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ABSTRACT 

 
      The urban anthropogenic heat flux (AHF), which is one integral part of the 

deteriorating urban thermal environment, is seldom discussed for its ambiguity to 

accurately measure over heterogeneous land surfaces. Here, relying on remote sensing 

technology and meteorological models, AHF is estimated and illustrated on April 18, 

2017 over NYC area. Furthermore, a few independent variables are developed in order 

to possibly explain the variations of anthropogenic heat flux, including road density, 

impervious surface area percent, building shape coefficient, standard deviation of 

building height and street canyon aspect ratio. On both community district and census 

tract level, four of the five variables (road density, impervious surface area percent, 

standard deviation of building height and street canyon aspect ratio) demonstrate 

steady significant linear relationships with anthropogenic heat flux. A final spatial 

error model suggests that 71.8% of AHF variation can be explained after spatial error 

term was incorporated. The results implicate that some planning and designing indices 

associated with urban developments like buildings and roads should be taken into 

consideration for a benign thermal environment. In this case, a compact sub-city level 

spatial unit with diversified building heights and minimum exploitation to pervious 

land is a good example in terms of AHF mitigation.     
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CHAPTER 1: INTRODUCTION 
 

1.1 General background of urbanization 

      Urbanization, mostly referred to as a shift of population from rural to urban 

residency and the subsequent adaptation behaviors from people and the environment, 

has been growing rapidly after World War II. According to the UN, the number of 

people living in urban areas has been increasing from 30 percent in 1950 to around 55 

percent by the end of 2018 (United Nations, 2018). It has already become alerting 

enough for the tendency of massive population aggregation throughout the world, 

though there are variations in different continents or countries for population density 

and its increasing rates. 

      Summaries and comparisons have widely been done in different countries or 

regions with different size, population, economic development level in order to find 

out similarities and contrasts. Latin American countries, especially Brazil, are notable 

for their extremely high urbanization rates since the 1960s. It was once a puzzle for 

them to be so highly urbanized and many scholars concluded that “they are even more 

urbanized than industrialized” (Durand et al, 1965). Till the 2010s, they still keep a 

relatively high urbanization rate of averagely around 80 percent leading the world, 

though economic crises and recessions have occurred among them (Chen et al, 2014). 

Such inconsistency used to shock people, who joked that “Urbanization is occurring 

without any industrialization” (Arriaga, 1968). On the contrary, other countries are 

commonly considered to be urbanized together with their economic performance. For 

example, systematic urbanization used to happen much earlier in the United States 
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than any other country, as did its per capita GDP. Meanwhile, urbanization in India is 

increasing steadily from a low value in the 1960s and China is witnessing a rapid 

increment of the urban population together with its booming economy since 1978 

(Chauvin et al, 2017). Similar to North America, it is reported that three-quarters of 

the European population lived in urban areas until 2015 and urbanization has shown a 

positive relationship with economic factors like income, labor productivity, etc. The 

internal gap between Eastern Europe and Western Europe before the 1950s was 

reduced due to a rapid recovering pace until 1990s in Eastern Europe (BBVA 

Research, 2016). Though currently a much smaller percentage of the population is in 

African cities, this continent is facing rapid increase since past decades and is 

estimated to increase fast until 2050, especially south of the Sahara (Guneralp et al, 

2017).  

       
1.2 Overall side effects of urbanization 

      Undoubtedly, fast urbanization tracing back to the beginning of the Industrial 

Evolution has brought to humankind too many problems that we have never 

encountered in agricultural ages despite its fundamental contribution to economic and 

social development. Cities have gradually changed their impression on people as 

places where small-scale trading, fete ceremonies, religious activities happen to spaces 

which offer a greater stage for centralized industrial production, massive transactions, 

explosive information exchange and all other kinds of novel industries. Problems arise 

when naturally scattered human activities are intentionally aggregated in one certain 
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point. Such behaviors could probably be thought of as posing an over-deprivation of 

resources to local landscape and ecological balance.  

      Consequent urban problems include all kinds of pollution (water, air, soil, light, 

etc), over-exploitation, food security, natural landscape damage, increasing 

vulnerability to disasters, influence on habitats for wildlife and so on. Various studies 

have been carried out to explore urbanization’s physical impact on its original 

geographic entity. Riley et al (2003) researched bobcats and coyotes’ exposure to 

human developments and showcased the differences between genders and species 

reacting to non-natural constructions. Investigations on a small mammal community in 

Warsaw, Poland showed that small mammals’ inhabitation is very sensitive to the 

degree of human pressure and is highly restricted by land-use isolation (Gortat et al, 

2014). Han et al (2014) first examined the impact of urbanization on urban PM 2.51  in 

China. Significant statistical correlations between PM 2.5 and urban population and 

urban second industry fraction suggested a potential influence of urbanization on PM 

2.5 concentrations. An urban soundscape study was carried out and confirmed the 

annoyance caused by urban noise, especially when people are in a status of fully 

working (at work) or fully resting (at home) (Vianna et al, 2015). Deosthali (1999) 

analyzed the impact of fast urbanization on local climate through model simulation. 

Srinivasan et al (2013) advocated that new urban planning strategies are needed for 

both centralized and decentralized methods to reduce water resource vulnerability in 

Chennai, India. The inhibitory relationship between agriculture productivity and 

                                                 
1 PM 2.5 refers to atmospheric aerosol particles (also known as atmospheric particulate matters) that 
have a diameter of less than 2.5 micrometers. 
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urbanization has been confirmed by many studies (Malik & Ali, 2015; Tripathi & 

Rani, 2018), which makes food security always a serious problem in the context of the 

urban-rural counterpart, particularly in developing and undeveloped countries. A 

comparison study in Beijing, China revealed that urban development imposed much 

more changes to landscape patterns in plains than the mountainous area (Zhao et al, 

2016). In sum, various urban “symptoms” have been reported from global cities, 

which are giant challenges to our new lifestyle.  

 

1.3 Urban thermal environment and Urban Heat Island (UHI) 

phenomenon 

      Part of urban climatology, urban thermal environment is one of the essential 

ingredients affecting people and all other creatures’ perception of comfort in most of 

the artificially altered areas. Moreover, brutally hot air in some densely populated city 

areas is increasing the risk of mortality (Laschewski & Jendritzky, 2002; Tan et al, 

2010). For tropical cities, a deteriorating heat environment would also be no longer 

friendly to human outdoor activities (Ahmed, 2003). Therefore, understanding thermal 

change and its generation, distribution and dissolution within the urban area are of 

great importance to urban planners and regional scientists. 

      The genesis of the concept of urban heat island is probably due to people’s 

sensitivity to the variation of air temperature. Luke Howard firstly described the 

contrast of air temperature between urban and rural London in the 1810s (Mills, 2008). 

Manley (1958) later defined this phenomenon by the name of “Urban Heat Island 

(UHI)” when he recorded the snowfall variations in urban and rural areas, which 
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became the official name since then. It is now commonly believed that underlying 

surface change, air pollutions, human-related waste heat emissions and so on 

contribute to such isolated high-temperature “islands” in clustered human 

developments. Urban heat islands exhibit spatial and temporal variations. Spatially, 

UHI hotspots usually appear in places with larger population density, larger building 

density, more centralized industries and less vegetation cover. Temporally, there are 

periodical changes both daily and seasonally: diurnal UHI intensity is usually smaller 

than it is at night, and winter urban heat island intensity is often greater than the value 

in summer in magnitude.  

      It has long been a concern for quantifying UHI effects within a specific geographic 

area. One original approach for the measurement of UHI intensity is by deploying 

equipment in-situ both in the urban built-up area and in suburbs (Yang et al, 2013; 

Earl et al, 2016), then the differences could be derived for representing every urban 

point. Obviously, it’s the most accurate method for certain spatial points in certain 

time periods, according to the definition of UHI. However, it would be laborious and 

costly if a large number of observations is required due to data collection, facility 

maintenance, etc. The emergence of the aerial earth observation system provides 

alternative choices to simplify bulk data collection and calculation. Rao (1972) first 

came up with the idea of utilizing thermal infrared data acquired by satellites to detect 

urban areas and applied it to the Eastern United States. A primary overview was done 

by Gallo et al (1995) on a few satellite-based urban thermal studies from 1972 to 

1995. He also emphasized the future prospect of Normalized Difference Vegetation 

Index (NDVI) in the urban thermal environment obtained from satellites. Urban 
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climate research started to grow exponentially since 2005, which could probably be 

attributed to first, the rapid pace of urbanization and global warming, and second, the 

progress in remote sensing technology and computing power (Zhou et al, 2019). 

