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Abstract 

High numbers of weather-related mortalities are associated with extreme heat events in the United States. Satellite data confirms 

that urbanization leads to higher temperatures within microclimates and formation of heat pockets that are linked to higher risks of 

heat related illnesses and heat stroke. The goal of this study was to examine the influence of different surface types on the impact 

of UHI by looking at physical properties of the urban system through a framework to formulate risk and social vulnerabilities. A 

conceptual model was developed using data from Landsat, department of building, U.S. census and USGS. The factors of interest 

include people, environment, and building/infrastructure. This model quantifies risk as a function of temperature and physical 

properties of the surrounding environment. Results show, neighborhoods of Manhattan, Queens and Bronx are at the highest risk 

of social and environmental vulnerability and should be targeted for policy changes, implementation of green infrastructures and 

vegetation coverage to counteract the heating effects. Neighborhoods which need to be targeted for urban planning due to high 

environmental risk are Harlem, Upper Manhattan, East Harlem, Elmhurst, Jamaica, Ridgewood, Flatbush, University height and 

Woodlawn. 
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1. Introduction 

 
UHI reflects an elevated temperature in cities as compared with nearby rural areas which is due to landscapes 

changing from permeable moist surfaces to impermeable and dry surfaces (EPA, 2015). This phenomenon is most 

prevalent in large cities like NYC in which the surface type is mainly impermeable concrete. UHI is most predominant 

in metropolitan cities, which consist of dense buildings, sidewalks and mix use neighborhoods (commercial and 

residential). The preliminary statistical analysis of a study done to measure the impact of UHI in Manhattan using 

high resolution data sets indicates that “higher buildings have a cooling effect in streets, while in the sunny avenues 

higher buildings have a warming effect”(Vant-Hull, et al, 2014). Another study also helped predict subdivisions of 

UHI throughout Manhattan using weather campaign data to “find the smallest UHI effect and map out hot spots in a 

densely populated city, by understanding different land surface types and classes” which can increase or decrease the 

impact of UHI (Karimi, et al, 2015). Human thermal comfort is at risk when higher levels of ambient temperature are 

felt. In this study and many studies Land surface Temperature (LST) measurements from Landsat are used to measure 

the impact of UHI on urban environment and human health. Even though LST is not “directly equivalent to ambient 

air temperature”, it gives information on “thermal inertia of surface characteristics” by tracking changes of LST in the 

morning and the afternoon in cities (Johnson, et al, 2009). Even though the exact relationship between LST and 

ambient air temperature is not certainly clear; Johnson, D, et al (2009) and Tomlinson, C, et al (2011) suggested that 

LST can also contribute to human discomfort while heat waves occur and as result remote sensing data are useful for 

such studies (Johnson, et al, 2009: Tomlinson, et al, 2011).  

Manik et al (2015) found “land use patterns and land use cover” as the strongest drivers of urban temperature. 

From few of the land surface characteristics; building height and building density can also add to increasing ambient 

air as they reradiate the heat back to air. Wolf et al (2013), Tomlinson et al (2011), Loughn et al (2012) find building 

height to be the most important factor behind UHI effect.  Higher building heights with high building density causes 

a greater insulation effect than if there was a low building density with high building heights.  Building density 

provides the proximity of buildings within a region which when related to building height and population greatly 

influences risk. Similarly, a greater negative effect can be expected with high building density and high population.  

Income and socioeconomically status can as well affect the health and wellbeing of people. Johnson et al (2009). 

Few factures can amplify human vulnerability to heat such as the environment, infrastructure, social and 

economic status, age and exposure and sensitivity level. Rosenthal (2010) evaluated the “impact of the urban heat 

island on public health” as a “spatial and social determinants of heat-related mortality in New York City”. Highest 

numbers of mortality were among neighborhoods that had lived in “poor housing conditions, poverty and impervious 

land cover” (Rosenthal, 2010). Other studies touched on social, biophysical and environmental factors than influences 

human comfort (Cutter, et al 2003; Few, 2007; Reid et al, 2009; Stafoggia et al, 2008 and Vescovi et al, 2005). For 

the purpose of this study, New York was investigated for a relationship between building and infrastructure, nature, 

and people.  The hope is to correlate these factors so regulations will change accordingly for the health of people in 

urban areas.  The optimum locations of study are the areas where people who are most susceptible to heat-related 

mortality live. A conceptualized model has been designed to find common heat pockets that form over the city of New 

York while it targets populations that are at higher risks of susceptibility by analyzing 11 years of Landsat satellite 

data and combined socioeconomic and environmental variable such as: build height, building density, vegetation index 

and temperature. The model is used to map and project population vulnerability to heat in NYC.  

