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ABSTRACT 

 

Urban forcing on the overlying atmosphere varies over a wide range of scales, developing 

intense urban-atmosphere interactions resulting in the generation of small-scale, intense, and 

highly unpredictable climatic systems. A detailed understanding of these interactions, 

especially in the case of highly heterogeneous and compact cities from the developing regions, 

which generally coincide with the active tropical climate belts, has remained a formidable 

challenge in this field of research. The advantages of numerical weather prediction (NWP) 

models to understand the land–atmosphere interactions and their ability to dynamically 

downscale coarser resolution global climate products integrated with higher resolution surface 

parameters has been a widely accepted approach in studying this process. However, the 

accurate representation of urban morphology is critical in improving the potential of mesoscale 

NWP models like WRF (Weather Research and Forecasting) to simulate the micro-climatic 

conditions over the cities more precisely. This study adopted a two-city approach to analyse 

the urban–atmosphere interactions in the case of the complex tropical region by selecting two 

dimensionally different cities, i.e., Kolkata and Guwahati, which also differed in terms of urban 

intensity. Both cities are situated on the most active monsoon belt of the Indian sub-continent, 

which also has significant influence on their regional climatology. A high-resolution uWRF 

model was configured considering the general climatology of the region and incorporating 

improved urban surface characteristics using Local Climate Zone (LCZ) maps. Advanced deep 

learning-based image classification techniques were applied to derive the LCZ products from 

high resolution Planetscope satellite images at an overall accuracy of 71.33% and was 78.69% 

for Kolkata Metropolitan Area (KMA) and Guwahati Metropolitan Area (GMA) respectively.  

A rigorous set of experiments were performed employing different combinations of the 

physical parameterizations and urban schemes required by WRF to identify the most optimal 

configuration of the coupled uWRF-LCZ model. This high-resolution model was further used 

in analysing different scenarios to understand the nature of micro-scale interaction between 

urban surfaces and the overlying climate, with the purpose of enhancing the understanding of 

urban micrometeorology under varying natural and anthropogenic conditions. 

The modelled results for important climate variables like T2 (2m air temperature), Ts 

(surface/skin temperature), WS (10m wind speed), RF (cumulative rainfall), RH (2m relative 

humidity), etc. were analysed in detail according to the four predominant LCZ classes, viz. 

LCZ 2, LCZ 3, LCZ 5 and LCZ 6 (representing the complexity of urban morphology) observed 

to cover almost the entire built-up extent of the cities. Diurnal as well as seasonal analysis of 

these variables indicated a significant impact of the city geometry on the immediate 

meteorological conditions for both cities. The climatic variations from most complex urban 

areas (overlapping with the city core) towards the outskirts of the city were most prominent 

during the pre-monsoon season for both cities. The core city with the highest and most compact 

built-up configuration was observed to be almost 2.5 °C to 3°C warmer than the surrounding 

TH-3347_176104109



 

v 
 

vegetated areas during the day and about 1.8°C to 2.5°C at night in case of KMA and upto 5 

°C during the day and 3.5 °C at night in case of GMA revealing the distinct UHI effect for both 

cities. A gradual decline in T2 values in a range of 0.2 – 0.5 °C and an increase in WS values 

in a range of 0.5 – 1 ms-1 with each consecutive urban LCZ class was observed, implying the 

direct impact of compact urban geometry on local climate. Although the other variables like Ts 

and RF also followed a declining trend in this direction, the transformation did not exactly 

follow a gradual trend. It was evident from the findings that the micro-meteorological 

variations were relatively much lesser in the case of monsoons and the least during winter 

seasons. The analysis further revealed that the dimensions and intensity of urbanization has a 

definite impact on the synoptic scale weather event such as monsoons, as a gradual increase (3 

– 5 mm) in the RF magnitude was visible from LCZ 2 to LCZ 6 which further increased (upto 

15 mm) in the non-urban surroundings. However, these variations in RF were more vividly 

observed in case of the larger and denser KMA region whereas, it seemed to be influenced 

more by the local topography in case of the relatively smaller and less dense GMA. Moreover, 

evaluation of the urban-climate conditions according to the changing urban landscape over 20 

years also revealed a similar trend. Analysis of these parameters with much reduced 

anthropogenic functions during the COVID-19 lockdown phase in 2020 showed a considerable 

improvement in the meteorological conditions compared to the usual trend in 2019. A 

significant decline in T2 upto 5 °C for both cities and improvement in WS up to 4 ms-1 in case 

of KMA was observed, which further indicated the role of urban dynamics in altering the local 

climate. This substantial reduction in the UHI effect could be attributed to the reduced 

anthropogenic functions leading to improvement in air quality and ultimately the living 

conditions in these cities, which also provides an opportunity for the planners to devise 

appropriate UHI mitigation strategies by limiting anthropogenic activities in a controlled 

manner. 

The local geography, along with the urban geometry, roughness length, and urban fabric, play 

the most crucial role in determining the magnitude of microclimatic variations typical to a city. 

Thus, an optimal urban micro-climate index (UMCI) was developed to evaluate the combined 

effects of the different climate variables on the intra-urban climatic conditions. This index can 

be a helpful tool in assessing the urban meteorological health identifying the most liveable as 

well as the vulnerable pockets within the cities during different phases of the day. Further, 

modifications in the existing urban morphology by implementing suitable heat mitigation 

measures proved to be an important strategy to address the adverse climatic effects on densely 

populated developing cities by reducing the magnitude of the sensible heat fluxes and latent 

heat capacity. However, it was found that the same strategy might not be similarly effective 

throughout the city or in reducing the adverse effects of different climate variables alike; which 

might help in making more informed decisions to implement suitable techniques in different 

parts of the city for managing micro-climate variations.  
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Chapter 1 

 

 

Introduction 

 

 
1.1 Context 

Cities are the epicenters of economic and socio-cultural development attracting a huge 

magnitude of people and functions which tend to constantly increase with time, further 

strengthening this process. The rapid expansion of urban spaces and mechanisms are the most 

distinct anthropogenic activities observed over the last century (Condit 1970; Grimmond 2007; 

Roth 2007; Seto et al. 2011; Chen et al. 2014), characterized by the evolution of different urban 

structures and forms and diminishing blue-green spaces (Condit 1970; Oke 1987; Mills 2007; 

Seto et al. 2011; Song et al. 2014; Fleischmann et al. 2022). Urban areas accommodate about 

55 per cent of the global population which is further projected to increase to about 70 percent 

by 2050, of which majority will be concentrated in the global south (Liu et al. 2014; Zhou et 

al. 2020; UN-Habitat 2022). However, in contrast, urban spaces constitute a little over 3 per 

cent of the total area on Earth (Gao and O’Neill 2020; UN-Habitat 2022), reflecting the grave 

disparity in the arrangement. The process of urban development gained momentum with 

advancements in technology and its accessibility, remarkably expediting the growth of urban 

centers both in magnitude and dimensions. However, the versatility and complexity of the 

urban systems depend on the nature and intensity of the process of urban development as well 

as urbanism in accordance with the available resources (Oke 1987; Batty 2005; Batty, 2008). 

The global urban areas contribute to more than 90 percent of the economic output, 65 percent 

of energy consumption and 70 percent of greenhouse gas (GHG) emissions (Solecki et al., 

2013; Zhou et al. 2020). Thus, urbanization is considered indicative of the overall development 

of a region, making the phenomenon practically inevitable and almost irreversible (Awasthi et 

al. 2022; Bhattacharjee et al. 2023).  
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Figure 1.1 UHI Profile (Adapted from Oke, 1982) 

These complex urban spaces constantly interfere with the natural systems around them, 

ultimately developing other complex urban-environmental processes; resulting from the 

modifications in the surface configuration, atmospheric structure, hydrological and bio-

geochemical cycles, etc. (Oke 1987; Imhoff et al. 2004; Ioannides and Rossi-Hansberg 2005; 

Grimm et al. 2008; McDonald et al. 2008; Batisani and Yarnal 2009; Bhattacharjee et al. 2023). 

The natural environment works inclusive of all the existing physical, chemical and biological 

spheres interacting dynamically with each other at different spatial and temporal scales and 

changes in any aspect of this entire arrangement have a direct or diffused impact on the others 

(Zhou et al. 2004; Shephard 2005; Grimmond 2007). The interaction between cities and the 

overlying atmosphere is very intense through different vertical and horizontal levels, defining 

new atmospheric construct and boundary conditions (Oke 1988; Voogt and Oke 1997; Arnfield 

2003). Cities tend to behave as heat source due to their higher potential in storing radiative 

energy owing to their surface properties; obstruction in atmospheric motion caused by 

increased surface roughness, further intensified by huge quantities of aerosols and other 

greenhouse gases (GHGs) from various urban sources; and poor quality of surface or 

groundwater retention capacity (Lowry 1977; Oke 1978; Becker and Li 1995; Arnfield 2003; 

Hidalgo et al. 2008; Barlow 2014). This leads to the modification of the atmospheric boundary 

layer over the urban extent, broadening the gap between urban and rural atmospheres. The 

constant and rapid interactions with the environmental processes have a significant forcing 

effect on the weather-climate circulations, resulting in the development of a small-scale, 

intense and highly unpredictable climatic system enveloping a city (Oke 1982; Voogt and Oke 

1997; Hidalgo et al. 2008; Mirzaei and Haghighat 2010). Thus, cities are transformed into 

important local inducers of atmospheric variability, having an evident influence on the regional 
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to global climate systems to a considerable extent (Zhou et al. 2004; Shephard 2005; Grimmond 

2007; Mills 2007; Roth 2007; Grimm et al. 2008; Zhou et al. 2015). 

The concept of urban micro-climate was first scientifically established by Luke Howard in 

1833 for London on the basis of definitive observations on the thermal distinction of the city 

from the non-urban surroundings (Oke 1982; Grimmond 2005). The extraordinary efforts by 

Howard led to the formation of this new domain within the meteorological studies, which 

accounted for the increase in the profile of air temperature (Ta), with increasing built-up density 

and decreasing natural spaces (trees, waterbodies, open scrublands).  Since then, it was 

continuously explored and reinstated by researchers all over the world for cities of varying 

dimensions and functionalities, and the phenomenon was gradually documented as the Urban 

Heat Island (UHI) effect (Oke 1982; Arnfield 2003; Shephard 2005; Barlow 2014; Yang et al. 

2016; Deilami et al. 2018; Sangiorgio et al. 2020; Du et al 2023). It was observed through space 

and time that the composition of the atmosphere over urban areas differs from their rural 

background (Landsberg 1981; Rosenfeld 2000; Ramanathan et al. 2001; Pataki et al. 2003; 

Heever and Cotton 2006) and the complexity increases with the increase in the level of urban 

development (Oke, 1987; Kaufmann et al. 2007; Grimm et al 2008; Li et al. 2017). A gradual 

rise in temperature is experienced from rural to peri-urban (cliff) and then to urban (plateau), 

with a maximum temperature being reached towards the city center (peak) (Fig. 1.1); i.e., areas 

with the most complex urbanization, with distinctive high buildings and narrow streets (Oke, 

1987; Unger, Sümeghy, Zoboki 2001; Hidalgo et al. 2008). The impact of the cities on the 

overlying atmosphere is not restricted to the differential temperature profile but also affects the 

wind system, moisture content, atmospheric pressure, precipitation dynamics etc., which 

ultimately defines the entire urban micro-climate. With the increasing pace of urban 

development, these micro-climatic imbalances are gaining momentum and strength, 

aggravating the already intense process and prompting substantial changes even to the regional 

climate.  

The widening gap between the inter as well as intra urban meteorological conditions has been 

constantly increasing the scale of associated risks. Urban heating, flood events, wind 

circulation, pollution load etc. have dramatically increased across all urban spaces, 

contradicting and heightening the challenges for sustainable development strategies (Ulpiani 

2021; Bhattacharjee et al. 2021; Mentaschi et al. 2022). According to the IPCC 

(Intergovernmental Panel for Climate Change) AR6 Climate Change 2023 report, the past 

century has experienced significant changes with the rise in number of general heat wave 
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episodes, which worsens the UHI effect further, posing a threat to not only the health and 

wellbeing of the residents but also the urban infrastructure, transport facilities etc. (Luber and 

McGeehin, 2008; Zhou et al. 2020). The frequency of extreme rainfall events and consequent 

urban flooding phenomena has also increased manifold over the last few decades owing to 

rampant conversion of natural to built-up surfaces (Dasgupta et al. 2012; Sarmah and Das 2018; 

Bhattacharjee et al. 2021). Besides, intra-urban climatic variations within small horizonal 

distances further complicates these processes (Kim and Brown 2021; Bhattacharjee et al. 

2021), demanding micro-scale analysis, so that meaningful strategies could be designed to 

address the specific challenges. 

1.2 Scientific Rationale 

The depth of the planetary boundary layer (PBL) depends upon the rate of interaction and 

energy exchange between the earth and atmosphere which also determines its rate of radiative 

warming or cooling (Oke 1987; Barlow 2014; Das et al. 2014). In the complex urban-

atmosphere interface, the urban surface acts as source as well as sink of heat, mass and 

momentum, which controls the nature of lower atmospheric layers. The urban morphology has 

higher heat storage potential compared to the surroundings leading to an increase in thermal 

inertia of the surface, which is notably enhanced by the different anthropogenic heat sources, 

more apparent in the urban areas (Arnfield 1982; Oke 1988; Barlow, 2014). However, the 

complexity of urban surfaces attributed to their size, shape, composition and geometrical 

orientations further complicates the process of energy exchange. The emission of longwave 

(LW) radiations governed by the temperature and emissivity of the urban surface ultimately 

increases the surface heat flux and contributes towards stratification of the PBL into two 

distinct layers, i.e., Urban Canopy Layer (UCL) extending from the ground to roof level of the 

cityscape and Urban Boundary Layer (UBL) that extends vertically from top of the UCL to the 

level within PBL until which the influence of urban surface is perceptible, (Oke 1976; Oke 

1988; Grimmond 2005; Rasheed 2009; Barlow 2014). The physico-chemical composition of 

these layers and determining their depth and density alter depending on the city size, 

physiographic setup, location, and population (Rasheed 2009; Barlow 2014; Crum and 

Generette 2017); ultimately defining the micro-climatic structure of the urban area.  

It is fundamental to understand the concept of scale to grasp the entire process of urban-

atmosphere interaction and energy exchange. An individual building with its own design and 

composition will have varying exposure to the incoming shortwave (SW) radiation, net LW 
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radiation exchange and ventilation in its different parts, encouraging the development of a 

building-scale energy budget system (Arnfield 2003). Similarly, the other urban morphological 

features such as streets, paved and non-paved areas, trees, irrigated gardens and lawns, non-

irrigated green spaces have their respective thermal, radiative, aerodynamic and moisture 

properties, creating individual local-scale systems contrasting their surroundings but constantly 

interacting with each other by radiative exchange and micro-scale advections (Oke 1989; 

Grimmond et al. 1996; Arnfield 2003). Thus, to comprehend the total energy budget of these 

complex urban spaces, the individual features could be hierarchically aggregated to create 

urban surface morphological units. Urban canyons (UC) consisting of adjacent buildings 

packed together and the elements lying between them represents the interaction and energy 

transfer between individual elements at the micro-scale (Oke 1982, 1988; Arnfield 2003; Oke 

et al 2017) (Fig. 1.2c). Several UCs and the roofs of adjacent buildings at the local scale 

together form urban blocks which further aggregate to form neighbourhoods, land-use zones, 

and finally the entire city (Oke 1982, 1988; Voogt and Oke 1997; Arnfield 2003; Hidalgo et 

al. 2008) (Fig. 1.2 a, b). Therefore, at each level, the urban morphological units build and adjust 

distinctive energy budgets, representing the area-weighted budget averages of the individual 

elements and distinctive interactions within themselves, which could be further extended by 

considering their advective interactions with the adjacent units at the same scale (Arnfield 

2003). This highlights the significance of having a complete insight into highly heterogenous 

urban surface properties governed by the nature of urbanization to understand the urban micro-

climate system of a city (Voogt and Oke, 1997). 

 

Figure 1.2 Atmospheric processes at different scales in urban areas forming different boundary 

conditions (Adapted from Oke 1997 and Barlow 2014) 
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Many observational and experimental studies conducted during the 1960s in the mid-latitudinal 

cities have analysed the importance of UBL in controlling climatic processes led by the energy 

fluxes between the atmosphere and urban (Oke 1978; Barlow 2014). However, as evident from 

the above discussion, energy and mass exchange between cities and their immediate 

atmosphere develops the more crucial UCL, designated on the basis of horizontal and vertical 

dimensions of the urban geometry (Oke 1976; Oke 1987; Crum and Generette 2017). The 

roughness length of cities determined by their aerodynamic properties contributes to the 

process dynamics as well as pollution dispersion within the vertical layers over the UCs 

through the UBL depth. Thus, the surface energy balance for a given volume encompassing 

the UCL can be explained by the following expression (Oke 1988; Arnfield, 2003), 

𝑄 + 𝑄𝐹 = 𝑄𝐻 + 𝑄𝐸 + 𝛥𝑄𝑆 + 𝛥𝑄𝐴                                  1.1 

where, 𝑄 is net radiation, 𝑄𝐹 is anthropogenic heat release, 𝑄𝐻 is sensible heat flux, 𝑄𝐸 is the 

latent heat flux, 𝛥𝑄𝑆 is the storage heat flux, and 𝛥𝑄𝐴 is the advective heat flux (flux here 

represents flux density).  

𝑄 = 𝐾′ + 𝐿′    

                                       

where, 𝐾′ - net SW radiation, 𝐾′ = 𝐾 ↓ − 𝐾 ↑  

          𝐿′ - net LW radiation, 𝐿′ = 𝐿 ↓ − 𝐿 ↑ 

                                                          ↓ - incoming radiation 

                                                         ↑ - reflected radiation 

𝐾 ↓= 𝑆 + 𝐷 

𝐾 ↑= (𝐾 ↓)𝑎 

  𝐿 ↓= 𝜀𝑎[σ𝑇𝑎]
4 

 𝐿 ↑= 𝜀𝑠[σ𝑇𝑠]
4 

 

Here, S – direct beam 

             D – diffuse beam 

               a – surface albedo 

                 𝜀𝑎   - air emissivity 

                        𝜀𝑠   - surface emissivity 

                                       σ – Stefan-Boltzmann constant 

                  𝑇𝑎 – air temperature 

                        𝑇𝑠 - surface temperature 

 

The huge magnitude and diverse range of activities of city dwellers that accounts for the 

emission of heat from vehicles, industries, building HVAC (heating, ventilation and air 

conditioning systems), metabolism of individuals within the UCs integrates to contribute 

towards 𝑄𝐹 within this volume. 𝑄𝐻 rises due to surface properties and 𝑄𝐸  dips resulting from 

diminishing vegetation cover, low transpiration as well as low rainfall interception, 
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determining the growth rate and depth of the UCL (Oke, 1987; Nakayoshi et al. 2009; Barlow 

2014). The 𝛥𝑄𝑆 is determined by all the different urban features that absorb and radiate heat 

within the UC volume including atmospheric particles; and 𝛥𝑄𝐴 corresponds to transfer of 

energy through the sides of the volume (Arnfield, 2003). Several micro-scale processes 

occurring within the UCL such as surface drag, shearing stress turbulence and wind profile 

induced vertical motions etc., (Arnfield, 2003) are governed by the above stated parameters. 

UCL is therefore formed by localized processes induced by the urban land-use type and city 

function, giving rise to convective plumes and eventually converting to typical UHIs, varying 

spatially even over the same city (Oke 1987; Arnfield, 2003; Kim and Brown 2021). 

UHI is significantly moderated by the city morphology and regional flow characteristics, as 

multicellular UHI patterns might develop in high-density metropolis with multiple cores and 

low wind speeds (Oke 1987; Unger, 2004). The city geometry and fabric are responsible for 

creating heat traps within the urban canopy, affecting the surface and air temperature, air 

pressure, wind velocity and surface and ground moisture content (Oke 1981, 1988; Coseo and 

Larsen 2014; Xu et al. 2017). Building height and street width, along with the sky view factor 

(SVF) and surface albedo, play a major role in the heat fluxes and wind circulation vertically 

within the city canopies (Oke 1988; Unger 2004). The prevalence of trees, urban green and 

open spaces significantly affects the energy flux and thermal properties of the atmosphere, 

regulating the localized effect of UHI (Landsberg 1981; Wong 2005; Morris et al. 2016).  

UHI generally follows a diurnal cycle, being more prominent during the night as compared to 

day, with higher contrast between the urban and rural temperature profiles (Giridharan et al. 

2005; Ramamurthy and Bou-Zeid 2016). The UHI condition increases gradually from 

afternoon and reaches the peak at around late evening persisting through mid-night and 

diminishing in the early morning hours (Kim and Baik 2002; Kusaka and Kimura, 2004; 

Shephard 2005; Hamdi and Schayes 2008; Giannopoulou et al. 2010; Ferreira et al. 2013). It 

is characterized by rura-urban pressure difference and vertical mixing and also due to slower 

cooling rate of the urban features (Fujibe and Asai 1980; Oke 1981; Lin and Smith 1986; 

Giannopoulou et al. 2010), resulting from LW radiation emitted throughout the night (Shephard 

2005; Hidalgo et al. 2008). In low ambient temperature conditions, the cooling rate increases 

substantially due to high wind speeds as a result of convective losses. However, in dense urban 

canopy regions, the wind speed drops (being highly undisturbed), leading to an increase in 

ambient temperature due to convective gains; further dipping the cooling rate (Giannopoulou 

et al. 2010). Thus, heat generated by the cities is also one of the main driving forces to initiate 
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disturbances in other climatic processes such as precipitation, humidity, wind flow etc. 

(Kurbatskii; 2001; Jin et al. 2007).  

A significant number of studies have also reported the influence of urbanization on the 

precipitation conditions at a local as well as regional scale (Kurbatskii; 2001; Molders and 

Olson 2004; Shephard 2005; Guo et al. 2006; Kishtawal et al. 2010; Mishra et al. 2012; Rana 

et al. 2012; Dash et al. 2013). Moisture availability in the environment and the convective 

circulation are intrinsically related to land-atmosphere interactions. As has been implied earlier, 

thermal stratification within the urban boundary layer influences the mesoscale circulation, 

leading to the formation of convective clouds (Akermann et al. 1977; Bornstein and Lin 2000; 

Shepard et al. 2002; Shephard 2005; Shiraki and Shigeta, 2013). Growth in surface roughness 

and complexity in urban geometry causes modifications in wind direction and velocity which 

can divert the precipitating systems (Akermann et al., 1977; Thielen et al., 2000; Burian and 

Shephard 2005). In addition, the urban functions are highly favourable for the rise in the level 

of aerosol concentration in the atmosphere, producing abundant hygroscopic nuclei particles 

(Huff 1986; Rosenfield 2000; Ramanathan, et al. 2001; Shephard, 2005; Heever and Cotton 

2006), which enhances the moisture load in the atmosphere leading to short-term high-intensity 

rain events (Dixon and Mote, 2003). These potential factors instrumenting urban precipitation 

conditions operate in close correspondence to each other, occasionally one being the initiator 

or resultant of the other (Huff 1986; Rosenfield 2000); and are required to be observed or 

analyzed together for a comprehensive understanding of the phenomenon.  

Studies from across the globe have drawn connections between the UHI effect and urban 

precipitation and the feedback mechanism that follows, influencing other climate parameters 

(Huff and Changnon 1972; Akermann et al. 1977; Sundersingh et al. 1991; Deosthali et al. 

1999; Bornstein and Lin 2000; Shephard et al. 2002; Shephard and Burian 2003; Chand et al. 

2005Shephard 2005; Ramachandran et al. 2010Ganeshan et al. 2013). The vertical mixing 

heights of the thermal flux invigorate, and deepen due to high urban temperature accumulation, 

ultimately increasing the ascending vertical velocity at the cloud base, resulting in downward 

propagation of the clouds, destabilizing the flow pattern (Akermann et al. 1977; Shephard 

2005; Guo et al. 2006; Zhong and Yang 2015). As a result, the squall line breaks and smaller 

individual convective cells are formed over the urban area (Zhong and Yang 2015), causing 

spatial variability in precipitation even within the same city. Therefore, downwind rainfall 

increases over cities caused by UHI-induced unstable boundary layer circulation, reinforcing 

already existing storms or introducing new convective systems (Huff and Changnon 1972; 
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Akermann et al. 1977; Bornstein and Lin 2000; Shepherd and Burian 2003; Dixon and Mote 

2003; Shephard 2005; Heever and Cotton 2006; Ganeshan et al. 2013). Besides, the urban 

canopy and high surface roughness also have considerable effect on the local convective 

systems causing micro-scale variation in downpour pattern (Bornstein and LeRoy 1990; Niyogi 

et al. 2011; Shiraki and Shigeta 2013).  

1.3 Motivation 

The degree of complexity in urban climatic processes is determined by the level of 

heterogeneity of the surface geometry and morphology. Due to the structural versatility of 

urban areas across the globe owing to differences in their physiographic conditions, level of 

economic development, anthropogenic functions, built-up and population density, 

configuration and composition of the surface fabric, nature and extent of UCL also varies 

substantially (Henderson 2002; Roth 2007; Barlow 2014; Mentaschi et al. 2022; Yan et al. 

2022; Du et al. 2023). Although there is considerable variation between cities across the world 

according to the aforementioned factors, differences are more prominent amongst cities from 

developing and developed regions (Roth 2007; Grimmond 2007; Kotharkar and Ghosh 2021; 

Mentaschi et al. 2022), indicating towards the probable difference in forcing mechanism on the 

urban atmosphere. This emphasizes the importance of critical and minute analysis of the 

extremely dynamic and intricate urban systems, which are distinct from their surroundings and 

capable of micro to macro scale transformations. 

The urban climate research, since its inception till the present, is highly skewed towards 

developed cities compared to cities from the developing world, where the observations and 

analysis of these processes began much later with very slow progression and limited 

geographical coverage (Roth 2007; Kotharkar and Bagade 2018; Khan et al. 2020a; 

Marcotullio et al. 2021; Gyimah 2023). However, the percentage of global urban population is 

higher in the developing world and is expected to rise further. Moreover, due to unplanned and 

haphazard urban development the morphological composition of these cities is highly 

heterogeneous, raising the degree of complexity (Henderson 2002; Cohen 2006; Diksha and 

Kumar 2017; Arfanuzzaman and Dahiya 2019). The developing and underdeveloped regions 

mostly coincide with the tropical zone where the meteorological processes are inherently more 

complex and difficult to predict (Sachs 2001; Ramankutty et al 2002; Sobel 2012). Cities 

located in the tropics and subtropics experience intense UHI compared to higher latitudes; 

being more pronounced during the summer days as UHI intensity is predominantly driven by 
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solar radiation heating of the urban canopy at lower latitudes (Jauragui 1997; Arnfield 2003; 

Roth 2007; Ferreira et al. 2013; Li et al. 2016; Garuma 2023). However, anthropogenic heating 

is less pronounced in lower latitudes, and the seasonal UHI intensity variation is mostly 

regulated by the difference of soil moisture between urban and rural (Imamura, 1991; Arnfield, 

2003; Roth, 2007). On the other hand, in mid and higher-latitude cities, the anthropogenic 

energy flux due to air conditioning greatly contributes towards generating and sustaining the 

UHI, especially during winters and at night (Oke 1982; Morris and Simmonds 2000; Arnfield 

2003; Kusaka and Kimura 2004).  

The highly developed cities lying in the temperate region with high-rise building canopies and 

lesser SVF experience lower temperatures at the pedestrian level, as opposed to the lower 

altitude and irregular urban canopies of the moderately or less developed cities of the tropics 

(Coseo and Larsen 2014; Xu et al. 2017; Nikolopoulou et al. 2019). The haphazard and 

unplanned expansion of built-up spaces due to increasing pressure from the growing population 

takes a toll on the blue-green spaces within cities further deteriorating the urban-meteorological 

conditions. The abnormal heating effect of the urban surface directly influences the thermal 

comfort and health conditions of city dwellers along with influencing other weather parameters 

(Matzarakis et al 2011; Burkart et al 2014; Nikolopoulou et al. 2019). Cases of extreme heat 

stress are rising throughout the globe, but the situation has worsened especially in the tropical 

and sub-tropical cities with already hot and humid climatic conditions and prolonged summer 

periods (Roth 2007; Kubota et al. 2017; Kotharkar and Ghosh 2021; Das et al 2022; Yan et al. 

2022; Garuma 2023). The heat exposure of the city dwellers in the metropolises as well as 

medium-sized cities in the developing region is comparatively higher pertaining to the 

inaccessibility to adequate living infrastructure for a major section of the urban population 

(Lapola et al. 2019; Iqbal et al 2022; Laue et al. 2022; Parkes et al. 2022).  

