
Urban Climate 54 (2024) 101828

Available online 26 February 2024
2212-0955/© 2024 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

Spatial and temporal variation of anthropogenic heat emissions in 
Colombo, Sri Lanka 

Lewis Blunn a,*, Xiaoxiong Xie b, Sue Grimmond a, Zhiwen Luo b,g, Ting Sun a,c, 
Narein Perera d, Rangajeewa Ratnayake e, Rohinton Emmanuel f 

a Department of Meteorology, University of Reading, Reading, UK 
b School of the Built Environment, University of Reading, Reading, UK 
c Institute for Risk and Disaster Reduction, University College London, London, UK 
d Department of Architecture, University of Moratuwa, Sri Lanka 
e Department of Town and Country Planning, University of Moratuwa, Sri Lanka 
f The Research Centre for Built Environment Asset Management, Glasgow Caledonian University, Glasgow, UK 
g Welsh School of Architecture, Cardiff University, Cardiff, UK   

A R T I C L E  I N F O   

Keywords: 
Anthropogenic heat emissions 
Sri Lanka 
Low latitude 
Lower-middle income 
Heterogeneity 
Land cover 

A B S T R A C T   

Anthropogenic heat emissions (AHEs) should be accounted for when making city, neighbourhood, 
and building scale decisions about building design, health preparedness (e.g. heat stress), and 
achieving net zero carbon. Therefore, datasets with spatial and temporal variations are required 
for the range of global cities, including lower-middle income, low-latitude cities. Here we esti-
mate the 2020 AHEs at 100 m resolution for Colombo, Sri Lanka. The city-wide annual mean is 
5.9 W m− 2. Seasonal variations are very small linked to small temperature differences, unlike 
mid- and high-latitude cities. However, the diurnal range of 17.6 to 1.8 W m− 2 has three distinct 
peaks (cf. two often found in mid-latitude cities). Transport, metabolic and building related 
emissions account for 35, 33, and 32% of the total emissions, respectively. Building emissions are 
proportionally small (cf. mid-latitudes), as there is neither need for space heating nor frequent use 
of air conditioning, and little heavy industry. The AHE spatial heterogeneity is large, with annual- 
average maxima of 124 W m− 2 at hectometre scale, but dropping rapidly to 10 W m− 2 at kilo-
metre scale. City-wide projections of AHEs from 2020 to 2035 range between 24 and 61% 
increase.   

1. Introduction 

Anthropogenic heat emissions (AHEs) can play a crucial role in shaping the urban climate when solar radiation receipt is low (e.g. 
winter time) at high latitudes resulting in space heating needs (Hinkel et al., 2003; Hamilton et al., 2009). In summer, already warm 
temperatures can be exacerbated by air conditioning (AC) usage, with near-surface air temperature increases of the order of ~1 ◦C (e.g. 
Ichinose et al., 1999; Bohnenstengel et al., 2014; Xie et al., 2016; Takane et al., 2020; Xue et al., 2020). In the low-latitudes AHEs tend 
to be less than at higher latitudes (Flanner, 2009; Allen et al., 2011), because of reduced wintertime space heating needs associated 
with warmer air temperatures (Grimmond, 1992; Sailor and Lu, 2004; Pigeon et al., 2007). Warm season use of AC tends to vary with 
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financial resources, with lower-income countries less likely to prioritize AC (Allen et al., 2011). Whereas in high-income counties AC 
usage can be large (e.g. Singapore (Quah and Roth, 2012)). Hence, in low-latitude cities the anthropogenic heat flux from buildings 
(QF,B) is often a smaller fraction of total anthropogenic heat flux (QF) (cf. higher latitude cities). 

QF varies not only with latitude but between countries. Stewart and Kennedy (2017) found that metabolism (QF,M) accounted for 
only 4–8% of QF in mid-latitude cities (e.g. London, Tokyo, New York), but in low-latitude cities (e.g. Cairo, Dhaka, Kolkata) it can be 
10–45%. This is consistent with Allen et al. (2011) estimates of 30–72% in low-latitude African cities, which are attributed to high 
population densities (Dong et al., 2017), but also low emissions from vehicles (QF,V) and buildings (QF,B). Stewart and Kennedy (2017) 
estimate QF,V in high-income North American, East Asian, and Western European cities where private ownership of vehicles is common 
to be 25–31% of QF, but drops to 15–17% in South Asia and Africa. 

Variation also occurs across cities, with larger values in the central business district (CBD) cf. outer areas (e.g. Chengdu, Chongqing 
(Ming et al., 2021)). The urban form, building usage, population density, and transport network all vary at both kilometre and sub- 
kilometre scales (Gabey et al., 2019). There are also large temporal variations in emissions because of changes in activities (e.g. 
diurnal, day of week). AHEs need to be considered for a variety of city activities across many spatial scales (city wide, neighbourhood, 
building) when decisions are made about long term planning (e.g. local building design, neighbourhood planning), both for future 
climate and day-to-day operations (e.g. overheating impacting health preparedness and energy infrastructure). Increasingly O(100 m) 
grid length numerical weather prediction (NWP) is being used to understand urban climates at neighbourhood scales (Ronda et al., 
2017; Leroyer et al., 2022). QF makes a significant contribution to the surface forcing in such models (Bohnenstengel et al., 2014). 
However, current QF inventories covering lower-latitude, low to lower-middle income countries tend to be kilometre-scale, lacking 
sub-km information on QF dynamics, and are largely based on country level energy consumption data. 

In hot low-latitude cities, people may be exposed to high, and increasingly extreme heat stress, both outdoors (Coffel et al., 2017) 
and indoors (Adunola, 2014; Ramsay et al., 2021). Low and lower-middle income cities are likely to undergo large changes in building 
stock and human activity in the coming years as there is increasing urbanisation (UN, 2019). With increasing household income more 
energy may be consumed in buildings and for transport. How cities house increasing urban populations may vary between construction 
of tall buildings and sprawl, creating larger transport needs. The directions taken will depend on policy (at various levels) and eco-
nomic growth amongst many other uncertainties. As cities compare options to make them more resilient and prepare (e.g. net zer-
o‑carbon options) it is essential to have benchmark QF data to assess possible feedbacks between options being considered. 

The objective of this paper is to determine the spatial and temporal variability of a major lower-middle income city in the tropics. 
The influence of local climate zone (Stewart and Oke, 2012), neighbourhood type, and grid length are considered. We focus on 
Colombo, Sri Lanka (Fig. 1), which already experiences extreme temperatures and is expecting urban growth with projections for 2035 
(land cover, population, and transport) already existing as scenarios. We calculate (Section 3.4) and analyse magnitude, diurnal 
variation, and spatial variation of the QF components (Section 4.1–4.3) for 2020, investigate the influence of grid length (Section 4.4), 
and make projections for the future (2035) (Section 4.5). 

2. Parametrization of anthropogenic heat flux 

The three major sources of anthropogenic heat flux (QF) are heat emissions from metabolism (QF,M), buildings (QF,B), and transport 
(QF,V) (Grimmond, 1992): 

Fig. 1. Key regions in this study: (a) Western province (orange) and other provinces in Sri Lanka (black) (b) divisional secretariat boundaries (black) 
including Colombo (yellow) and Thimbirigasyaya (magenta), (c) N, S, E, and W (cyan) electricity consumption regions (Table 2) within the CMC 
(black lines) and location of the Colombo Meteorological Observatory (6.905◦N, 79.872◦E, red). Base imagery: OpenStreetMap contributors (2021). 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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QF = QF,M +QF,B +QF,V (1) 

Heat released by metabolism of animals and people vary with activity (e.g. cycling versus sitting or sleeping). In buildings, the 
energy uses include cooking, appliances and lighting. Many modes of transport (e.g. cars, buses, trucks) release energy from 
combustion. 