However, it is notable that although a utilization of land surface temperature obtained 

from satellite sensors could act as a good proxy of horizontal heat distribution 

(especially for citywide or regional scale), it’s not the actual urban air temperature 

surplus that deducted from a base site in the rural area as we traditionally defined.  

      Longtime efforts have been put into exploring the causal function behind the urban 

heat island phenomenon, along with the improvement of measuring approaches and 

furthermore, identifying possible solutions to mitigate urban heat stress. According to 

one research across North America (Zhao et al, 2014), five main contributors were 

proposed as contributors to UHI intensity (which are likely to be applicable all over 

the world): human-related sources, surface albedo, heat storage in infrastructure (e.g. 

buildings, pavements), evapotranspiration and energy transfer between land and lower 

atmosphere. Such conclusions have been/are being verified in many studies. 

Kolokotroni (2007) stated that cooling load in urban London burdened 25% more of 

energy consumption than a rural area, which negatively contributed to thermal 

environment. Asphalt concrete’s thermal properties are proved to significantly 

correlate with UHI intensity because of its low albedo and high volumetric heat 

capacity (Mohajerani et al, 2017). Lack of vegetation in cities is another direct reason 

for heat aggregation because of consequently smaller latent heat storage. A reduction 

of evapotranspiration has been found in Tokyo due to urbanization and in turn, the 

total hydrological condition was changed (Kondoh & Nishiyama, 2000), which might 



10 
 

even more attribute to a warmer environment. Similar findings are shown in many 

publications confirming the essential role of these factors for increasing UHI intensity 

(Du et al, 2016; Kondoh & Kikegawa, 2003; Santamouris et al, 2001). In addition, 

some temporary variables may impact UHI intensity as well, like meteorological 

conditions (Kim & Baik, 2005; Pongracz et al, 2006), population (Tran et al, 2006), 

urban geometries (Zhou et al, 2017) and so on.   

      As a consequence, many attempts were made in order to find out possible 

mitigation options. Embarking on sources listed above, mitigating measures are 

usually started from planning and designing levels. For instance, on the city block 

scale, a study in Tokyo argued that the reduction of air-conditioning system energy 

usage and the increase of residential green canopy are the most effective two 

directions to cool down cities (Kikegawa et al, 2006). Building design variables like 

surface reflectivity, sky view factor and total height to floor area ratio were suggested 

to be conducive to maximize cross ventilation, which finally help reduced the urban 

heat island effect (Giridharan et al, 2004). Taha (1997) agreed that surface albedo and 

vegetation cover could modify near-ground temperature by conducting both numerical 

simulations and field measurements. Similar conclusions were also drawn by many 

other scholars (Golden et al, 2004; Ihara et al, 2008; Jain & Rao, 1974), agreeing with 

the positive effect carefully considered planning or designing guidelines could have on 

UHI reductions.      
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1.4 Urban energy balance and urban anthropogenic heat estimation 

      Temperature variation is only a superficial phenomenon after the concept of 

energy balance is introduced to subtly understand urban thermal environment. 

      Atmospheric boundary layer (ABL), which is usually around three hundred meters 

to a few kilometers high, is the lowest part of atmosphere. It is dominated by turbulent 

motions and vertical mixing of physical quantities like temperature, momentum, 

moisture, etc. Therefore, it plays an important role for the exchange of mass and 

energy between higher atmosphere and earth surface. The urban boundary layer 

(UBL) is a concept similar to atmospheric boundary layer. It refers to an internal 

boundary layer formed when air flows over a city. Consider an existing 2-D urban area 

with the atmospheric boundary layer height as the third axis: within this giant cubic-

like space, physical laws of conservation of mass, momentum, moisture and heat hold. 

That is to say, all the quantities flowing in such a control volume must equal the ones 

flowing out plus the part stored in the entity in certain time periods. In terms of the 

heat budget at any instant moment, Oke et al (2017) summarized the balancing 

relationships:  

For natural surface (e.g. grass, wood, wetlands): 

𝑄𝑄∗ = 𝑄𝑄𝐻𝐻 + 𝑄𝑄𝐸𝐸 + 𝑄𝑄𝐺𝐺 

For non-natural surface (e.g. urban units): 

𝑄𝑄∗ + 𝑄𝑄𝐹𝐹 = 𝑄𝑄𝐻𝐻 + 𝑄𝑄𝐸𝐸 + ∆𝑄𝑄𝑆𝑆 + ∆𝑄𝑄𝐴𝐴 
Where 

Q* is net radiation – the incoming radiation at all wavelength;  
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QH is sensible heat flux – the turbulent or conductive heat flux that is not associated 

with phase change; 

QE is latent heat flux – the turbulent flux of heat that is associated with phase change; 

QG is ground heat flux – the conductive flux of heat between subsurface and surface; 

QF is anthropogenic heat flux – the flux of heat generated by human-related sources; 

ΔQS is heat storage flux – the temporal flux of heat stored in all elements within 

urban boundary layer (air, biomass, soil and built-environment), which is hard to 

precisely measure in short time periods but can be assumed as zero if integrated over a 

24-hour period (Sailor, 2011); 

ΔQA is advection heat flux – transport of heat flux horizontally due to spatial 

heterogeneity, usually negligible on relatively flat terrains. 

 

 

 

 

 

 

 

 

 

 

 
 

 

       

Figure 1.1 Heat flux balance for two scenarios (a. natural surface; b. urban surface). 
Source: Oke et al, 2017. 
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       Obviously, compared with natural surface, anthropogenic heat flux (AHF) plays a 

key role in determining heat budget balance within the urban extent. What’s more, it’s 

notoriously intervening in the original tradeoffs between atmosphere and land surface 

due to the wildly growing human activities. Hence, it’s becoming more and more 

urgent to deliberate on the anthropogenic heat sources for the sake of mitigating urban 

heat island effect, including its composition, distribution, magnitude, etc.  

      Numerous studies have been carried out aiming to calculate this fluctuating term 

as precisely as possible. They can be categorized into three types in terms of 

methodology (inventory method, building energy modelling and surface energy 

balance model) and each of them has its pros and cons, as concluded by Sailor (2011). 

In other words, there is no perfect way to accurately estimate anthropogenic heat flux 

for the elusive heterogeneity over urban terrains. A few existing attempts on urban 

anthropogenic heat estimation are listed here: 

1) Energy-source inventory 

      Generally speaking, it is the accentuated exploitation of the earth’s primary energy 

that contributes to the acceleration of energy conversion, along with which more and 

more waste heat is coming out and emitted into the air. A thorough traverse of energy-

use sources was conducted and thus, building, traffic, industry and human metabolism 

are identified as the four domains taken into account in this bottom-up method (Chen 

& Hu, 2017; Sailor, 2011). Though different urban areas vary a lot in terms of 

population density, supporting industries, commuting behaviors, etc, there is a 

common sense for the share of these four sources which believes that human 

metabolism accounts for the least part, usually under 5 percent, followed by the other 
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three primary contributors with nearly 30-35 percent each. Some updated research 

alternatively incorporated heat from point sources and area sources for the calculation 

of energy usage (Lee et al, 2009), which in essence is a disintegration of building 

energy sector. Inspired by this fundamental idea, Taha (1997) collected a series of data 

of early work before 1975, which showed that anthropogenic heat typically ranged 

from 15 to 150 W/m2 in some North American and European cities. Experiments in 

Lodz, Poland came up with the conclusion that monthly averaged anthropogenic heat 

flux in Lodz ranging from 12W/m2 in summer to 54 W/m2 in winter (Klysik, 1996). 

