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The influence of particulate matter and methane on regional air
quality and climate in the United States and India

Abstract

Atmospheric pollution is important for both air quality and climate considerations.

In what follows, I explore three different atmospheric constituents – sulfate, particu-

late matter (PM2.5) from fires, methane – and their respective influence on regional

(United States, India) air quality and climate.

In situ surface observations show that downward surface solar radiation (SWdn)

over the central and southeastern United States (U.S.) has increased by 0.58–1.0

Wm−2a−1 over the 2000–2014 timeframe, simultaneously with reductions in U.S. aerosol

optical depth (AOD) of 3.3 – 5.0×10−3a−1. Establishing a link between these two

trends, however, is challenging due to complex interactions between aerosols, clouds,

and radiation. Here I investigate the clear-sky aerosol-radiation effects of decreasing

U.S. aerosols on SWdn and other surface variables by applying a one-dimensional ra-

diative transfer to 2000–2014 measurements of AOD at two Surface Radiation Bud-

get Network (SURFRAD) sites in the central and southeastern United States. Ob-

servations characterized as “clear-sky” may in fact include the effects of thin cirrus

clouds, and I consider these effects by imposing satellite data from the Clouds and
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Earth’s Radiant Energy System (CERES) into the radiative transfer model. The

model predicts that 2000-2014 trends in aerosols may have driven clear-sky SWdn

trends of +1.35 Wm−2a−1 at Goodwin Creek, MS, and +0.93 Wm−2a−1 at Bondville,

IL. While these results are consistent in sign with observed trends, a cross-validated

multivariate regression analysis shows that AOD reproduces 20-26% of the seasonal

(June-September, JJAS) variability in clear-sky direct and diffuse SWdn at Bondville,

IL, but none of the JJAS variability at Goodwin Creek, MS. Using in situ soil and

surface flux measurements from the Ameriflux network and Illinois Climate Network

(ICN) together with assimilated meteorology from the North American Land Data

Assimilation System (NLDAS), I find that sunnier summers tend to coincide with

increased surface air temperature and soil moisture deficits in the central U.S. The

1990-2015 trends in the NLDAS SWdn over the central U.S. are also of a similar mag-

nitude as our modeled 2000–2014 clear-sky trends. Taken together, these results sug-

gest that climate and regional hydrology in the central U.S. are sensitive to the recent

reductions in aerosol concentrations. This work has implications for severely polluted

regions outside the U.S., where improvements in air quality due to reductions in the

aerosol burden could inadvertently pose an enhanced climate risk.

Since at least the 1980s, many farmers in northwest India have switched to mecha-

nized combine harvesting to boost efficiency. This harvesting technique leaves abun-

dant crop residue on the fields, which farmers typically burn to prepare their fields

for subsequent planting. A key question is to what extent the large quantity of smoke
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emitted by these fires contributes to the already severe pollution in Delhi and across

other parts of the heavily populated Indo-Gangetic Plain located downwind of the

fires. Using a combination of observed and modeled variables, including surface mea-

surements of PM2.5, I quantify the magnitude of the influence of agricultural fire emis-

sions on surface air pollution in Delhi. With surface measurements, I first derive the

signal of regional PM2.5 enhancements (i.e., the pollution above an anthropogenic

baseline) during each post-monsoon burning season for 2012-2016. I next use the

Stochastic Time-Inverted Lagrangian Transport model (STILT) to simulate surface

PM2.5 using five fire emission inventories. I reproduce up to 25% of the weekly vari-

ability in total observed PM2.5 using STILT. Depending on year and emission inven-

tory, our method attributes 7.0–78% of the maximum observed PM2.5 enhancements

in Delhi to fires. The large range in these attribution estimates points to the uncer-

tainties in fire emission parameterizations, especially in regions where thick smoke

may interfere with hotspots of fire radiative power. Although our model can gener-

ally reproduce the largest PM2.5 enhancements in Delhi air quality for 1-3 consecutive

days each fire season, it fails to capture many smaller daily enhancements, which I

attribute to the challenge of detecting small fires in the satellite retrieval. By quan-

tifying the influence of upwind agricultural fire emissions on Delhi air pollution, our

work underscores the potential health benefits of changes in farming practices to re-

duce fires.

Anthropogenic methane emissions originate from a large number of relatively small
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point sources, often densely clustered and with a few anomalous sources contribut-

ing disproportionately to total emissions. Here I examine the potential of recently

launched or planned satellites to promptly identify anomalous emitters among pro-

duction sites in oil/gas fields through measurements of atmospheric methane, alone

or supplemented by a surface observation network. I simulate atmospheric methane

over a generic oil/gas field (20-500 production sites of different size categories in a 50

× 50 km2 domain) for a 1-week period using the WRF-STILT meteorological model

with 1.3 × 1.3 km2 horizontal resolution. The simulations consider many random re-

alizations for the occurrence and distribution of anomalous high-mode emitters in the

field by sampling bimodal probability density functions (pdfs) of emissions from indi-

vidual sites. The atmospheric methane field for each realization is then observed virtu-

ally with different satellite and surface observing configurations. Column methane en-

hancements observed from satellites are relatively small, even for high-mode emitters,

so an inverse analysis is necessary. The inverse analysis can be regularized effectively

using a L-1 norm to provide sparse solutions for a bimodally distributed variable. I

find that the recently launched TROPOMI instrument (low Earth orbit, 7 × 7 km2

nadir pixels, daily return time) and the planned GeoCARB instrument (geostation-

ary orbit, 2.7 × 3.0 km2 pixels, 2x or 4x/day return time) are successful at locating

anomalous emitters for fields of 20 and sometimes 50 emitters within the 50 × 50 km2

domain, but unsuccessful for denser fields. GeoCARB does not benefit significantly

from more frequent observations (4x/day vs. 2x/day). It performs better with a 5-km

vi



Thesis advisors: Loretta J. Mickley, Daniel J. Jacob Daniel Cusworth

error tolerance for localization, but a next-generation geostationary satellite instru-

ment with 1.3 × 1.3 km2 pixels, hourly return time, and 1 ppb precision can success-

fully detect and locate the high-mode emitters for a dense field with up to 500 sites

in the 50 × 50 km2 domain. The capabilities of TROPOMI and GeoCARB can be

usefully augmented with a surface observation network of 10-20 monitors, and in turn

these satellite instruments increase the detection capability that can be achieved from

the surface monitors alone.
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Chapter 1

Aerosol trends as a potential driver of regional climate in

the central United States: Evidence from observations

1.1 Introduction

From 1930 to 2004, the eastern and central U.S. experienced significant cooling of as

much as -0.12 K a−1 (Kumar et al., 2013). This phenomenon is known as the “warm-

ing hole”, as the temperature trend differs in sign from expected greenhouse gas warm-

ing (Pan et al., 2004). More recent observations from this region show average annual

temperatures increased by 0.6–0.8 K between 1901–1960 and 1991–2012, signaling a

reversal of the warming hole trend (Melillo et al., 2014). The causes of the warming

hole and its subsequent reversal are uncertain. Previous studies have linked the U.S.

warming hole to changing patterns in sea surface temperatures (SSTs) such as the

Atlantic Multidecadal Oscillation (AMO) (Kumar et al., 2013; Zhang et al., 2013) or
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to trends in anthropogenic aerosols, which may influence meteorology by interacting

with solar radiation or clouds (Leibensperger et al., 2012b; Booth et al., 2012; Yu et

al., 2014). Banerjee et al. (2017) concluded that while aerosols may have contributed

to the warming hole, much of the observed cooling arose from unforced internal vari-

ability. Most of these studies relied on global or regional climate models, which are

inherently uncertain. In this study, we use recent observations and simple models to

better constrain the influence of aerosol-radiation interactions on U.S. regional mete-

orology. In response to tightening air quality regulations, emissions of aerosol sources

are expected to decline worldwide over the 21st century (Westervelt et al., 2015), and

so our results could have significance for regional climate elsewhere.

Some previous model studies have linked the emergence of a warming hole with

changes in SST patterns or large-scale circulation. Pan et al. (2004) found that en-

hanced greenhouse gases produced a circulation response that increased the frequency

of the southerly low-level jet over the southern Great Plains in late summer, which in

turn replenished soil moisture and suppressed temperature extremes. They concluded

this mechanism could induce a warming hole. Using a climate model forced with ob-

served SSTs, Meehl et al. (2012) linked the warming hole cooling trend to the Inter-

decadal Pacific Oscillation (IPO). Kumar et al. (2013) found that among 22 climate

models, those that had the best representation of the AMO also best reproduced the

warming hole, although even these models show large discrepancies with the observed

trend.
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Alternative explanations for the warming hole involve the influence of aerosol trends

on regional meteorology, which may include the impact of changing aerosols on SSTs.

Over much of the United States, anthropogenic aerosols are dominated by light-colored,

highly reflective species such as sulfate. Such aerosols have adverse health effects,

and since the 1970s the U.S. EPA has worked to reduce their sources. Between 1990–

2010, the Clean Air Act of 1970 and its amendments cut SO2 emissions by 75 percent

(USEPA, 2012), and this reduction may have affected regional climate. Focusing on

June-July-August (JJA) during 2000–2011 across the United States, Yu et al. (2014)

found positive correlations between monthly mean satellite observations of AOD and

cloud optical depth (COD, R = 0.76) and between AOD and shortwave cloud forc-

ing (SWCF, R = 0.84), as well as negative correlations between SWCF and maximum

surface air temperatures (R = -0.67). They thus attribute the 20th century warming

hole to aerosol-cloud interactions that lead to surface cooling. To quantify aerosol-

radiation interactions, Gan et al. (2014) analyzed a sparse network of surface obser-

vations from the Surface Radiation Budget Network (SURFRAD) during 1995–2010,

and found increasing trends in annual mean SWdn accompanying decreases in aerosol

optical depth (AOD), especially among eastern U.S. sites. However, that study also

detected an increase in clear-sky diffuse radiation, which is perplexing, given that de-

clining aerosol would be expected to decrease such radiation. In contrast, Eshel (2016)

diagnosed 1998–2014 surface observations at a site in upstate New York, and inferred

that improved air quality has led to a strong increase in JJA SWdn there. The Eshel
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(2016) result is similar to European studies that have tied aerosol reductions to en-

hanced SWdn (Philipona et al., 2009; Ruckstuhl et al., 2008). Tosca et al. (2017) com-

pared the observed +0.54 ± 0.52 K decade−1 summertime temperature trend in the

southeast U.S. to the -0.05 decade−1 satellite retrieved AOD trend. The authors con-

clude that aerosols reductions enhanced surface temperature through aerosol-radiation

interactions, but their study did not consider the covariability between observed clear-

sky SWdn and AOD measurements, which we argue should exist for aerosol-radiation

interactions.

In a modeling framework, Mickley et al. (2012) found that simple removal of U.S.

aerosols exerted a top-of-atmosphere (TOA) radiative forcing of as much as +4-5

Wm−2 over the central and eastern U.S. This forcing produced a positive feedback

in which increases in surface shortwave radiation (SWdn) enhanced surface fluxes of

sensible heat in late summer, drying out soils and reducing cloud cover, which further

enhanced SWdn. To understand the climate response of a more realistic representa-

tion of U.S. aerosols, Leibensperger et al. (2012a) forced a global climate model using

simulated historical aerosols, and found that high aerosol loading during 1970–1990s

increased cloud cover and soil moisture by as much as 5% in the central and eastern

U.S. The study also found that aerosol outflow to the Atlantic Ocean in this time

frame may have cooled SSTs and increased mean JJA 850 hPa geopotential heights in

the region of the Bermuda High (BH), a semi-permanent high-pressure system. Booth

et al. (2012) found that stronger aerosol influence on surface forcing in a climate
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model could better reproduce Atlantic sea surface temperatures (SSTs). Zhang et al.

(2013) contested this result, pointing to mismatches between the Booth et al. (2012)

model results and observations of North Atlantic upper ocean heat content and salin-

ity. They proposed instead that variations in the Atlantic Multidecadal Overturning

Circulation have driven recent changes in Atlantic SSTs. Mascioli et al. (2016) found

competing effects on U.S. temperature extremes by changing aerosols and greenhouse

gases over the 20th century, as expected, but temperature in the Southeast responded

only weakly to aerosols in their simulation. Finally, using fifty-member ensembles,

Banerjee et al. (2017) simulated aerosol-radiation interactions and the cloud albedo

effect on U.S. climate, but not the cloud lifetime effect. They found that aerosol forc-

ing could not entirely explain the 1951–1975 JJA decreasing trend in southeastern

U.S. temperatures.

Nearly all these studies on the origin of the U.S. warming hole relied on climate or

chemistry-climate models with their many uncertainties. For example, the response

of soil moisture or low cloud cover to changing SWdn in such models may not be well

captured (Soden and Held, 2006), and with few observations, aerosol concentrations

in the early warming hole years are not well constrained. Aerosol composition is also

not well known in the 1950s and 1960s, with black carbon emissions likely uncertain

by at least a factor of two (Bond et al, 2007). The meteorological response to black

carbon could be very different to that of sulfate (Koch et al., 2010; Bond et al., 2013),

the most abundant anthropogenic aerosol in more recent decades.
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In this paper, we turn to observational datasets to try to reconcile the apparently

conflicting hypotheses of previous studies (e.g., Leibensperger et al., 2012b; Kumar et

al., 2013; Gan et al., 2014; Yu et al., 2014). We extend previous analyses of SURFRAD

trends (Long et al., 2009; Augustine and Dutton, 2013; Gan et al., 2014) by using

more recent observations and by focusing on two central and eastern U.S. sites, where

emission controls have had the largest influence on AOD. To gain knowledge of the

potential influence of changing AOD on regional meteorology, we apply the observed

AOD and cirrus cloud variables to a radiative transfer model and a simple statistical

model. We further study regional meteorology during summers with enhanced SWdn

to better understand how potential trends in SWdn could influence climate and soil

hydrology, especially if the warming hole reversal continues, as suggested by some

modeling studies (Leibensperger et al., 2012b). Our work has special relevance for de-

veloping countries that currently experience heavy aerosol loading but are planning

emission reduction strategies (e.g., Lu et al., 2011).

1.2 Data and Methods

We obtain surface SWdn observations from the SURFRAD Network, which consists

of seven sites across the U.S. (Augustine et al., 2000). Although sparse, the network

provides some of the longest in situ solar radiance measurements in the U.S., broken

into diffuse and direct components. In this study we focus on 2000–2014 data from

sites in Bondville, Illinois, and Goodwin Creek, Mississippi, as these sites are located
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in the central and eastern U.S., and have experienced AOD reductions in the recent

past (Gan et al., 2014). We exclude the SURFRAD Penn State site from this study,

as the record is incomplete for much of 2009–2014. SURFRAD solar diffuse radia-

tion is measured through a shaded Eppley Black and White Pyranometer, and direct

solar radiation is measured with an Eppley Normal Incidence Pyrheliometer (NIP).

Diffuse and direct measurements are summed to produce all-sky shortwave radiation

fluxes. All broadband radiation measurements have a three-minute temporal resolu-

tion, taken as an average of one-second samples. There are uncertainties of 3% and

6% (4 and 20 Wm−2) associated with the direct and diffuse measurements, respec-

tively (Stoffel, 2005), where uncertainty is derived from the 95% confidence interval.

SURFRAD stations also measure AOD in five spectral channels using a multifilter

shadowband radiometer. The AOD data are also available as three minute averages,

but only under cloud-free conditions. Both SURFRAD sites are located away from

urban sources, so we expect them to be representative of the larger region. To verify

consistency of SURFRAD trends against trends across the broader region, we com-

pare the SURFRAD SWdn radiance data with pyranometer measurements from the

U.S. Climate Reference Network (USCRN) (Diamond et al., 2013), but consider only

those USCRN sites that have 10+ years of data, starting as early as 2003. We also

compare SURFRAD SWdn to in situ pyranometer measurements from the Cary In-

stitute of Ecosystem Studies (CIES; http://www.caryinstitute.org), located near Mill-

brook, New York, from 1990–2015.
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SURFRAD also provides estimates of total clear-sky radiance using the all-sky ob-

servations, following the methods in Long and Ackerman (2000). Briefly, a power law

model (Y = A cos(θ)b) is fit, where the initial guess for Y is all-sky SWdn, θ is the so-

lar zenith angle, and A and b are the fitted coefficients. After eliminating cloudy mea-

surements using various selection criteria, the power law model is refit following an

iterative process until its coefficients converge, giving an estimate of clear-sky fluxes.

A weakness of this fitting algorithm is that it may not remove the influence of thin

cirrus clouds on the clear-sky flux (Long et al., 2009), and trends in cirrus cloud cover

may potentially influence estimates of trends in clear-sky SWdn.