The goal of this study is not only to map vulnerable population based on their socioeconomic status and age 

but also to identify primary land surface characteristics that play a stronger role in developing UHI effect in cities for 

intervention guide of heat mitigation.  

1.1. Impacts of UHI on Human Health  

Warmer days can contribute to heat related problems such as heat stroke and heat cramps as well as heat 

related mortality. Health related responses of populations to heat are commonly assessed using regression analysis of 

long records of daily observations of health events (most commonly, deaths) vs. temperature measured at a single 

urban monitoring site. A citywide exposure-response function is estimated to quantify the excess mortality or 

morbidity that occurs above a temperature threshold. Fig. 1 shows the response of daily deaths in Manhattan, New 

York to daily max temperature measured at Central Park (Li et al, 2013). Heat-related mortality is quantified above a 

reference temperature based on a statistical analysis of deaths from all causes in relation to daily temperatures, as 

illustrated in the Fig. 1. However, to date, this and all similar analysis in the literature rely on central site temperature 

data to characterize the exposure of persons at risk of adverse health impacts.   
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Fig. 1.  Exposure-response function for temperature-related mortality in Manhattan, NY Based on daily data from 

1982 to 1999 (Li et al, 2013) 

This studies shows that mortality increases in NY’s Heat-related mortality is a function of temperature and a 

population’s sensitivity to temperature.  Both vary on the neighborhood scale: temperature varies due to physical 

characteristics of surface cover; temperature sensitivity varies mainly due to socio-economic factors (Li et al, 2013). 

A factor that could be a large contributor to the slope difference between cold and heat mortalities is the requirements 

for providing heat versus cool air in urban northeast.  While heating is required at a certain temperature threshold, air 

conditioning is not required.  In New York City, fire hydrants are opened for people to cool themselves off but there 

will be hotspots that either may not get their hydrants opened or it is already 10 degrees hotter than the average 

temperature and possibly too late. Older age, obesity and diabetes are among the major risk factors for heat-related 

mortality (Basu, 2009, Basu et al, 2002, Huang et al, 2008).  As temperature increases above the heat threshold (Fig. 

1), mortality is seen to become increasingly sensitive to small changes in temperature.  

1.2. Heat Related Mortality 

Research has shown that increased rates of heat mortality are a result of areas being vulnerable. Differences in 

vulnerability exist depending on climate, culture, infrastructure, and other factors (Kovats et al, 2008). Climate 

differences affect vulnerability; first, the initial increased temperature causes the heat-related mortality issues.  Then, 

regions have different temperatures, which underestimates some areas’ vulnerability to the climate effects.  Within 

the culture factor lays the main issue of age; very young and older aged people do not have as strong of a 

thermoregulatory system, therefore extreme temperatures affect them worse than the average person.  Infrastructure 

may also be a factor in vulnerability since brick houses have a high thermal mass and apartments that have little 

ventilation will be more susceptible (Kovats et al, 2008). Colleen Reid et al. mapped and analyzed 10 vulnerability 

factors for heat-related mortality within the United States (age, poverty, education, living alone, race/ethnicity, 2 

household air conditioning variables, vegetation cover, and diabetes prevalence) and found that urban areas showed 

the highest vulnerability to heat (Reid et al, 2009). This vulnerability to heat then leads to extremes of temperature 

that are associated with short-term increases in daily mortality (Medina-Ramón et al, 2006).  

 

1.3. Thermal Indices 

Thermal indices have been developed in order to describe the effect humans feel on their body based on the 

environment. This is used to attempt to quantify the exact effects that are felt on humans due to excess heat in urban 

environments. Ágnes Gulyás et al. conducted two field-surveys in Szeged, a South-Hungarian city. The studies placed 

special emphasis to the human-biometeorological assessment of the microclimate of complex urban environments 

through the application of the thermal index Physiological Equivalent Temperature (PET). The studies resulted in 

differences in the PET index as high as 15-20 °C due to the different irradiation and that the different modelled 

environments (only buildings, buildings and trees) revealed significant alterations in the human comfort sensations 

between the situations (Gulyás et al, 2006). Taleghani et al. modeled different thermal environments to understand 
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how PET can change based on the layout of an urban environment. It was found that the duration of direct sun and 

mean radiant temperature (influenced by urban form) play the most important role in thermal comfort (Taleghani et 

al, 2015). Panagiotis Nastos et al. analyzed the region of Athens, Greece by comparing the daily mortality with the 

daily values of PET and Universal Thermal Climate Index (UTCI). The comparison was completed by applying 

