
UC Berkeley
UC Berkeley Previously Published Works

Title

City-Scale Building Anthropogenic Heating during Heat Waves

Permalink

https://escholarship.org/uc/item/6bz636wm

Journal

Atmosphere, 11(11)

ISSN

0004-6973

Authors

Luo, Xuan
Vahmani, Pouya
Hong, Tianzhen
et al.

Publication Date

2020

DOI

10.3390/atmos11111206
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/6bz636wm
https://escholarship.org/uc/item/6bz636wm#author
https://escholarship.org
http://www.cdlib.org/


atmosphere

Article

City-Scale Building Anthropogenic Heating during
Heat Waves

Xuan Luo , Pouya Vahmani, Tianzhen Hong * and Andrew Jones

Lawrence Berkeley National Laboratory, Berkeley, CA 94720, USA; xuanluo@lbl.gov (X.L.);
pvahmani@lbl.gov (P.V.); adjones@lbl.gov (A.J.)
* Correspondence: thong@lbl.gov

Received: 12 October 2020; Accepted: 4 November 2020; Published: 7 November 2020
����������
�������

Abstract: More frequent and longer duration heat waves have been observed worldwide and are
recognized as a serious threat to human health and the stability of electrical grids. Past studies have
identified a positive feedback between heat waves and urban heat island effects. Anthropogenic
heat emissions from buildings have a crucial impact on the urban environment, and hence it is
critical to understand the interactive effects of urban microclimate and building heat emissions in
terms of the urban energy balance. Here we developed a coupled-simulation approach to quantify
these effects, mapping urban environmental data generated by the mesoscale Weather Research
and Forecasting (WRF) coupled to Urban Canopy Model (UCM) to urban building energy models
(UBEM). We conducted a case study in the city of Los Angeles, California, during a five-day heat
wave event in September 2009. We analyzed the surge in city-scale building heat emission and energy
use during the extreme heat event. We first simulated the urban microclimate at a high resolution
(500 m by 500 m) using WRF-UCM. We then generated grid-level building heat emission profiles
and aggregated them using prototype building energy models informed by spatially disaggregated
urban land use and urban building density data. The spatial patterns of anthropogenic heat discharge
from the building sector were analyzed, and the quantitative relationship with weather conditions
and urban land-use dynamics were assessed at the grid level. The simulation results indicate that
the dispersion of anthropogenic heat from urban buildings to the urban environment increases by
up to 20% on average and varies significantly, both in time and space, during the heat wave event.
The heat dispersion from the air-conditioning heat rejection contributes most (86.5%) of the total waste
heat from the buildings to the urban environment. We also found that the waste heat discharge in
inland, dense urban districts is more sensitive to extreme events than it is in coastal or suburban areas.
The generated anthropogenic heat profiles can be used in urban microclimate models to provide a
more accurate estimation of urban air temperature rises during heat waves.

Keywords: anthropogenic heat; building heat emissions; WRF-UCM; urban building energy model;
heat wave; urban microclimate

1. Introduction

Extremely high temperatures have occurred globally and concurrently in the past several years.
The July 2019 global land and ocean surface temperature’s departure from average was the highest for
July since global records began in 1880 [1]. The record-hottest month in 2019 precipitated an increase
in intensity and frequency of extreme heat events over many regions, including North America, Asia,
and Europe [2]. The recurrence and increasing severity of these extreme weather events are becoming
a growing concern for city policymakers who must provide critical services to preserve human life
and properties during natural disasters [3]. Meanwhile, in urban areas, studies with observational
and modeling analyses indicate synergies between urban heat islands (UHIs) and heat waves, when
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temperature rise can be exacerbated due to the UHI effect, and consequently intensify the variability of
microclimates [4]. Risk analysis and prioritization of mitigation strategies to address these events in
cities will require a deep and quantitative understanding of the combined effects of urban microclimate
and heat waves [5].

Rapid urbanization is resulting in dramatic land use and energy balance changes. The expansion
of built-up areas and concentrated population directly results in a vast energy demand [6]. Urban areas
consume between 67% and 76% of all global energy [7], and the total usage will increase more than
threefold if current trends in global urban expansion continue [8]. Energy-related human activities are
accompanied by the emission of anthropogenic heat (AH) from transportation, industries, and building
air-conditioning [9]. Although AH emission itself is not a significant portion of the global energy
budget, its implications for urban microclimate and UHI can be significant [10]. Recent research
has suggested that human-induced climate change contributes to the occurrence of extraordinary
global-scale heat waves [11]. With the substantial increase of urban population and frequency of
extreme weather events, the concerns of heat-related health risks underline the importance to study
the interactive effects of urban microclimate and AH in terms of the urban energy balance.

