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Abstract 

India faces a great number of fatalities from heat waves 

and power outage disasters from failure to meet the 

demand. For the effective reduction in mortality risk and 

peak load, the passive design approach with typical 

weather data is commonly used. However, the megacity 

as New Delhi has may create significant spatial variations 

in weather conditions. Moreover, as the city is rapidly 

expanding, a single typical weather file hardly represents 

the whole city. In this study, the impact of weather spatial 

variations on a thermal mass design is analysed. As results, 

the UHI effect was the most critical to consider among 

spatial variations. Moreover, the spatial variations created 

more difference than the thermal mass design and we 

could conclude that it is significant to include the spatial 

considerations into the thermal mass design.  

Introduction 

India faces extreme weather that causes many fatalities 

due to the accumulated heat before the monsoon period. 

Cable News Network (CNN) world reported that heat 

wave stroke in 2015 and killed nearly 2500 people. 

Moreover, India Meteorological Department predicts 

threats of heat waves almost every year (Whiteman, 2015; 

Wu, 2017). Since people spend most of their time in 

buildings, one of the effective methods to reduce 

mortality risk is to maintain the indoor air conditions 

under a threshold temperature. However, most of the 

Indian residential buildings use the poor-performance 

walls and do not have appropriate air conditioning (AC) 

systems. If all the buildings used the air conditioner, the 

mortality risk would significantly decrease. However, the 

installation and operation of AC systems would cost a 

tremendous amount of money and increase the peak 

electricity use that may require additional power plants. 

For example, New Delhi faced a significant power outage 

in 2012 that caused more than 350 million people to suffer 

due to the failure to meet the growing demand. (Singh, 

2012). Thus, selecting the appropriate envelope would be 

an effective and realistic way to reduce the peak 

electricity use. 

In passive design approach, one of the most common 

techniques to reduce peak electricity use is to decrease the 

peak load by increasing the building thermal mass, which 

decelerates the influences from outdoor conditions as 

Figure 1 demonstrated (Reilly & Kinnane, 2017). Since 

the area of the building walls is the most exposed to 

outdoor environment among building component, thermal 

mass strategies are commonly  

implemented by adjusting the thickness of the heavy mass 

component of the wall. Thus, the wall thermal mass 

should be properly selected during the design stage of the 

building. During the building design procedure, a single 

typical weather file is often used to represent the weather 

conditions of large areas. Currently, only 52 weather files 

are available for the whole Indian sub-continent, i.e. each 

file represents on average 63,000 km2. Megacities such as 

New Delhi have been rapidly growing as Figure 2 shows 

grey area and created significant spatial variations in 

weather conditions within them (NASA earth observatory, 

2018). Previous studies also indicated the necessity of 

choosing the appropriate weather resolutions in England 

and emphasized the importance of spatial variations in 

evaluating mortality risk and energy consumption (Eames, 

Kershaw, & Coley, 2011; C Liu et al., 2017; Chunde Liu 

& Coley, 2015; Tian, Yang, Meng, & Wei, 2015). In this 

study, the significance of spatial variations in weather 

conditions for thermal mass design strategies was 

a) June 1989 b) December 2018 

Figure 2: New Delhi urbanization 

Figure 1: Time lag and decrement effect of thermal 

mass 
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evaluated producing typical weather files at 25 km 

resolution.  

Method 

Weather with spatial variation parameters  

The spatial variation in weather condition was evaluated 

by observing the influences of downscaling the weather 

conditions. Weather data were obtained from the UK 

MetOffice 17-member perturbed-physics ensemble 

climatic model HadCM3Q0-Q16 (known as ‘QUMP’) 

and downscaled with the high-resolution regional climate 

model, Providing Regional Climates for Impact Studies 

(PRECIS), to 25km by 25km resolution. From the data, 

nine weather files were generated for the area of New 

Delhi with Google Maps image as Figure 3 demonstrates. 

