (m2) 323.78 3,209,537.21  6,466.78 

Impervious Cover (m2) 0 3,169,354.66 5,037.54 

Vegetation Cover (m2) 0 151,597.80 
 

1,511.60 

Connectivity  
  Yes 
  No 

 
 

  
2,280 (23.4%) 
7,473 (76.6%) 

Water Type 
  MBR: Brackish Waters 
  MGD: Large Lakes 
  MKA: Canals 
  MKO: Shallow Sand or     
              Lime Pools  
  MKV: Shallow Peat Pools 
  MMD: Moderately Large      
              Deep Lakes 
  MSL: Ditches 
  ONB: Undetermined 
  OVE: Other Waters 
  RMB: Rivers 

   
6,787 (69.6%) 
151 (1.6%) 
133 (1.4%) 
483 (5%) 
 
551 (5.6%) 
146 (1.5%) 
 
1,008 (10.3%) 
371 (3.8%) 
106 (1.1%) 
17 (0.2%) 

Function 
  Water Management  
  Water Purification  
  Ecopassages 
  Harbors 
  Other 
  Recreational 
  Undefined 

   
5,230 (53.6%) 
41 (0.4%) 
313 (3.2%) 
11 (0.1%)  
818 (8.4%) 
24 (0.2%) 
3,316 (34%) 

Water Infrastructure Scale 
  Natural Waters 
  Modified Waters   
  Artificial Waters 

   
0 
3,386 (34.7%) 
6,367 (65.3%) 

 
While total area provided an overview of the different sizes of UBI in Amsterdam, the variable 
provides more information when assessed with water type and function. This is because as the 
water types and functions for UBI are primarily for water management and contain brackish 
water, it is indicative of how infrastructures in Amsterdam tend to serve a function to protect 
against water levels. Moreover, just over 10% of the water types are also categorized as MSL: 
ditches. These two categories for water type make up 80% of all UBI with 5.6% making up 
MKV: shallow peat pools. 



22 
 

 
The function of the UBI, however, had 34% categorized as ‘Undefined’. This is based on two 
main reasons. The first is that the blue infrastructure can serve more than one function 
therefore, making it difficult to classify under one function. And second is lack of data to 
identify the main function of the infrastructure. The available remote sensing data for 
Amsterdam is limited and further field assessments are needed to identify the purpose of an 
infrastructure. It is recommended that a new categorizing system is developed to account for 
UBI which contain more than one function and to expand the current functions to more specific 
uses. 
 
Impervious cover compared to vegetation cover had a higher maximum value. Therefore, this 
represents that the landscape surrounding UBI contains more impervious surfaces than 
vegetated landscapes within the 10-meter buffer of the infrastructure. This is an important 
factor to consider when assessing the environmental impacts of impervious surfaces on water 
quality. Additionally, it can provide information on which UBI have greater impervious 
coverage surrounding the waterbody to make recommendations on sites to monitor for water 
quality. 
 
With only 23% of all UBI connected to other waters, this variable revealed that the flow of 
water is a limiting factor in Amsterdam. Although most can think of Amsterdam for its 
historical canal system that connects the waters in the city center, this is not the case for a 
majority of the UBI. This data reported that stagnant waters are more frequent than flowing 
systems. Therefore, this variable can further identify the function of the infrastructure and how 
it may relate to water quality. 
 
Lastly, the water infrastructure scale data contained no natural waters and only 34% of the UBI 
are semi-natural infrastructures. This can determine how the landscape is shaped and what 
natural processes may be affected due to the removal of the original system. It is an important 
factor to consider for regions that have yet to develop into cities and it can serve as an example 
for how cities with no natural waters can still manage to maintain UBI in an urban area. 
 
Furthermore, the regression and multicollinearity analysis for all the variables resulted in 
Function with the highest r-squared value of 0.764 and Water Infrastructure Scale with the 
lowest value of 0.006. Water Type had the second highest value at 0.433 followed by 
impervious cover with a value of 0.409. Vegetation cover, connectivity, and total area had 
values of 0.398, 0.358, and 0.223, respectively. The r-squared values were used to indicate the 
data that best fit the model to create groups. Table 3 provides an all the r-squared values. 
 
Function had the highest variance, 0.764, based on a wider availability of data which was used 
to identify how UBI are utilized. The Water Infrastructure Scale variable scored the lowest r-
squared value, which determined that the variance in the data was negligible. Further analysis 
of the data revealed that most of the infrastructures in Amsterdam are highly modified or 
artificial. This can be attributed to the city’s water management strategy to maintain safe water 
levels since Amsterdam is 1 to 4 meters below sea level (van der Vlugt et al., 2014). While this 
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variable does not provide additional data that could show differences between UBI in 
Amsterdam, it is still a significant variable to consider in other urban landscapes. Especially 
when assessing how natural versus artificial infrastructures affect aquatic environments. 
Nonetheless, the Water Infrastructure Scale was removed from further assessment in the 
multivariate clustering.  
 
