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Key Points:15

• Column CO (XCO) trends vary regionally by 4-5 % yr−1 on 5-year scales with an16

overall global decrease.17

• Regional column CO trends tend to overwhelm those from individual cities.18

• Urban trends are similar enough to regional trends that it is difficult to distinguish19

them with this system.20
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Abstract21

Atmospheric carbon monoxide (CO) concentrations have decreased since the beginning22

of the century, and the rate of decrease depends on the region. Depending on how re-23

gions are chosen, their boundaries may not always align with where there are differences24

in trends. To address this, we calculate trends within 0.4◦×0.4◦ grid cells independently25

throughout the globe using satellite CO retrievals from the Measurements Of Pollution26

In The Troposphere (MOPITT) satellite instrument from 2002–2017. These trends are27

found with the caveat that there are large singular biomass burning events somewhere28

nearly every year, and we include examples of large column CO anomalies during spo-29

radic but large burning events in the North American and Eurasian Boreal forests, the30

Amazon, Africa, and Indonesia. CO trends behave similarly within regions that span about31

a few thousand kilometers. Using TransCom region definitions, we find average trends32

between −0.9 and 0.1 ppb yr−1 (about −0.9 to 0.1 % yr−1) for 2002–2017. Over 5-year33

subsets, trends in TransCom regions vary between −3.6 and 1.8 ppb yr−1. This substan-34

tial spatial and temporal variability in trends is in agreement with other studies. With35

an understanding of regional trends, we compare with trends from urban areas. Gen-36

erally CO trends within urban areas are indistinguishable from regional trends. This may37

be because of a combination of noise in the data, the large footprint for MOPITT, or38

because anthropogenic CO reduction measures were implemented before the MOPITT39

record began. We provide case studies for a few cities, such as Los Angeles, and find long-40

term variation in the rate of change of column CO.41

Plain Language Summary42

Carbon monoxide (CO) is an atmospheric pollutant produced from combustion,43

such as wildfires and gasoline powered automobiles. We use a 16-year satellite record to44

determine how atmospheric CO levels have been changing this century. Though sporadic,45

large wildfires happen somewhere every year which can affect trends in CO. We find trends46

for small regions (approximately 40 km×40 km) over the full 16 years and over 5-year sub-47

sets. Trends vary significantly among regions and among the 5-year subsets. We then48

examine how CO levels in cities change compared to their surrounding region. In most49

cases CO trends in cities do not vary significantly from trends in the surrounding region.50

In some regions where we would expect a decrease (like Los Angeles and Mexico City)51

we find large intraannual variability.52

1 Introduction53

Carbon monoxide (CO) is a tropospheric pollutant that is a useful tracer of atmo-54

spheric transport and an indicator of emission sources. The combined global budget from55

direct sources and in situ oxidation is about 2600 Tg CO yr−1 (Zheng et al., 2019). Of56

this, slightly less than half (∼45 %) is from primary emissions from incomplete or inef-57

ficient combustion, split at about 60 % fossil fuel and 40 % biomass burning. The other58

half comes as secondary emissions from the oxidation of volatile organic compounds (VOCs)59

in Earth’s atmosphere. Methane (emitted from a variety of sources including natural gas60

activities, and methanogens under hypoxic conditions) accounts for about two-thirds of61

secondary CO emissions, with isoprene (primarily emitted from vegetation) also being62

a major contributor (Zheng et al., 2019). Changes in CO may be reflective of changes63

in combustion efficiency, usage of catalytic converters, number of sources, and emissions64

of VOCs. At high enough concentrations CO is a health concern, and it is also a pre-65

cursor to ozone which can cause health issues at lower concentrations. In addition, CO66

can be used as a proxy for urban health. Since it is an indicator of inefficient incomplete67

combustion, it may be co-emitted with VOCs which may react and form secondary par-68

ticulates, or may be co-emitted with primary particulates.69
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Table 1. Approximate CO emission factors by source.

Source gCO kg−1 fuel References

NZ Manufacturing diesel 3 Metcalfe and Sridhar (2018)
NZ Manufacturing coal 20 Metcalfe and Sridhar (2018)
NZ Natural gas electricity 1.6 Metcalfe and Sridhar (2018)
NZ Natural gas residential 1.1 Metcalfe and Sridhar (2018)
NZ Wood heating 140 Metcalfe and Sridhar (2018)
NZ Aircraft 10 Metcalfe and Sridhar (2018)
NZ Diesel vehicles 0.1 Metcalfe and Sridhar (2018)
US Gasoline vehicles 1980a 250 US EPA (1985)

1990a 150 US EPA (1985)
2000 50 Bishop and Stedman (2008)
2010 20 Bishop and Stedman (2008)

US Motorcyclesb 350 US EPA (1985)
US Lawn mowers 600 US EPA (1985)
Wildfiresc 61–135 Urbanski (2014)

Values are often approximated from references. Though we report the source country (NZ
or US) emission factors are expected to be similar for other countries with similar
technology. aUsing 17 MPG and 41 gCO mi−1 for 1980, and 25 MPG and 17 gCO mi−1 for
1990. bSee Table 1.8.2A in reference. Assuming 50 MPG. cVaries by up to about a factor
of two depending on combustion type (e.g., flaming versus smoldering) (Urbanski, 2014).

CO is known to be decreasing globally since at least the beginning of this century70

(Worden et al., 2013). The decrease has been larger in the Northern Hemisphere (NH)71

than the Southern Hemisphere (SH), though concentrations are also higher in the NH.72

Worden et al. (2013) showed a particularly strong decreasing trend over eastern China.73

Yin et al. (2015) found a significant decrease in CO emissions from China, which was74

particularly interesting since bottom-up inventories suggested increasing CO emissions.75

They suggested this was due to technology improvements, despite an increase in amount76

of fuel burned. Because the column CO over China increased from 2001 to 2004, the de-77

crease from 2004–2015 was more significant. Decreasing CO in the NH has been due to78

decreasing primary sources, rather than decreasing secondary sources or an increasing79

sink (primarily the OH radical) (Jiang et al., 2017). Compared to 2001, there have been80

decreases in CO over the United States, Europe, and China. Jiang et al. (2017) also found81

increasing emissions from India and southeast Asia. Jiang et al. (2018) examined CO82

and nitrogen oxides (NOx) trends over the U.S. and found a slowdown of emission re-83

ductions which they attributed to diminishing returns from improvements to gasoline84

vehicles which have already had significant reductions in CO emissions (see e.g., Table85