But unlike the UHI effect, which is always directly proportional to urban growth; the strength 

and robustness of urban-induced precipitation dynamics cannot be generalized as drawn from 

the varied conclusions with respect to it (Molders and Olson 2004; Shephard 2005; Kaufmann 

2007). Some studies pointed out that the magnitude and intensity of rainfall events are 

localized, having distinctly changed with the progressions in urbanization (Ackerman et. al. 

1977; Shephard 2005); while some have also reported the signature of urban development on 

regional convective circulations (Shastri et al. 2015; Liu and Niyogi 2019). The moisture 

availability and fluxes, location and geomorphological condition, canopy structure influencing 

the vertical vorticity, heat and aerosol accumulation determine the precipitation pattern in the 
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cities, which require deeper analysis and understanding. Although increasing thermal gradient 

in cities is one of the most evident consequences defining the phenomenon called urban 

climatology, precipitation anomalies over the cities have a short-term but relatively more direct 

and adverse impact on the living conditions of city dwellers, either leading to high surface 

runoff or depletion in the groundwater table beneath (Shephard, 2005; Jin et al. 2007; 

Bhattacharjee et al. 2021; Awasthi et al. 2022). These have become recurring problems in cities 

from the global south with an extensive rate of built-up expansion catering to the pressing need 

from escalating growth of the urban population (Bhattacharjee et al. 2021). 

This demands a thorough and systematic understanding of the energy fluxes and correlation 

between the city geometry, which is also a function of the type of data used, acquisition time 

and weather conditions, procedure and accuracy of analysis (Sheng, Tang, You, Qing and Hao; 

2017), other than the surface and meteorological parameters. This broadens the scope of urban 

climate studies in the tropical and sub-tropical regions with high intensity climate events as 

well as complex urban structures. Most cities in these regions have similar developmental and 

structural patterns and experiences almost similar types of hydro-meteorological hazards, 

which are directly proportional to their rate of urbanization. Therefore, it is important to 

understand the micro – meso scale variations in the urban climate of such cities according to 

the surface configuration and also the level of their impact on the synoptic scale climate 

phenomena. 

1.4 Research Aim and Objectives 

To widen the spectrum of urban climate research in diverse climatic, geographical, and urban 

environments, this study aims at “modelling the energy fluxes between the heterogeneous 

urban surface and the overlying climate to understand the microclimatic variations in tropical 

cities using a meso-scale Numerical Weather Prediction (NWP) model”. Two geographically, 

dimensionally, and morphologically different cities, Kolkata and Guwahati, lying in the 

monsoon-dominated belt of India, were identified as study areas to evaluate the process of 

climate–urban interactions considering the following research objectives: 

i. Meteorological downscaling by integrating the mesoscale Weather Research and 

Forecasting (WRF) with improved urban parameterization to obtain finer-scale urban 

microclimatic variables. 

ii. Simulation of different spatio-temporal scenarios to understand the 

urbanization impact on the tropical-urban climate. 
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iii. Comprehensive assessment of the urban climate conditions and possible impacts of heat 

mitigation strategies on the micrometeorology of the cities. 

 

1.5 Geographical Focus 

This study primarily aims to evaluate the impact of urbanization on the micro-climate system 

of highly heterogeneous and complex urban surfaces, characteristically representing cities from 

one of the fastest developing tropical zones of the earth. A two-city comparative approach was 

adopted here to understand the level of interaction and interference of urban with the overlying 

climate in cities of different dimensions and complexity. Kolkata and Guwahati cities were 

carefully selected for analysis from the East-North East zone of the Indian sub-continent (Fig. 

1.3) as case areas that differ morphologically as well as dimensionally but lie in similar tropical 

– subtropical zone with hot - humid summer and dry - cold winter. Besides, both cities also lie 

in one of the most active belts of the south-east monsoon in the region and receive about 80 

per cent of the total annual rain during the summer monsoon period, which is critical for hydro-

climatic extremes (Mitra et al. 2011; Bhattacharjee and Kar 2022). Following the regional 

climatology of the Indian sub-continent, these cities also experience four distinct seasons, viz., 

Pre-Monsoon (Mar–May), Monsoon (June–September), Post-Monsoon (October–November) 

and Winter (December – February). However, depending on the exact time of arrival of 

monsoon rains across the sub-continent according to their geographic locations, the length and 

duration of these different seasons slightly vary.  

 

1.5.1 Kolkata 

 

Kolkata, the largest and third most populous metropolis of India is also one of the historical 

and most important urban centers of the global south, extending from 22°19’ N to 23°10’ N 

latitude and 88°40’ E to 88°33’ E longitude over an area of about 1831 km2 (Census of India 

2011; Das et al. 2022). The city functions as the administrative, economic, and cultural hub of 

the entire eastern India attracting population from the region and also the rest of the country. It 

is situated about 150 km from the northern coasts of the Bay of Bengal and could be identified 

as a semi-coastal city with significant influence on the coastal climate (Dasgupta et al. 2012). 

The city is situated at about 1.5 - 11 m above the mean sea level with an average of 8 m, at the 

lower deltaic plain of the Ganga River system with insignificant geomorphic variations, 

surrounded by alluvial flatlands and a large number of small and big water bodies and shallow 

wetlands (Bose and Mazumdar 2020; Das et al. 2022). Hoogly, a major tributary of the Ganga 
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flows longitudinally through the city almost dividing it into two equal halves (Fig. 1.3), 

providing access to the city from the Bay of Bengal making it one of the earliest trade ports in 

the eastern part of the Indian subcontinent. 

 

 

Figure 1.3 Study Region 

The Kolkata Metropolitan Area (KMA) under the Kolkata Metropolitan Development 

Authority (KMDA) includes four different municipal corporations and 37 municipalities, 

making it a complex administrative unit (Dasgupta et al. 2012). The region has experienced 

urban population growth since the industrial revolution in the mid-19th century which has 

increased rapidly since the past century stimulating extensive planned and unplanned 

development leading to its horizontal as well as vertical expansion. KMA is estimated to 

accommodate about 20 million population which has increased from 4.5 million in 1951 to 15 

million in 2011 at an average of about 8,000 persons per km2 (Census of India 1951, 2011). As 

reported by several studies, the city transformed from an urban agglomeration to a metropolitan 

region over the past century at the cost of the surrounding natural ecosystem (Bhatta 2009; 

Chakraborty et al. 2021; Das and Jain 2022; Chatterjee and Mazumdar 2022; Bhattacharjee et 

al. 2023). Extensive conversion of natural surfaces (including forests and scrublands, barren 

lands waterbodies and wetlands) and agricultural lands into built-up surfaces (Bhatta, 2009; 

Parihar et al., 2013; Sharma et al., 2015), to accommodate the ever-expanding population and 

functions of the city has resulted in its areal expansion from 405 km2 in 1951 to 1851 km2 in 

2021 at a decadal growth rate of 23.7 per cent approximately (Census of India 1951; 2011). 
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The built-up density of the city is very high with an extremely compact urban form and highly 

mixed land use land cover (LULC) pattern. 

The annual mean temperature of this region is 24.8 °C and the average precipitation is 1600 

mm, which is mostly received during the South-West Indian Monsoon period from June to 

September (Dasgupta and De, 2007; Mitra et al., 2012). Kolkata experiences prolonged 

summer season which almost begins from the early pre-monsoon and extends until the late 

monsoon period (Dasgupta et al. 2012; Khan et al. 2020b). The pre-monsoon season Kolkata 

region is a little longer than the average, extending from March to almost mid-June when the 

monsoon rains generally arrive, making the season a little longer than the average 

(Bhattacharjee et al 2023). The heat stress in the city is particularly severe during this period 

with extremely high temperatures ranging between 38 – 44 °C, due to the heat accumulated 

from higher insolation (the solar power) and LW radiation from the surface trapped by the 

higher concentrations of GHGs and lower wind speed (Khan et al. 2020b). After the advent of 

the monsoon season, Ts reduces substantially and the wind velocity increases which improves 

the heat wave episodes, but due to the higher level of relative humidity (RH), i.e., above 80 per 

cent the average drop in Ta is only 2 – 3 °C. The monsoon season experiences high-intensity 

rain episodes, the frequency of which has increased since the last decade leading to urban flood 

hazards across many parts of the city (Dasgupta et al. 2012; Malik et al. 2020), degrading the 

living conditions of the city dwellers. 

 

1.5.2 Guwahati 

Guwahati, one of the oldest urban centers of India, occupies the most dominant position in 

administration and trade in entire North-East India. The city lies between 25̊ 5’ N to 26̊ 12’ N 

latitude to 91̊ 34’ E to 91̊ 5’ E longitude and covers a large part of the Kamrup Metropolitan 

district of Assam. The Guwahati Metropolitan Area (GMA) sprawls over an area of 328 km2 

and accommodates more than 1 million people living within its administrative boundary 

(Census of India 2011). Guwahati lies at an average altitude of 55 m above the mean sea level 

(MSL) and lies on the south bank of the river Brahmaputra, making the river its northern 

boundary. On the south, it is bounded by the hills of Meghalaya state, and the tributaries of 

Brahmaputra, Khanajan and Bondajan line it along the west and east respectively 

(Bhattacharyya 2001). It contains some scattered hill ranges, reserve forests and a number of 

wetlands, which are shrinking with time due to the pressure of urbanization (Bhattacharyya, 

2001). Guwahati city is adorned with tropical rainforest, which mainly includes semi-evergreen 
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and mixed deciduous types with three reserve forests lying within its territory. Besides, there 

are some other important natural vegetation units and wildlife sanctuaries that lie within the 

close vicinity of the city, having a definite impact on its climate system (Bhattacharyya 2001). 

The spatial expansion of Guwahati has been caused by a huge population explosion over a 

short period of time. It enjoys a prime status in the region with the largest area and population 

base. According to the Census records, the population increased from 43,615 in 1951 to 

9,68,549 in 2011, which is estimated to be around 1.3 million in 2021 (Census of India 1951, 

2011). The average density of the population of the city is as high as 4468 persons per sq. km 

as per the 2011 census. The city center, old city, business centres as well as the newly developed 

residential areas show highest population density. This is indicative of the growing 

compactness and complexities in the LULC pattern of the city with time (Bhattacharyya, 2001; 

Pawe and Saikia 2018; Nath et al. 2021). The highly heterogeneous functional characteristics 

of the city have led to the excessive population influx and rapid urban development.  

The average annual temperature of Guwahati city ranges from 24 - 30 °C and the annual rainfall 

received lies within 1600–2000 mm. The maximum amount of rainfall occurs during the 

monsoon months and it is lowest during the winter season following the general trend of the 

region (Bhattacharjee and Kar, 2022). The summer season coincides perfectly with that of 

monsoon when Ta is the highest with higher percentage of RH. The region used to receive 

lower magnitude rainfall for longer durations during the monsoon season, which has changed 

into high intensity shorter spells off late, leading to recurrent flood episodes within the city, 

also owing to its undulating topography and improper urban planning (Bhattacharjee and Kar, 

2022). There has been a remarkable rise in the UHI effect and urban flooding episodes in 

Guwahati (Borbora and Das 2014; Sarmah and Das 2018; Mohammed and Goswami 2022; 

Bhattacharjee and Kar 2022), both in terms of intensity and spatial extent, pressing the 

requirement of hydro-meteorological analysis of the region. 

 

1.6 Organization of the Thesis 

The thesis comprises total of 7 chapters, the first being Introduction, providing the context and 

background of the topic and the motivation for pursuing the study. It also includes the 

objectives and the geographical focus of the study. The second chapter includes a detailed 

review of relevant literature including a brief introduction to the WRF model and its underlying 

principles. Chapter 3 corresponds to the first objective and discusses the methods adopted to 
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achieve high-resolution urban parameterization by generating and identification of optimum 

model parameters to calibrate the WRF model according to the present surface as well as 

meteorological conditions and obtain improved microclimate parameters. The fourth chapter 

deals with the second objective, which highlights the performance of the coupled WRF-Local 

Climate Zone (WRF-LCZ) model to simulate diurnal as well as seasonal variations in the 

micro-scale climatic conditions for both cities. Chapter 5 consists of scenario-based analysis to 

further understand the impact of urbanization on the local meteorology of both cities. The sixth 

chapter is associated with the final objective to explore the potential of heat mitigation measure 

to transform the existing urban climate and also to prepare a micro-climate index to ultimately 

analyse the overall micro-meteorological health of the cities. Finally, the seventh chapter 

provides the concluding remarks, limitations and recommendations of the study. 
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Chapter 2 

 

 

Literature Review 

 

 
2.1 Introduction 

The chapter attempts to provide a systematic review of important studies related to urban 

climate research and discusses the variety of approaches, techniques and data that have been 

used over time to understand the associated processes. Due to the vast magnitude of available 

literature in this domain, this section was streamlined by recounting the most relevant studies 

significant towards understanding the evolution, concepts and approaches of the important 

urban climate indicators relevant to this particular investigation. A special emphasis was given 

to understand the capabilities of the meso-scale Weather Research and Forecasting (WRF) 

model to perceive the climatic structure of urban areas and recognize the micro-scale variations 

using high-resolution surface parameters across different climatic zones and urbanization 

levels.    

 

2.2 Important Urban Climate Indicators 

 
2.2.1 Urban Heat Island (UHI) Effect 

The inception of the phenomenon called urban climate was synonymous with the UHI effect, 

i.e., the thermal distinction of cities from their surroundings. The concept was established by 

very important studies during the 19th and 20th centuries inspired by the monumental works of 

Luke Howard in London in 1833 (Oke 1989; Arnfield 2003; Barlow 2014; Stewart 2019). 

Careful and consistent observations of air temperature for over a 20-year period at the city 

center and three sites outside the city led Howard to conclude that difference in air temperature 

between London and the surrounding countryside is directly proportional to urban density and 

development (Stewart, 2019). He also acknowledged the contributions of increased 

TH-3347_176104109



 

18 
 

anthropogenic activities, including the transport systems, industries as well as human and 

animal metabolism within compact urban spaces, towards the heating intensity. This was 

followed by similar studies over the next century based on long-term observations of 

temperature differences in different cities such as Paris (Renou 1868; Hann 1885), Mexico City 

(Moreno 1895; Jauregui, 1973), Berlin (Perlewitz 1890), Vienna (Topolansky 1924), Moscow 

(Bogolepow 1928), Bath (Balchin and Pye 1947), London (Chandler 1960, 1965); Vancouver 

(Oke 1976)  etc. which established the foundational concepts in urban climate research and 

ultimately the phenomenon called the UHI effect (Oke 1974; Stewart 2019). However, urban 

climate research gained momentum during the last quarter of the 20th century with the advent 

of sophisticated technology and communications (Oke 1976; Changnon et al. 1977; Landsberg 

1981a; Voogt and Oke 1997; Arnfield 2003; Grimmond 2005). This next phase of the urban 

climate research contributed towards revealing the complex physical mechanisms in 

developing these isolated small-scale climate systems engulfing the urban areas (Oke 1978, 

1981, Landsberg 1981a; Oke 1987, 1988a, 1988b; Immamura 1991; Voogt and Oke 1997). 

Thus, UHI studies, since its inception to the present, have been a convincing focus of climate 

research in built-up areas, as it displays diverse characteristics and is controlled by different 

facets of the energy exchange processes (Voogt and Oke; 1997; Kurbatskii; 2001; Arnfield, 

2003; Jin et al. 2007; Barlow, 2014; Ren et al. 2017; Mughal et al. 2020). 

Comparison of the mean annual temperature recorded by the weather stations in the urban and 

their non-urban surroundings, or between different cities, has been an important indicator for 

estimating the UHI intensities (Changnon et al. 1977; Gallo and Owen 1988; Ren et al. 2003; 

Gaffin et al. 2008). Comparison in historical and recent weather records have proved that UHI 

intensity varies spatially within the city, plummeting and escalating during different parts of 

the day with changes in the sun angle, with the core city recording a sharp increase of about 2 

to 6.5°C (Giridharan et al 2004; Gaffin et al, 2008; Giannopoulou et al 2010; Mohan and Bhati 

2011; Ferreira et al. 2013). Studies based on ground observations were conducted for cities like 

Mumbai (Kumar, et al. 2001), which estimated the difference in urban and rural temperature 

to be around 8.5°C on clear days; mean daytime and night time temperature to be 1.5 and 1.3°C 

for Hong Kong (Giridharan et al. 2004, 2005); maximum temperature difference between urban 

and rural to be 4.01°C for Singapore (Wong and Yu 2005); mean temperature difference of 

7°C in Colombo (Emmanuel and Johansson, 2006); and 2.6 – 5.5°C at São Paulo  (Ferreira et 

al. 2013).  Significant variations were also recorded in the seasonal UHI conditions both in the 

tropical and temperate regions, depending on the solar insolation and other anthropogenic 
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functions. It was observed the heating potential of the tropical cities increased extensively 

during summers due to the higher intensity of the incoming solar radiation in the already 

warmer climate, which is further deteriorated by the compact urban structures (Emmanuel and 

Johansson 2006; Roth et al. 2007; Mohan and Bhati 2011; Mohan et al. 2013; Giridharan and 

Emmanuel 2018). The temperate cities experiences higher UHI during winter as compared to 

summer due to the contribution of air conditioning systems used almost in all building in the 

extreme cold climate, according to studies conducted in various cities in the mid-latitudinal 

region like Vancouver (Roth et al. 1989); Melbourne (Morris and Simmonds 2000); Seoul 

(Kim and Baik 2002); Atlanta (Dixon and Mote 2003); New York (Gaffin et al. 2008); 

(Toulouse (Hidalgo et al. 2008); Volos (Papanastasiou and Kittas 2012); Chicago (Coseo and 

Larsen 2014) etc. 

The UHI effect was further categorised into the Surface Urban Heat Island (SUHI) and 

Atmospheric Urban Heat Island (AUHI) by studies estimating the temperature difference in Ts 

and Ta of the cities with the surrounding atmosphere (Hidalgo et al. 2008; Mohan et al. 2013; 

Barlow 2014; Mohammad et al. 2019; Tetali et al. 2022; Jain 2023). The trend of considering 

Ts as the proxy for Ta to estimate the UHI conditions increased, especially during the past few 

decades with the easy access to thermal remote sensing data products and lack of uniform 

means of in situ observation throughout the globe (Tetali et al. 2022; Jain 2023). Further, the 

concept of LCZ for assessing the UHI distribution in the city has been a convincing approach 

used by many researchers in the last few years by classifying the city landscape on the basis of 

urban features into heating zones of different intensities (Stewart and Oke 2012; Lao et al. 

2015; Ren et al. 2017; Xu et al. 2018a). Studies conducted for cities like Kiev and Liev in 

Ukrain, as multiple cities in China and North America, reported the importance of higher 

resolution or integration of multi-sensor remote sensing data for the improvement in 

classification accuracy, which ranges from 60 % to 80 % in case of the moderate resolution 

data (Stewart and Oke 2012; Lao et al. 2015; Xu et al 2017; Xu et al. 2018b).  

Similarly, an assessment of the UHI studies in Indian context revealed that like any other part 

of the world it began with ground observations from surface observatories as well as the mobile 

observations, either comparing the difference in Ta between the city with its surroundings or 

between several locations within the same city (Sundersingh et al. 1991; Deosthali et al. 1999; 

Devadas et al. 2009). However, the fate of AUHI studies suffered greatly due to the lack of 

systematically maintained network of surface observatories and also due to the lack of adequate 

resources which could authorize independent research bodies to undertake such mobile 
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observation missions more frequently (More et al. 2014: Kotharkar et al. 2018). This prompted 

the use of Ts as an important proxy in many of the initial UHI studies in India, as access to the 

these datasets were easier, flexible as well as cheaper compared to Ta and gained significance 

(Chand et al. 2005; Ramachandran et al. 2010; Bajaj et al. 2012; Mohan et al. 2012; Borthakur 

et al. 2013; Agarwal et al. 2014). Thus, it was observed that the SUHI studies could be located 

from all over the country since its inception (Veena et al. 2020) and is widely used even during 

the recent times (Gogoi et al. 2019; Mohammad et al. 2019; Jain et al. 2023).  

The intrinsic relationships between the different climatic variables led to the inclusion of other 

climatic parameters such as wind systems, moisture availability, rainfall pattern, air quality etc 

(Fujibe and Asai 1980; Arnfield, 2003; Dixon and Mote 2003; Grimmond 2005; Barlow 2014) 

into this domain. Many of the UHI studies attempted to understand the wind velocity and 

moisture concentration in different parts of the urban areas along with the temperature 

distribution, which further explained the UHI variations. It was observed that the decrease in 

wind velocity with the increase in surface roughness had a definite impact on the temperature 

accumulation, further enhancing the UHI impact (Voogt and Oke 1997; Roth et al. 2007; 

Hidalgo et al. 2008; Bhati and Mohan 2016). Similarly, an increase in moisture concentration 

in the atmosphere had an additional implication on the feel-temperature and discomfort due to 

the UHI effect (Patel et al. 2020; Banerjee et al. 2022). Thus, the scope of UHI studies further 

expanded to include the dimension of thermal discomfort associated with the acute increase in 

the city’s temperature, which has serious implications on the health and well-being of the city 

dwellers (Höppe 1997; Matzarakis et al. 2011; Ketterer and Matzarakis 2014; Banerjee et al. 

2020). The specialized branch of biometeorology thus evolved, which studied the impact of 

urban heat accumulation on the indoor as well as outdoor ambient temperature using various 

indices such as Physiologically Equivalent Temperature (PET), Universal Thermal Climate 

Index (UTCI), Discomfort Index (DI) etc. (Höppe 1997; Matzarakis et al. 2011; Ketterer and 

Matzarakis 2014; Yin et al. 2023) These studies provided a deeper understanding of the UHI 

phenomenon and the need for its accurate evaluation and analysis. 

2.2.2 Urban Precipitation Anomalies 

The capability of urban surfaces to alter precipitation dynamics began to be explored more 

carefully in the latter half of the 20th century with the development of refined instruments and 

other techniques. Changnon (1968) was one of the first researchers to document an interesting 

anomalous behaviour of the convective precipitation a little downwind of Chicago at a place 
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called La Porte. This observation, also known as the La Porte anomaly, later motivated many 

such studies of precipitation anomalies over or downwind of large urban agglomerations 

around the globe (Shephard 2005; Han et al. 2014). The Metropolitan Meteorological 

Experiment (METROMEX) was one of the pioneering studies that was carried out in the 

United States during the 1970s to investigate the modification of mesoscale and convective 

rainfall by major cities (Changnon et al. 1977; Huff 1986). The results from METROMEX 

experiments revealed that urban developments led to increased precipitation during summer 

months, typically observed within and also 50–75 km downwind of a city, estimating an 

increase of 5–25% above normal (Changnon, et al. 1977). Huff and Changnon (1972), 

recognized an increase in the urban precipitation during the late afternoon and early evening 

periods by analysing the diurnal rainfall characteristics of the St Louis metropolitan area using 

data from the METROMEX network of 225 recording rain gauges. It was further analyzed that 

the rainfall peaks were due to increased rainfall magnitude rather than the initiation of new 

rainstorms. Analysis of the METROMEX data by various experts over and 15 – 40 km 

downwind of St. Louis revealed about 10 % increase in cloudiness, about 30 % increase in total 

rainfall, and absolute increase in extreme storm events (Changnon et al. 1977; Ackerman et al. 

1977; Huff and Changnon, 1972). The METROMEX experiment was also one of the first 

studies to indicate a positive relationship between UHI and rainfall increase as a result of 

enhanced convergence within the PBL and increased surface roughness (Ackerman et al. 

1977). 

Several other important works that concretized the foundation of this domain were reported 

from cities like New York (Bornstein and LeRoy 1990); Bucharest (Tumanov et al. 1999); 

Atlanta (Bornstein and Lin 2000) Houston (Orville et al. 2001) etc., relating the impacts of 

urban development on the structure and movement of cloud systems and moving 

thunderstorms. With the advancement in technology, the capability of the mathematical models 

to relate the different climate variables within the UBL from regional to micro-scale enables 

researchers to improve the understanding of urban precipitation dynamics, which was difficult 

to achieve using only observational datasets (Han et al. 2014). Therefore, this domain of urban 

climate research particularly gained momentum in the past couple of decades and more 

analyses exploring the changes in distribution pattern, frequency and intensity of rainfall from 

cities all around the globe were undertaken (Shephard 2005; Han et at. 2014). The most 

important causes of precipitation anomalies in the urban areas as identified by different 

researchers could be directly related to i) changes in urban morphology and surface roughness 
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(Ackerman et al., 1977; Bornstein and Lin 2000; Thielen et al., 2000; Burian and Shephard 

2005; Shastri et al. 2015; Liu and Niyogi 2019), ii) UHI effect (Huff and Changnon 1972; 

Ackerman et al. 1977; Shephard et al. 2002; Shephard and Burian 2003; Shephard 2005; Han 

and Baik 2008; Lin et al. 2011; Ganeshan et al. 2013; Zhong and Yang 2015), and iii) increased 

concentration of hygroscopic nuclei in the urban atmosphere due to anthropogenic activities 

(Huff 1986; Rosenfield 2000; Ramanathan, et al. 2001; Dixon and Mote, 2003; Molders and 

Olson 2004; Shephard, 2005; Heever and Cotton 2006). The intensity of rainfall was reported 

to have increased in a range of 12 – 30 % in these studies, which impacted the other aspects of 

the urban environment. Thus, UHI influence on precipitation and the importance of air 

pollutant concentration in its enhancement has been the basis of many recent studies, which 

established the relationship between urban expansion and in situ or downwind rainfall 

enhancement (Heever and Cotton 2006; Ganeshan et al. 2013).  

The relationship between the urbanization and precipitation has been explored for the Indian 

cities, but the frequency of such studies is much less compared to the UHI studies. Similar to 

that of the temperature the impact of urbanization on rainfall in the beginning was dependent 

on ground observations mainly acquired from the Indian Meteorological Department (IMD) 

and a comparison between the magnitude and intensity of urban and rural rain episodes were 

drawn (Kishtawal et al. 2010; Mishra et al. 2012; Rana et al. 2012; Dash et al. 2013). However, 

the availability of gridded data products from Tropical Rainfall Measuring Mission (TRMM), 

IMD, Asian Precipitation-Highly Resolved Observational DataIntegration Towards Evaluation 

of the Water Resources (APHRODITE), have increased the frequency of studies emphasizing 

on urban precipitation due to the advantage of constant monitoring (Kishtawal et al. 2010; 

Vittal et al. 2013; Shastri et al. 2015). In the recent period, many studies have indicated the 

relationship between urbanization and extreme rainfall episodes, the trend of which has been 

increasing (Patel et al. 2020; Nadimpalli et al. 2022). Some studies have also corelated 

urbanization with the modifications in the summer monsoons for some Indian cities (Shastri et 

al. 2015; Bisht et al. 2017; Patel et al. 2020). However, such studies are relatively fewer and 

due to the complexity of the processes more such studies are required to concretize the 

concepts. 

2.3 Approaches and Methods of Urban Climate Analysis 

Urban Meteorology is a complex subject which can only be explained by methodical 

observations, experiments and mathematical simulations.  Thus, on the basis of the approaches 
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adopted for analysis, urban climate studies can be broadly classified into two categories: 

Observational or experimental, which include physical measurement of the change in climate 

parameters over cities; and Modelling or numerical simulation of these anomalies, depending 

on the interactions between different parameters as well as with the surrounding environment  

(Imamura 1991; Grimmond 2005; Mirzaei and Haghighat 2010; Barlow 2014; Toparlar et al, 

2015). The observational studies have the advantage of measuring the actual process in real-

time as opposed to computational studies, which simulate the weather dynamics depending on 

some key inputs assuming near-real conditions, as the urban microphysical environment is very 

complex to replicate (Imamura 1991; Rasheed 2009; Toparlar et al. 2015). Observational 

studies are prominently featured during the early phases of urban climate analysis, while the 

mathematical modelling of the climate parameters has been gaining importance in the last few 

decades, although after being accepted and validated by ground-based observations. 

2.3.1 Observational & Experimental Studies 

 

2.3.1.1 Instrument-Based Observations and Experiments 

In the latter half of the 20th century, more emphasis was laid upon understanding the causes 

and consequences of the UHI phenomenon observed for over a century inspired mega-scale 

experiments conducted by different research groups. A thermal anomaly over the urban and 

peripheral surfaces observed using time series measurements was one of the most viable and 

valued experimental approaches during that period in urban climate research (Bornstein 1968; 

Ackerman et al, 1977; Changnon et al. 1977; Ren et al. 2003; Stewart 2011). The concepts of 

atmospheric stratification above the urban spaces primarily induced by the thermal fluxes and 

other factors such as wind flow and atmospheric composition were established based on the 

UBL observations and experimental studies that began as early as 1960s in the mid-latitude 

region (Oke1978; Landsberg 1981; Oke 1995; Becker and Li 1995; Baik et al. 2007; Barlow 

2014). It was noticed that near-surface energy exchange process becomes more complicated 

due to the presence of different urban features, including buildings, paved areas, streets, open 

areas, lawns, etc., intermitted by trees and plants of various types, with contrasting thermal, 

radiative and moisture retention properties (Oke 1988a; Becker and, Li 1995; Grimmond et al. 