A common simple, dynamic approach used for determining QF in mid- and high-latitude cities is as a function of air temperature 
relative to local heat and cooling thresholds captured by heating (HDD) and cooling degree days (CDD) (Sailor and Vasireddy, 2006): 

QF = ρ(a0 + a1CDD+ a2HDD) (2) 

This allows for variations in population density (ρ) and local socio-economic-cultural conditions (a0, a1, and a2) which may vary by 
day type (e.g. Järvi et al., 2011) and across a mega-city (e.g. Ward and Grimmond, 2017). The a0 parameter accounts for the tem-
perature independent energy use from all three sources of QF. 

In Eq. 2, a1 parameterises the summertime energy use response, notably increased building cooling with warmer conditions. 
Similarly, a2 accounts for wintertime response, most notably linked with increased building heating with colder temperatures. All 
three parameters can be explicitly expanded to be more responsive (Allen et al., 2011; Lindberg et al., 2013; Stewart and Kennedy, 
2017), as especially in low-latitude cities, QF,M, QF,V, and QF,B all make large contributions to QF (Stewart and Kennedy, 2017). 

If there are no large variations in temperatures modifying energy consumption through the year, the last two terms of Eq. 2 are not 
needed (i.e. a1 = a2 = 0). Hence, for low latitudes, after expanding the remaining a0 and ρ terms in Eq. 2 to account for the three 
components in Eq. 1 we have: 

QF(thi) =
[
ρ
(
th,{wdwe}

)
a0,M(th)

]
+
[
ρ
(
th,{wdwe}

) 〈
a0,B

(
th,{wdwe}

) 〉

r

]
+
〈
a0,V

(
th,{wdwe}

) 〉

r (3)  

where the subscripts M, B, V, wd and we correspond to metabolic, building, transport, workdays, and non-workdays, respectively. 
Given spatial units, or regions (r), differ between the datasets used to constrain the three components being downscaled, their number 
and locations vary (e.g. Fig. 1). The total flux QF(th,i) is calculated for each timestep (th, i.e. hourly, h) for each individual grid (i). The 
grid subscript is dropped from the notation on the right-hand side for clarity. 

The metabolism varies diurnally (th,{wd,we}) by type of day as large behavioural changes occur between work (wd) and non-workdays 
(we) (e.g. Kotthaus and Grimmond, 2012; Capel-Timms et al., 2020). On workdays people need to commute to and from work, before 
and after their work period, whereas at night people tend to be asleep. Thus, the metabolism varies with probable behaviour or ac-
tivities and number of people within an area (grid cell i) at a time (th,{wd,we}). 

Metabolism rate (a0,M(th)) can be related to food consumption based on local 24-h recall survey estimates (e.g. Jayatissa and 
Marasingha, 2022). Diurnal variations can be estimated using generic metabolism ratios between awake and asleep (ratio = 2.3, Sailor 
and Lu, 2004) with values linearly changing as the fraction of people asleep varies. We assume animal metabolism is negligible as they 
contribute <1% of emissions in the 26 cities Stewart and Kennedy (2017) studied. 

The population density varies with day type and time of day because of people’s activities. Residential locations, where people are 
at night on workdays or on non-workdays, are the data provided (and constrained) by census data. Ideally the highest spatial resolution 
of the official data is used. To determine workday population densities census data may also be available. The timing of travel can 
inform the likely sub-daily pattern (Section 3.3). 

For building energy consumption, monthly regional building flux (
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(4)  

where the overbar in the denominator represents the annual average. We assume it is reasonable to approximate energy consumption 
as instantaneously being converted to outside heat emissions in Colombo, as building ventilation rates are high compared to Europe (8 
air changes per hour (Xie et al., 2024a) cf. 1 air changes per hour (Dimitroulopoulou, 2012)). For cities with significant industry 
(unlike Colombo, Section 3.4), using non-domestic land use with building energy consumption data would improve spatial down-
scaling. Where there is widespread space heating and air conditioning (AC) (unlike Colombo, Section 3.4), such as in many mid- and 
high-latitude cities (e.g. Sailor and Vasireddy, 2006; Järvi et al., 2011, Ao et al., 2018), it would be beneficial to have the daily air 
temperature – building heating/cooling related energy consumption response functions (e.g. Eq.2) included. 

The average daily heat emission from vehicles for a day is a function of the area of region (Ar, m2), mode of transport (j, e.g. car, 
bus), fuel consumption (Fj

C− g, L km− 1) and distance travelled (D, km): 

〈
a0,V

(
td,{wd,we}

) 〉

r =
EG

ArNs/d

∑
Dj

{wd,we}F
j
C− g (5)  

where Ns/d and EG are the number of seconds in a day and the energy released by combustion of gasoline (32 MJ L− 1; (EC, 2017)). The 
regional journey data are downscaled to the individual grids assuming that the emissions are proportional to the area of road in the grid 
(Aroad,i), with all areas having the same characteristics, and are downscaled to hourly values based on diurnal profiles of trips 
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The downscaling of train emissions follows the same equation except the road area is replaced by track length. 

3. Methods 

3.1. Study area 

The Sri Lankan commercial capital, Colombo city (37 km2) (black line, Fig. 1c, 6.92◦N, 79.85◦E) has a large area of suburbs, 110 
km2 of which is included in the study (region outside of black line, Fig. 1c). In Sri Lanka, the administrative structure consists of 
provinces subdivided into districts with sub-units referred to as divisional secretariats, that are divided into grama niladhari (village 
officer) divisions. The Western Province (orange line, Fig. 1a) has 13 divisional secretariats (one called Colombo, which has 35 grama 
niladhari sub-units). The Colombo city region has both the Colombo and Thimbirigasyaya divisional secretariats (Fig. 1b). The 
Colombo divisional secretariat is distinct from the Colombo city region defined by the Colombo Municipal Council (CMC, Fig. 1c). 
Herein we use Colombo to refer Colombo city unless in the context of divisional secretariats. 

The regional climate is classified as Koppen-Geiger tropical rainforest (Beck et al., 2018). There is little seasonal variation in 
temperature and humidity, and rainfall occurs year-round (Emmanuel and Johansson, 2006; Perera and Emmanuel, 2018). Monthly 
mean daily maximum and minimum near surface air temperatures are 30–32 ◦C and 22–26 ◦C, respectively (Emmanuel and Johansson, 
2006). 

3.2. Land cover characteristics 

Land cover data are needed not only to calculate QF, but also to undertake broader climate modelling to provide the datasets 
required for building design (Xie et al., 2024b). The spatial analysis (Fig. 2) is undertaken using a 100 m grid to obtain six land cover 
types (building, paved, trees, grasses, bare soil and water) fractions and morphology (Table 1). As next generation numerical weather 
prediction will likely be run at hectometric grid lengths, it is important to understand QF at this scale. For understanding building 

Fig. 2. Land cover fraction calculation (b) procedures and (a) example outputs.  
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settings, we want to have detailed information while ensuring there are multiple buildings per grid cell. It will, for example, be rare to 
have a single large building occupying the entire grid cell, leading to a building fraction of 1, which is unsuitable for use in surface 
energy balance models. See Section 4.4 for further discussion on the influence of grid length on QF. 