Pearson’s χ2 test to find the probability of mortality relating to the thermal indices and it was concluded that the air 

temperature and PET/UTCI exceedances over specific thresholds depending on the distribution reveal that, the 

extreme heat condition is a risk factor for the daily mortality (Nastos et al, 2012). 

1.4. UHI Monitoring Methods 

Satellites have been utilized to monitor and assess the increase in surface temperature caused by urban 

environments. Streutker in 2003 monitored the growth of the surface temperature UHI of Houston, TX. Two sets of 

heat island measurements that were taken 12 years apart were compared by calculating the individual heat island 

characteristics from radiative temperature maps obtained using the split-window infrared channels of the Advanced 

Very High Resolution Radiometer (AVHRR) on National Oceanic and Atmospheric Administration (NOAA) polar-

orbiting satellites.  This comparison revealed a mean growth in UHI characteristics with a magnitude of 0.8 K, or 35% 

(Streutker, 2003). The surface temperature was also monitored in Tel Aviv by Orit Rotem-Mindali et al. and the goal 

of this study was to assess the cooling effect of residential areas with high vegetation cover compared to that of small 

to medium size public parks. Satellite data of Land Surface Temperature (LST) and Normalized Difference Vegetation 

Index (NDVI) were combined to produce 10-year average LST and NDVI maps. Industrial areas were found to have 

the highest LST due to the lowest ratio of vegetation while green areas displayed the lowest LST. It was found that 

small-medium public parks displayed higher LST than expected, likely due to the low vegetation to free space ratio 

(Rotem-Mindali et al, 2015). Yongming Xu and Yonghong Liu derived the near-surface air temperature of Beijing by 

using Landsat/TM satellite imagery.  

A statistical model was established to estimate the air temperature, using LST, NDVI, altitude, and surface albedo. 

The Mean Absolute Error (MAE) of the model was 0.87 °C and the R2 was 0.66, indicating that it can be used to 

effectively estimate the air temperature. It was found that the UHI effects in Beijing are significant and that the air 

temperature increased with increasing impervious surface coverage (Xu et al, 2014). A study performed with respect 

to heat in the urban environment was the study performed by Karimi et al. on infrared imagery collected using satellite 

imaging. The highest resolution available for this study was 60-100 meters in thermal infrared bands. The main 

challenge in using satellite data to study UHI in urban environment is the complexity of the system and lack of 

information on near surface air temperature in fine scale. This work consists of high resolution data sets measured at 

the street level in Manhattan, New York to produce temperature maps showing the smallest hotspots that could not be 

identified using high-resolution satellite. Data from two consecutive years of field campaigns at street level, plus 

various significant parameters that control temperature in an urban setting such as building height, building density, 

vegetation, water, elevation and albedo were used to create temperature maps using statistical model to locate hot 

spots in the system (Karimi et al, 2015). 

1.5. Mitigation Strategies 

Heat mitigation strategies are being developed in order to lessen the impact of UHI on human health. In Portland, 

Oregon, Taleghani investigated the possibility of using courtyard vegetation, high albedo surfaces, and courtyard 

ponds to mitigate heat. Field measurements and simulations on a university campus environment were used and it was 

found that park had a cooling effect on the entire campus, vegetation and water showed reductions in air temperature 

(1.6 °C and 1.1 °C respectively), and changing the albedo of the pavement from black (0.37) to white (0.91) led to 2.9 

°C increase of mean radiant temperature and 1.3 °C decrease of air temperature (Taleghani et al, 2014). In other 

researches, it was found that courtyards were the most comfortable form of urban layout within the Netherland’s 

climate (Taleghani et al, 2015). Rotem-Mindali’s research suggests adding more vegetation to areas with the free 

space to better cool the area and to add small-medium parks in metropolitan areas that lack the sufficient free space 

for larger parks (Rotem-Mindali et al, 2015). The heat mitigation strategies can only be confirmed once monitored 

over long periods of time. Proper monitoring methods have yet to be developed. J.a Voogt and T.r Oke performed a 

review on thermal remote sensing of urban areas and found that is mainly a qualitative description of thermal patterns 

and simple correlations. Improvements in the spatial and spectral resolution of current and next generation satellite-

based sensors and high resolution portable thermal scanners will allow for the progress in the application of urban 

thermal remote sensing to study the climate of urban areas (Voogt et al, 2003). A new method was introduced by Bo 