The impervious and vegetation cover were also of interest when analyzing the degree of 
correlation between the variables. The degree of correlation between impervious and 
vegetation cover resulted in a negative correlation of -0.623 (Table 4). Therefore, as vegetation 
cover decreases impervious cover increases and vice versa. As a result, the same information 
was provided from these variables when applied in the multivariate clustering assessment. To 
eliminate duplicate data only vegetation coverage was included in the assessment. This is not 
to state that impervious cover is not significant for urbanization. In fact, impervious surfaces 
can be indicators of environmental quality (Weng et al., 2008). For this study however 
vegetation cover was more relevant for Amsterdam since part of the city’s Green Agenda is to 
increase and protect green spaces (Municipality of Amsterdam, 2021b). The remaining 
variables provided a well-rounded set of data to identify groups of UBI based on the remote 
sensing data available.  
 
Table 3. Regression Analysis of Variables.  

Variables R2 

Function 0.764 

Water Type 0.433 

Impervious Cover  0.409 

Vegetation Cover   0.398 

Connectivity 0.358 

Total Area  0.223 

Water Infrastructure Scale  0.006 
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Table 4. Degree of Correlation between Variables Chart  

  Area Function Connectivity Water 
Type  

Vegetation Impervious Scale 

Area 1 0.055 -0.044 0.039 -0.129 -0.029 -0.644 

Function 0.055 1 -0.440 0.610 -0.497 0.497 0.365 

Connectivity -0.044 -0.440 1 -0.382 0.320 -0.401 -0.440 

Water Type  0.039 0.610 -0.382 1 -0.187 0.283 0.395 

Vegetation  -0.129 -0.497 0.320 -0.187 1 -0.623 -0.412 

Impervious  -0.029 0.497 -0.401 0.283 -0.623 1 0 

Scale -0.054 -0.644 0.365 -0.440 0.395 -0.412 1 

 
Optimal Number of Clusters  
The CH pseudo-F statistics analysis resulted in 28 clusters as the optimal number of groups for 
an UBI typology based on the five variables selected in the previous analysis. The second, 
third, and fourth highest variance between pseudo-F statistic points resulted in 14, 12, and 7 
clusters (Fig. 8). Based on this analysis and the feasibility of this study, the most suitable 
number of clusters to conduct the UBI typology and water quality assessment was 7 groups. 
While this value was the lowest optimal number of clusters for the dataset, it could still provide 
sufficient information to assess the difference between UBI groups.  
 
Although 28 clusters are not abnormal for water quality monitoring, one of the objectives of 
this study is to create a typology that mainstreams blue infrastructures in Amsterdam. To 
provide a more comprehensive typology that can still provide sufficient information on the 
types of infrastructure in the city it was necessary to reduce the total number of clusters. This 
reduction of clusters reduces some of the inter-variability between the clusters, but it still 
provides a justifiable number of groups based on the analysis. Lastly, due to time limitations, 
the fourth optimal number of clusters was the most viable to conduct the second phase of this 
study within the timeframe allocated to this research.  
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Figure 8. Optimized pseudo-F statistic chart which demonstrates the optimal number of 
clusters based on an assessment of between-cluster differences and within-cluster similarities.  

Multivariate Clusters 
Based on the selection of the optimal number of cluster groups, the Multivariate Clustering 
tool in ArcGIS provided seven groups classified as Cluster A through G (Table 5). Cluster A 
accounted for 53.6% of the total number of UBI and had the highest total vegetated coverage 
in proportion to the total area. The cluster consisted mainly of disconnected waterways and 
MBR: Brackish Waters. Noticeably, this group of UBI consisted of 99.6% of its function as 
Water Management with only 0.4% falling under the function - Harbor.  
 
This type of UBI was mostly found in the district of Noord (Fig. 9), where typically you find 
highly vegetated landscapes due to agriculture fields. In terms of connectivity, 97% of the UBI 
were not connected to other water types or structures since it is mainly used for water 
management functions. After having visited locations within this cluster group, it was apparent 
that the landscape was mainly grasslands and agriculture. Based on a literature review and 
assessment of the landscape from the remote sensing data and field visit, the cluster was 
renamed to Green Oasis.  
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Figure 9. Cluster A map and image of one of the UBI landscapes. 

 
  
Cluster B consisted of 7.9% of the total number of UBI in Amsterdam. These UBI had various 
water types with the majority under MBR: Brackish Water and MKO: Shallow Pools 
(sand/lime), 65.2% and 27.1% respectively. Furthermore, the percentage of vegetation to total 
area was 77.0%, therefore over three fourths contained vegetated cover. The function of these 
UBI resulted in 93.4% as Undefined and 100% were disconnected to other water types.  
 
This cluster group was distributed across all of Amsterdam unlike the first cluster (Fig. 10). 
While the main function of Cluster A was Undefined, further assessment of the landscape 
revealed that these UBI have multipurpose uses such as recreational, which is also noted in the 
remote sensing data, and can also serve as habitats for species. Although ecopassages were not 
noted as one of the primary functions of these UBI, the field visits revealed that they offer an 
opportunity to serve as such spaces. Figure 9b provides an image of one of the UBI visited 
while collecting the water samples for phase 2. Based on field observations and a literature 
review, the cluster was renamed to Riparian Zones.  
 