1996; Voogt and Oke 2003). This led to the temperature differences generating an important 

boundary condition within the PBL, which has been measured ever since the evolution of high 

precision instruments which have refined over time (Prata et al. 1995; Pielke et al. 2005). Thus, 

the key surface parameters like urban surface geometry, heat capacity, thermal conductivity, 
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roughness parameters, emissivity, albedo, wind velocity and moisture content, etc. began to be 

monitored parallelly to estimate temperature concentration in the cities using different 

techniques (Grimmond, 2007; Bechtel et al., 2012; Coseo and Larsen 2014).  

Air temperature and emissivity from the urban features began to be recorded using sensors and 

radiometers placed in air balloons or helicopters flown periodically over the urban sphere of 

influence to determine the minor transition in energy fluxes (Changnon et al. 1977; Voogt and 

Oke 1997).  Similarly, the BUBBLE field campaign was one of the most successful missions 

conducted to investigate the detailed boundary layer structure of the city of Basel, resulting in 

the identification of new parameterizations for canopy turbulence (Rotach et al. 2005). These 

studies. in spite of being rare, have achieved remarkable results and concretized the concept of 

micro-climatic variation with the intensification of urbanization. Studies were also reported 

from various cities where measurements from towers indicated high turbulence in eddy fluxes 

close to the urban roughness layer interface, as compared to smoother surfaces corresponding 

to rural terrain (Roth et. al, 1989; Schmid et al. 1991). This evolved the distinct idea of the 

impact of the heterogeneous urban land use and geometry on the immediate ambient 

temperature and its change according to the intensity and angle of the sun in clear sky 

conditions (Imamura 1991; Voogt and Oke, 1997; Kjelgren and Montague 1998; Grimmond 

2005). However, the majority of such studies are conducted only as experiments because of 

being highly cost-sensitive and are limited to massive experimental projects, even for 

developed countries. Therefore, the trend of these studies persisted mainly for a few developed 

world cities having access to the experimental datasets (Ackerman et al, 1977; Changnon et al. 

1977; Shephard 2005). 

Most of the temporal variability in the UHI studies traditionally used observed data from pairs 

or groups of urban and rural or suburban weather stations (having long temporal records) or 

using instruments for in situ measurements of Ts as well as Ta (Bornstein 1968; Lowry 1977; 

Arnfield 2003; Stewart 2011). The installation of a dense network of weather stations 

throughout the city and its vicinity has proved to be a remarkable initiative in understanding 

the micro-level spatial variation in climate induced by the micro-scale local systems depending 

on the geometry of different urban canopies even within the same city (Voogt and Oke, 1997; 

Mirzaei and Haghighat 2010; Stewart 2011, Mohan et al. 2013; Kotharkar and Bagade. 2018). 

The significance of ground-observed meteorological products over the mathematical 

representation of the energy fluxes was recognized even by relatively recent studies from across 

the globe with the development of cheaper and better-quality instruments over time, which are 
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also easier to handle. Hardin et al. (2018) conducted a study for four different cities in the US 

incorporating data from the Observational Surface Research network, ‘UrbaNet’ operated by 

NOAA and Earth Networks for 17 different cities in the U.S. at present. Similarly, a study led 

by Mohan et al. (2013) installed a network of micrometeorological observational stations at 28 

different locations according to the different landuse classes across Delhi during March 2008 

for continuous measurement of temperature and relative humidity at 1-minute intervals for a 

period of 5 days. This thorough investigation concluded that horizontal stratification of Delhi 

UHI could broadly be categorized into three ranges: high UHI (8.6–10.7 °C) observed mainly 

within dense and commercial built-up areas; medium UHI (7.3–7.7 °C) mostly around low 

dense built-up areas and the riverside; and low UHI (3.1–6.9 °C) comprising of open and green 

areas.  Similar studies that gathered data from different such already available weather 

monitoring networks or specifically calibrated instruments to monitor some important 

parameters were observed for many cities around the world like Toulouse (Hidalgo et al. 2008); 

São Paulo (Ferreira et al. 2013), Hongkong (Siu et al. 2013); Twin Cities metropolitan area of 

Minneapolis–St. Paul, Minnesota (Smoliak et al. 2015); Birmingham (Bassett et al. 2016); 

Nagpur (Kotharkar and Bagade 2018); Taiwan (Chen et al. 2018); Xi’an (Zhang et al. 2021). 

Due to the unavailability of such a dense network of instruments in the developing cities by the 

nodal meteorological agencies, most studies reported measurements from self-deployed 

instruments for a relatively small number of parameters. Such studies could reveal a better 

picture of urban–atmosphere interaction is fairly less and for a shorter duration in the tropical 

and developing zone compared to the developed regions.  

2.3.1.2 Remote Sensing Based Observations and Experiments 

To overcome this limitation, some sophisticated instruments, such as thermal sensors and data 

loggers which could be temporarily installed, began to substitute weather station data, 

especially for experiments involving relatively shorter study periods. Real-time and continuous 

measurements of weather parameters have also been attempted by mounting such portable 

instruments in cars travelling across a conurbation with Global Positioning System (GPS) 

loggers and temperature sensors on public buses for better spatial coverage. An innovative 

study conducted in Geneva called ‘Climate urban walk’ included the development of a portable 

monitoring system embedded in a backpack and carried during the walk to measure the real-

time ambient temperature and humidity, directional radiation temperature, vertical temperature 

profiles at pedestrian level, thermal turbulence, wind speed (WS), direction and turbulence, 

noise level, air quality parameters such as CO2, NOx, ozone, micro particles, along with 
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hemispherical images of the sky and ground (Gallinelli et al. 2017). Further diurnal as well as 

seasonal PET was calculated using these parameters to understand the actual feel of heat stress 

at the pedestrian level. Yokoyama et al. (2018) installed thermometers and GPS loggers in 

bicycles to measure Ta conditions across Tokyo, considering different spatial resolution grids 

(10 – 100 m). The study concluded that higher resolution grids (10 m) could capture UHI 

hotspots for densely built cities, whereas coarser resolution grids (100 m) could only identify 

the UHI differences roughly. Such surface-level observations also helped in estimating 

temperature emitted from building facades and roads and were influenced by the presence of 

trees, open areas and traffic (Voogt and Oke, 1997; Kjelgren ang Montague 1998; Arnfield 

2003; Coseo and Larsen 2014).  

Such intense experiments helped the researchers to understand and establish the scientific 

rationale and mechanism of the effect of urban surface properties on the climate, impacting not 

only the thermal distinction but also the convective circulation regulated by the associated 

characteristic atmosphere. The METROMEX is one of the best examples of such extensive 

studies to investigate the modification of mesoscale and convective rainfall by major cities in 

the United States (Changnon et al. 1977; Huff 1986). Huff and Changnon (1972) analysed the 

diurnal rainfall characteristics in the St Louis metropolitan area using data from the 

METROMEX network of 225 recording rain gauges. Measurements from rain gauges have 

been the most reliable means for quantitative assessment of rainfall but have the disadvantage 

of limited spatial coverage due to point-scale measurement (Cecil et al. 2005; Petersen et al. 

2005). This limitation was updated using weather radars with better spatio-temporal coverage 

(Bringi and Chandrasekar 2001) which were also instrumental for extensive research in 

forecasting studies (Bringi and Chandrasekar 2001; Shephard 2005; Cifelli et al. 2018). The 

precipitation studies have been recognized to cover either multiple cities, undertaking a 

regional approach (Changnon et al. 1977; Shephard 2005; Ganeshan et al. 2013; Zhong and 

Yang 2015); or a single city with very high-resolution datasets and detailed analysis (Burian 

and Shephard 2005; Lei et al. 2008; Niyogi et al. 2011; Cifeli et al. 2018).  

Continuous and long-term measurements of meteorological parameters became a reality with 

the advancement of technology, giving rise to the thermal and infrared revolution of remote 

sensing techniques for obtaining land surface temperatures (LST) (Prata et al. 1995; Voogt and 

Oke, 1997, 2003), and spaceborne radar sensors for measuring precipitation magnitudes 

(Shephard et al. 2002; Cecil et al. 2005; Petersen et al. 2005). Meteorological products derived 

from satellite, airborne and terrestrial sensors have greatly expanded the horizon of climate 
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analysis and were continuously exploited and advanced with respect to the foray of climate 

research (Arnfield 2003; Shephard 2005). Radiative thermometry using thermal infrared 

sensors placed at the high and medium altitude platforms has improved estimation of urban 

surface temperature significantly (Voogt and Oke, 1997). Remote Sensing data products 

accompanied by geospatial analysis have come up as exceptional tools for urban climate 

studies, as the land surface parameters could be constantly monitored and related with the 

climate dynamics, non-feasible in case of ground-based measurements (Arnfield 2003; 

Grimmond 2005; Bechtel et al., 2012; Chrysoulakis et al. 2018). However, these instruments 

do not always measure the parameters directly and require some mathematical assumptions 

and transformations to estimate the surface meteorology. However, due to their easy access 

and application for large-scale spatio-temporal analysis with computations, they have been 

categorised as observational techniques in the current study. 

The thermal Infrared (TIR) remote sensing approach for land surface temperature (LST) 

estimation, widely applied in UHI studies (Voogt and Oke 2003; Weng 2009), could be 

considered as an observational technique, although it does not directly measure the surface 

temperature. The radiant temperature received by the sensors is used to compute the LST after 

correcting for spectral emissivity corresponding to different land covers (Prata et al. 1995; 

Voogt and Oke 2003; Tran, et al. 2006). The application of remote sensing data products to 

estimate LST started from the important cities lying in developed countries like Dallas (Gallo 

and Owen, 1988), and has been widely applied to many cities throughout the tropical and sub-

tropical region, which on validation with available ground observations provided agreeable 

results. Different algorithms sophisticated numerical and physical models have been developed 

in due course, such as Mono and Split Window algorithms (Wan 1999; Tang et al. 2008; Qin 

et al. 2001), energy balance and radiative transfer models (Barsi et al. 2005), Gaussian models 

(Streutker,2003) etc., for better estimation of LST. This at-sensor radiant temperature was 

utilized to calculate the LST in many studies either for an individual city like Vancouver (Roth 

et al. 1989); Seattle (Roth et al. 1989); Paris (Dousset and Gourmelon 2003); Los Angeles 

(Dousset and Gourmelon 2003); Beijing (Hung and Yoshifumi 2005); Tokyo (Hung and 

Yoshifumi 2005); Seoul (Hung and Yoshifumi 2005); Tehran (Bokaie et al. 2016) etc.; or as 

an integral part of several field campaigns including a number of cities in extensive urban 

climate experiments like BUBBLE (Rotach et al. 2005) and ESCOMPOTE (Mestayer et al. 

2005) etc.  
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These techniques began to be extensively used in UHI studies since the 1990s with the 

availability of multi senor and temporal data and find their relevance till the present day, 

especially in developing regions (Beker and Li 1995; Dousset and Gourmelon 2003; Bechtel 

et al. 2012; Grover and Singh 2015; Mohammad et al. 2019; Sultana and Satyanarayana 2019; 

Tetali et al. 2022) due to lack of measurement opportunities. Tran et al. (2006) have analysed 

the UHI effects for 8 major cities (5 from temperate and 3 from tropical regions) of East Asia, 

using the LST computed from MODIS TERRA/AQUA and LANDSAT thermal datasets. 

Various thermal infrared sensors, such as NOAA-AVHRR, LANDSAT, MODIS etc., were 

used to estimate LST and analyse the UHI pattern of cities according to the scale of analysis 

and concluded that LST is directly proportional to the compactness and intensity of urban 

development (Mohammad et al. 2019; Tetali et al. 2022; Jain et al. 2023). Due to their 

consistent availability for a longer time-period, many studies have used these datasets for time-

series analysis to establish a relationship between rapid land use transformation driven by 

urbanization and LST using statistical analysis techniques at regional to micro scale (Weng et 

al. 2004; Mirzari and Haghighat 2010; Gogoi et al. 2019; Mohammad et al. 2019; Tetali et al. 

2022), and have also forecasted the future scenario (Faisal et al. 2021).  

Satellites based precipitation measurements with a global coverage along with high temporal 

resolution have also revolutionized the downside of observations using rain gauges and weather 

radars with limited coverage, higher cost and non-existence over oceans (Joyce et al. 2004; 

Chen et. al, 2016). It was observed that the use of satellite-based meteorological information 

and urban characteristics reflected better feedback of the urban signatures relative to ground-

based stations with limited observational capacity. TRMM launched in 1977 was the first 

satellite mission (joint project between NASA and JAXA) dedicated to high resolution 

quantification of precipitation using both active and passive microwave instruments and the 

processing at a low inclination orbit of 35° (Kummerow et al. 1998). Due to its high spatial 

and temporal resolution, it was widely accepted to monitor precipitation anomalies in the cities 

and their vicinity (Shepherd et al. 2002; Shepherd and Burian 2003; Shepherd 2005; Swain et 

al. 2023). Other important satellite observed passive microwave in combination with infrared 

data for estimation of global precipitation is the Climate Prediction Center morphing method 

(CMORPH), which also significantly contributed to urban rainfall studies (Joyce et al. 2004). 

The advantage of high-resolution quantitative precipitation estimation techniques was further 

solidified using an X-band dual-polarization radar system deployed in Santa Clara, California 

from February through May 2016 as a collaboration between various institutes (NOAA - 
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Colorado State University - Santa Clara Valley Water District) which provided 90-second 

updates with 250 m spatial resolution enabling the capture of low-level rainfall as well as high-

end rain rate, and operated much better compared to the rain gauge network of the Santa Clara 

city (Cifelli et al. 2018).   

However, according to an urban climate review by Roth (1989), many studies have reported 

significant differences between the time, duration and intensity of maximum temperature 

generated through satellite images from that of the surface measurements, although some have 

also claimed spatial similarities. The difference is suggested to be a resultant of the ‘bird eye’ 

view of the sensors placed at the higher altitude of the urban surface, which on one hand 

oversamples the building roofs, treetops, open spaces and roads, but on the other fails to 

identify the vertical surfaces and shaded areas (Roth 1989). In situ observation in any form is 

absolutely essential in validating the satellite observations (Chen et al. 2016) as a result of 

being the closest representation of reality; and, therefore, will always hold significance in any 

climate analysis. However, it was also apprehended that LST derived from satellite-based 

sensors can be an over or underestimation of reality since it is an average radiant temperature 

of the surface visible to the sensor across the area of a pixel (Roth, et al. 2007). 

2.3.2 Numerical Modelling Studies 

2.3.2.1 Energy Balance Models 

The thermal energy fluxes of a city modified by its complex morphology leading to temperature 

differences with the surroundings, as seen in the previous section, began to be modelled by 

climate experts for cities lying in the temperate region using simple linear models since the 

early 1970s (Grimmond 2005; Barlow 2014). The numerical approach with careful validation 

of the results, in meteorological studies has the ability to perform comparative analysis 

considering different scenarios, and can possibly obtain results for any particular variable 

introduced in the computational domain (Hidalgo et al. 2008; Barlow 2014; Toparlar et al. 

2015). Models can be simulated for comparing the climatic disruption of the city from the 

surrounding non-urban or even for the minute understanding of the local climatic conditions 

within intra-urban spaces, in case of unavailability of actual measurements. The insufficiency 

of a dense network of ground-based stations for cities across the world and the inadequacy of 

remote sensing based products to monitor the different micro-scale processes at horizontal as 

well as vertical levels have shifted the attention of researchers towards the application of 

mathematical models in urban climate studies (Masson 2000; Kusaka 2001; Arnfield 2003; 
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Salamanca et al. 2012; Barlow 2014). Micro-climate modeling can also serve as an equivalent 

alternative to the implementation of cost-sensitive weather instruments (Bhati and Mohan 

2018), which can provide high-quality observed data if only maintained uninterruptedly for a 

considerable period. With the passage of time and the increasing gravity of the problem, 

various types of non-linear two- and three-dimensional surface energy balance models began 

to be applied for examining the interaction of urban and climate modified according to the 

prevailing meteorological conditions of a particular city (Taha 1988; Shephard 2005; Mirazaei 

and Haghighat 2010; Barlow 2014). Different meso to micro to building scale models have 

been simulated for local to city level structure, under clear and calm as well as unstable 

atmospheric conditions to estimate the strength of urban properties in modifying the overlying 

climatic variables (Masson 2000; Kusaka 2001; Hien et al. 2012; Salamanca et al. 2012; 

Barlow 2014).   

The atmospheric models are coupled with land surface models to incorporate the transfer of 

energy, mass and momentum; from the terrestrial surface to the atmosphere in the Global 

Climate Models (Mason 2000; Joyce et al. 2004; Kusaka and Kimura 2004a; Jin et al. 2007), 

producing high temporal but coarser spatial resolution results. However, modelling the urban 

climate accurately requires very high quality and high-resolution parameterization of the key 

factors to recreate the energy interaction between the urban and atmosphere and quantify their 

impact on the entire system (Grimmond 2005; Jin et al. 2007; Stewart 2011). The model input 

parameters could be derived from observational data for smaller areas of interest, whereas 

medium to large-scale areas are dependent on different types of output from remote sensing 

and global models (Hidalgo et al. 2008; Stewart 2011; Liao et al. 2014; Shen et al. 2016). Some 

studies have also been dedicated to performance evaluation of the climate models of various 

scales, which have rendered a clear picture of their sensitivity in assessing the different climate 

variables in comparison to the ground-based observation instruments (Liu et al. 2005; Hamdi 

and Schayes 2008; Song et al. 2014; Bhandari et al. 2017).  

2.3.2.2 Meso-scale Models 

The modelling approach also differs according to the data availability as well as the scale and 

targeted aspect of the entire process. Scale or boundary condition of the model is defining 

criteria in UHI analysis, with studies ranging from estimation of urban skin temperature to 

different urban canopy layers further reducing the building level energy exchange process 

(Stewart 2011; Barlow 2014). It has been clear from the studies that the larger the scale of the 

TH-3347_176104109



 

31 
 

model, the higher the complexity and demand for detail, which endorses extensive and precise 

information requirements (Kusaka and Kimura 2004b; Salamanca et al. 2018). The meso-scale 

models are efficient in investigating the large-scale UHI variation of a city using the principles 

of energy balance and fluid dynamics integrating with radiation, land surface, cloud cover, soil 

and vegetation etc. models to complete the process (Grimmond et al. 1996; Hamdi and Schayes 

2008; Roth et at. 2007; Salamanca et al. 2018). Dynamic Downscaling and Empirical Statistical 

Downscaling, which enables the climate models to simulate small-scale processes using GCM 

(Global Circulation Model) and RCM (Regional Circulation Models) outputs have been the 

major forces in the urban micro-climate modelling. But the highly heterogeneous nature of the 

urban surface is over simplified in the meso-scale grid, which ultimately underestimates the 

results. Therefore, dynamic downscaling gained more prominence in this field for being less 

dependent on time-series data as essential in the case of statistical downscaling, and allowing 

the incorporation of land surface processes in the model simulation (Lim et al. 2007; Hamdi et 

al. 2014; Corny et al. 2015) 

The Mesoscale Model (MM5) developed by Pennsylvania State University and National 

Center for Atmospheric Research (NCAR) have been extensively explored to capture the 

thermal fluxes of the spaces at moderate resolution through time (Grell et al. 1994; Dupont et 

al. 2004; Otte et al. 2004; Liu et al. 2005). One of the greatest advantages of such models is 

their capability to study, analyse and estimate a large number of climate parameters at once 

and also understand their interrelationships, which could influence the overall process (Grell 

et al. 1994; Barlow 2014), reducing the dependence on individual methods to estimate the 

different parameters. Thus, these kinds of global or regional scale climate models, which 

generally underestimated the urban influence providing coarser resolution results, began to be 

improvised by urban climate researchers ingesting different land surface models (LSMs) for 

better urban representation since the 1990s (Hidalgo et al. 2008; Barlow 2014; Bhati and 

Mohan 2018). Urban Canopy Models (UCM) were developed for precise representation of 

heterogeneous land surface at the subgrid scales, to improve their performance for cities (Taha 

1999; Lemonsu and Masson 2002; Martilli et al. 2002; Kusaka and Kimura 2004a 2004b; Chen 

et al. 2011). Thus, dynamic downscaling of the meso-scale climate models to obtain higher 

resolution modelled products was achieved by improving the resolution of the land surface as 

well as meteorological variables to be integrated with them (Kusaka and Kimura 2004a 2004b; 

Otte et al. 2004).  Thus, studies for different cities have considered various physical parameters 

such as the urban surface geometry, roughness length, anthropogenic heat flux, storage heat 
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flux etc. to parameterize the mechanisms of urban surface and integrate them into climate 

models (Jin et al. 2007; Bhati and Mohan 2018). Urban canopy parameterization in a meso-

scale climate model for realistic representation of the urban contrast with the surrounding 

environment have proved to be an excellent approach for many cities like Pennsylvania studied 

by Otte, et al. (2004), Washington analysed by Zhang et al (2011), Madrid by Salamanca et al. 

(2012), Taiwan by Lin et al. (2015) etc. However, it is to be noted that not all the urban or 

meteorological parameters are equally emphasized in each case, which could be regarded as a 

key cause for variation in the results even in the case of a similar urban setup. 

The WRF model was then developed as an update to MM5 with several advantages like high-

resolution time patterns, and annual averages (Gsella et al., 2014). The WRF model has become 

a highly popular choice both in online and offline modes, which could be coupled with various 

land surface and urban canopy models to incorporate the surface criteria, enabled with 

appropriate physical parameterization for boundary layer conditions, radiation fluxes, cloud 

cover, etc. according to the prevailing meteorological conditions of the city (Kusaka and 

Kimura 2004b; Salamanca et al. 2011). Urban land use classes incorporated in the Noah-LSM, 

consider the effect of the urban landscape on roughness length to represent the turbulence 

generated by rough elements and drag created by buildings, soil thermal conductivity, green 

vegetation fraction etc. (Chen, et al. 2004; Kusaka and Kimura 2004; Salamanca et al. 2012). 

Finer the resolution of urban parameterizations better is the estimate of the mean thermal and 

dynamic effects of the cities on the atmosphere. (Salamanca and Martilli, 2011; Corny et al. 

2015; Lao et al. 2015; Bhati and Mohan, 2018;). Thus, the transformation of the meso-scale 

WRF model to a high-resolution model simulating micro-scale weather patterns integrating 

finer scale representation of the city geometry is an effective but complicated process.  

Coupling WRF with UCMs improved the description of lower boundary conditions and 

provided more accurate forecasts for urban regions. (Chen et al. 2004). These high-resolution 

urban parameterization models vary in sophistication from simple bulk urban 

parameterizations (Taha 1999) to single- and multilayer UCMs, such as SLUCM (Kusaka and 

Kimura 2004a) the Town Energy Balance (Masson 2000) and Building Energy 

Parameterization (BEP) (Martilli et al. 2002) schemes. Such multi-model coupling had proved 

to be pertinent in understanding the UHI of multi-core metropolitan areas, which could deliver 

a range of scales within the same city unfolding macro to micro level interaction (i.e., urban 

canopies to individual urban entities) with the local climate (Salamanca et al. 2011: Corny et 

al., 2015; Bhandari et al. 2017; Sharma et al. 2017; Xu et al. 2018b). It was observed that 
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incorporations of UCMs could successfully produce the climatic parameters such as Ta, Ts, 

wind circulations, heat and moisture fluxes, rainfall, humidity etc., at a much higher grid-scale 

of 500 – 1000 m for the entire city and its surroundings, providing a clearer picture of the 

energy exchange process and meteorological structure (Zhang et al. 2011; Salamanca et al. 

2012; Lin et al. 2015; Brousse et al. 2016; Nadimpalli et al. 2022). Thus, downscaling the GCM 

output (1 – 100 km) to finer scales (0.5 – 1 km) have been a breakthrough in examining micro 

climatic variation anywhere over the globe (Barlow 2014; Hamdi et al. 2014).  The capability 

of such coupled models to simulate a large number of weather parameters for the past, in real 

time and also the future, for the entire city at once according to the corresponding surface 

configuration makes it a very popular choice for developing cities which lack the resources for 

detailed atmospheric measurements and very high-resolution model simulations (Chang et al. 

2009; Bhati and Mohan 2016; Patel et al. 2020; Sultana and Satyanarayana 2023).  

2.3.2.3 Computational Fluid Dynamics (CFD) Models 

Besides downscaling the regional scale models to achieve finer scale meteorological products, 

some models were specially developed to simulate microscale conditions considering the 

specific urban morphological elements in much detail and at very high spatial resolution. 

Computational Fluid Dynamics (CFD) is one very prominent and widely used modelling 

approach applied in such micro-scale climate models. Energy fluxes between the individual 

urban elements and airflow patterns around and within buildings could be resolved using CFD 

technique, dealing with the governing equations of the flow (Ashie et al. 1999; Toparlar et al. 

2015). ENVI-met, is one such model developed by Michael Bruse in 1998 on the basis of CFD 

and thermodynamics, capable of three-dimensional simulation of airflow around and between 

buildings, exchange processes of heat and water vapor at urban surfaces, turbulence, exchanges 

of energy and mass between vegetation and its surroundings, particle dispersion, and simple 

chemical reactions, all at a spatial resolution of 0.5–5m and temporal resolution of 1–10s (Hien 

et al. 2012; Salata et al. 2016; Bhandari et al. 2017; Liu et al. 2021; Elraouf et al. 2022). The 

most important and unique feature of ENVI-met is the detailed representation of the vegetation 

and its significance in regulating the heat, wind flow patterns and evapotranspiration, which is 

important to estimate the pedestrian level outdoor heat sensation and also the comparison of 

multiple scenarios simulations which is otherwise impossible in real-world (Morakinyo et al. 

2017; Liu et al 2021). 
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The nested modelling of meso and micro-scale models has further improved the simulations, 

as the results derived for canopy level through the meso-scale models could be utilized for 

building level in the micro-scale models. To overcome the inadequacy of data; the meso to 

micro to building scale models are coupled, so that the micro-scale response could be integrated 

to model the meso-scale variability or vice versa (Mason 2000; Baik et al. 2007). Coupling of 

the meso-scale WRF model with the micro-scale ENVI-met in the case of Chicago (Corny et 

al. 2015), Oak Ridge (Bhandari et al. 2017) has produced better results compared to ENVI-met 

results based on observational measurements due to the incorporation of the land surface 

dynamics in the computation process. However, generating the extremely detailed inputs 

required in ENVI-met model in terms of individual buildings and their characteristics, the street 

canyons and structures, etc., is extremely challenging for an entire metropolis, restricting the 

applicability of the model to neighbourhood scale or specific areas within a city chosen to 

represent critical situations (Bhandari et al. 2017; Morakinyo et al. 2017; Liu et al. 2021).  

Another important model for detailed urban climate analysis is the Town Energy Balance 

Model (TEB), which is a small-scale model developed to simulate the energy and water 

exchange between an urban system and the overlying atmosphere at a local scale (Mason 2000; 

Lemonsu et al. 2003). Similar to ENVI-met, TEB also considers surface roughness and three-

dimensional geometry of the city and energy transfer associated with the urban fabric, radiative 

trappings in the urban canyons and shadows, urban greens, water interception and evaporation, 

turbulent fluxes etc. thus, incorporating details of the urban system (Mason, 2000; Lemonsu et 

al. 2003; 2012). However, it has a huge demand for input meteorological parameters and hence 

is coupled with the MesoNH atmospheric model to accurately simulate the urban micro climate 

(Mason, 2000). TEB designed to concentrate on the local scale processes of an urban system 

has been employed by various authors for canopy-level studies or for the entire city coupled 

with other land-surface models (Mason 2000; Lemonsu et al. 2003). Coupling TEB with the 

ISBA (Interactions with Soil, Biosphere and Atmosphere) scheme, Lemonsu et al. (2003) 

simulated the model for the Mediterranean city of Merseille in the offline mode characterized 

with a detailed urban surface database. The simulated temperature deviated from tower-based 

observation available for the street canyons in the initial simulations (without coupling), which 

increased around the road and wall compared to above-the -roof-level air temperature due to 

the mixing of air in the upper part of the canyon (Nakamura and Oke 1988; Kim and Baik 

2002). But when coupled with the ISBA scheme, sufficient and rapid ventilation of the heat 

released by the urban surfaces within the canyons was enabled, and the results improved 

TH-3347_176104109



 

35 
 

significantly with a maximum error of 2 – 3 K for all three surfaces (roof, road and wall). 

Various other studies to analyse the neighbourhood or city-scale analysis of urban surface 

influence on the micro-meteorology using TEB were conducted for the cities like Vancouver 

and Mexico City (Masson et al. 2002); Sde-Boqer in Israel (Lemonsu et al. 2012); Paris (Pigeon 

et al. 2014); Toulouse (Bernard et al. 2022) etc. 

