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The Urban Heat Island (UHI) effect is a phenomenon where some urban areas experience 

higher temperatures than nearby rural regions. The effect is rapidly worsening as the 

population tends to move to city-centred areas and built-up environments expand. 

Additionally, reducing green spaces and natural cooling sources worsens these 

environmental changes. However, given current economic conditions and growing human 

needs, large construction and development projects have become unavoidable. Therefore, 

identifying sustainable strategies to minimize adverse effects, such as the UHI effect, is vital.  

It has already been identified that modifications applied to city areas are affecting the UHI 

effect. Therefore, designing a digital tool to identify and understand how new modifications 

affect temperature conditions plays a crucial role in optimized city planning. The digital twin 

(DT) concept can be considered as one approach to address this scenario. A DT is a digital 

platform that works as a one-to-one mapping between a real-world environment and a digital 

simulation. This thesis proposes a solution for this scenario using a digital-twin system based 

on the city of Lahti, Finland.  In particular, this work presents a DT system that allows users 

to implement modifications, including trees, built ups, and water bodies in the Lahti city 

area, and forecasts how they affect land surface temperature (LST). Design science research 

methodology was followed in the research. 

The DT is combined with a machine learning model, which was trained to predict the LST 

of the city of Lahti, focusing on factors including geographical locations and spectral indices. 

The LST is forecasted, considering the changes that occurred after the modifications. 

 



 
  

ACKNOWLEDGEMENTS 

 

First, I would like to express my sincere gratitude to my supervisor, Prof. Dominik Siemon, 

for his guidance, insightful feedback, and continuous support throughout this work. His 

advice and suggestions always provided a pathway to improving this work in the best 

possible way. His fruitful discussions contributed to uncovering a path to conducting this 

work successfully. 

I also like to thank my second supervisor, Ram Gurung, Junior Researcher, for his advice in 

improving the quality of this work. 

Furthermore, I would like to express my deepest gratitude to the Lahti city professionals, 

whose suggestions made a real positive impact on improving the applicability of this work. 

I greatly appreciate the support given by Tiina Nygård, Environment Specialist, for 

arranging a meeting with professionals and valuable discussions on my research work. I 

would also like to thank all the Lahti city professionals who participated in the digital twin 

evaluation meeting for their feedback on enhancing this work.  

My sincere thanks are also extended to Mr. Juha Valta, Head of International House of Lahti, 

who guided and provided the opportunity to contact the Lahti city professionals. 

Additionally, I would like to thank my loving husband for his love, patience, and 

encouragement throughout this work. I also extend my heartfelt gratitude to my beloved 

mother, brother and sister for their unconditional love and belief in me. 

Finally, I would like to dedicate this work to my late father, whose advice always continued 

to support me. 

 

  



 
  

SYMBOLS AND ABBREVIATIONS  

 

Abbreviations 

UHI - Urban Heat Island 

DT - Digital Twin 

LST - Land Surface Temperature 

NDVI - Normalized Difference Vegetation Index 

NDBI - Normalized Difference Built-Up Index 

NDWI - Normalized Difference Water Index 

EVI - Enhanced Vegetation Index 

SWIR - Short-Wave Infrared 

NIR - Near-InfraRed 

ML - Machine Learning 

GEE - Google Earth Engine 

 

 

 

 

 

 

 



5 

 

 

Table of Contents 

 

Abstract 

(Acknowledgements) 

(Symbols and abbreviations) 

Declarations 

 
1 Introduction .................................................................................................................. 11 

1.1 A Brief Summary of Previous Studies ................................................................. 12 

1.2 Research Gaps and Significance of the Study ..................................................... 13 

1.3 Research Objectives, Questions, and Limitations ............................................... 14 

1.4 Structure of the Study .......................................................................................... 15 

2 Related Work ................................................................................................................ 16 

2.1.1 UHI Effect and Impact of UHI ........................................................................ 16 

2.1.2 Factors Affecting UHI ..................................................................................... 16 

2.1.3 UHI Effect in Lahti .......................................................................................... 18 

2.1.4 Strategies to Mitigate UHI ............................................................................... 19 

2.2 Digital Twin (DT) ................................................................................................ 19 

2.2.1 History of DT and Definitions for DT ............................................................. 19 

2.2.2 DT Applications ............................................................................................... 21 

2.2.3 Components of DT ........................................................................................... 22 

2.2.4 Operational Process of DT ............................................................................... 22 

2.2.5 DT Implementation .......................................................................................... 24 

2.3 Remote Sensing ................................................................................................... 25 

2.4 Temperature Prediction using ML ....................................................................... 25 

3 Methodology................................................................................................................. 27 

3.1 Design Science Research Methodology .............................................................. 27 

3.2 DSR Frameworks Used in the Research .............................................................. 28 

3.2.1 Hevner’s DSR Framework ............................................................................... 28 

3.2.2 Tuunanen’s Structured Approach with Echelons (eDSR model) .................... 29 



6 

 

 

3.3 Applying eDSR Model (Tuunanen et al., 2024) in the Research Work .............. 30 

3.3.1 Problem Analysis Echelon ............................................................................... 30 

3.3.2 Objectives and Requirements Definition Echelon ........................................... 31 

3.3.3 Design and Development Echelon ................................................................... 33 

3.3.4 Demonstration Echelon .................................................................................... 34 

3.3.5 Evaluation Echelon .......................................................................................... 34 

3.4 System Architecture ............................................................................................. 35 

3.4.1 Data Layer ........................................................................................................ 35 

3.4.2 ML Layer ......................................................................................................... 36 

3.4.3 Visualization Layer .......................................................................................... 41 

4 Results and Discussion ................................................................................................. 45 

4.1 Technical Evaluation ........................................................................................... 45 

4.1.1 Initial ML model for the City of Lahti ............................................................. 45 

4.1.2 Random Forest for the City of Lahti with Engineered Features: ..................... 48 

4.1.3 XGBoost for the City of Lahti with Engineered Features: .............................. 49 

4.1.4 Random Forest Trained for the City of Lahti with Coordinates ...................... 50 

4.2 Behavioural Evaluation ........................................................................................ 51 

4.2.1 Results and Analysis of Closed-Ended Questions ........................................... 51 

4.2.2 Results and analysis of Open-ended questions ................................................ 54 

4.3 How the study addressed research questions ....................................................... 58 

5 Future Work.................................................................................................................. 62 

6 Conclusion .................................................................................................................... 62 

References ............................................................................................................................ 64 

Appendices ........................................................................................................................... 71 

Appendix 1: Questionnaire used to evaluate users (Section 2: Ease of Use) ...................... 71 

Appendix 2: Questionnaire used to evaluate users (Section 3: Visualization Clarity) ........ 72 

Appendix 3: Questionnaire used to evaluate users (Section 4: System Usefulness) ........... 73 

Appendix 4: Questionnaire used to evaluate users (Section 5: Decision Support and Intention 

to Use) .................................................................................................................................. 74 

Appendix 5: Questionnaire used to evaluate users (Section 6: Accuracy and Trust) .......... 75 

Appendix 6: Questionnaire used to evaluate users (Section 7: Overall Reflection) ............ 76 

Appendix 7: Questionnaire used to evaluate users (Section 1: General Question) ............. 76 



7 

 

 

Appendix 8: System Evaluation with Actual Users (Lahti City Professionals) at Lahti City 

Hall ....................................................................................................................................... 77 

Appendix 9:  DT Development GitHub Repository ............................................................ 77 

 

 

 

 

 

  



8 

 

 

Figures 

Figure 1: UHI Generation 

Figure 2: Digital Twin Concept 

Figure 3: Operational Process of DT 

Figure 4: LST analysis in Lahti region from 2017-2024 (Summer Period) 

Figure 5: Study Area 

Figure 6: ML Pipeline 

Figure 7: Workflow of the Inference Component 

Figure 8: Prediction messages generated for user intervention 

Figure 9: Frontend User Interface 

Figure 10: Diagram for the workflow of the System 

Figure 11: Predicted values vs real values for the Initial ML model for the City of Lahti 

Figure 12: Predicted values vs real values for the Initial ML model for the City of Barcelona 

Figure 13: Predicted values vs real values for the Random Forest for the City of Lahti after 

feature engineering 

Figure 14: Predicted values vs real values for the XG-Boost for the City of Lahti after feature 

engineering 

Figure 15: Predicted values vs real values for the Random Forest trained with engineering 

features and coordinates for the City of Lahti 

Figure 16: Prediction messages generated for user intervention 

 

 

 

 

 



9 

 

 

Tables 

Table 1: Standard spectral band values of the objects 

Table 2: Results for the closed-ended questions that were analysed using descriptive 

statistics 

Table 3: Codes generated within each category 

Table 4: Subthemes generated by grouping similar codes 

Table 5: Thematic analysis for the qualitative data (user feedback) 

 

  



10 

 

 

DECLARATION OF AI USAGE 

 

I, the undersigned, in line with LUT AI usage recommendations and policy 

(https://elut.lut.fi/en/completing-studies/rules-and-regulations/ai-based-tools-policies) 

hereby declare the following regarding the usage of AI tools in the development of the 

contents of my thesis work: 

1. Grammarly 

a. Purpose of use: Correct Grammar Errors 

b. Explanation of the use of the tool: The tool was only used for fixing grammar 

errors in the final document. 

2. ChatGPT 

a. Purpose of use: Only for Fixing Coding Errors 

b. Explanation of the use of the tool: The tool was only used for fixing coding 

errors in system development. 

I declare that no other AI assistance or tools were used in the development of the contents 

of my thesis work than those mentioned above. 

 

Date: 05.12.2025 

Iresha Bandaranayake Himihami Mudiyanselage 

  

https://elut.lut.fi/en/completing-studies/rules-and-regulations/ai-based-tools-policies


11 

 

 

1  Introduction 

With rapid urbanization and industrialization, the world is facing numerous negative 

consequences, including the urban heat island (UHI) effect. The UHI effect is a phenomenon 

where some city areas experience higher temperatures than nearby rural regions. The effect 

is rapidly worsening as the population tends to move to city-centered areas and built-up 

environments expand. Additionally, reducing green spaces and natural cooling sources 

worsens these environmental changes. However, given current economic conditions and 

growing human needs, large construction and development projects have become 

unavoidable. Therefore, identifying sustainable strategies to minimize adverse effects, such 

as the UHI effect, is vital (Yao et al., 2017). 

It has already been identified that modifications applied to city areas are affecting the UHI 

effect. Therefore, city planners and environmental specialists seek tools to identify and 

understand the consequences of new modifications before implementing them in the real 

world. In particular, how the new constructions affect temperature conditions plays a crucial 

role in optimized city planning (Syeda et al., 2025). To address this, allowing city planners 

to test changes in a digital environment before applying required modifications in the real-

world environment can be considered a promising and reliable solution. This thesis proposes 

a solution to overcome this scenario using a digital twin (DT) system based on the city of 

Lahti, Finland.  In particular, this work presents a DT system that allows users to create 

modifications in the Lahti city area and forecast how they affect land surface temperature 

(LST). 