Figure 10. Cluster B map and image of one of the UBI landscapes.   
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Cluster C accounted for 6.4% of the total UBI and unlike the first two clusters it had a relatively 
low vegetation cover compared to the total areas, 15.0%. The connectivity of these UBI was 
100% No and 81.0% of the UBI were Undefined for their function. Water types for this cluster 
group vary greatly between all categories except for RMB: rivers (Table 5).  
 
Cluster C included UBI mainly along the central area of Amsterdam and a few sporadic 
infrastructures in the other districts (Fig. 11). The functions for this cluster involved more urban 
services as these infrastructures were within the vicinity of urban spaces. Therefore, based on 
literature and the field assessment, this cluster was renamed to Urban Blue.  
 
Figure 11. Cluster C map and image of one of the UBI landscapes.   

 
 
Cluster D, while only 0.1% of all UBI, had the highest total area of 15 km2. The vegetation 
cover in proportion to the total area was only 5.0%. In terms of connectivity, these UBI were 
split evenly between 50% connected and 50% disconnected to other water types. The four main 
water type categories identified were MBR: Brackish Waters (50.0%), MGD: Large Lake 
(12.5%), MMD: Moderately Large Lake (12.5%), and OVE: Other Waters (25%). The function 
of these UBI ranged from Ecopassages 37.5%, Other 25% and Undefined 37.5%.  
 
Further analysis revealed that total area was the main contributor to the classification of this 
cluster. In fact, only 8 individual UBI made up the entire cluster, but had the highest total area. 
Although the number of UBI in this group is relatively small, the impact these water bodies 
can have on the city is greater than others. This is because the main UBI identified in this 
cluster lie at the center of the city in the IJ bay (Fig. 12). Therefore, the functions and use of 
these blue infrastructures can vary greatly considering the vegetation cover in proportion to the 
size of the water is also low. Based on an assessment of the landscape from the remote sensing 
data and field visit, the cluster was renamed to Concrete Jungle, to highlight this group as a 
primary area of focus for water and environmental monitoring. 
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Figure 12. Cluster D map and image of one of the UBI landscapes.   

 
 
Cluster E consisted of 10.0% of the total UBI and had over half of the vegetation cover in 
proportion to the total area, 52.0%. The Water types within the group included MKO: Shallow 
Pools (sand/lime) 0.2%, MKV: Shallow Peat Pools 24.2%, MMD: Moderately Large Deep 
Lakes 6.1%, MSL: Ditches 37.5%, ONB: Undetermined 21.7%, OVE: Other 10.2% and RMB: 
Rivers 0.1%). The functions varied between all categories except for Water Management. The 
dominant function however was Undefined with 83% and followed with Other and Water 
Purification as second and third highest percentages, 6.9% and 4.2%  
 
The characteristics of Cluster E varied greatly between each variable that identified the group. 
Nonetheless, this type of blue infrastructure could be spotted across all of Amsterdam (Fig. 
13). In efforts to create a name which captured the variability among the type of water, function, 
and connectivity this group had, the cluster was renamed to Blue Pool.  
 
Figure 13. Cluster E map and image of one of the UBI landscapes.   

 
 
Cluster F accounted for 12.6% of the total UBI and the third highest proportion of vegetation 
cover to total area at 73.0%. The connectivity of these water areas was 100% connected to 
other water types and infrastructures. As for the water type, this cluster group included all 
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categories for the exception of MGD: Large Lakes. The main function of this cluster group was 
Undefined 72.1% and followed by Other 15.8% and Ecopassages 11.9%.  
 
A descriptive analysis of Cluster F showed that it had the highest number of ecopassages across 
all UBI clusters. This was further supported by the connectivity of these infrastructures across 
Amsterdam as seen in figure 14. Furthermore, the vegetation ratio to total area was relatively 
high making it feasible to support more ecological services. Based on literature and an 
assessment of the landscape data, the cluster was renamed to BioHotspot Corridor. 
 
Figure 14. Cluster F map and image of one of the UBI landscapes.   

 
 
Lastly, Cluster G included 9.4% of the total UBI identified in Amsterdam. This group had the 
second highest total area for the cluster at 11.29 km2. The vegetation to total proportion was 
30.0% and all UBI in this group were connected to other water types. The main water type 
found in this cluster group was MBR: Brackish Water and the main function was Other, 47%, 
followed by Undefined with 42.3% of the total count.  
 
Cluster G appeared more localized in areas that are already developed and for this reason had 
a lower proportion of vegetation cover to total area within the 10-meter buffer surrounding the 
UBI (Fig. 15). The high connectivity among these UBI provides an opportunity to foster on the 
functions that are undefined to promote more recreational and ecological services. Therefore, 
to highlight the potential to reinvent these UBI to sustain more services for urban residents the 
cluster was renamed to Residential Hub.  
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Figure 15. Cluster G map and image of one of the UBI landscapes.   

