
Portland State University
PDXScholar
Mechanical and Materials Engineering Faculty
Publications and Presentations Mechanical and Materials Engineering

10-2014

A Regression Approach for Estimation of Anthropogenic Heat
Flux Based on a Bottom-Up Air Pollutant Emission Database
Sang-Hyun Lee
Kongju National University

Stuart A. McKeen
NOAA Earth System Research Laboratory

David J. Sailor
Portland State University

Let us know how access to this document benefits you.
Follow this and additional works at: http://pdxscholar.library.pdx.edu/mengin_fac

Part of the Environmental Monitoring Commons, Materials Science and Engineering Commons,
and the Mechanical Engineering Commons

This Article is brought to you for free and open access. It has been accepted for inclusion in Mechanical and Materials Engineering Faculty Publications
and Presentations by an authorized administrator of PDXScholar. For more information, please contact pdxscholar@pdx.edu.

Citation Details
Lee, S. H., McKeen, S. A., & Sailor, D. J. (2014). A regression approach for estimation of anthropogenic heat flux based on a bottom-up
air pollutant emission database. Atmospheric Environment, 95, 629-633.

http://pdxscholar.library.pdx.edu?utm_source=pdxscholar.library.pdx.edu%2Fmengin_fac%2F43&utm_medium=PDF&utm_campaign=PDFCoverPages
http://pdxscholar.library.pdx.edu/mengin_fac?utm_source=pdxscholar.library.pdx.edu%2Fmengin_fac%2F43&utm_medium=PDF&utm_campaign=PDFCoverPages
http://pdxscholar.library.pdx.edu/mengin_fac?utm_source=pdxscholar.library.pdx.edu%2Fmengin_fac%2F43&utm_medium=PDF&utm_campaign=PDFCoverPages
http://pdxscholar.library.pdx.edu/mengin?utm_source=pdxscholar.library.pdx.edu%2Fmengin_fac%2F43&utm_medium=PDF&utm_campaign=PDFCoverPages
http://library.pdx.edu/services/pdxscholar-services/pdxscholar-feedback/?ref=http://pdxscholar.library.pdx.edu/mengin_fac/43
http://pdxscholar.library.pdx.edu/mengin_fac?utm_source=pdxscholar.library.pdx.edu%2Fmengin_fac%2F43&utm_medium=PDF&utm_campaign=PDFCoverPages
http://network.bepress.com/hgg/discipline/931?utm_source=pdxscholar.library.pdx.edu%2Fmengin_fac%2F43&utm_medium=PDF&utm_campaign=PDFCoverPages
http://network.bepress.com/hgg/discipline/285?utm_source=pdxscholar.library.pdx.edu%2Fmengin_fac%2F43&utm_medium=PDF&utm_campaign=PDFCoverPages
http://network.bepress.com/hgg/discipline/293?utm_source=pdxscholar.library.pdx.edu%2Fmengin_fac%2F43&utm_medium=PDF&utm_campaign=PDFCoverPages
mailto:pdxscholar@pdx.edu


Technical note

A regression approach for estimation of anthropogenic heat flux based
on a bottom-up air pollutant emission database

Sang-Hyun Lee a, *, Stuart A. McKeen b, David J. Sailor c

a Department of Atmospheric Science, Kongju National University, Gongju 314-701, South Korea
b Chemical Sciences Division, NOAA Earth System Research Laboratory and University of Colorado/CIRES, Boulder, CO 80305, USA
c Department of Mechanical and Materials Engineering, Portland State University, Portland, OR 97207, USA

h i g h l i g h t s

� A new methodology for anthropogenic heat flux (AHF) estimation is suggested.
� The AHF over the entire US regions is estimated at 4-km and 1-h resolution.
� The gridded AHF dataset is publicly available via a ftp site.
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a b s t r a c t