Major sources of urban AH include the waste heat dispersion from vehicles, buildings
(e.g., from building heating, ventilation, and air-conditioning (HVAC) systems), industry, and human
metabolism [12]. Among them, waste heat from vehicles, industries, and humans are relatively less
affected by variations in weather, while heat emissions from buildings vary diurnally and seasonally,
depending on local weather conditions. In 2015, Sailor et al. published a national AH database with
profiles aggregated from human metabolism, vehicles, and buildings, including heat rejected directly
from electricity consumption and fuel combustion [10]. Averaged over cities, building electricity and
heating fuel use contribute to 50% to 65% of the AH among those three components for different
months in a year. Sun et al. adopted a similar inventory approach for quantifying temporal-spatial
patterns of AH in Beijing, and the results showed that residential and commercial buildings account
for 45% of the total AH fluxes, followed by traffic (30%), industrial (20%), and human metabolism
(5%) [13]. Overall, AH from the building sector comprises a major proportion of the total profiles
but is more difficult to estimate and predict due to its correlation with urban morphology, weather,
occupancy, and technology adoption.

Building heat emissions into the atmosphere can be emitted directly from air exchange or directly
from heat transfer between the building and outdoor environment. Air exchange includes exiting
air through exfiltration, ventilation, and relief air from heating and cooling systems. Indirect heat
emission includes radiative and convective heat transfer between the building envelope and ambient
air due to temperature differences, and rejected heat from electricity use and fuel combustion [14].
Although commonly simplified as building energy use, research studies have demonstrated that actual
AH released from buildings can differ substantially from energy consumption in magnitude and time
latency [14–16]. The impact of building heat emissions on urban microclimates has been studied
from building to city scales. Nie et al. investigated the impacts of AH on summertime rainfall in
Beijing using a building energy model (BEM) incorporated into the Weather Research and Forecasting
(WRF) model system, and demonstrated that AH from buildings enhances mixing and turbulent
energy transport, which consequently enhances urban rainfall and may also modify the spatial pattern
of the rainfall [17]). Bohnenstengel et al. derived AH flux from energy demand data for London,
including variations on diurnal and seasonal timescales, and concluded that the AH flux increases the
UHI by 1 K in May and 1.5 K in December [18]. Ohashi et al. estimated the released waste heat as
building energy consumption simulated from a BEM in the office areas in Tokyo. Coupled with an
urban canopy meteorological model (CM), the simulation results indicated the waste heat from the
air conditioners caused a temperature rise of 1 ◦C to 2 ◦C or more on weekdays in the Tokyo office
areas [19]. Another study in Tokyo also found that AH in central Tokyo could lead to an increase in
nocturnal air temperature of above 2 ◦C in winter and 1.5 ◦C in summer [20].
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Among the reviewed articles, three main approaches were commonly used to quantify building
waste heat dispersion: (1) assessment with inventory approaches, (2) assessment through heat
energy balances, and (3) assessment through physics-based modeling of building energy systems
and simulations [14]. The inventory method uses spatially explicit data related to features such as
the building typology, district demographics, and population density. This is the most widely used
method, as the needed data are easy to acquire. The energy balance assessment method examines
the energy entering and exiting the domain, and commonly uses measurement data to quantify the
overall heat discharge to the atmosphere. However, both methods have less flexibility in measuring
the diurnal dynamics of heat emission profiles under various weather events. The third method,
applying bottom-up physics models, has the advantage of using weather conditions as inputs, and also
allows the representation of high temporal resolution results as feedback to weather or microclimate
simulations. Building energy models are able to assess building performance for space heating and
cooling and ventilation by considering internal loads and system efficiency variabilities under different
environmental boundary conditions [14]. The approach also makes it possible to easily evaluate
modeling hypotheses and the sensitivity of different climate variables and scenarios [21].

There have been many large-scale analyses of the impact of AH in microclimate modeling and
simulation studies. However, the temporal variability and sensitivity to the extreme weather events of
AH fluxes have not been adequately studied. Most commonly, two-dimensional statistical heat fluxes
from buildings are aggregated with spatial distributions, fed as the input of static simulations with
urban heat balance equations to analyze the sensitivity of regional weather to AH [22–25]. Other climate
models (those coupled with urban canopy models) consider heat emissions from buildings as a diurnal
profile based on pre-assumed waste heat inventories [26,27] or collected energy statistics. The coupling
improves the fidelity of considering the feedback from AH to the local climate, yet the statistical
aggregations of heat fluxes and the static simulation under certain scenarios do not reflect the temporal
variabilities of AH under various weather events. In mesoscale, simulations that couple BEM with
higher fidelity urban climate models allow users to compute the heat released into the atmosphere by
air-conditioning facilities, as well as the corresponding feedback to different meteorological variables.
Chow et al. adopted a simplified BEM, treating urban blocks as a pile of boxes, and calculated the
waste heat generated by the electrical consumption of the air-conditioning (AC) [28]. Imported to WRF,
the results indicated that local-scale nocturnal urban temperatures can be increased by 1 ◦C due to
AC use in an extreme heat event in the Phoenix, Arizona, metropolitan area. Another study coupled
simulation between a BEM and Urban Canopy Parameterizations (UCP) in an idealized fictional urban
area and observed that heat from wall ACs leads to mean near-ground temperature difference, rising in
base-case conditions from 0.4 ◦C to 1.2 ◦C. These approaches lack realistic BEM models, considering the
complexity of urban morphologies and building geometries, and raise discussions of weighing model
fidelity over the ability to scale. They also use building energy use in the coupled simulation instead of
the actual hourly heat fluxes discharge. Overall, to quantify the interacting effects of microclimate
and building waste heat discharge under certain extreme weather events, a co-simulation approach is
recommended, with (1) a high-resolution microclimate simulation, (2) a high-resolution building heat
emission simulation with building energy modeling, and (3) a data exchange to consider the two-way
dynamic interactions.

