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anotation


Some common mistakes
The word “data” is plural, not singular.
The word “information” is singular, not plural.
Do not use the word “essentially” to mean “approximately” or “effectively”.
Be aware of the different meanings of the homophones “affect” and “effect”, “complement” and “compliment”, “discreet” and “discrete”, “principal” and “principle”.
The prefix “non” is not a word; it should be joined to the word it modifies, usually without a hyphen.
There is no dot after the “et” in the Latin abbreviation “et al.”.
The abbreviation “i.e.” means “that is”, and the abbreviation “e.g.” means 
“for example”.
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Introduction
Cities and urban areas are very important elements for human development, creativity, and growth. People living in urban areas need adequate conditions that provide everything to the residents. According to Dye, (2008), a city is a place where people spend most of their time, and it should be healthy for human well-being.
When people are asked about the surroundings of their area, they have different feelings about it. Some people feel safe, and some people feel that some things need to change. So, city planners should consider the feelings of people to make the area more convenient to live in for citizens.
To record the feelings of people, there is a platform called EmotionalMaps.eu, created by (Pánek et al., 2021). It is a very important emotional mapping project in the Czech Republic. In Prague, in 2021, during the COVID-19 pandemic, people used this to express their feelings on different aspects. It was basically an online survey, more than 98,000 marks and 30,000 comments were added during the survey. The seven aspects are safety, free time, green space, traffic hazard, civic pride, need for change, and waste bin management.
So, citizens of Prague shared their experience of what they feel about the city, but they did not give any reason why. To understand their perception better, satellite indicators from Copernicus were used indicators such as NDVI, LST, NO₂, and imperviousness. My study aims to combine citizen perception with satellite data to see the patterns that people cannot see but can be measured from space.
In this thesis, I analyzed the seven aspects with satellite indicators. The whole area of Prague was aggregated with a hexagonal grid of 1 km² spatial resolution. As my data is not normally distributed, I used Spearman correlation and OLS regression model. The final output is a bivariate map to visualize the overall output and show the connection.
My main research question is: how can satellite data and emotional mapping be combined to show the spatial pattern of citizen perception? There are three sub-questions: which satellite indicators are connected with the perception topics; how marks relate to the environment of Prague; and whether bivariate maps can show mismatches between perception and environment.





[bookmark: _Toc235886865]objectives
The aim of my diploma thesis is to create an interactive visualization of an open dataset from participatory mapping and to explore possibilities for integrating Earth Observation data into the spatial analysis and visualization process. The main focus of this thesis is to analyze the spatial relationship between citizens' perception of the urban environment and satellite indicators across Prague.
To achieve this goal, literature about emotional mapping, PPGIS, built environment, and environmental quality assessment was reviewed. The final outcome will be presented through statistical analysis, OLS regression model, Spearman correlation, bivariate maps, and finally an interactive web application.
During the spatial analysis, the area of Prague was aggregated into hexagons. The satellite indicators were then combined with these hexagons in ArcGIS Pro. These indicators were also analyzed using Spearman correlation and OLS regression. Through user testing, the effectiveness of the dashboard was evaluated to understand the spatial pattern for both general users and professionals.
The objectives of this master's thesis can be structured and divided as follows:
Theoretical sub-goals:
· Reviewing related journals and articles about the study topic.
· Understanding the conceptual framework connecting citizen perception with satellite indicators.
· Studying the previous works about environmental quality assessment.
Practical sub-goals:
· Processing and normalizing the dataset from EmotionalMaps.eu.
· Extracting and processing environmental indicator from Copernicus using Google Earth Engine.
· Running Spearman correlation and OLS regression between citizen marks and indicators.
· Combining the Urban Stress Index using multiple environmental indicators
· Producing bivariate choropleth maps in ArcGIS Pro to visualize the spatial and satellite data.
· Designing and implementing an interactive web-based mapping application showcasing the data of Prague city.
· Finally, evaluating the dashboard through usability testing to improve the quality for both general users and professionals


[bookmark: _Toc235886866]
State of the art
Urban environments are both physical and perceptual spaces for humans. There are a lot of environmental indicators such as vegetation cover, land surface temperature, nightlight emission, water proximity using satellite imagery and remote sensing, but these measurements alone cannot tell us how people experience and evaluate the environments they live in. Here comes participatory mapping which has structured methodology that captures the spatial dimension of subjective urban experience, enabling researchers and planners to connect what can be measured from above with what is felt from the ground.
Public Participation GIS (PPGIS), is used to record citizens perception, preferences and experience of a specific location which is referred as volunteer geographic information VGI. It is called “citizen as sensors” which is marked by (Goodchild, 2007) that advocate special knowledge of urban resident make a form of geographic data that compliment expert generated datasets. Safety of environment, attractiveness, accessibility and emotional associations are structured and it can be reliable through digital crowdsourcing platforms. (Brown & Kyttä, 2014). Through the Web based emotional mapping (Pánek, 2019) increased this tradition and pointing that participatory data at a largest scale for city produces especially coherent output when analyses is correct.
Satellite derived environmental indicators provide a powerful analytical framework when they combined with GIS data. Remote sensing can detect the build environment at high special and temporary resolution where participatory mapping can measure what people can feel, see and what is their demand for their environment. Correlating these two data streams allows researchers to test whether objective environmental conditions vegetation density, illumination, surface temperature, imperviousness correspond to subjective citizen experience. This has both theoretical significances, as it tests the validity of environmental psychology theories at city scale, and practical relevance for urban planners and policymakers seeking to identify spatial priorities for investment in greening, lighting, or infrastructure.
This study uses the Emotional Map of Prague (Pánek et al., 2021) a Czech participatory web-mapping platform through which residents recorded georeferenced responses to some predefined questions covering safety, leisure activity, green space demand, traffic hazard, civic pride, environmental dissatisfaction, and waste bin adequacy. These seven topics were selected because each has an established theoretical and empirical link to satellite-derived environmental indicators that can be extracted and analyzed using a consistent spatial framework. The following sections review the relevant theoretical and empirical literature for each topic in turn.
[bookmark: _Toc235886867] Safety Perception and Urban Environment Indicators
People's emotions are strongly linked with the places they visited and it could be considered safe for unsafe, pleasant or ugly, favorite or boring other emotions indicator (Pászto et al. (2016), n.d.). Urban safety perception is a fundamental component of urban quality of life. It explains where people go, spend their free time, socialize and shape the overall neighborhood (Cozens et al., 2005). The actual crime rate is influenced by some factors, including vegetation density, lighting quality, spatial layout and presence of other people. Here, the physical environment plays an important & direct role in shaping how safe people feel.
There are two aspects that have been found in environmental criminology and environmental psychology on perceived safety. The first aspect is environmental that allow people to see and be seen to feel safe. It is all about natural surveillance and visibility (Jacobs, n.d.; Newman, n.d.) The second one tends to have a psychological effect of the natural environment, such as green space, which could reduce stress and feelings of calm within the environment. (Kaplan’s (1995), n.d.; Kondo et al., 2016). Each aspect is important to detect fear of crime, which can affect humans’ everyday life behavior and decrease the quality of life in general.
[bookmark: _Toc235886868]Why NDVI and Nighttime Lights Were Selected
To detect urban safety perception in the built and natural environment, which is associated with the physical characteristics, two remote-sensing indicators were selected as primary predictors in this study: the Normalized Difference Vegetation Index (NDVI) and nighttime light intensity derived from NOAA VIIRS composites. Based on established theoretical frameworks and prior empirical work, these indicators were chosen.
Attention Restoration Theory is used to link safety perception with vegetation (Kaplan, 1995), which suggests that natural environments reduce mental stress and therefore lower stress-related anxiety. Statement provided by (Kondo et al., 2016) for the negative relationship between greenery and crime fear, which said that when vacant lots in Philadelphia are filled with vegetation, people feel safer than before. In Olomouc, Czech Republic, urban contexts are addressed by (Pászto et al. (2016), n.d.) who analyzed urban patterns and found that people who live near green areas are happier and more positive than people who live without greenery.
Street lighting can connect with people's safety at night. In that paper (Painter, 1996) showed that improved lighting in the street reduces fear of crime in urban areas. Also (Welsh & Farrington, 2008) said that brighter and more active spaces provide more comfort and fewer reports of insecurity based on his study. It is considered that nighttime light intensity from VIIRS is a second indicator alongside NDVI, where bright hexagons show less security concern in that area.

[bookmark: _Toc235886869] Traffic Hazard Perception and the Built Environment
In environmental psychology, it is stated that build environment and safety around the area are connected. (Arnold & Gibbons, 1996). When the land is covered by hard surfaces, it affects the comfort of the pedestrian also affect negatively on the safety perception. (Arnold & Gibbons, 1996). (European Environment Agency (EEA), 2018) Provides land monitoring service to gain imperviousness data which is suitable for urban analysis.
Green space/green area feels less stressful even if there is traffic presents on that area. (Wolch et al., 2014a). In Attention Restoration Theory (Kaplan, n.d.; Kaplan’s (1995), n.d.) finds that vegetated environments remove cognitive fatigue and improve feelings of safety.
Data collected from ordinary citizens gives researchers a new way to find what people feel about their environment. (Goodchild, 2007) said that humans can behave like sensors; they can say what they feel, and they can turn into the main data source to the researchers. (Pánek, 2019) Also said that platforms like emotionalmap.eu actually work and they can provide meaningful information which can be used at city scale. When this data is aggregated and mapped to compare with satellite data like NDVI, it can tell the subjective and objective situation of that area. (Ewing & Cervero, 2010)
[bookmark: _Toc235886870]Free Time Activity and Urban Green Space
When people want to choose where they want to spend their free time, it not only depends on how green or pleasant the place is, but also on accessibility, people’s habits, and social context. Urban planners can benefit by knowing people’s activities if they want to design for the city. Research has found that people are consistently attracted to outdoor space which has more greenery and water around the area. It has a term called "green-blue space" in ecology.
[bookmark: _Toc235886871]Green Space as a Leisure Attractor
Parks and green areas are the most common places where people go for their leisure time. Research shows that where there is more NDVI, people frequently go there for their free time (Ekkel & De Vries, 2017). It results in a positive attitude for people for their recreational activity with Higher vegetation density, measured through satellite. (Wolch et al., 2014b). In my research, riverside parks and large forest fragments such as Divoká Šárka and Prokopské údolí also attract high volumes of leisure activity of people in Prague.
[bookmark: _Toc235886872]Blue Space and Water Proximity
Water bodies are considered a second important environmental indicator that can attract leisure and recreational activity. There is no alternative for a water body. People who live near the water body are more physically active and feel better. (Bertram & Rehdanz, 2015). In Prague, near the Vltava River corridor and the city's reservoir lakes spotted more free time activity in that area.
[bookmark: _Toc235886873]Participatory Data and Spatial Analysis of Leisure Preference
Platforms like emotionalmap.eu collect data on how people spend their free time in Prague at high spatial resolution. This survey data matches with administrative park use survey results when population bias is removed. (Brown & Kyttä, 2014). Population normalization is a methodological need for valid spatial analysis of VGI leisure data; without it, raw point counts would show the population bias of how many people live there, not for how many people actually spend their free time.

[bookmark: _Toc235886874] Green Space Perception and Vegetation Deficit
People's demand for urban green space depends on how much vegetation exists in that area and on people’s demographic information. In areas which has low NDVI create higher demand in participatory mapping results; this term is called signal deficit, which shows the lack of vegetation in their area.  (Kabisch & Van Den Bosch, 2017; Wolch et al., 2014b). 
Parks are used to make meaningful research on urban green space and health. (Dahmann et al., 2010; Wolch et al., 2014b). As it is associated with enhanced health, several studies have been involved with urban green space and physical activity. For example (Brownson et al., 2001; Roux et al., 2007)
There is also new research found that greenery increases the value of the property. (Chen, 2012) It potentially leads to gentrification and displace the low income residents. Even a very small amount of green space can drive up property prices higher in urban core areas, where there is huge density, fewer parks, and temperatures are the hottest. (Wolch et al., 2014b)

[bookmark: _Toc235886875] Proudness as a Spatial Emotion
Pride of urban residents comes from specific places and landmarks which carried special significance. (Lewicka, 2011). (Scannell & Gifford, 2010) stated in place attachment theory that attachment is not a personal thing; it is also social. People feel proud of a place because the whole community identifies with them.
Pride comes from a clear spatial pattern monitored from the satellite.  (Brown & Kyttä, 2014) clarified that urban qualities such as pride are structured and the information is gathered from the citizens of the specific area where they live. (Pánek, 2019) Also confirmed it through emotional mapping, which generates affective data including pride, fear, and happiness across the city.
Greenery makes people feel better, but pride is different, not being calm or relaxed. (Kaplan, n.d.; Ulrich, 1984) It is social judgment about a specific place that is popular, well maintained, and represents their city. (Wolch et al., 2014b) said that places that are well maintained tend to be in the center, high-income areas where people have their civic identity. It means that green areas, forests, could influence people to visit the place but cannot be the pride of people.
Night-time light (VIIRS) with bright lights provides busy and commercial places, more public interaction, and lively parts of the city. (Elvidge et al., 2017). Tree canopy cover from (Hansen et al., 2013) dataset is also included besides NDVI because mature trees are linked to pride more than general vegetation cover (Haaland & Van Den Bosch, 2015).