1).86

MOPITT (Measurements Of Pollution In The Troposphere) space-based data have87

been used to understand column CO behavior in a number of regions. Recently P. Wang88

et al. (2018) examined differences in regional and urban trends in MOPITT column CO,89

especially over Eurasia. They found a significant decreasing trend in Moscow from 1998–90

2014 (3.73 %±0.39 % yr−1). Part of the decrease was attributed to a more widespread91

decrease across Eurasia from 1998–2014, with nearby sites decreasing by 0.9–1.7 % yr−1.92

They attributed the overall decreasing trend near Moscow to transitioning from domes-93

tic to imported cars with catalytic converters. Recently, column CO trends were again94

shown to have decreased over China during 2003–2017, with no significant trends over95

India and Indonesia (Zhang et al., 2020).96
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There have been several studies that have focused on urban CO behavior using MO-97

PITT observations. Worden et al. (2012) used MOPITT CO with a WRF-Chem model98

to quantify the impact of emission controls for the 2008 Beijing Olympics. Another method99

is to rotate column CO measurements upwind and downwind of an urban center to help100

account for urban versus regional behavior (Pommier et al., 2013). This method involves101

oversampling the observations to obtain smooth spatial distributions of column CO. Over-102

sampling by averaging all soundings within an area will reduce the enhancement of a pol-103

lutant in the downwind compared with upwind, but should have less of an effect on rel-104

ative changes with time. Dekker et al. (2017) applied this same method to estimate rel-105

ative trends, and also used a 10×10 km2 atmospheric model to estimate fluxes from Madrid.106

They developed error budgets for both methods and examined the impact of a priori emis-107

sions, averaging kernel trends, filtering, and resolution. They concluded that previous108

uncertainty estimates were too optimistic.109

While trends in regional CO and urban CO have been studied before, an objective110

of this study is to understand the spatial extent of regions that have similar long-term111

CO changes. Previous trend analysis has often relied on studying regions with bound-112

aries that are well chosen geographically (e.g., Jiang et al. (2017)), but may not always113

distinguish between regions with different long-term trends. We are interested in not only114

spatial heterogeneity, but also temporal heterogeneity (e.g., Jiang et al. (2018)). A sec-115

ond objective is to understand trends on urban scales for a large number (500) of cities,116

and this study considers urban trends in the context of regional trends.117

This study relies on MOPITT observations from 2002–2017, described along with118

ancillary ground-based observations around Los Angeles, and urban databases in Sect.119

2. Our methods are described in Sect. 3. In Sect. 4 we analyze gridded anomalies for120

single events and trends across the globe on various timescales for different regions. Our121

urban analysis is described in Sect. 5 and includes a focus on select cities. We conclude122

and summarize our findings in Sect. 6.123

2 Data sources124

2.1 MOPITT125

The MOPITT instrument aboard the Terra satellite launched in December 1999126

measures column CO globally. Terra is in a sun-synchronous orbit with a local daytime127

descending crossing time of around 10:30 (data from the nighttime ascending crossing128

at 22:30 are not used in this study). MOPITT is still operational and has made the longest129

satellite record of atmospheric CO (Deeter et al., 2017). With a 600 km swath width, day-130

time measurements from MOPITT cover nearly the entire globe every 4–5 days. Indi-131

vidual soundings are approximately 22×22 km2, and retrievals are performed only for132

cloud free scenes. Because of an instrument configuration change in 2001, we use obser-133

vations from 2002–2017 (Drummond et al., 2010). We use the daytime version 7 joint134

(thermal infrared (IR) and near IR) L2 column averaged product with the filters and bias135

corrections recommended by Hedelius et al. (2019). Because of low near-IR signal over136

water, the retrieval algorithm only uses the thermal IR band for these soundings. This137

algorithm is used to obtain a best estimate of an atmospheric CO profile. From this pro-138

file column-averaged dry-air mole fractions of CO (XCO) are calculated.139

2.2 Ground-based observations140

Part of our analysis relies on total column observations of CO from ground-based141

solar-viewing spectrometers. The Jet Propulsion Laboratory (JPL) MkIV spectrome-142

ter has been used to make CO measurements both within the Los Angeles (LA) basin143

and at other locations going back to 1985 (Toon, 1991). Measurements are made about144

once or twice a week for about 2 hours per day. In addition, measurements have been145
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made from a number of Total Carbon Column Observing Network (TCCON) instruments146

at two locations inside the basin (Pasadena, ci, 240 m and JPL, jc/jf, 390 m), and one147

in the less polluted Mojave desert (Armstrong, df, 700 m) (Wunch et al., 2011; Hedelius148

et al., 2017; Wennberg, Wunch, Roehl, et al., 2014; Wennberg et al., 2016; Wennberg,149

Wunch, Yavin, et al., 2014; Iraci et al., 2016). These measurements go back as far as July150

2007. Usually measurements with these TCCON instruments are made from sunrise un-151

til sunset on all days the system is not under maintenance, weather-permitting.152

The GGG software package is used to retrieve XCO from clear-sky observations by153

both types of instruments (Wunch et al., 2015). For MkIV measurements, we subtract154

the column H2O from the whole air column based on surface pressure to calculate a dry-155

air column (equation 2 of Wunch et al. (2016)).156

2.3 Urban database157

The 500 most highly populated urban locations are from the Global Human Set-158

tlement Urban Centre Database (GHS-UCDB, Florczyk et al., 2019). This database con-159

tains locations for over 13,000 urban areas along with selected attributes. GHS-UCDB160

defines urban areas based on connected 1 km2 grid cells each with a population of at least161

1,500 or at least 50 % built-up surface area totaling 50,000 inhabitants or more. We fo-162

cus our analysis on the 500 urban areas with the highest populations. Together these163

areas include 1.66 billion people, and have a population range of 0.95–40.6 million each.164

These urban areas can each contain several agglomerated municipalities or cities. How-165

ever, we sometimes refer to an agglomeration as a singular city.166

Population density maps are based on the Gridded Population of the World, Ver-167

sion 4 (GPWv4) revision 11 dataset for 2015 (Center for International Earth Science In-168

formation Network - CIESIN - Columbia University, 2018) (last access: 31 May 2019).169