A statistical regression method is presented for estimating hourly anthropogenic heat flux (AHF) using an
anthropogenic pollutant emission inventory for use in mesoscale meteorological and air-quality
modeling. Based on bottom-up AHF estimated from detailed energy consumption data and anthropo-
genic pollutant emissions of carbon monoxide (CO) and nitrogen oxides (NOx) in the US National
Emission Inventory year 2005 (NEI-2005), a robust regression relation between the AHF and the
pollutant emissions is obtained for Houston. This relation is a combination of two power functions
(Y ¼ aXb) relating CO and NOx emissions to AHF, giving a determinant coefficient (R2) of 0.72. The AHF for
Houston derived from the regression relation has high temporal (R ¼ 0.91) and spatial (R ¼ 0.83) cor-
relations with the bottom-up AHF. Hourly AHF for the whole US in summer is estimated by applying the
regression relation to the NEI-2005 summer pollutant emissions with a high spatial resolution of 4-km.
The summer daily mean AHF range 10e40Wm�2 on a 4 � 4 km2 grid scale with maximum heat fluxes of
50e140 W m�2 for major US cities. The AHFs derived from the regression relations between the bottom-
up AHF and either CO or NOx emissions show a small difference of less than 5% (4.7 W m�2) in city-scale
daily mean AHF, and similar R2 statistics, compared to results from their combination. Thus, emissions of
either species can be used to estimate AHF in the US cities. An hourly AHF inventory at 4 � 4 km2

resolution over the entire US based on the combined regression is derived and made publicly available
for use in mesoscale numerical modeling.

© 2014 Elsevier Ltd. All rights reserved.

1. Introduction

Anthropogenic energy consumption generated from fossil fuels
(e.g. coal, petroleum, natural gas) results in dissipation to heat on
short timescales, which is released as sensible and/or latent heat to
the atmosphere (Sailor, 2011). For many cities in the world, diurnal
anthropogenic heatflux (AHF) ranges approximately 10e100Wm�2

on a city scale and larger AHFs are found in urban centers exceeding

100e400 W m�2 at a specific location in different seasons (e.g.
Ichinose et al., 1999; Kłysik, 1996; Sailor and Lu, 2004; Pigeon et al.,
2007; Heiple and Sailor, 2008; Lee et al., 2009; Smith et al., 2009;
Iamarino et al., 2012). In general, AHF is larger in winter than in
summer and larger during daytime than at night according to tem-
poral variations of human activity (e.g. Lee et al., 2009; Sailor and Lu,
2004).

Atmospheric influences of urban AHF on meteorology/climate
have been widely investigated from local to regional/global scales
using numerical simulations (e.g. Block et al., 2004; Fan and Sailor,
2005; Makar et al., 2006; Ohashi et al., 2007; Chen et al., 2009;
Flanner, 2009). Previous studies found that AHF could increase
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near-surface air temperature by 1e3 �C on average under different
meteorological and geographical conditions and made urban at-
mospheric boundary layer (ABL) more unstable, leading to urban-
breeze circulations. The atmospheric influences are found to be
more important during nighttime and in winter due to less tur-
bulent mixing in the ABL. Furthermore, urban AHF may modify
gaseous/aerosol chemical reactions, anthropogenic/biogenic
pollutant emissions and their atmospheric residence time (Crutzen,
2004; Flanner, 2009). Recently, Ryu et al. (2013) reported that the
urban AHF can enhance urban ozone concentration by 2e5 ppb
during a diurnal cycle in a megacity (Seoul in South Korea) as a
result of complicated interactions betweenmeteorology and in-situ
photochemistry.

The AHF data required for atmospheric and environmental nu-
merical modeling are generally estimated by bottom-up or top-
down approaches based on energy consumption data available
for a city. The main anthropogenic sources include the building
sector (electricity, heating/cooling energy use, etc) and the vehicle
sector. For some cities, however, emissions from the industrial
sector are also important. The bottom-up approach uses building-
level energy consumption data within a city with high temporal
resolution (~1 h) calculated from energy consumption monitoring
(or modeling) of representative buildings and geographical infor-
mation (e.g. Ichinose et al., 1999; Kikegawa et al., 2006; Heiple and
Sailor, 2008), while the top-down approach uses city-scale energy
consumption data and climatological (statistical) temporal (hourly)
variations (e.g. Sailor and Lu, 2004). Therefore, the AHF in the
bottom-up approach is estimated in the aggregate of building-level
energy consumption to a grid-cell size of interest, while the AHF in
the top-down approach is calculated by applying gridded spatial
surrogates (e.g. population density, road area) to the city-scale
energy consumption. The bottom-up estimation can give more
accurate spatial and temporal distributions within a city than the
top-down estimation by virtue of the high spatial and temporal
resolution of energy consumption data, but they use energy-related
inventories for AHF estimation. Here, we develop an AHF estima-
tion method based on a statistical regression relationship between
AHF and anthropogenic emissions of carbon monoxide (CO) and
nitrogen oxides (NOx ¼ NO þ NO2), and discuss the AHF for the
whole US in summer resulting from the proposed relationship. CO
and NOx are produced as a consequence of human activity (e.g.
fossil fuel combustion, vehicles) and their emissions are rigorously
compiled within a national inventory by the US EPA based on
observed emission factors and activity data provided by state and
local government agencies. Since the activity data in the emissions
inventory is correlated with energy consumption data used for AHF
estimations, anthropogenic heat and air pollutant emissions are
expected to have significant similarity in spatial and temporal
distribution.