Huang et al. in which a spatiotemporal image fusion model is used to produce high spatiotemporal resolution LST 
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data. This is done by combining the high spatial resolution of Landsat images the frequent coverage of Moderate 

Resolution Imaging Spectroradiometer (MODIS) images. This method accounts for the warming and cooling effect 

of ground objects in urban areas and establishes a new weight function to account for the effect of neighboring pixels 

(Huang et al, 2013). 

2. Data and Methodology 

 

Specific boroughs within NYC were analyzed utilizing Landsat 5 imagery. Also, multiple data sets were obtained 

and applied to find the most vulnerable regions.  These data sets include income, population density, susceptibility, 

temperature, vegetation, building height, and building density. The income, population density, and susceptibility data 

was obtained from the U.S. Census Bureau.  The susceptibility data is the sum of those below the age of 5, aged 65 

and over, and those living alone in each ZIP code (20 block radius). The social and historical dataset for this study 

was chosen based on author’s understanding of urban land cover and dynamics of cities (mentioned in previous 

chapters) and also based on the literature review for heat wave vulnerability index and urban heat/health risks. Many 

studies have found that specific number of population can be more vulnerable to the impact of UHI and heat events. 

Chow et al (2012) found elderlies to be at higher risk of vulnerability as they are more susceptible to heat waves. 

Therefore, susceptibility data from U.S. census was used. To find hotspots within neighborhood, Landsat data was 

used to find temperature trends within city environment. Landsat 5, 7 and 8 comprising Enhanced Thematic Mapper 

Plus (ETM+) satellite images from U.S. Geological Survey (USGS) database were collected from 2000 to 2011. To 

obtain land surface temperature using visible (0.45-0.52µm), near infrared (0.77-0.90 µm) and thermal infrared (10.40-

12.50 µm) bands, images were corrected for clouds, cloud shadows, upward emission, downward irradiances, albedo 

and other physical phenomena. A comparative performance analysis of cloud removal algorithms and tools was 

conducted with ENVI and Matlab and the implementation of new strategies and algorithms was investigated to reduce 

both effects of clouds and their shadows from multispectral satellite sensor images. Calculation of at-surface radiance 

from cell values was performed. This last value is then converted to land surface temperature in Kelvin. The summary 

of the process is represented by the flow chart in Fig. 2. In order to obtain a thermal representation and thus calculate 

the land surface temperature of every pixel contained in the images, an in-house code was developed. This code 

processed all the images and converted the values into thermal maps. 

 

 
Fig. 1. Visual representation of the method workflow 

2.1. Landsat Calibration 

Before using Landsat data as input, it was necessary to calibrate the images. Landsat data are typically delivered 

as pictures where each pixel is a single byte, possessing a value from 0-255. During the radiometric calibration of 

pixel values from raw, unprocessed image data are converted to units of absolute spectral radiance. The data provided 



Karimi/…………..00 (2017) 000-000 

by USGS is in GEOTIFF format. Data were imported as Landsat GeoTIFF with Metadata, in preparation of the 

calibration step (The Yale Center of Earth Observation, 2013). 

2.2. Image Correction, Simple dark Object Subtraction Method  

Image correction is performed following the Dark Object Subtraction (DOS) technique. Several factors are 

considered when estimating the land surface temperature from satellite observations. This includes the effect of the 

atmosphere, vegetation, and the land surface emissivity.  DOS techniques are atmospheric correction technique for 

optical bands and it is calculated by simple dark object subtraction method, which can be seen in Equation (1).The 

DOS model assumes that within each satellite image there are scenes with negligibly small surface reflectance where 

the observed top of the atmosphere reflectance (TOA) is explained solely by the atmospheric contribution. A graphical 

representation of the sun radiation geometry pattern used by Equation (5-1) can be found in Fig. 3. In this equation, ρ 

is the TOA reflectance, L is the sensor radiance, T is atmospheric transmissivity, x is the zenithal solar angle, d is the 

distance from the earth to the sun and Lp is radiance: 

 

ρ = (π (Lsat-Lp) d^2)/ (E * cos (x) * T)                                           (1) 

This atmospheric correction processes every pixel in the images to obtain TOA reflectance values (Chander et al 

2007). 