This study aimed to develop an approach to quantify the AH from buildings using a bottom-up
simulation approach under extreme heat events at the city scale. We demonstrated the approach
with a case study in the city of Los Angeles, California, monitoring a five-day heat wave event in
September 2009, and analyzed the environmental temperature rise and energy use surge during the
event. High-resolution meteorological data were generated by the mesoscale WRF coupled to Urban
Canopy Model (WRF-UCM). Grid level weather files were first derived from the simulation results of
the WRF-UCM, running at a high-resolution (500 m by 500 m). We then simulated and aggregated
the grid level building heat emission profiles using prototype EnergyPlus building energy models
with collected urban land use and urban building density data. The results are presented as clustered
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diurnal profiles as potential feedbacks of the WRF-UCM model. We also analyzed the spatial patterns
of anthropogenic heat discharge from the building sector and evaluated the quantitative relationship
to weather conditions and urban land-use dynamics at the grid scale.

2. Data and Methods

2.1. Area of Focus

We chose the city of Los Angeles (LA), California, as the study area. As one of the most populous
urban areas in the United States, LA city held almost four million people as of 1 July 2015 [29].
Los Angeles has a Subtropical-Mediterranean climate (Köppen climate classification) and has dry
and hot summers and moist winters. It is an urban heat island due to its dense population, and has
microclimates with variations in temperature and humidity from its coastal areas to its inland areas.
Recent studies identified building energy consumption as the dominant contributor to the AH in
LA [30]. The building heat emissions in the downtown area were found to be the most significant
throughout the year among all the city’s neighborhoods, and were more significant on workdays than
on non-workdays.

2.2. Description of the WRF Model Set Up

To capture the urban microclimate dynamics under extreme heat conditions, we employed the
widely used WRF-UCM modeling framework, which consisted of a mesoscale meteorological model
(WRF) dynamically coupled to an urban canopy model (UCM) [31,32]. WRF is a state-of-the-science,
fully compressible, non-hydrostatic, mesoscale numerical weather prediction model. A nested domain
configuration was used for WRF to downscale climate dynamics to a resolution (500 m) that is relevant
to urban processes (Figure 1). The UCM, incorporated in the land surface model in WRF, resolves
urban canopy processes [31,32] and surface energy balance for urban surfaces, accounting for the
three-dimensional nature of urban surfaces, as well as shadowing, reflections, radiation trapping,
and wind profiles inside a street canyon [33].Atmosphere 2020, 11, x FOR PEER REVIEW 5 of 21 

 

 

Figure 1. WRF‐UCM domain configuration: (a) four nested domains with horizontal resolutions of 

13.5, 4.5, 1.5, and 0.5 km for d01, d02, d03, and d04, respectively; (b) the innermost domain (d04), 

covering urban Los Angeles county with a 500 m resolution. 

2.3. Identification of the Heat Wave Event 

We used 15‐year simulations conducted with WRF‐UCM to identify a high‐impact heat wave 

over Los Angeles county. We adopted a widely used universal threshold of 35 °C [43–46] to identify 

extreme heat days (i.e., a day with maximum air temperature of 35 °C or higher). A heat wave consists 

of at least three consecutive extreme heat days. We identified 12 high‐impact heat waves between 

2001 and 2015, as heat waves that impact most (>800 square kilometers (km2)) of urban Los Angeles 

county (Figure 2). In this study, we particularly focused on the 22 September 2009, heat wave as it 

maintained a high intensity over an extended period of time, which represents the characteristics of 

mid‐century heat waves under a changing climate, as reported by Vahmani et al. [43]. 