Fan and Sailor (2005) implemented the inventory method in Philadelphia and found a 

peak anthropogenic heating at the city scale to be 60 W/m2 in summer and 

approximately 90 W/m2 in winter. Furthermore, in another paper, David Sailor and his 

collaborators (2015) developed a nationwide anthropogenic heat database for 61 of the 

largest cities in the United States and asserted the universality to other international 

cities if robust data sources are available. Other recent work includes: Hamilton et al 

(2009) concluded a spatially and temporally averaged anthropogenic heating in 

London was about 9W/m2, but the diurnal and spatial variations were significant; An 

average of 113 W/m2 is calculated in commercial area of Singapore (Quah and Roth, 

2012). A detailed work with a spatial resolution of 200 * 200 m was done in the 

Greater Metropolis of Manchester with statistics and proxy data. The result turned out 

to be a mean heat emission of 6.12 W/m2 across the total area. In the meantime, 

variations among differentiated land use and different sectors were quantified too 

(Smith et al, 2009). On such a small scale, it is usually both laborious and very hard to 

get true and accurate data, like electricity use and traffic counting. Therefore, this 
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approach is basically good for a mean estimation temporally on certain large 

administrative level (cities, counties or states) and is assumed to be smaller than the 

real number because of the ignorance of residuals outside four domains listed above. 

Plus, the inborn drawback of assuming energy consumption is equivalent to 

anthropogenic sensible heat emissions makes us a little away from the precise truth. 

2)  Building energy model 

      Considering that heat emission from buildings is widely thought to be the biggest 

source of anthropogenic heat (Heiple & Sailor, 2008; Smith et al, 2009), many 

scholars have concentrated on its estimation by building appropriate models, typically 

in a small spatial scale like blocks. At the same time, the complexity of building 

structures adds more challenges to a careful modelling of energy use in a construction, 

whereas modelling results can be pretty close to the reality. This method is very biased 

in fully representing the whole energy balance system for its intentional neglection of 

other terms like transportation and metabolism. However, it performs well acting as a 

sub-model to be merged into the inventory methods because of a detailed evaluation of 

factors like building occupants, radiative transfer through windows, efficiency of air 

conditioning systems, etc (Kikegawa et al, 2003; Kikegawa et al, 2006). Many models 

have been developed to parameterize building-dominated urban surface energy 

balance. The town energy model is one of the earliest to estimate building heat 

emission to the atmosphere (Masson, 2000). Nie et al (2017) combined Building 

Effects Parameterization and Building Energy Model (BEP-BEM) with Weather 

Research and Forecasting (WRF) model to investigate urban anthropogenic heat’s 

impact on summertime rainfall in Beijing, China. This BEP-BEM model was initially 
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proposed by Martilli for computing building surfaces’ impact on meteorological 

parameters over typical urban areas (Martilli et al, 2002). Air-conditioning heat 

partition was specifically emphasized in the building energy model to understand its 

influence on the physical environment in Hong Kong (Wang et al, 2018). In short, a 

building energy model is essentially an inventory-like method, which is a good 

supplement and deepening to the overall energy-source inventories. 

3) Energy budget closure 

      Theoretically, this modelling-based method allows us to precisely monitor energy 

movement into and out of a control volume if we are able to know extremely accurate 

processes of energy flows (Sailor, 2011). Extracted from a closure model as residuals, 

anthropogenic heat reckoned here is completely dependent on four parts – total 

incoming solar energy, heat storage (or say ground heat), sensible heat and latent heat. 

Offerle et al (2005) applied this idea in downtown Lodz, Poland and obtained a 

consistent magnitude with the previous inventory method – around 50 W/m2. Kato and 

Yamaguchi (2005) first combined it with remote sensing technology for an attempt to 

better estimate components like total incoming solar radiation. This is also treated as 

one of the milestones using micrometeorological models for anthropogenic heat 

calculation. Similar work has been done since then with different satellites, including 

Pigeon et al (2007) in Toulouse, Zhou et al (2012) in Indianapolis, Wong et al (2015) 

in Hong Kong, Zheng & Weng (2016) in Los Angeles County, Nitis et al (2017) in 

Athens and so on. Overall, such a top-down method has a differing level of success 

(usually larger than the reality though) and is loosely consistent with the results from 
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previous inventory methods (Offerle et al, 2005), but is more advantageous for its 

flexibility in spatial resolution.
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CHAPTER 2: RESEARCH OBJECTIVES 
 

2.1 Overview 

      People have long realized the problem of the urban heat island effect and have 

been capable of quantifying its effects by different techniques. Statistical regressions 

were also carried out following the quantification, expecting to better explain the 

variations of UHI intensity as an individual variable. Progress was made during the 

past decades. For example, NDVI (Normalized Difference Vegetation Index), sky 

view factor, water body fraction, land use and land cover factors, SHDI (The 

Shannon’s Diversity Index), northness, elevation and so on are widely seen in many 

reports all over the world as functions for surface urban heat island intensity (Chun & 

Guldmann, 2014; Connors et al, 2013; Estoque & Murayama, 2017; Ivajnšič et al, 

2014; Li et al, 2018; Zhang & Wang, 2008; Zhao et al, 2018). Basically, all these 

factors can be classified into two types: natural index (like NDVI) and design factors 

(like sky view factor). In fact, UHI (or land surface temperature) is determined by both 

natural sources and anthropogenic sources. Such a mixture of two types of individual 

variables can’t necessarily demonstrate the total causal relationships, let alone a larger 

proportion of natural indices would possibly skew the results. 

      Meanwhile, there are few studies on the regression of anthropogenic heat flux for 

now, especially on city scale. As far as I know, meso-scale regressions between 

gridded anthropogenic heat flux with high spatial (a few kilometers) and high 

temporal (1-hr) resolution and pollutant emissions have been done in the South Korea 

region (Lee & Kim, 2015) and continental US (Lee et al, 2014) respectively. The 
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results demonstrated a good potential for some human-influenced pollutions like 

carbon monoxide (CO) and nitrogen oxides (NOx) to reconstruct mean anthropogenic 

heat flux on a regional level. 

      Fortunately, the dual development of energy-source inventory and surface energy 

balance model for anthropogenic heat estimation provides us with opportunities to 

separate human and non-human sources of heat budget, and by the way, gives us a hint 

to better model the part solely induced by human activities, although the results from 

the two approaches do not always fit each other. From the top-down approach (surface 

energy balance model), a pixel-level anthropogenic heat flux could be calculated. For 

the bottom-up approach (energy source inventory), it is a good source to look for 

independent variables from the major fields where statistical data are obtained. 

Hopefully, by concentrating on the anthropogenic heat flux and its proved sources, 

statistical relationships could be discovered for explaining the variations of the ever-

increasing human’s contribution to urban thermal environment, which looks more 

likely to be manageable and controllable than the natural components. Learning from 

such a study, suggestions may be devised to optimize current designing guidelines for 

urban planners or regional scientists, so as to counteract the urgent urban heat island 

effect.  

      Definitely, this study has many inherent drawbacks and limitations, mainly 

concerning the accuracy of satellite-and-meteorology-based anthropogenic heat flux 

estimation, the selection of appropriate individual variables and the availability of 

suitably human-sourced statistics. These will be discussed in a later chapter. 
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2.2 Specific questions to answer 

1) What’s the magnitude of land surface temperature as well as anthropogenic heat 

flux in NYC? 

2) How about the thermal distribution within the extent of NYC and is it in accordance 

with the reality? 

3) Which independent variables from the perspective of planning and designing are 

conducive to the variations of anthropogenic heat flux? 

4) Do the conclusions differ in terms of different scales of analyzing units?   
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CHAPTER 3: ANTHROPOGENIC HEAT FLUX 
ESTIMATION 

 
      A successful estimation of anthropogenic heat flux is the basis for the subsequent 

regression. Here, by treating it as the residual term of surface energy balance model, 

our work relies heavily on the evaluations of every other component in the equation. 

All experimental procedures were implemented in ArcGIS and ENVI software for this 

chapter. 