We use the column version of the Rapid Radiative Transfer Model for general cir-

culation models (RRTMG_SW) to relate SURFRAD radiances to changes in AOD

at the two sites (Iacono et al., 2008). RRTMG_SW relies on a correlated-k approach

to approximate radiative fluxes and heating rates (Clough et al., 2005); multiple scat-

tering is calculated through a two-stream approximation. We apply monthly mean

profiles of atmospheric temperature, pressure, and ozone and water mixing ratios from

the MERRA-2 Reanalysis (Rienecker et al., 2011) while keeping all other chemical

profiles (e.g., CO2 and N2O) fixed to climatological means. The MERRA-2 ozone

product is derived from a simple production and loss chemical scheme (Suarez et

al., 2008), assimilated with measurements from the Ozone Monitoring Instrument

and the Microwave Limb Sounder. MERRA-2 ozone fields below 260 hPa are not as

reliable. We also apply MERRA-2 surface emissivities to the RRTMG_SW bands
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in the infrared part of the spectrum (820–4000 cm−1), and one minus the observed

SURFRAD SW reflectance in the RRTMG_SW bands in the shortwave region (4000–

50000 cm−1).

We drive the model with observed monthly mean AOD from SURFRAD. For sin-

gle scattering albedo and asymmetry parameters of the aerosol, we rely on measure-

ments from two long-term AERONET sites located close to the SURFRAD sites:

Bondville, IL, and Huntsville, AL (Dubovik and King, 2000). Gan et al. (2014) found

close agreement between AOD measurements at the Bondville SURFRAD site and

nearby AERONET sites, so we assume that AERONET aerosol properties represent

those at SURFRAD. For information on thin cirrus clouds, we rely on cloud fraction,

cloud water path, and ice and liquid radius data retrieved from the CERES instru-

ment onboard the Terra and Aqua satellites (Minnis et al, 2011). CERES thin cirrus

cloud optical depths have been shown to those retrieved by the Cloud-Aerosol Lidar

and Infrared Pathfinder Satellite (launched in 2006) over land (R = 0.65). More de-

tailed information about the cirrus retrieval uncertainty is currently being explored

(Minnis, P; personal communication). Since we are interested in total column extinc-

tion and surface radiation values, we assume all aerosols are concentrated in the sur-

face layer and fix cirrus fractional cloudiness at 300 hPa. In a sensitivity simulation,

we find that whether we fix the aerosols at the surface layer or distribute the aerosol

through the lower troposphere has little effect on modeled surface SWdn. Since the

CERES Level 3 retrieval is available only since 2000, we perform all monthly radia-
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tive transfer simulations over the 2000-2014 period. Our model setup is similar to the

approach of Ruiz-Arias et al. (2013) who performed Weather Research and Forecast-

ing (WRF) model simulations using RRTMG_SW driven by AERONET AOD and

aerosol parameters during October 1–3, 2011. The authors found close agreement be-

tween 10-minute modeled and observed total, direct, and diffuse SWdn at SURFRAD

and Atmospheric Radiation Measurement (ARM) sites, though they did not perform

simulations for Goodwin Creek. We perform simulations with monthly mean data to

avoid gaps in the AOD and CERES record. Missing daily observations at Goodwin

Creek and Bondville range from 43-49%.

To assess the regional climate impacts of variations in SWdn at Bondville, we use

tower data from the nearby Ameriflux site, also in Bondville, and Illinois Climate Net-

work (ICN) sites (WARM, 2014). The Ameriflux site provides 9 years (1998-2007) of

continuous observations of summertime radiation, temperature, heat flux, and soil

moisture. The tower is located within an active corn/soybean agriculture field, but

experiences little irrigation (Meyers, T; personal communication), which could influ-

ence the microclimate. The Bondville ICN tower sits in a non-irrigated grass field.

Between 1983–2002, semimonthly soil moisture measurements were made at the tower,

using a neutron probe instrument. Since 2003, the station has taken hourly soil mois-

ture measurements using a hydraprobe sensor. The ICN site also provides shortwave

global radiation, temperature, and soil temperature data from 1990–present.

We compare Ameriflux and ICN tower data with the estimates from the NASA
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Land Data Assimilation System (NLDAS) over North America (Mitchell et al., 2004).

The goal of the NLDAS project is to construct high-quality, consistent datasets for

use in land surface models (LSMs). NLDAS utilizes a combination of gauge-based

precipitation and meteorological data from the NCEP North American Regional Re-

analysis (NARR) to drive an ensemble of LSMs, yielding estimates of soil moisture

and surface energy fluxes. Version 2 of NLDAS also uses bias-corrected SWdn data

from the University of Maryland Surface Radiation Budget dataset, which is based

on GOES-8 satellite data (Pinker et al, 2003). Here we analyze the output from three

LSMs in the NLDAS project: Mosaic, Variable Infiltration Capacity (VIC), and Noah

(Xia et al, 2012; Koster and Suarez, 1994; Wood et al, 1997). Each LSM has a differ-

ent treatment of land-atmosphere coupling, but all require that incoming solar radi-

ation balance the sum of outgoing thermal radiation, latent and sensible heat losses,

and diffusion of energy into the soil (Overgaard and Rosbjerg, 2011). Spatial resolu-

tion of these models is 1/8° x 1/8°.

We calculate annual trends in observations using monthly mean anomalies. For

the SURFRAD dataset, we first find the mean diurnal profile for each month during

2000–2014. We then calculate monthly mean SWdn by averaging these diurnal pro-

files over daylight hours. We compute the monthly climatology over the 2000-2014

period and subtract that from each year’s monthly means to arrive at monthly SWdn

anomalies. Trends for other data measured with hourly or daily frequency are com-

puted using the same method. Radiative transfer simulations in RRTMG_SW are
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performed with monthly average AOD and other environmental variables. As with

the observations, we find monthly anomalies in RRTMG_SW by first calculating the

2000–2014 monthly climatology for each simulation and subtracting that from the cor-

responding time series of monthly means. We use least squares regression to estimate

the slopes of the time series of both observed and modeled monthly anomalies. To

test for statistical significance, we follow the method described by Weatherhead et al.,

(2008), a method also utilized by Gan et al., (2014). This method determines the sig-

nificance of a least-squares trend based on variance of the noise (i.e., the residual from

the straight line fit), the autocorrelation of the noise, and the number of data points

were used to determine the trend. In this study, we set p < 0.05 as the threshold for

statistical significance.

1.3 Long-term trends in surface SWdn

Observed 500 nm AOD decreases significantly at both Bondville (-0.047) and Good-

win Creek (-0.052) during the 2000–2014 time frame (Figure 1.1), providing evidence

of the success of strengthening U.S. air quality regulations. In Figure 1.2 we show the

corresponding trends in observed SWdn for all-sky and clear-sky conditions at the two

sites. Both stations show significant increases in total (diffuse + direct) all-sky as well

as clear-sky SWdn, as would be expected from the changes in AOD. However, diffuse

SWdn is the dominant contributor to these clear-sky trends in both cases, a finding

that is discussed further in this section and Section ??.
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Figure 1.1: Trends in monthly anomalies of 500-nm aerosol optical depth (AOD) at Bondville, IL
and Goodwin Creek, MS, during 2000–2014. All trend lines pass the significance threshold (p <
0.05).

Figure 1.2: Annual trends in downward surface solar radiation (SWdn) during 2000–2014 at
Bondville, IL (left), and Goodwin Creek, MS (right). Trends are determined from daytime data
(10-23 UTC). Trends in observed all-sky SWdn from the SURFRAD network are shown in light
blue; observed trends in clear-sky SWdn are in dark blue. Modeled trends in clear-sky SWdn are
shown for an aerosol-only simulation (light red) and for a simulation with both aerosols and cirrus
clouds included (dark red). Error bars are the standard error of the slope estimated from a linear
regression fit. Asterisks above the bars indicate statistical significance (p < 0.05).
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Figure 1.2 also shows the modeled trends in SWdn. At Bondville, the aerosol-only

simulated trend in clear-sky SWdn agrees in magnitude and sign (+0.93 ± 0.22 Wm−2a−1)

with that observed (+0.85 ± 0.13 Wm−2a−1). Breaking down the total SWdn into its

direct and diffuse components, the aerosol-only simulation shows a result consistent

with aerosol reductions, specifically large increases in direct SWdn accompanied by

a decrease in diffuse SWdn. However, this result differs from clear-sky observations,

which show both direct and diffuse SWdn increasing (+0.41 ± 0.16 Wm−2a−1 and

+0.44 ± 0.11 Wm−2a−1).

As noted above, thin cirrus clouds may influence SWdn even under apparently

clear-sky conditions. Figure 1.3 shows spatial trends in cirrus ice cloud fraction over

2000–2014 from CERES. Cirrus cloud fraction increases as much as +0.5 % a−1 over

parts of the eastern U.S., with a +0.21 % a−1 increase over Bondville. Trends in two

other cirrus cloud properties, cloud water path, and cloud particle radius are not as

spatially coherent as those of cirrus cloud fraction, and we do not discuss these fur-

ther. Incorporating cirrus cloud fraction and the other two cloud parameters into the

aerosol-cirrus simulation still yields an increasing trend in total clear-sky SWdn as

shown in Figure 1.2 (+0.40 ± 0.29 Wm−2a−1), but with a magnitude only about half

that observed. Diffuse SWdn in this simulation is roughly a third of observed clear-

sky trend, and this match comes at the expense of direct SWdn, which now shows a

decreasing trend, in contradiction to the observations. Neither the direct nor diffuse

SWdn trends in the aerosol-cirrus simulation are statistically significant.
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Figure 1.3: Annual trends in cirrus ice cloud fraction as retrieved from Clouds and Earth’s
Radiant Energy System (CERES) for 2000–2014. Black circles represent the locations of the
SURFRAD stations (B = Bondville, IL; G = Goodwin Creek, MS). White indicates regions where
trends are not statistically significant (p > 0.05).
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At Goodwin Creek, the modeled aerosol-only simulation trend in clear-sky SWdn is

+1.35 ± 0.25 Wm−2a−1, more than double the observed clear-sky trend (+0.52 ± 0.14

Wm−2a−1). As at Bondville, the diffuse component of the observed clear-sky SWdn

at Goodwin Creek also exhibits an increasing trend (+0.34 ± 0.11 Wm−2a−1), even

though cirrus cloud fraction shows no significant trend there (Figure 1.3). In fact, the

diffuse SWdn trend in the aerosol-cirrus simulation at Goodwin Creek is still negative,

though more positive than the aerosol-only simulation. This result contrasts with that

in Bondville, where consideration of the large cirrus trend changed the sign and signif-

icance of direct and diffuse SWdn trends.

Reconciling the observed trends in diffuse, direct, and total SWdn at the two sites

is challenging. In their analysis of SURFRAD data, Gan et al. (2014) also found in-

creasing trends in clear-sky diffuse SWdn averaged over seven sites across the U.S.

from 1995–2010. That study hypothesized that trends in this variable could be traced

to increasing air traffic and enhanced thin cirrus cloud formation. The effect of air-

craft contrails on total cirrus cloud fraction is uncertain. Analyzing trends in upper

atmosphere humidity and cirrus cloud cover, Minnis et al. (2004) determined that the

observed 1971–1995 +1.0% per decade (+0.1% a−1) increase in cirrus cloud fraction

over the U.S. was indeed caused by increased air traffic. The magnitude of this trend

is similar to what we observe in Figure 1.3. Consistent with Minnis et al. (2004),

Travis et al. (2004) found the diurnal temperature range (DTR) over the entire U.S.

increased by 1.0 K compared to the 1971–2000 climatological mean after the 3-day
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suspension of nearly all air traffic following the events on September 11, 2001, with

especially large increases (1-2 standard deviations above the climatological mean) in

regions such as Illinois that favor the formation of aircraft contrails at high altitudes.

The conclusions of Minnis et al. (2004) finding, although controversial (Hong et al.,

2008), suggest a strong influence of contrails on the surface energy budget. At the two

SURFRAD sites, we do not find evidence in the diffuse SWdn record of a response to

the abrupt halt to air traffic in September 2001 (Figure 1.4). At Bondville, a slight

enhancement in diffuse radiation occurred one day after September 11, which then

decayed to the 1995–2000 average after two weeks. Enhancements of similar magni-

tude occur previous to September 11, so excursions from the mean may be typical for

diffuse SWdn at Bondville. Diffuse SWdn at Goodwin Creek site exhibits a jump on

September 11 above the 1995–2000 climatology, but mostly stays within one standard

deviation of the 1995–2000 average afterward. These jumps in diffuse SWdn around

September 11th would seem to contradict an influence of contrails on surface SWdn

observations. However, it is also possible that the sites are simply not representative

of the larger domain during this short timeframe. However, since we do not see strong

evidence of aircraft influencing the diffuse clear-sky SWdn at Bondville during Sept.

11-13, we are cautious in ascribing the increasing diffuse clear-sky SWdn trends simu-

lated at Bondville (Figure 1.2) to aircraft contrails. The increasing trend in CERES

cirrus cloud fraction (Figure 1.3) may be due to other factors that are outside the

scope of this paper.
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Figure 1.4: Observed diffuse downward surface solar radiation (SWdn) during August-October
at Bondville, IL (top), and Goodwin Creek, MS (bottom). The blue line is the timeseries of daily
mean diffuse SWdn at each site in 2001. The black line represents daily diffuse SWdn averaged
over 1995–2000 at the sites, shaded by one standard deviation from the mean. The red vertical
lines mark September 11th, when air traffic was temporarily suspended in 2011, and three days
after, when air travel largely resumed.
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1.4 Short-term variability in SWdn

??

The 2000–2014 trends in total observed and modeled clear-sky SWdn are positive

at both Bondville and Goodwin Creek, implying a link between aerosols and SWdn.

However, surface clear-sky SWdn would be expected to respond rapidly to changes

in overhead aerosol, and here we check whether changes in aerosols and/or cirrus

clouds can explain the monthly variability of clear-sky SWdn observations. Figure

1.5 shows the timeseries of observed and standardized monthly mean SWdn anomalies

at Bondville and Goodwin Creek, together with SWdn results from the aerosol-only

and aerosol-cirrus radiative transfer simulations. The standardized timeseries is con-

structed by differencing each month’s value with the long-term monthly mean and

then dividing by the monthly standard deviation. The Bondville aerosol-only simula-

tions show greater correlation with observations (e.g., R = 0.49 for total SWdn) than

that for the aerosol-cirrus simulations (R = 0.29). At Goodwin Creek, results from

neither monthly simulation are significantly correlated with monthly observations.

For AOD to be a controlling factor of clear-sky SWdn, we would expect covariabil-

ity between variables. To check whether this connection is robust, we develop a sta-

tistical model to predict surface monthly mean clear-sky SWdn anomalies based on

AOD and cirrus cloud properties using multivariable linear regression (MLR) with

no lag. We perform MLR for June-July-August-September (JJAS). Aerosol load is
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Figure 1.5: Time series of monthly mean anomalies (standardized by mean and standard devia-
tion) in surface solar radiation (shortwave down or SWdn) at Bondville, IL, and Goodwin Creek
MS, from 2000–2014. Blue curves denote observations, light red shows model results with ob-
served aerosol optical depths (AOD) taken into account, and dark red shows results when both
AOD and observed cirrus cloud fraction are included. Thick lines represent a 3-year locally-
weighted scatterplot smoothing (lowess). The correlations R between the non-smoothed model
simulations and observations are shown inset. All the correlations at Bondville are significant (p <
0.05), and no correlations at Goodwin Creek are significant.
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generally highest in the U.S. during these months (Malm et al., 2004), the incom-

ing solar flux is large, and feedbacks can extend the aerosol influence into late sum-

mer (Mickley et al., 2012). We find the optimal coefficients of the MLR by individ-

ually fitting independent models across all combinations of predictor variables. For

predictor variables, we use AOD and the same cirrus cloud parameters used to drive

RRTMG_SW aerosol-cirrus simulations cirrus cloud liquid water path (LWP ), cirrus

cloud ice water path (IWP ), cirrus cloud liquid radius (RL), cirrus cloud ice radius

(RI), and cirrus cloud fraction (Cf ). We also include monthly average column ozone

(pressure weighted) as a predictor. We optimize coefficients for each individual MLR

fit using leave-one-out cross-validation. For each MLR fit, we calculate the Bayesian

Information Criterion (BIC), which scores the MLR based on its goodness of fit, and

penalizes based on the number of parameters included in the regression (Posada and

Buckley, 2004). Thus we seek solutions that explain clear-sky SWdn using the fewest

number of terms, so as to avoid over-fitting. Both clear-sky SWdn and the predictors

are detrended, deseasonalized, and standardized before the MLR is fit.

Table 1.1 summarizes the coefficients of the optimal MLR fits to clear-sky SWdn.

At Bondville, we find the optimal clear-sky total SWdn MLR model is driven by AOD

and overhead ozone, explaining 15% of the variance. Direct SWdn is best explained

(20%) by AOD alone. The MLR model with AOD and cirrus LWP best fits the ob-

served variability in clear-sky diffuse SWdn, explaining 26% of the variance. The mag-

nitude of the fitted AOD coefficients are of similar magnitude and opposite sign for
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Table 1.1: Fitted regression coefficients to downward surface shortwave radiation (SWdn) at
Bondville, IL, from 2000-2014. Fits represent the optimal multivariate regression model chosen
using the Bayesian Information Criterion (BIC) and fit to column-averaged ozone, aerosol opti-
cal depth (AOD), cirrus cloud liquid water path (LWP), cirrus cloud ice water path (IWP), cirrus
cloud liquid radius (RL), cirrus cloud ice radius (RI), and cirrus cloud fraction (Cf ).