[bookmark: _Toc235886876] People's Perception and What They Need for Change
Urban environments are shaped by what people can see and what they can feel from their surroundings. "Need for change" is another aspect in emotional mapping which carries citizens' dissatisfaction in terms of feelings such as thermal stress, air pollution, traffic jams, inadequate green space, which are strongly needed and linked to urban planning. (Nassauer, n.d.; Zhang et al., 2019)
Land Surface Temperature (LST) is a widely used indicator for urban thermal stress. Cities get hotter than rural areas and create urban heat islands because their roads, rooftops, and pavement absorb sunlight and reflect it instantly around the area, whereas vegetation cools the environment. (Mirzaei, 2015; Oke, 1982). In Central European cities, summer heatwaves are intolerable; LST has become an important indicator of the thermal discomfort of the citizens. (Geletič et al., 2018)
Air quality is another factor of increasing urban stress. High-resolution NO₂ data are used from Sentinel-5P. (Veefkind et al., 2012) This helps to make city-scale pollution mapping, where elevated NO₂ is linked to reduced environmental satisfaction. (Hoek, 2022).
NDVI is considered another important indicator because areas with low NDVI are associated with environmental degradation and greater demand for improvement (Kondo et al., 2016; Wolfe & Mennis, 2012)
Different types of satellite indicators with citizen perception data proved that composite environmental stress indices thermal, atmospheric, and vegetation generate a stronger correlation than a single indicator. (Liu & Huang, 2022). The emotional mapping of Prague (Pászto et al. (2016), n.d.) ensured that citizen emotions are spatially structured and correspond to measurable urban characteristics, which provides a strong justification for the study.

[bookmark: _Toc235886877] Perceived Waste Bin Adequacy 
Residents mark waste bin locations on a participatory mapping platform, that tells the data is meaningful and worth analyzing. This type of data, where citizens contributed, links a subjective perception to measurable urban conditions, which make it more justified for spatial analysis (Brown & Kyttä, 2014).
Population density is an important indicator of waste generation and infrastructure demand where it is said that more people and visitors mean more waste; therefore it needs more waste bins (Hoornweg, 2012). In Europe, bin networks are spread in high-footfall central districts. (Guerrero et al., 2013). The GHSL data are used to measure population density per hexagon across Prague. (Schiavina et al., 2023). Urban imperviousness is another indicator covered by roads, rooftops, and pavements, which tells how much urbanized the area is (Arnold & Gibbons, 1996). 
Population density and imperviousness are closely related to the Prague central area which is overcrowded and most are build-up (Rosenthal & Strange, 2004). To improve the quality OLS regression is used to identify which variable carries real explanatory power beyond shared variance.
An important statement comes to identify, “is the waste bin actually distributed fairly across the city” (Talen & Anselin, 1998).  A bivariate choropleth map is generated in ArcGIS pro to classify hexagons by waste bin count and population density, which will show where the mismatch or match with population in that area.
[bookmark: _Toc277157882]

[bookmark: _Toc235886878]Methodology
This study integrates two primary datasets: citizen perception data from a participatory web-mapping platform and satellite-derived environmental indicators Google Earth Engine and processed in ArcGIS Pro. The analysis is based on seven emotional and experiential topics, each corresponding to a specific question from the Emotional Map of Prague survey. A consistent spatial framework is applied across all topics.
[bookmark: _Toc235886879] Overview of Dataset, Spatial Framework, and Analytical Approach
Study dataset: The data were obtained from the EmotionalMaps.eu website, which is a Czech participatory mapping platform. This platform collected data from April to September 2021 during the COVID-19 pandemic from the citizens of Prague about their daily life, their surroundings, and the factors that had emotional connections with the citizens. Because of COVID, it was an online survey, and the data collection format was snowball-like. A total of 8 topics were asked of the citizens across Prague (see Table 1).. Now I am working with 7 topics among them, which are safety perception, free time and leisure activity, green space demand, traffic hazard, civic pride, need for change, and waste bin adequacy. The data format was raw, and Czech was the main language for it. For international people, an English translator was used for their understanding. A total of 5,973 respondents marked 98,364 locations across Prague city districts separately and then merged. This data is very useful for researchers to analyze crime geography, urban geography, environmental psychologists, and urban planners. (Pánek et al., 2021). A total of 30,941 comments were made by the citizens about specific topics. Researchers valued the perception and sense of place from various sectors. It was not considered only geospatial, but also from social sciences and environmental studies.
Table 1: Common questions/statements for all Prague districts (emotionalmap.eu)
	No.
	Question / Statement

	1
	This is where I spend my free time

	2
	I would show this place to a visitor

	3
	This place is neglected and needs to be renovated

	4
	I don't feel safe here (suspicious people, neglected environment, etc.)

	5
	There is a traffic hazard here (for walking, cycling, motor vehicle, lack of pedestrian crossing, etc.)

	6
	There are parking problems (not enough parking spaces, cars parked inappropriately, etc

	7
	I would like more green space here

	8
	There is often an overflowing waste bin or collection point.


                                                                                                    Source: (Pánek et al., 2021)
Spatial unit of analysis: For spatial data analysis, ArcGIS was used, and a hexagonal grid was created with 1 km² resolution. Generate Tessellation tool was used to create this hexagon. The same hexagonal pattern was applied as the spatial unit for all seven topics. A square grid was not used here because it can introduce directional bias while the hexagonal grid makes it more isotropic neighborhood relationships and reduces edge effects at cell boundaries. (Brown & Kyttä, 2014). A total of 579 grids were created within the boundary of the Prague district.
Perception points were aggregated to the hexagonal grid via the Spatial Join tool in ArcGIS Pro. This tool was applied for all the topics. After that, the satellite-derived indicator was extracted from Google Earth Engine using the the Zonal Statistics as Table tool. Then the CSV file was exported and merged by GRID_ID for statistical analysis in Google Colab.

[bookmark: _Toc235886880] Software and Tools

ArcGIS Pro: ArcGIS Pro is the main software used for spatial analysis, data processing, and cartographic visualisation. The hexagonal grid was created using the Generate Tessellation tool. Then the Spatial Join tool was used to aggregate the perception points to the grid. Zonal Statistics as Table tool was used to extract the mean values of the environmental indicators for each hexagon. The final output maps were produced in ArcGIS Pro.

Google Earth Engine: GEE was used to process and download the satellite data. For example, Sentinel-2 for NDVI calculation, MODIS MOD11A2 for land surface temperature, Sentinel-5P TROPOMI for NO₂ concentration, the high-resolution Layer for imperviousness density, GHSL population grid, Hansen Global Forest Change for tree canopy cover, and JRC Global Surface Water for permanent water bodies. It is a cloud-based platform for pre-processing these data.

Python: It is also used for statistical analysis in this thesis. The code was run in Google Colab (Google Colab), which is a cloud-based Jupyter notebook environment. It runs without any local installation. Some libraries are also used, for example, SciPy, Statsmodels, and Pandas. For Spearman correlation, the SciPy library was used. For the OLS regression model, the Statsmodels library was used. For data processing and joining indicators by hexagon ID, the Pandas library was used, and the Matplotlib library was used to produce tables and figures.

Streamlit: It is an open-source Python library used for building the interactive dashboard. The data from EmotionalMaps.eu was visualized, combined with the satellite indicators so that people can see and interact with the data. In this dashboard, users can explore the whole dataset and filter by topic, location, and demographic information to view it specifically. Streamlit was chosen because it is open-source and allows developing applications within Python without any separate web language.

GitHub is used to host and share the application. It is hosted online, so it does not require any downloading or installation to view the emotional mapping and satellite indicator data of Prague.

[bookmark: _Toc235886881] Processing procedure
A flowchart was created to show how all data are analysed and used in each step to come to a final decision for this study.
[image: ]
Figure 1 Workflow of the study
[bookmark: _Toc235886882]
Analysis of Aspect 
This chapter contains all seven perception topics and includes individual methodology, results, and discussion for each topic for this study. This chapter is considered the main chapter as all the results are presented and discussed here.
[bookmark: _Toc235886883]Safety
[bookmark: _Toc235886884]Safety Methodology
Data Sources
To measure vegetation, I used a Sentinel-2 image and processed it in Google Earth Engine. I only considered summer months (May-September) with 10 m spatial resolution for this study. Also, the point of perception was aggregated with 1km2 hexagonal grid within each cell. Nighttime light intensity was also downloaded from the NOAA VIIRS monthly composite product with 500 m resolution, and the time period was the 2022 calendar year. I also got Population data from the Global Human Settlement Layer (GHSL, 2020 epoch, 100 m resolution) and summed it within each hexagonal grid cell.
Population Normalization
When I counted how many people participated in the survey and put locations on the map, it means areas with more people live there actually had more marks. That does ot mean the areas are better or worse; it’s because more people live there. This equation is not fair to compare. To remove this bias across all hexagons, I divided the participation number of marks by the population of that hexagon and multiplied by 1,000. This makes the fairness of this count: how many marks per 1,000 people instead of a raw total. 
	
	(1)


fter normalization still some hexagons still have big or small values. To remove the right skew problem, I applied a mathematical transformation called log1p (log plus one). This makes the data evenly spread and more balanced. I also removed the hexagons with fewer than 50 people to avoid normalized value which is extremely high and misleading if 2/ 3 people marked a location.
Statistical Analysis
I used Spearman rank correlation for the perception counts and NDVI values in a non-normal distribution, which is confirmed by Shapiro–Wilk tests (p < 0.001 in all cases). This is the primary method to count these values. For raw and population-normalized counts, correlation was made separately to extract the demographic disorder. Through the Spearman correlation between population density and safety data, it was analyzed to see whether satellite indicators capture an environmental signal that is independent of population distribution.

[bookmark: _Toc235886885]Safety Result
Raw versus Normalized Correlations
Table 2  Spearman correlations between safety perception and satellite indicators. Raw = unweighted point count; Normalized = log₁p(count per 1,000 inhabitants).

	Predictor
	Raw r
	Normalized r
	p-value

	Nighttime Lights
	+0.742
	+0.485
	< 0.0001

	NDVI
	−0.495
	−0.322
	< 0.0001

	Population Density
	+0.394
	—
	< 0.0001



As shown in Table 2, nighttime light intensity was the strongest predictor of safety perception in both raw and normalized analyses, followed by NDVI. Population density was the lowest of the three predictors, providing methodological confirmation that the satellite indicators capture an environmental change in simple demographic effects.
Nighttime Lights
[image: ]At first, correlation was very strong when the raw count of data was used; it is r = 0.742, but after population normalization was used, the value dropped to r = 0.485. Both values are statistically significant. So, this value dropped, which indicates that it was caused by the population. After removing this problem, the relationship is now balanced and strong. The figure below shows the groups of the hexagons by their nighttime light level and shows the average safety marks in each group. This pattern is very clear and smooth. When the light level goes up, the safety marks also go up consistently. 
Figure 2 Median safety concern reports per hexagon grouped by nighttime light range (nW/cm²/sr). Hexagons in the brightest category (above 40 nW/cm²/sr) show the highest median safety concern counts.