 
Fig. 2. Sun radiation pattern geometry 

2.3. NDVI Calculation  

For accurate land surface temperature estimation it is critical to know the land surface emissivity in the infrared. 

The implemented approach uses the links between the land surface emissivity and the state of the vegetation cover 

expressed in the form of the Normalized Difference Vegetation Index (NDVI). The equation for NDVI can be seen 

below in equation (2).  The TMs in this equation represent bands of the Landsat bands with numbers referring to a 

specific band.  In the equation below, the TM4 band represents the near- infrared band and the TM3 represents the 

visible band (Zhang et al, 2006, Voogt et al, 2003).   

NDV1 = (TM4−TM3)/ (TM4+TM3)                                              (2) 

2.4. Effect of Albedo on Earth Surface 

 Due to complexity of urban systems, it is important to take into account the last correction which is the albedo 

effects.  Albedo is the property of the land surface characterizing its potential to reflect shortwave solar radiation (Fig. 

4).  The albedo correction for satellites is calculated by multiplying the reflectance of all points of an image by the 

energy fraction. When light interacts with objects, we have absorption, reflection and transmission. On Earth only 

reflection and absorption takes place, there is no transmission.  
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Fig. 3. Albedo effect on earth surface 

 On Earth 30% of light is reflected back. This is known as albedo (nsidc.org, 2016). Albedo is the ratio of the 

outgoing reflected flux to the incoming flux. Flux is the energy that passes through a physically defined surface that 

may not be aligned in the direction of propagation.  Reflectance data and the top of the atmosphere (TOA) given by 

the satellite do not account for the albedo effect from the atmosphere, so we have to estimate the albedo integrated 

across all wavelengths and directions. Calculation of albedo plays a vital role in determining the reflectivity. In running 

the LST model to correct for possible back scattering in the urban areas and complexity of urban systems, the albedo 

correction was done to detect for any possible extreme anomalies in urban area. The reflectivity expected is expressed 

as reflection coefficient   

R = (Ireflected) / (Isurface)                                                                       (3) 

Where Isurface is the solar radiation that has passed through the atmosphere. But the satellite data provides equation 4 

given equations 5. 

Rf= (Isatellite) / (Isun)                                                                            (4) 

Albedo = Σ (reflectance)(energy fraction)                                                         (5) 

Emissivity and albedo are the two main parameters in calculation of Land Surface Temperature (LST).  

2.5. Conversion of at sensor radiance to effective at satellite temperatures 

Once DNs are converted to spectral radiance and influence of external factors to be corrected are taken into 

account, surface temperature can be calculated. The values retrieved are also called effective at-satellite temperatures. 

The thermal band data (Band 6) can be converted from at sensor spectral radiance to effective at sensor brightness 

temperature. Here we assume that Earth's surface is the black body and consider emissivity as one. The conversion 

formula from the at senor's spectral radiance to at sensor brightness temperature is   

Tb = K2[ ln ( K1/ Lλ) + 1]                                  [NASA, 2009]       (6) 

Where Tb is the effective at sensor brightness temperature in Kelvin; K2 is calibration constant 2; K1 is 

calibration constant 1; and Lλ corresponds to the spectral radiance at the sensors aperture calculated with Equation 

(1). The constants K1 and K2 vary depending on the satellite used. The following table 1 shows the respective values.  

 

Table 1 Current radiometric calibration coefficient for Landsat MSS 

Constant K1 K2 

Units W/(sq. m µm) Kelvin 

L4 TM 671.62 1284.3 

L5 TM 607.76 1260.56 

L7 ETM 666.09 1282.71 

2.6. Calculation of Land Surface Temperature 

Finally, the LST can be calculated as shown below in equation (7).  In this equation, Tb is the reference body 

black temperature, ƛ is the wavelength of emitted radiance, p is Planck’s constant (6.26*10^-34 J*s) multiplied by the 

velocity of light (3*10^8 m/s), divided by is the Boltzmann constant, b (1.38 * 10^-23 J/4), and e is the land surface 

emissivity (Weng et al, 2003). 