An iterative process is employed which first uses the Semi-Automatic Classification Plugin (SCP) (Congedo, 2021) in QGIS (QGIS 
Development Team, 2022) and a clear sky Sentinel-2 multiband (20 m resolution) satellite image (ESA, 2018) taken on 20 February 
2020 covering the study area (Fig. 1b). The SCP algorithm training involved visual inspection of high-resolution satellite imagery 
(Google, 2022) at 60 samples across the Sentinel-2 image, allowing SCP to generate the first version of a land cover map (LCv1). 

To improve LCv1 additional data are used:  

• Buildings – CMC building footprints and number of storeys (Blunn et al., 2022) are used to derive the volumes with heights obtained 
by assuming the 3 m minimum storey height regulation (UDA, 2018) plus 1 m to account for roof height.  

• Roads (paved) – To determine the area of roads (Aroad) the OpenStreetMap (OpenStreetMap contributors, 2021) roads are used. By 
inspection of Google Earth imagery (Google, 2022) at 10 random locations per road class (24 classes) the road width of each class is 
estimated. To avoid areal overestimation, the class minimum width is used with the OpenStreetMap line features.  

• Trees and grass – OpenStreetMap’s 16 vegetation types in Colombo do not include scattered vegetation (e.g. street trees). After 
inspecting imagery (Google, 2022) the 16 classes are assigned to our two classes (Table SM.1). The SCP identified scattered 
vegetation is retained.  

• Bare soil – OpenStreetMap railways are classified as bare soil.  
• Water – OpenStreetMap has ‘large open water’ (e.g. lakes, rivers, and pools) polygons, and narrow waterways (e.g. canals and 

streams) as lines. To obtain areas for the latter, the same approach as roads is used. 

These data are used to update the LCv1 based on the following order of assumed accuracy: (1st) buildings, (2nd) land cover derived 
from OpenStreetMap, and (3rd) SCP LCv1 results. Paved fraction is equal to the sum of road fraction and the remaining unclassified 
areas, based on visual inspection of ESA. This version is LCv2. 

To improve the estimate of building fraction beyond the CMC area, within the CMC area bootstrapping is applied to obtain a plan 
area fraction relation between CMC building footprints and SCP data (Section SM2). This relation is applied to correct the SCP data 
outside the CMC. To extend the building height information beyond the CMC, within the CMC mean building heights are calculated 
(Fig. SM.2) for local climate zones (LCZs), as mapped by Perera (2021) (Fig. 3d). This results in any uncertainties from the LCZ 
mapping being retained. For example, LCZ1 (Compact – high-rise, Table 4) building heights are the mean of CMC footprint building 
height for all LCZ1 grid cells (17.0 m), which suggests some areas are misclassified. 

The calculated values are assigned beyond the CMC using the LCZ map. Other building height relations assessed had weak relations 
so are not used (Fig. SM.3). 

3.3. Population characteristics 

Population densities are used to weight the different anthropogenic heat flux terms (Section 2). This allows for difference by day 
type (workday, wd; non-workday, we) and time of day. A typical working week is Monday-Friday (Sri Lanka Travel Guide, 2022). All 
times referred to are local standard time (LST), UTC +5.5. 

In 2012 based on divisional secretariats census data, the Colombo population (i.e. within the CMC) was 0.578 million. The United 
Nations (UN) estimate of Colombo population for 2020 is 0.613 million (UN, 2019). To adjust for this growth the 2012 population 
densities in each divisional secretariat are scaled by 1.061(=0.613/0.578) so that the population density in 2020 equals the UN es-
timate. The 2020 nocturnal (residential) population density (ρnoc) was 146 capita ha− 1 in Colombo and during the daytime on 
workdays 269 capita ha− 1 (Dept. of Census and Statistics, 2012), with the larger daytime density linked to people commuting into 
Colombo for work. The typical workday period, based on timing of trips to and from work in the Western Province (JICA (2014), their 
Fig. 3.1.23), is assumed to linearly increase from 04:00–10:00 LST and vice-versa in the evening between 16:00–22:00 LST (Fig. 4a). 

Table 1 
Land cover and population datasets used.  

Type Dataset Region Reference 

Building Number of storeys 
(2014) 

CMC Building GIS data (Urban Development Authority, Sri Lanka prepared by Survey Dept. of Sri Lanka) 
(Blunn et al., 2022)  

CMC building 
footprint (2014) CMC 

Building GIS data (Urban Development Authority, Sri Lanka prepared by Survey Dept. of Sri Lanka) 
(Blunn et al., 2022) 

Population Density (2012) 
Divisional 
secretariats 

Social Administrative GIS data (Blunn et al., 2022) based on the Census of Population and Housing, 
2012, Sri Lanka (Dept. of Census and Statistics, 2012). 

Road Area – OpenStreetMap contributors (2021)  
Width – Google (2022) 

Water Area – OpenStreetMap contributors (2021)  
Width (narrow 
waterways) 

– Google (2022) 

Bare soil Area – Sentinel-2 multi-band satellite data (ESA, 2018)  
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We assume no commuting occurs on non-workdays so the population density remains equal to ρnoc to give the different wd and we 
profiles (Fig. 4a). 

Spatial variability in population density at 100 m grid scale is based on conserving the divisional secretariat totals (Dept. of Census 
and Statistics, 2012) assuming it is proportional to building volume. Hence, the resulting densities (Fig. 3e,f) are largest in the 100 m 
(or 1 ha) grid cells with tall buildings (Fig. 3a) and large building fractions (Fig. 3b). The maximum night-time or we density is 5437 
capita ha− 1 for a grid cell with a mean building height (h) of 194 m and building fraction (fbld) of 0.48. The Colombo divisional 
secretariat average ρnoc, h, and fbld are 192 capita ha− 1, 8.0 m, and 0.42, respectively. Hence, the extreme ρnoc grid cell building volume 
is 28 times larger than the Colombo divisional secretariat average volume. 

3.4. Anthropogenic heat flux (QF) 

To calculate the time and space varying QF (Eq. 3) for the Colombo area we use local data to constrain the three QF components. 
For metabolism, we use Jayatissa and Marasingha (2022) food consumption value (2068 kcal capita− 1 day− 1) estimated using the 

24-h recall method. This per person mean in a household is derived from a representative sample of Sri Lankans aged 6 months to 95 

Fig. 3. Colombo Municipal Council (CMC, black line) and surrounding study area mapped at 100 m grid resolution (Section 3), showing: (a) mean 
building height (h), (b) plan area fraction of buildings (fbld), (c) plan area fraction of road (frd) (i.e. part of the paved land cover fraction), (d) Perera 
(2021) local climate zones (LCZs, Table 4) derived using the Demuzere et al. (2021) application, and population densities for (e) nocturnal and non- 
workday daytime (ρnoc) and (f) daytime workday (ρday). All colour bars except (d) have logarithmic scale. 
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years. Estimates of uncertainty in Sri Lankan food consumption are informed by Jayawardena et al. (2014) similar study which es-
timates food consumption of adults (>18 years) to be 1714 kcal capita− 1 day− 1 and the FAO (2012) South-Asian projection of food 
consumption estimates of 2420 and 2590 kcal capita− 1 day− 1 for 2015 and 2030, respectively. We consider Jayatissa and Marasingha 
(2022) estimate most plausible, as 1714 kcal capita− 1 day− 1 is below the minimum food rations required (1900 kcal capita− 1 day− 1) 
for displaced people (Mason, 2002), whilst the FAO (2012) regional top-down estimate uses (non-Sri Lankan) production, imports and 
exports. 