 

3.1 Study area and Datasets 

      The city of New York, which is one of the oldest cities in the United States, is 

situated in southeastern New York State, lying adjacent to the Atlantic Ocean. It has a 

total area of 468.484 square miles (1213.37 km2), including 302.643 square miles 

(783.84 km2) of land and 165.841 square miles (429.53 km2) of water. With the 

highest point of 409.8 feet (124.9 m) on Staten Island (according to Wikipedia), its 

average elevation is about 26 meters above the sea level. The city belongs to a humid 

subtropical climate under Koppen climate classification, with cold and damp winters 

and warm to hot and humid summers. An average of 1270 mm of annual precipitation 

is evenly spread throughout the year. Thanks to the special location, NYC is seldom 

troubled by disasters like hurricanes, earthquakes and snowstorms, but is threatened by 

the emerging problem of sea-level rise. 

      NYC comprises five boroughs: Manhattan, Brooklyn, Bronx, Queens and Staten 

Island, and has a long history of urban development, which may be dated back to as 
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early as the 17th century. Intensive development has substantially altered the land of 

the city and witnessed the overall process for turning it into a mature urbanized area. 

Till now, prosperous economy has attracted over 8.5 million people with different 

origins residing in the city, which makes NYC the most densely populated city in the 

United States. Therefore, it is of great significance to conduct research on the urban 

thermal environment, which could be a good example for other mega-cities.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

       
      A few parameters are required for the calculation of anthropogenic heat flux in 

surface energy balance model, including the weather data (from Weather Underground 

website), land use data (NLCD 2011), remote sensing images (landsat 8 image of 

Figure 3.1 Location and Elevation Map of NYC 
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April 18, 2017), DEM (Aster Global DEM data). The basal shapefiles for NYC area 

(both community district and census tract level) are from NYC GIS department. 

Notably, only one image was used to represent the Spring season in 2017 because of 

the lack of high-quality (majorly cloud-free) and easily accessible remote sensing 

images.  

 

3.2 Net radiation 

      Basically, the net radiation term stands for the net all-wave radiation, which is 

comprised of net shortwave and net longwave radiation flux (Kato & Yamaguchi, 

2005; Zhou et al, 2012). For both shortwave and longwave radiation, they could be 

dissolved as downward part and upward part respectively. So, the equation for net 

radiation flux can be simplified as:   

Q∗ = L∗ + S∗ = L↑ + L↓ + S↑ + S↓ 

Where Q*, L* and S* refer to net radiation flux, net longwave radiation flux and net 

shortwave radiation flux respectively. 

3.2.1 Net longwave radiation flux 

      For the upward part, it is believed that thermal emission from the land surface and 

the reflection of incoming downward radiation are the dominating sources. According 

to Stefan-Boltzmann’s law (the total radiant heat energy emitted from the surface is 

proportional to the fourth power of its absolute temperature) and Kirchhoff’s law (the 

absorption rate of thermal radiation for an object is always equal to its emissivity 

under the same temperature), the calculation of upward longwave radiation flux can be 

re-written as: 
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L↑ = −[εσTS4 + (1 − 𝜀𝜀)L↓] 

Where Ts is surface temperature, ε is surface emissivity, σ is Stefan-Boltzmann 

Constant (5.67*10-8).  

      For the downward part, it was argued by Schmetz (1989) that atmospheric counter 

radiation accounts for the vast majority of downward longwave radiation. Meanwhile, 

the atmospheric counter radiation is a function of atmosphere emissivity and air 

temperature. So, the downward longwave radiation flux can be calculated as: 

L↓ = εaσTa4 

Where εa is atmosphere emissivity (calculated according to Brutsaert, 1975, 

associated with air temperature and actual water vapor pressure), Ta is air temperature. 

Obviously, the estimation of downward radiation is largely determined by air 

temperature, which is a little tricky to obtain. Here I used the self-recorded and 

reported data from 32 personal weather stations which could be found on Weather 

Underground and then did an interpolation over the NYC area. These weather stations 

automatically detected meteorological indexes like air temperature, dew temperature, 

wind speed, air pressure and humidity, which were of great help in my analysis. 
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Figure 3.2 Air temperature interpolation over NYC and locations of weather stations 

 
      The terms for surface temperature and surface emissivity are dependent on the 

remote sensing technology, where the surface emissivity is one of the key 

determinants to the retrieval of land surface temperature. Many algorithms have been 

developed along with the advancements of infrared thermal sensors on satellites. 

Three of them are the most widely seen in literatures: radiative transfer equation 

(Dash, 2005), mono-window algorithm (Jiménez & Sobrino, 2003; Qin et al, 2001) 

and split-window algorithm (McMillin, 1975). Here I used the radiative transfer 

equation (aka atmospheric correction method). The basic idea is that if we disintegrate 

the real radiation emitted from the earth surface which traveled through the 
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atmosphere from the total radiation received by the satellite sensors, theoretically we 

could retrieve the surface temperature by Planck’s law. The following two equations 

are supposed to be applied in the calculation: 

B(Ts) = [𝐿𝐿𝜆𝜆 − L↑ − 𝜏𝜏(1 − 𝜀𝜀)𝐿𝐿↓]/𝜏𝜏𝜀𝜀 

TS = 𝐾𝐾2/ ln(
𝐾𝐾1

𝐵𝐵(𝑇𝑇𝑆𝑆) + 1) 

Where B(Ts) is the thermal radiance of a blackbody, Ts is land surface temperature, 𝐿𝐿𝜆𝜆 

is the radiance value received by satellite sensors, L↑ is the upward atmosphere 

radiance, 𝐿𝐿↓ is the downward atmosphere radiance, 𝜏𝜏 is the atmospheric transmissivity 

at infrared wavelength, 𝜀𝜀 is surface emissivity, K1 and K2 are two constants decided by 

the thermal sensor itself: for Band 10 of OLI sensor on Landsat 8, K1 = 774.8853, K2 

= 1321.0789. 
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Figure 3.3 Standard false color image (R: band 5; G: band 4; B: band 3) of partial NYC 

area on Apr 18, 2017 

       
      A few operations were conducted to pre-process the raw satellite image, including 

radiometric calibration, atmospheric correction and image clipping, which can refer to 

some guidebooks or personal experience and will not be covered here. Normalized 

difference vegetation index (NDVI)1 was then calculated from the atmospherically 

corrected and radiometrically calibrated image. It is a function of red band value and 

near infrared band value (NDVI = (NIR – RED)/ (NIR + RED)). The fraction of 

                                                 
1 NDVI is an index describing the difference between visible and near-infrared reflectance of vegetation 
cover and is often used to discriminate green vegetation cover in certain area. 
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vegetation cover (FVC)1 was calculated using a mature equation (see below) based on 

the NDVI values (Liang et al, 2008). Subsequently, a trichotomy model (water, natural 

surface and urban pixels) developed by Qin et al (2006) was applied here for the pixel-

level estimation of surface emissivity (see below). The rest of the atmospheric profile 

parameters could be obtained from NASA (http://atmcorr.gsfc.nasa.gov) by inputting 

the imaging time and geographic coordinates. 

FVC =
NDVI − NDVISoil

NDVIVeg − NDVISoil
 

Where NDVISoil is the NDVI value of completely bare soil pixel, represented by the 

value at 5 percent cumulative probability of total NDVIs (-0.05 in this case), while 

NDVIVeg is the NDVI value of completely vegetated pixel, represented by the value at 

95 percent cumulative probability of total NDVIs (0.70 in this case).  