This system allows users to add modifications, including trees, buildings, green roofs, and 

water bodies, to locations in the Lahti city area. Therin it forecasts the potential changes in 

LST that occur due to the influence of modifications. The system uses a ML model pre-

trained with satellite-based geospatial data for the forecasting process. The user interface of 

this system has been designed using a 3D visualization platform built with Cesium. Although 

this study is conducted, focusing only on the Lahti city area, it provides insight into 

integrating similar solutions for other cities in Finland and Europe that encounter similar 

challenges. 
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As the DT model is becoming an essential tool in urban planning and environmental 

monitoring, this work is significant as it provides insight into applying DT based solutions 

to mitigate environmental problems that emerge with urbanization and industrialization.  

1.1  A Brief Summary of Previous Studies 

Previous studies have shown that temperature patterns are highly correlated with the nature 

of land cover surfaces, city structure, and material types used for construction (Deilami et 

al., 2018; Shi, Xiang, and Zhang, 2019; Mansourmoghaddam et al., 2024). Furthermore, 

studies related to remote sensing, environmental modeling, and geographical analysis depict 

that factors including vegetation cover, green surfaces, and aquatic regions contribute to 

reducing the temperature, whereas large built-ups and artificial land surfaces drastically 

increase the temperature in metropolitan areas. It has been observed that built-up materials, 

including concrete and asphalt, depict a positive correlation with temperature data 

distributions (Yang et al., 2016; Mohajerani et al., 2017). 

ML models, including random forest, XG-boost, and Artificial Neural Networks, have been 

identified as promising tools for identifying non-linear temperature patterns and forecasting. 

The accuracy of a ML model strongly depends on the nature of the data sets employed for 

the training process and parameter tuning. There are no common algorithms or ML models 

that perform equally in all problems. Therefore, identifying the most suitable ML model, 

depending on the nature and the difficulty level of the problem, is significant (Singh and 

Rawat, 2023; Lartey et al., 2024). 

Studies related to remote sensing and other work conducted based on satellite image data, 

including  Sentinel-2 and Landsat-based analyses,  have identified that LST is strongly 

correlated with spectral indices, including NDVI (Normalized Difference Vegetation Index), 

NDWI (Normalized Difference Water Index), NDBI ( Normalized Difference Built-Up 

Index), and EVI ( Enhanced Vegetation Index) (Deilami et al., 2018; Zhang et al., 2018; 

Varamesh et al., 2022). 

The concept of DT mimicking the real-world environment has also been identified as an 

efficient strategy to address those problems. Furthermore, they have been identified as a 

promising solution for smart city planning. The importance of designing DT models to 
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represent the infrastructure of city areas and visualize the spatial conditions has already been 

discussed in the literature (Glasgow City Council, 2022; Bibri et al., 2025).  

In addition to the above, a comprehensive literature review of previous studies will be 

provided in Chapter 2 (Related Work). 

1.2  Research Gaps and Significance of the Study 

Although previous studies identified significant reasons behind the UHI effect and proposed 

sufficient solutions and strategies to overcome the issue (Mohajerani et al., 2017; Negi et al., 

2025; Esposito et al., 2024), tools that simulate and strongly predict the consequences of 

man-made changes are lacking. Most of the existing studies (Mohajerani et al., 2017; Lin 

and Zhang, 2024; Negi et al., 2025) focus on analysing historical data and proposing physical 

solutions to mitigate adverse effects. Therefore, introducing a tool that operates as a one-to-

one mapping between the real and virtual environment is important.   

Although some models have been introduced to present statistical results or information 

using 2D maps, they do not provide a simulated digital environment that city planners can 

access and test changes trivially (Teo et al., 2022; Cafaro et al., 2024). Furthermore, the 

studies that combine the complete workflow, starting from training a ML model using 

geographical information to recreating the real-world environment in a user-friendly digital 

platform, are rare. One article related to a study was identified that has developed a DT to 

predict LST changes with modifications. The article lacks information on the complete 

mechanism that was followed (Koeva et al., 2024). However, to the best of our knowledge, 

no such work is available for the city of Lahti. This work provides a digital platform for 

performing specific intervention tasks, including adding trees, water bodies, green roofs, and 

built-ups in a simulated 3D environment that mimics the physical structure of the city of 

Lahti. Therefore, this facilitates city planners to observe the LST changes that occur due to 

each intervention type.  Thus, this work presents a comprehensive workflow that begins with 

identifying the problem to initiate a reasonable solution. 
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1.3  Research Objectives, Questions, and Limitations 

In summary, this study addresses the research problem of designing a DT-based DT system 

based on the city of Lahti, which allows users to create modifications in the Lahti city area 

and forecast how they affect LST. The system allows users to add modifications, including 

trees, buildings, and water bodies, to locations in the Lahti city area. Therin it forecasts the 

potential changes in LST that occur due to the influence of modifications. The following 

research objectives are formulated to guide this work. 

1. To develop a DT mimicking the physical environment of the city of Lahti, integrated 

with environmental, spatial, and temperature data. 

2. To implement a ML model that forecasts LST using accessible information, such as 

spectral indices and bands. 

3. To present the LST changes that occur due to man-made interventions in the system. 

4. To evaluate the usability, reliability, and usefulness of the proposed system with 

experts and researchers in the domain. 

These objectives led to four corresponding research questions. 

1. How can the environmental, spatial, and temperature data be accessed, processed, 

and integrated into a system for future analysis? 

2. How accurately does the ML model forecast LST using spectral indices and bands?  

3. How to visualize the LST changes in a 3D city model? 

4. How can the system be evaluated for understanding the system’s usability, reliability 

for actual users? 

The study identified several limitations 

1. Lahti is a mid-sized city with an uneven distribution of vegetation and waterbodies. 

This contributes to producing mixed pixels. Therefore, pixels with different natures 

can correspond to similar spectral index values. 

2. Spectral band values are different according to the breed of the trees and the materials 

of the buildings. However, this work considers a set of average values representing 
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a wide range of tree types and materials. There can be some exceptional cases that 

deviate from those values. 

3. This work considers LST, which is not always proportional to the air temperature 

experienced by the population. 

4. The evaluation process has to be limited to professionals, researchers, and students 

in the subject domain. Therefore, the evaluation process is based on a small sample 

rather than extensive feedback collection.  

1.4  Structure of the Study 

Chapter 1: This chapter begins with a brief introduction to the thesis, importance, and the 

significance of the study. Then, it discusses the findings of previous studies, the necessity, 

the objectives, the research problem, the research questions, and the limitations of the study. 

Chapter 2: This chapter describes related work. Initially, it provides an overview of the UHI 

effect, the impact of UHI, and the factors affecting UHI. Then, the UHI effect in the city of 

Lahti and strategies to mitigate UHI are discussed. Thereafter, previous work related to the 

DT, various DT applications, and the development of DT are presented. Finally, an overview 

of the literature related to remote sensing and the use of ML in temperature predictions is 

provided. 

Chapter 3: This chapter outlines the research methodology employed. Initially, it describes 

DSR methodology. Then, it explains the DSR frameworks used in the study and the system 

architecture. 

Chapter 4: This chapter presents the results of the technical and behavioural evaluations. 

Furthermore, the chapter describes how the research questions are addressed through this 

research. 

Chapter 5: This chapter describes future enhancements of the current study. 

Chapter 6: This chapter provides a conclusion of the study. 
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2  Related Work 

This chapter is organized as follows. Initially, this provides an overview of the UHI effect, 

the impact of UHI, and the factors affecting UHI. Then, the UHI effect in the city of Lahti 

and strategies to mitigate UHI effect are discussed. Thereafter, previous work related to the 

DT, various DT applications, and the development of DT are presented. Finally, an overview 

of the literature related to remote sensing and the use of ML in temperature predictions is 

provided. 

2.1.1  UHI Effect and Impact of UHI 

UHI is the phenomenon that urban areas experience higher temperatures than their 

neighbouring rural areas (Deilami et al., 2018). It negatively affects the climate of those 

areas and the quality of human life. The UHI effect is highly affecting elderly people and 

people with chronic diseases. People with heart diseases and other chronic diseases are at a 

higher risk, and the heat-related mortalities depict a rapid increase with the influence of the 

UHI effect. Furthermore, the UHI effect contributes to increasing global warming, creating 

floods, storms, and diversely influences the ecosystems’ energy flow, material flow, and 

biological habits (O’Malley et al., 2014; Yang et al., 2016; Deilami et al., 2018). Hence, it 

is crucial to understand the factors affecting UHI and take necessary actions and strategies 

to mitigate the UHI effect. 

2.1.2  Factors Affecting UHI 

Rapid urbanization is the main source of the UHI effect. In 2050, 68% of the world’s 

population was predicted to live in urban areas (United Nations, 2022), posing significant 

challenges in the near future.  Several studies have been conducted to understand the factors 

influencing UHI. Many of them have considered LST as a proxy of UHI, since it measures 

the surface temperature that causes the UHI effect (Voogt and Oke, 2003). 

The factors affecting UHI can be divided into two categories as factors under human control 

and factors that are not controllable by humans (Memon et al., 2007). Green areas, building 
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materials, and sky view factor are several examples of controllable factors. Uncontrollable 

factors include wind speed, cloud cover, and seasonal change. Figure 1: UHI Generation 

(Memon et al., 2007) clearly depicts the generating process of the UHI and other related 

factors. Hence, it is important to understand the controllable factors by city planners and 

policy makers to intervene and create policies for designing urban areas.  

With rapid urbanization, the influence of man-made materials and human activities has 

drastically increased. For instance, surface materials of pavements and roofs, such as 

concrete, asphalt, highly contribute to the UHI effect in urban areas because they absorb high 

daytime heat and release it at night. Additionally, a high UHI effect increases the energy 

demand in cities. Due to the warmer environments in urban areas, people tend to use air 

conditioners in their workplaces and residential areas, which repeatedly release extra heat to 

the environment (Oke T., 1973; Yang et al., 2016; Mohajerani et al., 2017). 

 

  

Figure 1: UHI Generation (Source: Memon et al., 2007) 

 

Further, Yurong Shi (2019) has described nine variables affecting surface Urban Heat Island 

Effect (SUHI), including sky view factor (SVF), albedo, vegetation cover ratio, floor area 

ratio (FAR), building density, ground emissivity, complete surface area ratio (CSAR), mean 

building height (Zh), and average height to building area ratio (HBDG), (Shi, Xiang and 

Zhang, 2019). The study conducted by Mansourmoghaddam et al. (2024) highlights that 

LST is directly linked to Land Use / Land Cover (LU/LC) and changes in land cover and 

climate directly affect global biodiversity (Mansourmoghaddam et al., 2024).  
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Vegetation cover, seasonal changes, built-up areas, day-night temperature differences, 

population density, and water bodies have been identified as the most prevalent factors 

affecting UHI after reviewing numerous spatial and temporal factors affecting UHI (Deilami 

et al., 2018). Furthermore, it has been observed that the vegetation cover is the most 

significant factor. In addition to the mentioned factors, he further presented remote sensing 

indices that can be applied to analyse factors, such as NDVI for vegetation, NDWI for water 

bodies, and NDBI for built-up areas. Furthermore, the UHI effect is a result of a combination 

of environmental, man-made, and structural factors (Deilami et al., 2018).  

In the purpose of predicting LST using remote sensing approaches and ML algorithms, 

researchers have considered spectral indices such as NDVI, NDWI, Soil-Adjusted 

Vegetation Index (SAVI), Modified Normalized Difference Water Index (MNDWI), 

LU/LC, elevation, albedo, etc. (Deilami et al., 2018; Zhang et al., 2018; Varamesh et al., 

2022) 

Therefore, based on the literature review and data availability for the city of Lahti, this study 

considers NDVI, NDBI, NDWI, EVI, Longitude, and Latitude as predictor variables of LST. 