Bivariate Choropleth Map for Nighttime Light Intensity
The bivariate map shows the spatial relationship between citizen safety concerns and nighttime light intensity across Prague. The teal and blue hexagons show high nighttime light intensity in the city center, which means that more night brings less safety concern in the area. But the dark navy hexagons show a high concentration of safety concerns and high nighttime light intensity in some scattered hexagons. 
The scattered pink hexagons also show high safety concern with low light, where people feel threatened. The cyan and light blue hexagons show that those areas have low safety concern, which indicates that nighttime light alone cannot determine perceived safety.
The outer areas of Prague are dominated by light purple and white hexagons, indicating low safety concern and low nighttime light intensity across Prague.
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Figure 3 Bivariate choropleth map showing the spatial relationship between citizen safety concern reports and mean nighttime light intensity per hexagon across Prague.

NDVI
[image: ]When the relationship between NDVI and safety perception is tested, it shows a negative correlation. This means that when NDVI goes up, safety perception gets lower, and it is tested two times, once with raw counts and once with population-normalized counts, and both results are statistically significant. But the value dropped after the normalization, which also shows that the population was partly influenced by the raw result. The figure below shows the groups of hexagons by their NDVI value and shows the average safety marks in each group. The biggest drop in value happened when NDVI moved from the 0.1–0.3 to 0.3–0.4 range. After that, the change becomes slower. In my findings, when there are more green areas, people feel less safe, and this behavior in environmental psychology is called the prospect-refuge hypothesis (Appleton, 1975; Fisher & Nasar, 1992). The main idea is that when there are many trees and bushes, people cannot see far; they feel like there could be something hiding in the bushes, and that is why they feel unsafe even if the area is not actually dangerous.
Figure 4 Median safety concern reports per hexagon grouped by NDVI range. Hexagons with the lowest vegetation cover (NDVI 0.1–0.3) show substantially higher median safety concern counts than those in highly vegetated areas.
Bivariate Choropleth Map for NDVI
This bivariate map shows the relationship between citizen safety concern and vegetation cover across Prague. Red hexagons show the dominant pattern in the city center. They indicate high safety concern with low vegetation cover. So, when there is less greenery, people feel most unsafe in those areas.
Outer and suburban areas show low safety concern with high vegetation cover, so people feel comfortable when there is greenery around them. Scattered dark purple hexagons show a spatial mismatch; though there is high vegetation, people still feel unsafe in those areas. But they are relatively few in number.
The Spearman correlation shows r = −0.585 in the statistical analysis, indicating that people feel less safe in areas with less greenery in Prague.
[image: ]
  Figure 5 Bivariate choropleth map showing the spatial relationship between citizen safety concern reports and mean NDVI values per hexagon across Prague. 
Population Density Diagnostic
I did one extra test with population density and safety reports,, and the result was r = 0.394. It is also statistically significant, but the value is lower than nighttime lights. Among the three tests I have done, which are nighttime lights, NDVI, and population density, population density shows the lowest result. From Table 3, we can understand that satellite indicators actually capture the genuine signal for understanding real perception in Prague.
Table 3  Spearman correlation (r) between safety perception marks and vegetation indicators, Prague.
	Indicator
	r

	Nighttime Lights
	0.742

	NDVI
	-0.495

	Population Density
	0.394 ← weakest



[bookmark: _Toc235886886] Discussion of Safety
In the discussion, I can say that my result (r = +0.485 normalized) matches what other researchers already found in their study. For example, (Welsh & Farrington, 2008) analyzed many studies together and found that when street lighting is bright, the crime rate goes down and people feel safer. The results from Prague show the same thing. Attention Restoration Theory (Kaplan, n.d.) suggests that with more greenery, people feel more relaxed and do not feel so stressed, but in this case, my result (r = −0.322 normalized) shows something different: more vegetation means lower safety perception. This happened because green areas can sometimes hide dangers, so residents do not feel safe there. 
(Kondo et al., 2016) also found in his greening project that not all vegetation shows the same safety feeling. When the grasses are short and well maintained, they actually make people feel safer, but the tall bushes and dense areas made the situation more uncomfortable because they block the view. 
The population density (r = 0.394) shows the lowest correlation compared to other indicators. This is actually good for my methodology. It is one of the important methodological findings that people actually show what they feel around their area, not only where they live. When I corrected for the population bias, the relationship with the satellite data still stayed strong, which means population alone cannot explain my results; the environment also influences people's safety.
[bookmark: _Toc235886887] Traffic Hazard Analysis
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Data Sources
For the traffic hazard topic, the data were also collected from EmotionalMap.eu. Here, people marked the locations where there were traffic-related concerns such as bad crossings, unsafe roads, or some cycling problems, and they did this willingly. After collecting the points, they were aggregated to the hexagonal grid which I described earlier. A total of 394 hexagons were included in this analysis, following a similar approach used in VGI-based urban studies.
Environmental Indicators
Two environmental indicators were used in this study. The first one is NDVI, which was extracted from a Landsat-derived composite for Prague 2023, obtained via Google Earth Engine. The second one is mean imperviousness, which was calculated from the Copernicus High Resolution Layer Imperviousness Density 2018. It was reprojected to WGS 1984 UTM Zone 33N to match the coordinate system of the hexagonal grid before analysis. This spatial distribution is presented in the results section.
Statistical Analysis
I also used Spearman correlation to show the relationship between traffic hazard point counts and each environmental indicator independently. I preferred Spearman over Pearson because my data is not normally distributed and most hexagons have fewer marks and a small number. In that case, Spearman works better for this kind of data.
After the correlation, I also ran an OLS regression. It uses both NDVI and imperviousness together, which shows how much of the variation in traffic hazard marks can be explained when both indicators are combined. Finally, I made a special map called a bivariate choropleth map in ArcGIS Pro, which shows two things in one map: traffic hazard intensity and imperviousness level using a 3×3 color grid. These variables were divided into three equal groups using quantile breaks and combined in that map. It shows which hexagons have both high traffic hazard and imperviousness at the same time. This method follows (Brewer & Pickle, 2002)

[bookmark: _Toc235886889]Result of Traffic Hazard
Spatial Distribution of Perception Points
The figure below shows the spatial distribution of where people place marks on traffic hazards. Each hexagon tells how many points it got through EmotionalMap.eu. 
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Figure 6 Hexagonal grid overlaid on the Prague administrative boundary, showing the spatial distribution of traffic hazard perception points. Point counts are classified into five categories from low (0–12) to high (132–241). 
[image: ]
 Figure 7 Imperviousness Density 2018 (Copernicus HRL) clipped to Prague extent. Darker red indicates higher sealed surface coverage. Source: Copernicus Land Monitoring Service.

Correlation Results
[image: ]After running Spearman correlation, it showed a statistically significant result between traffic hazard perception and both environmental indicators (n = 394, p < 0.001 for both). NDVI showed a negative relationship with point count (r = −0.56), which shows that where there is greater vegetation cover, there were fewer traffic hazard reports. On the other hand, imperviousness showed a strong positive relationship (r = +0.71), where areas covered with more roads and pavements had more traffic hazard perception. The figure below shows the Spearman correlation coefficients for both predictors.
Figure 8 Spearman rank correlation coefficients between traffic hazard point count and the two environmental indicators (NDVI and imperviousness). Both relationships are statistically significant at p < 0.001.
OLS Regression
Table 4 OLS regression results: traffic hazard point count ~ NDVI + Imperviousness (n = 394, R² = 0.376).
	Predictor
	β
	Std. Error
	p-value

	NDVI
	−54.99
	19.62
	0.005

	Imperviousness
	+0.70
	0.05
	< 0.001

	Constant
	29.49
	13.72
	0.032



From the table, NDVI and imperviousness together explain 37.6% of the variation in traffic hazard marks across hexagons in Prague. This means around 38 out of every 100 hexagons show these two environmental factors, and the rest comes from other factors such as speed limits, pedestrian movement, or driver behavior. We can see that imperviousness shows a stronger effect than NDVI. β value of +0.70 indicates that when there are more roads and pavements it shows more traffic hazard perception. (Dumbaugh & Rae, 2009) also found that with dense road networks and commercial land use, there is higher traffic hazard in urban areas. It makes sense for Prague because most of the central areas are the busiest, with a lot of roads and vehicles. NDVI also shows its independent effect; the value is negative because more vegetation means fewer traffic hazard reports.
Bivariate Spatial Pattern
The bivariate map clearly shows that the most traffic hazard-prone areas and high imperviousness are concentrated in the center of Prague. Both show high concentration in the central business district. The hexagons away from the city center have more NDVI and fewer roads and vehicles. In the results, I also found that some hexagons do not follow the normal pattern. They have a lot of traffic hazards, but imperviousness is low, which is unusual but when you look at the map, the hexagons are located near big main roads that pass through the green areas. This finding is very interesting and it requires detailed investigation to fully explain. Satellite data alone cannot answer this question. This is a limitation of this study.
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Figure 9 Bivariate choropleth map showing the joint spatial distribution of traffic hazard perception intensity and imperviousness per hexagon, Prague. 
[bookmark: _Toc235886890]Discussion of Traffic Hazard
The result of r = +0.71 is one of the strong findings of this study. There is a strong relationship between imperviousness and traffic hazard. People in those areas feel traffic danger when there are a lot of roads that make pedestrians feel uncomfortable and signs of danger. This was also found by (Ewing & Cervero, 2010), and my finding also agrees with them. In the areas with some traffic, hexagons with more vegetation had fewer traffic hazard marks. This also matches Attention Restoration Theory, where green environments help people calm their minds, relax their bodies, and feel less stressed; that is why they feel less traffic danger even when there are some roads nearby.
(Wolch et al., 2014b) also found that where there are roads with trees, people feel that the traffic is slower and less dangerous for them, even when the actual speed is not changing. This proves that trees create a visual barrier between pedestrians and vehicles. From this study, a practical suggestion could be that if more trees are planted along the roads in Prague, residents will feel safer. This is much cheaper and faster than road construction.
The two indicators explain 38% of the variation in hexagons that have more traffic hazards than others, which means these two factors are important but not the only explanation. The rest comes from other things that satellite data could not measure; these could be other factors. This is considered a limitation of the study. In the future, road density data from OpenStreetMap or the Prague city government could be added, which could make the model stronger and explain more than 38%.
The point count in hexagons not only shows how people feel; it also shows how many people participated in that survey. Some districts had more active participants, which can also affect the results; this could be a bias in this study. Population normalization also works better because it removes the population bias problem.
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Data Sources
Here I used Free-time perception data from the emotionalmap.eu dataset. People were asked to mark their perception of where they spend their free time in Prague. To measure how close the water body is to the hexagons, I calculated straight-line distance to the nearest water body. The center point of each hexagon was calculated along that line. The data were taken from the JRC Global Surface Water dataset (permanent water, occurrence ≥ 80 %). I considered the permanent water body, meaning they are existing that pl=ce 80% of the time throughout the year. I also used NDVI composites and GHSL population data as another important indicator. They came from the same source as I described in the previous section.
Population Normalization
For the free time topic, I also used the same population normalization method as described before. Free time marks were divided by population, and the log1p transformation was applied. These are the same steps as before, and no different methods were used here.
I ran a Spearman correlation test between raw counts and population data, and the result was very strong, which indicates that population bias exists, and that is why normalization was important here.
Statistical Analysis
After population normalization, I ran two Spearman correlations, one between free time marks and NDVI and another one between free time marks and distance to the water body. Each indicator was tested separately to see which one has a stronger relationship with where people spend their free time in Prague.
After the correlations, I used NDVI and water distance combined in one OLS regression model. This model shows how much variation can be explained in free time marks when both indicators are used together, not just one at a time. In this model, NDVI has no unit, but water distance is measured in meters, which means NDVI and water distance are measured in different units. Standardizing makes them comparable so it can show which one has a stronger influence on free time perception.
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Population Normalization Effect
Before normalizing the data, I tested whether the areas with more people had more free time marks, and the result was r = 0.682 (p < 0.001). This shows a strong result and confirms that the raw data is influenced by the population. It proves that areas with more people had more marks, which does not prove they are popular free time places; it is simply because more people live in those areas.
NDVI Correlation
A very interesting result was found when I compared the raw result and the normalized result for NDVI; the correlation changed from a negative to a positive value. This is a very important methodological finding in this study. When raw count data were used, NDVI was r = −0.221, which shows that free time activity concentrates in densely populated, less green areas. Greener areas showed fewer free time marks, which is misleading. So, the population effect was removed, and the result showed a positive value of r = +0.261. 
This shows that per 1,000 residents, areas with more green vegetation actually attract more free time activity in those areas. People prefer greener areas for their free time activity. The result changed from negative to positive. This has a name in statistics; it is called Simpson's Paradox, and it happens in my study area of Prague, where the city center has more people and less green space at the same time. So, looking at the raw counts, greener areas look less popular, but that is only because fewer people live in the green outer areas, not because they do not like green spaces. The figure below shows two scatter plots side by side, one for raw counts and another for the normalized counts, where the line clearly goes from downward to upward between the two plots.
[image: ]Figure 10 Scatter plots showing the relationship between free-time activity and mean NDVI per hexagonal cell before (left, r = −0.221) and after (right, r = +0.261) population normalization. 
Water Proximity Correlation
When I tested the water proximity correlation to see whether water bodies can affect free time activity, the result was negative, r = −0.148. This means areas closer to water have more people spending their free time and leisure activity in those areas. So, people prefer to spend their free time near rivers and lakes in Prague. Near the Vltava River in Prague, more leisure activity was observed. But the water distance result of r = −0.148 is weaker than the NDVI result of r = +0.261, but both are statistically significant. To confirm this result visually, when you look at the map, it is clearly visible that the hexagons near the Vltava have more free time marks.
Combined Model
Table 5 Summary of Spearman rank correlation results and OLS regression for the Free Time topic (n = 528 hexagonal cells, Prague 2023).
	Variable
	Spearman r
	p-value
	OLS β
	OLS p