2.4 Emissions inventory170

We obtain emission estimates of CO from 2002 through 2012 from the Emissions171

Database for Global Atmospheric Research (EDGAR) version 4.3.2 (http://edgar.jrc172

.ec.europa.eu/overview.php?v=432, https://data.europa.eu/doi/10.2904/JRC173

DATASET EDGAR). This is a 0.1◦ × 0.1◦ spatial resolution inventory with annual gran-174

ularity. EDGAR does not include emissions from large scale biomass burning or CO pro-175

duction from VOCs (Crippa et al., 2018). EDGAR is based on numerous assumptions176

and other underlying datasets whose uncertainties could propagate into the inventory.177

3 Methods178

3.1 Gridded global MOPITT products179

We create a global gridded (0.4◦×0.4◦) or approximately 40 km×40 km product180

of monthly averaged data from MOPITT observations, using the squared inverse of the181

reported errors as weights. This choice of grid was based on the work of Worden et al.182

(2012) who looked at the change in CO over Beijing before and during the 2008 Olympics.183

For plotting global maps we coarsen the grid to approximately 1◦×1◦ to reduce figure184

file size.185

From this gridded product we calculate average values for each month across the186

2002–2017 time period by taking the average of a particular month across all years. From187

these average values we calculate anomalies by subtracting the mean from the monthly188

product of a specific year.189

We examine trends in the 0.4◦×0.4◦ monthly averaged product by independently190

finding the trend in each cell with the Theil-Sen slope estimator (Hollander et al., 2014).191
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Theil-Sen is used instead of least squares to reduce the impact of outliers due to single192

events or measurement uncertainty. Confidence intervals (CIs, 95 %) are determined us-193

ing a bootstrap method (Efron & Gong, 1983) over monthly averages with 1000 repeats.194

However we assume a Gaussian distribution and convert these to standard deviation. Gen-195

erally we assume a trend does not significantly differ from zero if it is within one stan-196

dard deviation. Trends are only reported if at least 50 months (of 192) are used. Along197

with trends, overall average values are also shown in Fig. 3. Trends are also found for198

5-year windows (for n ≥ 15 months), and 5-year windows for separate seasons (n ≥199

8). Specifically we analyze 2002–2006, 2005–2009, 2009–2013, and 2013–2017.200

Similar grids of the means and trends are created from the EDGAR inventory. Be-201

cause the version we use only goes through 2012 we analyze temporal subsets using years202

2002–2006, 2005–2009, and 2009–2012 along with the overall 2002–2012 trend.203

3.2 Urban versus regional differences204

We examine how XCO trends measured using MOPITT observations may differ in205

an urban area compared to a larger region, with the expectation that the difference is206

often tied to emissions. Because we are interested in the difference between the urban207

and regional trends (i.e., urban−region), a negative difference indicates only that the ur-208

ban trends are less than than those of the region but does not indicate the sign of the209

absolute trend. For example, urban XCO decreasing faster than its surrounding region,210

or a regional increase in XCO with a smaller urban XCO increase would both have a neg-211

ative difference. First we follow the general approach of Worden et al. (2012) and use212

the gridded 0.4◦×0.4◦ product and define urban grid cells as those where at least 30%213

of the grid area overlaps with the urban extent. The region is defined as the remaining214

cells in a 5.2◦×6.0◦ area centered on the city. We will refer to this as the “gridded” bound-215

aries method. The second method, which we will refer to as the “circular boundaries”216

method, uses the standard L2 product where monthly averages are computed from all217

soundings with center points within the urban boundaries, and the region is comprised218

of soundings within a 250 km radius of the city center, excluding the urban area. We in-219

clude the circular boundaries method as a check on the gridded method, but do not ex-220

pect a significant difference between them. We use these small areas to try to distinguish221

how XCO within an urban area is changing, due perhaps to anthropogenic emission changes,222

independent of broader changes.223

For each urban area we separately calculate the trend within the urban boundaries,224

and the trend for the greater region using the annual averages. For each trend we find225

the 95 % CI. We then calculate a difference in trends and the corresponding combined226

CI.227

4 Global analysis228

4.1 Impacts of major events229

Before considering trends, we first consider the impacts of events that emit signif-230

icant amounts of CO. These irregular events such as biomass burning from wildfires can231

have significant impacts on CO levels hundreds of kilometers away or more from the source.232

For example, fires increased carbon release in tropical Asia in 2015 (Liu et al., 2017) which233

increased CO not only over that region, but also was likely responsible for the increased234

CO over a larger 10–20 thousand km area. To examine this effect, we use the monthly235

anomalies (Sec. 3.1). Results in Fig. 1 show this effect of excess CO in the total column236

affecting a large area. In August 2015 XCO was equal to or slightly elevated above In-237

donesia compared to the average of all Augusts from 2002 to 2017. In September 2015238

we see ∆XCO increased over a larger area. In October and November the elevated ∆XCO239

continues to spread in extent, possibly affecting areas ten thousand kilometers away or240
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more. There also appears to be elevated ∆XCO originating from the Amazon during this241

time. Other major events may have also increased XCO, which prevents a full source lo-242

cation attribution without a model. It is common to have a large irregular event some-243

where in the world at least once a year.244

60°S
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30°N

60°N
Aug 2015

60°S

30°S
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60°N
Sep 2015

60°S
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Oct 2015

60°S
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0°
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Nov 2015

20 15 10 5 0 5 10 15 20
XCO ppb

Figure 1. Monthly anomalies in XCO during 2015. Here and throughout we use an Eckert

IV equal area projection. Anomalies are the 2015 monthly value minus the average value for the

month from 2002–2017. In September we can see the influence of the Indonesian fires on XCO. In

October and November the elevated XCO influences an even larger region, which could overwhelm

changes at more local scales due to localized changes in fluxes. Some banding is seen from the

individual satellite overpasses.