Assuming a 2.3 awake to asleep metabolism ratio (Section 2) gives a daytime a0,M of 120 W capita− 1 and a sleeping value of 52 W 
capita− 1 (blue dashed, Fig. 4a). To split the remainder of the day, the timing of trips (e.g. to school, work, home after work) (JICA 
(2014), their Fig. 3.1.23) is determined by the assumption that people sleep for 7 h. The fraction of people asleep is set to increase 
linearly from 1 to 0 between 04:00–08:00 and increasing fraction asleep from 0 to 1 between 21:00–01:00. The workday and non- 

Fig. 4. Diurnal variation in Colombo, by day type (workdays, wd; non-workdays, we) of: (a) population density (left Y-axis), and metabolic power 
output per person (right Y-axis, dashed), (b) building emissions normalised by annual-mean for Colombo (term in square brackets on right hand side 
of Eq. 4) (left Y-axis) and diurnal profile of electricity consumption normalised by daily average for Sri Lanka (right Y-axis, dashed), and (c) 
combustion from motorised vehicles scaled by daily-mean. Source: JICA (2014, their Fig. 3.1.23). For the model formulation and data methods and 
sources see Sections 2 and 3, respectively. 

Table 2 
Monthly values for December 2017 to March 2018 of: (a) electricity consumption (Source: Ceylon Energy Board (CEB), obtained by request) by region 
and (b) near surface temperature (Source: NOAA, 2001). Fig. 1c shows locations.    

Electricity consumption (MWh)  

Region/Location Dec 2017 Jan 2018 Feb 2018 Mar 2018 

(a) CEB North (N) 7636 7719 7482 7993  
CEB South (S) 10,680 10,843 10,890 11,331  
CEB East (E) 9794 10,154 9809 10,579  
CEB West (W) 7781 7906 7808 8208  
Total 35,891 36,622 35,989 38,111 

(b) Colombo Meteorological Observatory      
(6.905◦N, 79.872◦E) Air temperature (◦C) 27.0 26.6 31.9 28.2  
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workday differences are driven by population density differences (Section 3.3). 
The monthly electricity data (Table 2) varies between 35.9 and 38.1 GWh in the four-month period (Table 2) while the mean near- 

surface air temperature varies between 26.6 and 31.9 ◦C (Table 2). There is no correlation between electricity consumption and 
temperature (Table 2). This suggests that with air temperatures rarely below 20 ◦C (Emmanuel and Johansson, 2006) that energy is 
seldom used for space heating, and that variations in AC usage make little (or small) contribution to electricity consumption. This is 
consistent with Stewart and Kennedy (2017) estimate for other low to lower-middle income (WB, 2022), low-latitude cities (Kolkata, 
Delhi, Karachi, and Dhaka) with very low electricity consumption (1.2–2.7 W m− 2) attributed to negligible space heating and use of 
natural ventilation rather than AC given the high cost of electricity. Hence, the two last terms of Eq. 2 are omitted, and Eq. 3 is used. 
Also, given there is little variation in electricity consumption between the four months, the data is used to estimate annual electricity 
consumption in the four Ceylon Energy Board (CEB) regions for 2020. 

Sri Lanka household income and expenditure surveys (in 2012/2013) find energy consumption is split between electricity (63%), 
kerosene (14%), liquified petroleum gas (14%), and firewood (8%) (Pallegedara et al., 2021). Natural gas is not a component of the 
energy mix in Sri Lanka (SLSEA, 2017). Although electricity produced by photovoltaics installed on individual buildings can be sold 
back to the grid (Jayaweera et al., 2018), it is not included in the CEB electricity consumption data (Table 2). However, as photo-
voltaics account for ~0.01% of Sri Lanka’s electricity demand (Jayaweera et al., 2018), we make no adjustments. Therefore, assuming 
energy efficiency is the same and Pallegedara et al. (2021) results hold for all buildings in Colombo, the electricity consumption is 
scaled by 1.59(=100/63). Building emissions, therefore, refer to the sum of electricity (63%) and other (kerosene, gas, firewood, etc.) 
(37%). As industrial electricity consumption is <1.2% of the CEB total electricity consumption in Colombo (Ceylon Energy Board 
(CEB), obtained by request, Blunn et al., 2022), the spatial variation of building emissions are not strongly controlled by industry. 

The diurnal variation of building emissions is estimated using Sri Lanka’s electricity load profile for the day where peak electricity 
consumption occurred in 2017 (SLSEA (2017), their Fig. 6.3) but the profiles do not vary much with the year (SLSEA (2017), their Fig. 
6.3). Peak electricity load (and therefore peak Sri Lanka building emissions) tends to occur at 19:00 when people return home, cook 
and undertake some recreation activities (blue dashed, Fig. 4b). The population density is used to weight the building emissions. The 
peak building emissions in Colombo on workdays is at 15:00 (black solid, Fig. 4b), when large building emissions (blue dashed, Fig. 4b) 
coincide with peak population density in Colombo (black solid, Fig. 4a). 

For transport emissions, the regional constraints are journey data for the Western Province (orange, Fig. 1a) which are summarised 
in Table 3. The total area of Colombo Municipal Council or Colombo City (CMC, black, Fig. 1c) is Ar=CMC = 37 km2. On wd the diurnal 
variation of vehicle emissions is assumed proportional to the wd diurnal variation of total number of trips in the Western Province of Sri 
Lanka (JICA (2014), their Fig. 3.1.23) (black, Fig. 4c). On we the diurnal variation (red, Fig. 4c) is found by subtracting the work and 
school related trips (JICA (2014), their Fig. 3.1.23) from the wd trips. 

4. Results and discussion 

4.1. Magnitude and temporal variation of anthropogenic heat flux (QF) 

The 100 m resolution annual mean QF in Colombo for 2020 is 5.9 W m− 2 (Table 4). This is consistent with equivalent values in other 
low- and lower-middle income, low-latitude cities in Asia (Stewart and Kennedy, 2017) and Africa (Allen et al., 2011); and in Colombo 
for 2010 at 1 km resolution (6.1 W m− 2, Varquez et al., 2021) (Table 4). 

At 100 m, the annual mean component sources in decreasing size are from transport (2.0 W m− 2), metabolism (2.0 W m− 2) and 
buildings (1.9 W m− 2). This ordering is generally consistent with metabolism and buildings found in other low to lower-middle income, 
low-latitude cities (Allen et al., 2011; Stewart and Kennedy, 2017). However, Colombo is unusual in having a larger mean from 

Table 3 
To calculate transport related heat emission, the constraining regional data for Colombo is the Western Province (Fig. 1). The total number of trips per 
day (NT) for workdays (wd) are estimated from JICA (2014, their Fig. 5.2.1^), with non-workdays (we) derived from JICA (2014, their Fig. 3.1.23§) trip 
purpose data after removing work and school trips. The JICA (2014, their Fig. 3.1.6) frequency of trips by modes is used to split these NT totals by 
mode. An average trip length for all motorised mode of transport is assumed to be 5 km based on the E to W (~4 km) and N to S (~10 km) dimensions 
of Colombo. The number of people in each vehicle (NP) are based on: † Lanka Ashok Leyland Viking (MTCA, 2018) capacity (54) but at peak times 
>120% capacity (JICA (2014), their Table 3.3.1) so full on average assumed; ‡ common train (Sri Lanka Class S11) seating capacity (Sri Lanka 
Railways (2019), their Section 7) based on most Sri Lankan train lines being Diesel Multiples Units (JICA, 2014). Gas consumption (FC-g) sources: ⁋ Sri 
Lanka Railways (2019, their Section 8); ⁑ FHWA (2016, their Table VM-1); ⁑ mean of motorcycles and cars.   