Figure 1. WRF-UCM domain configuration: (a) four nested domains with horizontal resolutions of
13.5, 4.5, 1.5, and 0.5 km for d01, d02, d03, and d04, respectively; (b) the innermost domain (d04),
covering urban Los Angeles county with a 500 m resolution.
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We used WRF-UCM (version 4.1.2) [34,35] over four two-way nested domains with horizontal
resolution of 13.5 km (km) (domain 1), 4.5 km (domain 2), 1.5 km (domain 3), and 0.5 km (domain 4),
and 30 atmospheric levels in the vertical (Figure 1). The parametrizations for the physical processes in the
WRF-UCM included the Morrison double moment scheme [35] for microphysics, Dudhia scheme [36]
for shortwave radiation, Rapid Radiative Transfer Model [37] for longwave radiation, University
of Washington (TKE) Boundary Layer Scheme [38] for the planetary boundary layer, Grell–Freitas
scheme [39] for cumulus parameterization (in domains 1 and 2 only), and Eta Similarity scheme [40]
for the surface layer. We used high-resolution (30 m) National Land Cover Data (NLCD) [41] for an
accurate representation of urban land use/land cover type. We also used the NLCD impervious surface
data [42] to define the impervious (or urban) fraction, which divides urban grid cells into pervious
(undeveloped) and impervious (developed) fractions. We further used the National Urban Database
and Access Portal Tool [16] dataset in the WRF-UCM framework for a realistic and domain-specific
representation of urban morphology such as building height, road and roof width. The performance
of described configuration of WRF-UCM has been validated over the Los Angeles metropolitan area
against ground observation of meteorological conditions in previous studies [43]. These studies show a
reasonable model performance over the region, predicting daily mean and maximum air temperatures
with RMSDs of 1.1 ◦C and 0.4 ◦C, respectively.

2.3. Identification of the Heat Wave Event

We used 15-year simulations conducted with WRF-UCM to identify a high-impact heat wave
over Los Angeles county. We adopted a widely used universal threshold of 35 ◦C [43–46] to identify
extreme heat days (i.e., a day with maximum air temperature of 35 ◦C or higher). A heat wave consists
of at least three consecutive extreme heat days. We identified 12 high-impact heat waves between 2001
and 2015, as heat waves that impact most (>800 square kilometers (km2)) of urban Los Angeles county
(Figure 2). In this study, we particularly focused on the 22 September 2009, heat wave as it maintained
a high intensity over an extended period of time, which represents the characteristics of mid-century
heat waves under a changing climate, as reported by Vahmani et al. [43].
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2.4. Urban Morphology Information

To simulate and generate heat emission profiles of urban buildings in LA, it was first necessary
to develop a city-scale dataset of the existing building stock, including geometries and building
characteristics. The building geometry information usually includes the footprint and height, while
the building characteristics include the year built, number of stories, and use type of each building [47].
We collected the related city building datasets using a geographic information system (GIS) approach.
The 3D city geometries, including building outlines and height information, were collected from the
Los Angeles Region Imagery Acquisition Consortium (LARIAC) program. The program provides
digital aerial imagery data with the collaborative participation of LA County departments, municipal
governments, and many other public agencies [48]. The geodatabase in shapefile format with attributes,
delivered as a product of LARIAC 4 in 2014, was used in this study. Other building attributes, including
the number of floors and building land use codes, were collected from the assessor parcels data in
2017 from the city’s open data portal [49]. The geodatabase was transformed into the GeoJSON format,
and the parcel property information of each building was mapped accordingly.

Overall, a total of 1,108,673 buildings were collected from the LARIAC4 product, located across
1071 census tract districts in the city of LA. As a validation, we first calculated the building footprint
area and removed those with a footprint area less than 30 m2, which is considered too small for
building representations. We then mapped the land use code to clusters of building types, including
Single Family Home, Multifamily, Office, Retail, School, Hospital, Hotel, Restaurant, and Others
(warehouse, facility, vacant, and miscellaneous). Among the rest of the 951,680 valid buildings, 99.3%
had a valid building use type in one of these. To calculate the total floor area of the buildings, we used
the building height information to cross-validate the floor numbers by examining the height per floor,
assuming floor height was within the range of 2.6 m to 6 m. Altogether, 97.4% had a valid floor height,
and we corrected the rest by back-calculating the floor numbers using the total height divided by an
average floor height of 3 m. The final floor areas were calculated based on the footprint area multiplied
by the corrected number of floors. Figure 3 shows the square footage distribution of the buildings
(only buildings under 3000 square foot are showed). Overall, 50% of the buildings are less than 213 m2,
and 99% are less than 5671 m2.Atmosphere 2020, 11, x FOR PEER REVIEW 7 of 21 
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Figure 3. Floor area distribution of all buildings in the city of LA.

Based on the building use type and square footage, we further categorized the buildings into
13 prototypes, as listed in Figure 4. In LA city, more than 94% of the buildings are residential, represented
by the LSF (large single-family home), SSF (small single-family home), and MF (multifamily).