	NDVI (mean per hex)
	+0.261
	<0.001
	3.983
	<0.001

	Water Distance (km)
	-0.148
	<0.001
	−0.364
	<0.001

	Combined R²
	—
	—
	0.082
	—



In the regression model, when I combined NDVI and water distance, the combined result was R² = 0.082. This result explains that only 8.2% of the variation in both indicators can be explained across Prague. Between the two indicators, NDVI has a stronger effect than water distance in the combined model. So people prefer vegetation more than water proximity when they spend their free time. But R² = 0.082 is quite a low value, which only explains 8.2% of the variation. 
The free time and sports behaviour of people is a very complex matter. Satellite data alone cannot measure where they want to spend their free time. For example, they will go where there is more sports equipment, where the area is easy to reach by metro or bus, or if there are cultural events, cafés, or markets nearby. So, these things are more complex than satellite data can capture. The remaining 92% of this behaviour satellite data cannot capture. There are many factors that influence people's behaviour. This is a limitation of this study.   
Bivariate Spatial Pattern
From the bivariate map, it is clear that most free time activities happen in the city center with low vegetation. The pink hexagons from Praha 1 to Praha 6 show that people spend their free time in the city center even though there is low vegetation. So, it proves that not only vegetation attracts people, but also cafés, restaurants, and cultural areas attract people.
The dark blue hexagons show that there is high free time activity and high vegetation cover. This is found near the Vltava River corridor and near large city parks where people go to spend their free time and do sports in these green areas.
The light blue hexagons near the outer edge of Prague have high vegetation but very low activity of people. This means people do not visit these peripheral forests much. This could be because they are far from the city and difficult to reach by public transport.
Another interesting finding is that the city centre has more marks in the raw count data, but when the population bias is removed, it shows the actual activity per resident.
Some areas near the Vltava have both high vegetation and high free time activity, which is supported by the water proximity result, where there is water, people prefer to spend their free time.

[image: ]
Figure 4.10. Bivariate map showing the relationship between free time activity per resident and vegetation cover (NDVI), Prague. Each hexagon is colored by two variables simultaneously. 
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Green Space as Primary Leisure Attractor
The result I got of r = +0.261 matched with what other researchers found related to green space. (Ekkel & De Vries, 2017; Wolch et al., 2014b) Both found that green areas are important places to perform outdoor activities for residents. When population counts per 1,000 residents are used, the outer parts and areas close to the river in Prague become the most important leisure destinations. 
 The Importance of Population Normalization
The normalization changed the total result. It changed from a negative to a positive result, which indicates that population normalization is necessary when working with participatory map data. Simpson's Paradox is what happened in my data, and this is a very important finding.
My recommendation is never to trust raw count data without checking and correcting for population bias. My Prague study proves that it also matters.
 Blue Space as Secondary Attractor
When I considered water proximity as another indicator, it turned out weaker than NDVI. But it is still statistically significant. (Bertram & Rehdanz, 2015) Also found that people tend to do more outdoor activities where there are more parks, lakes, and other water bodies. The water proximity shows a weaker result because there are more green areas than water areas in Prague. The Vltava River is the main water body in Prague, but forests cover much more of the city. That is why NDVI shows the strongest influence in my study.
Spatial Patterns and Planning Implications
When we look at the spatial pattern, it shows that high green space and high leisure activity are found in the outer districts of Prague, especially in Praha 6, Praha 8, and Vinoř. These areas have large green spaces and moderate population, so residents have more access to green space. The opposite situation is in the city center, where many people live but there are fewer green areas. There is a gap between where people live and where green spaces exist. This gap could be addressed by city planners. If the Prague city government invests in creating more green spaces in the central districts, it could benefit the people, and the areas could be easily accessible to them because the largest concentration of people lives in the city center.                                                                                       
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Data Sources
The green space topic is another important perception in the EmotionalMap.eu survey. People put marks on the map that do not show where green space already exists; they want to show that there is a lack of green space. So, these are signals of missing green space. (Brown & Kyttä, 2014) also explained this kind of mapping as demand mapping in participatory GIS studies. I extracted the green space demand marks and used a Spatial Join in ArcGIS Pro to connect them to the hexagonal grid. I used this hexagonal grid to avoid misleading results.
For the first vegetation indicator, Sentinel-2 satellite images from the 2023 growing season were used, downloaded from Google Earth Engine, and the result has a 10-meter resolution. The second vegetation indicator was the Hansen Global Forest Change dataset, which shows the percentage of each 30×30-meter pixel covered by tree canopy created from Landsat imagery from the year 2020. The reference for this dataset is Hansen et al. (2013). Before using these datasets, both were reprojected to the same coordinate system EPSG:4326. This is necessary so both datasets align correctly with the hexagonal grid. For my study in Prague, I calculated the average tree cover percentage inside each hexagon. For population data, the GHSL dataset was used, which estimates how many people live in each 100-meter area.

Statistical Analysis
I did population normalization for the green space analysis as I did before for other topics. I normalized the green space marks by population. I also ran two separate Spearman correlations, one between NDVI and another between tree canopy cover, and both indicators were tested separately.
After testing the correlations, I also combined tree canopy cover and NDVI together in an OLS regression model, where the R² value shows how much of the variation in green space demand can be explained when both indicators are used together.
During this analysis, I was expecting to find a negative result. I was trying to observe that areas with less green space and fewer trees have more demand for green space. This is called a deficit-demand relationship where people want more green space when there is a lack of vegetation. The picture below shows the marks of citizens where they said there is a lack of green cover in Prague.
[image: ]
Figure 11: hex grid map showing green space point distribution across Prague
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This section describes the results of Spearman rank correlations between population-normalized green-space demand density and two objective vegetation indicators: mean NDVI and mean tree canopy cover per hexagonal cell.
Population Normalization Effect
Before normalization, the result was r = 0.783, which shows a very strong value. It actually shows the highest population bias I found across all seven topics in my study. It means the green space demand data is more influenced by population, which gives incorrect results. To remove this bias, population normalization is necessary for this study.
NDVI and Tree Cover Correlations
From the calculation of the data, a negative relationship was found between NDVI and green space demand after normalising by population. r = −0.321 shows that hexagons with lower vegetation have more green space demand from the residents of Prague. This is the expected result, which is called the deficit-demand hypothesis, where people demand more of the things they have less of. (Ekkel & De Vries, 2017) also described this behaviour in their research: when something is missing, people strongly feel its absence, and that is why they demand more green space in the area. From the figure below, the scatter plot shows the relationship between green space demand and NDVI for each hexagon; the trend line goes down, which clearly shows the negative relationship between the two variables.
When tree canopy cover was calculated against green space demand, the result was r = −0.084, which is statistically significant. But the actual value is extremely low and close to zero, which indicates that tree canopy cover has almost no real relationship with green space demand. So this shows that people's demand for green space is not really about the tree canopy. The Hansen dataset measures forest-type tree cover, but people are not demanding more of this type of green space; they are demanding something different. Residents want green space that they can easily access and use every day, like parks, street trees, and grass areas. This is a very different thing from dense forest areas; that is why the result shows nearly zero.
[image: ]Figure 12 Scatter plot of population-normalized green space demand density (marks per capita) against mean NDVI per hexagonal cell across Prague (n = 565). 
Combined Model
The combination of NDVI and tree canopy cover in an OLS regression model gave R² = 0.017. This means that both indicators explain only 1.7% of why some hexagons have more green space demand than others. This value is very low and not enough to explain why people demand green space. There must be other important factors that satellite data cannot measure. There are many social factors, for example, how easy it is to reach a park, the condition of the park, the facilities, and the lifestyle of the residents, which are very hard to measure from space.
Bivariate Spatial Pattern
This map is the visualization of what I found statistically in Prague. It shows the negative relationship between green space demand and NDVI. The red hexagons on the map show high green space demand and low vegetation. These are located in the central districts of Prague; these are the busy built-up areas like Praha 1 to Praha 6 where more roads and buildings exist than greenery.
Teal and green hexagons show high vegetation and low green space demand. They are located on the outer edges of Prague. These are mostly forest areas and outer parks. People usually do not demand green space there because there is already a lot of greenery there.
So, this pattern shows more demand in the center and less demand in the outer areas. It is not perfectly smooth everywhere, but the overall pattern matches the statistical value of r = −0.321 in the Spearman analysis. (Rigolon, 2016; Wolch et al., 2014b) also found in their research that greenery is missing in the city center areas and my Prague study also shows the same pattern, so people demand more green space in the city center.
[image: ](Pánek, 2019) found in participatory mapping in Czech cities that when people mark something on a map, it is because that feature is missing in that area.
Figure 13 Bivariate choropleth map showing spatial patterns of green space demand density against objective vegetation cover (NDVI) across Prague. 
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My result confirms the deficit-demand hypothesis of r = −0.321; the expected result is that areas with less vegetation have more demand for green space. (Kabisch & Van Den Bosch, 2017) showed green space fairness in cities where densely populated areas lack green space. The Prague study also shows the same pattern: most built-up areas have a lack of greenery; that is why people demand it. If we look at Prague data specifically, Praha 1, Praha 2, Praha 3, and parts of Praha 10 have the biggest gap between how much green space exists and how much people want. These areas have high demand but low supply.
Tree canopy cover shows nearly zero, and the combined R² is 1.7%, which indicates that vegetation and tree canopy cover alone are not enough to understand why people need more green space. Satellite data cannot measure everything. Other factors cannot be measured from space. Accessibility, safety, and quality are also important factors. When people feel the absence of green space in their area and then mark it as demanding more greenery.
Among all seven topics, green space has the highest population bias; population normalization was very essential in this study.
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Data Sources
For the civic pride topic, data from the EmotionalMap.eu survey was used. People marked locations in Prague where they feel proud; each mark means a resident of Prague said: "I feel proud of this place." This place could be a historic building, a beautiful square, a park, or any place that makes them proud to live in Prague. The same 1 km² hexagonal grid was used here as in all other topics.
The first indicator is NDVI, which was collected using Landsat 8 satellite imagery from the 2023 growing season. I processed it in Google Earth Engine and calculated the average NDVI value for each hexagon. Nighttime light is the second indicator, which was collected from VIIRS satellite data for 2023 which measures how bright these areas are at night. The unit is nW/cm²/sr, a scientific unit for measuring light intensity. I also calculated the average nighttime light value for each hexagon. For the third indicator, I used the Hansen Global Forest Watch dataset, the same dataset I used for the green space topic, to measure how much tree canopy cover is present in each hexagon.
Analytical Approach
To count how many civic pride marks fell inside each hexagon, the Spatial Join tool in ArcGIS Pro was used. I also used Spearman correlation to test the relationship between civic pride marks and three indicators, which are NDVI, nighttime lights, and tree canopy cover. Only hexagons with at least one mark (n = 409) were included. I removed hexagons that had zero marks because these are mostly empty outer areas where nobody participated. If I had included them, this could give a wrong result.
After the individual correlations, an OLS regression was used, which shows how much of the pride marks can be explained when all three indicators are combined. The final result is shown in a bivariate choropleth map, which shows two things at the same time: civic pride marks and NDVI for each hexagon. It is combined into a 3×3 color grid, which shows high pride marks and high NDVI at the same time and other combinations.
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This section presents spatial coverage statistics, Spearman correlations, OLS regression results, and bivariate spatial patterns for civic pride across Prague.
Spatial Coverage
Out of 570 hexagonal cells, 409 were counted for this civic pride topic. The coverage is 70.6%, which means people marked their pride locations across the whole city. The rest had zero marks; that is why I removed them from my analysis. Most of them were from the outer areas of Prague because fewer people live and participate there.
Spearman Correlations
Nighttime light shows the strongest relationship with civic pride marks. The result was r = +0.474, which shows a positive relationship. Bright areas in Prague show more pride marks. This is statistically significant and expected because brighter areas tend to be busier, where landmarks and cultural buildings are located; that is why people feel proud of them.
Another indicator is NDVI, which shows a negative result with civic pride of r = −0.257. This means greener areas had fewer pride marks. This is also expected because the historical buildings, architecture, and cultural areas are located in the city center where there is less vegetation.
Tree canopy cover also has a small positive result of r = +0.094, but the p-value is 0.057, which is just above 0.05; that is why this result is not statistically significant. So, tree canopy cover has no significant relationship with civic pride marks.
These results are shown in Figure 14 and summarized in Table 6
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Figure 14 Spearman rank correlations between proudness mark count and three environmental indicators (NDVI, Night Lights, Tree Cover) across Prague 
Table 6 Spearman correlations: proudness mark count vs environmental indicators across Prague hexagonal grid cells (n = 409, ≥1 mark).
	Indicator
	Spearman r
	p-value
	Significance