Twelve of the seventeen QUMP ensembles for each pixel 

were downscaled to consider the uncertainties due to 

climatic modelling boundary conditions and 

parameterisation.  

Due to the large urban area in New Delhi, the Urban 

Heat Island (UHI) effect, which is the urban characteristic 

of storing the heat from solar radiation and human 

activities during the day and releasing the heat during the 

night, should be considered (Kershaw, Sanderson, Coley, 

& Eames, 2010). Since the QUMP ensembles did not 

apply UHI effect, the possible temperature differences 

from UHI effect were observed with measured three 

hourly dry-bulb temperatures from the World 

Meteorological Organization (WMO). Among many 

WMO weather stations, two weather stations in Palam 

and Safdarjung were within New Delhi area. Palam 

weather station is placed within the Indira Gandhi 

International Airport, surrounded by concrete and asphalt 

materials and Safdarjung weather station is located near 

the D3 ground park. Due to the UHI effect, the dry-bulb 

temperatures in Palam showed higher temperatures than 

the dry-bulb temperatures in Safdarjung. The monthly 

maximum and minimum difference of dry-bulb 

temperatures are reported in Table 1. QUMP data do not 

consider the UHI, so we apply it to the data to observe the 

UHI effect of mortality risk and peak load reduction. For 

applying the UHI effect temperatures, diurnal patterns are 

produced with sinusoidal fits (Chow & Levermore, 2007). 

The hourly temperatures were calculated with equation 

(1).  

T(t) =  𝑓1𝑇𝑚𝑎𝑥 + 𝑓2𝑇𝑚𝑖𝑛     (1) 

Where T(t) is hourly temperature, f1 and f2 are 

sinusoidal factors, and Tmax and Tmin are the maximum and 

minimum temperature from UHI in different months, 

respectively. For calculating the sinusoidal interpolation, 

factor calculation used the following equations from (2) 

to (5).  

For t < 𝑡𝑚𝑎𝑥 

𝑓1 =
cos(

𝜋(𝑡𝑚𝑎𝑥−𝑡)

(24+𝑡𝑚𝑎𝑥−𝑡𝑚𝑖𝑛)
)+1 

2
    (2) 

 

For 𝑡𝑚𝑎𝑥 ≤ t < 𝑡𝑚𝑖𝑛 

𝑓1 =
cos(

𝜋(𝑡−𝑡𝑚𝑎𝑥)

(𝑡𝑚𝑖𝑛−𝑡𝑚𝑎𝑥)
)+1 

2
    (3) 

 

For 𝑡𝑚𝑖𝑛 ≤ t 

𝑓1 =
cos(

𝜋(24+𝑡𝑚𝑎𝑥−𝑡)

(24+𝑡𝑚𝑎𝑥−𝑡𝑚𝑖𝑛)
)+1 

2
    (4) 

 

Table 1: Monthly temperature differences between urban and rural area 

Month Units Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

Minimum 

℃ 

-4.0 -2.4 -1.8 -2.0 -1.6 -2.1 -2.2 -1.8 -1.6 -1.8 -3.2 -3.6 

Q1 -1 -0.4 -0.05 0.2 0.4 -0.4 -0.8 -0.8 -0.45 0.2 -0.2 -0.8 

Medium 0 0.4 0.8 1 1 0.2 -0.2 -0.4 -0.2 0.8 1 0 

Q2 1.05 1.4 1.4 1.8 1.8 0.8 0.2 0 0.4 1.6 1.85 1.2 

Maximum 3.8 3.8 3.4 4.0 3.8 2.5 1.6 1.0 1.6 4.8 4.5 3.2 

Figure 3: Downscaling New Delhi weather file 

Figure 4: Monthly diurnal pattern of UHI 

temperature 
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 𝑓1 + 𝑓2 = 1     (5) 

 

Where t is the current time, and tmax and tmin are the time 

when the maximum and minimum difference occurred, 

respectively. Based on previous studies, the maximum 

UHI effect occurs around the coldest time of the day and 

the minimum UHI effect occurs around the hottest time of 

the day (Kershaw et al., 2010). Thus, the maximum and 

minimum UHI times were assumed to be 5:00 and 15:00 

throughout the year, respectively. With the sinusoidal 

curve equations, the monthly diurnal patterns were 

produced as in Figure 4. The UHI effect in winter has 

greater swings compared to the summer due to the greater 

monthly temperature differences of urban and rural areas 

in winter.  