While the 2015 Indonesian fires are one of the more striking examples, other re-245

gions have also been source locations for major events. Examples of impacts from other246

major events are shown in Fig. 2. During 2003, fires in Siberia burned over 200 000 km2
247

and released around 401–684 Tg C (Huang et al., 2009), including 55–139 Tg CO. The248

area burned in Siberia in the 2003 fires was 3 times the area burned by medium-sized249

fires since 1995 (Kasischke et al., 2005). Though not as large as 2003, 2002 also had large250

boreal fires. These large fire years in the early part of the MOPITT record could influ-251

ence the long term trends of XCO. Similarly, fires in the Amazon in 2005, 2007, 2010,252

and 2015 usually around September, increased XCO loading compared to other years.253

Typically less than 1 % of southeastern Amazon forests burn, but in 2007 and 2010 12 %254

and 5 % were burned, respectively (Brando et al., 2014; Deeter et al., 2018). Excess CO255

from these Amazon fires was transported by Rossby waves southeast across the Atlantic.256

In 2014 the Northwest Territories complex fire burned 34 000 km2 and emitted 164 TgC257

(Veraverbeke et al., 2017). The burn area was the highest on record for the Northwest258

Territories going back to 1975, and was about six times as large as the average (7.5 times259

as large as the 2000–2015 average). Column enhancements in CO and other fire trac-260

ers at Eureka, NU (80◦N) during July and August were attributed to these fires (Lutsch261

et al., 2016). In terms of area burned in managed Canadian forest since 2000, 2002 and262

2014 had the largest burn area (Domke et al., 2018). Our final example is from Febru-263

–7–



A
cc

ep
te

d
 A

rt
ic

le

This article is protected by copyright. All rights reserved.  

 

 

 

 

 

 

 

manuscript submitted to JGR: Atmospheres

60°S

30°S

0°

30°N

60°N
May 2003

60°S

30°S

0°

30°N

60°N
Sep 2007

60°S

30°S

0°

30°N

60°N
Aug 2014

60°S

30°S

0°

30°N

60°N
Feb 2016

20 15 10 5 0 5 10 15 20
XCO ppb

Figure 2. Monthly anomalies in XCO during times of other major CO producing events.

Large May 2003 ∆XCO in the NH likely largely a result of wildfires in Siberia. September

2007 shows the influence of Amazon fires. During August 2014 there were large wildfires in

the Canadian Northwest Territories. February 2016 elevated XCO could be due to larger than

usual African fires.

ary 2016, when there were higher than average XCO anomalies over Africa. Africa ac-264

counts for 43 % of the global 2001–2016 total fires (Earl & Simmonds, 2018). December–265

February is fire season for equatorial Africa, and while high XCO levels are expected in266

this region during this time, 2016 was higher than average. This could be linked to the267

2015–2016 El Niño, which may have also stressed vegetation in the tropical Rainforest268

leading to more volatile organic compounds (VOCs) being emitted and reacting to form269

CO.270

Major events highlighted here indicate the importance of considering regional changes271

in CO when examining behavior at a more local scale, such as cities. They also provide272

examples of how long term trends could be affected by events that do not occur regu-273

larly or at the same location.274

4.2 Global trends275

We find over the 16 years of study there is significant global heterogeneity in the276

trends (Fig. 3). For example, CO columns over most of the NH are decreasing (esp. pole-277

wards of 30◦N) while the change in the SH is closer to zero. Eastern China is decreas-278

ing more strongly than the rest of the NH. The trend over India is mostly neutral. How-279

ever, an increase in CO emissions from India might be masked by decreasing CO columns280

over the surrounding areas. Column CO over South Central Africa is increasing slightly,281

which could be due to fires and significant interannual variability. Buchholz et al. (Air282

pollution trends measured from Terra: CO and AOD over industrial, fire-prone, and back-283

ground regions, submitted 2020 ) noted more neutral trends in this region, due perhaps284

–8–
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Figure 3. (a) Average XCO for monthly means during 2002–2017. Regions of elevated XCO

(such as west central Africa and Eastern China) are noticeable. (b) Overall trend from 2002–2017

as a percent change compared with the overall mean. Eastern China has the strongest decrease.

Trends over India are within 1σ of zero, but the surrounding region mostly has a negative trend.

(c) Standard deviation of the gridded monthly averages. The large standard deviation over the

Amazon is primarily due to a large seasonal cycle. (d) Standard deviation of the trend shown in

(b) determined from a bootstrap analysis (Sec. 3.1) and assuming a normal distribution of slopes.

to their use of the thermal IR only product which is more stable but less sensitive to changes285

closer to the surface.286

Trends over subsets of 5 years are often dissimilar from trends over the full 16 years287

of this study. This is perhaps not surprising given the influence of significant events such288

as the 2002–2003 boreal fires. For XCO we would also not expect trends in atmospheric289

loading of CO to continue indefinitely. For example, XCO in a region may decrease due290

to an increase in newer catalytic converters and the effect of this change will eventually291

saturate. Similarly, XCO could increase due to more vehicles (esp. motorcycles and scoot-292

ers) in a region and this effect could also saturate as car ownership per person increases.293

Piece-wise fitting may make more sense as CO emissions change.294

Interestingly the distribution of CO emissions in EDGAR, and high XCO levels as295

seen by MOPITT do not always line up (Fig. 3a and Fig. 4a). While both agree on large296

amounts of CO over the Eastern U.S., Eastern China, and India, MOPITT observations297

also show elevated CO from Africa likely from VOCs. CO production from VOCs is not298

accounted for in the inventories.299

There are also significant differences in the trends shown by EDGAR and MOPITT300

(Fig. 3b and Fig. 4b). EDGAR shows a strong decrease over the U.S., which is observed301

by MOPITT. However, the strong decrease over Eastern China is not as apparent in the302

EDGAR inventory. India also has an increase in the inventory compared with a more303

neutral change seen by MOPITT which could be due to a local increase coupled with304

a larger regional decrease.305
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Figure 4. Maps of gridded inventory (EDGAR 4.3.2) averages and trends over 2002–2012.

(a) Average CO emissions show high emission regions especially in China and India with other

hotspots throughout the world, while the U.S. emissions are more dispersed. (b) Trends in CO

emissions show a large decrease from the U.S. Europe and Japan, with mixed changes from

China. India, especially northern India, shows a large increase in emissions over the time period.