NT (×106) NP Distance 
(×103 km) 

FC-g 

(L km− 1) 
QF,V,CMC 

(W m− 2)  

wd we  wd we  wd we 

Train 0.07 0.04 620‡ 0.8 0.4 2.37⁋ 0.01 0.01 
Bus 0.91 0.47 54† 84.4 43.1 0.32⁑ 0.27 0.14 
Car 0.26 0.13 2 660.0 336.7 0.10⁑ 0.65 0.33 
Motorcycle 0.34 0.17 1 1680.0 857.1 0.05⁑ 0.90 0.46 
3-wheeler 0.31 0.16 2 780.0 398.0 0.07* 0.54 0.28 
Walk/Bike 0.50 0.26 0/1      
Total 2.40^ 1.22§ 2.38 1.22  
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transport (QF,V) than building (QF,B) sources (Table 4). Comparison of QF,V/QF,B ratios (Table 4) indicate Colombo is most similar to 
Delhi. These cities (Stewart and Kennedy, 2017) have larger QF,B (3.7–13.3 W m− 2) but generally smaller QF,V (0.5–2.8 W m− 2) values 
than Colombo. 

Like Karachi and Dhaka, the Colombo electricity consumption is 1.2 W m− 2 (Table 4), but Colombo QF,B (2.0 W m− 2) has very small 
space heating and industry related energy consumption, with some heat emissions from kerosene, gas, and firewood burning likely 
associated with cooking (Section 3.4). Whereas, QF,B in both Karachi (4.2 W m− 2) and Dhaka (13.3 W m− 2) have proportionally large 
space heating and industry which contributes (3.1 and 12.1 W m− 2, respectively) (Stewart and Kennedy (2017), their Table 3). 

In Colombo, the AHEs are 62% larger on workdays (wd) than non-workdays (we), linked to all components (metabolic, building, 
and transport) having larger AHEs (Table 4). This contrasts with high income, mid-latitude cities of London and Tokyo where AHEs are 
only ≈ 2% larger on wd than we (Allen et al. (2011), their Fig. 10) but this may relate to the coarse spatial scale of the latter model not 
capturing the details of people’s transport activity. The Colombo QF,M on wd and we is the same (0.8 W m− 2) in the middle of the night 
(Fig. 5). During the daytime QF,M is up to 84% larger on wd than we because of commuters going to work. QF,M,{wd} increases from 0.8 
W m− 2 at 04:00 to 3.2 W m− 2 at 10:00 (Fig. 5a). The large diurnal variation is linked to an increase in metabolism and population 

Table 4 
Anthropogenic heat flux (QF, units W m− 2) and electricity (E, units W m− 2) from this study and the literature.  

(a) Total anthropogenic heat flux (W m− 2) for Colombo, CMC for all days, workdays (wd) and non-workdays (we). SD and IQR stand for all days standard deviation 
and interquartile range, respectively. 

Colombo (period) resolution mean SD Median IQR wd we 

Varquez et al. (2021) QF (2010) 1 km 6.1 6.2 3.3 5.5   
This study QF (2020) 100 m 5.9 5.6 5.4 3.4 6.7 4.1 
Metabolism QF,M 100 m 2.0 3.0 1.6 1.3 2.2 1.5 
Transport QF,V 100 m 2.0 1.6 1.8 1.9 2.4 1.2 
Building QF,B 100 m 1.9 2.4 1.6 1.3 1.2 1.4 
QF,V/QF,B  1.07    1.13 0.85 
E  1.2    1.3 0.9  

(b) Colombo Electricity regions (Dec 2017 – Mar 2018) (Fig. 1)  

QF QF,M QF,B QF,V E Building Vol. /Grid Area (m3/m2 = m) 

N 5.4 1.9 1.9 1.6 1.2 2.66 
S 5.7 1.6 1.8 2.3 1.1 3.08 
E 5.2 1.5 1.6 2.1 1.0 2.68 
W 7.6 3.1 2.4 2.1 1.5 4.45  

(c) Colombo fluxes for 2020 by LCZ, with heights derived for each LCZ (methods given in section 3.2) 

Local climate zone (LCZ)  QF QF,M QF,B QF,V QF,B/ QF,M Height (m) 

Compact – high-rise 1 10.4 4.2 3.8 2.4 0.89 17.0 
Midrise 2 7.3 2.5 2.4 2.4 0.96 7.7 
Low-rise 3 5.3 1.6 1.7 2.0 1.03 6.5 
Open – high-rise 4 13.2 6.1 4.9 2.2 0.81 25.7 
Midrise 5 6.4 1.8 1.8 2.8 0.99 8.2 
Low-rise 6 3.4 1.0 1.1 1.3 1.06 6.5 
Lightweight – low-rise 7 5.1 1.7 1.7 1.7 1.01 4.9 
Large – low-rise 8 4.7 1.4 1.4 1.9 0.99 6.1   

(d) Annual mean fluxes Colombo for 2035. Details of projections (P) given in Table 6: relative size of increase indicated by ↑ 

Pop Building vol Trips P QF QF,M QF,B QF,V V/B E 

↑ - ↑ P1 7.4 2.5 2.4 2.6 1.08 1.5 
↑↑ ↑↑↑ ↑ P2 8.9 3.3 3.0 2.6 0.86 1.9 
↑↑ ↑↑↑ ↑-cars P3 9.5 3.3 3.0 3.2 1.08 1.9 
↑↑ ↑↑↑ ↑-bus/train P4 8.5 3.3 3.0 2.2 0.74 1.9 
↑ ↑ ↑ P5 7.5 2.5 2.5 2.6 1.03 1.6   

(e) Annual mean for period indicated in other low to lower-middle income, low-latitude cities.   

QF QF,M QF,B QF,V QF,V/QF,B E 

Asia Kolkata  7.7 3.5 3.0 1.1 0.37 2.7 

Stewart and Kennedy (2017) for 2011 
Delhi  8.6 2.0 3.7 2.8 0.76 2.2 
Karachi  6.1 1.0 4.2 0.8 0.19 1.2 
Dhaka  16.1 2.3 13.3 0.5 0.04 1.2 

Africa Ouagadougou  < 3      

Allen et al. (2011) for 2005 
Lagos  < 9      
Kinshasa  < 3       
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density in the morning (Fig. 4a). 
The maximum QF,V,{wd} (13.8 W m− 2) occurs at 07:00, and is 5.8 times larger than the wd mean (Fig. 5c, Table 4). This morning 

peak is associated with work and school related trips (JICA (2014), their Fig. 3.1.23). A second, smaller peak at 14:00 is associated with 
the collection of school pupils (JICA (2014), their Fig. 3.1.23). The third peak at 18:00 is smaller (Fig. 5c), and is associated with 
workers commuting home (JICA (2014), their Fig. 3.1.23). This three-peaked QF,V diurnal profile (Fig. 5c) differs from other cities 
where vehicle counts are used with two approximately equal sized peaks in the morning and evening (Sailor and Lu, 2004; Allen et al., 
2011; Quah and Roth, 2012; CAMS, 2019). 

The diurnal range for QF,B,{wd} (1.0 → 3.0 W m− 2) is much smaller than for QF,M and QF,V. The Colombo QF,{wd} diurnal range ratio of 
~10 (1.8 W m− 2 (02:00) → 17.6 W m− 2 (07:00)) is much larger than the global mean diurnal range ratio of ~5 (0.7 → 3.6 W m− 2) 
estimated by Allen et al. (2011), or in United States cities of ~3–4 predicted by Sailor and Lu (2004). In the daytime on workdays, 
Colombo’s AHEs would be underestimated by as much as 10.9 W m− 2 if assumed constant through time. Non-workdays have a smaller 
diurnal range (1.7 W m− 2 (03:00) → 8.1 W m− 2 (07:00)). 