ε = �
0.995,                                              for water pixels 

0.9625 + 0.0614𝐹𝐹𝐹𝐹𝐹𝐹 − 0.0461𝐹𝐹𝐹𝐹𝐹𝐹2,   for natural surface pixels
0.9589 + 0.086𝐹𝐹𝐹𝐹𝐹𝐹 − 0.0671𝐹𝐹𝐹𝐹𝐹𝐹2,    for  urban surface pixels

� 

 

 

 

 

 

 

 

 

 

                                                 
1 Fractional vegetation cover (FVC) is a measurement of the ratio of land surface covered by green 
foliage 

http://atmcorr.gsfc.nasa.gov/
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The retrieval result of land surface temperature is shown as follow: 

 
Figure 3.4 NYC land surface temperature distribution at 11:33 AM on Apr 18, 2017 

 

      In sum, according to the all descriptions above, the net longwave radiation flux 

should be: 

L∗ = L↑ + L↓ = 𝜀𝜀𝜀𝜀𝑎𝑎𝜎𝜎𝑇𝑇𝑎𝑎4 − 𝜀𝜀𝜎𝜎𝑇𝑇𝑆𝑆4 

3.2.2 Net shortwave radiation flux 

      Technically, shortwave radiation refers to the solar radiation coming in and out of 

the urban boundary layer. It is much more straightforward than longwave radiation 

because incoming solar radiation is simply related to sun zenith angle, earth-sun 
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distance and air transmissivity at shortwave bands, and outgoing shortwave radiation 

is linearly associated with the incoming one by a multiplier of surface albedo. Many of 

these parameters can be directly found in the head file of satellite images. Therefore, 

the equation below makes it clearer for the calculation of net shortwave radiation flux: 

S∗ = S↑ + S↓ = (1 − α)S↓ = (1 − α)GSC𝐹𝐹𝐶𝐶𝐶𝐶𝐶𝐶𝑑𝑑𝑟𝑟𝜏𝜏𝑆𝑆 
Where α is surface albedo, GSC is Solar Constant: 1367 W/m2, 𝐶𝐶 is solar zenith angle 

(complementary to the solar elevation angle), 𝑑𝑑𝑟𝑟 is the Sun-Earth distance in 

astronomical unit, 𝜏𝜏𝑆𝑆 is atmospheric transmissivity at short wavelength, which is 

empirically considered a function of elevation. 

      One key step is the calculation of surface albedo. Albedo is a dimensionless value 

measuring the diffuse reflection of solar radiation out of a receiving body. High-

resolution narrowband reflectance data can be derived from satellite products, but the 

conversion from narrowband to a certain broadband (e.g. shortwave, near infrared…) 

has been a quite interesting topic. Liang (2001) did a pioneering work coming up with 

the conversion formulae for a series of satellites, including Landsat TM/ETM+, Modis 

and so on, which functioned as a paradigm and was widely used in later studies. 

However, for the newly launched Landsat 8 satellite, there were few studies discussing 

the conversion model. Here, I borrowed the empirical model for the overall shortwave 

albedo from Wang et al (2008): 

 

αSW = 0.2453𝛼𝛼2 + 0.0508𝛼𝛼3 + 0.1804𝛼𝛼4 + 0.3081𝛼𝛼5 + 

0.1332𝛼𝛼6 + 0.0521𝛼𝛼7 + 0.0011 
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Where 𝛼𝛼2, 𝛼𝛼3, 𝛼𝛼4, 𝛼𝛼5, 𝛼𝛼6 and 𝛼𝛼7 stand for the surface reflectance of band 2 to band 7 

of Landsat 8, respectively. 

      In sum, by adding together the net longwave radiation and net shortwave radiation, 

a map of net radiation flux could be obtained. 

 
Figure 3.5 Map of net radiation flux 

 

3.3 Heat storage flux 

      As stated before, the flux of heat storage in an urban-based control volume is 

basically composed of heat stored in buildings, pavements, soils, etc. Therefore, it is 

nearly impossible to figure out the heat flux from every component over a large 

geographic area. In light of previous research, it was usually handled proportional to 
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the net radiation flux, while the coefficient Cg was a constant determined by season 

and land-use type (Kato & Yamaguchi, 2005).  

      Hence, a relatively reliable land-use classification is necessary for the estimation 

of heat storage flux. Theoretically, ENVI and some other remote sensing software are 

capable of generating a classification with satellite images. The built-in functions of 

supervised or unsupervised classification half-automatically categorize all the pixels 

into designated clusters according to spectral properties. However, a satisfying 

classification result relies heavily on a thorough validation and correction to the 

machine’s output, which require a detailed prior knowledge of the experimental area. 

Accordingly, an officially released land-use map by the National Land Cover 

Database (NLCD) which was last modified in 2014 was used here, overcoming my 

personal unfamiliarity for a better classification result (the latest 2016 NLCD map had 

not come out yet when my project was finished). An assumption was made here that 

there was no dramatic land use change (e.g. a conversion from woodland to 

construction land, vice versa) during 2014 to 2016. The original land-use map over the 

whole continental US contains about 95 classes while only 16 of them exist in the 

NYC area. Furthermore, a reclassification was done by joining together some classes 

broadly belonging to one category in order to be in line with the need to estimate Cg 

coefficients. 
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Figure 3.6 6-class reclassification map of partial NYC 

 

      The imaging date: Apr, 18th could be generally thought as spring considering the 

climate features in NYC. Together with the updated classification system, rule-of 

thumb parameters were borrowed and adjusted referencing to previous papers 

(Choudhury et al, 1987; Kato & Yamaguchi, 2005; Silberstein et al, 2001):  
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Table 3.1 Cg values for different land-use types 

Types Value 

Developed 0.7 

Forest 0.1 

Less-vegetated 0.3 

Soil 0.3 

Water  0.2 

Wetland 0.25 

 

      Consequently, the map of heat storage flux is shown below: 

 
Figure 3.7 Map of heat storage flux 
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3.4 Sensible heat flux 

      The sensible heat flux is one of the important terms in climatology studies. It can 

be calculated using the following equations (Allen et al, 1998; Zhou et al, 2012): 

H = ρCP
𝑇𝑇𝑎𝑎𝑎𝑎𝑟𝑟𝑎𝑎 − 𝑇𝑇𝑎𝑎

𝑟𝑟𝑎𝑎
 

Where ρ is air density, which is 1.29 kg/m3; Cp is specific heat capacity of air, which 

is 1004 J/kg*K at 300K; 𝑇𝑇𝑎𝑎𝑎𝑎𝑟𝑟𝑎𝑎 is aerodynamic temperature, which is hard to measure 

and usually replaced by land surface temperature (TS); 𝑇𝑇𝑎𝑎 is air temperature the same 

as the value used above; 𝑟𝑟𝑎𝑎 is aerodynamic resistance, estimated by another model: 

ra =
ln (𝑧𝑧𝑚𝑚 − 𝑑𝑑𝑚𝑚

𝑧𝑧0𝑚𝑚
− 𝛹𝛹𝑚𝑚)ln (𝑧𝑧ℎ − 𝑑𝑑ℎ

𝑧𝑧0ℎ
− 𝛹𝛹ℎ)

𝑘𝑘2𝑢𝑢𝑧𝑧
 

Where 𝑧𝑧𝑚𝑚 and 𝑧𝑧ℎ are the heights of momentum and heat measurements; 𝑑𝑑𝑚𝑚 and 𝑑𝑑ℎ 

are the zero-plane displacement height for momentum and heat; 𝑧𝑧0𝑚𝑚 and 𝑧𝑧0ℎ are the 

roughness length for momentum and heat transfer; 𝛹𝛹𝑚𝑚 and 𝛹𝛹ℎ are stability correction 

terms for momentum and heat; k is Von Karman constant, which is 0.4 typically; 𝑢𝑢𝑧𝑧 is 

the wind speed measured, which is represented by the mean value of a few 

measurements from weather stations. Specifically, because land surface temperature 

(TS) was used to represent aerodynamic temperature (𝑇𝑇𝑎𝑎𝑎𝑎𝑟𝑟𝑎𝑎), the zero-plane 

displacement height (𝑑𝑑ℎ) for temperature can be left out and 𝑧𝑧ℎ could be set as the 

advised height of 5 feet (1.52 meters). By the way, those stability correction terms are 

sometimes neglected (Zhou et al, 2012) for their extreme complexity but very small 

influence to the whole model. Hence, a simplified equation to model aerodynamic 

resistance was used: 
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ra =
ln (𝑧𝑧𝑚𝑚 − 𝑑𝑑𝑚𝑚

𝑧𝑧0𝑚𝑚
)ln ( 𝑧𝑧ℎ𝑧𝑧0ℎ

)

𝑘𝑘2𝑢𝑢𝑧𝑧
 

      What’s more, some terms in this equation were estimated as a whole instead of 

inputting every individual value because of the little information I could obtain, like 

the actual installation heights for those privately-owned weather stations. One example 

is 𝑧𝑧𝑚𝑚 − 𝑑𝑑𝑚𝑚 = 4.92 (m) for the developed area. The reason is that momentum sensors 

(anemometers) are best suggested to be installed about 7 feet (2.1336 meters) over 

obstructions, while the displacement height is supposed to be 2/3 the heights of 

obstructions. So, the value representing 𝑧𝑧𝑚𝑚 − 𝑑𝑑𝑚𝑚 (the difference between sensor’s 

height and zero-plane displacement height) for the built-up area can be estimated as 

2.1336+27.4*0.3048/3 = 4.92 (27.4 is the average construction height in feet from 

building footprints). Overall, the accurate estimation of ra is almost impossible due to 

the complicated spatial heterogeneity. 