Trends for four different overlapping 5-year time windows show significant variabil-306

ity (Fig. 5). Over 2002–2006 the strong decrease above 45◦N is likely related to unusu-307

ally large boreal forest fires during 2002 and 2003. Significant decreases in Eastern China308

are likely related to reduced fossil fuel emissions of CO. In general, the SH appears to309

be slightly increasing. During 2005–2009 the NH is still decreasing, though not as strongly310

as in 2002–2006. XCO over eastern China continues to decline through 2009–2013, but311

the rate of decrease slows and becomes similar to the surrounding region during 2013–312

2017. Parts of the NH increased in XCO during 2009–2013. Increasing XCO levels for 2009–313

2013 as well as 2013–2017 are seen in south central Africa and, to a lesser extent, the314

Amazon. These may be related to the overall slightly increasing SH trend. The 2013–315

2017 timeframe includes the 2015–2016 El Niño, which had regionally specific carbon316

cycle responses. Liu et al. (2017) found increased CO2 emissions due to increased fires317

over SE Asia, higher temperatures and more respiration over Africa, and reduced gross318

primary productivity over South America due to drought. From these plots it appears319

the sharp declines in XCO seen closer to the beginning of the century are beginning to320

level off.321

Because of the increase in CO2 from China and SE Asia (Friedlingstein et al., 2019),322

the decrease in XCO may seem counter-intuitive. However, the decreasing CO since the323

early 2000s in this region has already been noted (Worden et al., 2013; Yin et al., 2015;324

Jiang et al., 2017; Zheng et al., 2018). Studies agree that the decrease is due to anthro-325

pogenic source reduction. The seemingly incompatible increase in CO2 with a decrease326

in CO emissions is reconciled by considering technology changes which have led to de-327

creased CO emission factors. R. Wang et al. (2014) also noted that emission factors or328

emission intensities for black carbon have decreased significantly for China and India over329

recent decades.330

We also find large variability when fitting seasons within a given 5-year span (e.g.,331

2002–2006, Fig. 6). The sign of the trends can differ depending on season, for example332

over Africa and in the western Pacific. In general though, trends are similar over broad333

thousand kilometer regions or larger. We find the SON season to have the strongest neg-334

ative NH trend over 2002–2006, likely from large fires mostly in Siberia in 2002 and 2003.335

Larger than average boreal fires in 2002 had the most influence on XCO during SON. East-336

ern China appears to have an overall negative trend across all seasons. The trend over337

–10–



A
cc

ep
te

d
 A

rt
ic

le

This article is protected by copyright. All rights reserved.  

 

 

 

 

 

 

 

manuscript submitted to JGR: Atmospheres

60°S

30°S

0°

30°N

60°N(a)
2002-2006

60°S

30°S

0°

30°N

60°N(b)
2005-2009

60°S

30°S

0°

30°N

60°N(c)
2009-2013

60°S

30°S

0°

30°N

60°N(d)
2013-2017

4 2 0 2 4
XCO ppb yr 1

Figure 5. Trends in XCO for different 5-year windows. A few features for each map are high-

lighted here. (a) Trends for 2002–2006 characterized by strong decreases above 45◦N. (b) NH

trends for 2005–2009 are weaker overall, with strong decreases over eastern China and south-

east Asia. (c) During 2009–2013 the rate of decrease in the NH continued to decline, and the

SH slightly increased in XCO. (d) The rate of decrease for China is similar to the rest of the NH

for 2013–2017. White areas indicate no trend, or in some areas (especially close to the poles)

insufficient data.

the SH oceans is more positive in DJF than in SON. These broad trends highlight how338

regional variability needs to be understood when trying to understand trends at smaller339

scales on the order of 40 km×40 km.340

There are twenty-two TransCom regions including eleven regions over land and eleven341

over water (Gurney et al., 2003). A map of these regions is in the Supporting Informa-342

tion (SI) Fig. S1. For each of these regions we have calculated the average trend dur-343

ing 2002-2017 and over the four 5-year subsets (Table 2, and Fig. 7). Over 2002–2017344

long term trends are between 0.1 and −0.9 ppb yr−1. For the 5-year subsets there are345

wider dynamic ranges from −3.6 (Eurasia Boreal) to 0.6 (Southern Africa) during 2002–346

2006 and −1.5 (Europe/Eurasia Boreal) to 1.8 ppb yr−1 (Southern Africa/Southern Amer-347

ica Tropical) during 2013–2017. This again shows not only the spatial variability, but348

also the temporal variability in XCO trends. For example, the pairwise difference between349

the two 5-year subsets ranges from 2.1 (Boreal, indicating a slowdown of decreasing CO)350

to −0.8 ppb yr−1 (Tropical Asia, indicating an acceleration in the CO decrease). Together351

these indicate that subsets of the longer time series need to be considered to better un-352

derstand trends. Broad patterns among the TransCom regions can be seen in Fig. 7. We353

again see a general decline in the NH regions, which has weakened in more recent years.354

In the SH, regions have gone from no trend, to a slight increase during the 2009–2013355

and 2013–2017 time periods.356

Various measurement uncertainties could make spurious trends appear in a dataset357

including trends in the a priori profiles, trends in noise, and trends in averaging kernels358

(AKs). Compared to measurements from various TCCON sites there is a small nega-359
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Figure 6. Trends in XCO for seasons during the 2002–2006 period. (a) December, January,

February. (b) March, April, May. (c) June, July, August. (d) September, October, November.

tive trend of −0.06 % yr−1 or about −0.05 ppb yr−1 in the MOPITT observations (Hedelius360

et al., 2019). For the case of MOPITT V7J, the a priori is the same for different years361

(Deeter et al., 2014). Though the a priori will not directly contribute to inter-annual trends,362

it can contribute indirectly likely as a dampening effect as the true atmosphere moves363

away from the prior combined with the AKs. Example column AKs are in Fig. 8. Large364

measurement errors could lead to low degrees of freedom and cause values closer to the365

prior to be returned, decreasing any inferred trends. MOPITT instrument noise has been366

slowly increasing (Deeter et al., 2015). We quantify the dampening effect of the anchor-367

ing to a prior by calculating the ratio of the expected change with and without the av-368

eraging kernel369

Rd =
log10 (d + 1)