 
 
  



Table 5. Frequency of variables in each UBI cluster. 
 Cluster A Cluster B Cluster C  Cluster D Cluster E Cluster F Cluster G 

Total Area (km2) 9.72 4.79 8.23 15.12 6.60 7.32 11.29 

Vegetation (km2) 8.67 3.67 1.25 0.81 3.45 5.38 3.41 

Connectivity  

  

 
  

 
 

  

Water Type 

 
   

 
  

Function 
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UBI Typology Nomenclature  
Based on a literature review on urban planning and ecology and a descriptive analysis of each 
cluster, names for all seven clusters were created to represent the groups. These names were 
meant to provide clarity among the different groups and make it accessible for people to review 
and distinguish the type of UBI in their surrounding neighborhoods. Note that these names 
were selected to identify the UBI in Amsterdam and would not be directly transferable to other 
urban cities. Therefore, it is advised that these names are used as inspiration and guidance 
rather than for replication purposes. Figure 16 provides a visualization map of the distribution 
of clusters across Amsterdam with their typology names.  
 
Figure 16. Map of the UBI Typology in Amsterdam. 

 

Water Quality  
Physical and chemical characteristics of 19 UBI  
The surface water temperatures ranged from 6.9 to 10.2°C with an average of 8.6°C. The pH 
ranged from 6.55 to 8.13 with an average of 7.64 and salinity measurements were between 0.34 
to 3.49 PSU with an average of 0.87 PSU. The turbidity ranged from 0 to 19.53 NTU and DO 
ranged from 8.32 L to 22.51 mg/L, with averages at 6.22 NTU and 11.89 mg/L.  
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There were two outliers for conductivity measurements, sample 15 at 2,362.02 μS/cm and 
sample 16 at 2,476.56 μS/cm. The remaining samples ranged from 489.67 to 1237.46 μS/cm 
and with an average of 969.56 μS/cm. The chlorophyll-a measurements had a greater range 
from 3.68 to 115.88 µg/L with sample 15 at a much larger measurement of 296.76 µg/L. The 
average concentration of chlorophyll-a was 52.14 µg/L.  
 
Dissolved metals have a method detection limit (MDL) to define the minimum measured 
concentration of a substance. The measurement concentrations were 0.0015 mg/L, 0.0009 
mg/L, and 0.0032 mg/L for Cu, Fe, and Zn, respectively. Copper concentrations ranged from 
0.011 to 0.03 mg/L, Iron ranged from 0.002 to 0.203 mg/L, and Zinc had concentrations from 
0.0032 to 0.012 mg/L. Lastly, total bacteria counts from the samples ranged from (0.94 x 103 

CFU/mL) to (56.36 x 103 CFU/mL). The average count for bacteria was (18.93 x 103 CFU/mL). 
The water quality properties for all 19 surface water samples are listed in table 6.  
 
  



Table 6. Physical and chemical properties of the 19 surface water samples. Temp: Temperature. EC: Electric Conductivity. TB: Total 
Bacteria. NTU: Turbidity. DO: Dissolved Oxygen. PSU: Salinity. Cu: Copper. Fe: Iron. Zn: Zinc.  
(*Method Detection Limit (MDL): Cu 0.0015; Fe 0.0009; and Zn 0.0032) 

Sample pH  DO (mg/L) NTU TB (103/mL) Temp (°C)  EC (μS/cm) Salinity PSU Chlorophyll a (µg/L) Cu (mg/L)* Fe (mg/L)* Zn (mg/L)* 