	Night Lights
	+0.474
	< 0.001
	***

	NDVI
	−0.257
	< 0.001
	***

	Tree Cover
	+0.094
	0.057
	ns



OLS Regression
The combination of three indicators in the OLS regression model shows a good result. F = 21.28, which means it is not by chance. R² = 0.130 means the three indicators together explain only 13% of why some hexagons have more civic pride marks than others. This is better than other topics, but still 87% remains unexplained by satellite data.
All three indicators together show statistically significant results. NDVI has a negative effect (β = −116.88), which means more vegetation shows fewer pride marks. Nighttime lights and tree canopy cover show a positive result, β = +0.77 and β = +0.76, showing that brighter areas and more tree cover are connected to more pride marks.
An interesting finding is that when I ran the Spearman test alone for tree canopy cover, it was not statistically significant (p = 0.057), but when I combined it with all three indicators, it showed a significant and positive result. This proves that tree canopy cover has an independent contribution to civic pride when NDVI and nighttime lights are already accounted for. Well-maintained urban parks in Prague make people prouder, but this was not visible when testing tree canopy cover alone.
Bivariate Spatial Pattern
From the bivariate map, it is clear that most civic pride marks are concentrated in the city center with low vegetation. The pink hexagons from Praha 1 to Praha 6 show that people feel proud of the city center even though there is less vegetation. This is because in the city center there are many historical buildings, famous squares, and important landmarks.
The dark purple hexagons show both high pride and high vegetation cover; these are found near accessible parks and green areas inside the city places where people feel proud, and the vegetation is good. The cyan and light blue hexagons are found at the outer edge of Prague. These have high vegetation but low pride marks. This is because historical buildings and landmarks are situated in the middle of the city, not the outer edge.
When point counts were done, the city center had more marks because most people live and move there. But after normalization, the central districts still show the highest pride marks. Some dark purple hexagons are spotted near Stromovka and Divoká Šárka where vegetation and pride marks are both high, which proves that green space also contributes to civic pride, which supports the positive tree canopy cover result found in the OLS regression.
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Figure 15 Bivariate map showing joint spatial distribution of proudness mark count and mean NDVI per hexagonal grid cell. 
[bookmark: _Toc235886902]Discussion of Citizen Proudness
The pattern of my result shows that proudness comes from the city center, from bright and lively areas at night with less vegetation. It is normal that people might think that greener areas have more positive emotions, but pride works differently from happiness or calmness. That is why it shows a negative relationship with NDVI, this does not mean people do not like green areas, but this pride comes from a different emotional state.
People are proud of their historical buildings, landmarks, and cultural places. The most important places in Prague like Old Town, Malá Strana, and Wenceslas Square are places where people are very proud more people visit there and people from outside also come to visit these places. That is why the residents of Prague are very proud of these areas and they want to show it to others as their pride. Still, these areas are not green. (Lewicka, 2011) found that because of the historical and symbolic places, people feel attached to their city. It is not influenced by environmental quality, and my study proves this very well.
Nighttime lights also show a positive result. At night, the areas are bright with high light levels near the historical places and buildings, so people visit more. (Haaland & Van Den Bosch, 2015) also supports this connection between urban vitality and positive emotions.
Tree canopy cover gives an interesting and complex result. The canopy alone shows a non-significant result (p = 0.057), but in the OLS regression model, when combined with the three indicators, it becomes significant. This is because one variable was hiding the effect of another, called a suppressor effect.
The OLS regression model R² = 0.130; only 13% is explained. This result depends on who participated in this survey, their age and background, and how they understand the topic. Satellite data alone cannot capture these human perceptions; that is why OLS regression is not perfectly suitable for this data. Negative binomial or Poisson regression would be better for this type of data, and this is a limitation of this study.
[bookmark: _Toc235886903]Need for Change Analysis
[bookmark: _Toc235886904]Methodology of Need for Change
Data Sources
In the EmotionalMap.eu survey, people put marks on the map showing where they feel things need to change. In this study, I used the same hexagonal grid covering the whole of Prague; the same grid is used in all other topics.
I did something different from other topics for this topic. I combined three satellite indicators into one single index called the Urban Stress Index. This index shows how stressful the urban environment is in each hexagon.
To measure how hot the ground surface is, I used the Land Surface Temperature (LST) indicator. I took MODIS satellite data from the summer months June to August 2023. The temperature values from MODIS are in Kelvin, so I converted them to Celsius by multiplying by 0.02. I downloaded everything from Google Earth Engine at 100-metre resolution. In an urban environment, hot areas in summer are more stressful. These areas are covered by roads, pavements, and buildings with less greenery.
The second indicator is nitrogen dioxide (NO₂). This is an air pollution gas produced by vehicles and industry. I got the data from the Sentinel-5P satellite TROPOMI sensor to measure NO₂ levels for the whole year 2023. Higher NO₂ concentration means more air pollution, which makes the area more difficult to live in and explains why people want change there.
The third indicator is NDVI; Sentinel-2 images were used from 2023 at 100-metre resolution. In the stress index, when NDVI is low, it causes higher stress because less green space means more heat and discomfort.
Composite Urban Stress Index
To make the three indicators comparable, I converted them to the same scale between 0 and 1 using a method called min-max normalization. Before doing this, LST was in Celsius, NO₂ in chemical units, and NDVI had no unit; now the lowest value in Prague is zero, and the highest is one.
For LST and NO₂, higher values mean higher stress. But for NDVI, higher means less stress because a higher value shows more vegetation. To fix this problem, I inverted the NDVI value by subtracting it from 1, so if it was 0.8, it becomes 1 − 0.8 = 0.2. By doing this, all indicators show the same direction; a high value means high stress.
After normalizing and fixing the NDVI, I added these three values and divided by 3 to get the average stress score for each hexagon. Three normalized components: 

So, when people feel the need for change in that area, it means that area has high LST, high NO₂, and low NDVI. But when LST is low, NO₂ is low, and NDVI is high, it means the area is comfortable and low stress.
Statistical Analysis
The mean values of LST, NO₂, and NDVI were calculated using the Zonal Statistics as Table tool in ArcGIS Pro. Some hexagons had no marks from citizens. I removed them from the Spearman correlation analysis because they could create a false result.
After that, Spearman correlation was applied to show the relationship between need for change marks and each indicator separately, and also between the marks and the composite Urban Stress Index. I used the Python library SciPy to calculate these correlations. As the data is not normally distributed, I used Spearman instead of Pearson. The skewness value is 2.92, so Spearman works better for this data.
After that, an OLS regression model was used. I used both the composite Urban Stress Index and individual indicators. I implemented this in Python using a library called Statsmodels. This shows how much variation can be explained by environmental indicators for this topic.
The final output is a bivariate choropleth map in ArcGIS Pro, which shows hexagons that have both high need for change and high environmental stress at the same time.

[bookmark: _Toc235886905]Results of Need for Change
Descriptive Statistics
Among 570 hexagons, 418 hexagons had at least one person marking that they need for change, so I removed the rest of them so that the results would be accurate.
On average, the land surface temperature of the hexagons was 28.49°C, which was measured from the satellite, and the average air pollution level was 5.5 × 10⁻⁵ mol/m², which is a very small value. The average greenness was 0.557, which is a moderate value, which means Prague has a mix of green areas and built areas. It is called mixed urban-suburban because Prague is not a fully built-up city and not fully green either. It has a combination of buildings and vegetation. That’s why the NDVI shows this moderate value.
Spearman Correlations
The Urban Stress Index shows the strongest connection, which is (r = 0.712, p < 0.001). Because these three indicators are combined, it matches the citizen marks better.
LST shows a positive result of (r = 0.610, p < 0.001), so people mark a need for change in those areas that are hotter. Air pollution also shows a strong positive result (r = 0.627, p < 0.001). People also mark a need for change in the polluted areas.
NDVI shows a negative correlation (r = −0.585, p < 0.001), so the areas which have less green space, people marked them as need for change because they want more vegetation in those areas
Table 7 Spearman correlations: Need for Change vs environmental indicators (n = 418 hexagons with ≥1 mark).
	Indicator
	Spearman r
	p-value
	Direction

	Composite (LST + NO₂ − NDVI)
	0.712
	< 0.001
	Positive

	NO₂
	0.627
	< 0.001
	Positive

	LST
	0.610
	< 0.001
	Positive

	NDVI
	−0.585
	< 0.001
	Negative



OLS Regression 
When I ran the OLS regression model (R² = 0.344 and F = 72.33, p < 0.001), it confirmed that the composite index is the strongest predictor of point count (β = 203.01, p < 0.001). So, the environmental indicators explain about 34% of why people marked that place as needing change. The composite Urban Stress Index also shows that when stress goes up by 1, the number of marks goes up by 203.
When I added LST, NO₂, and NDVI separately into the model, they also showed significant results. But there is a multicollinearity problem because the individual indicators and the composite overlap too much because the composite is already made from the same indicators.
After that, the main output of the bivariate map showed that the city center of Prague has a high concentration of need for change marks. It also has high environmental stress, while the outer and suburban areas have low marks and low stress.
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Figure 15 Spearman rank correlation coefficients between citizens' 'Need for Change' marks and four environmental indicators across Prague hexagonal grid cells.
Bivariate Spatial Pattern
From the bivariate map, the dark navy hexagons show that the city center of Praha 1 through Praha 6 has more marks for need for change and the highest environmental stress. These areas are very crowded, hot, and polluted, and they have less greenery, so people are very unhappy about their area and marked the most that they need for change. Here, surface temperature is high, air is more polluted, and there is not enough green space.
Pink hexagons show high "need for change" marks and low urban stress. Here, the satellite couldn’t measure the whole situation. People are not happy with their surroundings, but satellite data shows conditions are not bad. Other factors are influencing that area that cannot see form the space.
The hexagons which are situated at the edge of Prague have low marks and high stress in those areas. The light blue hexagons show high stress but low marks; this could be because the residents do not participate in the survey. These places are populated, not cooler, and don’t have more vegetation; still, fewer people participated in that survey from those areas.
Some responses come from the outer edge of Prague where there are low marks of “need for change” and low marks for urban stress. They are spotted in white color of hexagon. Here, the urban condition is good, less crowded, and people are happy with their surroundings.
It is a clear visualization from the bivariate map of how need for change and the environmental indicators connect with each other.