∑
ai

cad
(1)

where ca is the column prior, d is the relative change based on the gridded 2002–2017370

slopes at the time of the measurement, and ai = ∂ĉ
∂log10xi

are averaging kernel elements371

(Hedelius et al., 2019). We find a mean ratio of 0.90 (95 % CI: 0.63, 1.26), indicating an372

average dampening effect of 10 % due to being tied to the prior. There is a weak neg-373

ative relationship (r = −0.32) with time, where the ratio is changing by −0.003 per year,374

indicating an increasing reliance on the prior.375

Trends in noise may also lead to AK trends. We have also not accounted for how376

changing AKs could make a trend in the retrieved XCO, which adds uncertainty (Yoon377

et al., 2013). As an uncertainty estimate, we examine trends in column AKs over tem-378

perate North America and find drifts from −2.5 % yr−1 to 1.9 % yr−1 depending on the379

layer. The lowest 6 layers have a negative trend, while the upper 4 layers have a posi-380

tive trend and the column average is −0.7 % yr−1. The effect on retrieved column CO381

depends on the difference between the true atmospheric state and the prior CO profiles.382

A consistent +20 ppb difference from the a priori profile throughout the column would383

lead to about a −0.06 ppb yr−1 trend in XCO. Jiang et al. (2017) showed significantly384
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Figure 7. Trends for TransCom regions for different time subsets. These are arranged approx-

imately from north to south. Blue labels are for water regions, brown labels are for land regions,

and gray labels are for larger mixed regions. Error bars are standard deviations of the trends

among individual 0.4◦×0.4◦ grid cells across the region. Magenta symbols are trends derived

from the EDGAR 4.3.2 inventory.

different MOPITT AKs for 2000, which we have excluded here along with 2001 measure-385

ments due to the different instrument configuration.386

Unlike some other studies, we have not attempted to separate out different con-387

tributions to CO trends (Jiang et al., 2017). A study by Turner et al. (2017) suggested388

a decrease in the OH radical since around 2000, though results by Gaubert et al. (2017)389

showed no large interannual variability. Because of the coupled CO-OH-CH4 system, a390

decrease in CO emissions leads to an increase in CO chemical production from VOC ox-391

idation (Gaubert et al., 2017). Jiang et al. (2015) showed large variability in CO emis-392

sions depending on prescribed OH fields, though Gaubert et al. (2017) showed global OH393

concentrations are well buffered. Studies tend to agree that a change in OH is not the394

cause of decreased CO this century (Jiang et al., 2017).395

5 Trends in selected urban areas396

Measurement uncertainty, spatial smoothing, regional transport, and proximal cities397

may obfuscate trends in XCO from a single urban area. MOPITT footprints are ∼484 km2,398

which is larger than the median area (335 km2) of the 500 most populated cities in this399

study. Though a city impacts the atmosphere beyond its borders, the MOPITT spatial400

footprint and measurement uncertainty lead to uncertainty in urban XCO trend anal-401

ysis. Places like India and eastern China are known to have high urban density, but even402

in the rest of the world the median distance between the closest urban centers is less than403

30 km. This is likely skewed towards suburban areas clustering around larger cities. Be-404
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Table 2. Average trends and standard deviations in TransCom regions in ppb yr−1. Trends

where one standard deviation does not cross zero are in bold. See also Fig. 7.

Region 2002–2017 2002–2006 2013–2017

North American Boreal −0.9 ± 0.3 −3.3 ± 1.5 −1.2 ± 1.2
North American Temperate −0.8 ± 0.2 −2.3 ± 1.0 −1.1 ± 0.9
South American Tropical −0.3 ± 0.2 0.5 ± 1.9 1.8 ± 1.9
South American Temperate −0.2 ± 0.1 0.1 ± 0.8 0.9 ± 0.7
Northern Africa −0.5 ± 0.3 −1.3 ± 1.0 −0.4 ± 0.8
Southern Africa 0.1 ± 0.3 0.6 ± 1.6 1.8 ± 1.4
Eurasia Boreal −0.8 ± 0.2 −3.6 ± 1.5 −1.5 ± 1.3
Eurasia Temperate −0.7 ± 0.4 −1.8 ± 1.4 −0.9 ± 1.0
Tropical Asia −0.8 ± 0.6 −0.4 ± 1.9 −1.2 ± 1.9
Australia −0.2 ± 0.1 0.1 ± 0.5 0.5 ± 0.3
Europe −0.9 ± 0.2 −3.2 ± 1.2 −1.5 ± 0.9
North Pacific Temperate −0.8 ± 0.2 −1.9 ± 1.2 −1.3 ± 0.9
West Pacific Tropical −0.3 ± 0.2 −0.3 ± 0.6 −0.7 ± 0.9
East Pacific Tropical −0.3 ± 0.1 −0.4 ± 0.6 −0.1 ± 0.4
South Pacific Temperate −0.1 ± 0.1 0.3 ± 0.4 0.7 ± 0.4
Northern Ocean −0.7 ± 0.3 −2.3 ± 1.3 −1.3 ± 1.2
North Atlantic Temperate −0.7 ± 0.2 −1.5 ± 0.8 −0.9 ± 0.6
Atlantic Tropical −0.2 ± 0.1 −0.4 ± 0.6 0.5 ± 0.9
South Atlantic Temperate −0.2 ± 0.1 0.0 ± 0.6 0.7 ± 0.4
Southern Ocean −0.1 ± 0.1 0.2 ± 0.8 0.7 ± 0.7
Indian Tropical −0.2 ± 0.2 −0.2 ± 0.6 −0.4 ± 1.0
South Indian Temperate −0.1 ± 0.1 0.4 ± 0.5 0.9 ± 0.4
Northern Hemisphere −0.7 ± 0.3 −1.8 ± 1.5 −1.0 ± 1.0
Southern Hemisphere −0.1 ± 0.1 0.2 ± 0.8 0.7 ± 0.8
Global −0.4 ± 0.4 −0.9 ± 1.6 −0.2 ± 1.3

cause cities in a region will likely have similar behavior in emission changes (e.g., chang-405

ing type and density of vehicles) we could expect regional XCO trends in some cases to406

be related to emission changes originating from cities. Trends in urban areas are linked407

to nearby cities not only because regional trends can overwhelm urban trends, but also408

because the urban emissions themselves can affect the regional trends, especially in highly409

populated areas.410

We first find cases where differences in trends are all negative, i.e., XCO is decreas-411

ing faster in the city than the region. The 95 % CI in the difference does not cross zero412

and is negative in 9 and 15 urban areas (of 500 total) for the gridded and circular bound-413

aries methods, respectively. The intersection of these sets includes just three urban ar-414

eas: Guangzhou (China), Mexico City (Mexico), and Manchester (England). Both meth-415

ods have 3 areas with positive trends where the 95 % CI does not cross zero, but the 3416

areas are different for each method.417

The relatively few number of cities with significant trends leads to the question:418

why are there not more? Emission inventories show large changes in CO emissions (e.g.,419