      In general, the parameters required for ra calculation are listed as follow (the 

roughness length term 𝑧𝑧0𝑚𝑚 and 𝑧𝑧0ℎ are synthesized and adjusted from Kato’s paper 

(Kato & Yamaguchi, 2005)): 
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Table 3.2 Parameters for aerodynamic resistance calculation 

 Developed Forest Less-vegetated Soil Water Wetland 

𝒛𝒛𝒎𝒎 − 𝒅𝒅𝒎𝒎 (m) 4.92 3.13 2.13 2.13 2.13 2.13 

𝒛𝒛𝒉𝒉 (m) 1.52 1.52 1.52 1.52 1.52 1.52 

𝒛𝒛𝟎𝟎𝒎𝒎 (m) 1.2 0.5 0.1 0.001 0.00003 0.001 

𝒛𝒛𝟎𝟎𝒉𝒉 (m) 0.00012 0.0005 0.001 0.00002 0.0001 0.00002 

𝒖𝒖𝒛𝒛 (m/s) 1.43 
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      Finally, the distribution of sensible heat flux is shown below: 

 
Figure 2.8 Map of sensible heat flux 

 

3.5 Latent heat flux 

      Similar to sensible heat flux, the latent heat flux can be estimated by the following 

equation (Kato & Yamaguchi, 2005): 

LE = ρCp
𝑒𝑒𝑠𝑠 − 𝑒𝑒𝑎𝑎
𝛾𝛾(𝑟𝑟𝑎𝑎 + 𝑟𝑟𝑠𝑠)

 

Where ρ is air density, Cp is the specific heat of air, 𝑒𝑒𝑠𝑠 is the saturation vapor pressure 

(hpa), 𝑒𝑒𝑎𝑎 is the actual water vapor pressure (hpa), 𝛾𝛾 is the psychrometric constant (it is 

approximated as 0.66 if rounded to 2 decimal points under normal temperature), 𝑟𝑟𝑎𝑎 is 

the aerodynamic resistance which has been discussed, 𝑟𝑟𝑠𝑠 is stomatal resistance (or 
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surface resistance to evaporation) which is mainly decided by plant physiological 

features and is very hard to calculate precisely. 

      Rule-of thumb values for stomatal resistance in previous studies can be found 

(Aktas et al, 2017; Kato & Yamaguchi, 2005) and were adjusted and applied here: 

   
Table 3.3 Stomatal resistance for different land-use types 

Types Value 

Developed 200 

Forest 100 

Less-vegetated 70 

Soil 150 

Water  0 

Wetland 75 
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      Below is the final distribution of latent heat flux: 

 
Figure 3.9 Map of latent heat flux 

 

 3.6 Anthropogenic heat flux 

      As the residual of the surface energy balance model, the anthropogenic heat flux 

can be simply extracted while all other terms were calculated. Here, the result is 

directly demonstrated below: 
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Figure 3.10 Map of anthropogenic heat flux 

 

      Definitely, there are outliers in the results of almost every model. Here, in order to 

deal with the undetectable outliers in this case, I have crossed out the first 1 percent 

and the last 1 percent of the anthropogenic heat flux. So, the lowest value of -384.996 

and the highest value of 337.991 are actually the results after those outliers were 

removed. Moreover, it’s still a little problematic for the estimation of anthropogenic 

heat flux on some natural surfaces like water, forest, etc. Theoretically, anthropogenic 

heat emissions on these land-use types were supposed to be about zero at any instant 

moment for little human activities compared with contiguous built-up area. Current 

results indicate that some parameters should necessarily be rectified when doing 
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calculations on such natural surfaces, which are in agreement with the findings in 

some previous articles (Zhou et al, 2012; Zhang et al, 2013). As a result, for promoting 

the accuracy of later regression models, certain spatial units with a large cover of 

natural surfaces and negative anthropogenic heat flux values were necessarily 

removed. 
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CHAPTER 4: INDIVIDUAL VARIABLES FOR 
REGRESSION 

  
4.1 Criteria and considerations for selecting independent variables 

      Much considerations were undergone in determining the appropriate variables to 

explain the variation of anthropogenic heat flux. 

      First, previous bottom-up inventory methods to estimate anthropogenic heat have 

provided us with a great stage to get started with. The four main fields: metabolism, 

building, industry and traffic helped me narrow down the search scope and focus on 

aspects like population, building geometry, industrial waste energy discharge, road 

statistics, traffic count and so on. 

      Second, because the actual applications of remote sensing technology and 

meteorological models, which is believed as a top-down approach, we may need to 

think from the perspective of satellite image capturing and mathematical modeling. On 

one hand, among the four terms (net radiation flux, sensible heat flux, latent heat flux 

and heat storage flux) determining anthropogenic heat flux, two of them (sensible heat 

flux and latent heat flux) are purely mathematical modeling, which are strictly 

influenced by the estimation of some parameters. At bottom, they are decided by the 

land cover types, where major differences can be found between human-impacted land 

and naturally-used land. Therefore, the percentage of impervious surface area is 

another potential target. On the other hand, for the rest of the two terms: net radiation 

flux and heat storage flux, they can be treated as one class, representing the total 

radiation flowing in and received by objects on land surface. Hence, some planning 
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and designing indexes explaining the variation of total incoming radiation could also 

be incorporated, like the aspect ratio for street canyons. 

      Third, given that land surface temperature (LST) played a key role in the 

estimation of anthropogenic heat flux, those factors already found to be correlated 

with LST are also possibly correlated with the variation of anthropogenic heat in 

theory, like NDVI, landscape configuration, tree canopy (Loughner et al, 2012; Yue et 

al, 2012), etc. 

      After thorough consideration and testing, five variables were eventually selected 

for the regressions: road density, building shape coefficients (perimeter divided by 

area), standard deviation of buildings, impervious area percentage and street canyon 

aspect ratio (street width divided by surrounding mean building heights). It is notable 

that initial analysis was done in the NYC area with specifically-used land removed 

(e.g. JFK airport, LGA airport, the Central Park as individual community district or 

census tract were removed, etc.). Basically, census tracts were adjusted to be in line 

with community districts when clipping. 

4.2 Road density 

      The initial idea of getting the value of vehicle traffic volume on each road and then 

calculating its mean density is too ideal because of the arduousness and cost for the 

city or state’s department of transportation. There are AADT (Annual Average Daily 

Traffic) data from New York State’s DOT for the latest year of 2017, which 

documented statistics like vehicle numbers, types, road names, length, etc. However, 

by digitalizing the data and comparing it with the data of 2015, I found it’s not reliable 

at all because many numbers recorded in 2017 remain unchanged from 2015 and a 
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vast majority of the AADT data were actually estimated instead of instrumentally 

counted. Moreover, the yearly averaged data are not the best fit for my research due to 

the acquisition of remote sensing image on April 18, 2017, a typical day in Spring. 

Basically, the anthropogenic heat flux calculated based on this image is approximated 

to only have a temporal representativeness for spring season in 2017. Therefore, the 

AADT data were abandoned. 