[image: ]
















Figure 4.15. Bivariate choropleth map showing the joint spatial distribution of citizen 'Need to Change' perception intensity and the composite urban stress index (LST + NO₂ − NDVI) per hexagon.
[bookmark: _Toc235886906]Discussion of Need for Change
The connection between the environmental conditions of Prague and the need for change marks is strong. The environmental conditions of Prague are measured from the satellite, and the Urban Stress Index shows the strongest connection of r = 0.712. Previous studies also show the same thing, for example, (Liu & Huang, 2022) combined multiple indicators and got better results, while single indicators alone showed weaker results.
Land surface temperature (LST) also has a connection with this topic. (Mirzaei, 2015; Oke, 1982) also showed in their research that areas with more buildings and less greenery are hotter. In my research, it is also confirmed that hotter areas are mostly in the city center, where there is less vegetation, and that is why people marked those places more than other areas. This is a well-known pattern in European cities, according to (Geletič et al., 2018).
NO₂ also shows an interesting result. NO₂ is an invisible indicator that people cannot see, but areas with high NO₂ concentration tend to have more traffic, more buildings, and less green space, and these things people can see and feel; that is why they put their marks on those areas. (Hoek, 2022) also showed that people react to what they can see, but air pollution is still invisible; they can only feel it.
NDVI shows a negative result with need for change. It also makes sense because other researchers found (Kondo et al., 2016; Wolfe & Mennis, 2012) that more vegetation makes people feel better. People of Prague do not mark green areas as needing change because they are happy with them. They want to change areas where there is no vegetation, and that could reduce their dissatisfaction.
But there is a spatial mismatch in this study because some hexagons in the city center have very high environmental stress but people did not mark them. This could be because those areas are more commercial, with more offices and shops, and not many people live there, so fewer marks come from those areas, according to (Pánek, 2019). This is a kind of limitation of this type of study, and in the future, it should be adjusted by how many people live in each area.
[bookmark: _Toc235886907] Waste Bin Analysis
[bookmark: _Toc235886908]Methodology of Waste Bin Analysis
Survey Data and Dependent Variable
Residents of Prague marked locations where they have problems with waste bin management. They marked places where there was a waste bin problem, for example, if there is an overflowing waste bin, where bins are badly placed, or if there is mismanagement or missing bins.
These marks are counted in each hexagon, which covers the whole city of Prague. From 570 hexagons, 318 had at least one mark placed by the residents.
Independent Variables and Zonal Statistics
I used two indicators to show how the data was extracted to show the relationship with waste bin management. The first indicator is population (GHSL 2020), measured in persons per km². The data is from the European Commission, and I downloaded it from Google Earth Engine. It shows that where there are more people, there will be more waste bin usage.
The second indicator is imperviousness, which comes from Copernicus IMD 2018. This indicator shows how much surface is covered with roads, pavements, buildings, and parking areas; it is measured as a percentage. This shows that if there are more roads and buildings, there will be more waste bin problems. This data comes from the Copernicus Land Monitoring Service.
I used the Zonal Statistics as Table tool in ArcGIS Pro to extract the data and calculate the average value of both indicators for each hexagon. Python was used to join this data with the mark count data by matching them using the hexagon ID (GRID_ID).
Statistical Analysis
I used 318 hexagons out of 570 that had at least one waste bin mark. The rest I removed because they could create false results. Then I ran a Spearman correlation between population and imperviousness separately. As the data is not normally distributed, I used Spearman correlation, which works for skewed data and is not affected by extreme values.
After running the correlation, I also ran an OLS regression model using both indicators at the same time. The OLS regression shows how much the indicators can explain the pattern of waste bin marks.
After that, the final results were visualized in a bivariate choropleth map. The hexagons were classified into three groups: low, medium, and high, to show waste bin marks and population density. I used the quantile method for the classification. I made this in ArcGIS Pro to show the whole scenario.

[bookmark: _Toc235886909]Results of Waste Bin Analysis
Spatial Coverage and Descriptive Statistics
The whole city of Prague is divided into 565 hexagons, and among them, 318 had at least one waste bin mark about the problem. Some hexagons had no population at all, and the highest population was 193.1 persons per km², which is a very densely populated area. On average, each hexagon had 24.0 persons per km².
For the imperviousness indicator, the lowest was 0%, meaning there is no sealed surface cover, and the highest was 97.1%, which indicates that the whole hexagon is filled with buildings, roads, and structures. On average, 27.3% of each hexagon surface is covered.
For the point count, it ranges from 0 to 199 per hexagon. The standard deviation is 19.7, which is much bigger than the mean of 9.9. Here, the data is skewed, so the distribution is not balanced. This shows that waste bin concerns are mostly concentrated in the city center of Prague.
Spearman Correlations
From the Spearman correlation results, it showed that population density and imperviousness have a very strong positive correlation with waste bin marks. The correlation is positive, which means when population density is higher, the waste bin marks are also higher in Prague.
For population density, it shows r = 0.716, which has the strongest connection with waste bin marks. The more people live in an area, the more waste bin problems are pointed out in their surroundings. For imperviousness, it shows r = 0.634, which was a strong positive result.
The built-up areas have more roads, buildings, and structures, so they produce more waste bin marks. This also makes sense because heavily built-up areas generate more waste. That is why they face waste bin problems, maybe some missing or overflowing bins in those areas, so people mark those areas.
Table 8 Spearman correlations: waste bin point count vs population density and imperviousness (n = 318 hexagons with ≥1 mark).
	Predictor
	Spearman r
	p-value
	Significance

	Population Density
	0.716
	< 0.001
	***

	Imperviousness
	0.634
	< 0.001
	***
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Figure 4.16. Spearman rank correlation coefficients between waste bin perception mark counts and two environmental predictors across Prague 
OLS Regression
The OLS regression model uses both indicators together. This model used 318 hexagons, and it explains 43.4% of waste bin marks R² = 0.434. This model is statistically significant, F = 120.8, p < 0.001.
The first indicator, population density, is significant β = 0.485, which means for every one-unit increase in population density, about 0.49 more waste bin marks appear in that hexagon. This result is expected because more people put more marks. This is the real scenario.
The other indicator is imperviousness, which showed an interesting result. The Spearman correlation showed a significant result of r = 0.634. But when we ran the regression and combined both indicators, imperviousness was no longer significant p = 0.734. This means that imperviousness is not independent here. It only correlated with the marks because it was correlated with the population density. But when they are combined, imperviousness does not show its independence. It is only following the population density and cannot explain waste bin marks independently.
Table 9 Spearman correlation and OLS regression results: Waste Bin perception and environmental indicators (n = 318)
	Predictor
	r (Spearman)
	p-value
	β (OLS)
	Std. Error
	t
	p-value

	Population Density
	+0.716
	< 0.001
	+0.485
	0.052
	9.399
	< 0.001

	Imperviousness
	+0.634
	< 0.001
	−0.028
	0.083
	−0.340
	0.734


OLS model fit: R² = 0.434, Adjusted R² = 0.431, F = 120.8, p < 0.001, n = 318
Note: r = Spearman rank correlation coefficient; β = standardized OLS regression coefficient; Std. Error = standard error of β; t = t-statistic.
Bivariate Spatial Pattern
From the bivariate map, we can see the whole scenario of waste bin distribution for the whole city of Prague. The dark navy hexagons show high waste bin marks with high population density; this is the most dominant class. In the city center of Prague, many people live there, there is high population density, and so more waste bin marks are placed there. This is an expected result because more residents notice more waste bin problems. In the outer areas of Prague, the light orange or beige hexagons show low marks with low population density. Because fewer people live in the suburban areas, the marks are fewer than in the city center.
Dark orange and red hexagons show a spatial mismatch. Some areas have low waste bin marks, but many people live there, so the marks are low. This indicates that people did not participate in the survey. Other hexagons show high waste bin marks, and low population here could be some commercial areas or transit zones where people pass through but do not live there, and that is why they are more concerned about waste bins in those areas.
The light purple and grey hexagons indicate medium marks and medium population density; these are the transition zones between the city center and the outer areas.
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Figure 4.17. Bivariate choropleth map showing the spatial correspondence between citizen waste bin perception mark counts and residential population density 
[bookmark: _Toc235886910]Discussion of Waste Bin Analysis
When we look at the final results, it is clear that population density is a very important factor for waste bin marks in Prague. It generates a strong Spearman correlation of r = 0.716 and a significant OLS coefficient of β = 0.485, which indicates that where more people are living, they produce more waste. That is why people put more waste bin marks in those areas. (Guerrero et al., 2013; Hoornweg, 2012) also showed this in their research that densely populated areas generate more waste.
Another indicator in this study is imperviousness, which showed a Spearman correlation of r = 0.634. But in the regression model, when both indicators are combined, it shows that imperviousness is not statistically significant. Generally, in European cities, where there are more people, there are also more buildings, structures, and roads, which is very normal. They always go together, and for this reason, imperviousness alone cannot explain the whole waste bin mark pattern. It only follows the population density. (Arnold & Gibbons, 1996; Rosenthal & Strange, 2004) also proved in their research about population concentration and built-up areas. The recommendation is that city planners should use population data when they want to design important aspects of the city.
When it comes to the OLS regression model, R² = 0.434, which only explains 43.4% of the total pattern. This result is moderate, but it also means that 56.6% is not explained. So, there are other factors which I did not use in this study but which could influence the residents, for example, commercial areas, tourist areas, markets, and food chains. These all generate waste and attract people, but satellite data alone cannot capture them.
There is also a spatial mismatch shown in the bivariate map. Some hexagons in areas where there is high population concentration but waste bin marks are low. It is possible that people work in those areas but do not live there; that is why they did not put marks on waste bins. Areas also spotted with high bin marks but low population could be some commercial zones where people pass through during the day but do not live there permanently. Future studies should use commercial land use maps to understand this behavior.
Dashboard Development
An interactive dashboard was made to visualise my data and tables in an interactive format. Static maps in a PDF are very hard to understand; that is why this dashboard was developed, so users can explore and see the patterns by themselves. The interactive dashboard, called Prague Mapped by People and Satellites, displays citizens' emotional perception with Copernicus satellite indicators. There are 579 hexagons covering the city of Prague. The main goal of this dashboard is to help both researchers and people without a GIS background understand the spatial patterns, so they do not only have to read tables but can also see the data visually.
[bookmark: _Toc235886912]Technology Stack
The dashboard was developed using Python as the primary programming language. Several libraries were used during development: Streamlit as the web application framework, Folium for interactive map rendering based on Leaflet.js, streamlit-folium for embedding Folium maps inside the Streamlit interface, Plotly for statistical charts, Pandas for data loading and processing, and SciPy for Spearman correlation computation.
After development, the dashboard was deployed using Streamlit Community Cloud, which is directly connected to the GitHub repository. Every time a change is made to the code and pushed to GitHub, Streamlit Community Cloud automatically detects the update and rebuilds the live application within one to two minutes.