2.4 WRF for Urban Climate Research 

 
2.4.1 Weather Research and Forecasting (WRF) Model 

WRF is a numerical weather prediction (NWP) model and a bundled atmosphere simulation 

system developed for both research and operational use, with a collaboration of multiple 

agencies like National Center for Atmospheric Research (NCAR), National Centers for 

Environmental Prediction (NCEP) under National Oceanic and Atmospheric Administration 

(NOAA), Earth System Research Laboratory, United States Air Force Weather Agency, United 

States Naval Research Laboratory, University of Oklahoma - Center for Analysis and 

Prediction of Storms, and the Federal Aviation Administration. It was built as a next generation 

meso-scale forecast model and data assimilation system with a vision to succeed the NCAR 

Mesoscale Model (MM5) and upgrade the understanding of meso-scale climatic processes and 

enable the transfer of research knowledge in this field to actual applications (Skamarock et al. 

2008; Salamanca et al. 2012; Bhati and Mohan 2016). It became a widely used model because 

of the flexibility and portability of its different components, which could be compiled, 

configured, and run in systems ranging from massive supercomputers to laptops according to 

the requirement of the user. It has a community-based structure, facilitating contributions from 

researchers and experts from across the domain to improve and update the model physics and 

operations (Skamarock et al. 2005; Salamanca et al. 2012).  The model contains two dynamic 

solver options, i.e., Advanced Research WRF (ARW) and Nonhydrostatic Mesoscale Model 

(NMM), besides various physics packages and other initialization programs to dynamically 

construct and resolve the atmospheric structure in relation to the surface conditions. The 

potential of WRF to  

The entire WRF system consists of different components, and the execution begins with the 

preprocessing unit known as the WRF Preprocessing System (WPS), responsible for 

integrating geographic and meteorological data according to the user-defined domains 

(Skamarock et al. 2005). The model provides the opportunity to create nested domains to 

systematically downscale the model and achieve a finer resolution model run. Nests could be 
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defined as a second domain covering a smaller portion within a parent domain configured by 

the boundaries set by it. The child domain could be executed at finer resolution engaging fewer 

resources compared to the parent domain, and can also accommodate more domains within it, 

further refining the horizontal and vertical scale of the model. The nesting could be either 1-

way i.e., transfer of information from coarse to fine grid or 2-way where the interaction is both 

ways, enabling the impact of regional climate on the local scale and the local mechanism fed 

back to the regional scale. Then the geographic information and its different parameters are 

ingested into the model architecture after being suitably designed for the required simulation 

followed by rearranging and interpolating the atmospheric fields derived from global or 

regional models corresponding to the configured domain. Finally, the pre-processed inputs are 

then horizontally and vertically interpolated and initial and boundary conditions are defined for 

the model simulation (Patel 2021; Skamarock et al. 2021).  

The governing equations that represent the state and evolution of the atmosphere in the 

Cartesian coordinate system are as follows: 

Conservation of Mass:                 
𝑑𝑉⃗⃗ 

𝑑𝑡
= −𝑎𝑉⃗ p − 𝑉⃗ 𝛷 + 𝐹 − 2Ω x 𝑉⃗                                  2.1 

Conservation of Momentum:       
𝜕𝑝

𝜕𝑡
= −𝑉⃗ . (ρ 𝑉⃗ )                                                              2.2 

State of Idea gases:                       𝑝𝑎 = 𝑅𝑇                                                                       2.3 

Conservation of Energy:               𝑄 = 𝐶𝑝
𝑑𝑇

𝑑𝑡
− 𝑎

𝑑𝑝

𝑑𝑡
                                                          2.4 

Conservation of Water Mass:       
𝜕𝑝𝑞

𝜕𝑡
= −𝑉⃗ . (ρ 𝑉⃗ 𝑞) +  𝜌(𝐸 − 𝐶)                                    2.5 

Where, 𝑉⃗  = (u,v,w) represents the velocity of air in x, y, and z components, t represents time, 

a is the specific volume, p is the pressure, 𝛷 is geopotential height, 𝐹  is friction force, Ω is the 

angular velocity of the Earth, 𝜌 is density, R the gas constant and T is temperature, Q is heating, 

Cp is the specific heat at constant pressure, q is the water vapor mixing ratio and E and C are 

evaporation and condensation respectively. 

The ARW dynamics solver in the WRF model uses a terrain-following hydrostatic pressure 

vertical coordinate denoted by η and defined as,  
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Figure: 2.1 Vertical Coordinate used in ARW 

𝜂 = (𝑃ℎ − 𝑃ℎ𝑡)/µ                                                2.6 

where, µ = (𝑃ℎ𝑠 − 𝑃ℎ𝑡) 

𝑃ℎ is the hydrostatic component of the pressure, 𝑃ℎ𝑠 and 𝑃ℎ𝑡 refer to the surface and top 

boundary values, respectively. The values of 𝜂 varies from 0 at the upper boundary to 1 at the 

surface of the model domain (Fig. 2.1).  

The WRF model uses various physics schemes/models to parameterize the different physical 

processes of the atmosphere as well as the surface and integrate them into the model to make 

an accurate representation of the actual land - atmosphere interaction in the region (Skamarock 

et al., 2005). 

i) Planetary boundary layer (PBL): PBL is responsible for vertical sub-grid-scale fluxes 

caused due to eddy transports in the whole atmospheric column. PBL schemes are one-

dimensional, which consider dry mixing, but can also include saturation effects in the 

vertical stability that determines the mixing. These schemes assume that there is a clear 

scale separation between sub-grid eddies and resolved eddies and tend to fail at a 

horizontal resolution of a few hundred meters (resolved eddies). 

ii) Cumulus parameterization: These schemes parameterize the sub-grid-scale effects of 

convective as well as shallow clouds and also represent unresolved fluxes due to vertical 

movements, which may lead to additional convective precipitation. These models are 

implemented for the coarser resolution grids (e.g. > 10 km), used to properly release latent 
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heat on a realistic time scale in the convective columns. However, sometimes, these 

schemes can be helpful in triggering additional convection in 5-10 km grids. 

iii) Microphysics: Microphysics schemes are responsible for explicitly resolving water vapor, 

cloud, and precipitation processes to parameterize large-scale precipitations at grid-scale. 

The models can accommodate any number of mass mixing ratio variables. 

iv) Radiation: The radiation schemes provide atmospheric heating due to radiative flux 

divergence and surface downward radiations for the ground surface. LW radiation includes 

infrared or thermal radiation absorbed and emitted by gases and surfaces and is generally 

determined by the surface emissivity of different land-use types as well as the skin 

temperature. SW radiation includes wavelengths that make up the solar spectrum. The 

processes include absorption, reflection, and scattering in the atmosphere and at surfaces.  

v) Surface Layer: This scheme calculates friction velocities and exchange coefficients that 

enable the calculation of surface heat and moisture fluxes used by the land-surface models 

and surface stress in the PBL scheme. The schemes provide the information related to the 

stability of the surface layer. 

vi) Land-surface model: LSMs use atmospheric information from the surface layer scheme, 

radiative forcing from the radiation scheme, and precipitation forcing from the 

microphysics and convective schemes, together with internal information on the land’s 

state variables and land-surface properties, to provide heat and moisture fluxes over land 

and sea-ice points. These fluxes then provide a lower boundary condition for the vertical 

transport required in the PBL schemes 

vii) Urban Physics Schemes: The heterogeneous nature of urban land use and its varying 

spatial distribution has a significant effect on the planetary boundary layer and thus, it 

becomes important for meso-scale models to capture these effects for better forecasting 

results. Thus, UCMs are coupled with WRF in order to parameterize the sub-grid scale 

urban variability and include three urban physics options - Single Layer UCM (SLUCM), 

Multi-layer UCM (BEP) and Indoor-Outdoor Exchange Model (BEM). 

• SLUCM: It was developed by Kusaka et al. (2001) and later modified by Kusaka and 

Kimura (2004) to represent the two-dimensional geometry of the buildings and roads 

into the model. This UCM takes into account sensible heat fluxes from roof, wall, and 

road; and then aggregate them into energy and momentum exchange between the urban 

surface and the atmosphere. 
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Figure: 2.2. Comparison of the roughness sublayer between single and multilayer UCM 

models (Source: Chen et al., 2011) 

• BEP: BEP was developed by Martilli et al. (2002) in view of the disadvantages of 

SLUCM due to the fact that interaction of energy in this scheme occurred only at the 

roof level and interaction between the urban surfaces in terms of energy exchange was 

null. BEP incorporates and parameterizes the effect of buildings on the urban canopy 

layer, recognizing the three-dimensional nature of urban surfaces and the fact that 

buildings vertically distribute sources and sinks of heat, moisture, and momentum 

through the whole urban canopy layer, which substantially impacts the thermodynamic 

structure of the urban roughness sub-layer and hence the lower part of the urban 

boundary layer. It takes into account the effects of vertical (walls) and horizontal 

(streets and roofs) surfaces on momentum (drag force approach), turbulent kinetic 

energy (TKE), and potential temperature. 

• BEM: In the above models, the internal temperature of the buildings was kept constant 

and the exchange of energy between the interior of the building and atmosphere was 

not taken into consideration. Thus, Salamanca and Martilli (2011) developed the BEM 

scheme as an extension of the BEP scheme, which accounts for the diffusion of heat 

through the walls, roofs, and floors; radiation exchanged through windows; LW 

radiation exchanged between indoor surfaces; generation of heat due to occupants and 

equipment; and air conditioning, ventilation, and heating. Buildings of several floors 

can be considered, and the evolution of indoor air temperature and moisture can be 

estimated for each floor.  

 

2.4.2 Application of WRF in UHI Studies 

WRF simulations for urban climate studies have gained momentum since the integration of 

UCMs, enabling proper-scale urban representation. Coupling WRF with SLUCM improved 
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the model performance significantly since the energy fluxes through the urban canopy could 

be successfully simulated using this technique (Kusaka and Kimura 2004b; Zhang et al. 2011).  

The potential of WRF to be built and executed on multi-tier nested domains inspired the 

researchers to embed the urban areas within the innermost domain with the finest grid scale 

(Salamanca et al. 2012; Bhati and Mohan 2016; Brousse et al. 2016; Sharma et al. 2017) and 

utilize the UCMs to resolve the land – atmosphere interactions. It was observed that, in most 

cases with the incorporation of the two-dimensional urban surface characteristic with the 

SLUCM urban canopy model, the performance of the model improved and minute effects of 

urban like diurnal temperature variation, influence of urban roughness, etc. could be captured 

properly, reducing the error magnitude (Zhang et al. 2011; Sharma et al. 2017; Giannaros et al. 

2018). To make the model more rigorous and inclusive of the energy exchange between the 

three-dimensional and highly heterogeneous urban layers with the lower atmosphere, multi-

layer UCM models (BEM and BEP schemes) have been developed and coupled with WRF 

(Salamanca et al. 2010; Chen 2011). There has been extensive research using the coupled 

WRF-UCM models; some examples are listed and discussed in brief in this section. 

The WRF-UCM high-resolution model was effectively utilized to examine the impact of 

upstream urbanization on UHI over the Baltimore area by Zhang et al. (2011) applying both 

surface observations and coupled WRF-UCM with 2001 National Land Cover Data. The 

advective contribution of upstream urbanization to an extreme UHI event over the Baltimore 

area was simulated, and it was observed that Ts and Ta differed about 5ºC - 10ºC respectively 

between the urban and surroundings. The study also concluded that the intensity of the UHI 

event could be decreased by almost 25 % when Baltimore or its upstream urban areas were 

replaced with natural vegetation in the model.  

Lin et al. (2016) evaluated the impact of urbanization over northern Taiwan using the Weather 

Research and Forecasting (WRF) Model coupled with the Noah-LSM and a modified urban 

canopy model (WRF–UCM2D). WRF–UCM was modified to consider the 2-D urban fraction 

and anthropogenic heat (AH) to overcome the disadvantage of constant urban fraction and AH 

value, which leads to over-or underestimation of these parameters and further the model-

estimated temperature. WRF–UCM2D provided extensive and accurate spatial distribution of 

urban fraction ranging from 0.01 to 1.0; and AH over the entire area ranging from 0 to 50 Wm-

2, giving more detailed information at a finer resolution. The mean bias and RMSE calculated 

on comparing the modelled results with ground data were: UCM2D - 0.27 and 1.12; and UCM 

- 1.27 and 1.89 respectively, showing better performance of the modified model. 
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Salamanca et al. (2012), performed a detailed urban parameterization to evaluate the impact of 

the air conditioning (AC) system of the buildings on Ta, to assess the existing relationship 

between energy consumption and the meteorological condition of the city of Madrid. Two 

different turbulent schemes specially designed for large UHI modelling were used to evaluate 

the ability of BEP+BEM schemes to describe the surface Ta and WS over the city of Madrid 

during summer conditions and to generate mitigation strategies for the same. The simulation 

results for the entire study period showed that, heat fluxes generated by AC systems were 

responsible for an increase in the air temperature up to 1.5–2°C in some of the denser parts of 

the city.  

The UHI effect and thermal comfort of Delhi was performed using WRF coupled with single 

as well as multi-layer UCM focusing on Ta and Ts under varying LULC conditions by Bhati 

and Mohan (2016, 2018). The studies highlighted the importance of appropriate and updated 

representation of surface characteristics and urban canopies for improving predictive 

capabilities of the mesoscale models, as the results improved in the later study (2018) where 

all urban physics schemes (SLUCM, BEP, BEP+BEM) were employed. Urban areas were 

found to have a higher heat index than non-urban areas, with a difference of about 1.5–2°C and 

about 2.0–2.5°C at dense built-up stations, validating the fact that the urban canopy effect leads 

to a rise in thermal discomfort by increasing Heat Index.  

Again, the effect of turbulent and radiative fluxes on the near surface temperature was modelled 

by Brownlee et al. (2017), coupling WRF with SLUCM for Houston to estimate the influence 

of hydrological processes in the simulation. The results show that the BULK scheme was the 

least accurate and overestimated the near-surface temperatures and winds over the urban 

regions. Over the urban land category, the mean temperature is 1.43ºC higher than the 

observations; for the COI–HIR and LIR categories, the mean temperature is 1.12ºC and 1.87ºC 

higher than the observations, respectively. 

The study by Li et al. (2017) focused on the impact of land use change on the microclimate of 

the Kolkata Metropolitan Development Area using WRF driven by future land use scenarios. 

Specifically, two land conversion scenarios were considered including an urbanization 

scenario; first where all the wetlands and croplands were converted to built-up areas, and an 

irrigation expansion scenario in which all wetlands and dry croplands were replaced by 

irrigated croplands, which resulted in the increase in temperature by 1.2 – 4°C. This study 
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showcased the probable future scenarios in this rapidly developing urban agglomeration which 

could further worsen the microclimatic conditions. 

The WRF coupled with BEP+BEM schemes by Mughal et al. (2018) to simulate the UHI effect 

of the tropical city of Singapore during April 2016 when a series of heat wave events were 

experienced by the city; showed that the mean UHI intensity peaked in the early morning at 

2.2ºC, reaching 3.6ºC in the compact high-rise areas. The AH was found to play a major role 

in all the processes studied, contributing 2.2ºC to the mean UHI intensity and 1.3ºC in the 

compact high-rise. The authors however concluded that the effect of the different land use types 

was most pronounced during night time and least visible near noon. 

Salamanca et al. (2018), evaluated the performance of the recently introduced improved LSM 

Noah-MP, in estimating the temperature difference over two semi-arid urban environments, 

Phoenix and Tucson metropolitan areas of Arizona. The WRF model was coupled with 3 urban 

canopy models (SLUCM, BEP, and BEM+BEP) and the new community Noah with multi-

parameterization options Noah-MP-LSM which uses multiple options for key land-atmosphere 

interaction processes to represent the seasonal and annual cycle of snow, hydrology, and 

vegetation. The results obtained showed superior performance of only the multilayer BEP 

model in the metropolitan areas for the daily evolution of surface skin temperature, compared 

to both the single-layer and bulk urban parameterizations which significantly underestimated 

the diurnal cycle amplitude. WRF-modeled RMSE was reduced from 2.2°C to 1.8°C for 2 m 

Ta and from 1.8 ms-1 to 1.4 ms-1 for 10 m WS when Noah-MP was employed. The daytime 

surface skin temperature corresponding to observations improved significantly with Noah-MP 

by reducing the cold bias by ~1.4°C and by ~2.0°C (1300 hrs), and by ~0.8°C and by ~1.4°C 

(1100 hrs) for the Tucson and Phoenix regions, respectively. However, on comparing the 

nighttime surface Ts with observations it was seen that, the Noah-MP LSM reduced the warm 

bias by ~0.5°C and by ~0.7°C (2200 hrs), and by ~0.6°C and by ~0.5°C (0100 hrs).  

Mauree et al. (2018), attempted to improve the results in meteorological simulations by 

integrating an additional urban physics option in the Weather Research and Forecasting model. 

The coupled WRF and CIM when simulated with a high vertical resolution i.e., similar to CIM 

(5 m) and correction were employed to the CIM calculation to take into account the horizontal 

fluxes, and the simulated profiles of both models had better coherence. The authors observed 

that this coupling improves the simulations of the variables in an urban grid and that the 
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WRF+CIM+BEP–BEM system can provide highly resolved vertical profiles while 

simultaneously improving the computational time significantly.  

Xu et al. (2018) analysed the summertime AC electric loads and their immediate effect on the 

weather in Beijing city. Coupling BEP+BEM scheme with WRF-Noah-MP LSM reduced 

RMSE of 2 m Ta by 1.9°C for urban stations and for suburban and rural districts the simulated 

AC electric load is improved by incorporating urban class-dependent building cooled fraction. 

Two peaks during 3 pm and 9 pm were noticed in the temperature due to AC electric loads, 

and the evening peak could be reproduced well by incorporating a realistic AC working system. 

The authors concluded that if the AC works for 24 hours continuously and vents sensible waste 

heat into the air, it would impact the evening temperature (1.5~2.4°C) more compared to the 

afternoon (~1°C). Further, the BEP+BEM scheme coupled with WRF was used by various 

researchers to estimate the micro-level energy fluxes within the urban canopy for many other 

cities like Madrid (Brousse et al. 2016); Chicago (Sharma et al. 2017); Osaka (Takane et al. 

2017); Beijing (Xu et al. 2018); and Maryland (Gohil and Jin 2019). This scheme could 

remarkably simulate the anthropogenic heat generated by Air Conditioning (AC) systems 

employed in the building both during summer and winter as has been observed in the mentioned 

studies and also assess the effect of this heat on the energy consumption of the buildings.  

Another improvement in the high-resolution WRF simulation for urban areas was observed in 

coupling the WRF with LCZ models which entailed a systematic and detailed urban 

representation scheme. The incorporation of WUDAPT LCZ into WRF simulation for the city 

of Madrid (Brousse et al. 2016), obtained better results for building effect and energy 

parameterization. Ren et al. (2017) incorporated the WUDAPT LCZ product into WRF 

simulations for urban development impact analysis on the Pearl River Delta Region. LCZ for 

the area was created using Landsat 5 data. Then two new WRF simulations using the WUDAPT 

products as input data were conducted and their results were compared with the benchmark 

one, so that the pure urbanization (1980-2010) impact on local climate conditions of summer 

time (June-July) can be analyzed; after being validated with in situ data from King’s Park 

station of Hong Kong Observatory which is a representative urban station. As expected, the 

2m Ta was observed to have significantly increased due to urbanization during the considered 

period, from the model simulations, as a result of storage heat. The authors also concluded that 

the strength of the sea breeze has increased with urbanization as a result of the land becoming 

warmer which increased the temperature gradient between land and sea. 
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Hammerberg, et al. (2018), further explored the advantages of integrating WUDAPT LCZ used 

to identify the complex morphological parameters for the city of Vienna, in the WRF model 

for climate predictions. WRF model was coupled with BEP+BEM scheme and simulated for 

five distinct seasonal periods. Results demonstrated that using detailed GIS data to derive 

morphological descriptions of LCZs for mesoscale studies provided only a marginal overall 

improvement over using the default WUDAPT parameters based on the ranges proposed by 

Stewart and Oke (2012); after being validated from weather station data lying within the city.  

Molnar et al. (2019), coupled WRF-LCZ and used the SLUCM model to simulate the 

spatiotemporal behaviour of near-surface Ta and UHI intensity for Szeged city in Hungary, 

under a 6-day heatwave period from July 2017. The modelled values were evaluated against 

the observational datasets which showed that the model performed satisfactorily in each LCZ, 

particularly in LCZ 5 and LCZ 6, with mean absolute error (AE) of 1.3 °C and 1.8 °C and mean 

spatial correlation coefficients (SCC) of 0.95 and 0.93, respectively. Larger biases of Ta 

occurred in LCZ 9, with AE of 2.7 °C and SCC of 0.91. The daytime Ta was generally 

overestimated in each LCZ and during the night, slight underestimations were noticed in LCZ 

6, LCZ 9, and LCZ D. The mean ΔT was underestimated in the night-time; however, the 

daytime ΔT was estimated accurately. 

Mughal et al. (2020), integrated WRF with multilayer UCM (BEP+BEM) and LCZ scheme to 

evaluate the UHI intensity in the tropical city of Singapore and design mitigation strategies. 

The Singapore LCZ was used as LULC data to account for the intra-urban variability. The 

simulated results showed that the canopy layer UHI intensity in Singapore can reach up to 5 

°C in compact areas during nighttime. The results reveal that city-scale deployment of cool 

roofs can provide an overall reduction of 1.3 °C in the near-surface daytime air temperature in 

large low-rise areas. The finding also revealed that increasing the thermostat set temperature 

to 25 °C from 21 °C in buildings throughout the city can potentially reduce the air temperature 

due to the decrease in waste heat discharge (~20%) from AC units. 

The performance of WRP-BEP/BEM coupled model using LCZ was further evaluated for 

Barcelona by Ribeiro et al. (2021), The study showed better performance of BEP compared to 

the BULK scheme; it overestimated the temperature and relative humidity in particular during 

the night/morning. On the other hand, BEP + BEM performed with the minimum RMSE 

associated with temperature and relative humidity in the entire domain and is more sensitive 

than the other scheme over locations where the land use in the model grid differs from the real 
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one, which is a common consequent limitation of horizontal model resolution. This study also 

concluded that depending on the synoptic condition, the accuracy of different schemes in 

determining PBLH might change substantially. 

Further Zhou et al. (2022) coupled WRF – BEP/BEM to simulate the influences of vehicle heat 

(VH) on the urban climate over Sendai in Japan. A novel method was proposed to estimate 

hourly VH for different LCZs via open-source data. The number of vehicles was counted and 

the heat release of each vehicle per kilometer in a particular LCZ was calculated. Thus, on the 

basis of this coupled model integrated with the specific VH values, the effects of various urban 

heat countermeasures were analyzed at a high spatial resolution. The results indicated that 

eliminating VH values can contribute up to 0.12°C to urban heat mitigation, and can be 

considered the most effective countermeasure for the compact areas of the city center. 

2.4.3 Application of WRF in Urban Precipitation Studies 

The use of high-resolution WRF with a horizontal grid spacing of less than 5 km can improve 

forecasts for convective-scale phenomena, including explicit information about the timing, 

intensity, and mode of convection (Hong et al., 2010). Microphysical schemes are explicit, 

whereas convective parameterizations are implicit. With the decrease in grid spacings, 

convective parameterizations become more inappropriate, whereas the explicit representation 

of microphysical processes can be computed for increasingly small clouds, cloud particles, 

water droplets, and so forth (Hong et al., 2010). Among the microphysics packages for clouds 

and precipitation, the series of the WRF single-moment (WSM) schemes (WSM3, WSM5, and 

WSM6 were widely used (Hong et al. 2010; Patel et al. 2020).The WRF model was 

successfully utilized by many researchers to simulate the characteristic high-intensity storm 

events in tropical cities and their relationship with the increase in temperature, surface 

roughness, altered wind directions and pollutant-laden atmosphere as a result of rapid scale 

urbanization (Roth 2007; Pathirana et al. 2014; Paul et al. 2018). Thus, different numerical 

predictions and meso-scale climate models have gained significance for simulating tropical and 

sub-tropical extreme rainfall events. 

The extensive use of WRF coupled with different urban canopy models and realistic land use 

representation has improved the urban-induced convective rain studies (Miao et al. 2010; 

Zhong and Yang, 2015). The effect of UHI and surface roughness characteristics on the 

convergence and moisture transport have been simulated for Beijing (Zhong and Yang, 2015), 

which verified the increased effect of urbanization on urban precipitation. They conducted two 
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ensemble simulations with real and up-to-date urban land cover data (control experiment) and 

croplands replaced by urban surface (sensitivity experiment) using the WRF-Noah-UCM 

coupled system. It was observed that the experiment with urban land cover experienced higher 

surface temperature and net-wave radiation during daytime with unstable boundary conditions 

at noon and better reproduced the results for temporal evolution of precipitation including time 

of occurrence of maximum precipitation rate, as compared to the sensitivity analysis. Other 

such meso to micro-scale numerical simulations to understand the feedback mechanism of 

urbanization on rainfall has been performed for Indianapolis (Niyogi et al. 2011), Brussels 

(Hamdi et al. 2012), Tokyo (Seino et al. 2018) which have obtained positive relationship. 

The impact of urban land use processes on the mesoscale circulation has been simulated for an 

isolated heavy rain event (944 mm in a 24-hour period) over Mumbai during the Monsoon 

period (July 26, 2005), using WRF-ARW coupled with three different LSMs (SLAB, Noah 

and Noah-GEM), for evaluating the performance and ability of the model to simulate an event 

of such extreme intensity (Chang et al. 2009). The authors concluded that WRF coupled with 

Noah-LSM simulated this highly localized rain fairly better than the other two LSMs; and that 

the 3.3 km grid spacing performed better compared to 10 and 30 km respectively, indicating 

better forecasting of heavy rainfall events with finer grid spacing. Similarly, Singh et al. (2015) 

simulated and investigated a severe thunderstorm that affected Delhi and adjoining regions 

between 1630 hrs IST and 1730 hrs IST on 30th May 2014 using sensitivity experiments that 

were conducted with different grid resolutions (9 and 3 km) with terrain resolution 5 min (~10 

km) and 1 min (~2 km) respectively and the same microphysics (MPs) and cumulus 

parameterization (CPs) schemes. The results demonstrated that the model simulates better 

structure and intensity of the thunderstorm at a higher resolution domain.  

Li et al. (2016), investigated the effect of urbanization and urbanization patterns on the thermal 

environment and local rainfall in the tropical coastal city of Singapore. WRF coupled with 

SLUCM was employed with 5 one-way nested domains, the highest horizontal resolution being 

300 m. It was observed from the model simulations that most of the rainfall (considered cases) 

occurred from late morning to afternoon when the sea breeze blows north-eastwards, which 

helped in achieving the conclusion that sea breezes have a stronger influence on the rainfall 

than the urbanization pattern in this particular case since the downwind part always gets more 

rainfall than the upwind part. According to the authors’, urbanization and associated AH can 

have two opposite effects on the rainfall amount: increasing rainfall through increasing 
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buoyancy by AH and decreasing rainfall through reducing evaporation by converting greenery 

to impervious surfaces depending on the relative strength of either of these two influences. 

WRF – BEP/BEM was integrated with LCZ to simulate four very heavy rainfall events over 

Mumbai by Patel et al. (2020). The results showed that the incorporation of WUDAPT LCZs 

in WRF results notably improved the model performance for all four heavy rainfall simulations. 

The changes in the spatial patterns due to the inclusion of WUDAPT data notably contributed 

to the overall rainfall occurrence over the urban area. The difference in the accumulated rainfall 

amounts for the control case and BEP/BEM simulated between the paired runs was over 300 

mm. These changes in the rainfall distribution and quantity are the result of changes in the 

urban dynamics and micro/mesoscale convergence/divergence zones within the urban 

boundary layer. A similar study by Nadimpalli et al. (2022) by integrating WUDAPT based 

LCZ for Bhubaneshwar in India, enhanced high-resolution forecast from ARW by 

incorporating the details of building height, terrain roughness, and urban fraction. 

2.5 Summary and Conclusion 

A detailed analysis of relevant literature in the field of urban climate research from across the 

globe has revealed the process of conceptualization and the gradual progress in such studies. 