1 6.55 8.52 6.66 55.6 8.60 648.88 0.47 49.52 0.015 0.203 0.012 

2 7.28 11.92 0.00 36.25 6.89 768.15 0.58 12.44 0.011 0.008 <0.0032 

3 7.38 11.70 2.92 9.25 8.43 771.58 0.56 13.43 0.013 0.004 <0.0032 

4 7.04 9.99 11.85 15.3 8.18 782.05 0.57 115.88 0.018 0.077 0.009 

5 7.19 10.59 6.29 56.36 8.78 918.65 0.67 47.43 0.015 0.110 <0.0032 

6 7.86 11.32 0.50 10.94 7.86 704.60 0.52 3.82 0.021 0.002 <0.0032 

7 7.70 11.99 0.48 2.88 7.87 704.69 0.52 3.68 0.013 0.003 <0.0032 

8 7.92 13.66 6.49 45.11 10.03 794.67 0.56 67.27 0.026 0.042 <0.0032 

9 7.81 11.27 0.01 9.26 8.63 732.05 0.53 4.58 0.023 0.004 0.005 

10 7.65 9.05 2.44 34.21 8.28 1,237.46 0.93 15.74 0.027 0.042 0.007 

11 7.58 8.32 7.76 2.26 8.89 1202.61 0.88 21.94 0.015 0.028 0.007 

12 7.88 14.92 10.37 5.43 10.20 873.83 0.61 48.79 0.014 0.042 0.010 

13 7.79 12.50 14.94 15.67 9.69 846.98 0.60 61.27 0.020 0.027 0.010 

14 8.02 11.13 8.81 38.93 9.18 742.78 0.53 27.06 0.021 0.157 <0.0032 

15 7.69 22.51 7.65 7.92 7.96 2,362.02 1.84 296.76 0.028 0.016 <0.0032 

16 7.98 11.32 4.45 3.8 8.65 2476.56 1.90 52.07 0.030 0.181 0.006 

17 8.13 11.15 19.53 4.06 9.15 489.67 0.34 81.91 0.024 0.027 <0.0032 

18 7.76 10.76 2.13 0.94 7.91 798.79 3.49 6.38 0.017 0.003 0.006 

19 7.91 13.20 4.85 5.43 8.91 565.63 0.40 60.72 0.017 0.015 <0.0032 
 



35 
 

Further analysis of the data collected from the field showed that the water temperatures were 
about 2° higher than the average temperatures recorded in the month of March. The water 
temperatures are on average between 4.1 to 8.2 °C (World Sea Temperature, 2020). However, 
in the previous month there had been freezing temperatures below 0°C which froze many of 
the surface waters in Amsterdam. Therefore, deviations of average temperatures such as this 
could be due to the drastic change in the weather. For this reason, water quality monitoring is 
typically performed several times in a year to look more objectively at the variation between 
water quality due to the seasonal changes. Nonetheless, while for this study this was not 
possible, the data gathered still provided a valuation of the current state of these UBI waters 
(see Appendix 4 for water KPI boxplots).  
 
Other noticeable outliers from the data included TB, Fe, and Zn. Based on the assessment of 
the data, these three KPI had several outliers. As this was part of the laboratory testing, the 
uncertainty analysis was much greater for these indicators. Additionally, these samples were 
tested in the lab in a span of one month. This also contributed to the uncertainty levels as 
reactions in the water could have continued even after fixing the water samples with their 
appropriate solutions.  
 
While uncertainty levels will remain constant throughout any laboratory testing, it is important 
to streamline the process as much as possible to eliminate any additional errors analysis.  Due 
to the restrictions with covid-19 and the limited spaces available to perform testing at the 
University this was nearly impossible for this study. Yet it is recommended that for further 
studies a clear schedule to perform the tests is implemented to avoid leaving water samples 
untested for long periods of time.  
 
After analyzing the water quality data with the PCA, the results revealed that 92.9% of the 
cumulative variance between the water quality data was from the first 7 dimensions (Table 7). 
These dimensions included pH, dissolved oxygen, turbidity, total bacteria, temperature, electric 
conductivity, and salinity. The scree plot in figure 17 orders the eigenvalues based on a partition 
of the total common variance each dimension accounts for. Dimension 1 had the highest value 
of 23.264% and the lowest value was from dimension 11 with less than 0.002%, not displayed 
in the chart due to its relatively low percentage. To reduce the number of dimensions, only 90% 
of the cumulative variance needed to be explained from the original characteristics. Therefore, 
only the first 7 dimensions were considered to perform the multivariate analysis.  
 
Table 7. Cumulative variance percent per water quality dimension.  

 
Cumulative Variance 
Percent 

Dim. 1 23.264 

Dim. 2 44.837 

Dim. 3 60.763 

Dim. 4 73.137 
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Dim. 5 81.562 

Dim. 6 88.466 

Dim. 7 92.889 

Dim. 8 96.242 

Dim. 9 98.969 

Dim. 10 99.998 

Dim. 11 100.000 

 
 
Figure 17. Scree plot of the eigenvalues. 

 
 
Further analysis of the 7 dimensions was performed to assess how the characteristics of each 
original water quality parameters correlated to each other. Figure 17 displays a loading plot 
that represents the correlation between all variables which are displayed as vectors weighted 
against dimensions 1 and 2.  This is because dimensions 1 and 2 are the two principal 
components accounting for the highest variance in the dataset. Based on this plot, it can be 
concluded that electric conductivity and salinity are positively correlated to each other. Further 
review of this correlation shows that as salt dissolves in water it separates into positive and 
negative ions that are necessary to conduct an electrical current (Clean Water Treatment, 2004). 
Therefore, when one increases so does the other.  
 
Turbidity and temperature also have a positive correlation since suspended particles in the 
water can more efficiently absorb heat from solar radiation than water (Paaijmans et al., 2008). 
On the other hand, total bacteria and dissolved oxygen as well as pH and total bacteria diverge 
and form close to 180°, meaning that these are negatively correlated to each other. Literature 
shows that total bacteria requires DO to decompose of organic matter, therefore, as total 
bacteria increase the availability of DO decreases (Spietz et al., 2015).  
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Figure 18. PCA loading plot.  

 
 
The Shapiro-Wilk test for normality revealed that the data was not normally distributed. All 
variables had p-values less than 0.05. After the data was normalized using the log 
transformation method, the data adjusted to a common scale and the p-values for pH, dissolved 
oxygen, turbidity, total bacteria and temperature were less than 0.05 (Table 8). This inferred 
that the distribution was not significantly different from normal distribution. However, electric 
conductivity and salinity had p-values of 0.0291 and 0.0223. This means that the available data 
from these two variables was not sufficient to perform the multivariate analysis against the UBI 
typology clusters. Therefore, electric conductivity and salinity were removed from further 
analysis using MANOVA.  
 