Across the city, the buildings have a heterogeneous spatial distribution. Figure 5 plots the census
tract level building density ratio, calculated by aggregating the district level total building floor area
and divided by the district total/footprint area. In general, the buildings are densely distributed in
the commercial areas of the Downtown, Hollywood, and Westwood neighborhoods, as well as the
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residential areas in north Hollywood neighborhoods. The local buildings waste heat dispersions were
determined by the urban morphology, including urban building densities and land use types.
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2.5. Building Waste Heat Simulation with EnergyPlus

EnergyPlus [50] is the U.S. Department of Energy’s flagship building energy software for simulating
the dynamic energy and environmental performance of buildings. An EnergyPlus model calculates a
building’s thermal loads, system response to those loads, and resulting energy use, along with related
metrics like occupant comfort and energy costs. Since the EnergyPlus version 9.1.0 release, a bottom-up
approach is incorporated in the program to simulate and report the run-time calculated building heat
emission at the thermal zone and building levels [14]. In EnergyPlus, heat emissions are calculated,
aggregating heat generated from envelopes, zones, and HVAC systems. The heat released by the
building envelope component includes the radiative and convective heat transfer to outdoor air due to
the temperature difference between the surface temperature and the outdoor air dry-bulb temperature.
The zone component includes air discharged from exfiltration through openings (e.g., windows, doors)
and cracks, and from the air release from exhaust fans through mechanical ventilation. The heat
released by the HVAC systems includes the relief air from the air handling units (AHU) and fuel
combustion discharge, as well as the heat rejected zone and system HVAC components. The model
employs physics-based heat balance equations, and can be used with any weather dataset and any
building topology. The results can be reported with spatial and temporal flexibility. In this study,
we applied this feature of EnergyPlus to generate building-level heat emission profiles under heat
wave events.

As introduced, EnergyPlus calculates and reports building heat emissions from: convective and
radiative heat emissions from the envelope to the ambient air, and exhaust and relief heat through
exfiltration and the system with moist air. It also calculates and reports building heat emissions
from sensible and latent heat rejection through (1) air-cooled, evaporative-cooled, and water-cooled
condensing units of cooling coils, heating coils, and water heaters; zone HVAC forced air units;
evaporative coolers; and more, and (2) plant condensing equipment such as water-cooled chillers.
As WRF has already considered the surface solar radiation budget in its heat balance calculations,
here we only report the waste heat generated through air exchange with the atmosphere and through
HVAC system rejection.

Thirteen prototype EnergyPlus models were chosen to cluster all buildings in the city; namely,
small single-family (SSF), large single-family (LSF), multi-family (MF), large office, medium office,
small office, large retail, small retail, school, hospital, hotel, restaurant, and warehouse. Among them,
the three residential types were generated assuming they complied with the California Title 24 Building
Energy Efficiency Standards for the LA climate zone. The commercial types were collected from
ASHRAE prototype building models based on ASHRAE Standard 90.1-2010 for the climate zone of
southern California. These models were developed by Pacific Northwest National Laboratory in
support of the U.S. Department of Energy’s Building Energy Codes Program [51].

To consider the spatial and temporal variabilities of AH from buildings under the studied
heat wave, we derived hourly weather data files in EnergyPlus Weather (EPW) file format for each
grid (500 m × 500 m) from the 15-day WRF-UCM simulation results from 14 to 28 September 2009.
Specifically, hourly barometric pressure, dry bulb temperature, relative and specific humidity, wind
speed, wind direction, direct and diffuse downwelling short wave solar radiation were extracted from
WRF outputs to overwrite the EPW files. Prototype simulations were performed at the grid level to
generate heat emission profiles (hourly heat flux per building floor area) based on grid level urban
use types and distributions. For example, if SSF, LSF, and MF buildings were presented in one WRF
grid, the prototypes simulations were performed accordingly with the 15-day weather data for this
grid. For an individual building in the LA building dataset, the AH profile was then calculated with
its corresponding prototype heat flux intensity multiplied by its total floor area, according to the
building’s use type and grid location.
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2.6. Urban Building Heat Emission Profiles

Before aggregating the building level heat emission profile to grids, we first collected energy
measurement data to verify our assumptions on the representativeness of building prototypes and
their spatial distributions across the city. Although the energy specifics of individual buildings cannot
be precisely modeled or measured, the magnitude and distributions of the energy use intensity
(EUI) of a group of buildings should statistically match with the measured ground truth. To achieve
this, we acquired the measured EUI of each census tract in LA city from the Energy Atlas database.
The Energy Atlas is a database of building energy consumption that links utility account information
to building characteristics that can be expressed spatially. Annual EUI was extracted from 751 census
tracts that have valid data for 2016. We then conducted an annual simulation of the prototype models
using the 2016 historical weather data at LAX airport, and gathered the total floor area and energy
use for each census tract area to deduce the simulated EUI. Figure 6 visualized the distributions
of the measured and simulated EUI profile, namely EUI-ATLAS and EUI-LARIAC. On the whole,
the average measured and estimated annual EUI were 81.9 kilowatt-hours per square meter (kWh/m2)
and 87.8 kWh/m2, respectively. For each census tract area, the estimated EUI values (EUI-LARIAC)
had a strong positive correlation with the measured values (EUI-ATLAS), with an R-squared value of
0.646, indicating the prototype aggregations performed a reasonable prediction of the district energy
use performance. The estimations had a relatively centered distribution, as the prototype EUIs were
pre-assumed and had less variation than the real scenarios.