St = Tb/(1+((ƛ * Tb)/ p) * ln e)                                                                                          (7) 
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Emissivity is the quantification of the intrinsic ability of a surface in converting heat energy into above 

surface radiation. It depends on the physical properties of the surface and observed conditions.  To determine the land 

surface temperature, land surface emissivity (LSE) plays a vital role.  Land surface emissivity was calculated sing 

equation (8).  

 εTM6 = 0.004 Pv + 0.986     (8) 

Where, ε (TM6) is land surface emissivity and P (v) is vegetation proportion. (Sobrino et. al, 2004). 

At this point the initial satellite data is completely converted into a color coded thermal map. The following results 

demonstrate the applicability and advantages of the above-mentioned process as a tool for vulnerable neighborhood 

identification.  

3. Results 

The analysis focused on finding the average year round surface temperatures of each borough within NYC based 

on collected images. Landsat images are delivered as images with pixel of single byte possessing values of 0-255. 

Using radiometric calibration, Landsat raw data are converted into units of absolute spectral radiance (USR). Over 11 

years of Landsat satellite images were collected from the year 2000 to 2011 to sum up to a total of 150 images. Images 

with less than 10% cloud coverage were selected and processed to develop average year round surface temperatures 

on a normalized scale. Landsat overpasses NYC around 3pm in the afternoon and that is roughly the same time for all 

images collected. All images from the same year were average based on pixel by pixel average values after calculation 

land surface temperature using the NASA model. Images of Landsat LST retrieval results can be found in appendix.  

These images were compared to building densities and NDVI to determine if a correlation could be made between 

urbanization and increased LST. Fig. 5 shows the results of the analysis of five boroughs of NYC and Roosevelt 

Island.  The images are generated with atmospheric correction on satellite images. Fig. 5a shows the temperature 

across all five boroughs of NYC. Impacts of UHI are seen in all boroughs of NYC which increases higher risks of 

heat related illnesses and heat stroke. It should be noted that John F. Kennedy Airport is in the jurisdiction of Queens 

and so the average temperature of this entire neighborhood increases due to the large area covered by black top asphalt 

that absorbs and maintains heat.  Fig. 5 provides a snapshot of the datasets collected and processed for this research. 

Fig. 5a shows image composite data of Landsat surface temperature calculated from over 150 year round images over 

11 years. Fig. 5b shows the building density for all boroughs of New York City. Highest building density is observed 

in Manhattan. Although its building density is the highest, has surprisingly low average temperature compared to the 

rest of the areas which can primarily be associated to the green/ white roof presents in this area. Detailed NDVI for 

each borough is shown in fig. 5c with Manhattan and Brooklyn having the least amount of vegetation. 

 
Fig. 4 Averaged thermal map of NYC, a. Thermal Map of NYC Boroughs, b.  Detailed building densities of 

NYC (National Building Statistics, NBSD),  Building Densities of NYC Boroughs, c. Detailed NDVI of NYC 

Boroughs, Detailed NDVI of NYC Boroughs and d. Building heights of NYC (NBSD),  Building Heights across 

NYC Boroughs 
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Finally, detailed building heights for all five boroughs are shown in fig. 5d. Manhattan has the highest rate of 

building height in compare to all other boroughs. 

3.1. Conceptual Framework 

Specific boroughs within New York City were analyzed utilizing Landsat imagery.  The results of the imagery 

take place in the following four steps illustrated in fig. 6; step1; Identification of environmental risks which includes 

land surface temperature, vegetation coverage (NDVI), building height, and building density data. In the next step, 

social data including income, population, and susceptibility were obtained from the U.S. Census Bureau. These data 

sets were then downsized into ZIP codes in order to separate the five boroughs of New York City into smaller sections 

during step 2.   

 

 
Fig. 5. Summary of the process for obtaining Environmental Risk and Social Vulnerability for New York City 

Fig. 6 shows the process from when data is obtained to identifying the areas that need to apply heat mitigation 

strategies. Steps 3 and 4 used the data from the previous two steps and calculated both risk and vulnerability, 

respectively, which are explained in more detail in the following subsection. 

3.2. Development of Environmental Risk and Social Vulnerability Indices 

Environmental vulnerability can be calculated using different methods. One study implied IPCC 2007 formula as 

a base to calculate susceptibility as a function of exposure, sensitivity and adaptive capacity (Manik, et al, 2015). 

Tomlin set al (2011) highlighted the potential heat health risk areas in UK by combining MODIS LST data as hazard 

layer with exposed layer (demographic and lifestyle) and vulnerable layer (age, illness and density) as equal weight. 