The manuscript is presented as follows. Section 2 describes a
statistical regression method for AHF estimation using bottom-up
anthropogenic heat and air pollutant emissions. The summer AHF
for the whole US estimated by the regression method is presented
in Section 3, and summary and conclusions follow in Section 4.

2. Development of a regression method for anthropogenic
heat fluxes

The anthropogenic heat and pollutant emissions are estimated
based on quite similar emission inventories, but different conver-
sion factors are applied for anthropogenic heat and air pollutant
emissions. This fact leads to finding a regression relation between
the two different anthropogenic emissions. The present study uses
the AHF for Houston, Texas, US in August estimated from a com-
bination of intensive bottom-up energy consumption analysis by

Heiple and Sailor (2008) for the building sector and general top-
down inventory-based analysis by Sailor and Lu (2004) for the
vehicle and industry sectors, hereafter, bottom-up AHF. CO and NOx

emissions in summer are derived from the US Environmental
Protection Agency (EPA) National Emission Inventory year 2005
(NEI-2005) (US EPA, 2010) using a bottom-up approach (ftp://aftp.
fsl.noaa.gov/divisions/taq/emissions_data_2005/).

Both heat and pollutant emissions were aggregated to hourly
and 4-km gridded data for regression analysis. The NEI-2005 in-
ventory includes area, point, mobile-onroad, mobile-nonroad sec-
tors. The area and point emissions were processed based on NEI-
2002 version 3 emissions (US EPA, 2008) and updated Contin-
uous Emissions Monitoring System (CEMS) for August 2006. The
mobile emissions were estimated from the National Mobile In-
ventory Model (NMIM) for July 2006 using the MOBILE6.2 and
NONROAD2005models (US EPA, 2005). Seven primary atmospheric
pollutants' emissions (CO, NOx, SO2, NH3, PM2.5, PM10, VOC) are
included in the NEI-2005 emissions for the whole US. Among them,
CO and NOx emissions were selected for statistical regression
analysis in this study because they are emitted from diverse
anthropogenic sources in urban areas (e.g. point, mobile, and area
sources) and their production is closely related to combustion
processes in human activity, thus leading to simultaneous anthro-
pogenic heat emissions. CO is produced from the processes of
incomplete burning of carbon-containing fossil fuels (e.g. coal, gas,
oil) in on-road and nonroad vehicles and engines (e.g. cars, trucks,
aircraft, marine vessels, farm/construction equipment), industrial/
commercial facilities (e.g. power plants, department stores), resi-
dential heating (e.g. stoves, boilers) and cooking, while NOx is also
produced as a consequence of combustion at high temperature,
thus major anthropogenic sources are electricity-generating power
plants, motor vehicles, industrial facilities, and residential fuel-
burning appliances. For the regression analysis below only CO
and NOx emissions from the on-road and nonroad vehicle sectors
and area type sources (e.g. industrial and institutional boilers, and
residential heating) are considered. Point sources for both these
species are not included in the regression since they are typically
located outside urban settings.

Fig. 1 shows the scatter plots between the AHF and NEI-2005
emissions of CO and NOx for Houston. First we removed grid cells
that are significant outliers due to the influence of point sources
and uncertainties on both the AHF and pollutant dataset using
filtering conditions as follow: daily mean AHF > 1 W m�2; daily
mean CO emission < 70 kg km�2 h�1; daily mean NOx emission <
10 kg km�2 h�1. After filtering off the outliers, hourly data on 154
grid cells (2464 km2) are compared for the regression analysis. It
shows that both anthropogenic CO and NOx surface fluxes
(kg km�2 h�1) are well correlated with the AHF (W m�2) as was
expected. For each CO and NOx emission, a power regression
function is found the AHF fitting well as follows:

YCO
AHF ¼ 2:55X0:64

CO ;