For a proper application of UHI effect, each grid cell was 

classified either ‘urban’ or ‘rural’ to determine if to apply 

the UHI effect. To do so, NASA Landsat 8 satellite 

images at 30 meters resolution were classified in water, 

vegetation, and urban classes using the Google Earth 

Engine platform. The machine learning technique 

Classification And Regression Tree (CART), was used to 

classify the New Delhi area in the three classes, based on 

6 available spectral bands (B2 to B7). Approximately one 

hundred Landsat 8 satellite images after the monsoon 

period (thus enhancing the green areas) in 2017 were used  

Table 2: Boundary conditions 

to exclude cloudy pixels and consider median conditions. 

Thus, each of the nine PRECIS grid cells was classified 

as ‘urban’ if at least 30% of Landsat 8 pixels within the 

cell were ‘urban’, excluding ‘water’ areas. In Figure 5, the 

urban fraction of each grid is presented and 30% fraction 

was defined as a threshold urban fraction (Mohan, 

Kikegawa, Gurjar, Bhati, & Kolli, 2013). Among nine 

grids, four grids, North Center, Middle Center, Middle 

East, and South East, were considered urban areas. 

Evaluation of mortality risk and peak load with 

dynamic simulation 

After considering spatial variation in weather conditions, 

the possible thermal mass strategies with changes in 

building walls need to be considered for assessing the 

possible difference in mortality risk and peak load. 

Typical residential buildings in India from Global 

Building Performance Network (GBPN) technical report 

and previous study had 230mm brick wall and made 

50mm adjustments (Bansal, Singh, & Sawhney, 2014; 

Global Building Performance Network, 2014). Since the 

changes in wall thickness influence not only the thermal 

mass, but also the resistance, a synthetic wall that 

separates the capacity and resistance was created to 

Table 3: Simulation cases 

Thermal mass strategies Spatial variation parameters Evaluation 

Building 

thermal mass 

Wall 

adjustments 

Geographical 

influence 

Weather modelling 

uncertainties 
UHI effect  

0.13m 

0.18m 

0.23m 

0.28m 

0.33m 

0.38m 

0.43m 

Brick thickness 

 

Equivalent  to 

Building 

thermal mass  

placed inside 

 

Equivalent to 

the thermal 

mass placed 

outside 

South West 

South Center 

South East 

Middle West 

Middle Center 

Middle East 

North West 

North Center 

North East 

PRECIS 1 

PRECIS 2 

PRECIS 3 

PRECIS 4 

PRECIS 5 

PRECIS 6 

PRECIS 7 

PRECIS 8 

PRECIS 9 

PRECIS 10 

PRECIS 11 

PRECIS 12 

Without 

UHI effect 

 

 

 

 

With UHI 

effect 

Mortality risk 

(without system) 

 

 

 

Peak load 

(with system) 

Conditions Contents 

Area 
330m2  (2 story building, 4 flats each 
floor) 

Wall 
construction 

230mm brick wall 

Internal heat 
gain 

People, lighting, and equipment:  
2 people per flat, 5 W/m2 3.58 W/m2 

Setpoint 
temperature 

25°C (summer) 

Infiltration 
rate 

0.4 ACH 

Type of 
cooling 
system 

Packaged Terminal Air Conditioner 
(PTAC) 

Cooling 
locations 

Living room and 2 bedrooms 

Figure 5: Urban fraction in each grid 
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discover the impact of thermal mass and made 

adjustments in only capacity as described in Figure 6. As 

the position of the thermal mass affects the thermal 

mechanism, both circumstances when the thermal mass is 

inside and outside were considered.  