SWdn Regression Fits∗ R2

Total -0.27 AOD + 0.30 Ozone 15%
Direct -0.45 AOD 20%
Diffuse 0.44 AOD + 0.29 LWP 26%

∗Predictor variables were detrended, deseasonalized, and normalized by their mean and standard
deviation before being fitted to SWdn anomalies.

direct and diffuse SWdn, consistent with the expectation for aerosol-radiation inter-

actions. The coefficients of determination (R2) in Table 1.1 are similar in magnitude

to the correlations between observed SWdn fluxes and those calculated by the radia-

tive transfer model (Figure 1.5), showing a consistency between the two methods to

interpret the influence of AOD on SWdn.

At Goodwin Creek, neither observed AOD nor any property of cirrus clouds can

explain the variability in direct or diffuse SWdn, casting doubt on these variables

as influences on SWdn at this site. That two separate sites with similar 2000-2014

AOD reductions could have different MLR results underscores the possible multi-

plicity of drivers of SWdn and the uncertainty in resolving local radiation budgets.

RRTMG_SW simulations driven by AOD have been shown to capture SWdn fluxes

at SURFRAD sites well (Ruiz-Arias et al., 2013). However, Ruiz-Arias et al. (2016)

found a 4% reduction in monthly mean AOD compared to daily AOD in fine aerosol

regimes. (Ruiz-Arias et al. segregate aerosol regimes using the Angstrom exponent,
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which is a direct function of the average size of the aerosol mixture). Among the

Bondville and Goodwin Creek AOD timeseries and the CERES retrievals, nearly half

the days are missing coincident observations, hence the need to bin the daily data into

monthly observations.

1.5 Meteorological impacts from enhanced SWdn in late summer

Previous work has suggested that the land-atmosphere coupled response to increased

SWdn involves a cascade of meteorological phenomena (Shindell et al., 2003; Budyko,

1969). Gu et al. (2012) saw evidence of coupling between net radiation, heat fluxes,

and soil moisture using Ameriflux observations during the 2005 growing season in Mis-

souri. The model study of Mickley et al. (2012) found that U.S. aerosol reductions

lead to enhanced latent heat fluxes in early summer which transition to enhanced sen-

sible heat fluxes by late summer/ early fall. We probe the observational record for

evidence of these feedbacks by first analyzing 1998–2007 tower data from the Ameri-

flux site at Bondville. We classify the data for each year into either a sunny or cloudy

regime depending on whether the JJAS mean SWdn for that year is above or below

the climatological JJAS median. We chose JJAS as the timeframe of reference due

to the large summer to early fall SWdn response from reduced aerosols seen in Mick-

ley et al. (2012). We then compare the responses in monthly mean surface fluxes for

these two regimes (Figure 1.6). We do not consider aerosols directly here, as the short

time series of the Ameriflux data limits the ability to assess long-term trends, but
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we can use our results to understand the regional sensitivity of the land-atmosphere

system to SWdn changes driven by AOD trends. We also do not consider microcli-

mate feedbacks from irrigation at the Ameriflux station. Although irrigation has been

shown in other studies to suppress extreme temperatures in the Midwest (Mueller et

al., 2016), we find that the monthly-average temperatures recorded at the Ameriflux

Bondville site nearly match the temperature readings at the nearest airport in Cham-

paign, IL (not shown). Also, since the Ameriflux temperatures and SWdn data corre-

spond closely to these value in the 1/8 NLDAS dataset (Figure 1.8), we assume that

the effect of micro-scale irrigation is small.

Figure 1.6 shows that the difference in all-sky daytime SWdn between these two

regimes during JJAS is +28.1 Wm−2. Enhanced SWdn during sunny years leads to

increased latent heat fluxes in May-June (+5.3 Wm−2), which transition to increased

sensible heat fluxes in August-October (+9.5 Wm−2). Volumetric soil water content

follows the latent and sensible heat fluxes, with greater soil moisture in June (+2.7%)

and drier conditions in August (-3.5%). Because of the increased sensible heating in

the sunny regime, we would expect a corresponding change in temperature. How-

ever, the difference in JJAS maximum temperature at this site is slightly negative

(-0.86 K), with cooler temperatures during sunny years. This negative change in tem-

perature is corroborated by a negative change in upward surface longwave radiation

(LWup) at the nearby SURFRAD site (-5.4 Wm−2). Precipitation at Bondville does

not differ significantly between sunny and cloudy regimes (not shown). Summer 2004,
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Figure 1.6: Differences in surface measurements at the Bondville Ameriflux site (1998–2007) be-
tween sunny and non-sunny summers, where summer is defined as June-July-August-September
and a sunny summer is defined as one with average all-sky downward surface solar radiation
(SWdn) greater than the median 1998–2007 all-sky summer SWdn. Error bars represent the 95%
confidence interval of the difference.

classified as sunny, was paradoxically the coolest summer in the Ameriflux record,

with a mean maximum temperature 1.7 K cooler than the 1998–2007 average at this

site. Indeed much of the central U.S. experienced cool temperatures that summer

(w2.weather.gov/dtx/2004annualclimatesummary). The surprising result of a cool but

sunny summer in 2004 at the Ameriflux site points to the possible problem of relying

on its short (10 year) record of observations.
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We next examine ICN measurements of SWdn and surface variables, including soil

moisture, using the same method of segregating sunny and cloudy summers. Since

the method of measuring ICN soil moisture changed in 2003, we analyze differences

in sunny vs. cloudy regimes within each measurement period, with PER1 correspond-

ing to 1990–2002, and PER2 corresponding to 2003–2014. Though no sensible or la-

tent heat measurements are available here, the ICN data include a record of 4 inch

soil temperatures under sod together with soil moisture and maximum air tempera-

tures (Figure 1.7). We see a similar pattern across the two instrument regime periods,

specifically that sunny JJAS summers (PER1 = +16.3 Wm−2, PER2 = +8.5 Wm−2)

favor hotter soils (PER1 = +1.2 K, PER2 = +2.9 K) and reduced soil volumetric

water content (PER1= -3.0%, PER2 = -3.4%). In both instrument periods, the max-

imum JJAS temperature increases during sunny summers (PER1 = +2.0 K, PER2

= +2.5 K), in contrast with the Ameriflux measurements. In the PER2 ICN data,

summer 2004 is categorized as cloudy, hence its cooler temperature is expected. The

LWup change at the nearby SURFRAD site during PER2 is consistent with the tem-

perature increase (+4.8 Wm−2). Precipitation again does not differ significantly be-

tween sunny and cloudy regimes for each instrument period (not shown). The changes

in SWdn for both ICN and Ameriflux stations are strongly positive, with the change

during both PER1 and PER2 about half that in the Ameriflux record.

The record of observations at Ameriflux Bondville is relatively short, and the in-

consistent soil instrument record at the ICN station complicates long-term analysis.
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Figure 1.7: Differences in surface measurements at the Bondville ICN site between sunny and
non-sunny summers. The technique for measuring soil moisture changed at this site in 2003,
and the panels show differences separately for the periods before and after this change: period
1 (PER1, 1990–2002) and period 2 (PER2, 2003–2014). As in Figure 1.6, summer is defined as
June-July-August-September and a sunny summer is defined as one with average all-sky downward
surface solar radiation (SWdn) greater than the median all-sky summer SWdn of each respective
period. Error bars represent the 95% confidence interval of the difference. For clarity, monthly
means for PER1 are slightly offset with respect to the abscissa.
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Ameriflux and ICN sites yield consistent SWdn and soil moisture results, but different

surface temperature responses, perhaps due to the short-term measurement record.

To investigate long-term land-atmosphere changes from 1990–2015, we use assimi-

lated meteorology and other variables from the NLDAS dataset. To assure the quality

of the NLDAS driving variables, we compare three of these variables monthly mean

SWdn, precipitation, and air temperatures with observations from Ameriflux stations

with at least 5 years of data (11 total). We also compare NLDAS SWdn with that

from SURFRAD. Figure 1.8 shows statistically significant agreement among these

datasets, with R ranging from 0.60 to 0.77, depending on the variable. We find much

weaker, but still statistically significant, agreement between the LSM results and the

Ameriflux observations, with R ranging from 0.24 to 0.47, depending this time on

both the variable and model (Figure 1.8). Best matches between models and mea-

surements are obtained for the sensible heat flux. The relatively weak correlations

underline the difficulty in resolving land-atmosphere coupling at 1/8° x 1/8° resolu-

tion.

Using the NLDAS dataset and mindful of the uncertainties in LSM results, we ex-

pand our focus to look at spatial trends in the relevant variables across the contiguous

United States for JJAS over the 1990-2015 time period. Figure 1.9 shows that sur-

face JJAS all-sky SWdn has increased significantly by +0.78 Wm−2a−1 from 1990 to

2015 across the central U.S. (30–50N, 105–85W, denoted by the green box in Figure

1.9). Figure 1.9 also reveals a close correspondence between the all-sky NLDAS trend
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Figure 1.8: Comparison between Ameriflux/SURFRAD stations (11 total) with 5+ years of data
and the corresponding North American Land Data Assimilation System (NLDAS) data. The left
column compares observed forcing data to the NLDAS forcing data. The right column compares
the land surface model (LSM) results to the Ameriflux observations. Each point represents the
monthly anomaly calculated by removing the monthly climatology from the monthly mean of the
data. Soil moisture has been standardized by its mean and standard deviation to remove biases in
unit conversion.
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and the all-sky trends derived from site measurements in the SURFRAD (1997–2014),

USCRN (2003–2014), and CIES (1990–2015) networks, increasing confidence in the

NLDAS dataset. Deviations between data products may be explained by the incon-

sistent time periods of comparison. Accompanying the change in SWdn is an increase

in average JJAS air temperatures over much of the central and eastern U.S. (+0.07 K

a−1). Precipitation decreases slightly in the central U.S. (-0.19 kg m−2 a−1), mostly

in a few isolated regions over the Great Lakes. The total JJAS enhancement in NL-

DAS all-sky SWdn over the central U.S. over the 1990-2015 time period is +20 Wm−2,

similar in magnitude to the increase observed during sunny years at the Ameriflux

(+28.1 Wm−2) and ICN (PER1= +16.3 Wm−2, PER2 = +8.5 Wm−2) sites. The

2000–2014 clear-sky SWdn enhancements that we simulate with RRTMG_SW at

Bondville and Goodwin Creek (+13.9 and +6.2 Wm−2) are about half the NLDAS

enhancements averaged over the central U.S. for the longer time period of 1990–2015.

Figure 1.9 also shows the soil moisture response to increasing SWdn and warmer

temperatures over 1990–2015, as calculated by the three LSMs. We combine LSM

results by first determining which of the model trends agree in sign in each grid cell

and then taking the mean of just those models that agree. The combined trend re-

veals decreased soil moisture across the central U.S. between 1990 and 2015 (-0.85

kg m−2a−1, averaged over the region defined in Figure 1.9), accompanied by an in-

crease in sensible heating in the same region (+0.28 Wm−2 a−1). This decrease in soil

moisture translates to a 1990–2015 decrease in volumetric soil water content of -2.2%,
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Figure 1.9: June-July-August-September (JJAS) trends in surface meteorological variables from
1990 to 2015. Surface downward solar radiation (SWdn), air temperature, and precipitation are
assimilated from observations in the NASA Land Data Assimilation System (NLDAS). Overlaid
on the SWdn plot are observed trends from the U.S. Climate Reference Network (USCRN: circles,
2003–2014), SURFRAD (squares, 1997–2015), and the Cary Institute for Ecosystem Studies (CIES:
diamond, 1990–2015). The green box in the temperature panel represents the central U.S. (30–
50N, 105–85W). In the soil moisture panel, we combine model results by first determining which
of the LSM trends agree in sign in each grid cell and then showing the mean of just those models
that agree. White indicates those regions that fail statistical significance (i.e., p > 0.05).
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within the range of what is observed as the JJAS difference between sunny and cloudy

years at the Ameriflux (-0.14%) and ICN (PER1 = -3.0%, PER2 = -3.4%) sites in Illi-

nois. Since the precipitation patterns seem to be unchanging or small over much of

the central U.S. during 1990-2015, the LSM soil moisture results provide evidence of a

climate response to greater evapotranspiration in the presence of enhanced SWdn.

We emphasize that our main goal in examining the 1990–2015 NLDAS dataset is

to probe the regional response of soil moisture and temperature to trends in all-sky

SWdn. Coincidentally, the trends in all-sky SWdn trend across the central U.S. in

the NLDAS dataset are similar in magnitude to the trends in clear-sky SWdn trends

in the RRTMG_SW model at Bondville for a shorter time period. Given the similar

magnitude of the observed all-sky and clear-sky SWdn trends and the covariability of

AOD with clear-sky SWdn at Bondville, we infer the potential meteorological conse-

quences of the observed AOD trends in the central U.S. with greater confidence. This

inference is limited due to the availability of just one surface site that measures direct

and diffuse components of all-sky SWdn, clear-sky SWdn, and AOD, but can be used

as an example of assessing aerosol-climate interactions in future studies.

1.6 Discussion

Here we assemble the evidence of changing surface climate in the U.S. and consider

the possible role of aerosols in driving this change. During the 2000–2014 time pe-

riod, observed AOD decreases significantly at both Bondville, IL (-0.047) and Good-
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win Creek, MS (-0.052) Clear-sky total SWdn increases at these sites by 12.7 Wm−2

(Bondville) and 7.8 Wm−2 (Goodwin Creek) over the same time period, suggesting

that the declining aerosols are at least partly responsible for these trends. All-sky

total SWdn also increases at Goodwin Creek. However, the diffuse component of

clear-sky SWdn increases at both Bondville (+6.6 Wm−2) and Goodwin Creek (+5.2

Wm−2), consistent with previous studies (e.g., Gan et al., 2014) and the cause of these

increases remains an open question. We do not find evidence of aircraft contrails in-

fluencing observed diffuse SWdn at SURFRAD sites in the aftermath of Sep. 11th,

2001, and thus caution against attributing increasing clear-sky diffuse SWdn trends to

increasing U.S. air traffic as has been done in previous studies (e.g., Long et al., 2009;

Augustine and Dutton, 2013).

Using the RRTMG_SW radiative transfer model driven by observed AOD, we sim-

ulate increases in total and direct clear-sky SWdn at both sites that are consistent

with observations and decreases in diffuse SWdn that are contrary to the observa-

tions. Previous studies invoked trends in aircraft contrails to explain the unexpected

changes in diffuse SWdn at SURFRAD sites across the U.S. (e.g., Gan et al., 2014),

but application of observed cirrus cloud fraction to RRTMG_SW does not resolve

this issue. A cross-validated multivariate regression analysis further shows that ob-

served monthly mean AOD accounts for 20% of the JJAS variability in clear-sky di-

rect SWdn at Bondville, with cirrus cloud liquid water path and AOD reproducing

26% of the variability in clear-sky diffuse SWdn at this site. No combination of predic-
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tors, however, explains the variability of clear-sky direct or diffuse SWdn at Goodwin

Creek, casting doubt on the role of aerosol-radiation interactions on local meteorology

at this site. Besides AOD and cirrus cloud cover, we are left with few other variables

that could influence the direct/diffuse partitioning of clear-sky SWdn, and the cause

of the observed increase in SWdn during the 2000-2014 timeframe is not clear. With

more sites across the Southeast, we could diagnose these inconsistent results as either

site-specific, or symptomatic of the larger region.

Our analysis of the Ameriflux data (1998–2007) and ICN data (1990–2014) suggests

that soil moisture declines in response to enhanced solar radiation. In particular, we

see possible evidence of a soil moisture feedback at the Bondville Ameriflux station,

where the difference in JJAS SWdn between sunny and cloudy summers is nearly 30

Wm−2, peaking in September. A sunny summer reduces soil moisture, especially in

August (-3.5%), and enhances sensible heat fluxes by +8.7 Wm−2, with peak values in

September. The SURFRAD data show an all-sky annual SWdn trend of +0.58 Wm−2

a−1 at Bondville and a +1.0 Wm−2 a−1 at Goodwin Creek for 2000–2014. This rate

translates to changes in SWdn of +8.7 Wm−2 and +15 Wm−2 over this time period

at these sites, or roughly one-fourth to one-half the change in SWdn between sunny

and cloudy years at the Ameriflux station. Despite large spatial heterogeneity, the

land surface models in Section 1.5 show a reduction of volumetric soil water content

of as much as -2.2% over the central U.S. from 1990–2015. Given the observed trends

in SWdn, this result is consistent in sign with the 0.14-3.4% decrease in soil moisture
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content during sunnier summers at the Ameriflux and ICN sites in Illinois. The ob-

served soil moisture and temperature responses between the sunny and cloudy regimes

are of the same order of magnitude as those simulated by Mickley et al. (2012) for

aerosol vs. no aerosol regimes over the eastern US, lending confidence to the conclu-

sions of that model study. Our results are also consistent with Eshel (2016), who

found that the observed SWdn increase from 1988–2014 at a rural site in the North-

east could be explained in a radiative transfer model only when considering trends in

anthropogenic aerosols.