2.1.3  UHI Effect in Lahti 

The city of Lati has a risk of experiencing a temperature increase above the average. 

Therefore, the steps to mitigate those effects are vital. Studies highlight that high-latitude 

cities are at a high risk of encountering the consequences of the UHI effect (Ning et al., 

2024). 

In the study by Negi et al. (2025), a microclimate analysis was conducted in the city of Lahti 

using LST data from 2014 to 2024, to identify the heat risk in the city. Furthermore, risk 

assessment using social and environmental vulnerability indicators for future projections has 

been implemented. The study reveals that the high-risk areas of Lahti city have a potential 

increase from 9.79% to 23.65% by the year 2040. To mitigate the rising temperature, it has 

been proposed to expand green areas by intensifying green infrastructure in the city plan 

(Negi et al., 2025). 

In the city of Lahti, built-up areas tend to show higher temperatures than green or water areas 

during summer periods. However, the distribution of water temperatures was found to be 
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correlated with atmospheric inversions rather than the surface characteristics (Suomi, J., 

2018). Furthermore, despite their cool climate, mid-sized Nordic cities located in high-

latitude regions have been identified to experience a significant heat island effect. These 

findings emphasize the importance of addressing these issues, focusing on mid-sized cities, 

particularly Lahti, in urban planning (Drebs et al., 2023).  Thus, to address this issue, Agas 

(2025) proposed a framework to identify effective mitigation measures, enhancing green 

areas through strategies including vegetation, green roofs, and connected green corridors 

(Agas, J., 2025). 

2.1.4  Strategies to Mitigate UHI 

Implementing mitigation strategies and policies to overcome the diverse effects of UHI for 

both human beings and the environment is vital. Several studies suggested several mitigation 

strategies. 

For instance, the UHI effect caused by urban pavements can be mitigated by adding green 

spaces to pavements. Green spaces can be expanded by installing tree areas, city parks, and 

rooftop gardens to make pavements cooler (Mohajerani et al., 2017). 

Designing rooftops with high albedo surfaces is one of the efficient solutions that can be 

applied to reduce heat inside buildings, especially in dense built-up areas. Additionally, 

seasonal shading structures, including pergolas, retractable coverings, and summer huts, can 

be used to reduce heat exposure, enhancing urban thermal comfort (Negi et al., 2025). 

Thus, this research facilitates forecasting the consequences of adding green areas, built-ups, 

and waterbodies using a DT system. 

2.2  Digital Twin (DT) 

2.2.1  History of DT and Definitions for DT 

In recent years, the DT concept has become popular and useful among various industries and 

academia. DT concepts have been defined in numerous ways. 
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The DT concept was initially introduced by Grieves et al. in 2002, at a presentation in the 

University of Michigan, for the formation of a Product Lifecycle Management centre 

(Grieves et al., 2017). Initially, he introduced the model without a name, and soon, in 2005, 

he named it as ‘Mirrored Spaces Model’ (MSM). Again in 2006, he changed the name to 

‘Information Mirroring Model’ (Grieves, 2006), and finally in 2011, John Vickers of NASA 

coined the name ‘Digital Twin’ for the model. Although the name of the model changed 

several times, the concept remained the same (Grieves, M., 2019). 

Grieves and Vickers defined the DT concept as:  

“A set of virtual information constructs that fully describes a potential or actual 

physical manufactured product from the micro-atomic level to the macro-

geometrical level. At its optimum, any information that could be obtained from 

inspecting a physical manufactured product can be obtained from its Digital 

Twin” (Grieves and Vickers, 2017). 

Further, there are three types of DTs: Digital Twin Prototype (DTP), Digital Twin Instance 

(DTI), and Digital Twin Aggregate (DTA). DTP is the digital representation of the real 

physical product, which includes all the design details and all its variants. DTI is the digital 

representation of an individual product that connects to the product throughout its life. DTA 

is the collection of all DTIs that helps in learning and making predictions (Grieves M., 2019). 

There are several definitions for DT in particular fields, but the general concept of DT is 

similar. For instance, from a vehicle perspective, Glaessegen and Stargel (2012) defined the 

DT as: 

“An integrated Multiphysics, multiscale, probabilistic simulation of a complex 

product, which functions to mirror the life of its corresponding twin” 

(Glaessegen and Stargel, 2012). 

Similarly, for a product design framework, Tao et al. (2012) defined the DT as, 

 “A real mapping of all components in the product life cycle using physical 

data, virtual data, and interaction data between them” (Tao et al., 2012). 

The review study conducted regarding DTs in greenhouse horticulture by Ariesen-Verschuur 

et al. (2022), describes,  

“A digital Twin is a dynamic representation of a real-life object that mirrors its 

states and behaviour across its lifecycle and that can be used to monitor, 

analyse and simulate current and future states of and interventions on these 

objects, using data integration, artificial intelligence and machine learning” 

(Verschuur et al., 2022). 
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Furthermore, after reviewing various definitions of DTs, VanDerHorn et al. (2021) have 

proposed a broad definition of the DT as, 

“A virtual representation of a physical system (and its associated environment 

and processes) that is updated through the exchange of information between 

the physical and virtual systems” (VanDerHorn et al., 2021). 

It helps organizations’ digital transformation and the enhancement of the decision-making 

process (VanDerHorn et al., 2021). 

2.2.2  DT Applications 

Recently, the DT concept was widely used in various domains around the world, including 

manufacturing, education, health, transportation, sports, business, and makes the processes 

smarter and more intelligent.  

DTs are widely used in smart city development strategies. For instance, the DT 

implementation of the virtual Singapore project simulates urban services, traffic flow, and 

energy usage of the entire city (Woolpert). Similarly, Rotterdam, Netherlands, has 

implemented a DT (Toobler, 2025) to simulate traffic flow, flood risks, and energy use, 

which can be utilized in testing climate resilience strategies, making urban planning 

decisions. 

DT implementations for urban planning facilitate city planners to simulate testing scenarios 

before implementing them in the real environment. For instance, the DT implementation in 

Helsinki, Finland, for urban planning is utilized in air quality monitoring, energy 

optimization, and citizen engagement (City of Helsinki, 2020). In addition to that, Boston 

city of USA, has implemented DT for network traffic simulations (Esri, 2018). 

Furthermore, DTs are utilized in climate change resilience. For instance, zero-energy 

buildings in a smart city DT to address climate change impacts were introduced in Manama, 

Bahrain (Bibri et al., 2025). Urban DTs to optimize the infrastructure of the cities against 

climate risks were explored in the UK, in Glasgow (Glasgow City Council, 2022).  

In addition to above mentioned applications DTs applications are expanded in various 

industries and research areas including health care (Katsoulakis et al., 2024), transportation 

(Department of Transport, 2024), disaster management (Tokyo Metropolitan Government, 
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2024), energy management (Deloitte and Cities Today Institute, 2023), Tourist guidance 

(Florido-Benítez, 2024), etc. in cities such as Stockholm (Sweden), London (UK), Tokyo 

(Japan), Copenhagen (Denmark), Tallinn (Estonia), Barcelona (Spain), Paris (France), etc. 

2.2.3  Components of DT 

DT consists of three components: physical system, virtual twin, and interconnections 

between physical system and virtual twin to feed data from physical system to virtual twin 

and send back the information (VanDerHorn et al., 2021). Virtual twin replicates the 

behaviours of its corresponding physical system (as a whole or partially), and for given 

inputs, it produces outputs as same as those generated by the physical system (Rathore et al., 

2021).  

 

 

Figure 2: DT Concept (Source: Rathore et al., 2021) 

 

2.2.4  Operational Process of DT 

The operational process of DT consists of several continuous steps: data collection, ensuring 

the connection between physical systems and the virtual system, data processing, data 

analysis, and decision making (Vitanova et al., 2025).  

In data collection, the required data are gathered from multiple sources such as IoT sensor 

devices, satellite and aerial images, GIS and spatial databases, LiDAR scans, and existing 
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survey data. For instance, the study conducted to mitigate UHI in Padua city (Sukma et al., 

2024) used temperature and relative humidity data collected from 109 outdoor sensors in 

Padua city, and satellite data was used to derive an NDVI map. Furthermore, the DT solution 

developed for urban planning in Zurich city by Schotter and Hürzeler (2020) used LIDAR 

images to create a terrain model and building floor plans from official cadastral survey data 

for developing a block model (Schotter and Hürzeler, 2020). Similarly, the study conducted 

to investigate the effect of vegetation cover and UHI for the coastal city by Yansu et al. 

(2022) collected vegetation coverage and LST data through satellite remote sensing images 

(Yansu et al., 2022). 

Then the connect phase ensures two-way connectivity between physical and virtual systems, 

and in this phase various protocols such as Internet Wi-Fi, 3G/4G/5G, MQTT, LoRaWAN 

are used. This connectivity between physical and digital environments is very important, 

because the DT should be able to update the information to its physical twin (Vitanova et 

al., 2025).  Further, in the study conducted by Sukma et al. (2024) for mitigating UHI in 

Pauda city, they have used a Sensor-Based-IoT (SBIoT) network together with a cloud-based 

API architecture for sending environmental data (temperature data, humidity data) between 

the physical system and the virtual system. Sensor data were stored in the cloud-based SQL 

database and accessed via an API using HTTP pull request through the Axios library (Sukma 

et al., 2024). 

In the process stage, the collected raw data from multiple sources should be processed. Data 

processing includes cleaning, aggregation, normalisation, and enrichment of data to enhance 

data quality (Vitanova L. et al., 2025) for future analysis. 

The analysis phase includes simulations and AI/ML-based predictions. In recent studies, 

various AI and ML techniques have been used. For instance, the DT framework implemented 

by Zhivkov et al. (2025) has applied Artificial Neural Networks (ANN) and Graph Neural 

Networks (GNN) for monitoring, analysing, and predicting real-time urban emissions 

(Zhivkov et al., 2025). Furthermore, the study conducted by Mansourmoghaddam et al. 

(2024), for the city of Yazd, Iran, has employed six different ML algorithms to predict the 

LST, for the predictor variables derived from remote sensing images (Mansourmoghaddam 

et al., 2024). 
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Figure 3: Operational Process of DT (Source: Vitanova et al., 2025) 

 

Then the interpret phase visualizes the insights gained from analysis and simulations, using 

some technologies such as 3D maps, dashboards, Virtual Reality (VR), and Augmented 

Reality (AR).  Finally, in the decision phase, users make decisions and take actions for the 

real environment planning, based on the gained insights (Vitanova et al., 2025). 

2.2.5  DT Implementation 

For implementing and operating the DT, Jeong et al. (2022) have proposed a layered model 

that can be used to implement DT efficiently. The layers of the proposed model are digital 

virtualization, DT synchronization, modelling and simulation, federated DT, and intelligent 

DT service (Jeong et al., 2022).  

Layer 1: Digital Virtualization Layer - Create the digital representation of the physical 

components, using tools such as BIM, GIS (Grieves and Vickers, 2017). 

Layer 2: DT Synchronization - Make real-time synchronization between physical and virtual 

components using 5G, IoT, edge computing, etc. (Tao et al., 2019). 

Layer 3: Modelling and simulation - Simulate changes and predictive analysis. 