Table 8. Shapiro-Wilk normality test results.  

 Shapiro-Wilk test Normalized P-values 

pH P-value = 1.307e-05 P-value = 0.5534 

Dissolved Oxygen (DO) P-value = 1.345e-08 P-value = 0.319 

Turbidity (NTU) P-value = 6.563e-05 P-value = 0.1742 

Total Bacteria  P-value = 4.643e-15 P-value = 0.997 

Temperature  P-value = 0.008901 P-value = 0.9999 

Electric Conductivity  P-value = 3.215e-12 P-value = 0.0291 

Salinity (PSU) P-value = 1.286e-12 P-value = 0.0223 
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Using MANOVA, a significance level of p < 0.05 was used with a degree of freedom of 6 to 
measure whether the effect of the dependent variables on the independent variables was 
statistically significant. From all five principal components analysed, only total bacteria were 
statistically significant with a p-value of 0.03216. The variables pH, DO, and turbidity had p-
values of 0.2269, 0.3631, and 0.1684, respectively. Interestingly, temperature had a lower p-
value of 0.06408 but still did not pass the statistical significance level.  
 
Therefore, it can be concluded that there is a correlation between UBI cluster and the quantity 
of total bacteria. The other KPI variables, while significant for water quality monitoring, did 
not show a strong relationship to the UBI cluster groups. However, while this analysis showed 
no relationship, there were some limitations to account for. The number of samples used to 
perform the correlation analysis was the most important contributor. It is recommended that 
for further research on this correlation between a type of UBI and water quality indicators, that 
the number of sample size increases to normalize the distribution of data and reassess which 
KPI have the highest variance. Moreover, it is also important to collect and test the samples 
throughout a temporal distribution to account for the potential effects of climate on water 
quality based on seasonal changes.  
 
Table 9. MANOVA p-value results. 

Response 1: pH 

 Df  Sum Sq  Mean Sq  F value  Pr(>F) 

Clusters 6 1.2405  0.20674 1.6107 0.2269 

Residuals  12 1.5403 0.12836    

 

Response 2: DO  

 Df  Sum Sq  Mean Sq  F value  Pr(>F) 

Clusters 6  63.55  10.5916   1.2153  0.3631 

Residuals  12 104.59       8.7156   

 

Response 3: Turbidity 

 Df  Sum Sq  Mean Sq  F value  Pr(>F) 

Clusters 6 169.46   28.244   1.8663 0.1684 

Residuals  12 181.61   15.134    

       

Response 4: Total Bacteria  
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 Df  Sum Sq  Mean Sq  F value  Pr(>F) 

Clusters 6 4074.7   679.12   3.4538  0.03216 * 

Residuals  12 2359.6   196.63   

          

Response 5: Temperature  

 Df  Sum Sq  Mean Sq  F value  Pr(>F) 

Clusters 6 6.8448  1.14080   2.7511  0.06408 

Residuals  12 4.9761    0.41467   

Limitations  
There were three main limitations identified in this research that require improvements to 
enhance this study. The first is the availability and use of remote sensing data to identify UBI 
and landscape variables. It is recommended that more high-resolution datasets are used in 
continuation of this research to provide more accurate assessment of the landscapes. Secondly, 
the number of water samples collected was too low and limited to one period in the year. 
Therefore, to provide a more comprehensive analysis of the water quality, more samples 
throughout a longer period, such as a year is recommended. Lastly, due to limited lab spaces 
because of covid-19 an additional KPI could not be assessed in the laboratory within the 
timeframe for this research. This was the assessment of two nutrients, nitrate and total 
phosphate. These nutrients were identified in the research proposal as one of the indicators that 
could link anthropogenic activities with water quality. While it was not possible to assess in 
this study, it is still identified as an important indicator for studies on water quality of UBI.  
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Conclusion  
Urban blue infrastructures (UBI) are the path towards a more sustainable urban city. These blue 
spaces offer several ecosystem services that can promote a healthy urban environment. 
Nonetheless, the study of these infrastructures and how they can improve the sustainability of 
an urban city is still in the initial research stages. This study aimed at addressing the knowledge 
gap between UBI and how the type of infrastructure can affect water quality with the following 
research questions. 1) What are the different UBI identified in Amsterdam based on remote 
sensing data? (2) How does the water quality differ across the various types of UBI in 
Amsterdam? and (3) Which type of UBI shows a positive relationship with good water quality?  
 
Based on different theories applied to the study of green spaces, the first research question was 
answered using remote sensing data and a set of landscape variables. A typology was created 
that identified 7 types of UBI present in Amsterdam’s current urban setting. These 7 types of 
UBI were renamed to a) Green Oasis, b) Riparian Zone, c) Urban Blue, d) Concrete Jungle, e) 
Blue Pool, f) BioHotspot Corridor and g) Residential Hub. Furthermore, the typology revealed 
that many of the UBI in Amsterdam are mainly used for water management and have been 
highly modified from their original structures. This offers an opportunity develop projects that 
can help expand the functions and structures of these UBI towards more multi-use spaces that 
urban resident and species can benefit from in a city.  
 