YNOx
AHF ¼ 8:32X0:69

NOx
;

where XCO, XNOx
are hourly anthropogenic CO and NOx (as NO2

equivalent amount) emissions in kg km�2 h�1 and YCO
AHF, Y

NOx
AHF are

the estimates of AHF in W m�2. Approximately 70% of variance in
the bottom-up AHF estimation is explained by the regression of CO
(R2 ¼ 0.717) and NOx (R2 ¼ 0.707) emissions, where R2 is the co-
efficient of determination in the regression fit. The AHF for Houston
resulting from the regression relation has high temporal (R ¼ 0.90
for CO and R ¼ 0.93 for NOx) and spatial (R ¼ 0.84 for CO and
R ¼ 0.80 for NOx) correlations with the bottom-up AHF.
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Uncertainties in either CO or NOx emission can influence the AHF
estimation. Therefore, to minimize the influence, the AHF regres-
sion relation is obtained by the combination of the two regression
relations as follows:

YAHF ¼ aYCO
AHF þ ð1� aÞYNOx

AHF :

Here, a weight factor a ¼ 0.5 is assigned on the assumption that
each relation has same magnitude of errors. The resultant mean
regression relation leads to the determinant coefficient (R2) of
0.723 and temporal and spatial correlation coefficients of R ¼ 0.91
and R ¼ 0.83, respectively.

Fig. 2 compares the bottom-up AHF and estimates using the
regression relations in terms of city-scale mean magnitude and
temporal variation. The city-scale mean AHF (13.9 W m�2) esti-
mated by the mean regression relation compares well to the
bottom-up AHF (13.6 W m�2) with a difference of 2.2%. The AHF
estimate from each regression relation using CO and NOx emissions
is slightly greater than the bottom-up AHF, but has little difference
(less than 1%) between each other (Fig. 2a). The diurnal profile in
the bottom-up AHF shows that energy consumption in Houston is
large during the daytime with salient peaks in the morning and
evening mainly due to the increase of traffic during rush hours
(Sailor and Lu, 2004). Meanwhile, the AHF estimate from the
regression relation compares well with the bottom-up AHF in
diurnal variation (R ¼ 0.91), with the largest relative difference
(>40%) found at night between 12:00 am and 5:00 am LST. The
difference of the AHF temporal profiles is largely attributed to the
hourly profiles of CO and NOx emissions for the vehicle sector in
Houston. They have smoothed peaks in morning and evening rush
hours and a higher emission fraction at the nighttime period
compared to the top-down hourly profile of mobile sector used in
the AHF estimation (see Fig. 2 in Sailor and Lu, 2004). Spatial dis-
tributions of the AHFs are well correlated during a diurnal cycle
with high spatial correlation coefficient (R) values ranging
0.77e0.86. The minimum R value of 0.77 is found around 3e4 LST.
Note that the regression estimate of AHF is derived from spatial and
temporal characteristics of the bottom-up pollutant emissions,
therefore, the use of the regression estimate for AHF provides
consistent diurnal profiles between anthropogenic heat and
pollutant emissions for air quality modeling.

3. Application of regression method to AHF estimation for
the whole US

The regression relation established in Section 2 is easily applied
for estimation of AHF with the anthropogenic bottom-up CO and
NOx emissions available in the NEI-2005 inventory. Fig. 3 presents
summer daily mean AHF for the whole US resulting from the
application of the mean regression relation derived for Houston to
the NEI-2005 emissions. The daily mean AHF is distinctively high
for major US cities, ranging 10e40 W m�2 on a grid scale
(4 � 4 km2). In addition, the AHFs on roads (local roads and inter-
city highways) are also clearly seen with a magnitude of
2e8 W m�2. The temporal profile of the AHF at each grid cell is
inherited from the NEI-2005 emissions.

Fig. 1. Scatter plots between bottom-up anthropogenic heat flux and NEI-2005 anthropogenic pollutant emissions for Houston, US in summer: (a) CO and (b) NOx. The bottom-up
AHF is estimated by a combination of Heiple and Sailor (2008) and Sailor and Lu (2004).

Bottom-up AHF Regressed AHF Regression 1 
(CO)

Regression 2  
(NOx)

(a)

(b)

Fig. 2. Comparison of bottom-up anthropogenic heat flux for Houston with anthro-
pogenic heat fluxes resulting from regression relations from CO and NOx emissions: (a)
city-scale AHF in W m�2 and (b) AHF temporal variations.
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Fig. 4 compares the city-scale summer daily mean AHF esti-
mates resulting from different regression relations for 14 US cities,
and Table 1 presents geographical boundary for city-scale AHF
analysis and mean/maximum AHF for each city. The city-scale daily
mean AHF ranges 10e30 W m�2 for the US cities in summer, a
spatial standard deviation of daily mean AHF within a city ranges
10e20 W m�2 (Fig. 4). Maximum daily mean AHF within each city
ranges 50e140 W m�2 on a grid scale (Table 1). The difference in
daily mean AHF estimates resulting from CO and NOx regression
relations is at most 4.7 W m�2 for Chicago, and their fractional
difference normalized by mean regression estimate are within 5%
for all the cities (Fig. 4).