25 

 

 

Layer 4: Federated DT - Connecting and collaborating multiple DTs, for instance, 

transportation, climate change, energy, etc.   

Layer 5: Intelligent DT Service - Managing the DT services using AI and autonomous 

technologies to enhance its operations. 

2.3  Remote Sensing 

Remote sensing is the science of collecting information that is either difficult or impossible 

to reach physically. For instance, the physical characteristics of the planets can be evaluated 

using the layers of satellite images (Drusch et al., 2012; Avdan and Jovanovska, 2016).  

Spectral bands, namely, RED, GREEN, NIR, and SWIR, represent the intensity of the 

electromagnetic waves captured by the satellite from different sources (Voogt and Oke, 

2003; Garzón et al., 2021). They can be employed to calculate the spectral indices, namely 

𝑁𝐷𝑉𝐼 (𝑣𝑒𝑔𝑖𝑡𝑎𝑡𝑖𝑜𝑛 𝑖𝑛𝑑𝑒𝑥), 𝑁𝐷𝐵𝐼 (𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑖𝑛𝑑𝑒𝑥) and 𝑁𝐷𝑊𝐼 (𝑤𝑎𝑡𝑒𝑟 𝑖𝑛𝑑𝑒𝑥). The 

required relationships are provided by the following equations.  

2.4  Temperature Prediction using ML 

Temperature prediction plays a crucial role in various fields, including agriculture, urban 

planning, tourism, airport weather forecasts, and for human beings. In recent decades, ML 

has become more popular among researchers in predicting temperature due to its ability to 

      

𝑁𝐷𝐵𝐼 =
𝑆𝑊𝐼𝑅 − 𝑁𝐼𝑅 

𝑆𝑊𝐼𝑅 + 𝑁𝐼𝑅 
 

      

𝑁𝐷𝑊𝐼 =
𝐺𝑅𝐸𝐸𝑁 − 𝑁𝐼𝑅 

𝐺𝑅𝐸𝐸𝑁 + 𝑁𝐼𝑅 
 

   

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 − 𝑅𝐸𝐷 

𝑁𝐼𝑅 + 𝑅𝐸𝐷 
 

 

 

 

 

 

              

 

        (1) 
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capture the nonlinear patterns of heat distributions in areas. ML-based temperature 

predictions using environment and weather data perform with higher accuracy than 

traditional statistical data analysis methods. Furthermore, ML models can be employed to 

provide sustainable solutions for monitoring and planning under different climate conditions 

(Sevgin, 2025). 

Researchers have used various ML models to predict temperature. In some of the studies, 

they have compared different ML models, including random forest, linear regression, and 

gradient boosting, to select the most accurate model. Many studies confirm that random 

forest performs higher accuracy than other ML algorithms for temperature predictions. For 

instance, Singh and Rawat (2023), conducted a research study to predict the temperature in 

Visakhapatnam city, India. There, they have applied XGBoost, random forest, and support 

vector machine (SVM), and the random forest algorithm provided high accuracy and less 

prediction error than both SVM and XGBoost (Singh and Rawat, 2023). Similarly, Lartey et 

al. (2024), conducted a research study on predicting sea surface temperatures. They have 

used XGBoost, LASSO, random forest, and ridge regression to predict sea surface 

temperatures. Based on their results, random forest and XGBoost have depicted a significant 

improvement, indicating high predictive accuracy and lower mean squared error (MSE), 

compared to other regression methods (Lartey et al., 2024). Furthermore, Liu and Du (2025) 

have researched to understand temperature variations in Wuhan. They have developed a 

hybrid random forest algorithm, and according to the results, the method has been identified 

as the most efficient and accurate path in forecasting the outputs (Liu and Du, 2025). Thus, 

the above studies provide evidence that the random forest algorithm is an effective method 

that handles nonlinear relationships.  
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3  Methodology 

This chapter outlines the research methodology employed. The design science research 

(DSR) approach has been used in the research to design and evaluate the DT-based planning 

support system to mitigate the UHI effect in Lahti city. This chapter discusses the DSR 

methodology, DSR frameworks used in this work, and the system architecture. 

3.1  Design Science Research Methodology 

In this research, the DSR methodology was employed as the primary methodology. 

Researchers prefer to use DSR methodology to solve real-world problems by designing, 

developing, and evaluating creative and innovative IT artefacts. In this research, we designed 

and evaluated a DT based planning support system as an innovative artifact to support urban 

city planners in mitigating the UHI effect. Currently, there exists a lack of publicly available 

tools to predict the UHI effect for the man-made changes in the urban environment in the 

city of Lahti. To address this issue, we designed and evaluated a DT-based tool to support 

mitigating the UHI effect in Lahti. 

Throughout this research work, we followed two DSR frameworks, proposed by Hevner et 

al. (2004) and Tuunanen et al. (2024). Hevner’s study described three interconnected 

environments in the DSR framework, proposing seven design guidelines for conducting and 

evaluating DSR (Hevner et al., 2004). Tuunanen’s study (Tuunanen et al., 2024) presents a 

structured approach (eDSR model) with echelons to address the complexity of a DSR. 

Collectively, both approaches provided a pathway to undertaking the research in a well-

organized, reliable, and rigorous way. 
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3.2  DSR Frameworks Used in the Research 

3.2.1  Hevner’s DSR Framework 

Hevner’s study proposed a conceptual framework for information system research that helps 

to understand, execute, and evaluate the DSR paradigm. The framework described three 

interconnected environments,  

1. Environment - Environment is the real-world space in which the problem exists. In 

the study, UHI phenomena in the city of Lahti are the environment for the study. 

Studies related to Lahti heat patterns and satellite imagery observations provided 

good practical insight and motivation for developing the system. 

2. Knowledge Base - Knowledge base consists of theories, models, methods, 

frameworks from previous studies, that help to design the artefact. In this study, the 

knowledge base is composed of prior studies on the UHI effect and heat analysis, 

ML techniques, remote sensing, and geospatial data processing methods. These 

methods provide good research rigor. 

3. IS Research (DSR Activities) - DSR Activities are actual research activities of 

designing and evaluating the artefact. In our research, the artefact is the DT based 

prediction system. 

Furthermore, Hevener et al. (2004), have proposed seven design guidelines, including 

designing as an artifact, problem relevance, design evaluation, research contributions, 

research rigor, and design as a search process and communication of research, to maintain 

the research rigor and practical relevance. The designed artefact becomes useful, 

meaningful, and technically valid by adhering to these guidelines (Hevner et al., 2004). 

The research was conducted following the seven DSR guidelines proposed by Hevner et al. 

(2004).  

1. Design as an Artifact - The DT system was developed to identify environmental 

changes and predict the changes in LST values. 

2. Problem Relevance - This study addresses the UHI effect by creating a platform that 

predicts the consequences of man-made changes, such as the planting of trees, 
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construction of buildings, and waterbodies. The system helps urban city planners to 

mitigate the UHI effect caused by modifications, forecasting the changes in LST. 

3. Design Evaluation - The artifact was evaluated using two approaches, namely 

technical evaluation and user evaluation. The technical evaluation was implemented 

by testing the accuracy of the ML model, while the user evaluation was performed 

with feedback collected from Lahti city professionals, including environment 

specialists, urban city planners, and students who follow a sustainable urban planning 

degree program. 

4. Research Contributions - The study provided a DT system, a prototype system that 

guides city planners to identify the consequences of some modifications that 

influence the LST of the city. 

5. Research Rigor - The research is based on previous studies related to UHI analysis, 

remote sensing, and urban modelling. A ML model was trained and evaluated using 

statistical measures. 

6. Design as a Search Process - The system is developed through an iterative process of 

data collection, model training, backend development, frontend integration, and user 

testing. 

7. Communication of Research - The outcomes of this research are shared with 

professionals and academics in the domain. 

3.2.2  Tuunanen’s Structured Approach with Echelons (eDSR model) 

The eDSR model proposed by Tuunanen et al. (2024), helps in managing complex DSR 

projects. The model divides the complex design work into multiple interconnected echelons, 

including problem analysis, objectives and requirement definition, design and development, 

demonstration, and evaluation. Each echelon represents a different stage of the design 

process and produces a valuable intermediary artifact. For instance, the echelon of problem 

analysis provides the problem statement and objectives, while the echelon of requirements 

definition provides design objectives and requirements. The design and development 

echelon provides a projectable solution design, whereas the demonstration echelon provides 
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solution characteristics, and the evaluation echelon provides goodness criteria (Tuunanen et 

al., 2024). 

This study comprises a combination of technical aspects, including remote sensing data, 

software engineering, and user evaluation. Therefore, Tuunanen’s eDSR model provided a 

pathway to reduce the complexity of this work. Apparently, it provided a solid guideline for 

making the design and technical decisions in addition to logical evaluation processes. 

Furthermore, Hevener’s design guidelines can be applied in the eDSR model to maintain the 

research rigor. 

3.3  Applying eDSR Model (Tuunanen et al., 2024) in the Research Work 

The following section outlines how this research followed Tuunanen’s proposed echelons in 

the eDSR model in designing and evaluating the DT system. 

3.3.1  Problem Analysis Echelon 

The study was initiated by identifying the UHI effect in the city of Lahti. A comprehensive 

literature review was conducted to understand the current UHI effect in Lahti, its future 

impact, and heat risk mitigating strategies. Furthermore, a meeting with an environmental 

specialist in the city of Lahti was convened to obtain a comprehensive idea of the UHI effect 

on Lahti. Furthermore, an LST analysis was conducted for the summer months from 2017 

to 2024 in Lahti using remote sensing data to gain a proper understanding of temperature 

changes during these years (Figure 4).  

According to previous studies, Lahti is experiencing substantial increases in air temperature, 

consistent with Finland’s overall warming trend. Furthermore, it has been identified that the 

urban area of Lahti city depicts a higher LST than rural areas. Further, they have identified 

that urban areas will encounter a significant increase in the UHI effect in 2040. These factors 

negatively influence the current infrastructure, human beings, and the ecosystems. Hence, it 

is crucial to take necessary actions to mitigate the UHI effect (Negi et al., 2025). 

Despite researchers having proposed various mitigation strategies, including expanding 

greenery areas and water bodies, adding seasonal shadings, and using reflective materials, 



31 

 

 

there exists a lack of publicly available tools or systems to predict the UHI effect with man-

made interventions. 

After a comprehensive review of existing literature and analysis of the data, the following 

problem statement is formulated. 

Problem Statement: 

Lahti city planners lack a tool that facilitates testing and forecasting temperature changes 

that tend to occur due to interventions (For instance, adding trees, buildings, or water bodies) 

in a simulated digital environment to mitigate the UHI effect in the city of Lahti. 

 

 

 Figure 4: LST analysis in Lahti region from 2017-2024 (Summer Period) 

3.3.2  Objectives and Requirements Definition Echelon 

The research objectives and system requirements were defined after identifying the problem. 

For that purpose, existing urban simulation tools were compared after a comprehensive 

document analysis. Then, we collected ideas from domain experts before defining the 

research objectives.  



32 

 

 

The primary objectives of this work can be mentioned as follows: 

1. To develop a DT mimicking the physical environment of the city of Lahti, integrated 

with environmental, spatial, and temperature data. 

2. To implement a ML model that forecasts LST using accessible information, such as 

spectral indices and bands. 