Our Ameriflux, ICN, and NLDAS results show the climate response to increasing

surface SWdn. The RRTMG_SW results in Bondville show that changing aerosols in-

fluences SWdn trends. Taken together, the observations and modeled results suggest

that aerosol-radiation interactions are significant at Bondville, a conclusion doubted

in previous studies (Long et al., 2009; Augustine and Dutton, 2013). We find evidence

that these interactions play a role in the observed climate trends at Bondville, similar

in response to modelling studies that probed the influence of aerosols on the warm-

ing hole (Leibensperger et al, 2012b). Changes in overhead aerosol contribute about

one-fourth of the interannual variability in direct and diffuse clear-sky SWdn. If the

aerosol trends at Bondville are representative of the larger region, the recent decline

in AOD may partly account for the 1.8 K increase in surface temperatures across the

larger region for JJAS in the NLDAS dataset. In contrast, aerosol-radiation interac-

tions do not appear to contribute to the interannual variability in SWdn at Goodwin
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Creek, casting doubt on the role of the direct aerosol effect in the reversal of the U.S.

warming hole in the Southeast.

Our results underscore the difficulty in attributing the warming hole to only aerosols

or only aerosol-radiation interactions using observations. Even though we find evi-

dence of aerosol-radiation interactions at Bondville, our result at Goodwin Creek con-

trasts with Tosca et al. (2017), who concluded that the observed increase in surface

SWdn between 2007 and 2017 at this site was a result of aerosol-radiation interac-

tions. Though we agree with these authors on the sign of the observed surface SWdn

trend and find that RRTMG_SW can indeed reproduce a positive clear-sky SWdn

trend when driven by aerosols (Figure 1.2), we do not find evidence of interannual co-

variability between AOD and clear-sky SWdn at Goodwin Creek. Hence we disagree

that the SURFRAD observations point to aerosol-radiation interactions at this site,

as we believe that evidence of covariability between AOD and SWdn on interannual

timescales is a necessary condition in asserting aerosol-radiation interactions. Yu et

al., (2014), however, found evidence of aerosol-cloud interactions in the southeastern

U.S., so such interactions could potentially be important in that region.

Agriculture is a major industry in the central U.S., and decreases in soil moisture

from increased SWdn may have made the region more vulnerable to drought, as sug-

gested by previous model studies (Mickley et al., 2012; Leibensperger et al, 2012b).

From our analysis of tower fluxes and the NLDAS assimilation, we find a consistent

land-atmosphere response to SWdn as seen in these model studies. Specifically, soil
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moisture responds to local enhancements in SWdn that further amplifies SWdn, espe-

cially in late summer. Previous studies have diagnosed the strong influence of tropical

Pacific SSTs on drought occurrence in the U.S. (e.g., Schubert et al., 2004; Seager and

Hoerling, 2014). However, drought models that rely on Pacific SSTs predict a pro-

longed drought during the 1970s, a period in reality characterized by increased precip-

itation, especially in the central and eastern United States (e.g., Seager and Hoerling,

2014). We speculate that high loading of anthropogenic aerosol during the 1970s may

have led to more moist conditions in the central U.S., countering the SST influence

and reducing drought risk. While the model results of Leibensperger et al. (2012a,b)

are consistent with this hypothesis, more rigorous model studies with state-of-the-

science hydrology and chemistry are needed to confirm it. We underscore the findings

of other studies (e.g., Milly and Dunne, 2011) that caution modeling studies against

projecting hydrological change in models without finding consistency with surface en-

ergy balance changes.

A drawback of this study is that it relies on relatively short-term records of aerosols

and surface SWdn. There is also some uncertainty in the SURFRAD measurements,

at least when compared to the derived trends per year of SWdn. In trends reported

here, however, we find that the standard deviation of the residual noise is greater

than the instrument uncertainty. Finally, our study relies on just a few measurement

sites to infer relationships of AOD with other variables across a broad region. We

find evidence of aerosol-radiation interactions at Bondville but not Goodwin Creek.
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Though we use site-specific data to come to these conclusions, the good match be-

tween site measurements and assimilated NLDAS SWdn data, however, lends confi-

dence that increased surface SWdn has indeed occurred over a broad region. As more

in situ measurements of SWdn and AOD are recorded and as USCRN and other na-

tional networks are expanded, we expect the discrepancies between SURFRAD sites

will be better explained.

This study provides observational evidence of the influence of AOD on SWdn and

key variables such as soil moisture. By linking trends in AOD, SWdn, and soil mois-

ture, our results point to the importance of considering atmospheric composition as

an additional driver of drought. Currently, many regions of the developing world (e.g.,

China and India) have much higher aerosol loading than the U.S. and are planning

strategies to reduce aerosol sources and improve air quality (Lu et al., 2011). These

regions also depend on favorable meteorological conditions for agricultural produc-

tion to feed growing populations. Our study suggests there may be inadvertent conse-

quences of aerosol reduction on regional climate.
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Chapter 2

Quantifying the influence of agricultural fires in northwest

India on urban air pollution in Delhi, India

2.1 Introduction

Residents of the heavily populated Indo-Gangetic Plain (IGP) in India experience el-

evated health risks due to poor air quality. The National Capital Territory of Delhi

(hereafter referred to as Delhi) sits within the IGP and has a population of ∼16.5 mil-

lion. The larger National Capital Region of Delhi which is centered on Delhi but also

includes regions of Haryana, Uttar Pradesh, and Rajasthan is estimated to exceed a

population of 46 million (Registrar General, India, 2011). Daily mean levels of surface

particulate matter (PM2.5) pollution in Delhi often exceed the World Health Organi-

zation threshold for unhealthy air (24-hour average of 25 µg m−3) as well as the daily

mean threshold set by the Indian Central Pollution Control Board (CPCB, 60 µg
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m−3). Delhi is often in exceedance of these standards during the post-monsoon season

(Oct.-Nov.), and its ambient PM2.5 concentrations are subject to large episodic spikes.

For example, from Nov. 1st - Nov. 15th, 2016, the PM2.5 concentration at the Mandir

Marg CPCB site averaged 350 µg m−3, but reached as high as a daily-average of 692

µg m−3 on Nov. 5th (http://www.cpcb.gov.in/CAAQM/). One major uncertainty is

the extent to which smoke emissions from post-monsoon agricultural fires in rural ar-

eas influence the already high concentrations of urban air pollution in the IGP. This

study aims to quantify the magnitude of the contribution of these fire emissions to

PM2.5 pollution in Delhi during the post-monsoon burning season over the 2012-2016

time frame. The attribution of surface PM2.5 due to fires versus other anthropogenic

sources is critical in developing strategies to reduce overall pollution exposure.

Exceedances of PM2.5 standards in Delhi occur year-round, with an annual mean

PM2.5 concentration of more than 100 µg m−3 (e.g., Twiari et al., 2013). Much of

the pollution comes from coal-fired power plants, transportation, and domestic com-

bustion sources (Guttikunda and Jawahar, 2014; Gurjar et al., 2016). PM2.5 and its

precursors (e.g., SO2, NOX) have led to an estimated 30% of Delhi’s population suf-

fering from respiratory disorders (Kandlikar and Ramachadran, 2000). Nagpure et al.

(2014) estimated a 60% increase in Delhi mortality due to the degradation of air qual-

ity between 2000 and 2010. Residents of Delhi have been found to suffer from diseases

related to air pollution at a rate 12 times higher than the national average (Kand-

likar and Ramachadran, 2000). More broadly, Dey et al. (2012) estimated that about
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half the subcontinent’s population experienced pollution levels above the WHO PM2.5

annual mean standard of 35 µg m−3 during 2000-2015, with the greatest pollution

exposure in the IGP.

India’s agricultural “breadbasket” is located in the northwestern-most region of the

country, mostly in the state of Punjab but also in the neighboring state of Haryana.

Agriculture in these states is typically characterized by two growing seasons: a pre-

dominantly winter wheat crop, harvested in April-May, and a predominantly summer

rice crop, harvested in October-November (Vadrevu et al., 2011). Increasing utiliza-

tion of mechanized harvesters over the last 30 years has decreased costs and improved

efficiency for farmers, and studies have found that more than 75% of rice is harvested

using a combine harvester in Punjab (Kumar et al., 2015). However, this harvest-

ing method leaves more crop residue on the fields than traditional methods using a

sickle, and many farmers burn this residue to ready fields for the next growing sea-

son (Kaskaoutis et al., 2014). Smoke from these fires consists of black carbon and

organic particulate matter. The post-monsoon rice harvest season coincides with post-

monsoon conditions that favor stagnation and weak surface northwesterly winds in

the IGP (Singh and Kaskaoutis, 2014). These conditions allow smoke to slowly perme-

ate throughout the IGP, including Delhi, about 350 km downwind from Punjab.

Previous work has diagnosed co-variability between fire emissions in Punjab and ob-

served urban pollution levels in the region and downwind. For example, using ground-

based sensors in the Punjab city of Patalia, Mittal et al. (2009) reported PM2.5 en-
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hancements as high as 547 µg m−3 during the 2007 burning season of October-November.

Using remotely sensed data from the Moderate Resolution Imaging Spectroradiome-

ter (MODIS), Mishra and Shibata (2012) found enhancements of 0.1-0.3 in 850-nm

aerosol optical depth (AOD) during the 2009 post-monsoon burning season over the

IGP. These authors used lidar to probe the vertical distribution of the aerosols over

Punjab and Delhi and found the largest 532-nm backscatter coefficients (>0.0035

km−1 sr−1) close to the surface (below 1.0 km altitude). Consistent with this study,

Kaskaoutis et al. (2014) found daily maximum MODIS 550-nm AOD to often be in

excess of 2.0 during the 2012 post-monsoon burning season. Observations from two

Aerosol Robotic Network (AERONET) sites in the IGP show that aerosols tend to-

wards larger volume and smaller particle size during the post-monsoon burning season

(Kaskaoutis et al., 2014); such attributes are characteristic of fresh soot. Our previ-

ous work (Liu et al., 2018) used back trajectory analysis to define an airshed region

upwind of Delhi during both pre-monsoon (Apr - May) and post-monsoon burning

seasons. The study focused on relating available data on PM10 and other air quality

measurements to fire radiative power (FRP) in the airshed for both burning seasons,

accounting for meteorological conditions. We found that post-monsoon MODIS FRP

within the airshed correlates with observed concentrations of surface PM10, visibil-

ity, and AOD in Delhi, suggesting a coupling between upwind fires, meteorology, and

urban pollution.

Missing from recent studies is an estimate of the magnitude of surface PM2.5 in
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Delhi that can be attributed to agricultural fire emissions. Building on the work of

Liu et al. (2018) and other studies, this study aims to address this gap by combin-

ing analysis of surface PM2.5 observations in Delhi with chemical transport modeling.

We first use daily 2012-2016 surface observations to estimate the seasonal PM2.5 en-

hancement due to regional (i.e., fire) sources. We compare these enhancements to

model-derived PM2.5 driven by a suite of fire emission inventories. We rely mostly

on a Lagrangian-based modeling framework, which uses back trajectories to simulate

chemical transport and map the sensitivity of PM2.5 levels in Delhi to fire activity

upwind. We find that our model can capture much of the weekly observed PM2.5 vari-

ability in Delhi, as well as at least some of the extreme peaks in daily PM2.5 during

the post-monsoon burning season. We further fine-tune these simulated PM2.5 esti-

mates with a statistical model fit with local meteorology. Discrepancies between the

model and observed PM2.5 in Delhi point to the difficulty in detecting small fires from

satellite, especially when clouds and/or smoke interfere with detection. Smoke from

satellite-detected fires that are detected can contribute more than half the total ob-

served PM2.5 across Delhi during the post-monsoon burning season.
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2.2 Data and Methods

2.2.1 Surface and Satellite Observations

The CPCB provides online hourly observations of a variety of pollutants including

PM2.5 at 12 sites within Delhi (http://www.cpcb.gov.in/CAAQM). We focus on ob-

served PM2.5 during the post-monsoon burning season (here defined as Oct. 17 - Nov.

30) during 2012-2016. We find that at least 90% of Oct. - Nov. FRP over the north-

western IGP during 2012-2016 is detected during this time window. No CPCB site

provides a complete record of PM2.5 observations during the entire course of 2012-

2016. The U.S. Embassy in Delhi (https://in.usembassy.gov/embassy-consulates/new-

delhi/air-quality-data/) also provides daily PM2.5 from 2013-2016, and is mostly com-

plete during that time span. Finally, we rely on observations from a new monitoring

network, #Breathe (http://api.indiaspend.org/dashboard/), launched in 2016 by In-

diaSpend, a grassroots initiative to monitor air quality at 10 sites in Delhi and else-

where in India. Figure 2.1 shows the spatial configuration of all surface sites where

PM2.5 was available sometime during 2012-2016. We aggregate and validate these sur-

face observations with satellite AOD (described in Section 2.3.1) retrieved from the

MODIS Level 3 Aqua Deep Blue algorithm (MYD08D3; Hsu et al., 2013). The Deep

Blue algorithm is designed to provide AOD retrievals over bright surfaces, and was

found to correlate well with the AERONET station in Kanpur, India (0.70 ≤ R ≤0.86;

Sayer et al., 2013).
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Figure 2.1: Distribution of Central Pollution Control Board (CPCB), India Spend, and U.S. Em-
bassy PM2.5 monitoring sites located in and around the Delhi. Solid lines represent districts within
the National Capital Territory of Delhi.
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2.2.2 Fire emission inventories

In situ information that can be used to quantify regional fire emissions on the daily

scale in Punjab and Haryana is limited. Thus, we consider top-down fire emission in-

ventories that are based on satellite information. As we shall see, many assumptions

are needed to translate the satellite retrievals into emissions. The inventories con-

sidered in this study are the Fire Inventory from NCAR (FINN; Wiedinmyer et al.,

2011), the Global Fire Emissions Database version 4 with small fires (GFED4.1s; van

der Werf et al., 2017, Giglio et al., 2013; Randerson et al., 2012), the Global Fire As-

similation System (GFAS; Kaiser et al., 2012), and The Quick Fire Emissions Dataset

(QFED; Darmenov and da Silva, 2015). Each of these fire emission inventories are

based in part on thermal anomalies detected by MODIS (Giglio et al., 2006). How-

ever, they each differ in their treatment of emission factors and land cover that trans-

late these thermal anomalies into emission estimates, and they also have different

methods for treating gaps in the MODIS record. FINN aggregates 1-km MODIS ac-

tive fire detections and produces a daily emission estimate given these detections

and MODIS retrieved land cover. GFED4.1s relies primarily on monthly MODIS

MCD64A1 500-m burned area maps, derived from observed changes in surface re-

flectance, to generate emission estimates. The dataset then adds 1-km active fire infor-

mation to incorporate the influence of small fires that may have not been accounted

for by the burned area product (Randerson et al., 2012). GFED4.1s derives a daily
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emission estimate by applying the ratio of daily to total monthly active fire counts in

each grid cell. GFAS also aggregates the 1-km MODIS FRP and uses emission fac-

tors similar to those in GFED4.1s. To account for FRP obscured by sub-grid clouds

and other interferences, GFAS assumes that an obscured FRP pixel is equivalent in

value to its adjacent non-obscured pixel, as long as they are not over a body of water

(Kaiser et al., 2012). GFAS further uses a Kalman filtering method of data assimi-

lation, in which the optimal estimate of FRP for a given day is a weighted average

of the optimal FRP estimate from the previous day and the FRP estimate for the

current day (Kaiser et al., 2012). Like GFAS, QFED uses information from adjacent

pixels to estimate obscured thermal anomalies; QFED also relies on FRP estimates

from the previous day. However, the QFED algorithm weights adjacent pixel informa-

tion via the error covariance between pixels, and it allows the estimate of the previous

day’s FRP to decay according to a characteristic timescale derived for each land type

(Darmenov and da Silva, 2015). GFAS, QFED, and FINN are available in near real

time, whereas GFED4.1s requires several months of processing before public release.

We include another inventory, here called GFED + Agriculture. In this inventory,

we apply the GFED4.1s dry matter emission estimates, but assume the land cover

within each burning grid cell is 100% agricultural, thus only using emission factors as-

sociated with agricultural burning. We also increase the GFED4.1s emission factors

associated with agricultural burning by a factor of three. The factor of three scaling is

based on the laboratory findings of Oanh et al. (2010), who found that the particulate
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matter emissions of rice straw approximately tripled when the straw was piled instead

of spread evenly on the ground. In reality, we expect a mixture of partial and whole

field burning (Vadrevu et al., 2008), so the GFED + Agriculture emissions represent a

high derived upper bound on agricultural burning in the region.