Two important urban climate indicators were assessed in detail, viz, the UHI effect and the 

Urban Precipitation Anomalies which have a direct impact on the livability of the cities. It was 

observed that with time and technological advancements a more detailed assessment was 

possible in both the cases of temperature and rainfall and their relationship with the process of 

urbanization. It was possible to study this complex mechanism with the application of more 

sophisticated techniques which could identify the different aspects of the urban surface 

characteristics and their influence on the micro – regional scale climatic conditions as well as 

the near surface to boundary layer meteorology over and around the cities. However, the 

synthesis of the available literature recognized a clear distinction between the number and 

frequency of such studies as well as the approaches and techniques adopted for analysis 

between the cities from the developed world and the global south. It was evident from the 

analysis that urban climate studies were initiated much later in the tropical and sub-tropical 

regions which majorly coincides with the developing parts of the world, compared to the 

temperate regions which mostly accommodates the developed countries. Further, most of the 

analysis techniques were also adopted the techniques successfully applied in the temperate 

regions. These could be directly attributed to the lack of adequate facilities and resources in 
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most the developing countries which has restricted contribution towards innovative research in 

this field. However, this trend is gradually changing in the recent times with better access to 

sophisticated techniques in these regions and also the vast scope of research in these 

climatologically active and vulnerable zones. Besides the complexity of urban surface 

characteristics in terms of morphological heterogeneity and surface fabric further complicates 

the process which emphasizes on the urgency and significance of such studies so that a 

comprehensive understanding could be achieved. Thus, this dearth of adequate number of 

studies to understand the impact of rapid and unplanned urbanization of the developing region 

on one of the most important climatological phenomena, i.e., the sub-tropical monsoon 

motivated the present study. It was initiated with an understanding developed from few studies 

from the Indian sub-continent and an ambition to contribute in enhancing the knowledge 

further. 
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Chapter 3 

 

 

Meteorological downscaling using high-

resolution uWRF Model 
 

 
3.1 Introduction 

 

The morphological diversity of cities is responsible for micro-scale variations in the urban 

meteorological environment, causing multiple UHI cores or local convective anomalies within 

the same city. Thus, the first step towards comprehending this complex system is to develop a 

detailed understanding of the urban surface characteristics and their inherent properties (Oke 

1989; Oke and Voogt 1997). It is important to note that accurate representation of urban 

surfaces is extremely important to improve the accuracy of the meso-scale WRF coupled with 

UCMs and transforming into the uWRF (urban-WRF) model, which essentially integrates the 

urban and atmospheric physics to obtain higher resolution urban climate parameters 

(Salamanca et al. 2012; Molnar et al. 2018). The UCMs necessarily integrates the urban surface 

properties into the WRF model defining the general urban characteristics such as the horizontal 

extent and the nature and composition of the built-up spaces. The very specific details such as 

the dimensions of the different urban morphological characteristics to the type of the city’s 

fabric etc. could be configured into the model modifying it typically for that city (Kusaka and 

Kimura 2004). This enables the different physical parameters defining the atmospheric and 

natural processes of the region to interact with the urban systems at different horizontal and 

vertical levels, within the WRF framework for a certain case. Further, the uWRF model could 

be simpler when coupled with SLUCM, i.e, when the cities are considered as two-dimensional 

artificial spaces almost homogenous throughout its entire extent; or more complex when 

coupled with Multi-Layer UCM (MLUCM) such as BEP and BEM where the actual three-

dimensional urban geometry is taken into consideration (Salamanca et al. 2012). However, the 

latter is more computationally expansive and requires better quality of input urban 
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parameterization to achieve better accuracy in estimating urban micro-meteorological 

variation. Hereby, the uWRF model is configured according to the scope of a particular study 

coupling with an appropriate UCM for desired level of climatological downscaling. 

 

3.2 Methodology 
 

 

Figure: 3.1 Methodology Implemented; the left-hand section of the figure indicated with orange 

colour represents input preparation for improved urban parameterization, the right-hand section 

indicated with blue colour represents the WRF Model Calibration Process, the green box below 

represents the optimal high-resolution uWRF-LCZ coupled model 

The surface geometry of cities from developing regions is extremely complex and dense, which 

regulates the roughness length, SVF, range of UCL etc, important to determine the temperature 

and moisture concentration along with wind flow pattern within the compact urban canopies 

(Chen et al., 2011). Therefore, the globally accepted LCZ scheme of classification with well-

defined urban surface characterization, which could efficiently improve urban parameterization 

when integrated into the WRF model (Ren et al. 2017; Patel et al. 2020) was adopted to 

generate high-resolution urban parameters. As each LCZ class has distinguishable physical 

properties, the energy fluxes between the urban elements could be simulated, and micro-scale 

variations in immediate urban meteorology corresponding to the existing conditions could be 

captured more prominently. The WRF model highly dependent on model configuration 

integrates various atmospheric processes with the surface conditions to dynamically downscale 
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global/regional climate model outputs using suitable physics schemes that could appropriately 

represent the meteorological structure along with the geographical configuration of the area 

under consideration. Thus, appropriate physics schemes were identified using a systematic 

experimental design to augment the model performance. Finally, the model was calibrated 

using those optimal physical parameterization schemes as well as urban parameterization 

derived from the LCZ products to develop a high-resolution uWRF model which could 

ultimately generate different climate variables in required scale (Fig. 3.1). The methods and 

techniques adopted to obtain the required results are discussed in detail in the following sub-

sections. 

 

3.2.1 Improved Urban Parameterization 

 

3.2.1.1 Local Climate Zones (LCZs) 

The concept of Local Climate Zone (LCZ) for urban areas was developed based on the satellite 

observation-enabled classification process of the urban surface using precise information on 

the morphological and vegetation cover, providing a universal criterion for comparing 

temperature conditions between different cities (Stewart and Oke 2012; Ren et al. 2017; Xu et 

al. 2017; Zheng et al. 2017). This classification system helps in characterizing the physical 

form of urban areas according to built-up fraction, height and compactness of the roughness 

features, composition of the natural or non-built-up surface, thermal properties of all the 

elements etc. (Stewart and Oke 2012; Ching et al. 2018). The LCZ classification scheme 

categorises urban surfaces into 17 different zones considering the geometry and fabric of urban 

features across the globe (Stewart and Oke 2012). The first 10 classes (LCZ 1 – 10) represent 

the built-up extent of the cities, and the remaining 7 classes (LCZ A – G) constitute the natural 

or non-built-up areas such as vegetation, waterbodies, barren lands, rocks and soils etc. (Fig. 

3.2). Although LCZs does not quantify temperature accumulation, the spatial distribution and 

extent of an LCZ class helps in identifying the areas with corresponding expected heating 

potential (Stewart and Oke 2012; Lao et. al, 2015; Zheng et al. 2017). It has been widely applied 

as an important input for complex climate models in various studies to determine 

meteorologically derived surface characteristics in addition to other land surface data (Ren et 

al. 2017; Mughal et al. 2018; Zheng et al., 2017; Xu et al. 2018).  

The World Urban Database and Access Portal Tools (WUBAPT) framework for LCZ 

generation was widely accepted and used due to its less complicated methodology, which could 
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be executed using open-source software and datasets (Bechtal et al 2015; Ching et al. 2018). It 

adopts the random forest algorithm for supervised learning on Landsat images (having 

moderate spatial and temporal resolution and long-term coverage) using manually created 

training samples. Although highly popular among urban climate studies, this methodology was 

not successful in preparing very efficient results in the case of highly heterogeneous cities. 

Therefore, various other methods were proposed and explored using test cases of different 

cities and using different datasets to generate robust LCZ products. Different types and 

resolution remote sensing data base were explored for improved LCZ mapping, including 

multispectral (Bechtel et al. 2015; Yoo et al. 2019), hyperspectral (Liang et al. 2023), 

microwave (Bechtel et al. 2016; Zhu et al. 2022), UAV and Lidar products (Koc et al. 2017; 

Chen et al. 2023) etc. The methods used, differed according to the type of data product, level 

of detail and also the complexity of the cities. The recent period has seen the application of 

advanced image classification techniques using machine learning and deep learning algorithms 

for LCZ creation which have significantly improved the classification accuracy (Yoo et al. 

2019; Zhu et al. 2022; Chen et al. 2023). 

 

Figure 3.2: LCZ Types and their characteristics (Adapted from Stewart and Oke, 2012) 
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3.2.1.2 LCZ Generation 

This study explored the merit of advanced image processing techniques, adopting deep learning 

principles using multispectral images and other allied products for LCZ Classification.  

a.) Reference Data Preparation 

Table 3.1: LCZ-wise training and testing sample size for KMA and GMA regions. The values 

represent a number of polygons and their corresponding pixels, within parentheses. 

 
* is used to denote the red-star classes which represents the training and testing datasets with 

lesser data samples 

 

The LCZ reference datasets were prepared manually using the technique followed in the 

WUDAPT framework for LCZ creation individually for both cities. On assessing the ground 

conditions, it was found that not all the LCZ classes were present in either of the cities. Kolkata 

accommodated a total of 16 LCZ classes (excluding LCZ 1), and Guwahati had 14 classes 

(except for LCZ 1, LCZ 4 and LCZ 7). Therefore, reference polygons were manually created 

for each LCZ class from both cities with the help of google earth datasets and field 

verifications. Then, the LCZ polygons were randomly divided into two parts: one for training 
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the model and the other for testing the accuracy of the modelled results. The training and testing 

samples were carefully divided into 60 % and 40 %, respectively, so that the number of 

polygons as well as the total area covered by them for each LCZ class is proportional (Table 

3.1). However, as some LCZ classes had very few reference polygons due to their lesser 

prevalence in the study region, and dividing them further into training and testing datasets 

would bias the model training, the technique established by Yoo et al. (2019) was adopted for 

those particular classes for both cities. The training and testing data for those classes were 

extracted within each polygon based on stratified random sampling and they were marked as 

‘red-star’ classes. Finally, all the reference data preparation was completed by converting the 

polygons into raster layers with a resolution of 3 m to comply with the input data products. 

b.) Input Data 

The high-resolution Planetscope datasets were used here as the primary input for LCZ 

preparation which includes the visible and near-infrared (VNIR) bands. The Planetscope 

products are commercially available satellite images operated by Planet and acquired by a 

constellation of 130 satellites (https://developers.planet.com/docs/data/planetscope/) which 

provides daily datasets with 4 bands (which have been updated to 8 bands recently) and at a 

spatial resolution of 3 m. However, a limited number of images could be non-commercially 

obtained for research and academic purposes with appropriate justification, and thus was 

acquired through the Planet API (https://www.planet.com/explorer) for this study. The 

relatively higher spatial resolutions of these images and their daily availability led to the choice 

of these products for the analysis and Planetscope scenes with clear sky conditions covering 

the KMA and GMA and their surrounding regions were acquired systematically. A total of 27 

scenes were required to cover the KMA region (more than 2000 km2) imaged on the 24th of 

January, 2019 and 9 scenes for the GMA region (more than 500 km2) imaged on the 28th 

January, 2019. The 4-band (Blue, Green, Red, NIR) scenes were further pre-processed to 

achieve the scaled surface reflectance values and mosaicked together after colour assimilation 

to produce individual images for each region. However, due to the limited spectral range of the 

Planetscope products, the study further utilized other allied datasets to improve the data volume 

and consistency of the input datasets required for deep learning-based algorithms. Building 

footprints for both the cities were downloaded from the freely available Open Street Maps 

website (https://www.openstreetmap.org), for research and academic activities. The building 

areas were calculated using polygons and the footprint layers were then rasterized to a spatial 

resolution matching the planet images and was considered as the next layer.  
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𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 − 𝑅𝑒𝑑 

𝑁𝐼𝑅 + 𝑅𝑒𝑑
                                                    3.1 

  𝐼𝐵𝐼 =

2𝑆𝑊𝐼𝑅

(𝑆𝑊𝐼𝑅+𝑁𝐼𝑅)
 − [

𝑁𝐼𝑅

(𝑁𝐼𝑅+𝑅𝑒𝑑)
+ 

𝐺𝑟𝑒𝑒𝑛

(𝐺𝑟𝑒𝑒𝑛+𝑆𝑊𝐼𝑅)
] 

2𝑆𝑊𝐼𝑅

(𝑆𝑊𝐼𝑅+𝑁𝐼𝑅)
 + [

𝑁𝐼𝑅

(𝑁𝐼𝑅+𝑅𝑒𝑑)
+ 

𝐺𝑟𝑒𝑒𝑛

(𝐺𝑟𝑒𝑒𝑛+𝑆𝑊𝐼𝑅)
]
                               3.2 

Normalized Difference Vegetation Index (NDVI) products were generated using the Red and 

NIR bands of the Planet datasets applying eq. (3.1) and added to the input stack to provide 

added weightage to the vegetated surfaces. Similarly, the refined Index-based built-up Index 

(IBI) established by Xu (2008), was used to identify built-up pixels using NIR, Red, Green and 

short-wave infrared bands (SWIR) (eq. 3.2) of Sentinel-2 images acquired on dates closer to 

the Planetscope products. The flexibility of Google Earth Engine (GEE) was used to acquire 

the Sentinel-2 images, process them, create the IBI products and resample them to 3 m 

resolution to match the Planet products. The elevation profile served as the next layer derived 

from the ALOS PALSAR digital elevation model (DEM) (12.5 m) obtained from the Alaska 

Satellite Facility (https://asf.alaska.edu/data-sets/sar-data-sets/alos-palsar/), resampled again 

according to the other input layers. Therefore, a total of 7 bands including the 3 multispectral 

planet bands (Gleen, Red and NIR) and the other thematic layers derived through different 

processes (building footprint layer, NDVI, IBI, and DEM) were stacked together to form the 

input data bundle. 

c.) Convolutional Neural Network (CNN) Classification 

The use of different CNN algorithms has become very popular for LULC mapping from remote 

sensing images over the last decade because of their advantage of extracting important 

information without any prior knowledge using convolutional layers (Yoo et al. 2019; Zhu et 

al. 2022). These techniques emphasizes on rather using manually defined features to train the 

model and categorize the images into the defined classes. 3-dimensional input data (width, 

height, and channel) could be processed using this process and the output of a convolutional layer 

could be transmitted to the next layer maintaining the same 3-dimensional shape. The input 

and output data of the convolutional layer are called feature maps and the convolution process 

is performed with several filters (or kernels) over the input feature maps (Yoo et al. 2019). 

However, convolutions reduce the size of the output feature maps, to prevent which they are 

padded, i.e., filled with specific values before beginning the convolution process so that the 

spatial dimensions of the output feature maps are adjusted. Mostly 0 values are used for 

padding, but this could also be determined according to the model. To manage and involve all 

TH-3347_176104109



 

56 
 

the bands of multiple-layer inputs a non-linear activation function is used which could convert 

the sum of input data into an output result. Following the extraction of feature maps, the model 

proceeds to the down-sampling stage which is also known as pooling, to reduce the size of data 

and make the model simpler to avoid the problem of overfitting. This sub-sampling technique 

is used to locally summarize the output of the previous layer making translation invariance and 

focusing on the presence of a particular feature rather than the location. These pooling layers 

also optimize the number of weights to be assigned, making the model less computationally 

intensive. Then the final feature maps thus produced are transferred to fully connected layers 

which are used as classifiers to predict the final class with the highest probability using a 

softmax function, a commonly applied classifier for multi-class classification using neural 

networks (Yoo et al. 2019). The fully connected layers consist of a set of weights to be 

optimized for each node and convert the 2-D features into 1-D vectors so that the inputs can be 

provided linearly to the nodes of the neural network. 

A typical CNN architecture including input layers, convolutional layers, pooling layers, and 

fully connected layer(s), through which the model could learn to identify geometry, spectral 

properties and distribution in the image, was used for this study. The input layers consist of the 

data points or image bands which include the 7 layers stacked together with the same 

dimensions and grid-scale. In the convolutional layer, convolutional filters were iterated as a 

moving window performing a dot product between the filter kernel and the local region of the 

previous layer, to find the optimal filter size which could detect the significant spatial features 

of the input images. The kernel size is one of the most important hyperparameters responsible 

for creating a group of local regions on the considered inputs, the combination of pixels that 

provide a hierarchical knowledge of the features it contains. Here, 3 different kernel sizes were 

tested, i.e., 1 × 1, 3 × 3 and 5 × 5 to find the most optimal layer for both the cities according 

to their respective surface conditions. Then the next component, i.e., the pooling layer, which 

provides the representative values (mean or maximum) of the given window was identified. It 

is to be noted that, on adopting a k x k pooling layer, the size of the input data is reduced by a 

factor of k. Here, the max-pooling layer was used which adjusted the scale difference and effect 

of noise and also reduced the computational requirements.  
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Figure 3.3: CNN structure designed for the study. N is the dimension of input images and k is the 

last output, i.e, the number of LCZ types to be classified for each city 

Therefore, after a number of iterations changing the model structure and the combination of 

hyperparameters, a four-layer convolutional network with 3 × 3 convolutional kernel, two 

max-pooling layers (2 × 2) applied after the second and fourth convolutional layers, was found 

to be the most optimal architecture (Fig. 3.3). The 32 activation maps produced after the first 

convolution are stacked together and proceeded further to the next stage. To tackle the problem 

of non-linearity due to multi-layer inputs, the Rectified linear unit (ReLU) activation function 

was used which performed element-wise activation of the created volume and returned identity 

function at positive value and zero at the zero/negative values. The choice of ReLU activation 

function in this case was also due its computational efficiency and better performance on loss 

convergence. After the second max pooling layer, a 256 node fully-connected layer was used 

and the softmax function was applied to convert the output of the final fully connected layer 

which provides the probabilities of the existence of each class. Finally, the output layer thus 

generated obtained the LCZ classes corresponding to the individual cities. The model was 

trained at 300 epochs with 256 batch size. 

d.) Accuracy Assessment 

A randomly selected 90% of the training samples were used to train the CNN model and the 

remaining 10% used to optimize the weights and biases in the model. Then three different 

matrices were created to calculate the overall accuracy (OA) of the modelled results in 

comparison to the test samples using eq. (3.3 – 3.5) (Appendix 3.1).  

𝑂𝐴 =
∑ 𝑁𝑖

𝑐𝑘
𝑖=1

𝑁𝑎
                                                      3.3   

𝑂𝐴𝑢 =
∑ 𝑁𝑖

𝑐𝑚
𝑖=1

𝑁𝑏
𝑎                                                     3.4 
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𝑂𝐴𝑛𝑢 =
∑ 𝑁𝑖

𝑚
𝑖=1

𝑁𝑏
𝑎                                                   3.5 

Where, OAu and OAnu represents OA of the built-up LCZ classes and the built-up versus non-

built-up classes respectively. Ni is the number of pixels classified as the ith LCZ class and 𝑁𝑖
𝑐 

is the number of pixels correctly classified as the ith LCZ class, Na and 𝑁𝑏
𝑎  are the number of 

ground truths of all classes and only built-up classes, respectively, and k and m are the total 

numbers of LCZ classes and total built-up classes. Further, the F1 score was also calculated 

(eq. 3.6) which is a harmonic mean value of the producer’s accuracy (PA) and user’s accuracy 

(UA) for each LCZ class to identify the class-wise classification performance. 

𝐹1 =
(2  PA ×UA)

(𝑃𝐴+𝑈𝐴)
                                              3.6 

3.2.2 WRF Model Calibration  

The WRF 4.3 version with ARW dynamic solver was compiled with parallel processing 

capability in a high-performance computing system using gfortran and gcc compilers. The 

model was configured with the hybrid vertical coordinate (HVC) and hydrostatic pressure 

coordinate as the vertical coordinate system and the Arakawa C-grid staggering horizontal 

coordinate system. The third-order Runge–Kutta scheme was used for time integration. 

3.2.2.1 Domain Configuration 

The model was configured with three-tier one-way nested domain at horizontal grid spacing 

(grid points) of 9 – 1 Km (1:3) and 55 sigma vertical levels from the surface to 20 hPa. The 

outermost or parent domain (D01) consists of the entire Indian sub-continent, including the 

northern Bay of Bengal in the south and extending a little beyond the Lower Himalayan ranges 

in the north, responsible for regulating the monsoon currents in this region (Fig. 3.4). The size 

of this domain is 260 × 268 at a horizontal grid-scale of 9 × 9 km and 2-minute resolution of 

geographical inputs. The intermediate (first) nested domain (D02) sized 397 × 415 at a spatial 

resolution of 3 x 3 km, is focused on the East-North East zone of the Indian sub-continent 

including northern coastline of the Bay of Bengal and stretching till the Eastern Himalayas. 

Two individual domains D03 and D04 were configured as second nested layer to include the 

two cities being studied, viz., Kolkata and Guwahati. D03 and D04 contains KMA (94 × 112) 

and GMA (70 × 58) respectively along with their surrounding regions at a grid-scale of 1 km. 

Spatial resolution of the geographic inputs for the nested domains was 30 seconds each. 
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Figure 3.4: WRF Nested Domains covering the study region at different spatial resolution; D01-

Outermost Domain (9 × 9 km), D02-Intermidiate Domain (3 × 3 km), D03-KMA (1 × 1 km), 

D04-GMA (1 × 1 km) 

3.2.2.2 Physical Parameterization 

WRF was calibrated considering the physical parameters that could adequately represent the 

regional atmospheric structure of the study region and were selected based on a detailed 

analysis of the relevant literature (Table 3.2). To define the PBL conditions, the Mallor-

Yamada-Janjic (MYJ) scheme was adopted (Janjic and Zavisa, 1994) as it is one of the most 

suitable schemes to define the boundary conditions of this region. However, synthesizing the 

relevant literature, three important microphysics schemes (MP) were identified that could 

properly resolve the water vapour, cloud and precipitation processes in this region, i.e. the 

Kesseler scheme (Kesseler, 1969); the Lin scheme (Lin et al. 1983) and the WRF Single 

Moment 6-Class scheme (WSM6) (Hong and Lim 2006). Besides, Kain-Fritsch (Kain, 2004) 

and Grell-Freitas (Grell and Freitas 2014) cumulus parameterization (CP) schemes were among 

the best to scale the effects of convective and/or shallow clouds in this region. Rapid-Radiative 

Transfer Model for LW (Iacono et al. 2008) and Dudhia scheme (Dudhia, 1989) for SW 
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radiation were selected to configure the atmospheric heating due to radiative fluxes into the 

model. The Unified Noah LSM was identified to define the lower boundary condition to 

integrate all atmospheric and surface forcings along with the Monin-Obukhov similarity 

scheme for the surface layer (Tewari et al., 2004). The model was further integrated with 

different UCM options to include the dynamics of urban geometry. Both single (SLUCM) and 

specialized multi-layer (BEP, BEP+BEM) urban physics schemes were individually tested in 

order to adequately parameterize the sub-grid scale urban variability.  

Table 3.2: List of Physical Parameterization Schemes adopted in the study 

 

 

3.2.3 Experimental Design 

Three sets of WRF simulations were performed to calibrate the model according to the regional 

– micro-scale structure of the study area to optimize the model performance and make the 

experiments more cost and time-effective (Fig. 3.1 and Table 3.3). First, to identify the most 

suitable physical parameterization schemes, the model was simulated with different 

combinations of the identified schemes and without integrating with the UCM models (Set – 

1). The second set (Set – 2) of experiments were performed by integrating the most suitable 

physical parametrization schemes with the different UCM models, i.e., SLUCM, BEP and 
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BEP+BEM individually to test the most appropriate representation of the urban processes into 

WRF. All the above set of experiments were performed using the same geographical, land 

surface as well as meteorological forcings. Finally, after appropriate schemes for characterizing 

the physical as well as urban processes were identified, the uWRF model was integrated with 

the LCZs thus generated (i.e., the LULC of the innermost domains was replaced by the LCZ products) 

and the other updated higher resolution land surface products, to improve the accuracy of the 

model performance (Set – 3). The different urban roughness parameters (Table 3.4) were 

adjusted according to the study region to calibrate the uWRF-LCZ model. These parameters 

were either derived from LCZs thus produced (urban, vegetation and impervious surface 

fractions) or from various secondary sources and certain assumptions (thermal Conductivity, 

heat Capacity, emissivity and albedo). Some parameters such as building height, roof width, 

road width and SVF were modified according to secondary information as well as detailed 

knowledge gathered from field investigations in both cities. The LCZ-wise values of these 

parameters are provided in Appendix 3.2. 

Table 3.3: Experimental Design to identify the optimal High Resolution uWRF model. 

Parameters shown here are used other than the constant parameters. 
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Table 3.4: List of urban roughness parameters modified in the uWRF-LCZ model 

                         

3.2.4 Datasets for Model Calibration and Validation 

The modified International Geosphere-Biosphere Programme (IGBP) Moderate Resolution 

Imaging Spectroradiometer (MODIS) Noah landcover datasets (1 km resolution) were used to 

set the geographical boundary conditions and the National Centers for Environmental 

Prediction (NCEP) FNL (Final) Operational Global Analysis data of 0.25° × 0.25° resolution 

were used to initialize the meteorological forcings for the initial runs throughout the domain 

nests. The other land surface parameters such as the albedo, leaf area index (LAI) and fractional 

vegetation cover (Fcover), were also derived from MODIS products. GTOPO_30, the default 

terrain model used in WRF 4 version, was used to designate the topographical profile of the 

domains. These datasets were constant through the first two sets of experiments (WRF_1 – 

uWRF_3) (Table 3.2). However, in the final set of experiment (uWRF_1X), although the same 

combination of datasets was used to initialize the coarser domains (D01 and D02), landcover 

data for D03 and D04 were replaced by the higher resolution LCZ products. To achieve better 

consistency with the finer scale landcover inputs, the land surface parameters (albedo, LAI, 

Fcover) were also replaced by higher resolution (500m) and up-to-date products obtained from 

the Copernicus Global Land Services (CGLS) (https://land.copernicus.eu/global/products). 

The surface topography for these domains was also replaced by the higher resolution (12.5m) 

ALOS PALSAR DEMs. The modelled results were validated using higher resolution gridded 

data products as well as ground observations from meteorological stations under the IMD, for 

both the cities. Datasets available from three different IMD stations were obtained for Kolkata 

and one station for Guwahati.  

3.2.5 Model Performance Evaluation 

Performance evaluation of any model is important to validate its applicability to the intended 

scenario and to recalibrate it for improved performance. Therefore, some of the most reliable 

error estimation techniques, such as, Mean Bias (MB), RMSE (Root Mean Square Error) and 
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Mean Absolute Error (MAE) were used to validate the modelled results, with the observed 

datasets and compare the accuracy of the different experiments.  

𝑀𝐵 =
1

n
∑ (𝑃𝑖 − 𝑂𝑖)

𝑛
𝑖=1                                                            3.1 

𝑅𝑀𝑆𝐸 = √
1

n
∑ (𝑃𝑖 − 𝑂𝑖)2𝑛

𝑖=1                                                           3.2 

𝑀𝐴𝐸 =
1

n
∑ |𝑃𝑖 − 𝑂𝑖|

𝑛
𝑖=1                   3.3 

where, n is the total number of data points, i is data at a certain time point, and O and P are the 

observed and predicted values respectively. 

3.3 Results and Discussion 

This section presents the results obtained from the various experiments conducted to achieve 

improved urban parameterization as well as sensitivity analysis of the physical 

parameterization and urban physics schemes to identify the optimal model for high-resolution 

uWRF simulations, to generate finer scale urban climate variables. 

3.3.1 LCZ Maps 

 

3.3.1.1 Accuracy assessment of the classified LCZ Maps 

LCZ maps for the KMA and GMA regions using the CNN model was generated for the year 

2019 and the OA achieved were 71.33% and 78.69% respectively. However, due to the 

significance of micro-scale variation in the built-up regions of the cities, OA was also estimated 

separately for the built-up (LCZ 1 – 10) and non-built-up classes. It was seen that the model 

performed better in case of non-built-up classes with higher values of OAnu compared to OAu 

for both the cities. Further it was observed that the natural as well as built-up land surfaces 

were better classified for Guwahati compared to Kolkata as evident from the OAu value of 

73.3% and 66.1% and OAnu values of 84.37% and 80.1% respectively. 

Thus, on comparing the F1 score for the individual classes, it was observed that classification 

accuracy showed an increasing trend with the decrease in complexity among the built-up 

classes (Fig. 3.5). The lowest F1 score was achieved by LCZ2 and LCZ3 for both the cities 

which lie on the range of 0.5 – 0.6. This can be attributed to the highest chances of mixing in 

these classes due to the prevalence of higher urban heterogeneity as well as density in case of 

developing cities. It was further observed that among the natural LCZ classes, the F1 score 

decreases with decrease in the vegetation density in case of Guwahati but is non-uniform in the 
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case of Kolkata. However, the natural classes representing non-vegetated areas have higher F1 

values for both the regions. The water pixels are most appropriately classified in either case 

with F1 score above 0.91. 

 

Figure 3.5: F1 score according to the individual LCZ classes for KMA and GMA regions. The 0 

values represent either total absence of the LCZ class in the region or absence of testing sample 

due to lesser area under the particular class 

3.3.1.2 Spatial Distribution of LCZ Classes 

The detailed landcover conditions depicted by LCZ maps showed the highly heterogeneous 

nature of the urban surfaces in the case of both cities (Fig. 3.6a and 3.7a). The built-up density, 

i.e., built-up area to total area calculated for both KMA and GMA regions showed a higher 

built-up density in KMA (76.7 %) compared to GMA (60.5 %). The core regions of both the 

cities have high built-up density which gradually declines towards the peripheries following 

the general trend of the urban expansion. KMA region which is denser and more complex 

contained almost all the LCZ classes except for LCZ1 i.e., with compact high-rise built-up 

surfaces. However, the distribution of all other built-up classes however has great variations 

within the region. It was seen that LCZ2, LCZ3, LCZ5 and LCZ6 are the dominant built-up 

categories which cover more than 95 % of the built-up extent with the KMA boundary (Fig. 