3. To present the LST changes that occur due to man-made interventions in the system. 

4. To evaluate the usability, reliability, and usefulness of the proposed system with 

experts and researchers in the domain. 

The major requirements of the system included: 

1. The system must integrate with spatial and environmental datasets. 

2. The system must process remote sensing data to derive spectral indices (NDVI, 

NDWI, NDBI, EVI). 

3. The system must be implemented with an ML model to forecast LST. 

4. The system must facilitate user intervention simulation. 

5. The system must calculate temperature changes and forecast the new LST for user-

made interventions. 

6. The system must provide a 3D interactive user interface of the city of Lahti, for users 

to simulate interventions and forecast temperature changes. 

7. The system must provide clear and understandable messages for temperature 

predictions. 

8. The system must provide easy accessibility and maintain usability. 

9. The system must respond (provide forecasting messages) to user interventions 

quickly. 

The result of this echelon was a set of validated technical and functional requirements for 

the DT system, aligning with both research goals and stakeholder needs. 
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3.3.3  Design and Development Echelon    

The design and development phase mainly focused on designing and developing an 

interactive, workable artefact. In this phase, we discussed designing the system components, 

implementation, and integration into a workable DT prototype. Design and development of 

the system is an iterative process.  

The process was initiated by transferring the identified requirements into technical 

specifications, which were employed to select the appropriate tools, data sources, software 

platforms, and frameworks for implementing the system. For implementing our DT system, 

we followed a three-layer architecture, including the data layer, ML layer, and visualization 

layer. The three-layer architecture is further discussed in section 3.4. This echelon guided us 

on structuring the system architecture, interconnecting each layer to provide a complete 

solution.  

In the data layer, we accessed, collected, and processed remote sensing data using the Google 

Earth Engine (GEE) platform. The ML module performed the most important role in the 

system development process. ML layer performed several tasks, including data 

preprocessing, feature engineering, training a random forest regressor, and predicting LST. 

Models were refined several times until they reached an acceptable accuracy. Further, the 

inference logic was also implemented in this phase. Inference logic performed the 

recalculation of spectral indices for user-made interventions and feeds new predictor 

variables into the ML model. This work involved both algorithmic design and 

implementation of mathematical transformations for NDVI, NDWI, NDBI, and EVI 

calculation. 

 Furthermore, this echelon performs the software stack configurations and integration of 

testing.  

The technical stack used to implement the system is as follows: 

• Frontend - React, CesiumJS (DT prototype with 3D visualization using) 

• Backend - Python and FastAPI  

Other platforms used in the study were, 

• GEE - For accessing and collecting remote sensing data. 
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• Google Colabs - For data preprocessing, training ML model (random forest regressor 

model used to predict LST). 

After completing the DT implementation process, each step of the system (from user-made 

intervention to display predicted temperature change in the frontend user interface) was 

tested to refine the inconsistencies and mismatches between components. 

Overall, the design and development echelon presents how conceptual ideas were turned into 

a functional prototype. It documents the technical design, implementation decisions, 

integration work, and iterative improvements that collectively shaped the final artifact. 

3.3.4  Demonstration Echelon 

The designed DT system was tested with the professionals and subject experts in the city of 

Lahti. The participants were allowed to implement the changes to the twin model by adding 

trees, buildings, green roofs, and water bodies. During this demonstration, the qualitative 

and quantitative data were collected based on user feedback. A google form was used to 

collect user feedback. 

3.3.5  Evaluation Echelon 

The evaluation process was conducted, focusing on the technical accuracy and the user 

experience of the developed artifact. 

a) Technical Evaluation: 

The ML model was evaluated using several evaluation metrics, 𝑅2, 𝑅𝑀𝑆𝐸, 𝑀𝐴𝐸 and 

correlation (𝑟). The high accuracy implied that the LST based on the spectral indices 

was accurate. 

b) Behavioural Evaluation: 

To evaluate the system from the user’s perspective, a questionnaire was designed 

focusing on six sections. (A) Ease of Use (B) Visualization Clarity, (C) System 

Usefulness (D) Decision Support and Intention to Use (E) Accuracy and Data Trust, 

and (F) Overall Experience. The responses were analysed using the measures of 
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central tendency and dispersion. Further, a qualitative thematic analysis was 

conducted. 

3.4  System Architecture 

The system follows a Layered architecture, consisting of 3 main layers (Three Layer 

Architecture - Data Layer, ML Layer, Visualization Layer). 

3.4.1  Data Layer 

The data layer collects and processes spatial data, including NDVI, NDBI, NDWI, and EVI. 

Geospatial data were collected and processed in the data layer. Geospatial data for the Lahti 

region for the years 2021 to 2025 was accessed and downloaded using the GEE platform. 

Summer period data were considered in the study because a high UHI effect is present in 

summer periods. Sentinel-2 images were used to derive vegetation, built-up, water indices, 

including NDVI, NDBI, NDWI, and EVI. Landsat 8/9 images were used to derive LST data. 

The data layer provided all the required environmental factors to train the ML model and 

infer. All the input data were collected from multiple satellite sources.  The spectral band 

values of RED, GREEN, BLUE, NIR, and SWIR were extracted from Sentinel-2 images. 

Those bands were employed to compute the spectral indices, NDBI, NDVI, and NDWI. The 

LST was estimated from Landsat thermal bands. The collected index values were used to 

calculate the LST. In addition to that, the data layer consisted of the geographical coordinates 

separated by  30 × 30 𝑚2, that were highly correlated with the predicted results. The data 

were collected from 2021 to 2025 to train the ML model. The area of interest was the Lahti 

city centre. See Figure 5. 

The final output of the data layer is a CSV file where each data point contains one pixel 

sample with band values, indices, coordinates, and computed LST. This data set was used to 

train the ML model after randomly splitting it into an 8:2 ratio for training and testing 

purposes. 
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Figure 5: Study Area 

3.4.2  ML Layer 

The ML layer performed the analysis part of the system. The ML layer was composed of 

two components: model training components and model inference components. 

The model training component is an offline process responsible for preprocessing data, 

feature engineering, training the ML model, and model calibration for predicting LST. 

The model inference component is responsible for recalculating predictor variables based on 

made interventions and calculating the change of temperature (ΔLST). The process of the 

model inference component starts with a user-made intervention. 

a) ML Model Training Component 

In this phase, before training the ML model, the dataset was pre-processed to ensure that the 

dataset is complete, clean, and ready for use. Data preprocessing consisted of several tasks, 

including data cleaning, removing unnecessary fields, fixing missing values, and converting 

band values to the correct types. The process produced a quality data set and enhanced the 

model accuracy. 
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Figure 6: ML Pipeline 

i. Feature Engineering 

After completing the data preprocessing, the feature engineering process was performed. In 

this step, a set of additional predictor variables was derived from the spectral indices as 

follows. 

    𝑁𝐷𝑉𝐼 −  𝑁𝐷𝑊𝐼 

 𝑁𝐷𝑉𝐼 −  𝑁𝐷𝐵𝐼 

  𝐸𝑉𝐼 −  𝑁𝐷𝑉𝐼 

𝑁𝐷𝑉𝐼

(𝑁𝐷𝑊𝐼 +  0.01)
 

 
𝑁𝐷𝐵𝐼

(𝑁𝐷𝑉𝐼 +  0.01)
 

𝐸𝑉𝐼

(𝑁𝐷𝑉𝐼 +  0.01)
 

  𝑁𝐷𝑉𝐼 ×  𝐸𝑉𝐼 
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 𝑁𝐷𝑊𝐼 ×  𝑁𝐷𝐵𝐼 

 𝑁𝐷𝑉𝐼2 

  𝑁𝐷𝑊𝐼2 

  𝑁𝐷𝐵𝐼2 

 𝐸𝑉𝐼2 

 log(𝑁𝐷𝑉𝐼 +  1) 

 log (𝑁𝐷𝐵𝐼 +  1 

 

After completing data processing and feature engineering, the dataset was split into 80/20 

for training the random forest model and testing model performance.  

ii. ML Model Calibration 

After training the ML model, calibration is performed to avoid the random bias in model 

predictions. It enhances the prediction reliability and makes predictions closer to real-world 

values. In model calibration, a simple linear calibration model was fitted between model-

predicted values and the actual observed LST values.  

Formula for the calibration, 

𝐿𝑆𝑇𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑  =  𝑚 ∗  𝐿𝑆𝑇𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑  +  𝑐  ;where m, c are calibration parameters      (2) 

 

After the completion of the model training and calibration processes, the generated .pkl files 

that included ‘trained random forest algorithm’ and the ‘calibration parameters’ were sent to 

the system’s backend. They were applied in real-time predictions for user interventions. 

 

b) Model Inference Component 

The model inference pipeline begins with a user-made intervention via the frontend. The 

inference process is executed in the system’s backend. 
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When a user selects the intervention type (object) and map location for an intervention, the 

location coordinates (longitude and latitude) are sent to the system backend. (The 

coordinates help to identify the features of a particular region. Furthermore, in the system 

backend, we have already stored a data file region from the dataset stored in the backend.  

Then, the backend uses the KD-Tree structure to find the nearest pixel that belongs to the 

relevant coordinate from the dataset stored in the backend. KD-Tree structure is a fast spatial 

searching algorithm that returns the closest pixel value (Zhao and Chen, 2018). Then the 

backend receives the environmental feature values for the corresponding pixel and 

recalculates the new predictor variables with the user-made change. 

Calculation of new environmental features (NDVI, NDBI, NDWI, EVI) values with 

interventions 

When a new intervention was implemented in the system, the spectral indices, including the 

NDVI, NDBI, and NDWI, were subjected to alteration. The new LST of the corresponding 

area (pixel) was computed in accordance with the altered spectral indices using the ML 

model.  To calculate these values, it was required to access the spectral band values in the 

required area and the standard spectral band values of the objects presented in Table 1. The 

new spectral band values for the needed areas were calculated using the following formula. 

𝐵𝑛𝑒𝑤 = (1 − 𝑓)𝐵𝑜𝑙𝑑 + 𝑓𝐵𝑜𝑏𝑗𝑒𝑐𝑡                                (3)                              

 

Here, 𝑓 : The area covered by the new modification (tree, waterbody, building) 

             𝐵𝑛𝑒𝑤  New mix of spectral band values (RED, GREEN, NIR, SWIR) after adding 

the modification. 

             𝐵𝑜𝑙𝑑:  The mix of spectral band values (RED, GREEN, NIR, SWIR) before adding 

the modification. 

            𝐵𝑜𝑏𝑗𝑒𝑐𝑡: The mix of spectral band values (RED, GREEN, NIR, SWIR) of the object.  

Table 1 presents the reflectance of spectral bands of the objects. The table was prepared by 

considering a random sample of data from ECOSTRESS Spectral Library - Version 1.0 - 

NASA (Jet Propulsion Laboratory, NASA, n.d.). Note that the values provided in the Table 
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are approximated values derived using sample data. The spectral band values of the objects 

were derived by calculating the midpoint of the range values provided in Table 1. 

Table 1: Standard spectral band values of the objects 

Object RED GREEN NIR SWIR 

Tree 0.04 - 0.11 0.25 - 0.45 0.48 - 0.72 0.15 - 0.25 

Green Roof 0.10 - 0.15 0.25 - 0.35 0.35 - 0.55 0.15 - 0.25 

Building (concrete) 0.20 - 0.35 0.20 - 0.35 0.10 - 0.20 0.40 - 0.55 

Water (clear) 0.01 - 0.05 0.02 - 0.05 0.00 - 0.05 0.00 - 0.05 

 

Thereafter, new spectral indices of the required type were calculated according to the 

following formulas. 