2.2.3 Particle dispersion, chemical transport, and statistical mod-

eling

We perform 2012-2016 simulations of daily surface PM2.5 in Delhi using the Stochas-

tic Time-Inverted Lagragian Transport (STILT) model (Lin et al., 2003), driven by

0.5° x 0.5° Global Data Assimilation meteorology (GDAS; Houser et al., 2001). STILT

is a receptor-oriented Lagrangian particle dispersion model. This modeling framework

has previously been used to assess the influence of wildfires on urban air pollution in

Salt Lake City, Utah (Mallia et al., 2015). By tracing an ensemble of theoretical par-

ticles or air-mass trajectories from a receptor site backwards in time, STILT computes

the sensitivity of PM2.5 concentration at the receptor to emissions in the surround-

ing region. The resulting flux footprint reveals those regions where emissions likely

influenced PM2.5 at the receptor. We simulate daily footprints of the sensitivities of

Delhi pollution to fire emissions upwind by sending 500 simultaneous air-mass tra-

jectories backwards in time for 5 days. We choose 500 ensembles in order to account

for random turbulence air-masses experience, especially in the boundary layer (Lin et

al., 2013). We choose five days as this timeframe should allow an air mass to traverse
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Figure 2.2: Median 2012-2016 STILT sensitivity of Delhi (28.62 °N, 77.21 °E, purple circle)
PM2.5 observations to surrounding fire emissions during the post-monsoon burning season (Oct.
17 - Nov 30). Sensitivities below 10−6 ppm µmol−1 m2 s are not shown.

the approximately 800 km between Delhi and the farthest upwind burning regions

even under the weak wind conditions prevalent at this time of year, which is often

less than 5 m s−1 according to GDAS. Figure 2.2 shows the spatial footprint of the

median 2012-2016 sensitivities of a Delhi receptor (28.62°N, 77.21°E) to the surround-

ing emissions during the burning season. We see that Delhi is highly sensitive ( 10−3

ppm µmol−1 m2 s) to the upwind burning regions in Punjab. Similar to Koplitz et al.

(2016), we assume that the PM2.5 reaching Delhi from upwind fires is in its primary

BC or OC form.
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Liu et al. (2018) performed a back-trajectory analysis using the Hybrid Single Par-

ticle Lagrangian Integrated Trajectory Model (HYSPLIT; Stein et al., 2015) to cre-

ate an airshed region upwind of Delhi. The boundaries of this airshed determined

a region where agricultural fire emissions could potentially influence downwind air

pollution in Delhi. Through the use of STILT, we make this relationship more ex-

plicit by quantifying explicitly how much those upwind emissions contribute to a par-

ticular downwind pollution observation. In other words, each STILT footprint can

be coupled to an emissions inventory in order to simulate surface PM2.5 concentra-

tions. The footprint for the ith receptor location and time can be expressed as a vec-

tor ki = (∂ystilt,i/∂x)
T , where x is a vector of upwind emissions from the previous

5 days (units of µmol m−2 s−1), and ystilt,i is the modeled PM2.5 enhancement due

to those emissions. If we couple this footprint to an emissions estimate (e.g., FINN,

QFED, etc.) from the previous 5 days, we can simulate surface PM2.5 enhancement

from fires using the relation ystilt,i = ki · x. These simulated surface concentrations

can then be compared to the observed network average of PM2.5 observations.

We simulate the urban fate of primary PM2.5 from fires and assume no chemistry

using STILT. To account for additional PM2.5 production from other anthropogenic

sources, we determine a background or baseline from observations (described further

in Section 2.3.2). We compare this baseline to a simulated anthropogenic PM2.5 from

the 3-D global chemical transport model, GEOS-Chem (geos-chem.org). GEOS-Chem

is here driven by assimilated meteorological data from the Goddard Earth Observ-
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ing System (GEOS-5) at the NASA Global Modeling Assimilation Office (GMAO).

The aerosol simulation in GEOS-Chem includes sulfate, nitrate, ammonium, dust,

and black and organic carbon (Kim et al., 2015), and many previous studies have ex-

amined PM2.5 pollution in Asia using GEOS-Chem (e.g., Wang et al., 2013; Mu and

Liao, 2014; Geng et al., 2015). Here we utilize the emission inventory for Model Inter-

Comparison Study for Asia (MIX) for anthropogenic aerosol precursor emissions (Li

et al., 2015). We follow Bond et al. (2007) for anthropogenic emissions of primary

black and organic carbon. For this study, we perform nested grid simulations for the

2012 burning season at 0.50° x 0.67° resolution over most of eastern Asia, with lateral

boundary conditions provided by a global simulation at 2.0° x 2.5° horizontal resolu-

tion.

2.2.4 Statistical modeling

We tune the STILT simulation of PM2.5 for a certain receptor (ystilt,i) using a statis-

tical model that relies on local variables that may not be well captured in the 0.5° re-

analysis, e.g., local precipitation, mixing layer height, and wind speed. Our statistical

prediction of surface PM2.5 from fires takes the form:

ystat,i = hi ·w (2.1)

where hi is a 1 × d vector consisting of meteorological parameters and the STILT-
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driven PM2.5 prediction (ystilt,i), and w is a d × 1 vector of coefficient weights that

represent the relative importance of each predictor in hi to the prediction of PM2.5.

The optimal value of these weights is solved for empirically. For example, if we aggre-

gate all daily observed network-averaged surface observations above the anthropogenic

baseline (yobs), the traditional ordinary least square setup determines the optimal

value of coefficient weights (w) by the following relation:

w∗ =
(
HTH

)−1
HTyobs (2.2)

where H is an n × d matrix and n is the number of observations. Each column of

H represents the time series of daily mean values of a particular predictor. To avoid

overfitting in solving for w∗, we follow the method of the least absolute shrinkage and

selection operator (LASSO; Tibshirani, 1996), which reduces the magnitude of the

coefficients of correlated predictors and those predictors offering little information.

Here the optimal coefficients are determined through the following algorithm:

w∗ = min
w∈Rd

{
||Hw − yobs||22 + λ||w||1

}
(2.3)

In the above equation, the first term on the right-hand side of the equation penal-

izes mismatch between model and observations using the square loss function, hence

the “2” subscript. The second term of the equation regularizes the fit (i.e., reduces

overfitting) by penalizing the magnitude of w via the absolute loss, also known as the
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L1 norm, hence the “1” subscript. The algorithm is optimized over a grid of λ val-

ues (to control the degree of regularization), using three-fold cross validation. This

method randomly separates the data into three sets and fits the statistical model on

two of these sets, and then these fitted coefficients are applied to the remaining set

(called the validation set), yielding the root mean squared error (RMSE) between the

prediction (ystat) for that set and the observations (yobs). This process is repeated

three times, and the value of λ that provides the best RMSE on the reserved valida-

tion sets is retained. In addition to ystilt, the array of local meteorological variables

at Delhi used as predictors include wind speed and wind direction from the surface

to the boundary layer and from the boundary layer to 500 hPa, as well as boundary

layer height, precipitation, surface temperature, and surface pressure. All variables

are taken from the Integrated Global Radiosonde Archive (Durre et al., 2006) and the

Global Historical Climatology Network (Menne and Williams, 2009). IGRA estimates

boundary layer heights over the Safdarjung airport (28.58°N, 77.2°E) using the parcel

method, which locates the altitude where virtual potential temperature is equivalent

to surface virtual potential temperature (Seibert et al., 2000).
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2.3 Results

2.3.1 Creating a network-average and anthropogenic baseline of PM2.5

Due to data inconsistencies among the CPCB sites, we employ data quality prepro-

cessing before calculating a city-wide network average of urban PM2.5 for Delhi. Fig-

ure 2.3 shows the number of daily averaged PM2.5 observations available at each

site during the burning season for each year. As previously noted, the U.S. embassy

data are available only for 2013-2016, and IndiaSpend data only for 2016. Both data

sources provide near complete measurement records over these time periods. Few

CPCB sites have a record of observations of more than three years during 2012-2016.

To represent mean pollution exposure across the city through the years, we implement

a two-step data-cleaning procedure. First, we compare daily averaged CPCB PM2.5

with corresponding MODIS AOD for each site during the burning season, using all

available observations during 2012-2016. Then we select only those sites whose cor-

relation with the AOD timeseries exceeds R=0.5 and is statistically significant (p <

0.05). The purpose of this step is to consider only those sites whose variability cor-

responds to regionally influenced pollution. Hence, if a surface site’s daily averaged

PM2.5 correlates reasonably with the coarser 1° MODIS Deep Blue AOD retrieval,

we assume that site to be sensitive to pollution from regional sources. Next, for each

CPCB site that meets this correlation criterion, we calculate the mean absolute differ-

ence of daily-averaged PM2.5 at that site compared to the network average of daily-
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averaged PM2.5 at the other sites in the network. We also compute the standard de-

viation of that difference across the five years. This step produces a metric revealing

how much daily PM2.5 at each site tends to deviate from PM2.5 at the other sites on

average. We find that these deviations are distributed normally, so that for any given

day, if the absolute difference in PM2.5 at a particular site deviates more than ±2.5

standard deviations from the mean absolute difference associated with that site, we

exclude that PM2.5 observation from the network average for that day. Thus for any

given day, we remove from consideration those sites that either experience instrument

malfunction and/or appear to be heavily influenced by strong local sources. For each

station, we could alternatively consider removing observations that deviate too much

from that station’s mean PM2.5 concentration during the post-monsoon burning sea-

son. However, we did not follow this approach because surface PM2.5 varies widely

during large fire episodes. For example, the Mandir Marg CPCB site recorded daily-

averaged surface PM2.5 concentrations ranging between 120 - 692 µg m−3 during Nov.

1-15, 2016. The higher PM2.5 enhancements could erroneously be marked as outliers

from local sources and/or instrument malfunction, when in fact all sites experienced

large fluctuations in PM2.5 during this time. Therefore, we wish to consider outliers

as a function of the network average of monitors, as we expect all surface monitors

to jointly respond to the regional signal of fire emissions and transport. In 2016, we

have data from CPCB, U.S. Embassy, and India Spend PM2.5 observations. We com-

pare each data source (Figure 2.4) and find close correlation between datasets (R =
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Figure 2.3: (Top) Number of daily-averaged PM2.5 observations available at the Central Pollution
Control Board (CPCB), U.S. Embassy, and India Spend sites during the post-monsoon burning
season (Oct 17 - Nov 30) for each year during 2012-2016. (Bottom) Correlations R between ob-
served PM2.5 and satellite aerosol optical depth (AOD) over Delhi. The horizontal line at R = 0.5
corresponds to the threshold used to determine if a site is included in the PM2.5 network average.
All correlations above R = 0.5 are statistically significant (p < 0.05).

0.91-0.92).

2.3.2 Baseline PM2.5 derivation during fire season

We next determine a PM2.5 baseline in Delhi to represent typical pollution levels in

the absence of smoke from agricultural fires. This baseline represents the mean an-

thropogenic contribution to total PM2.5 during the post-monsoon burning season.

Quantification of this baseline is important as we use it to derive a PM2.5 enhance-
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Figure 2.4: Daily-averaged PM2.5 observations for CPCB (pink), U.S. Embassy (purple), and
India Spend (blue) for 2016. Shading for the CPCB and India Spend curves represent one standard
deviation from the network-averaged PM2.5. The U.S. Embassy observations correlate well with
the CPCB network average (R = 0.92), and the India Spend observations correlate well with the
CPCB network (R = 0.91).

ment from observations (yobs = total observed PM2.5 - baseline). Baseline anthro-

pogenic PM2.5 in post-monsoon months consists of elemental carbon, organic mat-

ter, and secondary sulfate-nitrate-ammonium from gasoline exhaust, coal combus-

tion, dust, and urban biomass combustion (Pant et al., 2015). For simplicity, we as-

sume that baseline levels are constant during a given burning season. However, we

anticipate that baseline PM2.5 likely changes over the years due to changes in the sur-

face monitoring network and local emission sources. For these reasons, we compute

a unique baseline PM2.5 for each year during 2012-2016. We apply three different

methods with different assumptions in order to test the robustness of our baseline

estimates.
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• Method 1: This method relies on the daily variability of the GFAS fire emis-
sions. We choose GFAS due to its assimilation properties which account for
some missing or obscured fire pixels. For each fire season, we analyze the time
series of these emissions summed over all grid cells in the burning regions up-
wind of Delhi. We specify low-fire days as those days when total fire emissions
fall below a specified threshold at the low end of the frequency distribution for
that season - e.g., below the 10th percentile. On days when fire emissions fall
below that threshold, we assume that Punjab and Haryana are not burning
significantly. If emissions remain below the threshold during the next N days,
we tag the observation for that Nth day as representative of the baseline. The
baseline is then the average of all tagged days during the fire season. We vary
N between 1-5 and the emission percentile threshold between 10-30% to check
the robustness of our baseline estimate. We assume that N represents the trans-
port time for smoke from fires to ventilate out of the IGP.

• Method 2: In this method, we take advantage of STILT sensitivity estimates.
For each day of the fire season, STILT provides gridded sensitivities to upwind
emissions for each observation in Delhi. If the map of sensitivity overlaps with
cells containing fire emissions, the model predicts a pollution enhancement
due to fire downwind in Delhi in the subsequent days. To compute the anthro-
pogenic baseline, we count the number of fire emitting pixels for a particular
day. We then count the number of those fire pixels that overlap with the STILT
sensitivity map. If the ratio of overlapping pixels to total fire pixels is suffi-
ciently low (e.g., less than a threshold of 0.1) on a given day, we assume that
the urban pollution for that day has little influence from fires. We collect each
of these non-fire days during each fire season and take their average as the base-
line. We vary the ratio threshold between 0.1-0.7 to assess the sensitivity of this
method to its underlying assumptions.

• Method 3: For this method, we compute the weekly block average of PM2.5

within the city for each week (Sunday through Saturday) of the burning season.
We then average the M lowest weekly averages to determine the baseline. We
vary M between 1-4 to check the sensitivity of this method to this parameter.

Figure 2.5 shows the interannual variability in baseline estimates of urban pollu-
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tion in Delhi for 2012-2016. Depending on the year and method chosen, the baseline

can vary from 130 - 290 µg m−3. The Method 3 baseline is consistently lower than

the other baselines, however each baseline estimate is at least twice the CPCB daily

air quality standard of 60 µg m−3. Method 3 shows the greatest interannual stabil-

ity, and predicts an average baseline across 2012-2016 of about 150 µg m−3, which

is within the annual average range of 122.3 ± 90.7 µg m−3 total PM2.5 reported by

Twiari et al. (2013) for Delhi in 2011. The mean network averaged PM2.5 during the

month prior to the post-monsoon burning season (here Sep. 17 - Oct. 16) ranges from

90-150 µg m−3 during 2012-2016, which is slightly lower but near the Method 3 base-

line estimate. We compare these baseline estimates of Delhi PM2.5 to that provided

by GEOS-Chem. For this comparison, we perform the GEOS-Chem simulation with

emissions from agricultural fires turned off. Figure 2.6 shows the resulting distribution

of daily average urban PM2.5 during the burning season of 2012. The distribution is

centered on a mean of 99 µg m−3, but is slightly skewed towards larger PM2.5 values,

with a maximum at 200 µg m−3. Our observation-driven method for determining the

2012 PM2.5 baseline yields values ranging from 147 ± 47.9 µg m−3 to 287 ± 21.9 µg

m−3 (Figure 2.5), or about 1.5-3 times the mean GEOS-Chem simulated baseline.

2.3.3 Variability of surface PM2.5

We first probe how well the STILT modeling framework reproduces the variability

of PM2.5 in Delhi during the burning season. Our approach is to couple daily STILT
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Figure 2.5: Estimates of the anthropogenic PM2.5 background in Delhi during the burning season
(Oct. 17 - Nov. 30). Method 1 determines the baseline by averaging all observations on the last
day of N days of no fires in the Punjab. Method 2 compares overlapping fire and STILT sensitivity
grid cells, and determines a baseline if little or no overlap is detected. Method 3 averages the low-
est M weekly average PM2.5 observations. Error bars represent 1 standard deviation when baseline
parameters (e.g., N , M) are varied, as described in the text.
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Figure 2.6: Frequency of PM2.5 daily observations in Delhi derived from a GEOS-Chem simula-
tion performed at 0.5° x 0.667° horizontal resolution during the burning season of 2012 (Oct 17. -
Nov. 30). The dashed vertical line represents the mean of the distribution.
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Table 2.1: Correlation and root mean squared error (RMSE) between modeled and observed
PM2.5 enhancements in Delhi for 2012-2016. Ranges are determined by the method (1-3) used
to determine the anthropogenic baseline (see Section 2.3.2).

STILT1 STILT+LASSO2

Model Correlation RMSE Correlation RMSE
GFED 0.43-0.50 80-109 0.72-0.78 53-62
QFED 0.41-0.46 79-101 0.69-0.72 59-65
FINN 0.29-0.45 80-98 0.70-0.73 59-64
GFAS 0.38-0.42 81-109 0.66-0.70 62-68

1Correlation and RMSE between observed and modeled PM2.5. The PM2.5 enhancements are sim-
ulated using the Stochastic Time-Inverted Lagrangian Transport (STILT) model driven with sev-
eral fire emission inventories.
2Correlation and RMSE between observed and modeled PM2.5. Here the results from STILT are
combined with local observed meteorology from sondes (precipitation, wind speed, wind direction,
mixing height) and fit to the observed PM2.5 enhancements using the least absolute shrinkage and
selection operator (LASSO), a form of regularized linear regression.

sensitivity maps to each of the fire emission inventories described in Section 2.2.2 and

compare the resulting PM2.5 enhancements in Delhi to those observed when averaged

across the network and with the derived PM2.5 baseline subtracted. To reduce noise

and variability arising from local emissions, we consider only weekly-averaged modeled

and observed PM2.5 enhancements. Results show that each of the emission inventories

to some degree captures the variability in the surface observed surface PM2.5 (0.29

< R < 0.50, Table 2.1), suggesting that smoke from fires upwind drives at least part

of the weekly variability of Delhi PM2.5. This modeling result agrees with previous

studies that report significant correlations between urban AOD, PM10, visibility, and

PM2.5 and MODIS FRP (Liu et al., 2018; Kaskaoutis et al., 2014).