4.2. Spatial variations: local climate zone (LCZ) 

The spatial variation of LCZs (Table 4, Fig. 1d) is linked to building: packing (compact and open), height (high-, medium-, and low- 
rise), thermal properties (lightweight), and extent (large) (Stewart and Oke, 2012). 

With little variation in plan area fraction of road (frd) (Fig. 3c) between LCZs the QF,V is very similar (≈ 2 W m− 2
, Table 4). Overall, 

the largest QF are associated with open – high-rise (LCZ4 = 13.2 W m− 2) and compact – high-rise (LCZ1 = 10.4 W m− 2). The LCZ4 QF is 
larger than LCZ1 despite being less dense because of the building volume. This is used to downscale the divisional secretariat pop-
ulation density (Section 3.3) and in-turn the population density is used to downscale the Colombo (N, S, E, and W) electricity con-
sumption data. Hence, both QF,M and QF,B are related to building height (Table 4); resulting in QF being smaller with decreasing 
building height within LCZs 1 to 3 and LCZs 4 to 6. 

The W region of Colombo (Fig. 6) has most of the tall buildings (Fig. 3a) and the largest mean electricity consumption (1.5 W m− 2, 
Table 4). It also has the largest total building volume per area (4.45 m, Table 4). LCZs 1 and 4 have high QF,B (Table 4) and are common 
in the W region, but QF,B/QF,M is lowest there (LCZ4 = 0.81, LCZ1 = 0.89) because electricity consumption per capita is lowest in the W 
region. This ratio is highest for LCZ6 (1.06, Table 4). 

4.3. Spatial variations: four neighbourhoods 

We explore in more detail four (~ 1 km2 scale) Colombo “neighbourhoods” (Fig. 6, magenta) with distinct and different charac-
teristics (Table 5). 

The “dense”, northernmost, neighbourhood has a high proportion of commercial and business land use classes (JICA (2014), their 
Fig. 2.2.3). Of the four, this neighbourhood has the highest density of people (ρnoc = 337 capita ha− 1) and the largest plan area fraction 
of buildings (fbld = 0.64). The “tall” neighbourhood in the middle-west has many of the tallest buildings (seven of the 100 m × 100 m 

Fig. 5. Diurnal variation (mean: line, interquartile range: shading) of QF and its components for grid cells within Colombo on (a) workdays (wd) and 
(b) non-workdays (we). 
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grid cells having h > 50 m) and the tallest neighbourhood mean building height (h = 16.1 m). The middle-east neighbourhood contains 
a major arterial “road” but mainly residential land use. This neighbourhood has the largest plan area fraction of road (frd = 0.10) and 
lowest population density (ρnoc = 108 capita ha− 1). The largely residential neighbourhood to the south is “coastal”, unlike the inland 

Fig. 6. Colombo (with its four electricity consumption regions; N, S, E, and W, black; and four neighbourhoods (dense, tall, coastal, and road, 
magenta, Table 5)) and surrounding (100 m × 100 m resolution) 2020 annual-average anthropogenic heat flux (colour, logarithmic scale): (a) total, 
and related to (b) buildings, (c) metabolism, and (d) motorised transport. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 

Table 5 
Characteristics of four neighbourhoods (Fig. 6) in two divisional secretariats (a,b) in Colombo: plan area fraction of buildings (fbld) and roads (frd), 
mean building height (h), population density on workdays (ρwd), and the anthropogenic heat fluxes (MD – median, IQR – interquartile range) for 
2020.  

Neighbourhoods Land use fbld frd ρwd 

(capita ha− 1) 
h 
(m) 

Flux (W m− 2) 

Mean MD IQR 

(a) Colombo         
Dense (North) very-dense, large commercial 0.64 0.08 555 9.0 10.4 10.0 4.6 
Tall (Middle-West) many tall buildings 0.39 0.06 532 15.7 8.9 6.4 4.5 
Road (Middle-East) largely residential, main road artery 0.43 0.10 233 7.1 6.8 6.0 3.3 
(b) Thimbirigasyaya         
Coastal (South) largely residential, coast 0.48 0.07 294 7.9 6.5 6.5 2.3  
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middle-east neighbourhood. It has the second largest plan area fraction of buildings (fbld = 0.48), but with a short mean building height 
(h = 7.9 m) and a residential population density of 136 capita ha− 1. 

To compare the 2020 annual average QF variability in the neighbourhoods, we use probability density functions (PDFs) (each 
integrates to 1, Fig. 7). Spatial averages and PDFs include 0 W m− 2 grid cells. The dense, high population density neighbourhood 
(Table 5), located in the highest (W) electricity consumption region has the largest mean QF (= 10.4 W m− 2). The maximum individual 
grid-cell values are in the range 18–20 W m− 2. Whereas the tall neighbourhood has several grid-cells with QF > 25 W m− 2, with the 
extreme being 114 W m− 2, despite having a smaller spatial mean (8.9 W m− 2). This is linked to the neighbourhood also having a lake, 
several parks, and several low-rise, low population density, residential areas. Hence, the distribution is more positively skewed for the 
tall (Fig. 9b) neighbourhood than the dense (Fig. 9a) neighbourhood. In the tall neighbourhood, 4–6 W m− 2 and 6–8 W m− 2 are equally 
common, while in the dense neighbourhood 10–12 W m− 2 is most common. 

The largely residential coast and road neighbourhoods have smaller mean QF values (6.5 and 6.8 W m− 2, respectively), with all grid 
cells having values <16 W m− 2 (Fig. 7c,d). They have smaller QF,B and QF,M values (cf. tall and dense), and QF,V makes a 51% 
contribution to QF in the road neighbourhood (cf. 27%, 23%, and 35% in dense, tall, and coast neighbourhoods, respectively). 

The Colombo (Fig. 6) median QF is 5.4 W m− 2, while the mean is 5.9 W m− 2. Thus, QF is not normally distributed, with extremes 
impacting the mean. The 90, 99 and 99.5 percentiles are 9.3, 20.9, and 32.9 W m− 2, respectively. Hence, the tall neighbourhood peak 
values are amongst the largest in Colombo. The AH4GUC (Varquez et al., 2021) Colombo mean and median are 6.1 and 3.3 W m− 2 

(Table 4), respectively, suggesting the AH4GUC values are less normally distributed, with a higher proportion of small values. Both 
models use population density for downscaling QF, but an important difference is the use of road fraction in the downscaling of 
transport emissions in this study. Also, the population density in this study is based on divisional secretariat population data down-
scaled using 100 m gridded building footprint data, whereas AH4GUC population density is based on the 1 km resolution LandScan™ 
population dataset (Dobson et al., 2000) with 1 km resolution VIIRS Nighttime Lights (Elvidge et al., 2017) correction. 

Overall, there are larger intra-neighbourhood variations in QF (Fig. 7) than inter-neighbourhood differences (Table 5), with the 
smallest QF neighbourhood value being more than half the largest (Table 5). Grid length impacts QF spatial heterogeneity (Lindberg 
et al., 2013). Large QF values in 100 m grid cells are often surrounded by much lower values. This is problematic for surface energy 

Fig. 7. Probability density functions (2 W m− 2 bins, colours correspond to Fig. 6a colour bar) for grid cells (100 m × 100 m) in four neighbourhoods 
(Fig. 6, Table 5) and mean of QF (top right corner) for 2020: (a) dense, (b) tall, (c) coastal, and (d) road. 