In deriving Figs. 3 and 4, we have assumed that the same
regression determined for Houston applies to all other US cities and
regions. An extension of this work to other cities with high quality,
bottom-up AHF estimates is needed to confirm this assumption.
The regression relationship between AHF and CO/NOx emissions for
a specific urban center may depend on factors this study is unable

to consider. This includes a dependence on specific climate zone,
urban/suburban land-use mix, building heat and cooling effi-
ciencies, etc.

4. Summary and conclusions

Here, we developed a simple regression method that estimates
AHF using bottom-up anthropogenic pollutant emissions (CO and
NOx) data for Houston. The AHF estimated from the derived
regression relation shows good spatial and temporal agreements
with the bottom-up AHF, explaining about 72% of the variance of

Fig. 3. Spatial distribution of summer daily mean anthropogenic heat fluxes derived from the mean regression relation.
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Fig. 4. Comparison of daily mean anthropogenic heat fluxes for 14 US cities estimated
from regression relations with CO and NOx emissions. Vertical bar represents a spatial
standard deviation of the AHF in each city. Each city's boundary definition is given in
Fig. 3 (box) and Table 1.

Table 1
City region definition and mean and maximum anthropogenic heat fluxes for 14 US
cities in summer. Maximum AHF is found on 4 � 4 km2 grid cells.

City Longitude/latitude Mean AHF
(W m�2)

Maximum
AHF (W m�2)

Houston Lon: �95.8�e�95.0�

Lat: 29.5�e30.0�
14.6 144.0

Atlanta Lon: �84.7�e�84.1�

Lat: 33.5�e34.1�
17.7 72.5

Salt Lake City Lon: �112.2�e�111.7�

Lat: 40.5�e40.9�
12.7 45.8

Chicago Lon: �88.1�e�87.5�

Lat: 41.6�e42.1�
26.3 83.1

San Francisco Lon: �122.6�e�122.3�

Lat: 37.6�e37.9�
21.5 59.0

Los Angeles Lon: �118.5�e�117.7�

Lat: 33.6�e34.3�
23.9 114.5

Philadelphia Lon: �75.4�e�74.9�

Lat: 39.8�e40.3�
18.6 51.2

Minneapolis Lon: �93.5�e�93.0�

Lat: 44.7�e45.1�
22.2 81.1

Miami Lon: �80.5�e�80.0�

Lat: 25.5�e26.5�
18.5 68.5

New York Lon: �74.2�e�73.7�

Lat: 40.5�e40.9�
23.5 137.4

Boston Lon: �71.4�e�70.8�

Lat: 42.1�e42.6�
14.7 66.7

St. Louis Lon: �90.6�e�90.0�

Lat: 38.4�e38.9�
14.8 68.6

Denver Lon: �105.2�e�104.7�

Lat: 39.4�e39.9�
16.2 47.5

Dallas Lon: �97.4�e�96.6�

Lat: 32.6�e33.0�
17.4 65.9
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the bottom-up AHF. A gridded summer AHF for the whole US is
estimated with high spatial (4 km) and temporal (1 h) resolution by
applying the regression relation to the US EPA NEI-2005 emission
inventory. This gridded AHF data-set is publicly available (ftp://aftp.
fsl.noaa.gov/divisions/taq/NEI_heatflux/) for use in mesoscale
meteorological and air quality modeling.

The representation of urban effects in mesoscale numerical
modeling is achieved by a physical parameterization associated
with urban structure factors (e.g. building geometry, dynamic/
thermal/radiative properties) (e.g. Lee and Park, 2008) and inclu-
sion of anthropogenic heat emissions in the thermal energy con-
servation equation as a form of surface sensible heat fluxes (e.g. Fan
and Sailor, 2005; Lee and Baik, 2011). High resolution gridded AHF
data for many cities has traditionally been estimated by top-down
or bottom-up approaches based on city specific available energy
consumption data (Sailor, 2011). The regression method proposed
in this study provides gridded AHF estimates over the continental
US for mesoscale meteorological and environmental modeling
without the intensive effort required in traditional bottom-up AHF
estimation approaches.
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