 

𝑁𝐷𝐵𝐼𝑛𝑒𝑤 =
𝑆𝑊𝐼𝑅𝑛𝑒𝑤 − 𝑁𝐼𝑅𝑛𝑒𝑤

𝑆𝑊𝐼𝑅𝑛𝑒𝑤 + 𝑁𝐼𝑅𝑛𝑒𝑤
 

 

𝑁𝐷𝑊𝐼𝑜𝑏𝑗𝑒𝑐𝑡 =
𝐺𝑅𝐸𝐸𝑁𝑛𝑒𝑤 − 𝑁𝐼𝑅𝑛𝑒𝑤

𝐺𝑅𝐸𝐸𝑁𝑛𝑒𝑤 + 𝑁𝐼𝑅𝑛𝑒𝑤
 

 

𝑁𝐷𝑉𝐼𝑛𝑒𝑤 =
𝑁𝐼𝑅𝑛𝑒𝑤 − 𝑅𝐸𝐷𝑛𝑒𝑤

𝑁𝐼𝑅𝑛𝑒𝑤 + 𝑅𝐸𝐷𝑛𝑒𝑤
 

 

 
 
 
 
 

 
 

 

 

                                                                (4) 
 

 

In the next step, all the updated spectral indices (𝑁𝐼𝑅𝑛𝑒𝑤, 𝐺𝑅𝐸𝐸𝑁𝑛𝑒𝑤, 𝑅𝐸𝐷𝑛𝑒𝑤 and 

𝑆𝑊𝐼𝑅𝑛𝑒𝑤) were sent to the ML algorithm to predict the new LST of the area. Thereafter, 

new predictor variables for the intervention were fed to the ML model to predict new LST, 

and the new LST difference was calculated.  

𝛥𝐿𝑆𝑇 =  𝐿𝑆𝑇 𝑛𝑒𝑤 −  𝐿𝑆𝑇 𝑐𝑢𝑟𝑟𝑒𝑛𝑡                                                                 (5) 

 

Finally, both ΔLST and new LST values were sent to the frontend user interface. 
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Figure 7: Workflow of the Inference Component 

3.4.3  Visualization Layer 

The visualization layer displays the Lahti city area in a 3D environment. This layer was 

implemented using React.js with CesiumJS. CesiumJS is an open-source JavaScript library 

that can be used to create 3D interactive web applications for geospatial data sharing. 

(Cesium, 2025). The interactive web interface allows users to make interventions such as 

adding tree areas, building blocks, water bodies, and green roofs, and receive prediction 

results as a message via the frontend user interface. 
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a) Initiate Cesium viewer for DT visualization 

The Cesium visualization process begins by creating a Cesium Viewer inside the 

cesiumContainer, and it is the main window for DT.  Furthermore, several necessary layers, 

including global terrain, satellite imagery, and 3D buildings, were loaded when starting the 

Cesium view to make the DT more realistic and interactive. 

Included Layers, 

• Global Terrain from Cesium Ion (createWorldTerrainAsync) 

• Satellite Imagery from CesiumIon (if this failed to load, then loads from 

OpenStreetMap) 

• Realistic 3D Buildings (createOsmBuildingsAsync) 

 

b) User Input Handling in Cesium 

In Cesium, ‘ScreenSpaceEventHandler’ handled user inputs. When a user clicked on a 3D 

map position, the system identified the corresponding location of the terrain. Thereafter, the 

position was converted into longitude and latitude coordinates before being sent to the 

backend. 

If a user clicks in an open-air position or buildings above area, it automatically detects the 

closest ground position using pickPosition (), camera. getPickRay().  

c) Communication with Backend API 

When a user selects an intervention from the button options provided in the left top corner 

of the user interface and then clicks on the 3D map location that they want to make the 

change, the location coordinates (longitude, latitude values) and the intervention type are 

sent to the backend as a JSON request. 

{ 

  "type": "tress", 

  "lon": 25.661107097514165, 

  "lat": 60.98425866292033 

} 
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Then, the backend recalculates the predictor variables, derived features, and predicts new 

LST, 𝛥𝐿𝑆𝑇 for the corresponding intervention and return the results to the frontend. Finally, 

the results are displayed in the frontend user interface clearly and understandably. 

 

 

 

Figure 8: Prediction messages generated for user intervention 

 

 

 

Figure 9: Frontend User Interface 

 



44 

 

 

 

Figure 10: Diagram for the Workflow of the System 
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4  Results and Discussion 

This section describes the results of the technical and behavioural evaluations, which were 

conducted, focusing on the technical accuracy and the user experience of the developed 

artifact. For technical evaluation, the ML model was tested using several evaluation metrics. 

For behavioural evaluation, user feedback was collected using a questionnaire. The collected 

feedback was analysed, and the results were discussed in this chapter. Furthermore, this 

chapter describes how we addressed the initially identified research questions through this 

research. 

4.1  Technical Evaluation 

The ML model was evaluated using several evaluation metrics, 𝑅2, 𝑅𝑀𝑆𝐸, 𝑀𝐴𝐸 and 

correlation (𝑟).  

4.1.1  Initial ML model for the City of Lahti 

Initially, a ML model is trained for the Lahti data with a random forest approach. LST was 

predicted using spectral indices, NDVI, NDBI, NDWI, and EVI as predictor variables. All 

the predictor variables and LST values are associated with 30𝑚2 × 30𝑚2 area. The model 

is trained with 2022 data. The data set is split into an 80:20 ratio for training and testing 

purposes. The model performance was evaluated using the metrics 𝑅2, 𝑅𝑀𝑆𝐸, 𝑀𝐴𝐸 and 

𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 (𝑟). 

R² = 0.254 

RMSE = 3.067 °C 

MAE = 2.291 °C 

Correlation (r) = 0.507 
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Figure 11: Predicted values vs real values for the Initial ML model for the City of Lahti 

𝑅2 = 0.254, suggesting that the model is capable of capturing only 25.4% of the variance. 

This indicates a comparatively weak predictive power. Furthermore, the correlation between 

actual values and predicted LST values is  0.507. This reflects a moderate correlation 

between actual values and predicted values.  However, since the correlation coefficient is 

positive and greater than 0.5, it can be mentioned that the model is predicting in the correct 

direction. Since the model predicts the LST, which may have a high variability in an area,  

values for 𝑀𝐴𝐸 and  𝑅𝑀𝑆𝐸 are not at least worse. Therefore, predicted results are moderate, 

but not satisfactory. To obtain a precise idea of this, the same model is trained on the city of 

Barcelona.  

Model Performance on Barcelona Test Set: 

R² = 0.901 

RMSE = 1.809 °C 

MAE = 1.214 °C 

Correlation (r) = 0.949 
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Figure 12: Predicted values vs real values for the Initial ML model for the City of 

Barcelona 

The results suggest that the ML model predicts the LST values for Barcelona with higher 

accuracy. The model’s underperformance in the city of Lahti may be due to various factors. 

The uneven distribution of water bodies and tree areas can be considered a major reason. 

This can lead to sudden temperature jumps, creating noise in the data.  Furthermore, in the 

city of Lahti, it can be observed that the area conditions rapidly change. For instance, grey 

areas, such as buildings, and green areas, like woods, are concentrated in a small area. This 

results in generating uneven mixed temperature patterns in the city area. Additionally, rapid 

temperature changes within a short time may influence the generation of these uneven 

patterns. To address this issue, the ML model is retrained with new engineered features in 

addition to spectral indices. The new engineered features are explained in the methodology 

section. The results are tested using random forest and XGBoost. The results of the random 

forest algorithm after the feature engineering process are described below. (In the process, 

summer period data are used for the years 2021 to 2025.) 
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4.1.2  Random Forest for the City of Lahti with Engineered Features: 

Features:   ‘NDVI’,’NDBI’,’NDWI’,  'EVI', 'NDBI', 'NDVI', 'NDWI', 'YEAR',  

'NDVI_NDWI', 'NDVI_NDBI', 'EVI_NDVI', 'NDVI_div_NDWI', 'NDBI_div_NDVI', 

'EVI_div_NDVI', 'NDVI_EVI', 'NDWI_NDBI','NDVI_sq', 'NDWI_sq', 'NDBI_sq', 

'EVI_sq'  'log_NDVI', 'log_NDBI' 

Total Features Used = 19 

R² Score = 0.7367 

RMSE = 3.0503 °C 

MAE = 2.3419 °C 

Correlation (r) = 0.8583 

 

 

Figure 13: Predicted values vs real values for the Random Forest for the city of Lahti after 

feature engineering 
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With new feature the ML algorithm has depicted a relatively strong performance. The 

correlation between actual results and the forecasted results is significant. R2 score processes 

a significant value. 

In addition to random forest, a model is trained with XGBoost approach with the same 

features. (Summer period data are used from 2021 to 2025) Both models depict 

approximately similar results. The results given by the XGBoost algorithm are as follows. 

4.1.3  XGBoost for the City of Lahti with Engineered Features: 

Total Features Used = 19 

R² Score = 0.7378 

RMSE = 3.0440 °C 

MAE = 2.3682 °C 

Correlation (r) = 0.8590 

 

Figure 14: Predicted values vs real values for the XG-Boost for the City of Lahti after 

feature engineering 
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4.1.4  Random Forest Trained for the City of Lahti with Coordinates    

The random forest model is further trained considering the coordinate points (longitudes and 

latitudes). This model predicted the results with the highest accuracy. Results are described 

as follows. 

Algorithm: Random Forest + Linear Calibration 

Total Features Used = 21 

R² Score = 0.9617 

RMSE = 1.1630 °C 

MAE = 0.8530 °C 

Correlation (r) = 0.9807 

 

Figure 15: Predicted values vs real values for the Random Forest trained with engineering 

features and coordinates for the City of Lahti 
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It can be observed that the last model's performance is extremely accurate. The results 

predicted by the model show a strong correlation with actual values (r = 0.9807). The model 

explains a high percentage of temperature variation (R² Score = 0.9617).  RMSE and MAE 

depict a higher accuracy. However, despite this model predicting the temperature values with 

a higher accuracy, it is worthwhile to note that the model learns from coordinates other than 

the features derived from spectral indices; the model may possess a potential drawback when 

identifying the influence of spectral indices on LST.  

4.2  Behavioural Evaluation 

To evaluate the system from the user’s perspective, a questionnaire was designed (Appendix 

1 to Appendix 7) focusing on six sections. (A) Ease of Use, (B) Visualization Clarity, (C) 

System Usefulness, (D) Decision Support and Intention to Use, (E) Accuracy and Data Trust, 

and (F) Overall Experience. The questionnaire included both open-ended and closed-ended 

questions. When designing closed-ended questions, Likert questionnaire design guidelines 

(Bhandari and Nikolopoulou, 2023) were followed, with a 5-point (5-Strongly Agree, 4 - 

Agree, 3-Neutral, 2-Disagree, 1-Strongly Disagree) scale (Likert, 1932). 

The system was evaluated by five users, including environmental specialists, urban city 

planners, and urban design students familiar with spatial planning, and the responses were 

analyzed using measures of central tendency and dispersion for the closed-end question 

responses. Further, a qualitative thematic analysis was conducted to summarize the feedback 

for open-ended questions. 