The GBPN two-bedroom typical residential building in 

India was modelled with EnergyPlus v.8.8 and the 

building overview and floor plans are illustrated in Figure 

7 and Figure 8, respectively. Boundary conditions are 

described in Table 2. Ventilation rate may significantly 

influence the effect of thermal mass; however, the 

constant infiltration rate was used for the purpose of 

consistency. For representing the typical internal heat 

gain, intensity and schedule values from the U.S. 

Department of Energy (DOE) are used (Deru et al., 2011). 

The simulation cases considering the spatial variations in 

weather conditions and building thermal mass strategies 

are described in Table 3. Due to the numerous cases of 

simulations, the parametric simulation manager, JEPlus 

v.1.7.2 programme that executes multiple simulations 

with parameter adjustments and weather files, was used to 

simulate 9,072 cases. 

The mortality risk in the building without a cooling 

system was estimated based on the correlation of 

mortality with high temperatures from previous work 

(Armstrong et al., 2011). Armstrong states that when the 

daily average temperature becomes above the 93rd 

percentile of 2-day mean average temperatures, the 

mortality risk becomes the greatest. The criterion is 

reasonable because it can consider both the duration and 

intensity of extreme conditions. Since the previous study 

evaluated outdoor daily temperatures to discover the 

deaths that occurred in both outdoor and indoor 

environments, it is reasonable to assess the indoor 

mortality risk with outdoor threshold temperature (C Liu 

et al., 2017; Taylor et al., 2015, 2018). 

Results and Discussions 

The initial examination was made using typical building 

to look at possible impact of effectiveness of thermal mass 

on both mortality risk and peak load. The first set of 

Middle Center weather files from the PRECIS model was 

used to determine the mortality risk and 93rd percentile of 

2-day mean average outdoor air temperatures was 35.6℃. 

Figure 8: Floor plan of a single apartment 

Figure 7: Overview of building 

Figure 10: Peak load with thermal mass strategies 

Figure 9: Mortality risk with thermal mass strategies 

Figure 6: Thermal mass adjustments 
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The mortality risk was quantified by the number of days 

per year that exceeded the indoor daily temperature of 

35.6℃. As Figure 9 shows, the mortality risk increased 

with thicker brick walls, because the solar and internal 

heat gain was trapped inside the building with higher 

resistance of the wall. The heat was captured until the 

night time and increased daily indoor air temperatures. 

When only internal thermal mass increased (and not 

resistance) with the synthetic wall, the mortality risk 

decreased as the time delay and decrement effect occurred. 

However, when the thermal mass was placed outside, it 

did not make a significant difference in mortality risk. In 

Figure 10, the effect on peak load per floor area of 

different thermal mass strategies were demonstrated. As 

the wall becomes 200mm thicker than the typical wall 

with 230mm, the peak load decreased about 10.7%. The 

peak load decreased with the thicker brick walls, yet the 

effect of peak load reduction declined as the wall became 

thicker. The increase of internal thermal mass reduced 

peak load more than increase in external thermal mass. 

Since the resistance and thermal mass of the walls 

performs differently in mortality risk and peak load, the 

thermal mass strategies should be carefully designed 

depending on the cooling system availability.  

The impact of spatial variation parameters was assessed 

in terms of geographical influences, weather modelling 

uncertainty, and UHI effect. The impact of such factors 

on mortality risk and peak load is quantified in terms of 

Possible Difference, according to Equation (6). 