To answer the second research question water quality assessments were performed using 
physical, chemical, and biological indicators. These assessments were conducted across 
Amsterdam based on locations that have been identified in the Municipality of Amsterdam’s 
Housing Plan 2040 and that may change the landscape of the UBI. While all typology groups 
exhibited safe standards of water, there were a few sites which showed outliers for some of the 
KPI. This was difficult to verify if it was linked to the type of UBI since the sample size was 
relatively low. As a result, the third research question was only partially answered.  
 
In effort to provide some insight on this last research question, a modified application took 
place to look at how the individual KPI could link to a type of UBI. Based on this approach, it 
appeared that total bacteria showed a relationship to the type of infrastructure. The other KPI 
did not show a relationship to the type of infrastructure. While my hypothesis that there was a 
clear correlation between UBI type and water quality was not supported through this study, it 
was also not refuted completely. Therefore, this can serve as an initial study which looks more 
closely at the methodology and how to select more concrete variables and KPI which can 
identify the relationship between water quality and UBI in a city. By understanding this 
relationship, a bridge between science and urban planning can help develop more sustainable 
cities that promote blue spaces for nature-based solutions.  
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Appendices  
  



Appendix 1: Remote Sensing Data 

High resolution geospatial data was used for creating the UBI typology using a multivariate clustering technique. Table 10 provides an overview of the datasets 
gathered for each variable and to identify all water bodies in Amsterdam. This data was collected from various sources including the European Commission 
Global Surface Water Explorer, European Union Copernicus, the Government of the Netherlands (Rijksoverheid), PBL Netherlands Environmental Assessment 
Agency, and the Municipality of Amsterdam. 

The remote sensing data obtained for this assessment required high resolution to provide finer imagery and distinguish between minor differences in the study 
region. Therefore, the data used in this study does not exceed a 10-m spatial resolution except for the Global Surface Water Explorer data.  

 

Table 10.  Remote Sensing Data, Sources and Function.  

Data Source Resolution Description 

Global Surface Water Explorer - 
Occurrence and Recurrence  

European Commission  30m Global visualizing water datasets. Data includes recurrence surface water data 
from 1984 to 2019 and water occurrence data from 2000-2019.  

Basemap Surface Waters in the 
Netherlands  

PBL Netherlands Environmental 
Assessment Agency 

10m Basemap of aquatic water types is a dataset with the location of the Dutch surface 
water. 

City of Amsterdam - General Area 
Subdivisions 

Municipality of Amsterdam  
(Maps.Amsterdam.nl) 

- This GeoJSON file includes data on the city and district boundaries needed to 
identify the study area.  
  

Vegetation and environment cover 
in the NL 

Atlas Living Environment  
(Rijksoverheid) 

10m Raster file includes vegetation coverage data based on trees, shrubs and plants in 
the Netherlands. 

Imperviousness Density (IMD) Copernicus Team at the European 
Environment Agency 

10m  Data includes the percentage of sealed area that is mapped for each status layer for 
any of the 5 reference years - 2006, 2009, 2012, 2015, and 2018. 

Main green structure (HGS) Municipality of Amsterdam  
(Maps.Amsterdam.nl) 

- The GeoJSON file includes information on the type of green structures and area 
(m2) according to the Structural Vision Amsterdam 2040 plan.  

Ecopassages Municipality of Amsterdam  
(Maps.Amsterdam.nl) 

- The GeoJSON file includes data regarding spaces in Amsterdam which are signif-
icant for species connectivity to other regions within the city. Data also provides 
an overview of the animal species, management area, and year it was developed.  



Trees Part 1-4  Municipality of Amsterdam  
(Maps.Amsterdam.nl) 

- This GeoJSON file serves to identify tree coverage in Amsterdam with point fea-
tures to validate green coverage in the city.  

Housing Plans - Strategic Space  Municipality of Amsterdam 
(Maps.Amsterdam.nl) 

- The GeoJSON file includes polygon features to identify regions of Amsterdam 
which are included in the Structural Vision Amsterdam 2040 plan for sustainable 
urban development by 2040.  

 

  



Appendix 2: UBI Cluster Descriptive Statistics 
Table 11. Frequency of variables in each UBI cluster group.  