4.2.1  Results and Analysis of Closed-Ended Questions  

Results for the closed-ended questions were analysed with descriptive statistics measures. 

including mean, median, and standard deviation (SD), to understand the central tendencies 

and variations in user responses. 

Table 2 presents the statistical analysis of quantitative responses (Mean (M), Median (Md), 

and Standard Deviation (SD)) for closed-ended questions in the survey. Overall, the findings 

depict users' positive attitude toward the system, while offering suggestions for 
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improvement. The overall results revealed generally positive attitudes with some ideas for 

further enhancement in future implementations. 

The analysed results of the first category, ‘Ease of Use’, show positive user ratings. This 

category evaluates the user experience for system interaction. The results show a category 

mean of 3.92 and a category median of 4.0. This means the system is easy to understand, 

navigate, and operate for most users. The lower standard deviation (0.42) indicates low 

variability in the category. Furthermore, the mean values for individual questions range from 

3.6 (Interface easy to use, Prediction messages clear) to 4.6 (Easy to navigate in 3D). A high 

mean value implies that users believe the system is convenient to use, while a lower standard 

deviation suggests consistent feedback results. 

The second category, ‘visualization clarity’, measures the clarity and understandability of 

the visual components, such as icons, symbols, prediction messages, and system layout. 

According to the evaluated results, the category mean was 3.90, the median was 4.0, and the 

standard deviation for the category was 0.41. Generally, this emphasizes that the overall 

system layout and visualization components are apparent and coherent. Furthermore, a lower 

standard deviation depicts the consistency of the results. When considering separate 

questions within the category, mean values tend to vary between 3.6 and 4.4. Mean 4.4 for 

the 3D visualization clarity (Icons, symbols, and prediction messages visibility) to 4.4 (3D 

visualization clarity).  

Users agree with the system’s utility for planning work. The mean value of the category is 

4.12, and the median is 4. The standard deviation value of 0.47 suggests that the users are 

moderately in agreement with the usefulness. Furthermore, supportiveness for planning 

decisions has obtained the highest score of 4.8, while time efficiency has scored 4.4. These 

results suggest that users believe in the system’s utility.  

The user feedback on the system’s support for decision-making records a mean value of 3.95 

with a standard deviation of 0.56. The median is 4.0. The results suggest that there exists a 

good agreement among users about the supportiveness of the system for decision-making. 

However, the lower score (3.4) for planning different options suggests that users prefer to 

have more options to insert into the system.  

Users tend to show a moderate level of trust in the system, giving 3.70 for the category mean 

and a standard deviation of 0.5. The mean value of each sub-category ranges from 3.6 to 3.8. 
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Even though users have a reasonable agreement on the predictions, the results suggest the 

necessity to provide the calculation methods more transparently. Thus, including an 

information section that indicates the calculation methods may lead to an uplift in the 

trustworthiness of the predictions.  

The reflection of the user feedback depicts a mean value of 4.33 and a standard deviation of 

0.88. Furthermore, users believe that the system is a good initiative and helpful for city 

planners. These sub-categories record a higher level of feedback scores of 4.8 and 4.4, 

respectively. Thus, the overall feedback on the system depicts a strong agreement on the 

value of the system. 

 

Table 2: Results for the closed-ended questions that were analysed using descriptive 

statistics 

Category Q. 

Nu. 

Statement Mean 

(M) 

Median 

(Md) 

SD Cat-

M 

Cat-

Md 

Cat-SD 

Ease of Use Q1 The interface is easy to use 3.6 4 0.55 3.92 4.0 0.42 

Q2 Easy to make changes 3.8 4 0.45 

Q3 Steps are logical and clear 4.0 4 0.00 

Q4 Prediction messages clear 3.6 4 0.55 

Q5 Easy to navigate in 3D 4.6 5 0.55 

Visualization 

Clarity 

Q1 3D visualization clear 4.4 4 0.55 3.90 4.0 0.41 

Q2 Icons & Symbols clear 3.6 3 0.55 

Q3 LST change visible 3.6 3 0.55 

Q4 The layout is understandable 4.0 4 0.00 

Usefulness Q1 Support planning decisions 4.8 5 0.45 4.12 4.0 0.47 

Q2 Show LST changes well 3.8 4 0.45 

Q3 Save time/effort 4.4 4 0.55 

Q4 Support sustainable planning 3.8 4 0.45 

Q5 Supports Lahti city projects 3.8 4 0.45 

Decision 

Support and 

Intention to Use 

Q1 Helps plan different options 3.4 4 0.75 3.95 4.0 0.56 

Q2 Helps justify decisions 4.2 4 0.75 

Q3 Useful in citizen communication 4.2 4 0.75 

Q4 Would like to use the system 4.0 4 0.00 

Accuracy and 

Trust 

Q1 Predictions reliable 3.6 4 0.55 3.70 4.0 0.50 

Q2 Temperature changes make sense 3.8 4 0.45 
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Q3 Consistent with the real world  3.8 4 0.45 

Q4 Trust the predictions 3.6 4 0.55 

Overall 

Reflection 

Q1 Satisfied with the system 3.8 4 0.45 4.33 4.0 0.48 

Q2 Helpful for city planners 4.4 4 0.55 

Q3 Good Initiative 4.8 5 0.45 

 

Legend for Table 2: 

 M: Mean, MD: Median, SD: Standard Deviation, Cat-M: Category Mean,  

Cat-MD: Category Median, Cat-SD: Category Standard Deviation 

4.2.2  Results and analysis of Open-ended questions 

For analyzing user feedback on the open-ended questions in the survey, the deductive 

thematic analysis method was employed (Braun and Clarke, 2006; Braun & Clarke, 2019).  

The survey questions were categorized into six different themes, including ease of use, 

visualization clarity, system usefulness, decision support and intention to use, accuracy and 

data trust, and overall experience. The open-ended questions included in the survey can be 

mentioned as follows: (Each question category included one open-ended question) 

1. Did you find any features of the system were difficult to use? 

(If yes, please mention the features) 

2. Do you have any suggestions to improve the clarity of the visualization? 

3. How will the system help you with your planning work? 

4. What are your suggestions about the data or functions of this system to make it more 

useful? 

5. What type of changes would increase your trust in the outcomes? 

6. What is your overall idea about this initiative (comments)? 

The feedback analysis followed Braun and Clarke (2006) general phases of thematic 

analysis, adapted for the deductive approach. The steps followed in the analysis process 

included familiarizing with the data, generating codes within categories, grouping related 
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codes into subthemes within categories, and finally producing overarching themes based on 

broader meanings across categories.  

Initially, all the responses were read multiple times, carefully analyzed to understand and 

familiarize with the contents and context. While reading, several important repeating words 

were highlighted, such as “colour”, “explain calculations”, and “useful”.   

Then, in the next step, codes were created within each category, based on the highlighted 

contents and familiarity from our previous step. Here, we used our predefined six categories 

as the main framework. The generated codes could be presented as follows (Table:3). 

Table 3: Codes generated within each category 

Cat. 

Num 

Category 

 

Codes 

1 Ease of Use   Need Areal average  

Need temperature explanations 

Need colour differentiation 

System Easy to use 

2 Visualization Clarity Increase prediction message size 

Need improved colour coding 

Need 3D adjustable models 

Good visualization clarity  

3 System Usefulness Useful to compare proposals 

Useful to stakeholder discussions 

4 Decision Support and 

Intention to Use 

Save and compare scenarios 

Need more modelling features 

Need descriptions on prediction logic 

5 Accuracy and Data Trust Transparency of calculation 

Cite data sources 

Explain internal calculations 

6 Overall Experience Good initiative 

Useful with further development 

Useful in sustainable planning 

Useful for city planners 

 

Then, similar codes within each category were grouped into subthemes. These subthemes 

depict the codes without broader themes. 
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Table 4: Subthemes generated by grouping similar codes 

Category 

 

Codes Subthemes 

Ease of Use   Need Areal average  

 

Data interaction control 

Need temperature explanations 

 

Results interpretation 

Need colour differentiation 

 

Results interpretation 

System Easy to use 

 

System usability experience 

Visualization Clarity Increase prediction message size 

 

Understanding LST changes 

Need improved colour coding 

 

Understanding LST changes 

Need 3D adjustable models 

 

Object representation 

Good visualization clarity  

 

Visualization clarity 

System Usefulness Useful to compare proposals 

 

Decision support 

Useful to stakeholder discussions 

 

Decision support 

Decision Support and Intention to 

Use 

Save and compare scenarios 

 

Scenario management 

Need more modelling features 

 

Functionality expansion 

Need descriptions on prediction logic 

 

Transparency enhancement 

Accuracy and Data Trust Transparency of calculation 

 

Understand internal model logics 

Cite data sources 

 

Evidence-based validation 

Explain internal calculations 

 

Understand internal model logics 

Overall Experience Good initiative 

 

Perceived usefulness 

Useful with further development 

 

Perceived usefulness 

Useful in sustainable planning 

 

Perceived usefulness 

Useful for city planners 

 

Perceived usefulness 

 

Finally, the subthemes were summarized into broader themes. These broader themes helped 

in capturing the main insights for the evaluation process. The generated codes, subthemes, 

broader themes, and user quotes were presented in the following table. 
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Table 5: Thematic analysis for the qualitative data (user feedback) 

Category Codes Subthemes Themes User Quotes 

Ease of Use   Need Areal average  Data interaction 

control 

System usability 

improvement 

“Include areal average, for 

example 100 m x 100 m” 

Need temperature 

explanations 

Results interpretation System usability 

improvement 

“Displayed temperature values 

need more explanations” 

Need colour 

differentiation 

Results interpretation System usability 

improvement 

“Visualising temperature with 

color over the area would be 

nice” 

System Easy to use System usability 

experience 

Positive system user 

experience 

“Easy to use. Overall good” 

Visualization 

Clarity 

Increase prediction 

message size 

Understanding LST 

changes 

Visualization clarity 

and understandability 

“It’s better temperature 

difference message size could 

be enhanced” 

Need improved 

colour coding 

Understanding LST 

changes 

Visualization clarity 

and understandability 

“Use different color codes to 

display temperature changes” 

Need 3D adjustable 

models 

Object representation Visualization clarity 

and understandability 

“Having 3D icons could 

improve it.” 

Good visualization 

clarity  

Visualization clarity Positive visualization 

perception 

“System objects are 

understandable” 

System 

Usefulness 

Useful to compare 

proposals 

Decision support Support planning 

decisions 

“Being able to quickly check 

how two or more planning 

proposals would affect heat 

island effect….” 

Useful to 

stakeholder 

discussions 

Decision support Support planning 

decisions 

“Good tool for stakeholder 

meetings” 

Decision 

Support and 

Intention to Use 

Save and compare 

scenarios 

Scenario 

management 

Decision-making 

support 

enhancements 

“Provide options to save 

couple of different versions 

and compare those.” 