L. Blunn et al.                                                                                                                                                                                                          



Urban Climate 54 (2024) 101828

13

balance models that do not represent horizontal advection (e.g. offline simulations uncoupled from a 3-D atmospheric model) or 
without spatial smoothing. Grid cells with large QF values can cause unrealistically warm air temperatures compared to adjacent grid 
cells, if QF is not diluted by advection. This could be addressed by smoothing using a gaussian or linear filter (e.g. O(0.5–1 km)) to 
reduce the highest spatial variations (i.e. an intentional underestimate). This highlights the advantage of using a vertically distributed 
canopy model, as O(100 m) grid cells can be used to capture the spatial variation in QF, whilst also representing horizontal advection 
within the canopy. 

The maximum (2020 annual average) QF in one grid cell in Colombo is 124 W m− 2, which is much larger than the maximum 
AH4GUC QF (2010 annual average) Colombo single grid cell value of 31.7 W m− 2. This is probably largely linked to the larger areal 
extent of the 1 km AH4GUC grid cell (cf. our study 100 m). 

4.4. Spatial and temporal variations: influence of coarse graining 

The impact of spatial scale (grid-length resolution) is known to have a significant impact on the QF intensity. Many individual city 
studies have used 100 m resolution (e.g. Grimmond, 1992; Kłysik, 1996; Ichinose et al., 1999; Pigeon et al., 2007; Quah and Roth, 
2012) but when the spatial coverage is global the grid length is much larger (e.g. 0.5◦ x 0.5◦, Flanner, 2009; 2.5′ x 2.5′, Allen et al., 
2011). Lindberg et al. (2013) designed their global model to be able to change spatial resolution and demonstrate the impacts (as well 
as providing the data at many different grid-resolutions). For Greater London they demonstrate that spatial coarsening results in a large 
drop in maximum flux (e.g., dropping from ~68 W m− 2 (30″ resolution) to ~35 W m− 2 (10′ resolution)), and collapse of both the slope 
of decreasing spatial mean and city-wide mean (Lindberg et al., 2013, their Fig. 8). 

In our study area, the 2020 annual average QF after coarse graining the 100 m grid length to 200 m, 400 m (etc.) up to 6.4 km grid 
length shows similar influences of spatial resolution on QF spatial variability. For grid-cells within the CMC (Fig. 8a), the maximum 
value falls from 124 W m− 2 (100 m resolution) to 29 W m− 2 (200 m resolution) to 10 W m− 2 (1.6 km), and plateaus at ~3.2 km 
resolution where it approximately equals the CMC spatial mean. The spatial maximum decreases less rapidly with increasing grid 
length. The difference between the 95th and 5th percentiles is 10.0, 5.0, and 1.7 W m− 2 at 100 m, 800 m, and 3.2 km grid lengths, 
respectively. Therefore, the horizontal heterogeneity in QF falls rapidly from the hectometre to the kilometre scale. Gabey et al. (2019) 
found QF hot spots are missed when QF is coarse grained from 500 m to 5 km grid length. Our results demonstrate, as expected, there is 
further QF detail at sub-500 m grid length. Moving from kilometre scale to sub-kilometre scale NWP and climate modelling will have a 
large influence on the need for information about QF spatial variability (if represented at commensurate scale), and sub-km simulations 
can therefore be expected to demonstrate more fine-scale detail on the near-surface urban climate. 

Spatial coarse graining by day type (workdays (wd) and non-workdays (we)), allows hourly differences between the 95th and 5th 
percentiles (q95-q5) of QF within the CMC to be calculated (Fig. 8b). The wd maximum is 38.7, 14.2, and 4.4 W m− 2 at 100 m, 800 m, 
and 3.2 km grid lengths, respectively, and occurs at 07:00 which coincides with maximum daily QF (Fig. 5). Scaling by the CMC mean 

Fig. 8. Impact of grid-cell spatial resolution calculated in CMC from 2020 annual average QF data: (a) maximum, mean, and percentiles. Note 
overall mean QF values vary slightly with resolution because the CMC region is modified by the exact grid points falling within it. (b) Diurnal 
variability of 95th to 5th percentiles (q95-q5) range for workdays (wd) and non-workdays (we). (c) As (b), except normalised. 
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Table 6 
Current (2020) and future (2035) conditions modelled for projections (P) 1 to 5. The change in population (ΔPop) and trips (ΔTrip) are an increase over the current. Local climate zone (LCZ, Table 4, NU – 
non-urban) cover. Trips have the following modes: non-motorised (NM, e.g. walking, cycling), train (Tr), motorbike (MB), and three-wheeler (3 W). The projected 2035 annual average AHEs by 
component for Colombo.  

Code ΔPop 

(%) 
LCZ Cover (%) ΔTrip 

(%) 
Trip Share (%) 2035 QF (W m− 2) 

P# 1 2 3 4 5 6 7 8 9 10 NU NM Bus Tr Car MB 3 W QF,M QF,B QF,V QF 

2020 0 6 27 31 3 2 3 1 17 0 2 8 0 21 38 3 11 14 13 1.98 1.91 2.05 5.94 
1 24 6 27 31 3 2 3 1 17 0 2 8 25 21 38 3 11 14 13 2.46 2.37 2.56 7.39 
2 68 69 0 23 0 0 0 0 0 0 0 8 25 21 38 3 11 14 13 3.32 2.99 2.56 8.87 
3 68 69 0 23 0 0 0 0 0 0 0 8 25 17 32 2 32 8 7 3.32 2.99 3.23 9.54 
4 68 69 0 23 0 0 0 0 0 0 0 8 25 17 49 4 9 11 10 3.32 2.99 2.20 8.51 
5 24 45 0 47 0 0 0 0 0 0 0 8 25 21 38 3 11 14 13 2.46 2.49 2.56 7.51  
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hourly QF gives almost constant diurnal profiles at all grid lengths (Fig. 8c). Therefore, although the magnitude of spatial differences in 
QF are greatest at 07:00, the spatial heterogeneity does not change much throughout the day. Comparing wd and we temporal profiles 
by grid resolution (Fig. 8c), shows the spatial heterogeneity to be similar for wd and we. One would expect large QF spatial hetero-
geneity (i.e. normalised) diurnal variation if the temporal behaviour of QF varies significantly by location. The lack of QF spatial 
heterogeneity diurnal variation is explained by the largest overall QF being linked with QF,B and QF,M values (Fig. 6), which have similar 
diurnal profiles (Fig. 5). 

4.5. 2035 Projections 

It is critical to know not only about current conditions (i.e. 2020, Section 4.1-4.4), but also future conditions as any building being 
planned now will experience and impact those conditions. To address this, five projections for Colombo in 2035 are made based on 
different population, land cover, and transport scenarios (Table 6) as this is a period with local published plans. The warming climate is 
not represented in the projections, since space heating and cooling are the temperature sensitive contributors to QF, but currently are a 
small fraction of QF in Colombo (Table 4). 

Projection 1 (P1, Table 6) assumes an increase in population (0.613 to 0.761 million) based on United Nations (UN), 2019 estimates 
and that the inter-LCZ proportions remain the same. Hence, the population increase is assumed to be met without any change in 
buildings. P2 − P4, assume a population of 1.028 million, the non-urban (NU) LCZ cover in Colombo (i.e. within the CMC, Fig. 1c) 
remains 8% (Table 6) but LCZ1 becomes 69% and LCZ3 23% (Table 6) based on the Colombo Core Area Development Plan (CCADP) 
scenario for 2035 (Rathnayake et al., 2020). The population increases are met by an increase in total building volume, while the 
building volume per person remains constant. As a 68% increase in population in 15 years is very large, P5 uses the smaller UN 
predicted population, with smaller building volume increases occurring in LCZ1 and LCZ3 so that the building volume per person 
remains constant (Table 6). 