Atmosphere 2020, 11, x FOR PEER REVIEW 10 of 21 

 

be precisely modeled or measured, the magnitude and distributions of the energy use intensity (EUI) 

of a group of buildings should statistically match with the measured ground truth. To achieve this, 

we acquired the measured EUI of each census tract in LA city from the Energy Atlas database. The 

Energy Atlas is a database of building energy consumption that links utility account information to 

building characteristics that can be expressed spatially. Annual EUI was extracted from 751 census 

tracts that have valid data for 2016. We then conducted an annual simulation of the prototype models 

using the 2016 historical weather data at LAX airport, and gathered the total floor area and energy 

use for each census tract area to deduce the simulated EUI. Figure 6 visualized the distributions of 

the measured and simulated EUI profile, namely EUI‐ATLAS and EUI‐LARIAC. On the whole, the 

average measured and estimated annual EUI were 81.9 kilowatt‐hours per square meter (kWh/m2) 

and 87.8 kWh/m2, respectively. For each census tract area, the estimated EUI values (EUI‐LARIAC) 

had a strong positive correlation with the measured values (EUI‐ATLAS), with an R‐squared value 

of 0.646, indicating the prototype aggregations performed a reasonable prediction of the district 

energy use performance. The estimations had a relatively centered distribution, as the prototype EUIs 

were pre‐assumed and had less variation than the real scenarios. 

 
 

(a) Histogram of distributions (b) Joint plot of distributions 

Figure 6. Distributions of the measured and simulated census tracts average EUI (kWh/m2). (a): 

Histogram of distributions, (b): Joint plot of distributions. 

Figure 7 further demonstrates that the estimated EUI had a similar spatial distribution to that of 

the Energy Atlas measured EUI, particularly in dense urban areas with an average EUI of more than 

100 kWh/m2, such as Downtown and Hollywood. Nonetheless, the residential area in South LA was 

overestimated, while that in the South Valley was underestimated, due to the simplification in the 

modeling and simulation processes. 

  

(a) EUI‐ALTAS (kWh/m2) (b) EUI‐LARIAC (kWh/m2) 

Figure 6. Distributions of the measured and simulated census tracts average EUI (kWh/m2).
(a): Histogram of distributions, (b): Joint plot of distributions.

Figure 7 further demonstrates that the estimated EUI had a similar spatial distribution to that of
the Energy Atlas measured EUI, particularly in dense urban areas with an average EUI of more than
100 kWh/m2, such as Downtown and Hollywood. Nonetheless, the residential area in South LA was
overestimated, while that in the South Valley was underestimated, due to the simplification in the
modeling and simulation processes.

For assumptions of the spatial distributions of the building models and their energy properties,
we used the bottom-up approach to gather the grid-level heat emission intensity profiles. Explicitly,
the hourly AH flux from buildings (QA) was calculated as:

QA =

∑n
1 QpAi∑n

1 Ai
, (1)

where n is the total number of buildings in each grid, Qp is the prototype heat emission flux in watts
per square meter based on the building’s type and grid ID, and Ai is the floor area of the building.
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(b) EUI-LARIAC (kWh/m2).

3. Results

3.1. The Heat Wave and Its Energy Impact

Extreme heat events can influence building performance and waste heat discharge in several
ways. For example, higher dry-bulb temperature and stronger solar radiation can increase the cooling
loads, while relative humidity affects the building’s latent load. Examining the patterns of change in
the different metrological variables exported from WRF, the dry-bulb temperature, relative humidity,
and wind speed had the most significant and representative amount of variation from regular summer
weather during the five-day heat wave period.

Figure 8a plots the grid average dry-bulb temperature, as the most explicit indicator of the heat
wave, for the 15-day WRF simulation period from 14 September (Day 0) to 28 September (Day 15).
The figure indicates that the heat wave started on 22 September (Day 8) and ended on 27 September
(Day 13). For illustration, we designated the five days from 22 September to 27 September as the heat
wave days, and in comparison, another five days one week ahead (from 15 September to 20 September)
as the non-heat wave days, representing typical non-extreme summer weather. Overall, the hourly
average air temperature of all grids during the heat wave days was 29.8 ◦C, while the average of
non-heat wave days was 22.5 ◦C. The peak temperatures during the heat wave and non-heat wave days
were 37.5 ◦C and 33.5 ◦C, averaging all grids. Figure 8b plots the spatial distribution of the temperature
at 2:00 pm on selected days. During the heat wave days, the temperatures had a more notable
coast-to-inland difference, while the inland local air temperature reached as high as above 45 ◦C.