3.6b). The remaining built-up categories like LCZ4, LCZ7 – LCZ10, are more prominent in 

the surrounding regions outside the KMA boundary. Among all the built-up classes LCZ3, 

which consists of the compact 1 – 3 floor buildings have the highest areal coverage i.e., 24.4 

% and is distributed throughout the KMA boundary from the core towards periphery, with 

highest density towards the core (Fig. 3.6c – f). The second most significant class is LCZ2 

which includes the 3 – 8 floor buildings, covers around 22.6 % of the total area under KMA 
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and is mostly concentrated in the core city.   Although Kolkata is one of the densest cities in 

India, the presence of compact high-rise buildings (i.e., above 8 floors) is not very common 

and is found only at a few regions scattered across the city with newly developed residential 

and commercial complexes. 

The LCZ5 and LCZ6 classes with relatively higher green spaces and open areas cover almost 

the remaining built-up region within the KMA boundary (Fig. 3.6a). LCZ5 (17.9%), with 3 – 

8 floor buildings with more open spaces mostly constitute the public enterprises as well as 

residential units and are observed to feature more prominently away from the compact core. 

However, some patches of LCZ 5 are also present in the central city which describes the 

heterogenous nature of urban development in the region. The open low-rises considered as 

LCZ6 are predominant towards the peripheral range of the KMA boundary with very low 

concentration in the core city. On the contrary, the density of the non-built-up classes is higher 

along the edges, which declines when moved towards the center. LCZA and LCZB are the 

most prominent non-built-up classes with an areal coverage of 6.9% and 8.6 % respectively, 

followed by waterbodies which covers about 6.72%. 

A similar pattern of built-up distribution was observed for the GMA region with LCZ2, LCZ3, 

LCZ5 and LCZ6 as the most prominently featuring classes (Fig. 3.7b). The LCZ2 and LCZ3 

classes constitute about 63.35 % of the total built-up area and is observed to constitute almost 

the entire core city region following the general rule. Further, LCZ5 and LCZ6 covering 11.5% 

and 10.2% respectively of the entire GMA territory are mostly concentrated along the city’s 

southern and eastern margins, comprising of the newly developed regions of the city (3.7c – f). 

The LCZ4 and LCZ7classes are non-existent in the GMA region and the prevalence of LCZ8 

– 10 is fairly low within the city boundary. However, LCZ8 and LCZ9 feature prominently on 

the surroundings of the GMA area, especially towards the north and east. However, unlike 

Kolkata the distribution of natural surfaces in Guwahati do not follow the general tendency to 

increase from core to periphery. Due to the unique physiographic set-up of the city, containing 

high-altitude regions and small hills within the city limits, the built-up expansion is non 

uniform towards all directions (Fig. 3.7a). These high-altitude parts are mostly covered with 

dense vegetation and LCZ3 and LCZ6 classes. Thus, the total areal coverage of the LCZA class 

is 20.9% followed by LCZB i.e., 10.6% which helps in regulating the different climatic 

variables within the city. Further, the presence of the mighty river Brahmaputra, which flows 

through the northern reach of the city and many other smaller and larger wetlands, affects the 

overall climate of the region. 
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Figure 3.6: LCZ distribution of KMA and the surrounding region. (a) KMA LCZ for 2019; (b) LCZ-wise areal coverage within KMA boundary; (c) 

Distribution of most prominent built-up LCZ classes with KMA; (d) Satellite Image; (e) Classified result; (f) Field view 
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Figure 3.7: LCZ distribution of GMA and the surrounding region. (a) GMA LCZ for 2019; (b) LCZ-wise areal coverage within KMA boundary; (c) 

Distribution of most prominent built-up LCZ classes with GMA; (d) Satellite Image; (e) Classified result; (f) Field view 
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3.3.2 WRF Performance and Model Parameter Estimation 

Three sets of experiments were performed to determine the ideal WRF configuration, which 

could appropriately downscale the different climate parameters according to the micro-scale 

variations in the built-up surface of the city. The model was simulated with a 3-tier nested 

domain where the innermost domains constituted the cities and had a horizontal resolution of 

1 km. Thus, the meteorological variables generated at a resolution of 1 km were compared with 

the observed datasets for the available sites in the region. The spatial average of data from the 

three stations available for Kolkata and the data from the single station available for Guwahati 

was compared with the simulated results to evaluate the model performance in the case of all 

the designed experiments. The two most important parameters i.e., 2m air temperature (T2) and 

rainfall (RF) were the variables chosen to evaluate the model performance due to the reliability 

of those datasets reported in previous studies conducted for these regions (Dawn et al. 2020; 

Bhattacharjee et al. 2022). 

 

 

Figure 3.8 MB Estimation of Set – 1 Experiments. (a.) 2m Air Temperature (T2) and (b) Rainfall 

(RF) 

 

The first set of experiments was designed to estimate the appropriate cumulus and microphysics 

schemes which could provide reasonably similar performance for both the regions. A total of 

6 simulations were performed by changing the combinations of these two schemes and keeping 

the other physical parameters constant. On estimating mean bias between the modelled results 

and observed datasets, it was seen that, experiments WRF_2 and WRF_5 performed most 

consistently for both parameters over both regions (Fig. 3.8). Although the biasness of WRF_3 

simulation was also found to be lower, the acute under-estimation of RF for Guwahati region 

only made the model unreliable for further use. Thus, it was seen that the Lin scheme, which 
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was considered in the case of both WRF_2 and WRF_5 experiments, was able to better resolve 

the water vapour, cloud and precipitation processes in this region. On further comparison, the 

experiment that produced lower MB value between the two, i.e., WRF_2, was chosen as the 

final model, which also complied with other investigations in this region (Li et al. 2016; Sabiha 

and Satyanarayana 2022). Thus, Lin and Kain-Fritsch schemes were identified as the most 

suitable MP and CP schemes respectively to appropriately parameterize the effects of clouds 

and convection in this region and were adopted for the next set of experiments. 

Table 3.5 Performance Evaluation of Set-2 Experiments 

 

 

The second set of experiments was conducted to find the most suitable UCM to incorporate the 

effect of modified energy fluxes due to the heterogeneous and complex surface properties on 

the urban meteorology. Along with MB, RMSE and MAE were also computed to evaluate the 

performances of the UCM-WRF coupled uWRF models (Table 3.5). The results show that the 

SLUCM model (uWRF_1) could substantially reduce the error from the WRF_2 model, which 

performed best among the Set 1 experiments. The biasness was reduced at a range of 1 – 1.5 

°C for T2 and 10 – 15 mm for RF when a UCM was introduced on the bulk parameterized 

model. Next, on simulating the model coupled with the BEP scheme (uWRF_2), the error was 

further reduced as seen from the MB, RMSE as well as MAE values for both the variables, due 

to the improved ability of the model to comprehend the three-dimensional urban geometry. The 

effect on T2 was relatively higher in the case of Guwahati with the difference in RMSE and 

MAE values being 1.18 °C and 0.5 °C respectively, which could be attributed to the lower 

built-up density compared to that of Kolkata. However, in the case of rainfall the error margin 
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reduced by the BEP model compared to SLUCM was almost same for both cities, ranging 

between 2 – 7 mm. 

On introducing the most specialized BEM+BEP (uWRF_3) model which could also resolve 

the indoor-outdoor energy exchange between the buildings and their surrounding along with 

their three-dimensional structure, the performance of uWRF was further enhanced. The values 

of MB, RMSE and MAE of uWRF_3 simulated T2 reduced by 0.6°C, 0.2°C and 0.8°C 

respectively when compared with uWRF_2 simulations in case of Kolkata and 0.41°C, 0.43°C 

and 0.31°C in case of Guwahati. Similar results were also observed in the case of rainfall which 

shows the capability of near-surface energy transfer to affect the convective system over the 

region. Error in the simulated rainfall values was further reduced by 2 – 5 mm with the uWRF_3 

model. Thus, these three experiments helped in concluding that BEP+BEM is the best UCM to 

integrate the urban surface properties into the WRF model. 

Table 3.6 Performance Evaluation of Set-3 Experiment 

 

 

The last experiment was conducted in an attempt to further improve the model performance 

with the introduction of fine-scale urban parameters into the BEP+BEM model. The most 

capable uWRF model thus estimated from the earlier set of experiments was finally coupled 

with the LCZ products for both cities, and the model was calibrated by modifying the default 

urban roughness parameters according to the surface properties of the study region. The 

simulated results satisfied the hypothesis of the first objective which assumed that, by 

incorporating finer scale urban parameterization, the meso-scale WRF model could achieve 

higher accuracy in estimating the micro-meteorological parameters (Table 3.6). The MB, 

RMSE and MAE values for both cities reduced substantially by a factor of 1.1°C – 1.5°C for 

T2 and by 2 – 7 mm for RF. Thus, the above set of experiments systematically helped in 

identifying the most appropriate physical as well as urban parametrization schemes that could 

adequately resolve the atmospheric conditions in interaction with the prevailing surface 

morphology of the Kolkata and Guwahati cities (Table 3.7).  
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Table 3.7: Optimal physics schemes identified for the final high-resolution uWRF-LCZ coupled 

model 

 

3.4 Summary and Conclusions 

 
It is important to understand urban meteorology about the surface configuration of the cities, 

which varies according to the prevailing socio-economic as well as geographical conditions of 

the region. The cities from developing parts of the world are highly complex due to their dense 

and heterogeneous nature. It is seen that the meteorological conditions of such cities may vary 

at very small scale of horizontal distance, which makes the implementation of suitable urban 

planning and mitigating processes more difficult. Therefore, it is important to develop a 

detailed understanding of the urban-climate interactions, especially in such cities which are 

continuously expanding at a much rapid rate compared to cities from developing parts of the 

world. Therefore, this study tested the potential of a meso-scale NWP model WRF coupled 

with finer-scale urban parameterization to downscale the coarser resolution NCEP-FNL GCM 

products to appropriately represent the urban surface meteorology of two dimensionally and 

morphologically different cities. 

Thus, fine-resolution LCZ maps were first derived using higher-resolution satellite images and 

other geospatial products using a CNN-based model for image classification. The efficiency of 

CNN models for urban areas with high surface roughness, applying the convolution technique 

in training the classification algorithm has led to its selection in this particular case. After 

several iterations, the most appropriate model architecture was identified, which could 

satisfactorily classify the images and generate 3m resolution LCZ products, at an overall 

accuracy of 71.33% and 78.69% for the KMA and GMA regions respectively. On evaluating 
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the LCZ products it was observed that LCZ2, LCZ3, LCZ5 and LCZ6 are the most dominantly 

featuring LCZ classes for both cities, covering more than 90 % of the total urban area. Also, it 

was seen that the complexity of the urban landscape gradually decreased away from the city 

core and the reverse was applicable for the non-built-up classes. 

Since WRF is a model highly dependent on model configuration, the second part of the study 

focused on identifying the most appropriate physical and urban parameterization schemes to 

be integrated with the WRF model to resolve the atmospheric conditions of the study region 

properly. Thus, a series of experiments were systematically designed, which could help in 

building the appropriate high-resolution uWRF model with possibly reduced computation time 

and cost. Evaluating the performance of all the simulations compared to observed datasets, it 

was found that Lin and Kain-Fritsch schemes for MP and CU parameterization, respectively 

were most suitable for the study region, along with the MYJ scheme for PBL, RRTM for LW 

radiation, Dudhia scheme for SW radiation and Unified Noah LSM for land surface 

parameterization. Further on integrating different UCMs to resolve the near-surface urban-

climate interactions, it was found that the BEP+BEM model when coupled with the high-

resolution LCZ products, substantially improves the model performance. Therefore, this high-

resolution uWRF-LCZ coupled model thus configured was further used for detailed study of 

the micro-climate of the considered cities.  
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Chapter 4 

 

 

Micro-scale Variations in the Urban Climate of 

two cities using uWRF-LCZ Coupled Model  

 

 
4.1 Introduction 

The micro-meteorological variations in cities are influenced by a host of different factors such 

as the geography of the region, built-up area fraction, the complexity of urban structures and 

forms, the variety of anthropogenic functions, etc., which govern their radiative feedback on 

the overlying atmosphere. This study adopted a two-city approach to understand the impact-

magnitude of these factors on the immediate meteorological conditions of the respective cities.  

The cities considered for investigation are Kolkata and Guwahati, which reflected similar urban 

fabric and general climatic structure but differed in terms of the scale of urbanization and local 

geography. This chapter includes a detailed analysis of the characteristic inter as well as intra-

scale meteorological variations and surface energy fluxes defined by the nature of urban 

dynamics of both these cities. 

4.2 Methodology 

Apart from the urban physical structure and composition, the micro-meteorological conditions 

of the cities are also defined by the regional climatology of the area. The uWRF-LCZ coupled 

model thus configured was used to simulate the diurnal as well as seasonal variations in the 

micro-meteorology of KMA and GMA regions. Although these regions experience four 

different seasons, the analyses were conducted only for the pre-monsoon (which overlaps with 

the hot and dry summer months), monsoon (which covers the hot and wet summer months) and 

winter seasons. The post-monsoon season, showed lesser significance in terms of 

meteorological characteristics particular to urban climate from the time-series analysis of 

temperature and rainfall over the study regions (Appendix 4.1), and was deliberately excluded 

from this study. It did not possess a distinct or extreme character as that of the other three 
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seasons such as, lowest temperature and rainfall during winters and highest during the 

monsoons, highest temperature and dry spells during the pre-monsoons. Since both the study 

regions experience moderate temperatures and is adequately moist during the post-monsoon 

season, its impact on the meteorological health especially in the case of an urban area is less 

significant compared to the remaining three seasons and thus was not included in the detailed 

analysis. 

Table 4.1 Season-wise Simulation time-scale 

 

The study was conducted for the year 2019 for a period of 10-days during each season, which 

could reflect the general climatic trend of the particular season and avoid local biases. The 

study period was identified by categorically analysing the hourly temperature and rainfall from 

ERA-5 land reanalysis datasets for 2019 provided by the European Centre for Medium-Range 

Weather Forecasts (ECMWF). The days reflecting the peak seasonal character, i.e., high 

temperature and no rainfall during pre-monsoon, high temperature and continuous rainfall 

during monsoon and lowest temperature with no rainfall during winters were selected for each 

city individually. Then a 10-day period with such persistent conditions and common to both 

cities was finally identified so that the study period for both cities could be kept constant to 

optimize the simulation time and cost (Table 4.1). The downscaled meteorological variables 

such as T2, Ts, 10m wind speed (WS), 2m Relative humidity (RH), and cumulative rainfall 

(RF) along with the surface energy fluxes were then analysed to understand the micro-scale 

diurnal and seasonal variations. 

4.3 Results and Discussion 

 

The detailed spatio-temporal analysis of the different meteorological variables over and around 

the cities is important to assess the impact of urbanization. Variations from the mean value for 

all parameters were estimated to effectively depict the differences in spatial as well as temporal 

distributions. 
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4.3.1 Micro-meteorological variations in Kolkata 

The spatio-temporal distributions of 2m air temperature (T2), surface/skin temperature (Ts), 

wind speed (WS), relative humidity (RH) and rainfall (RF); and the sensible heat flux (SHF), 

ground heat flux (GHF) and latent heat flux (LHF) as shown in Fig. 4.1 – 4.5, determine the 

variations in the micro-meteorology of Kolkata and its surroundings. The diurnal variability of 

the parameters was depicted using two distinct local times (LT) i.e., 14:00 hours representing 

early afternoon and 20:00 hours representing late evening (Fig. 4.1 – 4.2). The spatial 

distribution was depicted through the simulated results for the monsoon season due to the 

availability of all variables, including RF. A detailed analysis of the variables was done over 

the predominant LCZ classes, i.e., LCZ2, LCZ3, LCZ5 and LCZ6, to understand the micro-

scale variations within the city. Although the general tendency of these classes is to decline 

from core to periphery, inter-mixing is still prevalent due to the unplanned nature of urban 

development in these cities.  

Table: 4.2 LCZ-wise selected location across KMA from core to periphery to assess local scale 

meteorological conditions. Source: Field Investigation and different primary and secondary 

sources 

 
 

Thus, to avoid biases, multiple locations were selected from each class based on field 

observation and primary and secondary information, and were analysed individually and in 

relation to the others (Fig. 4.4a). Nineteen different locations were carefully selected from 

throughout the city and its surroundings, addressing the influence of the local geographic 

conditions such as the presence of water bodies or closeness from the coast, etc. population and 

TH-3347_176104109



 

76 
 

built-up density, green spaces etc. (Table 4.2). Four locations each were selected from the four 

urban LCZ classes and three from the peripheral region just from the outskirts of the city.  The 

locations were then arranged from the most complex LCZ class (i.e. LCZ2) to the least (LCZ6) 

and then further to the urban periphery just outside the KMA boundary (including LCZ8, 

LCZ9, LCZB and LCZD) according to their individual distances from the central city in 

increasing order, to analyse the inter to intra urban micro-scale meteorological variations (Fig. 

4.4). The diurnal as well as seasonal variations in the micro-meteorological conditions were 

then shown using a class-wise average of each variable at the selected LT (Fig. 4.5). 

4.3.1.1 Near-surface air temperature 

The spatial variations of T2 from its mean during the monsoon season reflect the rural – urban 

differences in air temperature in KMA and its outskirts by ±1.5°C (Fig. 4.1a, b). T2 is highest 

over the core city regions which gradually reduces towards the peripheries and is lowest around 

the areas with dense vegetation cover around the city. It again increases towards the domain 

boundaries due to the presence of smaller urban centres, villages, and other settlements. The 

core city with the highest and most compact built-up configuration is almost 2.5°C to 3°C 

warmer than the surrounding vegetated areas during the day and about 1.8°C to 2.5°C at night. 

However, T2 variations are also visible within the densely built areas of the city in a range of 

0.5°C to 1.5°C (Fig 4.1a and Fig. 4.4a). These differences are governed by the diurnal heat 

exchange between the built-up areas and the overlying atmosphere as represented in Fig. 4.2.  

The SHF as well as GHF values are highest during the day due to the higher heating potential 

of the urban surfaces as well their heat retention capacity. The contribution of SHF is highest 

in the total heat fluxes both during the day and night, followed by the GHF, which also reflects 

the heat storage potential of the surface, and LHF, which is mainly induced by 

evapotranspiration. The value of sensible heat ranges from -40 to 120 Wm-2 during the day and 

-40 to 70 Wm-2 at night with the highest values in the core city region. The GHF heat flux is 

also highest in the core city during the day with values ranging from 0 to 90 Wm-2 which 

declines at night ranging from 5 to 60 Wm-2 with a lower urban-rural difference. The latent 

heat, however, is lowest in the core city and highest along the waterbodies, particularly at night. 

There exists a significant difference in RH between the city and its surroundings, with the 

values being lowest in the complex urban, even during the monsoon season; which is directly 

related to the T2 as well as LHF. It was observed that humidity variations from urban to rural 

is higher during the day, although the absolute values are higher at night (88 to 100 %) 

TH-3347_176104109



 

77 
 

compared to day (80 to 100 %). The higher temperature conditions within the city and the 

abundance of waterbodies, and vegetation along with the influence of moist winds from the 

coasts are responsible for the higher rural – urban contrast in the humidity level. 

 

Figure 4.1: Spatial distribution of the modelled meteorological variables (variations from the 

mean) for the KMA and surrounding regions during a typical monsoon day (24th August 2019). 

(a) Diurnal Variations in T2; (b) Diurnal Variations in Ts; (c) Diurnal Variations in WS. Day-time 

(14:00 LT) and Night-time (20:00 LT)   

On analysing the LCZ class-wise hourly T2 for the 10 day-period during monsoons, the areas 

covered by LCZ2 classes from different parts of the city were found to be the warmest with a 

distinct difference of 0.8 to 1.2 °C compared to the locations covered by the next class. i.e., 

LCZ3 in terms of urban complexity (Fig. 4.4b). However, there also exists inter-class 

differences due to the distance from the city core. The conditions are almost similar for LCZ3, 

LCZ5 and LCZ6 classes which could be attributed to the similar pattern of heat retention 

capabilities. It was seen that the diurnal temperature variations are lowest in the LCZ3 and 

LCZ5 classes compared to the others, which indicates their consistent UHI potential. The 

temperature conditions in the surrounding regions are lowest compared to the classes within 

the KMA area, but the diurnal variation range is the highest. 
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Figure 4.2: Spatial distribution of the modelled variables influencing the radiative feedback 

mechanism (variations from the mean) for the KMA and surrounding regions during a typical 

monsoon day (24th August 2019). (a) Diurnal Variations in SHF; (b) Diurnal Variations in GHF; 

(c) Diurnal Variations in LHF; (c) Diurnal Variations in RH. Day-time (14:00 LT) and Night-

time (20:00 LT)   

 

Figure 4.3 Spatial distribution of the modelled RF and CAPE (variations from the mean) for the 

KMA and surrounding regions during a typical monsoon day (24th August 2019) 

The seasonal variations are shown by the average value of all the locations of the individual 

classes revealing that the potential of UHI is stronger during the pre-monsoon season due to 

the higher differences in the average, maximum and minimum values of T2, which could be 

related to the dry atmospheric conditions (Fig. 4.5a). The daytime analysis is performed 

considering the modelled results from 06:00 – 17:00 LT and nighttime from 18:00 – 5:00 LT, 
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which is kept constant throughout the seasons to avoid complexity, irrespective of the seasonal 

changes in daylight hours. There exists a significant difference between the different built-up 

LCZ classes with a range of 2 – 4 °C (from LCZ2 – LCZ6) and further up to 5 to 6 °C with the 

peri-urban classes. On average, the temperature falls within a range of 0.8 to 1.3 °C from the 

dense urban to the peripheral region (Fig. 4.5a). The min – max variations are also lowest 

during the pre-monsoons both during day and night, which indicates that the prevailing UHI 

conditions are almost evenly distributed throughout the day. During the monsoons, the 

temperature range within each class increases slightly compared to the pre-monsoons, but the 

inter-class difference declines, which can be an impact of the prevailing rainfall conditions 

during this season (4.5b). The inter-class variations among LCZ2 – LCZ5 are the lowest during 

winter, with about 0.5 to 1 °C difference compared to the outskirts both during the day and 

night. However, the min – max variation during winter is highest for LCZ2 at night, forming 

cool islands within the city, mainly as the taller urban canopy cover decreases the heating 

potential of the ground surface (Fig. 4.5c). 

4.3.1.2     Surface/Skin temperature 

The variations in Ts spatially over the city are almost similar to the air temperature conditions. 

Still, there exists a higher difference in the range of temperature values, due to the higher heat 

retention capacity of the surface compared to air (Fig.4.1b), also reflected by the SHF and GHF 

conditions (Fig. 4.2a & b). It was observed that the rural – urban variation during the afternoon 

and late evening is 4 – 5 °C with higher differences during the former. However, as the water 

takes longer to heat up as well as cool due to higher specific heat, the areas covered by water 

bodies both within and outside the city boundary are cooler during the afternoon compared to 

the nearby regions and warmer at night. This difference in Ts also regulates the T2 values of 

the nearby regions to a certain extent. 
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Figure 4.4: Micro-scale variations in the modelled meteorological variables over Kolkata. (a) Selected locations (b) LCZ class-wise variations in T2; 

(c) LCZ class-wise variations in Ts; (d) LCZ class-wise variations in WS; (e) LCZ class-wise variations in R
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Figure 4.5: Micro-scale variations in the seasonal and diurnal patterns of the modelled 

meteorological variables over Kolkata. (a - c) LCZ class-wise variations in T2; (d - f) LCZ class-

wise variations in Ts; (g - i) LCZ class-wise variations in WS; (j) LCZ class-wise variations in RF. 

Pre-Monsoon Period (05/05/2019 – 15/05/2019); Monsoon Period (21/08/2019 – 31/08/2019) and 

Winter Period (05/01/2019 – 15/01/2019)  

Although the LCZ-wise distribution followed the declining trend from the core city to the 

surroundings, there existed internal irregularities between the individual classes which could 

be due to the prevailing local surface conditions such as the influence of water bodies, urban 

green spaces and the general urban fabric (Fig. 4.4c). The decline in the maximum values of Ts 

for the 10-day average period is higher compared to T2 which is mainly impacted by the lower 

temperature conditions of the peri-urban surfaces. However, the variation between the average 

and minimum values is almost the same. Thus, the inter class variations in surface heating are 
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not very distinct among the prominent built-up LCZs, which is almost maintained throughout 

all the seasons, both during the day and night. Furthermore, it could be noticed that, during the 

pre-monsoon season, the average Ts values are slightly higher in LCZ3 and LCZ4 classes 

compared to LCZ2, during the daytime and much higher than LCZ6 throughout the day (4.5d). 

This can be related to the comparatively lower SHF and higher LHF in areas covered by LCZ6 

with more open spaces and green cover compared to the others (4.2a and c). The variations are 

very low for the monsoons and winter between the built-up LCZ classes, although the min – 

max range is high during winter days compared to nights as opposed to the prevailing T2 

conditions which is a result of this effect (4.5e and f). 

4.3.1.3    Wind Circulation 

The urban surface roughness conditions and the city geometry greatly influence wind 

circulations within the cities. This is evident from the spatial variations in WS within the city 

and surrounding (4.1c). The wind speed could reduce even by 5 ms-1 in the core urban areas 

from the surrounding and the difference is more prominent during the night due to an increase 

in the coastal breeze. It is noteworthy that the variations between average and minimum WS 

are very low between the different LCZ classes throughout the city irrespective of the canopy 

height, but a significant difference exists in the maximum values increasing at an average rate 

of 1 ms-1 through the different classes. The urban structures could greatly reduce the high wind 

velocity even during monsoons, as evident from Figure (4.4d). However, the seasonal analysis 

reflected least variations among the LCZ classes during the monsoons as compared to the pre-

monsoons and winter during the daytime as well as at night due to the influence of only the 

local circulations (Fig. 4.5g – i). During both these seasons, the night-time WS in the most 

complex LCZ class (LCZ2) varies on a scale of 0.2 to 0.5 ms-1 from the next (Fig. 4.5g, i). A 

slight decline is visible in LCZ4 regions compared to LCZ3 which could be directly attributed 

to the higher building height in the latter. 

4.3.1.4     Rainfall Intensity 

The response of urbanization to rainfall variations is highly unpredictable, with many studies 

indicating an increase in extreme rainfall events due to urbanization, change in the storm 

cycles, delay in the initiation of rainfall periods etc. (Patel et al. 2020; Rath et al. 2022). This 

study mainly focuses on the influence of urbanization on the synoptic monsoon rains at a local 

scale (Fig. 4.3a). The vertical distribution of convective available potential energy (CAPE) 

required to induce rainfall was analysed along the most urbanized transect of the domain, which 
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has a gaussian distribution of built-up surfaces (Fig. 4.4). It was seen that, the value of CAPE 

is highest along the densest urban section, varying from 800 – 2000 JKg-1 (Fig. 4.3b). However, 

the lower variations over the non-urban regions indicate that the available energy is already 

being utilized to enhance the convection, inducing higher rainfall intensity. On analyzing the 

LCZ-wise hourly RF magnitude over the 10-day period, which experienced light to heavy rain 

episodes ranging from 0.5 – 35 mm, a considerable increase in the average rainfall intensity 

was reported along with the decline in LCZ complexity. The results depicted a difference of 

about 3 – 5 mm in the average rainfall value between LCZ2 and LCZ6 (Fig. 4.5j).  