[bookmark: _Toc235886913]Layout Structure
The dashboard is structured in a way that both researchers and non-technical users can explore it easily. The layout is divided into three panels.
The left panel is used for navigation and view mode selection. There are three view modes available: Bivariate mode, which displays the hexagonal choropleth map combining emotional activity and satellite indicators; Comments mode, which allows users to read respondent comments placed on the map; and Compare mode, which enables side-by-side comparison of two different emotional topics to observe spatial differences.
The central panel displays the interactive map. When a user clicks on any hexagon, a pop-up appears showing the number of respondents, their comments from that area, and the statistical correlation result for that hexagonal cell.
The right panel contains statistical information. It displays the bivariate legend, the selected topic, the Spearman correlation result with its interpretation, and a bar chart showing the correlation values for each satellite indicator.
This three-column layout was implemented using custom CSS, overriding Streamlit's default padding and scroll behaviour to ensure the map fills the full screen without any unwanted gaps or scrollbars.
[bookmark: _Toc235886914]Data Loading
Three types of data are loaded and displayed in the dashboard. The first dataset is the hexagonal topics file (hex_all_topics.csv), which contains aggregated emotional activity values and satellite indicator values for each hexagon and each topic. The second dataset contains individual respondent comments (comments_with_grid.csv). This file includes each respondent's comment text, the emotion topic they selected, their demographic information such as age and gender, and the hexagon identifier to which their comment was spatially assigned. The third dataset is the hexagonal grid of Prague city stored as a GeoJSON file. This grid was created using the ArcGIS Generate Tessellation tool with a spatial resolution of approximately 1 km² per cell, resulting in 579 hexagons covering the city of Prague.
[bookmark: _Toc235886915]View Modes of Dashboard
[bookmark: _Toc235886916]Bivariate Mode
The Bivariate mode is the default view of the dashboard. It displays a choropleth map where each hexagon is coloured according to a 3×3 bivariate classification scheme.
The map uses two axes to assign colour to each hexagon. One axis represents the emotional activity of respondents for the selected topic. For example, how many people marked that hexagon as unsafe when the Safety topic is selected, normalised per capita and log-transformed. The other axis represents the satellite indicator value associated with that topic, for example, NDVI vegetation values for the Safety topic. The combination of these two axes produces nine possible colour categories, ranging from light grey, which indicates low values on both axes, to dark blue, which indicates high values on both, and purple, which indicates high emotional activity but low environmental quality.
When a user clicks on a specific hexagon, a popup immediately appears. It shows the number of respondents who marked that cell, whether the emotional activity and satellite indicator values are high or low compared to other hexagons expressed as a percentile rank, the bivariate class label, and up to three respondent comments from that area, including whether each comment is positive or negative in sentiment.
[bookmark: _Toc235886917]Comment Mode
When the user switches the view mode from Bivariate to Comments mode, the map immediately changes to display individual respondent comments as point markers across the city.
A filter menu appears in the right panel allowing users to filter the displayed comments by three demographic categories: age group, gender, and emotion topic. For example, if a user selects the Safety topic, only comments related to safety are displayed on the map. This allows targeted exploration of specific topics or demographic groups.
Each comment marker is coloured according to its emotion topic, so different topics can be visually distinguished from one another on the map. Since many comments are located close together, especially in the city centre, the markers are grouped into clusters. The clusters are coloured in three groups to indicate the density of comments in that area: green clusters contain a small number of comments, yellow clusters contain a moderate number, and red clusters indicate areas with a high concentration of comments. This colour coding allows users to immediately identify which parts of Prague generated the most responses for a given topic.
[bookmark: _Toc235886918]Compare Mode
When the user selects Compare mode, the central map panel is divided into two layers displayed on the same map. A draggable swipe tool is available in the middle of the map, allowing the user to slide left or right to reveal and compare the two selected topics simultaneously. For example, a user can compare the Safety topic with the Green Space topic and immediately spot the spatial differences between the two bivariate choropleth layers.
Both topics are displayed as bivariate choropleth layers on the same Leaflet map instance, meaning that panning and zooming affect both sides equally. This makes direct spatial comparison straightforward, as the same hexagons are always visible on both sides of the divider.
The right panel in Compare mode contains two dropdown menus. The first dropdown allows the user to select the primary topic they want to view on the left side of the map. The second dropdown allows the user to select the topic they want to compare it with on the right side. Below the dropdowns, the Spearman correlation values and bar charts for both selected topics are displayed separately, allowing statistical comparison alongside the visual map comparison.
[bookmark: _Toc235886919]Statistical Panel
The statistical information is displayed in the right panel of the dashboard. This panel contains several components that update automatically when the user selects a different topic.
The first component is the bivariate legend, which shows the 3×3 colour grid for the currently selected topic. When the user selects the Safety topic, for example, the legend immediately updates to show which satellite indicator is used for that topic, such as NDVI or night lights, along with the corresponding colour scheme. This legend is only visible in Bivariate and Compare modes.
Below the legend, the Spearman correlation card displays the correlation coefficient (r), the p-value, and the number of hexagons included in the computation. For users who are not familiar with Spearman correlation, a small information badge (ⓘ) is placed next to the section title. When clicked, it opens a box explaining what Spearman r means, what the value ranges indicate, and whether the result is statistically significant. This was added specifically to make the dashboard accessible to non-technical users.
Finally, a bar chart built using the Plotly library displays the Spearman correlation value separately for each satellite indicator associated with the selected topic. Bars are coloured green when the correlation is positive and red when it is negative. When the user hovers over a bar, a tooltip appears showing the indicator name, the exact r value, and a plain language interpretation of what the result means in the context of that topic.
[bookmark: _Toc235886920]Deployment and Version Control
The dashboard was deployed using Streamlit Community Cloud, which is directly connected to the GitHub repository. Every time the dashboard code was edited on the local machine, the changes were saved and uploaded to GitHub using Git commands: git add, git commit, and git push. Once the new code reached GitHub, Streamlit Community Cloud automatically detected the update and rebuilt the live application, making the updated version available at the same URL without any manual steps.
Git was also very useful during the development process because it tracks every change made to the code. Each change was saved with a short description explaining what was modified. This made it possible to go back to any previous version of the code when a new feature did not work as expected. For example, during development, several features were tested and then reverted when they did not produce the desired result, and Git allowed the previous working version to be restored quickly and safely.
This photo shows the main interface of the interactive dashboard.
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Figure 4.18. Screenshot of the interactive dashboard showing the opening page in view mode for the safety topic in a choropleth map
[bookmark: _Toc235886921]User Testing & Evaluation
[bookmark: _Toc235886922]Overview & Goals
After the dashboard was developed, a user testing survey was conducted with some participants who have previous experience in GIS. To check whether it is understandable to other people and to improve the visual design, the survey was conducted among different people. After that, the feedback was collected and tried to be implemented on the dashboard where it was possible to implement, and the ideas that could not be implemented were noted for future development.
Participants
A total of eight participants took part in this survey. They were all university students who had a background in geographic information systems but were not professional-level users, and they knew the context of this dashboard.
[bookmark: _Toc235886924]Method
For these two different methods were used to gather their feedback. Some of the participants, while making a voice call, used a think-aloud session. In this method, they explored the dashboard and commented on their thoughts and understanding about the different topics of the dashboard, and different types of problems they pointed out and gave suggestions on how to fix them. This method was recorded and transcribed, and the main ones were noted for future development. Some other participants finished this survey by exploring the dashboard, took screenshots, and sent them to me with their issues about specific problems and issues in the dashboard. Through these two methods, I got a lot of responses and feedback from the participants.
[bookmark: _Toc235886925]Findings from User Testing
Several findings were found during this user testing evaluation. Some of them commented on the layout and information hierarchy and suggested changing the layout to put the topic bar on the left panel right below the view mode bar, and I already did it. This helps to show the relationship between the mode and the topic, which was not clear before. Some of the participants thought that the map was not displaying in the centre of the screen, but I found out that it was not a problem with the dashboard; their screens were smaller, so it looked a little bit down and not in the centre. When I checked it on a bigger screen, it showed immediately in the centre.

Some feedback was received about the indicators; some of the participants did not understand what the indicators mean, so changes and additional information were added about each indicator. Now, if a non-expert wants to use it, they can just click on the information button and know what the indicator means. Also, for the topics, information was added as well. For example, for the green space topic, it was not clear to participants whether the area has more green space or there is a lack of green space. It actually means lack of green space that participants want more green space in that area. So now it is clear. There were also some problems with topic naming, which is why I added descriptions below each topic name.

There were also some problems with the tooltip content before; when the popup appeared on a hexagon, it showed some random information. Now it shows the activity of the people in a meaningful way; for example, it shows "high activity, low imperviousness." In the Spearman correlation panel, there were also some small changes; for example, the r value was showing too many digits, and now it only shows three digits. There was also a problem in the indicator selection. For example, in the Proudness topic, the initial indicator chosen had a weaker correlation, but now the indicator with the strongest correlation is used on the dashboard. A scale bar was also added, and the legend placement was discussed and confirmed.
[bookmark: _Toc235886926]
Overall Results
This chapter presents the overall output of all seven topics of citizen perception and satellite-derived indicators in Prague city. To reach this stage, the data were collected from the emotional mapping platform and then analysed and correlated with the satellite-derived indicators using Spearman correlation and OLS regression analysis with 1 km² spatial resolution. In total, 565 to 579 hexagonal grid cells were used depending on the topic. Each hexagon contains citizen perception marks for the individual topics.

The table below contains all the topics, which indicator was used for each topic, the r value, and whether the correlation is positive or negative. This is a summary of the Spearman correlation for all seven topics.
Table 10 Summary of Spearman correlation results across all seven perception topics
	Topic
	Strongest Indicator
	r
	Direction

	Safety
	Nighttime Lights
	+0.485
	Positive

	Free Time
	NDVI (normalized)
	+0.261
	Positive

	Lack of Green Space
	NDVI
	−0.321
	Negative

	Traffic Hazard
	Imperviousness
	+0.710
	Positive

	Civic Pride
	Nighttime Lights
	+0.474
	Positive

	Need for Change
	Urban Stress Index
	+0.712
	Positive

	Waste Bin
	Population Density
	+0.716
	Positive


[bookmark: _Toc235886927]Overall Pattern of Results
The overall results of all seven perception topics were found to be statistically significant between citizen perception marks and at least one satellite-derived indicator. So, it proves that the environmental conditions can be measured from space, but the strength and direction varied according to the topic, which proves the complex nature of urban experience.
For example, the strongest correlation was found for safety, r = 0.485, and for waste bin management, r = 0.716, and the weakest result was found for free time activity, r = 0.261.
So, it shows that most of the topics show moderate to strong correlation, but satellite indicators alone cannot capture all the factors, and other factors also influence citizen perception in those areas.
[bookmark: _Toc235886928]Role of Individual Environmental Indicators
NDVI: NDVI is the most frequently used indicator in this study. It shows meaningful associations with safety, free time, green space, civic pride, and need for change. The green space of Prague tends to be one of the important factors for correlating citizen perception with satellite-derived data. For example, NDVI shows a negative result in areas with a lack of green space, which means people need more trees where there is low greenery. For the free time topic, it got a positive result, which proves that people tend to go to green places for spending their free time.
Nighttime Light Intensity: For the safety perception, nighttime light showed the strongest correlation result, r = 0.485. So, it proves that artificial lighting can be connected to the environmental factor to understand how people feel safe in the city. Most safety marks show the highest nighttime light intensity, which means those areas are safe. But some scattered areas show the opposite. The cause of this result could be that some bright areas are also busy in Prague, so people do not only feel unsafe because of darkness but because of the busy and crowded environment.
Imperviousness: Imperviousness was used for the traffic hazard and waste bin topics. The areas with more pavements and buildings got more citizen marks for traffic problems and waste bin concerns. It shows that heavily built-up areas cause more traffic problems and need more waste bin services. But when running the OLS regression, the statistical significance of imperviousness disappeared because population density controlled it. So, it proves that imperviousness depends on population concentration rather than being an independent predictor.
Population Density: Population density was the main indicator for the waste bin perception marks, and OLS regression proved that it drives the spatial pattern of waste bin marks. It shows that where more people live, they need more waste bin management. So, it shows a very strong relationship between population density and solid waste service demand.
Composite Urban Stress Index: The composite Urban Stress Index combines the land surface temperature, NO₂, and NDVI. It shows a strong relationship with the need for change topic stronger than individual indicators alone. I made this combination because people do not only feel stressed about their area for just one thing; there could be many problems. The area could be hot, the area could be polluted, and there could be no vegetation cover. So, when all the problems are present at the same time, people feel that something needs to change in that area, and that is why I combined all the indicators, which works better than a single indicator.
[bookmark: _Toc235886929]Spatial Patterns Across Prague
After calculating all the Spearman correlations and OLS regression, a bivariate choropleth map was produced as the final output to visualize the results for all seven topics of citizen perception and environmental indicators.
The city of Prague, from Praha 1 to Praha 6, shows the highest citizen perception marks for all the topics combined with the environmental indicators, including imperviousness, NO₂, and NDVI. But the outer and suburban areas show fewer citizen perception marks and better environmental conditions.
The city center got more marks because most of the people are from the city center, and there is also a participation bias: more people use the city center, so more marks come from there.
There is a spatial mismatch too. Some hexagons show higher environmental stress but fewer marks, because those areas are commercial areas and transit areas where people do not live; they just pass through the area or use that area for a specific purpose only; they do not live there.
[bookmark: _Toc235886930]OLS Regression Performance
OLS regression was used for the need for change and waste bin topics, which show 34.4% and 43.4% of the spatial variance in citizen perception. That means how much of the pattern my model can explain from the indicators.

For example, R² = 0.434 for waste bin, which means that the indicators of population density and imperviousness can explain only 43.4% of why people mark waste bin concerns in their area in Prague city. The remaining 56.6% could be caused by other factors that are not included here, like commercial areas, tourism, or other factors.