Need more 

modelling features 

Functionality 

expansion 

Decision-making 

support 

enhancements 

“I suggest adding more 

options, for example 

considering building 

materials” 

Need descriptions 

on prediction logic 

Transparency 

enhancement 

Decision-making 

support 

enhancements 

“Add an information section 

clearly describing how the 

system makes predictions” 

Accuracy and 

Data Trust 

Transparency of 

calculation 

Understand internal 

model logics 

Data trust and 

reliability 

“Explain parameters and 

calculations” 

Cite data sources Evidence based 

validation 

Data trust and 

reliability 

“Cite research and real-world 

data when applicable” 

Explain internal 

calculations 

Understand internal 

model logics 

Data trust and 

reliability 

“Add a section describing the 

internal calculations” 

Overall 

Experience 

Good initiative Perceived usefulness Positive perception 

for the system 

“Good initiative” 

Useful with further 

development 

Perceived usefulness Positive perception 

for the system 

“With developments tool can 

be useful” 

Useful in 

sustainable 

planning 

Perceived usefulness Positive perception 

for the system 

“A further developed version 

will be useful in sustainable 

urban city planning” 

Useful for city 

planners 

Perceived usefulness Positive perception 

for the system 

“This will be a useful tool for 

city planners” 
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It was observed that the findings were consistent across the six evaluation categories. 

Analysis of the open-ended questions suggests that the system was generally easy to use, 

and the interfaces were clear and logical. Furthermore, some users suggested adding a few 

additional features to enhance system usability, such as including the areal average, and more 

explanations for the temperature values. For the visualization clarity, users suggested adding 

3D icons, symbols for the interventions, using different colour codes to visualize temperature 

changes, and enhancing understandability. In terms of usefulness, users believe that the 

system will be useful for city planning work, especially when comparing two or more 

planning proposals. Furthermore, they have mentioned that this could be a good tool for 

stakeholder meetings and planning purposes. When considering the decision support and 

intention to use category, users suggested providing an opportunity to save multiple 

scenarios for comparisons. Users, commenting on the accuracy and trust, highlighted the 

importance of adding more explanations of internal calculations and parameters to be 

confident about outputs. In summary, it can be observed that users have identified the 

usefulness and the validity of the system for urban planning and development.  

4.3  How the study addressed research questions 

To guide our study, initially we formulated four research objectives including, to develop a 

DT mimicking the physical environment of the city of Lahti, integrated with environmental, 

spatial, and temperature data, to implement a ML model that forecasts LST using accessible 

information, such as spectral indices and bands, to present the LST changes that occur due 

to man-made interventions in the system and to evaluate the usability, reliability, and 

usefulness of the proposed system with experts and researchers in the domain. These 

objectives led to four corresponding research questions. In this section, we describe how the 

questions were achieved through the study.  

Q1.) How can the environmental, spatial, and temperature data be accessed, processed, and 

integrated into a system for future analysis? 

The geospatial data required for the research were derived from multiple satellite images, 

including Sentinel-2, Landsat-9. These satellite images were accessed and processed using 

GEE and Python scripts.  
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In this research, initially, we decided on our study area. The Lahti city area was selected as 

the area of interest, because previous studies revealed Lahti city area has a higher UHI impact 

than its rural areas. Selected coordinates of the Lahti city area can be mentioned as follows: 

aoi = ee.Geometry.Polygon([ 

    [[25.60, 61.00], 

     [25.70, 61.00], 

     [25.70, 60.97], 

     [25.60, 60.97]] 

]) 

Spectral indices for vegetation, built-up, water, including NDVI, NDBI, NDWI, and EVI, 

were derived from Sentinel-2 images. Landsat-9 images were used to derive LST data. 

Furthermore, spectral band values of RED, GREEN, BLUE, NIR, and SWIR were extracted 

from Sentinel-2 images. Those bands were employed to compute the new spectral indices, 

NDBI, NDVI, NDWI, and EVI for user-made interventions. Furthermore, these satellite 

layers were combined with spatial variables including latitude, longitude, and year. 

The data were collected over five consecutive years, from 2021 to 2025, during the summer 

period. The geographical coordinates of the data were separated by 30 × 30 𝑚2, and 5000 

sample points were collected for each year. All sample points were merged into a single 

dataset with multiple years. Finally, all the processed data were exported into a single CSV 

file where each data point contains a sample of one pixel with band values, indices, 

coordinates, and computed LST. This data was used to train the ML for predicting LST. 

Q2.) How accurately does the ML model forecast LST using spectral indices and bands?   

It was identified that ML models, trained solely on spectral indices for the city of Lahti, 

depict a lower performance compared to the city of Barcelona. Therefore, after carefully 

analyzing the data, the ML model was trained with a high accuracy considering spatial data, 

along with spectral indices and their derivatives.  
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 Q3.) How to visualize the LST changes in a 3D city model? 

This research question was addressed by implementing a 3D interactive web application 

using React.js with CesiumJS. The system visualizes the Lahti city area in a 3D environment 

with terrain, satellite images, and 3D buildings. For that purpose, Cesium’s global terrain 

services and OSM buildings were used. Further, it facilitates users to zoom, rotate, and 

navigate through the user interface to have a real environmental experience prior to making 

interventions. 

The temperature prediction and visualization process starts with a man-made intervention. 

The frontend interface of the system provides four different types of interventions that 

include adding tree areas, green roofs, building blocks, and waterbodies. Those intervention 

types were selected for this study based on the strategies suggested in previous studies to 

mitigate the UHI effect (Negi et al., 2025). Once a user selects a position for an intervention, 

the selected position coordinates are sent to the system backend via an API request.  

Once the backend returns temperature change and predicted LST, those values are clearly 

visualized in the frontend user interface. Currently, the values are visualized as a pop-up 

message at the top right corner of the interface. The message includes a change in the 

temperature, a new LST value, and the UHI effect (UHI increased, reduced, or no significant 

change). These concise and clear messages enable users to immediately understand the 

model’s output without overwhelming the visual interface.  

 

Figure 16: Prediction messages generated for user intervention 

In addition to the pop-up message, a small icon related to the intervention is loaded in the 

position where a user performs the intervention. In the system, we have added 4 different 

icons to identify each intervention. These features helped make the system more interactive 

for users. 

Overall, the system facilitates several functions, including interactive location selection, 

real-time backend communication, pop-up temperature change messages, and visualizing 

icons on the intervention location. This clearly shows how the system visualizes the LST 

changes in a 3D city model.  
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 Q4.) How can the system be evaluated for understanding the system’s usability, reliability 

for actual users? 

The system evaluation process was conducted, focusing on the technical accuracy of the ML 

model and the user experience of the developed artifact. 

To evaluate the accuracy of the ML model, several evaluation metrics were used, including 

𝑅2, 𝑅𝑀𝑆𝐸, 𝑀𝐴𝐸 and correlation (𝑟). Evaluation results were further discussed in Section 

4.1 Technical Evaluation. 

A behavioural evaluation was conducted to evaluate the system from the user’s perspective. 

For this purpose, the system was evaluated by Lahti city professionals, including urban city 

planners, environmental specialists, and university students in sustainable urban design-

related studies. A structured questionnaire (Appendix 1 to Appendix 7) was designed 

focusing on six sections. (A) Ease of Use (B) Visualization Clarity, (C) System Usefulness 

(D) Decision Support and Intention to Use, (E) Accuracy and Data Trust, and (F) Overall 

Experience. The questionnaire included both open-ended and closed-ended questions. When 

designing closed-ended questions, Likert questionnaire design guidelines (Bhandari and 

Nikolopoulou, 2023) were followed, with a 5-point (5-Strongly Agree, 4 - Agree, 3-Neutral, 

2-Disagree, 1-Strongly Disagree) scale (Likert, 1932). The responses for the closed-ended 

questions were evaluated and analyzed using measures of central tendency and dispersion. 

For the open-ended questions, a qualitative thematic analysis was conducted. The overall 

evaluation results indicate that users found the system convenient to use, visualizations were 

clear, and the developed system is useful for city planning work. Furthermore, by analyzing 

the qualitative data, several suggestions were identified for future improvements in the 

system. For instance, adding more explanations to the system's internal calculations and data 

sources, 3D icons for interventions, and colour coding for temperature changes. Overall, the 

user evaluation suggests the system is useful, meaningful, and can be applied in Lahti city 

planning work.  
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5  Future Work 

This study has considered four human interventions and their impact on LST, focusing on 

the standard spectral bands obtained by averaging sample data collected from ECOSTRESS 

Spectral Library - Version 1.0 – NASA. However, their impact can be changed according to 

building materials and tree types. In the future, the system can be developed to facilitate 

adding various tree types and different building materials. Furthermore, more features, such 

as roads and green corridors, can be added as modification options. Additionally, various 

strategies, including different shapes, can be introduced. 

Training a ML model for a city with noisy data patterns is challenging compared to a city 

like Barcelona. In this work, the ML models that forecasted LST with higher accuracy 

considered time or the coordinate points along with spectral indices. Therefore, training a 

ML model forecasting LST, solely depending on spectral indices, will lead to a significant 

improvement in system utility. 

 

6  Conclusion 

In the research, we developed a DT based planning support system that supports urban city 

planners to mitigate the UHI effect in the city of Lahti. The system combines satellite-based 

environmental data, ML temperature predictions, and an interactive 3D web platform. 

DSR methodology was applied as the primary research methodology in this study. It guided 

problem identification, design, implementation of the artefact, and the evaluation process. 

Environmental, spatial, and temperature data were accessed and processed through the GEE 

platform. Satellite imagery (Sentinel - 2, Landsat - 9), was used to derive LST data, spectral 

indices (NDVI, NDWI, NDBI), and banned values (NIR, SWIR). Collected data were pre-

processed, feature-engineered, and trained using random forest regressor to predict LST. Its 

performance depicted a significant accuracy and a strong correlation between predicted and 

actual values. The Lahti 3D city model was implemented using React.js with CesiumJS. The 

interactive web interface of the DT allows users to make interventions such as adding tree 
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areas, building blocks, water bodies, and green roofs, and receive prediction results as a 

message via the frontend user interface. 

To understand the system utility from the user’s perspective, the system was evaluated by 

Lahti city professionals (urban city planners, environment specialists) and some students 

with a sustainable urban planning study background. The feedback was analysed using both 

qualitative and quantitative methods. Furthermore, the technical evaluation was conducted 

to measure the accuracy of the ML model using several evaluation metrics. Overall, the 

analysis results revealed that the system is easy to use, visuals are understandable and useful 

in exploring different planning scenarios and support sustainable urban planning and 

decision-making. The thematic analysis helped to understand the future improvements of the 

systems.  
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Appendices 

Appendix 1: Questionnaire used to evaluate users (Section 2: Ease of Use) 
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Appendix 2: Questionnaire used to evaluate users (Section 3: Visualization Clarity) 
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Appendix 3: Questionnaire used to evaluate users (Section 4: System Usefulness) 
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Appendix 4: Questionnaire used to evaluate users (Section 5: Decision Support and 

Intention to Use) 
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Appendix 5: Questionnaire used to evaluate users (Section 6: Accuracy and Trust) 
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Appendix 6: Questionnaire used to evaluate users (Section 7: Overall Reflection)  

 

Appendix 7: Questionnaire used to evaluate users (Section 1: General Question) 
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Appendix 8: System Evaluation with Actual Users (Lahti City Professionals) at Lahti City 

Hall 

(All the individuals appear in the following image have provided informed consent for 

their photographs to be used in this thesis for academic purposes.) 

 

 

Appendix 9:  DT Development GitHub Repository 

https://github.com/IreshaBandaranayake/DigitalTwin-UHIMitigation.git 

 

https://github.com/IreshaBandaranayake/DigitalTwin-UHIMitigation.git
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