4.3.2    Micro-meteorological variations in Guwahati 

The Guwahati city shows almost similar trends as that of Kolkata in the general micro-

meteorological context throughout the city. However, significant impacts of the local 

geography is also evident from the results (Fig. 4.6 – 4.10). Similar to Kolkata, a total of ten 

different locations were selected with multiple locations in each LCZ class, depending on the 

areal coverage of each type and the existing geographical conditions (Fig. 4.9a). These 

locations were carefully selected based on field knowledge and various primary and secondary 

sources (Table 4.3). One location each was selected from the LCZ 2 and LCZ 3 zones due to 

the lesser dominance of these areas in the GMA area compared to KMA. Two locations each 

were selected from the LCZ 5 and LCZ 6 regions due to the local variations within the same 

broader region. Three different locations were selected from the outskirts of the city in all 

direction along which the city is expanding and one from near the city center but at a vegetated 

hill slope (characteristic of Guwahati city, Section 1.5.2), to represent the transformation from 

core to periphery of a city. The diurnal as well as seasonal analysis was performed with 

particular emphasis on the monsoon season due to its significance in the region.  
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Table: 4.3 LCZ-wise selected location across GMA from core to periphery to assess local scale 

meteorological conditions. Source: Field Investigation and different primary and secondary 

sources 

 

 

4.3.2.1 Near-surface air temperature 

The diurnal variations in the T2 between the urban and non-urban are higher in the case of 

Guwahati, especially along the southern boundary due to the abundance of densely vegetated 

areas (Fig. 4.6a). The temperature difference is as high as 8°C, which reflects the prominence 

of the UHI effect in Guwahati, irrespective of being surrounded by dense vegetation. The local-

scale variations within the LCZ classes also reflect a steady decline from the core city to the 

outskirts in a range of 0.5 - 1°C between the consecutive classes (Fig. 4.9b). The difference in 

min-max values, along with the increasing complexity, also shows a gradual decline. On 

analysing the surface fluxes, it was found that similar to Kolkata, the contribution of SHF is 

highest in the net radiative forcing varying from -80 to 60 Wm-2 (Fig. 4.7a). The urban – non-

urban contrast in the SHF values is much higher during the day as compared to night. The 

spatial distribution of GHF over the entire domain, however, shows relatively lesser variations 

within the city and outskirts during the day, which rises at night as the heat storage potential of 

the surrounding natural spaces increases (Fig. 4.7b). There is almost no difference in the LHF 

magnitude both during the day and night as the presence of the Brahmaputra River dominates 

the entire region and also as the results are depicted for the monsoon season with higher 

moisture availability in the atmosphere (Fig. 4.7c). Although there exist significant variations 

in the RH values between the city core and the northern part of the domain in a range of 0 to 

25 %, the difference between the city and its immediate periphery differs within 5 to 10 % 

during the day which increases at night (Fig. 4.7d). Thus, it can be noted that the radiative 
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feedback of the prevailing land cover and topographic configuration of the region largely 

govern the variations in T2. The seasonal variability in the day and night temperatures reveals 

an almost similar trend as that of Kolkata with higher variations between the LCZ classes 

during the pre-monsoon season and very least difference during the winters (Fig. 4.10a -c). 

However, unlike Kolkata, the variations are not very uniform even during pre-monsoon which 

generally experiences a significant number of hot and dry days, the frequency of which has 

increased over time. This reflects the influence of the local topography in regulating the overall 

trend in the temperature conditions throughout the city.  

 

Figure 4.6: Spatial distribution of the modelled meteorological variables (variations from the 

mean) for the GMA and surrounding regions during a typical monsoon day (24th August 2019). 

(a) Diurnal Variations in T2; (b) Diurnal Variations in Ts; (c) Diurnal Variations in WS. Day-time 

(14:00 LT) and Night-time (20:00 LT)  

4.3.2.2    Surface/Skin temperature 

The spatial distribution of Ts in the entire domain is also observed to have a crucial relation 

with the general terrain characteristics of the region. It is observed to be critically high during 

the afternoon as well as late evening over the river and other larger water bodies existing in the 

region (4.6b). As the day advances, the water surfaces gradually tend to heat and become even 

fairly warmer compared to the urban surface during the night. This increases the SHF potential 

of the surface leading to local-scale rise in the Ts values. Thus, the river acts as a heat source 
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during the evening hours in the nearby regions, which gradually declines later at night. The 

influence of the river in cooling the city’s atmosphere is prominent from late night (after 00:00) 

till late morning (8:00) hours when the UHI intensity in the compact urban region closer to the 

river is lower compared to that of the areas with similar configuration in the inner city. 

 

Figure 4.7: Spatial distribution of the modelled variables influencing the radiative feedback 

mechanism (variations from the mean) for the GMA and surrounding regions during a typical 

monsoon day (24th August 2019). (a) Diurnal Variations in SHF; (b) Diurnal Variations in GHF; 

(c) Diurnal Variations in LHF; (c) Diurnal Variations in RH. Day-time (14:00 LT) and Night-

time (20:00 LT)   

An almost uniformly declining trend is visible from the LCZ-wise analysis of Ts for the 

Guwahati region with an average variation of 1 – 3 °C in the consecutive classes from core to 

periphery during the monsoon season (Fig. 4.9c). Further analysis of the conditions during the 

other seasons also reveals a similar trend except for the day-time Ts values during pre-

monsoons, showing a higher range in LCZ5 classes compared to LCZ2 and LCZ3, which could 

be attributed to the local surface fabric and urban canopy height in the region (4.10d – f). The 

winter temperatures almost follow a similar trend as Kolkata with highest variations in the min 

– max range, indicating cooler mornings and warmer afternoons.  

4.3.2.3    Wind Circulation 

The spatial pattern of wind circulation in the region is influenced more by the local topography 

and land cover than that of urban (Fig. 4.6c). The variations within the city and its immediate 

surroundings are almost non-existent or considerably low both during the day and at night. 

However, the results of micro-scale analysis between the individual LCZ classes show a 
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gradually increasing trend from the core to the periphery (Fig. 4.9d). The sharp inclination in 

the maximum WS is biased by the higher number of peri-urban classes considered for the 

analysis. However, this also indicates the potential of urban surface roughness in decreasing 

the maximum wind velocity by 5 to 10 ms-1
 even during the peak monsoons. The gradually 

declining WS from the core urban to non-urban regions is however more prominent during the 

pre-monsoon and winter seasons, with highest variation (0.5 to 1.0 ms-1 between the 

consecutive LCZ classes) during the winter nights. 

4.3.2.4 Rainfall Intensity 

The overall analysis of the influence of urbanization on the monsoonal rainfall in Guwahati 

however does not reveal a very distinct pattern. The vertical distribution of CAPE along the 

horizontal transect (extending in the north – south direction) passing along the most urbanized 

part of the city shows a generally higher trend with highest values along the city centre 

(Fig.4.8). This follows the pattern revealed by Kolkata of decline in RF with increase in urban 

intensity. However, the variations within the urban classes do not follow a uniform trend as 

observed in Figures 4.9 (e) and 4.10 (j) classes. The peri-urban classes greatly influence the 

gradual rise in the RF intensity. It is seen that the RF intensity declines from LCZ3 to LCZ4 in 

a range of 3 to 5 mm and again rises in LCZ5 and the peripheral locations. These variations 

could be driven by the local terrain conditions, such as the natural gradient of the surrounding 

orography in the southern extent of the city, the influence of the river etc. Also, the presence 

of small hills within the city boundary may play a significant role in regulating the local scale 

convections even during the monsoon season. 

 

Figure 4.8: Spatial distribution of the modelled RF and CAPE (variations from the mean) for the 

GMA and surrounding regions during a typical monsoon day (24th August 2019) 
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Figure 4.9: Micro-scale variations in the modelled meteorological variables over Guwahati. (a) Selected locations (b) LCZ class-wise variations in T2; 

(c) LCZ class-wise variations in Ts; (d) LCZ class-wise variations in WS; (e) LCZ class-wise variations in RF  
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Figure 4.10: Micro-scale variations in the seasonal and diurnal patterns of the modelled 

meteorological variables over Guwahati. (a - c) LCZ class-wise variations in T2; (d - f) LCZ class-

wise variations in Ts; (g - i) LCZ class-wise variations in WS; (j) LCZ class-wise variations in RF. 

Pre-Monsoon Period (05/05/2019 – 15/05/2019); Monsoon Period (21/08/2019 – 31/08/2019) and 

Winter Period (05/01/2019 – 15/01/2019)  

4.4       Summary and Conclusion 

 
The high-resolution uWRF simulation using the updated LCZ products notably increased the 

potential of the model to detect micro-scale variations in the urban-climate structure of two 

cities differing in dimensions as well as urban intensity but situated in similar climatic contexts. 

The modelled results show a distinct inter-urban variation in the important climate variables 

especially for tropical regions which corroborated with the general urban meteorological 

character. However, since the LULC conditions in cities from the developing regions may vary 
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with small changes in the horizontal distance, further investigations were carried out across 

locations representing the dominant LCZ classes (indicating the urban complexity) present in 

the cities. The results revealed significant intra-urban variations in most of the variables for 

both cities, diurnally as well as seasonally. However, the variations are higher and more 

structured in the case of the larger and more urban-intensive Kolkata city compared to 

Guwahati, especially during the day. The results reflected a gradual decline in the atmospheric 

as well as skin temperature from the city core with the densest urban configuration to the 

immediate least urban surroundings. This pattern existed for both cities more prominently 

during the hot and dry pre-monsoon season, both during the day and at night, indicating the 

formation of stronger UHIs. The conditions are further deteriorated by a significant decline in 

the WS during the same season which has the potential to further aggravate the UHI intensity, 

due to the reduced capacity of the wind system to transport the accumulated heat especially 

along the most compact urban canopies.  

During the monsoon season, the variations are much lower in temperatures as well as wind 

movements for both cities, indicating the dominance of the synoptic circulations over local 

meteorology. However, urban signatures are still visible in the overlying climate for both cities 

in a reduced capacity, more for Kolkata compared to Guwahati. The average air temperature 

variations among the LCZ classes with decreasing urban complexity are higher in the case of 

Kolkata. But, the variations in skin temperatures are higher in case of Guwahati due to more 

prevalence of densely vegetated regions. This is also induced by the highly compact structure 

of the built-up Kolkata, which leads to smaller variations in the skin temperature. The WS, 

however, is similar for both cities, with a uniformly declining trend from core to peripheries. 

It can be understood that the urban structures can even influence the wind movements during 

the monsoon season, characterised by stronger gusts and higher WS. Moreover, the micro-scale 

analysis of the accumulated rainfall does not exactly follow a similar pattern. Although there 

exists evidence of urban – rural contrast for both cases with a gradual decline towards the 

central city, the intra-urban variations are more prominently characterized in Kolkata, whereas 

in Guwahati the variations correspond more with the local geography. This reveals that the 

dimensions of the city and its urban intensity along with the local geographical construct play 

a significant role in defining the influence of urbanization on the monsoon rains. The micro-

meteorology of the urban areas is least affected during winters compared to the other seasons 

except for the wind circulations both during the day and night. 
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Chapter 5 

 

 

Scenario-based Analysis of Urban Micro-

Climate   

 

 
5.1  Introduction 

Cities are dynamic entities that tend to grow and expand continuously in the wake of regional 

developmental change. This process has become faster and more prominent in the case of cities 

from the global south in the recent times due to several interconnected factors, such as recent 

economic and technological advancements in these regions, leading to extreme demand from 

the growing urban population attracted by the opportunities (Gao and O’Neill 2020; Das et al. 

2022). This resulted in the vertical as well as horizontal expansion of these cities, accompanied 

by the growth of a myriad of anthropogenic functions and activities. These changes in the urban 

systems with time reflected evidently in the corresponding micro-climate structure, which also 

transformed accordingly (Giridharan and Emmanuel 2018). Thus, analysing and understanding 

the magnitude of micro-meteorological variability in terms of space and intensity can provide 

better insights to perceive this process's future, especially in the developing cities in the tropical 

region with the more complicated meteorological profile. 

5.2 Methodology 

To develop a deeper understanding of the meteorological transformations with the change in 

the urban systems, two different scenarios were analysed in this study. First, according to the 

growth in urban surface and functioning and the second, according to alterations in 

meteorological forcing due to reduced anthropogenic activities.  
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5.2.1 Impact of urban growth on the urban-climate pattern 

The first scenario, intended to understand the micro-meteorological conditions according to the 

urban growth pattern over of 20 years (2000 – 2019), was analysed for both cities. The urban 

growth pattern was assessed by estimating land use land cover (LULC) conditions for three 

different time periods, 2000, 2010 and 2019 for the KMA and GMA regions. Then, uWRF 

simulations were performed individually for each case with the same model configuration 

established in the previous section, replacing the LCZ maps with the new LULC products and 

keeping the meteorological forcing constant. The 2019 NCEP-FNL datasets were used for all 

three cases to study the climatic variations only under the impact of changing urban surfaces.  

5.2.1.1     Urban Growth Analysis 

The LULC products for each time-period were generated using Landsat images (30 m 

resolution) due to the unavailability of high-resolution Planetscope products for such a longer 

time scale. Landsat products provided by United States Geological Survey (USGS) are one of 

the best and consistently available datasets used in different time-series geospatial analysis due 

to their availability for a more extended time period. Although the WUDAPT method uses 

Landsat images to generate LCZ, it is tough to achieve higher classification accuracy using 

automated image classification techniques from these moderate-resolution data products. The 

absence of ready-made labelled data for model training and the difficulty to categorize the 

built-up areas according to the fine-scale LCZ framework, especially in the case of a highly 

dense city like Kolkata from Landsat images, urged using a different classification scheme to 

derive the time-series LULC maps. A two-class urban classification scheme was adopted for 

this analysis acceptable by the WRF model using the multi-layer UCM called BEP+BEM. 

Since it was observed from the LCZ maps that the majority portion within GMA and KMA 

boundaries consists of the four main LCZ classes, i.e., LCZ2 (compact mid-rise), LCZ3 

(compact low-rise), LCZ5 (open mid-rise) and LCZ6 (open low-rise); the two urban classes 

considered for urban growth simulations were ‘high-intensity urban’ UH and ‘low-intensity 

urban’ UL which may correspond to the compact and open LCZ classes respectively. 

Landsat 5 and 8 products were first acquired for the three time-steps covering the study region, 

which were then pre-processed for radiometric and atmospheric corrections to estimate the 

ground surface reflectance values. The non-parametric supervised learning algorithm Support 

Vector Machine (SVM) was used to classify the images and generate the multi-temporal LULC 

products. The SVM algorithm is based on the concept of structural risk maximization, which 
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helps separate the different data classes by determining the hyper plane for class separation 

with higher accuracy (Gao and Liu 2014; Patel et al. 2020; Talukdar et al., 2020). It is a widely 

used image classification technique applied for classifying Landsat images with better 

performance accuracy compared to other machine learning algorithms like random forest, k-

means clustering etc. (Pal and Foody 2012; Jamsran et al. 2019; Patel et al. 2020). Further, it 

is easier and less computationally intensive to train the SVM compared to the neural network-

based algorithms.  However, as the merit of most machine learning-based classification 

techniques depends on the quality of training datasets, appropriate training samples were 

manually created for each class which could most optimally delineate the margin of the hyper 

plane, also known as the support vector. The samples thus created were randomly divided into 

training and testing datasets in a ratio of 3:2. Apart from that, a proper type and kernel size is 

essential, which could further minimize the classification errors by increasing separation 

between the support vectors. Thus, based on the available literature using SVM algorithms for 

Landsat data classification, the 3 x 3 kernel size was chosen for this study (Patel et al. 2020; 

Wang et al. 2020; Prawin et al. 2021). The model was first trained and tested using the most 

recent images for 2019 for both regions and then the images for the remaining time periods 

were classified using the trained model. The overall accuracy for the classified products was 

then estimated using eq, (3.3).  

5.2.1.2 uWRF Simulation 

The uWRF model configured for the previous analysis with the same domain specifics, 

physical parameterization and urban physics model was used in this study to simulate the 

decadal variations in urban meteorology of both Kolkata and Guwahati cities by replacing the 

default landcover of D03 and D04 with these higher resolutions LULC products for 2000, 2010 

and 2019 thus prepared. The urban roughness parameters were re-adjusted according to the 

urban classes of the updated land cover datasets. The finer scale urban roughness values of 

LCZ2 classes were used for the UH class, and the values corresponding to the LCZ5 classes 

were used for the UL. Simulations were run for a typical rainy day, i.e., 24th of August, 2019 

during the monsoon season for all three time periods by changing the LULC configuration and 

keeping the meteorological forcing constant. This day was selected as an example of a typical 

rainy day during the monsoon season with rainfall episodes distributed throughout the day, and 

was used to show the findings of Chapter 4, so that consistency could be maintained and also 

comparison could be drawn among the different scenarios. 
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5.2.2 Impact of reduced anthropogenic activities on the urban micro-climate 

The second scenario considered for analysis was to understand the magnitude of changes in the 

urban-climatology of the cities with the same surface configuration but reduced anthropogenic 

functions. Although it is almost impossible to reach this scenario in the real-world context for 

any city worldwide under normal circumstances, the opportunity to experience this kind of 

situation was presented during the global lockdown as a response to the Covid-19 pandemic, 

which spanned several months at a stretch. Since extreme restrictions were imposed on the 

normal functioning of the people, the world experienced a sudden fall in all types of 

anthropogenic functions in rural – urban alike. As this rare opportunity presented itself, many 

urban – climate experts tried to understand its direct impact on urban meteorology or air – 

quality during the said period (Dasgupta et al. 2020; Slezakova and Pereira 2021; Chinnasamy 

et al. 2023). A drastic improvement in air quality was observed during this period, especially 

in metropolitan cities from developing countries (Dasgupta et al. 2020). Many studies also 

revealed significant variations in the meteorological conditions of the cities as well as their 

surroundings, depicting the impact – the magnitude of daily anthropogenic activities such as 

transportation, industrial and commercial activities, all kind of jobs that require any energy 

consumption at a larger scale etc. (Chelani and Gautam 2022; Jallu et al. 2022; Liu et al. 2022; 

Shephard 2022). 

This study was conducted to understand the micro-scale variations in the urban climatology of 

a huge and dense urban system like Kolkata and a rapidly developing city like Guwahati, which 

is greatly influenced by fast-paced urban development process. Thus, the high-resolution 

uWRF-LCZ model was executed for 15 days during the first pandemic lockdown phase in India 

from 15th April – 30th April 2020. The period was carefully selected in the latter half of the first 

phase when the initial lockdown days have neutralised the general environment, and the 

environment has reached a stable stage with as minimum anthropogenic activities as possible 

following the guidelines provided by the authorities. Since the spatial transformation of urban 

areas is comparatively slower and less dynamic compared to other physical processes, it was 

assumed that the LULC conditions remained almost the same in 2020 as it was in 2019. Thus, 

the same LCZ products produced for 2019 (using the datasets for the corresponding year) were 

used for the 2020 simulations and using the same model specifics. However, to compare with 

the general climatic pattern for the same period under normal circumstances, the model was 

again simulated for the said period during 2019. The modelled results for the critical 

meteorological parameters were then analysed and compared. 
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5.3 Results and Discussion 

 
5.3.1 Urban Growth Dynamics 

The SVM algorithm for urban classification performed substantially well for both cities with 

considerable difference in built-up intensity (Fig. 5.1). The overall accuracy in the case of 

Guwahati, however was observed to be higher (81%) than Kolkata (77.3%). The highest 

amount of misclassification and over-estimation of urban pixels was observed in the eastern 

part of Guwahati during 2000 and outside the southern extent of the KMA boundary.  Although 

both cities experienced an increasing trend of urban sprawl and intensification in this 20-year 

interval, the rates differed considerably. The rate of increase in the total built-up extent is 

observed to be significantly high for Kolkata (within the KMA boundary) from 2000 – 2010 

(52.45 %), which declined to about 39.6% in the consecutive decade (2010 – 2019), as the 

urban sprawl was more prominent in the surrounding regions of the city during this phase (Fig. 

5.1a). Urban intensification was more pronounced in this region with the increasing pressure 

of population expansion, which resulted in the conversion of UL into UH. An almost similar 

trend was also observed in Guwahati's case, although the urban expansion rate was relatively 

lower (Fig. 5.2b). The urban sprawl rate in Guwahati was 23.9% in the first decade, which 

increased to 34.23% in the second. As opposed to Kolkata, the growth of UH spaces was more 

prominent between 2000 – 2010 (122.34%) as compared to its increase in the subsequent 

decade, i.e., 52.76%. 

5.3.2 Impact of urban growth on the urban-climate 

The modelled results for the important climate variables during the monsoon period revealed a 

considerable impact of urban growth and expansion on the meteorological conditions of both 

cities. As the meteorological and physical parameterization was kept constant throughout the 

simulations, any change in the magnitude and spatial distribution pattern of the different 

variables could be directly related to change in the urban surface conditions. However, it was 

again observed that the changes were more prominent in the case of Kolkata, where the rate of 

urban growth was also more significant compared to Guwahati. 
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Figure 5.1: LULC variations over Kolkata (KMA) and Guwahati (GMA). (a) for 2000; (b) for 2010; (c) for 2019
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5.3.2.1 Variations in T2 

The near-surface temperature condition, which is the major contributor to UHI effect for all the 

three time periods revealed an increasing trend both in magnitude as well as spatial extent in 

the case of Kolkata (Fig. 5.2). The rate was observed to have increased from 0.6 to 1.2°C in 

the core city from 2000 – 2010 both during the day and night. However, the conditions were 

more critical at night, with a larger extent under a higher temperature range. This indicated that 

along with the increase in spatial extent of the UHI condition, its intensity has also increased 

over time. However, a more gradual rise in T2 conditions was observed in the case of Guwahati 

during the study period (Fig. 5.3). The expansion in high-temperature conditions was noticed 

during the daytime simulations, whereas the T2 magnitude was also observed to rise at night 

by 0.3 to 1.2°C. Thus, these results indicated an increase in the night-time UHI intensity for 

both cities. 

 

Figure 5.2: Spatial distribution of the modelled T2 (variations from the mean) for the KMA and 

surrounding regions during a typical monsoon day (24th August 2019) with three different LULC. 

(a) Diurnal Variations for 2000; (b) Diurnal Variations for 2010; (c) Diurnal Variations for 2019  
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Figure 5.3: Spatial distribution of the modelled T2 (variations from the mean) for the GMA and 

surrounding regions during a typical monsoon day (24th August 2019) with three different LULC. 

(a) Diurnal Variations for 2000; (b) Diurnal Variations for 2010; (c) Diurnal Variations for 2019  

5.3.2.2 Variations in Ts 

An analysis of the modelled skin temperature during the afternoon as well as late evening 

however, showed a reverse trend for both cities, with higher variations during the day compared 

to night (Fig. 5.4 and 5.5). The spatial extent of the area with higher surface temperatures 

increases at a rate of 1 to 2°C from 2000 – 2010 and another 1°C from 2010 – 2019 during the 

day. However, the increase in the Ts magnitude is not very significant. Although the spatial 

distribution pattern followed the nature of built-up expansion and, a notable decline in the rural 

– urban temperature variation was observed over the period. The modelled results, however, 

did not show exceptional changes for Guwahati, besides the obvious increase in the spatial 

extent of higher temperatures conditions controlled by the surface fluxes. 
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Figure 5.4: Spatial distribution of the modelled Ts (variations from the mean) for the KMA and 

surrounding regions during a typical monsoon day (24th August 2019) with 3 different LULC. (a) 

Diurnal Variations for 2000; (b) Diurnal Variations for 2010; (c) Diurnal Variations for 2019  

 

Figure 5.5: Spatial distribution of the modelled Ts (variations from the mean) for the GMA and 

surrounding regions during a typical monsoon day (24th August 2019) with 3 different LULC. (a) 

Diurnal Variations for 2000; (b) Diurnal Variations for 2010; (c) Diurnal Variations for 2019  
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5.3.2.3   Variations in WS 

The wind velocity is lowest over the urban areas but, the concentration of higher velocity areas 

diverged in all directions during the recent time (2019) as compared to 2000 in Kolkata, more 

prevalent during the day (Fig. 5.6). This process could be related to the increase of UH 

conditions along the city boundary which increased the urban roughness contrast in these areas 

over time. However, the inner city almost remained unchanged. A similar pattern was also 

observed in Guwahati, with a sudden fall in WS from 2000 – 2010 in the central city, which 

could be related to the sharp increase in the UH class in this region (Fig. 5.7). However, the 

contrast declined in 2019 in the city core, being more prominent in the peripheries. Notably, 

this effect is more prominent during the day than night, indicating lesser variations in wind 

circulation during night for Guwahati. 

 

Figure 5.6: Spatial distribution of the modelled WS (variations from the mean) for the KMA and 

surrounding regions during a typical monsoon day (24th August 2019) with 3 different LULC. (a) 

Diurnal Variations for 2000; (b) Diurnal Variations for 2010; (c) Diurnal Variations for 2019  
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Figure 5.7: Spatial distribution of the modelled WS (variations from the mean) for the GMA and 

surrounding regions during a typical monsoon day (24th August 2019) with 3 different LULC. (a) 

Diurnal Variations for 2000; (b) Diurnal Variations for 2010; (c) Diurnal Variations for 2019  

5.2.3.4    Variations in RF 

The effect of urban expansion on the monsoon rains is more evident in Kolkata's case as 

compared to Guwahati's. On analysing the spatial distribution of cumulative rainfall over the 

urban areas, it is seen that the magnitude, as well as spatial extent of rainfall, increased with 

the increase in urbanization over time within the KMA boundary (Fig. 5.8). The concentration 

of high-intensity rainfall is observed to have bifurcated with the influence of urbanization and 

expanded over the northern half of the city. However, the spatial distribution is not very 

different over the central part of the city with the highest built-up concentration, which 

remained constant throughout the time period. These variations in the cumulative rainfall could 

again be related to the sudden change in the urban – non-urban interface towards the north and 

the peripheries of the KMA region. The vertical velocity of wind increases with the higher 

contrast, leading to the decline in CAPE over those areas, resulting in the enhancement of local-

scale convection. Thus, this evident influence of urbanization on the rainfall pattern results 

from the energy transfer in the urban – non-urban interface rather than the entire urban extent.    
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Figure 5.8: Spatial distribution of the modelled RF (variations from the mean) for the KMA and 

surrounding regions during a typical monsoon day (24th August 2019) with 3 different LULC. (a) 

for 2000; (b) for 2010; (c) for 2019  

 

Figure 5.9: Spatial distribution of the modelled RF (variations from the mean) for the GMA and 

surrounding regions during a typical monsoon day (24th August 2019) with 3 different LULC. (a) 

for 2000; (b) for 2010; (c) for 2019  

The impact of urban expansion on the monsoon convection is not very prominent over 

Guwahati city, which reflected minor variations (Fig. 5.9). However, variations were observed 

along the city boundary towards the east, which showed a constantly declining trend over the 

years, both in terms of spatial coverage and rainfall intensity. These areas also experienced an 

increase in the urbanization level with the gradual decline of the urban – non-urban contrast, 

leading to such rainfall variations. 

5.3.3 Urban-Climate variations due to reduced anthropogenic functions. 

Comparisons of the urban-meteorological conditions for both Kolkata and Guwahati of normal 

conditions experiencing usual volume of anthropogenic activities (15 – 30 April, 2019); with 

that of reduced anthropogenic forcings (15 – 30 April, 2020) during the pandemic show 

significant differences (Fig. 5.10 and 5.11). All three important climate variables, i.e., T2, Ts 

and WS (since there was no rain event during the study period), reflected deviations from the 
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normal condition during this period, indicating the importance of energy consumption and 

emission due to varied range of anthropogenic activities on the urban atmosphere. During the 

pandemic, a significant fall in the T2 values was observed for both Kolkata (1 to 5 °C) and 

Guwahati (1 to 5 °C). The variations were observed to be highest during the afternoons and 

lowest during the night, especially for Guwahati. On analysing the diurnal variations of the day 

with the highest difference, along the four dominant LCZ classes (i.e., LCZ2, LCZ3, LCZ5 and 

LCZ6), it was observed that the conditions almost remained unchanged throughout both the 

cities.  

 

Figure 5.10: Micro-meteorological variations during the Pandemic (2020) and Normal (2019) 

conditions over Kolkata. (a) Average distribution of T2, Ts and WS; (b) Diurnal variations in the 

dominant LCZ classes (LT) 

A notable decline was also visible in the skin temperature conditions at a range of 2 – 4 °C, 

implying that the surface temperature conditions are not only a function of surface 

configuration but can be impacted by the overlying atmosphere. Variations in the total heat 

fluxes induced by the reduced air temperature had a feedback impact on the surface heating 

potential of the built-up spaces, leading to a decline in the Ts values. However, the difference 

between the normal and pandemic phases was evidently higher in Kolkata than Guwahati due 

to denser urban structure. Further, an increase in WS was also noticed in the case of Kolkata (1 

– 4 ms-1), with the highest effect in the built-up areas with higher urban canopy, which could 
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again be attributed to the increase in vertical velocity governed by the heat fluxes. However, 

the differences in WS were not very significant in the case of Guwahati with lesser and non-

uniform variations through all the LCZ classes and the average conditions. This could be due 

to the higher wind velocity during the pre-monsoon season in this region generally experienced 

by the city (Goswami et al. 2022). 

 

Figure 5.11: Micro-meteorological variations during the Pandemic (2020) and Normal (2019) 

conditions over Guwahati. (a) Average distribution of T2, Ts and WS; (b) Diurnal variations in 

the dominant LCZ classes (LT) 

5.4 Summary and Conclusion 

This study analysed two important scenarios extremely relevant to the urban climate conditions 

to understand further the impacts of the urban dynamics on the immediate atmosphere. The 

first scenario focused on the effect of built-up expansion and densification on the important 

climate variables that define a city's climatic construct in the tropical-monsoon region. To 

provide the changing urban configuration information into the uWRF model, the LULC 

products for three different time periods were created using advanced machine learning 

techniques for both cities. The simulated results with LULC as the only varying parameter and 

keeping all the other aspects constant showed that urban expansion and intensification has a 

definite impact on urban-meteorology, especially for Kolkata, which is larger and more 

complex. The air and surface temperature variations increased both during the day and night 

with reducing WS, which reflected the cities' increasing potential for more vigorous UHI 
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formation. The rainfall concentration was also seen to be impacted by the changing urban cover 

dynamics with major impact at the urban – rural interface in both cities. 