A few available articles have described social economic and environmental factors that influence population’s 

exposure to heat. Of the many studies that used sociodemographic as “indications of the spatial variation in 

vulnerability”, many studies do not account for physical parameters that increase the environmental risk associated 

with heat events (Smoyer, 1980, 1995, 1998, 2000, Harlan et al, 2006, and Conti et al, 2005).   

However, Johnson et al, (2009) accounts for physical environment variable found to be associated with increase in 

UHI effects. The socioeconomic indictors and land surface temperature are used to integrate sociodemographic risks 

simply by adding all variables used; Landsat TM5 LST, Age, poverty, education, and race. Even though Johnson et al 

(2009) approach used LST as an import variable in its logistic model but does not account for physical and 
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environmental parameters associated with heat events and like many other UHI studies, population vulnerability to 

heat is not mapped.  

This paper’s conceptual  model is built around Johnson et al’s study and the understanding of the impact of 

land cover on land surface and ambient air temperature (chapters 2 and 3 of this dissertation). Addition variables are 

used to calculate total environmental risk and social vulnerability within the five boroughs of NYC. This model 

considers all the important parameters that are (T-test) statically significant (Vant-Hull et al, 2014 ). A conceptual 

model was developed using LST Landsat data, data from department of building, sociodemographic census data and 

physical aspects of built cities. The factors of interest include people, environment and building/infrastructure. The 

aim of this study was not only to map vulnerable population based on their socioeconomic status and age but also to 

identify primary land surface characteristics that play a stronger role in developing UHI effect in cities for intervention 

guide of heat mitigation. 

High densely populated cities consist of tall and wide buildings that can impact the ambient air temperature. 

Building density which provides the proximity of buildings within a region showed to cause a greater insulation. The 

building density adds to increasing ambient air by reradiating the absorbed heat back to air leading to more social and 

environmental risk. The second most important factors in social vulnerability are lack of vegetation and people’s social 

wellbeing (income). Vegetation and trees help in reducing the surface and air temperature by providing shades and 

through evapotransporation. Vegetation can help reduce the air temperature by 2-8oC and surface temperature by 15-

20oC (Doick et al, 2013). Income and socioeconomic status can as well affect the health and wellbeing of people 

(Johnson et al 2009). People with higher income can buy air conditioner and afford to run it all day long. 

Based on the factors mentioned above, variables were closely chosen to help calculate environmental risk 

and social vulnerability. Variables were divided into four layers; Hazard layer: temperature, NDVI, building height 

and density, Exposed layer: Population density, Vulnerable layer:  population age and Sensitivity layer: income.  

The total risk due to the heat can be estimated as a function of building density, building height, temperature, 

population density, age, and vegetation.  Building density provides the proximity of buildings within a region which 

when related to building height and population greatly influences risk.  Higher building heights with high building 

density causes a greater insulation effect than if there was a low building density with high building heights.  Similarly, 

it can expect a greater negative effect with high building density and high population.  When there are more people 

below the age of 5 and above 65, they are more susceptible to heat related mortality.  Vegetation is one of the factors, 

which counters the risk of heat related illness so that value is subtracted from the sum of the negative factors.  All of 

these variables are used to calculate the total risk using equation (8). The risk assessment model is a linear fit to help 

estimate the risk within the system. Whereas making an absolutely correct estimate is a lot more complicated, this 

model puts the risk at the concept of a value by introducing a qualification of risk and vulnerability within a system.  

Because some of the variables were recorded as standard deviations, the data had to be normalized instead 

of a basic calculation of the variable value divided by the maximum variable value. From all of these, the total risk 

was calculated. Chow et al (2012) used an equally weighted index in developing a vulnerability index for the two time 

study of Pheonix Arizona.  

 

%TR=(aD + bH + cT + dP + eA - fV)                              (8) 

Where TR is Total environmental risk, D is Building density, H is Building height, T is Temperature, P is 

Population density, A is population Age and V is Vegetation which is represented by NDVI value and a, b, c, d, e, f 

and g in both equations were coefficients derived from  modeling of the local parameters. The social vulnerability is 

then calculated (equation 9) from the total risk by including the population’s income which is one of the most important 

factors because money can negate many of the negative factors. 

%Vu= (a D + bH + cT + dP + eA – fV - gIp)       (9) 

Where Vu is social Vulnerability and Ip is Population’s income. The values are presented as numerical 

summation of the risk for each important factor presented as a total sum in percentage for the total risk and 

vulnerability. Numerical risk values are normalized and calculated in percentile. Higher percentile indicates 

environmental risk and social vulnerability.   