 Cluster A Cluster B Cluster C  Cluster D Cluster E Cluster F Cluster G 

Count (n) 5,223 
(53.6%) 

773 
(7.9%) 

621 
(6.4%) 

8 
(0.1%) 

975 
(10%) 

1,232 
(12.6%) 

921 
(9.4%) 

Total Area (km2) 9.72 4.79 8.23 15.12 6.60 7.32 11.29 

Vegetation (km2) 8.67 3.67 1.25 0.81 3.45 5.38 3.41 

Proportion of Vegetation Cover to Total Area  89% 77% 15% 5% 52% 73% 30% 

Connectivity  
  Yes 
  No 

 
123 (2.4%) 
5,100 (97.6%) 

 

773 (100%) 

 

621 (100%) 

 
4 (50%) 
4 (50%) 

 

975 (100%) 

 
1,232 (100%) 
 

 
921 (100%) 
 

Water Type 
  MBR 
  MGD 
  MKA 
  MKO 
  MKV 
  MMD      
  MSL 
  ONB 
  OVE 
  RMB 

 
5,221 (99.96%) 
- 
- 
2 (0.04%) 
- 
- 
- 
- 
- 
- 

 
504 (65.2%) 
34 (4.4%) 
25 (3.2%) 
210 (27.1%) 
- 
- 
- 
- 
- 
- 

 
356 (57.3%) 
114 (18.4%) 
7 (1.1%) 
72 (11.6%) 
15 (2.4%) 
16 (2.6%) 
25 (4%) 
13 (2.1% 
3 (0.5%) 
- 

 
4 (50%) 
1 (12.5%) 
- 
- 
- 
1 (12.5%) 
- 
- 
2 (25%) 
- 

 
- 
- 
- 
2 (0.2%) 
236 (24.2%) 
59 (6.1%) 
366 (37.5%) 
212 (21.7%) 
99 (10.2%) 
1 (0.1%) 

 
3 (0.2%) 
- 
13 (1.1%) 
129 (10.5%) 
255 (20.7%) 
60 (4.9%) 
608 (49.4%) 
146 (11.9%) 
2 (0.2%) 
16 (1.3%)  

 
699 (75.9%) 
2 (0.2%) 
88 (9.6%) 
68 (7.4%) 
45 (4.9%) 
10 (1.1%) 
9 (1.0%) 
- 
- 
- 

Function 
  Water Management 
  Water Purification  
  Ecopassages 
  Harbor 
  Other 
  Recreational 
  Undefined 

 
5200 (99.6%) 
- 
- 
23 (0.4%) 
- 
- 
- 

 
- 
- 
- 
- 
47 (6.1%) 
4 (0.5%) 
722 (93.4%) 

 
10 (1.6%) 
- 
26 (4.2%) 
1 (0.2%) 
74 (11.9%) 
7 (1.1%) 
503 (81%) 

 
- 
- 
3 (37.50%) 
- 
2 (25%) 
- 
3 (37.5%) 

 
- 
41 (4.2%) 
38 (3.9%) 
8 (0.8%) 
67 (6.9%) 
11 (1.1%) 
810 (83.1%) 

 
- 
- 
146 (11.9%) 
2 (0.2%) 
195 (15.8%) 
1 (0.1%) 
888 (72.1%) 

 
20 (2.2%) 
- 
77 (8.4%) 
- 
433 (47%) 
1 (0.1%) 
390 (42.3%) 
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Appendix 3: Water Sample Coordinates 
Description: Coordinates for the locations where each water sample was collected from in 
Amsterdam.  
 
Table 12. Location coordinates for each water sample collected in the field.  

Sample 
Point 

Latitude  Longitude  

1 52° 18.281 05° 00.003 

2 52° 18.295 04° 59.977 

3 52° 18.229 04° 59.868 

4 52° 18.126 04° 58.350 

5 52° 18.329 04° 57.273 

6 52° 20.074 04° 49.898 

7 52° 19.980 04° 49.865 

8 52° 20.102 04° 49.937 

9 52° 19.974 04° 51.236 

10 52° 20.467 04°50.847 

11 52° 20.664 04° 52.558 

12 52° 25.242 04° 52.774 

13 52° 25.409 04° 53.333 

14 52° 25.453 04° 53.473 

15 52°24.924  04° 53.694 

16 52° 24.931 04° 53.781 

17 52° 24.923 04° 53.713 

18 52° 24.386  04° 53.277 

19 52° 24.330  04° 53.832 
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Appendix 4: Water Quality KPI Boxplots  
Description: Water Quality KPI boxplots to determine distribution of data across all variables (pH, 
turbidity, DO, total bacteria, electric conductivity, temperature, salinity, chlorophyll-a, Cu, Fe, and 
Zn).   
pH         Turbidity (NTU) 

  
 
Dissolved Oxygen (mg/L)     Total Bacteria (103/mL) 

 
 
Electric Conductivity (μS/cm)      Temperature (°C) 
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Salinity (PSU)        Chlorophyll-a (µg/L) 

 
 
  
Copper (mg/L)       Iron (mg/L) 

 
 
Zinc (mg/L) 
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Appendix 5: Water Quality KPI Q-Q Plots  
Description: Water Quality KPI Q-Q Plots to determine distribution of data across all variables (pH, 
turbidity, DO, total bacteria, electric conductivity, temperature, salinity, chlorophyll-a, Cu, Fe, and 
Zn).   
 
pH        Turbidity  

  
 
Dissolved Oxygen      Total Bacteria  

  
 
Electric Conductivity      Temperature  
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Salinity       Chlorophyll-a 

  
 
Copper       Iron 

  
 
Zinc 
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