 

Figure 11: Mortality risk differences from geographical 

influences 

Figure 12: Peak load differences from geographical 

influences 

Figure 13: Mortality risk differences from weather 

modelling uncertainties 

Figure 14: Peak load differences from weather 

modelling uncertainties 

Figure 15: Mortality risk differences from UHI effect 

Figure 16: Peak load differences from UHI effect 
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𝑃𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 =  
𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥
× 100% (6) 

 

where x represents either the mortality risk or the peak 

load, and the xmax and xmin values are calculated on all the 

outcomes for each spatial variation, i.e. geographical 

influences, weather modelling uncertainties, UHI effect. 

For examining the geographical influences, values in nine 

grids were used to determine the possible difference and 

the calculation was executed for each set of the PRECIS 

model. As Figure 11 and Figure 12 illustrated, the 

differences in mortality risk and peak load ranged from 

5.8% to 8.4% and from 9.7% to 14.7%, respectively. The 

geographical influences had created more difference in 

the peak load as the thermal mass increased. In order to 

understand the possible impact of weather modelling 

uncertainty, the 12 weather files from the 12 different 

QUMP ensemble members were compared for each grid. 

In Figure 13 and Figure 14, the mortality risk and peak 

load ranged from 11% to 13.1% and from 9.4% to 16.3%, 

respectively. The weather modelling uncertainty did not 

create a significant difference in mortality risk but 

increased the uncertainties on peak load as the thermal 

mass increased. The effect of UHI was observed by 

comparing the simulation results of the first set of Middle 

Center weather file with the simulation results of weather 

files that included UHI effect. According to the urban 

fraction criteria, North Center, Middle Center, Middle 

East, and South East had enough urban fraction to include 

UHI effect. In Figure 15 and Figure 16, the mortality risk 

and peak load ranged from 11.8% to 16.4% and from 17.8% 

to 21.1%, respectively. The mortality risk and peak load 

demonstrated differences, however, the values did not 

indicate any consistent tendency.   

In terms of the magnitude of mortality differences, the 

UHI effect created the greatest variations followed by 

weather modelling uncertainty and geographical 

influences. Peak load had the greatest variation from UHI 

effect and the magnitude of uncertainties from both 

geographical influences and weather modelling 

uncertainty had half of the uncertainties from UHI effect.  

When the thermal mass strategies are applied during the 

building design phase, the spatial variations should be 

considered, because the spatial variations could create 

more differences than thermal mass strategies on 

mortality risk and peak load. The mortality risk decreased 

only 1.7% from adding 200mm to the typical wall while 

the spatial variations could make the difference up to 

16.4%. The spatial variations of peak load could cause the 

difference up to 21.1% while the thermal mass increment 

of 200mm only decreases 10.7% of the peak load. In 

addition, the UHI effect should be considered as a priority 

among spatial variation parameters since the UHI effect 

created the greatest variations.  

The peak load demonstrated greater spatial variations than 

the mortality risk. Thus, the designers and engineers 

should apply more detail considerations on thermal mass 

strategies for peak load reduction. 

Conclusions 

In this study, the effects of thermal mass strategies and 

spatial variation parameters on mortality risk and peak 

load were analysed. The main objective was to identify 

the magnitude and tendency of mortality risk and peak 

load depending on the thermal mass strategies.  

Thermal mass strategies resulted in significant peak load 

reduction as expected. However, the mortality risk 

increased as the wall thickness increased, because higher 

resistance trapped the heat and made the daily indoor air 

temperature higher.  

The spatial variations should be considered in thermal 

mass design strategies because the spatial variations 

created a greater difference than the thermal mass with 

almost twice the typical wall thickness.  

Among the spatial variation parameters, the UHI effect 

had created the greatest possible differences in mortality 

risk and peak load. UHI effect should be prioritized for 

applying spatial variation considerations. 

The peak load demonstrated higher variations compared 

to mortality risk. The effect of spatial variations is even 

stronger for the building with increased thermal strategies. 

In future studies, further analysis of seasonal effects of 

thermal mass strategies may be investigated. Moreover, 

the probabilistic ranges of thermal mass strategies can be 

researched in different climate regions to identify the 

regional differences. 
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