As a measure of the mean bias of our predicted PM2.5 compared to Delhi observa-
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tions, we compute the RMSE (Table 2.1). We find that driving the model with STILT

alone accounts for an RMSE between 79 - 109 µg m−3, depending on the baseline

method and emissions inventory, revealing that even though we can predict much

of the observed surface PM2.5 variability using STILT, we greatly underestimate the

magnitude of the enhancements. A potential reason for this underestimate could be

that the GDAS reanalysis used to drive STILT poorly characterizes the local me-

teorology. We add information from local meteorological sources and fit a statisti-

cal model to the observed PM2.5 enhancements. Results of the statistical model are

shown in Table 2.1. Adding local meteorological factors improves the correlation of

predicted vs. observed PM2.5 in each fire emission scenario (0.66 < R < 0.78). Figure

2.7 presents the normalized regression coefficient weights for just the GFED4.1s sim-

ulation. Regression coefficients for other statistical models fit with different emission

inventories are shown in Figure 2.8. The STILT-GFED4.1s predictor is one of the

most significant contributors, as expected by the presence of significant correlation

(0.43 < R < 0.50) between observed and GFED4.1s STILT-derived PM2.5 enhance-

ments. The next two dominant predictors of observed PM2.5 are wind speed below

the boundary layer and precipitation. This result underscores the importance of local

meteorology as drivers of urban PM2.5 variability and suggests that the assimilated

GDAS meteorology may not capture such meteorological effects at 0.5° resolution.

The statistical model yields RMSE values ranging from 53 - 68 µg m−3, substantially

lower than those from the purely STILT-driven model, but still rather large. We hy-
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Figure 2.7: Standardized regression coefficients (µg m−3 standard deviation-1) fit to daily PM2.5

enhancements, derived from three different baseline methods. See text for description of these
methods. The GFED term is the PM2.5 prediction based on driving STILT with GFED4.1s. The
other predictors are derived from surface or sonde observed meteorology.

pothesize that other unaccounted factors (e.g., the smoke from small fires that escape

satellite detection) could lead to model bias.

2.3.4 Maximum daily enhancement of PM2.5 during burning season

While we capture the variability of PM2.5 with both STILT and the statistical model,

in both cases we find a high RMSE when compared to observations. Here we focus on
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Figure 2.8: Standardized regression coefficients (µg m−3 standard deviation−1) fit to daily PM2.5

enhancements, derived from three different baseline methods. See text for description of these
methods. The first term, labeled ”1, STILT PM2.5 simulation,” represents simulated PM2.5 us-
ing one of four fire emission inventories - GFED + Agriculture, which assumes 100% agricultural
landcover and emission factors increased by a factor 3; QFED; FINN; and GFAS.
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smoke extremes during each fire season to probe whether the model systematically un-

derestimates surface PM2.5. We also quantify the contribution of smoke PM2.5 derived

from observations or STILT (yobs or ystilt, respectively) to total PM2.5 during these

extreme events.

Figure 2.9 shows the model simulated maximum daily smoke enhancement in each

burning season - i.e., the enhancement on that day each season characterized by the

greatest simulated PM2.5 value. For years when STILT simulations disagree on which

day should produce maximal PM2.5, we choose the day for which most models agree.

The plot also shows the observed PM2.5 enhancement and total observed PM2.5 that

correspond to the day where the STILT simulation predicted the maximal urban pol-

lution enhancement. We compare these values in Figure 2.9 to the maximum observed

PM2.5 enhancement for each burning season, regardless of when the STILT simulation

predicted a large enhancement. The largest observed PM2.5 enhancements occur in

2012 and 2016 (492 and 648 µg m−3 respectively, averaged across all baseline meth-

ods). The maximum observed enhancements are much lower during 2013-2015 (130-

264 µg m−3), which could be a result of lower fire activity or other local pollution-

causing events. The magnitude and interannual variability in the maximum observed

PM2.5 enhancement differs from STILT, for which the largest simulated PM2.5 en-

hancement occurs in 2013 (65-232 µg m−3). The STILT simulated enhancements

show roughly interannual consistency during 2012-2016 when averaged across all in-

ventories (99-160 µg m−3). However, several of the days over 2012-2016 where the
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observations alone predict the largest seasonal enhancements are not consistent with

the days STILT predicts. When we instead compare the maximum STILT enhance-

ments to the same-day corresponding observed PM2.5 enhancement (108-299 µg m−3),

we find closer agreement, though the observations still show more interannual variabil-

ity than STILT. The FINN and GFED + Agriculture emission inventories often give

the largest estimate of magnitude of the observed PM2.5 enhancement in Delhi (145-

231 µg m−3 and 147-255 µg m−3, respectively). We find the largest mismatch between

observed and modeled enhancements during 2012 and 2016 across all models, when

we expect the largest enhancement of PM2.5 due to fires. In these years, depending

on emission inventory, the maximum STILT derived enhancements are 45-147 and

37-255 µg m−3, respectively. We see large variability across emission inventories in

their ability to capture the observed maximum daily enhancement of PM2.5, and we

find that the standard deviation across modeled enhancements for a given year during

2012-2016 ranges between 50-91 µg m−3.

Table 2.2 shows the percent contributions of smoke PM2.5 to total PM2.5 on ex-

treme smoke days predicted by STILT - i.e., the day during the season where STILT

predicts that the smoke enhancement is greatest. This provides a metric of the con-

tribution of fires during the largest predicted episodes each season to total surface

particulate pollution observed in Delhi. The observed PM2.5 enhancement on days

when STILT predicted a pollution maximum accounts for 21-72% of the total ob-

served PM2.5, depending on the year and baseline method used, implying that PM2.5
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Figure 2.9: The maximum of daily simulated enhancements of PM2.5 due to fires upwind fires
during each post-monsoon burning season. In parentheses is the day in which the STILT simula-
tion of PM2.5 reached its maximum during each burning season from 2012-2016. In shades of red
are the different model simulated PM2.5 enhancements using different fire emission inventories
that correspond to the date in parentheses. In shades of blue are the different network-averaged
observed PM2.5 enhancement estimates above the anthropogenic baseline for three different base-
line methods that correspond to the date in parentheses. The outlined dark blue box represents
the total observed PM2.5 for the date in parentheses. The outlined grey box represents the max-
imum observed PM2.5 enhancement regardless of the date when the STILT simulation predicted
largest enhancement during the post-monsoon burning season.
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from a regional source (here assumed to be fires) can constitute a large fraction of the

total PM2.5 concentration. For STILT PM2.5, the GFED + Agriculture and FINN

simulations provide large PM2.5 estimates, and can account for as much as 78% and

68% percent of the total corresponding observed PM2.5 in 2014, respectively. In other

years, these two inventories can account for as much as and 40-62% and 28-54% of

the total corresponding observed PM2.5, respectively. This result means that on days

when STILT predicts a large enhancement in Delhi from agricultural fires, the smoke

from these fires constitutes a large portion of the total PM2.5. On the lower end, the

GFAS simulation accounts for just 7.0-24% of the corresponding total PM2.5. Since

all inventories use MODIS fire detections to constrain emissions, the variability in

PM2.5 estimates that arise from these inventories can be attributed to differing emis-

sion factors, allocation of additional fires from burned area maps, model assimilation,

and MODIS gap-filling methods. Figure 2.9 and Tables 2.1-2.2 show the large sensi-

tivity in our PM2.5 estimates to the underlying assumptions used to translate satellite

retrievals to actual emissions.

The results of Figure 2.9 and Table 2.2 show that STILT can reproduce much of

the observed PM2.5 enhancement in Delhi (depending on the emission inventory used),

a result that appears at odds with the very high RMSE between observed and mod-

eled enhancements in Table 2.1. To further investigate the reasons driving the discrep-

ancies between observed and modeled PM2.5 enhancements, we plot a sample time

series of observed and simulated PM2.5 enhancements for the 2013 post-monsoon
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Table 2.2: The percentage of the maximum PM2.5 simulated STILT enhancements to correspond-
ing total observed PM2.5 for each burning season in Delhi during 2012-2016. OBS refers to the
range of PM2.5 enhancements derived using the three baseline methods (see Section 2.3.2). Each
of the other columns reports simulated PM2.5 enhancements from STILT.

Maximum enhancement
Year OBS1 GFED GFED+AGRI2 QFED FINN GFAS
2012 21-60% 13% 40% 33% 38% 12%
2013 54-61% 15% 48% 45% 54% 24%
2014 36-50% 24% 78% 18% 68% 7.0%
2015 21-56% 19% 62% 58% 42% 15%
2016 52-72% 16% 50% 16% 34% 7.3%

1OBS corresponds to the network-averaged PM2.5 enhancement that was observed on same day
that the maximum STILT-simulated PM2.5 enhancement occurred.
2GFED+AGRI is an emissions inventory based on GFED dry matter emissions, with 100% agricul-
ture landcover assumed and emissions factors increased by a factor of three.

burning season (Figure 2.10). We show observed and simulated PM2.5 for 2012 and

2014-16 in Figure 2.11 and include the daily GEOS-Chem simulation of PM2.5 for

2012. For 2013, three versions of the STILT model - those driven by FINN, QFED,

and GFED + Agriculture emissions - are able to match the PM2.5 enhancement on

November 5th almost exactly. However, during the days before and after this large

pollution enhancement, these models predict little or no PM2.5.

There are several potential reasons for the mismatches between modeled and ob-

served enhancements in smoke PM2.5. On the days preceding the Nov. 5th maxi-

mum, MODIS may have been unable to detect many small agricultural fires upwind.

Only when a sufficient number of these small fires become detectable is a pollution

enhancement predicted by the STILT model. The challenge in detecting small fires
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Figure 2.10: Time series of observed and modeled PM2.5 during the 2013 burning season. The
blue envelopes represent the observed total PM2.5 and the PM2.5 enhancement derived by sub-
tracting the daily PM2.5 by the mean PM2.5 of the lowest week during the season. Each colored
line represents a model simulation with a different fire emission inventory. The black dots are the
MODIS AOD retrievals during the burning season. The dashed vertical line on represents the start
of the Diwali festival for 2013 (Nov. 3rd).
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from satellites is a well-known problem (Randerson et al., 2012). November 3rd was

also the start of Diwali in 2013, a Hindu religious holiday celebrated with an abun-

dance of firecrackers and sparklers. Though Diwali lasts a week, most firecrackers

are lit on the first night of the festival (Singh et al., 2009). Without controlling for

other factors, Singh et al. (2009) found PM10 concentrations to increase by a factor

of 2-6 before and after Diwali in Delhi during 2002-2007, and found the effect to be

strongest at night. In Figure 2.10, Nov. 3rd total PM2.5 is observed to be especially

high (338 µg m−3); however, the STILT model simulations predict a small, near-zero

PM2.5 enhancement and the observed AOD is also relatively low. Thus an alterna-

tive explanation for the observed/modeled PM2.5 mismatch on Nov. 3rd could instead

be the effects of Diwali, which may not be captured in fire emission inventories and

the coarser AOD product. Diwali generally occurs during the post-monsoon season,

though not always during peak agricultural burning. In Figure 2.11, we show the post-

monsoon time series of observed and modeled PM2.5 for 2012 and 2014-2016. In 2012,

Diwali occurred a week after peak burning and peak observed PM2.5. In 2016, Diwali

occurred a week before peak burning and peak observed PM2.5. Though potentially

a factor in 2013, the incongruous timing of post-monsoon burning and Diwali during

the other seasons implies that observed PM2.5 results from Figure 2.9 and Table 2.2

may sometimes be influenced, but are not driven principally by Diwali.

Returning to 2013 (Figure 2.10), for the days succeeding the Nov. 5th PM2.5 en-

hancement, local meteorology may have deviated from the coarser 0.5° GDAS winds,
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Figure 2.11: Time series of observed and modeled PM2.5 during the 2012, 2014-2016 post-
monsoon burning seasons. The blue envelopes represent the observed total PM2.5 and the PM2.5

enhancement derived by subtracting the daily PM2.5 by the mean PM2.5 of the lowest week during
the season. Each colored line represents a model simulation with a different fire emission inventory.
The black dots are the MODIS AOD retrievals during the burning season. The dashed vertical
lines represent the first day of the Diwali festival. For 2012, we add two additional lines GEOS-
Chem + GFED4.1s which represents GEOS-Chem PM2.5 from both anthropogenic and fire sources
and GEOS-Chem which represents PM2.5 from anthropogenic sources alone.
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favoring increased stagnation within the city and potentially amplifying surface PM2.5

exposure. Stagnation could have been further amplified by boundary layer stabiliza-

tion from enhanced PM2.5 aloft, a feedback previously examined as an amplifier of

pollution in China (e.g., Petaja et al., 2016; Wang et al., 2014; Ding et al., 2016).

We also hypothesize that dense smoke from fires may sometimes obscure the signal

of fire activity at the earth’s surface. Figure 2.12a shows True Color Terra reflectance

imagery from MODIS as well as MODIS Aqua + Terra fire detections on a sample

day over the IGP (November 6, 2016). Figure 2.12b shows the Visible Infrared Imag-

ing Radiometer Suite (VIIRS) reflectance imagery with VIIRS fire detections. VIIRS

detects many more fires on this day than does MODIS, perhaps because VIIRS has a

finer resolution and different fire detection algorithm than MODIS (375 m compared

to 1 km; Schroeder et al., 2014). The MODIS cloud product misidentifies the thick

smoke plumes over the Punjab as clouds on this day. The Collection 6 MODIS fire

product accounts for thick smoke from fires by relaxing the thresholds that determine

whether a pixel is cloud-obscured (Giglio et al., 2016). In fact, on the day illustrated

in Figure 2.12 (Nov. 6th, 2016), the MODIS fire product assumes that no pixels over

Punjab and Haryana are obscured by clouds, even though the MODIS cloud product

reports cloud cover (Figure 2.12c). Even so, fire detections still appear minimal in

regions where the smoke is thickest. Thus we hypothesize that the large model under-

estimates of smoke PM2.5 enhancements in 2016 may be due in large part to layers of

dense smoke interfering with satellite detection of thermal anomalies.

74



Figure 2.12: MODIS or VIIRS surface reflectance maps for November 6, 2016 overlaid with dif-
ferent fire and cloud detection algorithms. The top panel (A) shows the Terra and Aqua MODIS
1 km fire counts used in part to drive the fire emission inventories used in this paper. The middle
panel (B) shows 375 m VIIRS day and night fire detections. The third panel (C) shows MODIS
fire detections with MODIS Terra daytime cloud fraction overlaid. Comparison of the top and
middle panels show that the resolution of the satellite sensor could influence the number of fires
detected, meaning that many smaller fires may be undetected with current MODIS capabilities.
Comparison with the bottom panel shows that thick smoke in the Indo-Gangetic Plain may be
detected as clouds, which may interfere with surface thermal anomalies.
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2.4 Discussion

We estimate the contribution of smoke from upwind agricultural fire emissions to

PM2.5 exposure in Delhi during the burning season (Oct 17 - Nov 30). We apply two

methods: (1) an observationally based method using CPCB and other surface obser-

vations, in which we determine daily enhancements above background levels, averaged

over Delhi, and (2) application of the Lagrangian particle dispersion model STILT,

in which we implement a suite of fire emission inventories. We find that the two ap-

proaches yield timeseries of weekly-averaged PM2.5 that correlate significantly (0.29

< R < 0.50) with each other, implying that smoke from agricultural fires upwind ac-

counts for much of the weekly variability of PM2.5 in Delhi during the burning sea-

son. Addition of local meteorological factors (precipitation, wind speed, wind direc-

tion, temperature, and mixing heights) improves the correlation further (0.66 < R <

0.78). The maximum PM2.5 smoke concentration calculated by the STILT model dur-

ing each burning season is of similar magnitude as its corresponding observed PM2.5

enhancement. For example, in 2013, the maximum simulated PM2.5 enhancements

(occurring on Nov. 5th) from GFED + Agriculture, QFED, and FINN are 48%, 45%,

and 54% of the corresponding observed maximum PM2.5, respectively, close to the

54-61% range derived from observations (Table 2.2). This result implies that smoke

from agricultural fires contributes significantly to PM2.5 pollution in Delhi during in-

tense episodes. However, in general, the PM2.5 simulations greatly underestimate the
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enhancements implied by the observations over the entire burning season, with RMSE

of 79 - 109 µg m−3, indicating that further improvements to fire emission inventories

are needed.