A significant decrease in relative humidity also was observed during the heat wave days (Figure 9).
The average relative humidity during the non-heat wave days was 57.6%, while during the heat wave
period it was as low as 18.3%. However, the coastal areas were less influenced by the heat wave.
The outdoor humidity influenced the latent cooling loads of the buildings and the latent heat removed
from the buildings by the air-conditioning.

Outdoor wind speed affects the air pressure distribution on building surfaces and impacts the
amount of infiltration and exfiltration and convective heat transfer from surface to ambient air. The air
circulation around buildings strongly affects the effectiveness of air-conditioning efficiencies, such as
cooling towers. Figure 10 shows the temporal and spatial variations of the wind speed. At the
beginning of the heat wave days, the wind is notably stronger than it is on the non-heat wave days,
yet the strong gusts mostly took place in the non-urban valley areas, and the city area was not affected.
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3.2. Temporal Variations of Anthropogenic Heat Intensity

The heat emission results are aggregated to grid level in hourly heat flux profiles, normalized
by the grid’s total building footprint area. Figure 11 presents the grid-average curve throughout the
15 simulation days. The grid-average and grid-medium heat flux were 30.9 watts per square meter
(W/m2) and 25.2 W/m2, which were 19.9% and 10.6% greater than the non-heat wave days one week
ahead. The highest grid-average heat discharge occurred on 24 September, at 3:00 pm, when it reached
60.8 W/m2. In comparison, the peak energy demand during the heat wave days was on average
24% greater than the non-heat wave days. And the peak temperature during the heat event mostly
appeared at about 12:00 pm, while the peak heat emission mostly appeared at 3–4 pm. The three-hour
delay in peak AH was mainly due to the thermal lag in heat transfer between the outdoors and indoors
due to the building’s thermal mass.
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Figure 11. Grid-average hourly heat flux from buildings to the atmosphere.

Figure 12 plots the average diurnal hourly AH profiles of the heat wave and non-heat wave days.
The heat flux differences increased when the temperature differences increased during the day time,
and peaked around 4 pm when the mean heat flux of heat-wave days reached 56.2 W/m2, which was
30.8% greater than the non-heat wave day average.
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Figure 12. Diurnal profile of the hourly AH flux during non-heatwave and heat wave days.

Figure 13 plots the relationship between the heat flux discharged from buildings and the outdoor
air temperature during the daytime of the simulation period. Overall, the trend is linear. The hourly
heat flux increased by 1.72 W/m2, with a 1 ◦C increase in the outdoor air temperature.

Figure 14 plots the hourly AH heat flux from the building waste heat by the source components,
including air exfiltration and fan exhaust (EXH), relief air through mechanical systems (REL), and heat
rejection from air-conditioning (REJ). Throughout the studied period, the AC heat rejection made
the most contribution (86.5%) to the AH dispersion. During the heat wave days, due to the higher
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cooling load of the AC systems, the average REJ was 77% more than it was on the non-heat wave days
(33.6 W/m2 compared to 19.0 W/m2). The AH from the EXH and REL were negative, offsetting the
total heat discharge, as the outdoor air was hotter than the indoor air or system relief air from the
buildings. During the nighttime, the HVAC systems of most commercial buildings are mostly off,
and the heat rejection is much lower. Because of the thermal lag, the buildings release cooled indoor
air to the outdoors at night, instead of dispersing heat to the environment. The total heat emission
during the daytime between sunrise and sunset time (6:00 am to 7:00 pm) was about 2.3 times that of
the heat emission during the night.
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Figure 14. Component level of the hourly heat flux of the building waste heat.

Figure 15 presents the heat flux curve for residential and commercial buildings separately.
Although 94.3% of the buildings in LA city are the residential type, they are only 60.5% of the total
building floor area. During the heat wave days, the residential buildings contributed to 52.5% of
the total waste heat discharge. Also, the heat emission from residential buildings and commercial
buildings peaked at different times of the day. Commercial buildings mostly have daytime working
schedules and usually a daily emission curve that peaks at noontime, while the residential sector peak
occurs during the late afternoon, about 4 pm to 6 pm. The overall daily peak showed at 3 pm each day
during the five-day heat event.
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Figure 15. Hourly heat flux from the residential and commercial sectors.