Increased transport needs are projected to result in an increase from 2.4 million trips per day to 3 million per day for P1 − P5 (JICA 
(2014), their Fig. 5.2.1). The increase is mainly associated with population growth in the suburbs and a resulting increase in Colombo 
commuters (JICA (2014), their Section 5.2.1). For P1, P2, and P5 the mode fractions are assumed to remain unchanged. With increases 
in household income, it is expected more trips may occur using private transport unless public transport infrastructure improves (JICA 
(2014), their Section 5.2.1). P3 assumes car-oriented transport with extra trips met by a 260% increase in car trips, while P4 assumes 
public transport meets the needs via a 53% increase in bus and train trips. The car-oriented transport scenario (P3) assumes private car 
ownership becomes widely affordable and that there is space to park the cars. 

The change in fluxes involves scaling the current QF,M by the population increase. Similarly, QF,V values are scaled by the change in 
number of trips per mode. For buildings, in P1 QF,B is scaled by the population increase; while P2 − P5 also account for the LCZ specific 
values with the change in LCZ weightings. 

The simulated projections result in a 24% to 61% increase in mean QF. P2 − P4 are the largest (Table 6) with increases (cf. 2020) of 
49%, 61%, and 43%, respectively. These are linked to the largest population density CCADP land cover projections (Table 6), hence 
having large QF,B and QF,M. The CCADP land cover assumes a large proportion of LCZ1, with high QF,B linked to the highest (W) 
electricity consumption region (Table 4). 

Of the CCADP land cover projections, the car-oriented transport scenario (P3) has the highest QF, with a QF,V increase of 1.2 W m− 2 

(58%) whereas the public transport (P4) QF,V increases by only 0.2 W m− 2 (7%) (Table 6). Hence, the AHE impacts can be reduced by 
encouraging public over private transport trip choices (≈ 1 W m− 2 less). 

P1 and P5 have the smallest QF increases (24% and 26%, respectively), because of the use of lower UN predicted population in-
crease than the CCADP LCZ based population estimates (P2 − P4). Lindberg et al.’s (2013) investigation of changes in QF between 1995 
and 2015 for a region including many European cities using the LUCY model, found with a population decrease of 3.6% in the period 
whilst keeping other variables constant, that the expected decrease in QF was simulated to be only 1%. The QF values were relatively 
insensitive to large changes in traffic volume. This contrasts with Colombo where QF,M and QF,V contribute a large proportion to QF. 
With large projected increases in population density and trips, the QF,M and QF,V increase QF by between 8 and 23% and 3–20%, 
respectively. 

Lindberg et al. (2013) estimate that between 1995 and 2015 European city QF increases are 10–12% from QF,B. Here we assume QF,B 
increases are either in proportion to population density (P1, P5) or in proportion to current LCZ1 and LCZ3 QF,B values (P2 − P4). The 
projected QF,B increases result in QF increases in the range of 8–18% (Table 6). Large uncertainty in QF,B estimates for Colombo arise 
from several inter-related factors, such as the future cost of electricity, development of the energy grid, growth in gross domestic 
product, and perhaps most importantly whether AC becomes more widely adopted in future building design. There is no consideration 
in this study of the implications of the global energy crisis (Economist, 2022a), the implications of the current economic situation in Sri 
Lanka (Economist, 2022b), or changes in nutrition. For different climate change scenarios Lindberg et al. (2013) found QF to be most 
sensitive to changes in temperature. This is unlikely the case for Colombo since AC electricity consumption is currently small there. 
However, given the uncertainty in AC usage between 2020 and 2035 and beyond, sensitivity of QF to climate change under different AC 
scenarios is worthy of future study. 

5. Conclusions 

Anthropogenic heat emissions (AHEs) are estimated for the lower-middle income, low-latitude city of Colombo and its sur-
roundings. Unlike previous AHE studies of this type of city, we derive high-resolution land cover and morphology data, and combine 
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with spatially and temporally detailed transport and electricity consumption data. This allows spatial variation of AHE components to 
be obtained at 100 m (grid cell), and aggregation to different neighbourhoods and the whole city scale. The temporal variability in AHE 
components considers diurnal differences by day type (work/non-work) and future city conditions (in 2035). 

The city wide mean anthropogenic heat flux for 2020 is 5.9 W m− 2, with the contributions to total emissions being transport (35%), 
metabolic (33%) and building (32%). The building emissions are a smaller proportion than reported for mid-latitude and high-income, 
low-latitude cities, attributed to little heavy industry, minimal need for winter-time space heating, and very little use of air condi-
tioning. The latter is despite Colombo often experiencing air temperatures >30 ◦C. This low QF,B value results in the overall mean QF 
value being smaller than many mid-latitude cities. 

However, Colombo has large spatial heterogeneity between 100 m grid cells. The largest values are attributed to areas with high- 
rise buildings occupying large fractions of a grid cell (maximum = 124 W m− 2). With high population densities, there are large AHEs 
from both metabolic and electrical appliance usage. Four contrasting kilometre-scale neighbourhoods (with dense buildings, tall 
buildings, residential buildings with a major road and residential buildings along the coast) have mean QF between 6.5 and 10.4 W 
m− 2. This demonstrates that AHEs become more homogeneous at the neighbourhood scale in Colombo. 

Colombo mean QF for workdays (6.7 W m− 2) are larger than non-workdays (4.1 W m− 2). There are large diurnal variations with 
minimum on workdays of 1.8 W m− 2 (02,00) and peak of 17.6 W m− 2 (07,00). Non-workdays have the same minimum at a similar time 
(03,00) but a much smaller peak (8.1 W m− 2 at 07,00). The workday peak is largely from work and school trips related transport 
emissions. Two other smaller peaks (14,00 and 18,00) are associated with school pupils going home and workers commuting home 
(respectively). The three peak diurnal profile is not evident in cities when school collection overlaps with the home commute. AHEs are 
larger during the day than at night because of more transport emissions, higher electricity consumption, and larger metabolic emis-
sions from both greater human activity and population density. 

Spatial resolution or coarse graining the grid-cell resolution causes the maximum QF to fall rapidly from 124 W m− 2 (100 m 
resolution) to 10 W m− 2 (1.6 km resolution), with it approximately equalling the CMC region mean at 3.2 km resolution. Horizontal 
heterogeneity in QF falls rapidly from the hectometre to the kilometre scale. Spatial heterogeneity in QF changes little between day 
types (non-work, work day) and by hour of day. This is because the largest spatial variations in QF are associated with QF,B and QF,M 
heterogeneity, and these have similar diurnal profiles. 

Anthropogenic heat flux projections for 2035 vary between 7.5 and 9.5 W m− 2 (i.e. 24% and 61% increases from the 2020 value, 
respectively). Population density is an important driver of these AHE increases, again linked to metabolic emissions, number of trips 
made within the city, and amount of electricity consumed. If increases in trips are met by public rather than private transport, this 
would result in a 1 W m− 2 lower mean flux across the whole city. 

These results have application to future building design. Densely built-up neighbourhoods tend to have large QF and coincide with 
high population density. Also, individual tall buildings may have very large AHEs, with the heat in their wakes influencing the stability 
of the downstream boundary layer and neighbourhood conditions, particularly in calm nights. Building design must account for 
neighbourhood specific meteorological factors such as QF, shading, and ventilation potential, to alleviate anthropogenically exacer-
bated extreme heat conditions. The simulated QF values provide indicative values for other lower-middle income, low-latitude cities, 
where data are not available. Future studies could incorporate city-level residential photovoltaic energy generation data and consider 
AC consumption scenarios. 
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