We find that although we can predict the magnitude of the maximum PM2.5 en-

hancement during most seasons using STILT, we miss many smaller PM2.5 enhance-

ments. In the case of 2013, many smaller fires were likely undetected due to limita-

tions in the resolution of the MODIS retrieval. Active fire detection using higher res-

olution (375m) VIIRS data may provide a promising new avenue to quantify the con-

tribution from small fires. For other fire seasons, as in 2016, STILT underestimates

the maximum PM2.5 enhancement more severely, even though Delhi experienced

much greater concentrations of PM2.5 than compared to previous seasons. The fires

in 2016 were especially strong, but analysis of visual MODIS imagery, fire counts, and

cloud cover suggests that many fires were either missed due to the coarse resolution

of MODIS detection or were not observed by satellites due to interference of thick

smoke. Collection 6 of MODIS FRP accounts for thick smoke in its algorithm by re-

laxing the cloud-obscuring threshold, which means that regions of thick smoke where

no thermal anomalies are detected may now be considered unburned instead of cloud-

obscured. If there are missed fires due to the interaction of thick smoke with surface

thermal anomalies, this could potential represent a large source of underestimation

in assimilated fire emission inventories. As GFAS and QFED estimate FRP in cloud-

obscured pixels by using information from adjacent non-obscured pixels, an omitted
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or false-negative thermal anomaly under thick smoke would not be assimilated in the

fire emission inventory. In Punjab and Haryana, where thick smoke is prevalent dur-

ing the post-monsoon season due to agricultural fires and low boundary layers, this

problem could particularly exacerbate low fire emission estimates.

Some uncertainty in this analysis can be traced to the methods of obtaining a sea-

sonal PM2.5 baseline. We incorporate three different methods to isolate the PM2.5 en-

hancement due to fires. However, each of these methods shows considerable sensitivity

to its various threshold parameters, and there is much variability between each of the

methods (e.g., the baseline for 2016 ranges from 140 to 240 µg m−3). As more mon-

itors become available in Delhi, distinguishing a regional signal from local enhance-

ment will become less challenging. Inversion methods to optimize emission factors or

the spatial allocation of emissions could then be applied with more confidence, since

these methods rely on the accuracy of the observed PM2.5 enhancement. Instead of

computing the baseline from the observations, one could instead simulate the PM2.5

baseline using a chemistry model such as GEOS-Chem over the entire time domain.

However, the result of such simulations would depend strongly on the quality of the

emissions used to drive the model and on the extent to which we understand pollution

chemistry in this region. In our 2012 GEOS-Chem simulation, we find that the model

underestimates the PM2.5 baseline by at least a factor of 1.5-3, compared to the base-

lines derived from observations.

Another shortcoming of this study is our designation of the whole of Delhi as a one-
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point receptor in the STILT simulations. With a denser network of PM2.5 monitors,

we could further simulate the variability of PM2.5 exposure due to fires within the

city. This approach would also require higher resolution meteorology than the 0.5°

resolution used here. Recent initiatives by grassroots efforts like India Spend show a

promising step in making these types of analyses more feasible.

Many studies have assessed the human health impact of elevated particulate pollu-

tion in Delhi (Nagpure et al., 2014; Kandlikar and Ramachadran, 2000). Our work

builds on these studies by quantifying the contribution of agricultural burning in

the Punjab and Haryana to the degradation of Delhi air quality. Although officially

banned nationally and enforced on the state level by the National Green Tribunal Act

of 2010 (Nain Gill, 2010), the practice of agricultural burning is cheap and common-

place for farmers after harvest. India’s population is expected to surpass China 2022,

and reach 1.7 billion by 2050 (United Nations, 2015). Delhi is projected to grow to

a population of 36 million by 2050 (Hoornweg and Pope, 2014). Thus the need for

efficient and inexpensive agricultural production is paramount to feeding the increas-

ing population. However, the adverse effects of fire emissions need to continue to be

seriously considered and more accurately quantified as the populations of Delhi and

the greater IGP continue to grow, leaving more people at risk. Building on the ap-

proaches in previous studies (e.g., Liu et al., 2018), the modeling approach presented

in this paper can be used to infer not just the co-variability of urban pollution and

upwind fires, but also the percent contribution of smoke to the already intense urban
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PM2.5 in Delhi. As estimates of fire emissions improve and the distribution of air qual-

ity monitors in Delhi expands, such an approach will reduce uncertainty in the im-

pacts of current agricultural practices that involve fire. This information can provide

policymakers with a quantitative sense of the consequences of current agricultural

burning practices in regions upwind of the city in order to inform decision-making.
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Chapter 3

Detecting anomalous methane emitters in oil/gas fields

using satellite observations

3.1 Introduction

Anthropogenic methane emissions originate from a large number of relatively small

point sources including oil/gas production and processing devices, livestock operations,

coal mine vents, landfills, and wastewater facilities (Maasakkers et al., 2016). These

sources are often densely clustered, and a small number of sources with anomalously

high emissions may contribute disproportionately to a regional emission total. In par-

ticular, a large fraction of methane emissions from oil/gas fields is typically due to a

small fraction of malfunctioning devices (Zavala-Araiza et al., 2015). Identification of

such devices through atmospheric monitoring of methane concentrations can enable

corrective action and conducting this monitoring from space using public satellites
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has advantages of coverage, cost, and convenience. Here we conduct observing system

simulation experiments (OSSEs) to examine the potential of current and near-future

satellites to detect malfunctioning production sites in dense oil/gas fields, alone or

complemented by a surface observation network.

Oil/gas fields include a very large number of production sites (wells). For example,

the Barnett Shale in Northeast Texas has over 20000 oil and gas well pads spread over

a 300×300 km2 domain (Lyon et al., 2015). Each production site is a point source of

methane. The probability density function (pdf) of methane emission from a given

site follows a bimodal distribution (Zavala-Araiza et al., 2015). The prevailing low-

emission mode is associated with normal operations, while the anomalous high mode

is associated with sporadic operations (e.g., venting) or with equipment malfunction.

Intensive ground-based observations during the Barnett Shale Coordinated Campaign

in 2013 found that 6.6% of wells contributed 50% of total well emissions (Rella et al.,

2015). Lyon et al. (2015) found that 40% of the total oil/gas methane emission within

the Barnett Shale originated from wells. Identifying high-emitting wells from space

may thus be of significant benefit.

Satellites measure atmospheric columns of methane by backscattered solar radia-

tion in the shortwave infrared (SWIR), with near-uniform sensitivity down to the sur-

face under clear-sky conditions (Jacob et al., 2016). The satellite record for methane

began with the SCIAMACHY instrument (2003-2012; Frankenberg et al., 2005), which

provided coarse resolution measurements (30 x 60 km2 in nadir). The currently oper-
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ating GOSAT instrument (2009-; Kuze et al., 2016) has finer resolution (10-km diame-

ter pixels) but sparse coverage (250 km apart). The TROPOMI instrument, launched

in October 2017, will provide global daily measurements at 7 × 7 km2 resolution once

the data become operational (Hu et al., 2018). The geostationary GeoCARB instru-

ment, to be launched in the early 2020s, is currently planned to provide 2.7 × 3 km2

pixel resolution with a return time that may range from one to four times per day

(Polonsky et al., 2014; O’Brien et al., 2016). Other geostationary methane satellite

missions have been proposed with various combinations of more frequent coverage,

finer pixel resolution, and higher instrument precision (Fishman et al., 2012; Butz et

al., 2015; Xi et al., 2015).

A number of studies have examined the value of satellite observations for quanti-

fying methane sources (Jacob et al., 2016). Inverse analyses of SCIAMACHY and

GOSAT data have focused on quantifying emissions at 100-1000 km regional scales

(Bergamaschi et al., 2013; Wecht et al., 2014a; Alexe et al., 2015; Turner et al., 2015).

Previous OSSEs have shown the potential for TROPOMI and GeoCARB to effec-

tively constrain emissions at the 25-100 km scale (Wecht et al., 2014b; Sheng et al.,

2018). Other OSSEs have examined the potential for satellites to quantify large point

sources from observations of the plumes (Buchwitz et al., 2013; Rayner et al., 2014;

Varon et al., 2018). A recent study by Turner et al. (2018) evaluated the capability

of TROPOMI and GeoCARB to quantify emissions in the Barnett Shale down to the

kilometer scale. They found that GeoCARB should have some capability for constant
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sources but not for transient sources.

Here we target a different problem. Given a dense population of production sites

in an oil/gas field, can satellites detect inadvertent anomalous emissions sufficiently

promptly to enable corrective action? In this problem, quantifying emissions is not

as important as prompt detection and localization. The locations of the sources are

known, but the mode of emission of any particular source (normal low-mode or anoma-

lous high-mode) is unknown. Once a well starts emitting in the anomalous high mode,

it continues doing so until corrective action is taken. The capability of a satellite to

detect and localize these leaky wells may be limited by return frequency, cloud cover,

pixel resolution, error in the atmospheric transport model used to relate the plume to

the location of emission, and limitations in the inverse method for identifying sparse

anomalous sources. Here we will evaluate the potential of different satellite observ-

ing configurations and inverse methods to address this problem with application to

TROPOMI, GeoCARB, and finer-resolution geostationary data. We will also examine

whether the information from satellites can be usefully complemented with a support-

ing network of surface observations.

3.2 Observing System Simulation Experiment

We consider a hypothetical oil/gas field of dimension 50 × 50 km2 with 20, 50, 100, or

500 randomly placed production sites, corresponding to site densities of 0.008 km−2,

0.02 km−2, 0.04 km−2, and 0.2 km−2, respectively. We create a large ensemble of
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emission scenarios for this field where different random subsets of sites of different

size categories are in the anomalous high-emission mode, and we simulate the result-

ing atmospheric methane concentrations with the WRF meteorological model at 1.3

× 1.3 km2 resolution. We then sample this pseudo-atmosphere with different satellite

and surface observing configurations and apply different inverse methods to detect the

high emitters. Detection success is evaluated for each observing configuration and in-

verse method using statistics for the ensemble of scenarios. We describe in this section

the different elements of the OSSE.

3.2.1 Constructing an ensemble of emission fields

Production sites within the 50 × 50 km2 domain are randomly placed on the 1.3 ×

1.3 km2 WRF model grid, with at most one site per grid cell. Emission statistics for

the sites are based on observations from the Barnett Shale Coordinated Campaign.

For each scenario we randomly assign a size category to each production site (small,

medium, large) with 23% of the sites as small (10-100 Mcf/d), 62% as medium (100-

1000 Mcf/d), and 15% as large (1000+ Mcf/d), following the statistics of Rella et

al. (2015). We then assign an emission rate for each site by randomly sampling the

biomodal probability density functions (pdfs) defined for each category (Lan et al.,

2015; Rella et al., 2015; Yacovitch et al., 2015). We assume no other sources in the

domain.

Figure 3.1 shows the pdfs of methane emissions for each facility size category. Here
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we flag production sites to be in the high-emission mode if they exceed an emission

threshold of 40 kg h−1 (axis break in Figure 3.1), which corresponds on average to

5% of all the sites. The high-emission mode averages for large and medium sites are

150 and 100 kg h−1, respectively, which is comparable to typical emissions from large

processing plants (Lyon et al., 2015). Anomalous emissions from small facilities are

much smaller, centered around 24 kg h−1, and would be difficult to distinguish from

the normal emission mode. Thus we do not attempt to detect them as high-mode

emitters.

Figure 3.2 shows a sample realization of the oil/gas field with 24 small production

sites, 67 medium sites, and 9 large sites (100 total) within the 50 × 50 km2 domain.

In this realization there are five sites in the high-emission mode. We generate 500

emission scenarios in the same fashion as Figure 3.2 by randomly assigning size cat-

egories for each site (small, medium large) and randomly sampling the emission pdfs

from Figure 3.1.

3.2.2 Constructing pseudo-observations of atmospheric methane

We use the meteorological environment previously generated by Turner et al. (2018)

for a 1-week period (October 19-25, 2013) in the Barnett Shale, using the Weather

Research and Forecasting Model (WRF; Skamarock et al., 2008) at 1.3 km horizon-

tal resolution to drive the Stochastic Time-Inverted Lagrangian Transport (STILT)

model (Nehrkorn et al., 2010). STILT is a receptor-oriented Lagrangian particle dis-
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Figure 3.1: Probability density functions (pdfs) of emissions for oil/gas production sites of dif-
ferent size categories, taken from Barnett Shale observations (Lan et al., 2015; Rella et al., 2015;
Yacovitch et al., 2015). Note the difference in scales between the left (low-mode) and right (high-
mode) panels. The axis break represents the threshold for flagging an emitter as anomalously high.
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Figure 3.2: Sample realization of emissions from a hypothetical oil/gas production field with
100 production sites of different size categories (symbols) within a 50×50 km2 domain (dashed
line). Different production size categories are shown with symbols. Red shading indicates high-
mode emitters. Blue symbols mark the locations of five ground monitors placed according to the
k-means algorithm.
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persion model that defines the source footprints for individual atmospheric observa-

tions. Turner et al. (2018) applied it to generate 1.3 × 1.3 km2 hourly footprints for

any daytime surface or atmospheric column observation in a 70 × 70 km2 domain.

The column footprints were weighted with a typical near-uniform SWIR averaging

kernel for satellite observations (Worden et al., 2015). We use their ensemble of foot-

prints and add to it hourly footprints for surface observations at night. The 70 × 70

km2 observing domain encompasses our 50 × 50 km2 oil/gas field plus 10 km outside

the boundaries (Figure 3.2) to account for plume transport.

We use this 70 × 70 km2 archive of WRF-STILT footprints in combination with

any realization of the emission field (Section 3.2.1) to simulate the observed atmo-

spheric methane concentrations that would be observed by a satellite or ground in-

strument at a given location and time i. Each location and time i has a specific foot-

print. Figure 3.3 gives an example. Column footprints are about an order of magni-

tude smaller than surface footprints because of the dilution effect of the column mea-

surement. Taking the footprints to represent the true atmospheric transport relating

emissions to atmospheric concentrations for that location and time, we can combine

them with any realization of our emission field (Section 3.2.1) to generate the true

methane concentrations to be sampled by the instruments.

Satellite observations of methane column concentrations are conventionally in unit

of dry column mean mixing ratio (ppb), which is the ratio of the vertical column den-

sity of methane to the vertical column density of dry air (Jacob et al., 2016). The
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Figure 3.3: Sample sensitivities of observed atmospheric concentrations (column and surface) to
surface emissions upwind, defining the emission footprint for that observation. Values are shown
here for a particular observation point (purple dot) and time (October 19, 2013 at 09 LT). Con-
centrations are in mixing ratio units of ppb (dry column mean mixing ratio for the column) and
emissions are in units of µmol m−2 s−1.

footprint for location and time i is mathematically represented as hi = (∂yi/∂x)
T

(units ppb µmol−1 m2 s1 ) where yi is the methane concentration (ppb) for that loca-

tion and time, and x (µmol m−2 s−1) is a vector of dimension n describing the grid-

ded emission field for the n emitters in the domain. From the archived footprints hi

covering the complete set of observing locations and times, the true atmospheric con-

centration can be constructed for any emission field x as yi = hi ·x+b, where · denotes

the scalar product and b is a background assumed here to be constant.

A given methane observing configuration makes m observations of the domain

over the 1-week simulation period. The true methane concentrations for that obser-

vation ensemble can be assembled as an m-dimensional vector ytrue = Hx where
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H = ∂ytrue/∂x is the m× n Jacobian matrix of footprints with rows hT
i . The pseudo-

observations are then generated as y = ytrue + σε where σ is the instrument precision

(one standard deviation) and the vector ε is a random realization of Gaussian noise

with mean value of zero and standard deviation of unity for each vector element.

3.2.3 Satellite and surface observing configurations

Table 3.1 describes the different satellite observing configurations evaluated in this

work including TROPOMI, GeoCARB with 2 or 4 return times per day, and an as-

pirational next-generation geostationary instrument with 1.3 × 1.3 km2 pixel resolu-

tion, 1 ppb precision, and hourly return frequency between 8 and 17 local time (LT).

Clouds would interfere with satellite observations but here we assume clear-sky condi-

tions to simplify the discussion.

We also wish to determine the benefit of a well-positioned surface air monitoring

network for supplementing the satellite observations. Assume that we have M fixed

surface monitors to deploy sampling methane concentrations in situ. We want to

place them in a configuration that maximizes the information that they would pro-

vide, assuming an isotropic wind for generality. Given a known spatial distribution of

emitters (the locations of the production sites), we use the k-means spatial clustering

approach (Hartigan and Wong, 1979) that selects the monitoring site locations to min-

imize the distances to emitter locations. Figure 3.2 shows the selected locations for

five surface monitors. We assume that the surface monitors report hourly data with 1

91



Table 3.1: Observing configurations considered in this work.