      Fortunately, street centerline data were available on the NYC Open Data Portal, 

which contains data including street name, length, width and so on. Here, the 

20170425 version was used, which covers the road information till April 25, 2017. 

Significant linear relationships were found after doing a polyline density analysis 

between road density and anthropogenic heat flux. Possible explanations are that first, 

road density is generally in line with traffic density, functioning as a second-order 

proxy for anthropogenic heat generation; second, road surfaces’ high heat capacity and 

direct exposure on the vertical direction make it easily discernible to space thermal 

sensors. 
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Figure 3.1 Road density map on two administrative levels (community district (left) and 

census tract (right)) 

 
4.3 Building shape coefficient 

      I defined the coefficient of shape for buildings as the perimeter divided by the area 

of the base floor. Thanks to the building footprint data from the NYC Open Data 

portal, only a few manipulations were required for calculating the mean values on both 

community district level and census tract level. Here and below, I will further 

introduce the details of modelling and showcase the result map. 

      The reason for choosing such an index is that if two buildings equally high have 

the same base floor area, a larger perimeter means a larger total facades superficial 

area (suppose they are cubes), where more heat may run out from windows or less 
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heat-retaining wall materials. Broadly speaking, a bigger shape coefficient simply 

signifies a greater possibility for heat generated inside buildings to be emitted out and 

be detected by satellites. So, it is assumed to be positively correlated with 

anthropogenic heat flux. 

      In ArcGIS model builder, for each community district or census tract, buildings 

within it were selected and then calculated for the shape coefficients. Afterwards, the 

results were added to the attribute table of census tract and community district 

respectively as new columns. Iterations were applied in the model. 

      Running the model described above, shape coefficients for individual community 

district/census tract can be calculated and stored, respectively. Then we merge them 

together and join them to the original shapefiles. 

 
Figure 4.2 Building shape coefficient distribution map 
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4.4 Standard deviation of building heights 

     The utilization of this index may be a little tricky to understand. Actually, there are 

many studies concentrating on the relationship between building height and urban 

thermal environment (Rezaei Rad et al, 2017; Wang & Li, 2015). A widely-accepted 

viewpoint is that building height does play an essential part on urban air temperature 

and it is very likely that more high buildings would exacerbate the urban heat island 

effect. Li and Donn (2017) summarized previous research of buildings’ impacts on 

natural ventilation with a focus of building height variability. They found that the 

scenario of taller buildings surrounded by lower buildings tends to intervene the UHI 

elapse rate compared with relatively uniformly located buildings. Britter and Hanna 

(2003) pointed out that an increased roughness degree of urban fabrics accounts for 

wind speed reduction and caused heat trapping, while the roughness degree of urban 

canopy can be partially understood as the standard deviation of building heights. 

Bernabé et al (2015) further stated that frequent radiative reflection among buildings 

accentuated the trapping effect of incoming solar shortwave and longwave radiations. 

      Based on the discoveries above, it is reasonable to think that the standard deviation 

of buildings might influence the anthropogenic heat. Later results indicated that this 

index is negatively correlated with anthropogenic heat flux (the reason for the negative 

sign may be that the deduction of net radiation from heat storage produces a negative 

coefficient). 

      The procedures are very similar to handle shape coefficients: with the help of 

iteration and statistics functions, the standard deviation of building heights in every 
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community district or census tract could be calculated. We can get the sequential data 

by merging and joining it to raw shapefiles. 

 

 
Figure 4.3 Standard deviation of building heights distribution map 

       

4.5 Impervious surface area percentage 

      The impervious surface, which works as the basis for any kind of human activities, 

is a great carrier for sensing anthropogenic heat. Raw raster image of 2017 high-

resolution (6-inch) land cover map (different from the previous NLCD land use map) 

is available from NYC Open Data portal. It contains the counts of pixels for 8 land-

cover types in its virtual attribute table, including: Tree Canopy, Grass/Shrubs, Bare 

Soil, Water, Buildings, Roads, Other Impervious and Railroads. Here, I used the total 

of buildings, roads and other impervious as all impervious surfaces and calculated the 

total share with a little coding in ArcGIS model-builder. 



 

50 

 

 
Figure 4.4 Impervious surface area percentage distribution map 

 

4.6 Street canyon aspect ratio  

      The building’s height to street width ratio (H/W ratio) is a good metric for 

measuring urban canyon’s openness, as well as the sky view factor (SVF), which are 

often discussed in urban thermal-related analysis (Bennet & Ewenz, 2013; Bakarman 

& Chang, 2015; Johansson, 2006; Rafieian et al, 2014). The most satisfying 

acquisition of SVF relies on the application of fish-eye lens and image recognition, 

which are expensive and arduous. Alternatively, I used a much more convenient GIS 

modeling way to estimate the index of aspect ratios.   

      In this chapter, I used the reciprocal of H/W ratio in order to reduce the influence 

that skyscrapers may have on the data range in certain spatial units. The basic idea is 

that for every street in each community district/census tract, an 80-meter buffer area of 

both sides of the street was created. Within the buffer area, an average building height 
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was calculated and then became the denominator for the calculation of aspect ratio 

(W/H). Finally, average W/H ratios were assigned to both community district and 

census tract level. A two-layer modeling was applied in this part for the model to run 

automatically. 

 

 
Figure 4.5 Street Canyon Aspect Ratio distribution map 

 
           



 

52 

CHAPTER 5: RESULTS, CONCLUSION AND DISCUSSION 
 
      A little clarification should be addressed here before this chapter starts: 

considering the ambiguity of thermal calculation on natural landscape dominated area, 

a few units were crossed out from the shapefiles of community district and census 

tract, mostly in Staten Island and Queens. So, the final sample sizes for community 

district and census tract are 57 and 2136, respectively.  

 
5.1 Correlation analysis 

      Pearson correlation analysis was done here to demonstrate the relationships 

between anthropogenic heat flux calculated and the selected parameters (Table 5.1(a) 

& (b)) on the scale of community district and census tract, respectively. The 

statistically significant correlation coefficients justified my selection of individual 

variables. 

 
Table 5.1 (a) Results of correlation analysis on CD level 

Variables 
Correlation Coefficients to 

Anthropogenic Heat Flux 

Road Density 0.342*** 

Impervious Surface Area Percentage 0.343*** 

Standard Deviation of Building Heights -0.399*** 

Building Shape Coefficients 0.426*** 

Aspect Ratio (W/H Ratio) 0.389*** 

Note: Sample size = 57. *** represents significance level of p<0.01. 
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Table 5.1 (b) Results of correlation analysis on CT level 

Variables Correlation Coefficients With AHF 

Road Density 0.277*** 

Impervious Surface Area Percentage 0.367*** 

Standard Deviation of Building Heights -0.312*** 

Building Shape Coefficients 0.390*** 

Aspect Ratio (W/H Ratio) 0.396*** 

Note: Sample size = 2136. *** represents significance level of p<0.01. 

 
5.2 Multi-variable linear regression 

5.2.1 Community district level regression 

  Due to the results of variance inflation factor (VIF) for the combination of total 

five variables, which implicate the presence of multicollinearity, only four were used 

in the regression model for community district level. They are impervious surface area 

percentage, road density, W/H ratio and standard deviation of building heights (Table 

5.2(a)). 
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Table 5.2 (a) Community District level OLS regression statistics 

Variable Coefficient t-value 

Constant -50.4655 -1.4261 

ISA Percent 1.33608*** 4.31193 

Road Density 3.98554*** 4.30838 

W/H Ratio 50.5884*** 3.51437 

H_SD -0.352308** -2.10517 

Adjusted R2: 0.605962 

Note: Sample Size = 57, ** represents p<0.05, *** represents p<0.01 

 
      Besides, the J-B test for normalization of residuals, the B-P test for 

heteroscedasticity and all diagnostics for spatial dependence are non-significant, 

suggesting no more improvements are needed. 