[bookmark: _Toc277157896][bookmark: _Toc235886931]
DISCUSSION
[bookmark: _Toc235886932]Methodological Approach
This study relies on assessing urban quality in Prague city using derived environmental indicators, spatial correlation analysis, and a PPGIS-based approach. This approach is applied to analyze citizen perception related to satellite-derived environmental indicators to understand their urban environment based on their experience. Similarly, from the literature, (Brown & Kyttä, 2014) also used PPGIS and explained that it is a reliable method for capturing the perception about a place, including safety, comfort, and environmental quality. They also said that it provides more authentic data than traditional surveys. Another study from (Kahila & Kyttä, 2009) also said that PPGIS data can be aggregated to grid cells which are related to physical characteristics. This study also follows this logic by assigning hexagonal grid cells from the respondent marks and using Spearman correlation between perception and environmental indicators.
[bookmark: _Toc235886933]Grid Resolution
This study uses a 1 km² spatial resolution for the hexagonal grid across all seven topics. I was thinking of using a smaller scale to get more detail, but the problem is that the survey is small; it does not have enough respondents to fill all the small cells. If a cell has only one or two people in it, the correlation could be misleading and could not give an accurate result. That is why I chose 1 km² resolution, which gives small enough cells that are still statistically valid. From the study of (Pánek et al., 2021), they also faced the same problem, and that is why they used a larger spatial unit for the same reason. For choosing the hexagon, some administrative boundaries have irregular shapes; some are small, some are big, and this makes the comparison unfair. That is why hexagons were chosen, which have the same area and shape.
[bookmark: _Toc235886934]Choice of Environmental Indicators
Several environmental indicators were used in this study, including NDI, nighttime light, land surface temperature, nitrogen dioxide, imperviousness, and population density, to see if there is a match between environmental conditions and citizen perception. From the (Wei et al., 2022) study, he also used NDVI and imperviousness to examine green space and surface sealing in European cities. (Li et al., 2012) also showed that nighttime light intensity from the DMSP-OLS satellite is reliable for understanding urban activities, and the relationship with built-up activities is strong, which supports its use for the Proudness topic. A composite index indicator was also used for the Need to Change topic, which was also supported by (Wurm et al., 2025), who showed that using a single environmental variable is not enough, and that composite measures are more ecologically valid. The choice of nighttime light intensity was used for Proudness instead of NDVI, which was initially considered. People are prouder of the structural beauty of their historic center, and those areas also have high nighttime light. (Jankowski & Nyerges, 2007) also said that indicator selection in PPGIS should be guided by the spatial structure of the data rather than theoretical assumptions.
[bookmark: _Toc235886935]Correlation Findings
Spearman correlation was used in this study. For example, when safety perception is correlated with nighttime light intensity, it shows a significant result. This means that when there is more nighttime light, there is less safety concern. From the study of (Cozens et al., 2005), they also said that well-lit, active urban areas are generally perceived as safer. The relationship between green space and NDVI also got support from (Ekkel & De Vries, 2017), who said that citizens are more satisfied when there is more green space in their environment. Also in this study, when the waste bin topic is related to population density, this is also supported by (Guerrero et al., 2013), whose study shows that for solid waste generation in urban areas, population density is the strongest indicator.
[bookmark: _Toc235886936]Limitations
Throughout the analysis of this study, several limitations were found that should be acknowledged. 
First, the people who conducted the PPGIS survey have internet access, which means they tend to be younger, more educated, and more digitally active than the general population. This sometimes causes an over-representation of certain groups and an under-representation of other populations who do not have access to digital media. Second, a 1 km² grid is used here for the available data density, but some urban phenomena such as safety or traffic hazards could change within a few hundred meters, so a finer resolution could be more suitable for this study. 
Third, there is a temporal mismatch between the remote sensing data and the perception data. The satellite imagery was acquired for a specific date, but the perception was collected over a longer period of time. 
Fourth, the Spearman correlation is observed between the topics and the environmental indicators, but it does not mean that one variable causes the other. There are other factors such as proximity to the city center, socioeconomic status of residents, transport infrastructure, and green space availability. 
Fifth, the comment analysis used in the dashboard was filtered to English language text only, and Czech language comments were excluded. A multilingual analysis would be more suitable for this study and would provide a more complete picture of the qualitative feedback.
[bookmark: _Toc235886937]Future Works
The main challenge of this study was time management, and that is why several things were not completed and are noted for future development. The first one is that the grid could be reduced to a smaller resolution. Also, the composite indicator, which is used for the Need to Change topic, could be extended to all other topics. A machine learning method could also be used, such as geographically weighted regression, which can model the relationship between perceived quality and environmental variables while accounting for spatial autocorrelation and confounding factors. Finally, the dashboard should support multilingual content and Czech language comment analysis for better accessibility for local authorities and the general public. Since the map is for Prague city, it should support Czech comments so that the local public can read it without any problem.

[bookmark: _Toc235886938]
Conclusion
This study explores the relationship between citizen perception and satellite-derived environmental indicators in Prague city, based on a PPGIS approach. The goal was to see whether the way people experience their urban environment and their perception can be connected and measured through environmental indicators from remote sensing data. To meet this goal, data were collected and then spatially aggregated to a hexagonal grid of 1 km² resolution. A total of seven topics were calculated and analysed for this study: Safety, Proudness, Free Time, Green Space, Need to Change, Traffic Hazard, and Waste Bin, and each topic is correlated with at least one environmental indicator using Spearman correlation.

The results showed statistically significant correlations for all topics. The strongest indicator found for safety perception was nighttime light intensity, which confirms that in well-lit urban areas citizens have a greater feeling of security. Traffic hazard also shows a strong relationship with imperviousness, and NDVI shows a negative correlation, which means that areas with more roads, pavements, and built structures and less vegetation have more traffic hazard reports from residents. Other topics also show meaningful correlations with environmental conditions, supporting the hypothesis that physical urban characteristics are reflected in how residents experience their environment.

After getting all the values, a bivariate map was made individually for all the topics and their indicators. After that, an interactive dashboard was developed to visualise these findings to an audience with different backgrounds. The dashboard includes a bivariate map, a Spearman correlation panel, a comments view of the residents, and a comparison mode to explore the spatial patterns of all seven topics. After the development, a user testing phase was also conducted with several participants, and their feedback was used to improve the dashboard. Some suggestions were also noted for future development.

This study supports participatory urban quality assessment by showing that PPGIS data can be connected to satellite-derived indicators at the city level. The combination of citizen perception and remote sensing can provide a more complete picture of urban quality, which can be used for decision-making by urban planners, researchers, and individuals. The initial goals of the study were met. The spatial framework was successfully applied across all seven  topics, statistically significant relationships were identified between the environment and citizen perception, and this study also identified several directions for future work, including multilingual comment analysis, composite indicator extension, and the application of machine learning methods for more advanced spatial modelling.
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Attachments

In this way, the text of the thesis is separated from the appendices by one sheet called ATTACHMENTS.

All free attachment (poster) must be submitted at Department of Geoinformatics physically!
List of attachments
The chapter is not numbered. Provide a complete numbered list of bound and free attachments. 
Bound attachments:
Attachment 1     Map ……….
Attachment 2     Code ………..

Free attachments
Attachment 3 	    Poster 
Attachment 4     Map ….
Attachment 5     Digital data
Attachment 6     Guidelines …
Attachment 7     Web
Attachment 8     Presentations

Structure of digital data – needs to be submitted through the university filesender 
Folders:
Text
Input_Data
Output_Data
WEB
Poster
………………

Warnings must be provided if there are restrictions on the data used:
All used digital data (or data from the City of Olomouc) were provided for the elaboration of the diploma thesis. Their further use is possible only with the consent of the administrator of this data.
A data provision agreement, an extract from the register or other key documents can also be included as an attachment.

Attachment 7
Rules for creating websites and applications
for diploma theses

• Each student will create their website for their diploma thesis.
The purpose of the site is to present the entire thesis and the results achieved. The pages are an integral part of the content and evaluation of the thesis. The site is unique for the needs of DP.

• The pages will be required to contain all key information about the thesis.
Title of the thesis, name of the author, name of the supervisor, year and place of origin of the thesis, name of the workplace where they were created, contact to the author (min. Full name, valid email address), reference to own diploma thesis, the goal of the thesis, used methods and materials, results, conclusion, summary and links to the text of diploma thesis and poster.

• Pages will be valid for HTML and CSS. Validation will be checked against the https://validator.w3.org/ tool.
- Pages will be responsive.
- All files will be named in lowercase and names will use only basic alphanumeric characters, i.e. names will be without diacritics, using underscores instead of spaces. 
- The content will be separated from the presentation.
- Pages must not contain frames. 
- Pages must not contain malicious or otherwise undesirable code and must not perform any action without the conscious will of the administrator or visitor. 
- Each page will be named and www will not appear in the title. 
- The home page will be named index.html or index.php.
Page encoding will be strictly in UTF-8 or UTF-16. 
Pages will use relative links as much as possible.

• The site will use relative links as much as possible.

• The total page size does not exceed 50 MB.
The size does not include programmed applications C or. B (see below).
In case of exceeding the size, the author is obliged to contact his DP manager and server administrator in good time (at least one week before submitting the website). If the claim is found to be justified, the allocated capacity will be increased. Otherwise, he is obliged to reduce and optimize the content of web pages.

• The pages will be placed in the space set aside by the Department.




• Site check
The website will be submitted for inspection no later than one week before the deadline for submission of the printed part of the work. The inspection will be carried out within 48 hours, and the result will be announced.

• All web pages and applications created as an output of the diploma thesis will be operated exclusively on the cathedral server.
Placing the resulting web page or application outside the cathedral space is understood as a failure to meet one of the basic points of the thesis.
In justified cases where the author is interested in publishing the work elsewhere, it is necessary to contact the head of the dissertation and then the head of the Department at least one week after the last presentation day (2nd bachelor's, 3rd master's).
In the event of consent, the author is obliged from the operator of the external server where he wants to publish his work, to secure a written contract to guarantee the operation of the application in its unaltered form, for three years from the successful defence of the thesis.

• Backup of the application is mandatory.
In all cases, the student is obliged to submit a fully functional backup of the application as a part of digital data, which will contain all the files (configuration, presentation, data, ...) necessary for the (re) commissioning of the application. All application files will be in a state where their commissioning will not require any intervention in the source code.

• In all cases, the student's share in the implementation of the application must be clearly identifiable.

• Technologies used
• Applications and web pages will be based on technologies designed or additionally optimized for the web.
• Tools that are licensed to KGI or belong to the category of non-commercial products (freeware, GNU / GPL, …) may be used to determine the operation and functionality of applications.
• The use of another additional product is permitted only with a mutually accepted written commitment to transfer the license to KGI for the time necessary for the creation of the work and its full operability for at least another three years from the date of a successful defense of the work.

• Responsibility for the application
The student is responsible for the functionality, activity and status of the application by the deadline for submission of the diploma thesis.
The Department of Geoinformatics is responsible for the functionality, activity and status of the application after successfully defending the thesis and for the next three years. The Department reserves the right to suspend the application earlier in justified cases.


Presentation - master's days
During the work on the diploma thesis, the student enrols in courses designed for that. Within these subjects he/she performs at presentation days.

First presentation 
In a five-minute presentation in English, the student will present the status of the solution of the assigned task. It will remind the goal of the work and in the solution process, it will clearly state which parts or partial goals it has already solved, which ones it has developed and which it has not yet started to solve. During the presentation and subsequent discussion, the student must demonstrate that:
• performed a proper amount of professional work,
• is significantly further than on the previous presentation day,
• fulfils the set idea of results,
• fulfils the set idea of the number, form and scope of outputs,
• will be able to deliver results and outputs promptly,

The student will take into account the ideas and recommendations from the discussion in the next phase of solving the assigned task. 

Second presentation
The second presentation in which students report on the progress of work on their master's theses. In a five-minute presentation, the student will present the results of the solution and the outputs of the assigned task. It reminds me of the aim of the work and deals with the results and outputs. During the presentation and subsequent discussion, the student must demonstrate that:
• fulfilled/solved the assigned task,
• fulfilled the set idea of the results,
• fulfilled the set idea of the number, form and scope of outputs,
• the quality of results and outputs corresponds to the level of the master graduate,
• will be able to submit work within the set deadline,
• that he has only left - to complete the text, make attachments, compile a web page and a poster.
The student will take the ideas and recommendations from the discussion into account when finalizing the qualification thesis.
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Theses guidelines

The aim of this thesis is to create an interactive and user-friendly visualization of an open dataset from participatory emotional mapping, and to explore
the possibilities of integrating Copernicus Earth Observation data into the spatial analysis and visualization process.

The dataset, collected in Prague in 2021 via the EmotionalMaps.eu platform, contains over 98,000 geolocated points and more than 30,000 citizen
comments. The student will preprocess and analyze the dataset to identify spatial patterns and trends that are not immediately apparent, utilizing
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