Fig. 4) and there are large regional XCO changes observed in the MOPITT data (Fig.420

3). We explore this with two case studies. The first is Los Angeles (LA) which is known421

for historically poor air quality. The next is Mexico City which, like LA, is a large basin422
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Figure 8. Examples of mean column AKs across select years that fall within the boundaries

of select cities. Shaded regions go from the 10th to 90th percentiles. Matrix AKs were converted

to column AKs following the methods of Hedelius et al. (2019). These generally indicate higher

but decreasing sensitivity in the lower troposphere.

city that is relatively isolated from other urban areas. These factors make them best case423

scenarios for observing a change.424

5.1 Case studies425

Ideally we would compare satellite-derived trends with trends measured from the426

ground. However, there is a paucity of long term (decadal or longer) ground-based col-427

umn measurements within urban areas. One of the exceptions to this is LA where there428

have been observations made from the MkIV spectrometer since the mid-1980s. In the429

early 1950s, LA CO emissions were around 1800 GgCO yr−1 from incomplete combus-430

tion which, combined with uncombusted VOCs was a 10–15 % loss in fuel combustion431

value (Haagen-Smit, 1970), not to mention a precursor to health issues. Emissions rose432

to around 5100 GgCO yr−1 in 1968, and a goal was set for an 85 % reduction in CO emis-433

sions from new cars starting in 1975—the same year the catalytic converter was intro-434

duced. Despite an increase in the number of vehicles, CO emissions are now around 500 GgCO yr−1
435

(Hedelius et al., 2018).436

A decrease in atmospheric XCO in LA since the mid-1980s can be seen in Fig. 9.437

The seasonal averages of the MkIV measurements are comprised of about 5–15 days of438

measurements each, with as few as 1 and as many as 26. Seasonal averages within the439

basin show significant scatter in the early record, due to large day to day variability from440

variation in ventilation patterns combined with a large flux. Through the mid-1990s val-441

ues above 200 ppb were not uncommon within the basin. Since about 2009 a little over442

half of the measurements have been less than 100 ppb. The differences in the lower panel443

are subject to uncertainty because we have not made adjustments for the influences of444

averaging kernels or different measurement altitudes. Altitude differences can lead to dif-445

ferent column amounts of gases that are not vertically uniform (Hedelius et al., 2017).446

Taking the basic differences, enhancements (MkIV−MkIV) in the basin were around 100 ppb447

compared to the surrounding region through the mid-1990s. MOPITT−MOPITT en-448

hancements shown in the lower panel are from the circular boundary method and the449

averages are 10 ppb from 2002–2008 and 4 ppb from 2009–2017. The average TCCON−TCCON450
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Figure 9. Upper panel: Seasonal averages of XCO measurements from ground-based instru-

ments compared with measurements from MOPITT within the Los Angeles basin and surround-

ing region. A decrease within the city can be seen from the mid-1980s to present. Different trian-

gle directions for the MkIV indicate different measurement locations: JPL (345 m, orange down

arrow), Ft. Sumner, New Mexico (1260 m, right arrow), Daggett, California (626 m, up/right

arrow), and Table Mountain, Wrightwood, California (2260 m, left arrow). Error bars represent

standard errors of the mean for MkIV observations. The dashed line in the upper panel is the

least-squares fit to the MkIV regional values. Labels ci, jc, jf, and df are for different TCCON

sites (Sec. 2.2). Lower panel: Differences of city minus region (or background) are shown without

accounting for differences in averaging kernels or surface altitudes and hence are subject to some

uncertainty. MkIV-MkIV differences are city minus the fitted line because regional observations

were made at different times from city observations.
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difference is around 10 ppb, which may be larger than the MOPITT estimates because451

the TCCON instruments measure the atmosphere closer to the urban center. TCCON452

instruments also measure throughout the entire day, whereas MOPITT only measures453

in the morning when the basin is likely less polluted. The large but declining XCO through454

the 1990s show that much of the decrease in historically high CO levels occurred before455

the MOPITT record begins. This helps explain why the trend as observed by MOPITT456

is not as large in LA and possibly other locations. For the remaining global urban ar-457

eas, we only include MOPITT observations.458

Trends for Mexico City are shown in Fig. 10. For this case we see a wide variabil-459

ity in regional gridded XCO (∼20 ppb) each month, with the urban area nearly always460

in the top 95th percentile. Overall the regional XCO average is decreasing, but XCO within461

the urban area is decreasing faster. From the maps we see the population density and462

urban boundaries are constrained to the center grid cell due in part to the surrounding463

mountains. The topography traps CO and other pollutants. Though median XCO lev-464

els are still enhanced by ∼15–20 ppb over the urban region, there has been a decrease465

in the enhancement (Fig. 10c). This study shows that longer term changes may be dif-466

ficult to observe because of significant seasonal variability along with years that appear467

anomalous (e.g., 2004).468

5.2 Global patterns in urban areas469

We also include examples for several other urban areas in the (SI) (Figs. S2–12).470

For the most part, the cities we examine are located in regions with decreasing XCO. On471

top of these regional XCO changes, there may be urban changes which are often difficult472

to distinguish. The 95 % CI of the difference between the urban and regional trends nearly473

always crosses zero (e.g., Fig. 11, and SI Fig. S13–16). Thus the trends within the ur-474

ban areas tend to change in concert with the region at large. Confidence intervals shown475

in Fig. 11 are large, highlighting large uncertainties in trends using these data and meth-476

ods. These large uncertainties may be from some combination of sensor noise, retrieval477

limitations, or from actual large variability in XCO compared to trends. For example,478

Jakarta has a large uncertainty which is likely due to the influence of large biomass burn-479

ing events that differ significantly in magnitude from year to year (for example, see Fig.480