 
5.2.2 Census tract level regression 

      Because of a significant increase of sample size, the problem of multicollinearity 

disappeared on this level according to the VIF values. Thus, all five independent 

variables are incorporated in the regression model (Table 5.2(b)). 
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Table 5.2 (b) Census Tract level OLS regression statistics 

Variable Coefficient t-value 

Constant 23.7024*** 3.64412 

ISA Percent 1.04417*** 19.4507 

Road Density 1.5991*** 11.7568 

W/H Ratio 35.5322*** 12.2762 

H_SD -0.155532*** -4.08505 

Shape Coefficient 232.245*** 7.22114 

Adjusted R2: 0.405750 

Log Likelihood: -10448.6 

AIC: 20909.2 

Note: Sample Size = 2136, *** represents p<0.01. 

 
      Contrary to the community district level model, the J-B test, B-P test and all 

spatial dependence diagnostics are all statistically significant, indicating that much 

“useful” information are still in the residuals and the model needs to be refined. By 

comparing results of robust LM tests, a spatial error model was further developed. 
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Table 5.2 (c) Census Tract level spatial error model statistics 

Variable Coefficient z-value 

Constant 39.3101*** 5.78366 

ISA Percent 1.25843*** 26.6046 

Road Density 1.72311*** 12.6216 

W/H Ratio 25.9078*** 9.14166 

H_SD -0.154136*** -3.98337 

Shape Coefficient 43.5322 1.38554 

LAMBDA 0.790552*** 51.1788 

R2: 0.717526 

Log Likelihood: -9822.844907 

AIC: 19657.7 

Note: Sample Size = 2136, *** represents p<0.01. 

 
      Obviously, the spatial error model improved the performance of previous 

regression model by increasing R2, Log Likelihood and decreasing AIC. However, the 

B-P test result is still significant, meaning that heteroscedasticity still exists. 

 
5.3 Conclusion 

      Overall, a remote sensing and meteorology modeling based urban thermal 

environment study over NYC was conducted of the day April 18, 2017 at noon. The 

temporal representativeness may be extended to all diurnal workday’s noon of spring 

season in the year of 2017 with a similar climate condition of little cloud and steady 

breeze. Now, answers can be given to the four research questions posed in Chapter 2: 



 

57 

      First, the magnitude of land surface temperature (LST) and anthropogenic heat 

flux (AHF). According to the land surface temperature retrieval results, the land 

surface temperature ranges from 281.417K (8.267°C, 46.881°F) to 321.116K 

(47.966°C, 118.339°F), with an average of 301.825K (28.675°C, 83.615°F). 

Consequently, the anthropogenic heat flux at the same moment is estimated in a range 

of 0 to 337.991 W/m2 (assume the AHF measurements on natural surfaces are zero, 

due to an imperfect estimation on those surfaces), with a mean value of 181.268 

W/m2. 

      Second, the thermal distribution over NYC. For land surface temperature, the high 

values tend to cluster in the south and south-east directions close to the coast in 

Queens and Brooklyn, Which I believe is due to the only few industries in the whole 

city locating in this area, especially harbor-related industries. The low temperature 

values scatter in Staten Island, which is easy to understand for its smaller amount of 

human activities and higher share of natural surfaces. The CBD area in Manhattan, lies 

in the middle in terms of land surface temperature. For anthropogenic heat flux, the 

distribution is uniform visually except the great contrast between purely natural land 

and human-developed land. 

      Third, responsible influencing indices from the perspective of planning and 

designing. Mainly enlightened by the bottom-up method for anthropogenic heat 

estimation, five potential factors are identified, which are: road density, building shape 

coefficient, standard deviation of building heights, impervious surface area percentage 

and street canyon aspect ratio (street width to building height). From two different 

scales of spatial units, road density, standard deviation of building heights, impervious 
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surface area percentage and aspect ratio have been statistically proved significant to be 

related with AHF magnitude, while the building coefficient still requires more 

validations of its contribution to thermal environment. However, OLS models on two 

scales and spatial error model on census tract level implicated that more responsible 

variables are supposed to be incorporated in the regressions to better explain the 

variation of anthropogenic heat flux. 

      Fourth, comparison of results from two spatial scales. Generally speaking, the 

regression coefficients for the four stably significant variables vary on the two spatial 

scales except for impervious surface area percentage. For example, 1 foot per square 

mile increase of road density on the census tract level would bring an increase of 

1.72311 W/m2 in mean AHF on average (spatial error model), while this number on 

the community district level is 3.98554 W/m2 on average. 

 
5.4 Discussion 

      The current work does have many drawbacks and makes some inevitable 

assumptions. Next, I will discuss and explain some of them relating to the research 

questions for the sake of future better modellings. 

      First, the calculation of land surface temperature (LST) and anthropogenic heat 

flux (AHF). Basically, the radiative transfer equation is a rather mature approach to 

retrieve LST with satellites owning only one thermal band (Vlassova et al, 2014; Yu et 

al, 2014). Considering the open access of Landsat series satellites (most of them have 

only one infrared thermal band, even the latest Landsat 8 with two thermal bands has 

one of them functioning not well), this method fits quite well. However, the 
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subsequent parameterization of some aerodynamic indices for AHF estimation 

remains debatable. It is already reflected in the unreliable final results of AHF on 

natural surfaces with little human influence. Currently, no panacea is available due to 

the complicated spatial heterogeneity and the rapidly changing climatic conditions 

(Zhang et al, 2013). This to some extent constrains the accuracy of AHF estimation by 

such a top-down method. Putting aside these technical conundrums, the realistic 

challenge of lack of high-quality remote sensing images (easily covered with clouds 

due to NYC’s unique littoral geography) forced me to use only one scene and as a 

result, the conclusions obtained are thought to be only referential to daytime, workday 

and spring season of 2017. When it comes to the final AHF value under these 

constraints, the mean value seems to be a little higher than the value for April over 

NYC in a previous database created a few years ago (Sailor et al, 2015). It is plausible 

to me because of the natural growth of AHF and the fluctuations of daily 

meteorological conditions. 

      Second, the UHI and anthropogenic thermal distribution over NYC area. To be 

honest, I cannot comment too much on its validation because of the deficiency of 

thorough geographic and social-economic knowledge about NYC. With the help of 

DEM data, land use map and land cover map, it is almost reasonable to trust the 

geographical distribution of urban thermals.   

      Third, the selection of independent variables to explain AHF variations and the 

interpretation of regression coefficients. Due to the special procedures to get the AHF 

data on an instant, it’s very hard to screen out corresponding momentary data from a 

consecutive time-series dataset, like instantaneous traffic volume density or energy-
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use intensity. Therefore, only “static” indexes were developed in this study as 

individual X variables. As for the guiding thoughts to develop appropriate variables 

into regression models, they have been introduced in previous chapters. It can be 

inferred that the selection criteria are a little bit “compliant” to the satellite way of 

getting AHF, which means that the later regression actually leaves out one part that 

can’t be simulated. This in some degree makes the results a little biased (actually, the 

biases are somewhat unavoidable for no matter what methods). Back to the 

interpretation of regression coefficients, emphasis is given to the W/H ratio term since 

other causal relationships were already analyzed before. It is shown to be positively 

correlated with the anthropogenic heat flux, which means that the more open a street 

canyon is from the bird’s eyes view, the greater anthropogenic heat flux would be 

observed. Similar conclusions are found in other papers that sky view factor or W/H 

ratio is positively related with the variation of air temperature, no matter the thermal 

data is acquired from ground weather stations or airborne sensors (Bourbia & 

Boucheriba, 2010; Scarano & Mancini, 2017). It is a little tricky to fully understand 

but may be possibly attributed to factors like building materials (taller buildings tend 

to have better heat-proof wall materials), humidity and pollutants as proposed by 

Scarano and Mancini (2017), which require finer micro-scale analysis. 

      Last, the problem of analyzing spatial scales. From the results of correlation 

analysis, we can see that the Pearson correlation coefficients didn’t vary dramatically 

due to the change of spatial scales. We can interpret it as “for variables identified to be 

absolutely part of the regression model, the correlations are nearly not impacted by 

different spatial scale”. However, different regression results also indicate that for 
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NYC area, a larger spatial scale is far less capable of finding out potential influencing 

factors as many as possible.        
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