Observation Pixel size Precisiona Number of
Instrument frequency (km2) (ppb) observationsb

Satellites
TROPOMI Dailyc 7.0 × 7.0 11d 567

GeoCARB 2x/day 2x dailye 2.7 × 3.0 4.0f 7700
GeoCARB 4x/day 4x dailyg 2.7 × 3.0 4.0 15400
Next-generationh Hourlyi 1.3 × 1.3 1.0 164500

Surface monitorsj Hourlyk point 1.0 840-3360l

aDry column mean mixing ratio for the satellite observations
bOne week of clear-sky conditions in the 70 × 70 km2 subdomain
c13 local solar time (LT)
dButz et al. (2012)
e12 and 16 LT
fO’Brien et al. (2016)
g10, 12, 14, and 16 LT
hAspirational instrument combining the characteristics of instruments currently at the proposal
stage (Fishman et al., 2012; Butz et al., 2015; Xi et al., 2015)
iBetween 8 and 17 LT
jSurface monitors are in situ observations
kDay and night
lFor 5 to 20 surface monitors

92



ppb precision.

An important consideration for satellite measurements is that methane column en-

hancements from point sources are small relative to instrument precision, even in the

high-emitting mode. This reflects the general problem of methane emissions originat-

ing from a large number of relatively small point sources (Jacob et al., 2016; Varon

et al., 2018). Figure 3.4 shows the pixel-resolved distribution of atmospheric methane

column enhancements above the background for a single pass of the different satel-

lite instruments sampling the emission field of Figure 3.2. The enhancements are less

than 1 ppb even for 1.3 km pixels and are diluted at coarser pixel resolution. This is

less than the single-scene precision of the satellite instruments (Table 3.1). Success-

ful detection of high-mode emitters thus requires the sampling of many pixels, either

across the plume or through repeated sampling, to reduce the noise. This is less of

an issue for surface air measurements, where methane enhancements are an order

of magnitude higher (Figure 3.3). On the other hand, surface monitors are spatially

sparse. For both satellite and surface air observations, a formal inverse analysis of the

ensemble of atmospheric observations accounting for plume transport is required for

detection of the high-mode emitters.

3.2.4 Inverse methods

Given a set of observations y and Jacobian matrix H, we need an inverse method to

determine the best solution (x̂) of the emission field x. The inversion should be able
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Figure 3.4: Simulated noiseless methane column enhancement for sampling by single overpasses
of TROPOMI, GeoCARB, and a next-generation high-resolution geostationary satellite (Table 3.1).
Emission field is that of Figure 3.2. The locations of the five high-mode emitters in that field are
indicated. Values are for 22 October 2013 at 13 LT.

to detect the small fraction of sources in the high-emitting mode, with detection be-

ing more important than quantification. This is known as a sparse-solution problem,

where most elements of the emission field x are very small (for which an optimized

value of zero would be acceptable), and a few of the elements are relatively large. We

use a regularized least squares regression (Evgeniou et al., 2000), where the solution is

found by minimizing the cost function J(x),

J(x) = (Hx− y)TR−1(Hx− y) + λ||x||L (3.1)

Here the first term on the right hand side represents the ordinary least-squares loss

function, such that the solution of x would be found to minimize the residuals be-

tween the prediction Hx and the observations weighted by the observational error
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covariance matrix R. The second term represents a norm of x, or a measure of the

magnitude of the vector x, with λ an adjustable parameter. Adding this second term

in the cost function penalizes the total magnitude of x in the solution, which reduces

overfitting and regularizes the solution. When L = 1, this is known as L-1 regulariza-

tion or the least absolute shrinkage and selection operator (LASSO; Tibshirani, 1996),

and Equation 3.1 takes the following form:

J(x) = (Hx− y)TR−1(Hx− y) + λ
n∑

k=1

|xk| (3.2)

When L = 2, Equation 3.1 takes the form known as L-2 regularization or Ridge

Regression (Evgeniou et al., 2000):

J(x) = (Hx− y)TR−1(Hx− y) + λxTx (3.3)

Equation 3.3 is equivalent to standard Bayesian optimization (Rodgers, 2000) as-

suming Gaussian distributions, a prior emission estimate of zero, and uniform prior

error variance of λ−1. The observational error covariance matrix R = (rij) accounts

for both instrument and model transport errors. The diagonal terms add the corre-

sponding error variances in quadrature:

rii = σ2
I + σ2

M (3.4)
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where σI is the instrument error standard deviation as given by the precision in Ta-

ble 3.1, and σM is the model transport error standard deviation previously estimated

to be 4 ppb (Turner et al., 2018). We use the same model transport error for surface

concentrations and satellite columns. Off-diagonal terms account for model transport

error correlation between different observations. Following Turner et al. (2018), we

assume a temporal error correlation length scale (τ) of 2 hours and a spatial error cor-

relation length scale (ℓ) of 40 km:

rij = σ2
M × exp

{
d

ℓ

}
exp

{
−t

τ

}
(3.5)

where d and t are the distance and elapsed time between observations yi and yj .

Additional model transport error correlation applies when combining satellite and

surface air observations in the inversion, since the footprints can be similar (Figure

3.3). To quantify this error correlation, we use the work of Sheng et al. (2018), who

jointly compared column (TCCON) and surface air (NOAA) measurements of methane

at Lamont, Oklahoma with GEOS-Chem transport model simulations. By correlating

the coincident model-observation differences for the column (i) and surface air (j) ob-

servations we find a model transport error correlation coefficient cor(i, j) = 0.65 that

we apply to the corresponding off-diagonal terms:

rij = cor(i, j)× σ2
M × exp

{
d

ℓ

}
exp

{
−t

τ

}
(3.6)
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Inverse solutions derived using L-1 regularization produce sparser solutions than

the L-2 counterpart (Tibshirani, 1996), which is desirable for our application. Here

we will perform both L-1 and L-2 inversions and compare the results. Minimization

of J(x) in Equations 2 and 3 to obtain the solution x̂ corresponding to dJ/dx = 0 is

done numerically using coordinate gradient descent (Friedman et al., 2009). The regu-

larization parameter is chosen so that the mismatch between model and observations

is small, but not so small that the solution x̂ is overfit to random noise, which would

occur when λ = 0. We use the process of 5-fold cross-validation to select an optimal λ

value (Arlot and Celisse, 2010). This process randomly samples H and y into a train-

ing and validation set. Minimization of J is done on the training set using an array of

λ values. The process is repeated five times, and the value of λ that on average mini-

mizes the residual error on the validation set is retained.

3.2.5 Detection of high-emission modes

Success in the detection of high-mode emitters from the distribution of x̂ can be de-

termined by comparison to the actual occurrence and location of these emitters as

defined in Section 3.2.1 and illustrated in Figure 3.2. In a real-world application we

would not know the actual pdfs of emissions (Figure 3.1), so we need to diagnose the

occurrence of high-mode emitters on the basis of anomalies in the distribution of x̂.

We define high-mode elements as being more than S standard deviations from the

mean of the x̂ distribution, where S is varied in the 1.65-2.5 range to examine the as-
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sociated sensitivity.

The detection of high-mode emitters is graded into four categories: 1) true positives

(TP), or the inversion correctly identifying the location of the high-mode emitters,

2) true negatives (TN), or the inversion correctly identifying the location of the low-

mode emitters, 3) false positives (FP), or the inversion signaling a high-mode emitter

when in reality the emitter is in the low-mode, and 4) false negatives (FN), or the

inversion signaling a low-mode emitter when in reality the emitter is in the high mode.

We compile these grades into three overall performance metrics (Brasseur and Jacob,

2017). The probability of detection (POD) is defined as the ratio of true positives to

true positives plus false negatives:

POD =
ΣTP

ΣTP +ΣFN
(3.7)

This metric measures the ability to detect high-mode emitters. The false alarm ra-

tio (FAR) is defined as the ratio of false positives to false positives plus true positives:

POD =
ΣFP

ΣTP +ΣFP
(3.8)

This metric measures the reliability of high-mode emission occurrences detected

by the inversion. A perfect observing system would have a POD of one and a FAR of

zero. Here we define a successful observing system as achieving a POD of 0.8 (80%)
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and a FAR of 0.2 (20%).

We combine the POD and FAR metrics into one overall performance metric called

the Equitable Threat Score (ETS; Wang, 2014):

ETS =
ΣTP − α

ΣTP +ΣFP +ΣFN − α
(3.9)

where α is the number of TP predictions that are expected by chance:

α =
(ΣTP +ΣFP )(ΣTP +ΣFN)

ΣTP +ΣFP +ΣFN +ΣTN

=
1

N
× ΣFP

FAR
× ΣTP

POD

(3.10)

Where N = ΣTP + ΣFP + ΣFN + ΣTN . The ETS measures how well the high-

mode emitters detected by the observing system correspond to the actual occurrences,

beyond what could be achieved by chance. A perfect observing system has an ETS of

one, and a system performing worse than chance would have a negative ETS. A suc-

cessful observing system is here defined as having an ETS of 0.65, which corresponds

to POD of 0.8 and FAR of 0.2 for a field where approximately 5% of emitters are in

the high mode.
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3.3 Results and discussion

3.3.1 Performance of different satellite and surface observing sys-

tems

We test the ability of each satellite configuration of Table 3.1 to detect high-mode

emitters from a field of 20-500 randomly scattered production sites within the 50×50

km2 domain as shown in Figure 3.2. We conduct each test for 500 different realiza-

tions of the emission field assigning each production site to a size category (small,

medium, large) and sampling randomly the pdfs of Figure 3.1. Figure 3.5 shows the

POD, FAR, and ETS results for a field of 100 emitters for each observing configura-

tion and compares the results of L-1 and L-2 regularizations. The values represent the

mean results for the ensemble of 500 realizations of the emission field, and the error

bars represent the range of results when the high-mode detection threshold S is varied

from 1.65 to 2.5. We find that L-1 regularization provides better predictions across

all performance metrics. This is especially the case for the next-generation satellite,

where L-1 regularization produces a POD of 0.85 with a near-perfect FAR of 0.04. L-

2 regularization is more conducive to spreading emissions across a broader array of

state vector elements. The better performance of L-1 regularization is also observed

for other site densities (not shown). We will use L-1 regularization in what follows.

Figure 3.5 also compares the performance of the satellite observing systems to that
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Figure 3.5: Probability of detection (POD), false alarm ratio (FAR), and Equitable Threat Score
(ETS) of high-mode emitters for each satellite and surface observing configuration. Each bar rep-
resents the mean of 500 observing system simulation experiments (OSSEs), where 100 production
sites in a 50×50 km2 domain were used to construct 500 random realizations of an emission field
including different subsets of high-mode emitters. For each observing configuration, the left bar
(lighter color) shows results for the inversion with L-1 regularization, and the right bar (darker
color) is for the L-2 regularization. The dashed lines represent the POD, FAR, and ETS criteria for
successful observing systems.
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of an ensemble of 5-20 optimally placed (k-means) surface monitors. We find that the

surface monitors perform comparably to GeoCARB. We explore combining satellite

and surface observations into a single prediction in Section 3.3.3.

The results from Figure 3.5 show that TROPOMI and GeoCARB are unsuccess-

ful in locating high-mode emitters for a 100 site field. We examined the sensitivity of

this result to site density. Figure 3.6 compares the detection results for fields of 20,

50, 100, and 500 production sites within the 50×50 km2 domain. For a field of only 20

emitters, TROPOMI is successful and GeoCARB produces near perfect results. For a

field of 50 emitters, TROPOMI is no longer successful, but GeoCARB 2-4x/day are

both nearly successful. Across all site densities, GeoCARB 2-4x/day produce simi-

lar results, with GeoCARB 4x/day showing only slight improvement over twice a day

sampling. This is due to the temporal error correlation between successive GeoCARB

observations. Accounting for cloud cover would show more benefit from 4x/day obser-

vations, since a higher frequency of observations allows for cloud clearing, although

the benefit depends on the cloud persistence time scale (Sheng et al., 2018).

The ability of a satellite observing configuration to localize high-mode emitters de-

pends not only on repeat time, resolution, and precision, but also on the density of

emitters within a field. For the high-density fields of 100 and 500 emitters we find

that only the next-generation satellite instrument is successful. The density with 500

sites (0.2 km−2) is comparable to the average density in the Barnett Shale (20000

sites in a 300×300 km2 domain). Our ability to explore higher site densities with ran-
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Figure 3.6: Equitable Threat Score (ETS) for each satellite observing configuration, varying the
density of production sites (20-500 sites in 50×50 km2 domain). Results are from the L-1 inver-
sion. The dashed line represents the ETS criterion for successful observation.
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dom placement is limited by the 1.3×1.3 km2 grid resolution of our WRF simulation.

3.3.2 Spatial tolerance in detection of high-mode emitters

The results from Figure 3.6 are somewhat pessimistic regarding the ability of near-

future satellite observations (TROPOMI and GeoCARB) to detect the locations of

high-mode emitters in dense emission fields. But the localization criterion can be re-

laxed. If the observing system detects a false positive that is sufficiently close to the

actual location of a high-mode emitter, then the detection still has some value. In

our OSSE setup, localization is effectively limited by the 1.3 km grid resolution of the

WRF simulation. To examine the sensitivity to localization, we repeated the analysis

allowing for 3-5 km tolerance of false predictions. Figure 3.7 shows the results. We

find that spatial tolerance significantly improves the performance of GeoCARB, as the

FAR decreases below 0.2 for 3 km tolerance and below 0.1 for 5 km tolerance. The

POD improves to 0.7 which is still below the 0.8 criterion for success, and thus the

ETS is still below the 0.65 success threshold. Allowing for spatial tolerance does not

fully solve the detection problem for GeoCARB.

3.3.3 Combining satellite and surface observations

We saw in Section 3.3.1 that only the next-generation satellite instrument can suc-

cessfully detect anomalous high-mode emitters when the site density is high. Here

we examine if a combination of satellite and surface observations could improve de-

104



Figure 3.7: Effect of introducing spatial tolerance in the detection of high-mode emitters. Spatial
tolerance is the radius within which a high-mode emitter must be located in order for a prediction
to be called true positive (TP). The results are for an emission field with 100 production sites in
the 50×50 km2 domain. Only results from the L-1 inversion method are shown. The dashed line
represents the ETS success criterion.
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tection, i.e., if TROPOMI and GeoCARB could benefit from an in situ supporting

surface network and vice versa. This is addressed with a joint inversion of the satellite

and surface observations, taking into account the error correlation between the two as

described in Section .

Figure 3.8 shows the results for a field of 100 emitters. The already successful next-

generation instrument shows no benefit from added surface sites. On the other hand,

the surface sites provide greatly added value to TROPOMI and GeoCARB. Adding

10-20 surface monitors enables near-successful detection of the high-mode emitters. At

the same time, TROPOMI and GeoCARB data add significantly to the performance

of a surface observing system alone. We find that TROPOMI and GeoCARB perform

similarly when added to surface sites, and that their main benefit is to decrease the

FAR. Accounting for clouds would show more benefit for GeoCARB because the finer

pixels allow for better cloud clearing (Sheng et al., 2018).

3.4 Conclusions

We performed observing system simulation experiments (OSSEs) to test the ability

of near-future satellite instruments measuring atmospheric methane (TROPOMI,

GeoCARB, next-generation geostationary) to detect anomalous point source emit-

ters among a dense field of individual point sources, alone or supported by a surface

monitoring network. We focused on the practical problem of detecting malfunction-

ing devices (anomalous high-mode emitters) in an oil/gas production field with a high
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Figure 3.8: Effectiveness of a combined satellite and surface observing system for detecting high-
mode emitters in an oil/gas field of 100 emitters over a 50×50 km2 domain, as determined from
joint inversion of the observations. The dashed line represents the ETS success criterion.
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density of wells. Our results can be summarized usefully in terms of answers to ques-

tions that a field manager might have:

Can I rely on satellite data alone to detect anomalous emitters among the produc-

tion sites in my oil/gas field? We find that TROPOMI and GeoCARB can detect

anomalous emitters as long as the density of point sources is relatively small (20 sites

within our 50 × 50 km2 domain, or a density of 0.008 km−2). GeoCARB shows lit-

tle difference in success rate for 2 or 4 overpasses per day. GeoCARB is close to suc-

cessful for 50 sites (0.02 km−2) but fails for 100 sites (0.04 km−2). A next-generation

geostationary satellite instrument with 1-km pixel resolution and hourly return time

would deliver precise detection in dense fields up to 500 sites (0.2 km−2). Allowing for

a 5-km spatial tolerance, we find that GeoCARB comes close to successful detection

in a field of 100 sites.

How should I analyze the satellite observations to detect anomalous emitters? De-

tection of anomalous emitters from the satellite observations is not a simple matter

of flagging hot spots because the methane column enhancements are relatively small,

even for high-mode emitters. Repeated observation is required including of the trans-

ported plume, and inverse analysis with an atmospheric transport model is needed.

We find that an inversion with L-1 regularization produces much better results than

L-2 regularization. This is expected since the L-1 regularization method is designed to

recover sparse signals.

Can I usefully supplement satellite information with surface monitoring? Both
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TROPOMI and GeoCARB add significantly to the information provided by a sur-

face monitoring network of 10-20 sites within the 50×50 km2 domain, and both ben-

efit from the added surface information. The combination of these satellite instru-

ments with the surface monitors can deliver successful detection of high-mode emit-

ters through a joint inversion. Adding surface sites provides no benefit to the next-

generation geostationary instrument, which can successfully detect high-mode emit-

ters on its own.
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