The second scenario emphasized the analysis of micro-climate variations on reducing the 

anthropogenic functions of a city, which included a huge reduction in traffic (almost 50 - 75 

%), various industrial activities (75 – 80 %) and different commercial functions (85 – 90%) 

depending on the type of city (Chelani and Gautam 2022; Tibrewal and Venkatkumar, 2022). 

As this rare condition presented itself during the COVID-19 lockdown phase (2020), a 15-day 

simulation was conducted during the pandemic year with the least concentration of 

anthropogenic activities possible in the cities and for the same period the previous year (2019) 

with the usual concentration of vehicular movement, industrial and commercial activities etc. 

This analysis was motivated due to this chance phenomenon of reduced anthropogenic 

functions which is extremely difficult to achieve in the present times especially in urban areas, 

which accommodates the maximum of such functions. A significant improvement was 

observed from the results in the meteorological conditions of both cities with reduced surface 

and air temperature and increased wind speed. Further, the variations are again more evident 

in the case of Kolkata compared to Guwahati, with a higher concentration of anthropogenic 

functions.  

However, it is known that changes in the meteorological conditions especially reduction in 

temperatures are not solely affected by the heat generated by automobiles, industries or 

different commercial activities. This reduction is a combined impact of many factors which are 

directly or indirectly influenced by the decreased anthropogenic functions (Georgii 1969). It 

was collectively recognized by researchers from across the globe that the reduction in 

anthropogenic activities decreased the concentration of different GHGs such as the NO2, CO 

and particulate matter such as PM2.5, PM10 in the atmosphere improving the air quality 

(Dasgupta et al. 2020; Mishra et al. 2021; Liu et al. 2022; Shephard 2022). Thus, the heat 

generated by the LW radiations from the urban fabric as well as the stray heat emitted directly 

by the anthropogenic activities usually trapped within the urban canopy layers dramatically 

reduced during the pandemic lockdown phase (Ghosh et al. 2020; Bhattacharjee and Bharti 

2021; Nanda et al. 2021). Further the wind speed is also increased due to the lesser atmospheric 

pollutant load which helped in transporting the local scale accumulated heat from the urban 

canopies further reducing the UHI effect (Abbassi et al. 2022). However, estimating the amount 

of heat generated from each source could help in utilizing the experience from this rare event 

in strategizing appropriate measures to mitigate the UHI effect by limiting anthropogenic 
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activities in a controlled manner. But segregating the percentage impact of each of the above-

mentioned urban processes is beyond the scope of the present study and could be addressed in 

the future. Thus, these results could be important information for urban planners and 

policymakers for strategizing the deployment of different mitigation measures to improve the 

urban climate conditions.   
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Chapter 6 

 

 

Comprehensive Assessment of Urban Micro-

Climate and Impacts of Mitigation Strategies   

 

 
6.1  Introduction 

 
The type and intensity of urbanization directly influence the various climate-parameters within 

and around a city, which impacts the health and well-being of the city dwellers. The near-

surface temperature conditions, wind circulation patterns, moisture availability etc., 

collectively determine the thermal comfort of the cities. The micro-scale rainfall variability on 

the other hand influences the flooding pattern to a certain extent as it is also factored by the 

hydrological construct of the region and its stormwater management capability. Therefore, it is 

crucial to understand the collective impact of all the variables to assess the cities' 

comprehensive micro-meteorological health. This is important to perceive the overall picture 

of discomfort caused by the different climate variables acting together according to the surface 

conditions at the local level, which may essentially help in implementing appropriate mitigation 

strategies. Thus, this study focuses on assessing the combined effect of the important climate 

parameters towards the thermal comfort of the city dwellers and also tests the potential of 

different heat mitigation strategies in improving the conditions for those parameters. 

6.2 Methodology 

 
6.2.1 Urban Micro-Climate Index Preparation 

 

Composite indices are one of the most widely used techniques to analyse the collective effect 

of several relevant factors on spatial quality assessment studies (Greco et al. 2019; Liu et al. 

2022). This technique has found wide applicability in the case of environmental assessment 

studies concerning any application such as ecological stress, hazards and vulnerability, water 
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quality, sustainability etc. (Zou et al. 2006; Wang et al. 2020; Ghosh et al. 2022). Evaluation 

of different criteria affecting the environment and integrating them using a mathematical or 

empirical approach, to generate an environmental index have often achieved remarkable results 

in identifying the overall distribution of environmental hot and cold spots (Hajkowicz, 2006; 

Oţoiu & Grădinaru, 2018; Gibari et al., 2019). It is to be noted that the environmental hot spots 

in spatial analysis refer to the areas where the environmental condition in general or concerning 

a particular quantity is of the highest quality compared to the other areas and the environmental 

cold spot represents the worst quality. Therefore, a micro-climate index using this technique 

was designed in this particular study to assess the livability of both cities, including the most 

important indicators affecting the general thermal environment. 

6.2.1.1 Weight Estimation of Individual Criteria 

The most important aspect of these composite indices is the assessment of the weightage of 

each individual criterion, which would assert its importance in the overall scenario (Hajkowicz, 

2006; Dobbie and Dail, 2013; Greco et al., 2019). The estimation of proper criteria weight is 

pertinent for the adequacy of the index to explain environmental health according to the 

prevailing conditions and also the data that has been used for the analysis (Liu et al. 2022). 

Here, a hybrid approach of weight estimation was applied which integrated the entropy-based 

weight estimation (objective) and AHP (subjective) techniques, leading to the derivation of 

final weights based on the experience and knowledge of the observer as well as the critical 

aspects of the data used. The detailed process of weight estimation has been explained in Eq. 

6.1 – 6.5. 

i) Initial normalization of Data 

Since each indicator represents a different quantity and is obtained using a different approach, 

it is essential to standardize them to overcome the impact of their magnitude and units. This is 

achieved by the step transformation method using the following equations which normalizes 

each indicator value between 0 and 1, where values close to 0 indicate poorer and close to 1 

indicate better liveability. 

For positive indicators, 𝑋𝑖𝑗
′ =

𝑋𝑖𝑗 −𝑋𝑗,𝑚𝑖𝑛

𝑋𝑗,𝑚𝑎𝑥 −𝑋𝑗 𝑚𝑖𝑛
                                     (6.1) 

 

For negative indicators, 𝑋𝑖𝑗
′ =

𝑋𝑗,𝑚𝑎𝑥 −𝑋𝑖𝑗

𝑋𝑗,𝑚𝑎𝑥 −𝑋𝑗,𝑚𝑖𝑛
                                     (6.2) 
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where 𝑋𝑖,𝑗
′  is the normalized value of the indicator in a particular pixel, 𝑋𝑖,𝑗 is the original 

value of that pixel, 𝑋𝑗,𝑚𝑖𝑛 and 𝑋𝑗,𝑚𝑎𝑥 are the minimum and maximum values of each 

indicator. i = 1 … n, and j = 1 … m, n is the total number of pixels and m is the total 

number of indicators. 

ii) Weight estimation using the entropy-based approach  

This method emphasizes on determining the weights on the basis of the distribution and 

relationship of the pixels with each other for each indicator (Liu et al. 2022). 

        Proportion of ith pixel under the jth indicator:  𝐴𝑖𝑗 =
𝑋𝑖𝑗

∑ 𝑋𝑖𝑗𝑛
𝑖=1

                                        (6.3) 

        The information entropy of an indicator: 𝑓𝑗 = −𝑘 ∑ 𝐴𝑖𝑗
𝑛
𝑖=1 ln (𝐴𝑖𝑗)                            (6.4) 

                                         where, k is the Boltzmann constant, 𝑘 =
1

ln (𝑛)
 > 0 

        Entropy weight of each indicator:               𝑊𝑗 =
1− 𝑓𝑗

∑ 𝑓𝑗
𝑚
𝑗=1

                                              (6.5) 

iii) Weight estimation using the AHP method 

This technique reduces the objectivity and estimates the weights based on the observer’s 

judgement on the indicator’s importance. It combines the qualitative and quantitative criteria 

and constructs a judgement matrix on the basis of pairwise comparison of the indicators with 

each other (Saaty, 2001; Bhattacharjee et al., 2021). Thus, following the 1-9 scale devised for 

criteria assessment (1 corresponding to equally important and 9 corresponding to extremely 

important), each attribute was weighted in comparison to every other in a pair-wise manner, 

according to the effect they ought to have on the eco-environmental condition of the city; and 

the judgement matrix was formed where diagonal values were 1(aij = 1 and aik = 1/aij). Then 

each element's eigen vectors were determined, and each criterion's weight coefficients using 

eq. 6.6. The consistency index was then calculated according to the method discussed in Satty 

(2001), to check the consistency of the designed decision matrix which should be below 0.1, 

beyond which the matrix was reiterated. 

𝑊𝑙 = 
1

𝑎𝑖𝑗∗ ∑
1/

𝑎𝑖𝑘
𝑘

                                            (6.6)          

                                        where Wl is the AHP weight of each indicator 
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The final hybrid weights for each indicator were thus estimated by taking an average of the 

weights derived using the Entropy and AHP methods.  

 

6.2.1.2 Urban Micro-Climate Index (UMCI) 

The Urban Micro-Climate Index was then calculated using the following equation (6.7) which 

integrates the selected indicators according to their respective weights. 

𝑈𝑀𝐶𝐼 = {(𝑎1   ×  𝑓𝑤1 ) + (𝑎2   ×  𝑓𝑤2 ) . . . (𝑎𝑛   ×  𝑓𝑤𝑛 )               (6.7) 

where a represents the individual indicators and fw are the final weights derived for each 

indicator using the above approach 

The UMCI was calculated considering the modelled results during the pre-monsoon season 

which was identified to have the highest urban - rural temperature variations and capable of 

increasing the UHI strength in both cities. The previous analysis revealed the direct impact of 

T2, Ts, and WS on heat accumulation in the urban systems. Besides, RH is also considered as 

one of the significant contributors in thermal discomfort, especially in tropical regions. The 

thermal sensation of the body could be primarily induced by the RH, as wetness of the human 

skin increases with an increase in humidity due to reduction in the rate of evaporation. 

(Fountain et al. 1999; Jing et al. 2013). This may increase the perspiration level of human 

beings, inspiring a perception of discomfort. Therefore, besides the three mentioned variables, 

RH was also added as an important indicator to calculate the UMCI, specially designed to 

identify the most vulnerable zones within the cities having the highest potential to enhance 

thermal discomfort. 

6.2.2 Implementation of Heat Mitigation Strategies 

Various heat mitigation strategies have been proposed to tackle the UHI effect by different 

experts according to the local conditions of the city and the feasibility of their implementation. 

These strategies may range from the use of green infrastructure such as urban lawns, trees, 

green roofs etc; to the application of biophysical or engineered materials such as, heat resistant 

cooling materials for pavements and roofs, super-cooled broadband radiative coolers etc. 

(Akbari et al. 2001; Chow et al. 2012; Georgescu et al. 2015; Khan et al. 2023). Green 

infrastructures are not always feasible in the highly dense developing cities, which encourages 

exploring other potential methods depending on their cost – effectiveness. The adoption of 
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cooling materials is one of the other popular options which is implemented by covering the 

roofs and walls of the buildings and roads using a combination of cooling materials such as 

white paints, thermal reflectors, etc., which increases the value of albedo for all the urban 

surfaces (Morini et al., 2017). The broadband radiative coolers, however are emerging as 

important alternatives due to their effectiveness even during the evening and night-time 

(Georgescu et al. 2013; Khan et al. 2023). The building roofs are coated with materials based 

on titanium dioxide (TiO2) particles on top of silicon dioxide (SiO2) or silicon carbide (SiC) 

nanoparticles, nano porous materials etc. with very high solar reflectivity and sky window 

emissivity (Bao et al. 2017; Zhong et al. 2020; Feng et al. 2021). 

Table 6.1: Numerical Design to implement the heat mitigation strategies 

 

In this study, three different approaches to mitigate the heating potential of the cities during the 

hot and dry pre-monsoon season were tested at the city scale using the high-resolution uWRF 

model, viz. Green-Roof (GR), Cool Materials (CM) and Super-cool Materials (SCM).  These 

strategies were implemented by re-configuring the model with suitable values of albedo and 

emissivity fractions individually for each case (Table 6.1). The numerical design of the 

mitigation strategies was adopted after a systematic analysis of relevant literature for such 

analysis in similar surface as well as climatic conditions (Morini et al. 2017: Mandal et al. 

2018; Chatterjee et al. 2019; Zhong et al. 2019; Feng et al. 2021; Khan et al. 2023). Then the 
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simulated results were compared with the conventional case (CC) to estimate their performance 

with respect to the controlled simulations.  

6.3 Results and Discussion 

 
6.3.1 Comprehensive urban micro-climate analysis 

The UMCI index was used to assess the comprehensive effect of the key climate variables on 

the overall micro-climatic conditions of the city, to identify the vulnerable pockets and the most 

livable areas. The assessment was done for a hot and humid day during the pre-monsoon season 

for both cities, which significantly impacted the thermal comfort of the city dwellers. On 

evaluating the individual indicators, it was found that the spatial distribution of all but RH 

positively influenced on the core city region due to the lower intensity of RH increasing built-

up density (Fig. 6.1 and 6.2). All other indicators showed a negative effect with the increase in 

urban complexity, the intensity of which varied during the day and at night. Thus, a higher 

influence of the negative indicators was observed on the comprehensive meteorological 

conditions of the cities. 

 

Figure 6.1: Comprehensive assessment of urban micro-climate variations in Kolkata using UMCI  

 

Although the UMCI values have a general tendency to increase from the core to peripheries, 

the rise in the day-time UMCI on the western part of the city compared to the core indicates 

the influence of lower wind speed combined with higher T2 and RH conditions in these areas 
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of the city (fig. 6.1). This region is dominated by LCZ5 and LCZ6 classes and a combination 

of dense vegetation and scattered trees which may also play an important role in increasing the 

surface roughness and increase in RH. However, the conditions are normalised during the night, 

with most vulnerable zones being concentrated within the highly urbanized sections of the city. 

Although the T2 values remained high, the reduction in WS and RH levels in the western city 

led to the shift in the worst living conditions from the western boundary during the afternoon 

to the central city at night. 

 

Figure 6.2: Comprehensive assessment of urban micro-climate variations in Guwahati using 

UMCI 

  

The distribution of UMCI values in Guwahati shows a definitive impact of the local geography 

on the urban meteorology along with the urbanization pattern (Fig. 6.2). Besides the regions 

with higher built-up density, the south-eastern parts of the GMA area with lesser urban 

concentration, also reflected as vulnerable during the day. Despite having relatively lower 

temperature values, this part of the city could be thermally uncomfortable due to higher 

concentration of RH governed by the presence of a large lake and numerous wetlands. 

However, the condition is observed to improve at night slightly. On analysing the UMCI values 
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during the late evening, it was found that thermal discomfort increases in the vicinity of the 

river. This could be attributed to the higher Ts as well as RH conditions in these parts which 

promotes thermal discomfort. This implies the benefit of a comprehensive assessment 

technique that could assess the combined effect of different climate variables to understand the 

overall micro-meteorology of the cities. 

6.3.2 Impact of heat mitigation strategies 

The implementation of heat mitigation strategies on the climatic conditions for both cities was 

evaluated by assessing the variations in near-surface air temperature as well as wind 

circulations. The results reflected the efficiency of all these techniques in substantially reducing 

the T2 values in both cases especially in the afternoon when the UHI intensity is the highest. 

(Fig. 6.3). The effect of these strategies was analysed for the different LCZ classes to 

understand the micro-level variations and also to analyse the differences between their 

performance according to urban complexity. Thus, the results for Kolkata reveal that, the 

adoption of different cooling infrastructures performed as expected, with SCM reducing the 

temperature in a range of 2 – 5 °C, followed by CM and GR, which almost showed similar 

impact. The results also indicated better performance of these strategies in the most complex 

parts of the city where the variation is high among the different measures. This variation 

gradually declines with urban complexity, showing the role of urban canopy configuration in 

regulating the near-surface temperatures. This condition could also be corroborated by the 

results obtained from the simulations for Guwahati with comparatively less dense urban 

structure, where all the techniques performed almost similarly with slight variations in the 

afternoon. Thus, this analysis could be helpful in finding the most feasible and effective 

solution for heat mitigation according to the urban configuration. If all the strategies performed 

similarly in a region, the choice of adopting the best measure could be decided by its cost 

effectiveness and feasibility of implementation.  
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Figure 6.3: Impact of different heat mitigation strategies on T2 variations for Kolkata and 

Guwahati 

On the other hand, the performance of these techniques in improving the wind circulations are 

not as effective as temperature (Fig. 6.4). It was observed that the implementation of green 

roofs could draw better results in increasing the WS compared to the other two techniques 

based on engineered materials in Kolkata, especially in the less built-up density areas. Notably, 

the performance of these strategies in the LCZ6 with the least complicated urban profile is 

maximum as opposed to the T2 conditions. The results for the Guwahati region, however 

showed almost no improvement in the wind circulation favorable to urban areas, especially 
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among the complex LCZ classes. The conditions slightly improve in LCZ6, where GR shows 

the best results. 

 

Figure 6.4: Impact of different heat mitigation strategies on WS variations for Kolkata and 

Guwahati 

6.4 Summary and Conclusion 

The extensive efforts to understand the micro-scale variations in the urban-climate conditions 

over the cities can help in developing necessary strategies to mitigate the adverse effects of 

urban induced climatic risks. UHI effect and urban floods are some of the most important 

climatic hazards which constantly increase with the rise in urban development. This study 

focuses on understanding the local variations in urban intensity which could contribute towards 
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the thermal discomfort of the city-dwellers. This analysis tries to identify the most vulnerable 

zones within the cities experiencing the adverse effects of all important climate variables which 

affects the thermal comfort. However, the intensity of thermal comfort sensation of the 

individuals is beyond the scope of this study. A composite index was built to assess the 

comprehensive effect of all the variables in inducing thermal discomfort throughout the city 

within smaller horizontal distances. The analysis revealed that, the direct adverse impact of the 

prevailing temperature conditions is compounded by the negative effect of other corresponding 

variables, and could also be improved by their positive feedback. Also, the local land surface 

conditions might regulate the overall climatology of the area, imposing diverse impacts on the 

different indicators. A composite index such as UMCI built by careful consideration of the 

variables and their contributions towards the overall meteorological conditions could prove to 

be a useful tool for the authorities to quickly assess its spatial variations and identify the most 

vulnerable pockets of the city. Such an approach to assess the overall meteorological health 

from the perspective of thermal comfort could not be identified on a careful synthesis of the 

existing literature and thus could be considered as a major contribution of this study. The 

findings of this analysis are particularly important since such higher resolution datasets 

(derived from WRF simulations) for the meteorological parameters considered for the 

assessment are not readily available, limiting the understanding of the negative impact of 

urbanization on the comprehensive urban climate at micro-scale (localities or urban canopy 

level). 

Further, on assessing different heat mitigation strategies on the near surface air temperature 

and wind circulations, notable variations in their performance could be identified in mitigating 

the different variables. It was observed that although the implementation of SCM is more 

beneficial in reducing the T2 especially in the most compact parts of the cities, its relevance is 

the lowest to improve the wind velocities. WS on the other hand could be improved by using 

green infrastructure such as green roofs especially in case of bigger and denser urban structures. 

Besides, it was also evident from the results that a particular mitigation measure is not equally 

effective for both the cities and across the different types of urban densities. Guwahati, which 

is smaller, less urbanized and greener in comparison to Kolkata showed lesser variations in T2 

as well as WS employing the different mitigation strategies. Therefore, it could be concluded 

that the use of comprehensive urban micro-climate assessment in finding the most vulnerable 

zones could be one step forward in planning suitable mitigation policies. Further an appropriate 

mitigation measure could be selected according to its effectiveness in the region and feasibility 
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of implementation. The same mitigation strategy should not be applied throughout any city to 

avoid wasteful use of the resources and should be strategically planned for optimal results. 

From the present analysis it can be suggested that, implementation of SCM to mitigate heat as 

well as improve the wind speed could be more advantageous if implemented in the LCZ 2 LCZ 

3 and LCZ 5 regions in case of Kolkata where as a choice between SCM and CM could be 

made for LCZ-6 depending upon the availability of resources. Further, implementation of GR 

is more advantageous compared to CM in all the four cases since it performed better and is 

cheaper and more durable, providing other benefits such as improvement in air quality, 

regulating wind speed etc. In case of Guwahati mitigating heat by implementing SCM is almost 

equally beneficial for all the LCZ categories and could be adopted depending on the available 

resources. However, either GR or CM could be employed for LCZ 2 and LCZ 3, which showed 

almost similar scale reduction in T2; and CM was more advantageous in case of LCZ 5 and 

LCZ 6 compared to GR due to the influence of naturally available green spaces in these zones. 

Thus, this type of micro-scale analysis in highly advantageous in strategic implementation of 

artificial heat mitigation techniques in cities of different morphological character and 

dimensions to achieve better outcome. The combined impact of the improvement in T2 as well 

as WS on the thermal comfort especially in the dense urban canopies is particularly 

advantageous from the urban planning perspective. 
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Chapter 7 

 

 

Concluding Remarks  

 

 
7.1 Conclusions 

 
The study focuses on understanding the micro-scale variations in the meteorological conditions 

of cities with respect to the local variations in their surface properties. The already complicated 

nature of this process is further enhanced by the extremely compact and heterogenous surface 

configuration of cities from the developing regions, which also coincides with the tropical 

complexities. This study attempted to use the meso-scale NWP model WRF in combination 

with finer-scale urban parameterization to model the energy transfer between complex urban 

surfaces and the overlying atmosphere in order to understand this phenomenon. The thesis 

addresses three major objectives, viz., i.) to optimize the model parameters for high-resolution 

urban climate simulations; ii) to characterize the micro-scale variations in urban meteorology 

over two different cities (Kolkata and Guwahati) according to their surface configurations and 

iii) comprehensive impact of the urban micro-meteorological construct of the cities and 

possible mitigation strategies. This chapter outlines the work carried out in accomplishing each 

objective and their overall outcome to contribute towards understanding this complex 

mechanism. 

The first objective, which dealt with finding the optimal physical as well as urban 

parameterization to configure the WRF model according to the surface configuration as well 

as general climatology of the study region, is presented in Chapter 3 of the dissertation. To 

achieve this, at first high-resolution LCZ products were generated using multispectral satellite 

images and deep-learning techniques for image classification. Then, appropriate physical 

parameters to resolve the climatic construct were identified by performing a set of experiments 

with different combinations of suitable physics schemes integrated with the WRF model. 

Finally, the most successful model configuration was further integrated with the LCZ products 
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to achieve the high-resolution uWRF-LCZ coupled model which could appropriately 

downscale the coarser resolution global climate products and obtain finer scale urban climate 

variables. The major conclusions that could be drawn from this analysis are 

1. The classification accuracy of LCZ products for compact and heterogeneous cities most 

prevalent in the global south could be improved by improving the classification 

algorithm. The use of a CNN-based model in this case improved the efficiency of 

classification technique by enhancing the accuracy of the classified products, and could 

be applied for other such cities. 

2. The built-up extent of both cities (i.e., with the KMA and GMA regions) is dominated 

by the four major LCZ classes namely, LCZ2, LCZ3, LCZ5 and LCZ6. 

3. The Kain-Fritsch cumulative scheme in combination with the Lin microphysics models, 

were identified as most appropriate to scale the effects of convective as well as shallow 

clouds and resolve the water vapour, cloud and precipitation processes in the study 

region. 

4. The BEP+BEM multi-layer UCM was found to be most effective in modelling the 

three-dimensional and intricate exchange process of different urban elements with the 

atmosphere. 

5. The uWRF-LCZ coupled model significantly improved the efficiency of the meso-scale 

WRF model to simulate micro-scale climatic parameters for such a complex urban 

setup. 

The second objective of the study was to analyse micro-scale variations in the simulated 

meteorological variables for different scenarios, to establish a relationship between the nature 

of urban surface morphology with the overlying climate. Details of the different scenarios 

evaluated and the derived results are presented in the Chapters 4 and 5 of the thesis. The 

different scenarios simulated by the model included i) seasonal variations in the urban micro-

meteorology, ii) variations governed by the urban growth pattern, and iii) the effect of reduced 

anthropogenic functions on the urban climate conditions. The major conclusions from these 

analyses include the following. 

1. Micro-meteorological variations between different parameters according to the 

dominant LCZ classes representing the most complex built-up extent to the least urban 

surroundings showed a gradual change, almost for all the simulated scenarios which 

complied with the general trend of urban complexity distribution.  
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2. The LCZ-wise seasonal analysis revealed that the pre-monsoon season has the highest 

variations in the important variables like temperature (including T2, Ts) and wind 

circulations between the different LCZ classes according to their declining complexity. 

This indicated towards the city’s higher potential in strengthening the UHI effect during 

this season leading to increasing thermal discomfort towards the city core. 

3. The impact-magnitude of urbanization on the monsoon convections is largely 

determined by the dimensions of the city and the level of urban intensity along with the 

local geography of the region. 

4. Although the rainfall intensity was lesser in the core city areas compared to the 

surroundings, its gradual decline with the increasing urban complexity is not constant 

for both cities 

5. A steady relationship was observed in the impact of changing size and urban intensity 

of the cities on their micro-climate behaviour. 

6. Reduction in the anthropogenic functions of the cities could significantly improve their 

meteorological character, more prominently in case of larger and more complex urban 

setup.  

 

The third objective undertaken in this study analysed the overall micro-climate behaviour of 

the cities combining all important meteorological variables during the pre-monsoon season, 

which experiences most severe climate impacting the health and well-being of the residents, 

especially in Kolkata. Several heat mitigation measures were also tested to determine a better 

implementation strategy to address the adverse conditions according to the nature of built-up 

distribution in the cities. The detailed analysis presented in Chapter 6, helped in deriving the 

following important conclusions. 

1. The creation of the UMCI could help in understanding the compound effect of different 

climate variables on the micro-meteorological character of a region.  

2. The spatial variation in the overall climate of the cities corresponds directly with the 

urban density and is largely governed by the heat island intensity. Following the general 

behaviour, the city core with highest morphological complexity is identified to be the 

most vulnerable zone. 

3. The adverse effect of a particular climate variable may be intensified or improved in 

combination with other variables. 
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4. UMCI could be an important tool for quick estimation of micro-scale variations in the 

urban climate and in finding the best and most vulnerable living conditions in a city, 

also aiding the implementation of suitable mitigation strategies. 

5. The use of different heat stress mitigation strategies could potentially reduce the 

atmospheric as well as surface temperatures along with improvement in wind flow 

patterns over both cities most significantly during daylight hours. 

6. It is not necessary that the same mitigation measure could improve the conditions alike 

for all parameters and throughout the city. 

7. The impact of artificially generated heat mitigation strategies is higher in case of more 

complex urban setup like Kolkata compared to Guwahati where the role of natural 

surfaces in mitigating the thermal environment is much lower.  

Thus, based on the two-city approach, the entire study comprehended a remarkable influence 

of the dimensions and nature of urban complexity on the overall and micro-scale urban 

meteorology. 

7.2 Limitations and Recommendations 

 

Some of the major limitations which are recommended to be addressed in future works of this 

study include 

1. The limited period of simulations for each considered case could bias the perceptions 

regarding the process. Thus, increasing the time scale of analysis by including more 

days from consecutive years could help in concretizing the conclusions drawn. 

2. The impact of urbanization on monsoon rains could be influenced by the local 

geographical setup of the region and therefore should be tested for other similar urban 

cases. Simulations for more time periods, along with increasing urban dynamics could 

also help in establishing a better picture. 

3. The micro-scale variables derived from this analysis could be further analysed using 

robust techniques to understand the urban – atmosphere interaction dynamics at the 

local scale. 

4. The 1 km resolution output could be further downscaled to understand canopy level 

analysis using more refined and better resolution models for in-depth building-level 

analysis.  
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APPENDICES 

Appendix 3.1a: Confusion Matrix for LCZ Kolkata 
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Appendix 3.1b: Confusion Matrix for LCZ Guwahati 
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Appendix 3.2: LCZ-wise Urban Roughness Parameters 
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Appendix 4.1: Gridded average daily T2 and RF 4 different time periods (1989, 1999, 2009 

and 2019) over (a.) KMA and (b.) GMA regions.  

(a.) 

 

(b) 

 

Data Source: European Center for Medium Range Weather Forecast (ECMWF) ERA5 – Land 

Reanalysis datasets at 9 km grid Resolution 
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