3.3. Spatial Variations of Anthropogenic Heat Intensity

The spatial variations of the AH intensities from the buildings in the study are show in Figure 16.
The hourly bars in Figure 16a represent the spatial ranges (without outliers) over all grids in the
simulation domain, while the boxes represent the 75th and 25th percentiles. Heat maps represented in
Figure 16b indicate that in the central downtown area of LA, the grid-level heat flux could reach above
200 W/m2 while the grid-average at the same hour was only about 50 W/m2. Generally, the ranges of
the heat flux at each hour are large, and the distributions are uneven.
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The spatial variation results from both microclimate variability (coastal versus inland areas) and
urban morphology variability (downtown versus residential areas) in determining the waste heat per
floor area of buildings or footprint under extreme heat conditions. To understand how each factor
contributes to the major discrepancy in the spatial distributions of AH, we analyzed the heat emission
intensity per building floor area for the LSF as an example prototype. Figure 17 plots the 95th and
5th percentiles of the hourly heat flux intensity of LSF under the range of grid-level microclimate
conditions without taking the grid level urban footprint into account. Under the spatial variations of
outdoor air conditions, the emission intensity varied accordingly, and showed a wider range during
hotter days. On 24 September, with the hottest weather, the 5th percentile of the AH intensity of all
grids was 26.2 W/m2, and the 95th percentile was up to 34.6 W/m2.
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Figure 17. Percentiles of the heat emission intensities: large single-family houses.

Figure 18 further plots the spatial variations of the heat emission intensities of LSF under
county-wide microclimate simulated by WRF at the hottest hour on the hottest day (24 September,
2 pm) during the heat wave event. The AH intensity values of the inland area reached 35 W/m2,
comparing to the values of the coastal area at around 25 W/m2. Overall, although the urban morphology
plays a major role in AH spatial variation, the variances caused by microclimate cannot be ignored.
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4. Discussion

Quantifying the event-specific buildings waste heat discharge, using physics-based building
modeling and spatially resolved urban microclimate information, could help advance our
understanding of the response of urban microclimate to anthropogenic heating under extreme weather
events. With bottom-up calculations of heat emission from different building system components,
and aggregations of building-level hourly discharge to urban grid-level, temporal and spatial variations



Atmosphere 2020, 11, 1206 17 of 20

in urban land-use were taken into consideration, including the differences in peak time and amount of
the commercial or residential building types. The results from these simulations indicated a potential
that the increased use of air-conditioning during the heat waves would exacerbate the waste heat
discharge to the local atmosphere, and consequently lift the urban air and surface temperatures, which
in turn increase the air-conditioning loads in buildings. The WRF-UCM modeling system used in this
study relied on a predetermined and fixed diurnal anthropogenic heat profile to represent building
heat emissions feedback to the urban environment, as an extra sensible heat flux term which was added
to the surface energy balance over urban grid cells [31,32]. Replacing this default parameterization
with the domain-specific, event-specific representation of anthropogenic heating, produced in this
study, enhanced the model’s performance in capturing urban microclimate dynamics, and in turn,
our understanding of the interactions between urban microclimate and building heat emissions,
particularly under extreme heat conditions and a changing climate.

It should be noted that the hourly profiles developed here relied on assumptions that could
limit their accuracy and general applicability. First, the individual building emission intensities were
based on prototype models, which are less flexible for representing the complexity of real urban
building topologies. In particular, the year of build and renovation history were not included in further
diversifying the prototypes. These factors also determined the building envelope configurations and
the system efficiencies of the buildings, and may consequently influence the aggregated AH flux
results. Second, the urban morphology data acquired from open data sources may lack accuracy, as the
geometry data were extracted with simplifications from imagery, and the parcel data were acquired
manually and updated during the years of investigation. Further refinements of such assumptions,
regarding higher fidelity of the data and models applied in the simulation, may be required in order to
apply the method to other cities and regions.

5. Conclusions

A bottom-up building heat emission model with urban building energy modeling was developed
to investigate the temporal and spatial variations of waste heat fluxes in the entire city of LA under
an extreme heat event in September 2009. The results indicate the average AH discharges from
buildings can increase by up to 20% on average during a heat wave compared to the regular summer
weather. The spatial distribution of heat fluxes is mostly influenced by the city’s urban morphology,
including urban building density and variations in residential and commercial building distributions.
The impact of microclimate variation is also notable, considering the coast-to-inland temperature and
humidity differences.

The bottom-up simulation approach provided a high-resolution representation of the magnitude
and distributions of the buildings’ AH profiles under extreme heat. The approach adopting physical
models is flexible enough to be applied to any weather conditions with any urban forms, and the
results can be aggregated at any certain scales, from pixel grid to a whole city region. The results
serve as a fundamental step toward a continued investigation of the feedback of AH fluxes to urban
climate and microclimate simulations of extreme weather events. The increase in AH generated and
discharged during heat waves may in turn exacerbate hot weather locally. It is necessary to combine
high-resolution microclimate simulation with high-resolution building heat emission simulation and
investigate the two-way data exchange to consider the dynamic interactions between both models.
Such an investigation will improve evaluations of strategies to mitigate urban overheating during
heat waves.
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