The island of Manhattan was used as a control study and mapped for only selected zip code (fig. 7) of which 

the socioeconomic, environment and physical neighborhood is most known to the research team.  

Based on the results shown in fig. 7 East Village, followed by Harlem, Upper Manhattan are at highest risk of 

vulnerability in compared to other zip codes. Since the result of the control study matched with physical condition of 

the selected neighborhoods, the model was applied to the rest of the boroughs.  
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Fig. 6 Environmental Risk and Social Vulnerability in Manhattan 

Normalized values that were used to analyze postal code areas to determine the neighborhoods in New York 

City are shown in Table 2. The most vulnerable neighborhoods are color coded from dark to light for high to low risk.  

Table 2 Normalized Vulnerability Variables

 
Finally, the risk and vulnerability calculated were all plotted by the ZIP code for those with available information in 

Fig. 8.  The model predicting heat and environmental related risk- model was found to be significant for the purpose 

of this study. The model was calculated using higher value coefficient for temperature, NDVI, building density, and 

income (fig. 8). Based on the model, the areas to approach are the darker reds and black being the most important 

location to try and improve living conditions. 

Environmental risk map shows Manhattan, Brooklyn, Staten Island followed by Queens at high risk. High risk 

neighborhoods are incorporated with lack of vegetation, high building density and low income individuals.  Based on 

the results shown in vulnerability map; the residence living in Manhattan from Washington Heights down to West 

Village on the West Side and from East Harlem down to East Village are at highest risk of vulnerability. Those living 

in Sunset Park, Borough Park, Midwood and Flatbush, and in South and Central Brooklyn are at high risk of 

vulnerability as also seen in with residence living in Elmhurst, Jamaica, Woodhaven, Ridgewood, Kew Gardens, 

Jackson Height, Sunny Side in Queens. Most part of Staten Island and Bedford, University Heights and Woodlawn in 

Bronx have high social vulnerability among its population and are in need for either policy changes or new green 

infrastructure and vegetation to counteract the heating effects. 
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Fig. 7 NYC’s Environmental Risk and Social Vulnerability. Environmental risk (left) and social vulnerability for 

ZIP codes (right) 

4. Discussion and Conclusion 

Environmental risk and social vulnerability should be studied carefully in the context of urban systems. They may 

carry a similar connotation but can have very different applications. One simply states the risk caused by 

environmental factors but the other one shows the population at risk and areas where the citizens do not have the 

means to combat such risks. By taking into account the age and income of residents, the target areas can change.  

Higher income allows money to be spent on air conditioning and health concerns; younger and older residents are 

more susceptible to health problems related to heat. According to the City of New York, it is mandated that heat is 

supplied at outside temperatures 13°C or lower during the day.  Other specifications for night temperatures and inside 

temperatures are allocated as well (Heat and Hot Water, 2015).  The same should be taken into account for summer 

heat.  The installation of air conditioning in American homes is the reason why the chances of dying on an extremely 

hot day fell 80 percent over the past half-century (Eilperin, 2012).  There are more measures to prevent heat related 

mortality and a greater awareness of heat related health problems because of outreach to those that are vulnerable in 

Chicago (Franklin, 2015) but these measures need to be stressed and spread in other urban areas.  

With the changing climate and heat waves becoming more common during the summer, there needs to be a change 

in policy to protect residents of large cities, like New York City.  Whether the change is requiring air conditioning or 

requiring green roofs and more vegetation in urban area design, action needs to be taken to mitigate heat in urban 

centers. The areas of interest vary based on a number of factors.  The factors specifically studied in this research 

involved the effect people have, the effect nature has, as well as buildings’ and infrastructures’ effects.  Based on the 

results, several sections of New York City must make a change in policy or include new green infrastructure and 

vegetation to counteract the heating effects and protect citizens. 

Suggestions for reducing the impact of UHI within a microclimate include increasing vegetation in an area, using 

reflective materials for roof tops, and using pavements that are modified to not absorb as much heat (USEPA). 

Satellite analysis has also confirmed that LST increases in areas with increased urbanization and decreased vegetation 

except the areas with very tall buildings which can be associated with higher wind speed at higher elevations. This 

will aid in better understanding of urban microclimates and their temperature patterns. 
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