1). There is a lack of readily available information on Mbuji-Mayi, but it appears to be481

a developing city that likely in part uses non-optimized combustion. Either limitations482

on our methodology or the developing status of Mbuji-Mayi combined with a popula-483

tion change from about 1.9 to 3.0 million from 2000 to 2015 could explain the increase484

in CO columns.485

Though a slight majority (53 %) of the cities are decreasing in XCO relative to the486

regions, this is not significant using a 2-tailed binomial distribution test (p = 0.19). This487

analysis is not able to support or oppose the findings by others that the global decline488

in CO is due in part to reductions in anthropogenic CO emissions (Yin et al., 2015; Jiang489

et al., 2017). Ignoring sensor limitations, such as noise and footprint sizes, even if ur-490

ban emissions are changing it may be difficult to distinguish them from their surround-491

ing regions because cities themselves could be driving the regional changes on these timescales.492

If CO can mix throughout a region on a timescale of a few days, then “upwind” cities493

may be causing the regional changes.494

The CO enhancement compared to the region (∆XCO) is persistently greater than495

zero in many cities, but it may not be changing from year to year. This indicates a lo-496

cally polluted atmosphere that is not getting better or worse.497

Though ∆XCO may be correlated with developed/developing status (Silva et al.,498

2013; Silva & Arellano, 2017), we postulate that it may be more indicative of local pref-499

erences or needs for transportation, heating, and other CO producing activities. For ex-500

ample, India and Mexico may both be classified as newly industrialized countries, but501
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Figure 10. Trends of MOPITT XCO over Mexico City. (a) Colored points represent monthly

averages of grid cells within the urban area as noted in (d). Gray heatmap is for monthly aver-

ages from all grid cells in full region. (b) Solid lines are averages of urban and non-urban grid

cells. Red fill indicates higher urban XCO, and blue fill indicates higher surrounding regional

XCO. Percentiles of urban grids compared with those throughout the full region are shown as

dots. (c) Gridded monthly differences correspond to the difference between solid lines in (b).

Area monthly averages are averages within shown urban boundaries (gray borders in maps)

compared to the average outside of urban boundaries, but within 250 km of the center. Annual

averages also shown. (d) Median XCO of the monthly averages. Red star marks the urban center.

Purple triangles mark grid cells that define the urban area (partially obstructed by the red star

here). Gray line indicates the urban boundaries. Cyan dots mark other urban areas with a popu-

lation of at least 50,000. A Lambert azimuthal equal area projection is used. (e) Same as (d), but

showing the trend within each grid cell from Fig. 3b. (f) Map of population density, gridded to

0.1◦ × 0.1◦.
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2 1 0 1 2 3 4
City trend - region trend ( XCO ppb yr 1)

Xi'an, Shaanxi [CHN] 5.1M
Guangzhou, Guangdong [CHN] 40.6M

Beijing [CHN] 18.0M
Ciudad de Mexico (Mexico City) [MEX] 19.6M

Seoul [KOR] 21.6M
Los Angeles-Long Beach-Santa Ana [USA] 14.3M

Sao Paulo [BRA] 19.1M
Kinki M.M.A. (Osaka) [JPN] 15.7M

Moskva (Moscow) [RUS] 14.1M
Phoenix-Mesa [USA] 3.6M

Manila [PHL] 21.7M
Krung Thep (Bangkok) [THA] 14.7M

Baghdad [IRQ] 5.4M
Tehran [IRN] 12.5M

Kolkata (Calcutta) [IND] 21.6M
Sydney [AUS] 3.7M

Mumbai (Bombay) [IND] 21.8M
New York-Newark [USA] 16.0M

Tokyo [JPN] 33.0M
Delhi [IND] 26.7M

Ar-Riyadh (Riyadh) [SAU] 5.7M
Dhaka [BGD] 23.9M

Paris [FRA] 9.7M
Shanghai [CHN] 24.5M

Lahore [PAK] 10.1M
Jakarta [IDN] 36.3M

Al-Qahirah (Cairo) [EGY] 19.7M
Istanbul [TUR] 14.1M

Toronto [CAN] 6.0M
Mbuji-Mayi [COD] 3.0M

Figure 11. Difference in trends in annual averages between city and surrounding region from

2002–2017 using the 250 km region method. Error bars represent the 95 % CI from a bootstrap

analysis (n = 600). The 20 most populous urban areas are shown here along with 10 others we

selected, sorted by decreasing trend.

in India around 80 % of vehicles are motorcycles (https://www.ceicdata.com/en/india/502

number-of-registered-motor-vehicles/registered-motor-vehicles-all-states,503

last access Jan 25, 2020) with higher CO emissions whereas in Mexico only around 10 %504

of vehicles are motorcycles (https://www.inegi.org.mx/sistemas/olap/proyectos/505

bd/continuas/transporte/vehiculos.asp, last access Jan 25, 2020). Over Mexico City506

∆XCO has been decreasing (i.e., the urban trend is more negative than the surround-507

ing region) which could be because Mexico City is more isolated from the region due to508

the topography. However, ∆XCO has mostly remained constant over Mumbai and Delhi509

(i.e., the urban trend has been about the same as the surrounding region). Similarly, Paris510

and New York City are both developed, but XCO enhancements differ over the two cities,511

possibly due to different preferences in transportation. ∆XCO is around 5 ppb in New512

York City, compared to around 2 ppb in Paris where a greater percentage of vehicles use513

diesel fuel. There are cases however in which CO-producing activities may be related with514

developing status—e.g., wood fires for heating.515

6 Discussion and Conclusions516

Though overall there has been a global decrease in XCO during the MOPITT record,517

it has not been uniform across regions (Worden et al., 2013). The MOPITT record is518

long enough that trends should be considered differently on sub-mission timescales. East-519

ern China, which had some of the highest XCO levels in the early 2000s, has had one of520

the largest decreases. The rate of decrease has appeared to slow down in the NH recently521

from −1.8 ppb yr−1 to −1.0 ppb yr−1, and XCO in the SH has begun to increase slightly522

from 0.2 ppb yr−1 to 0.7 ppb yr−1. In agreement with other studies, this is likely indica-523

tive of diminishing returns from decreasing CO emission factors from gasoline automo-524

biles, which have decreased by more than 10-fold since the 1980s (Yin et al., 2015; Jiang525

et al., 2018). One hypothesis is the slowdown to slight increase in XCO in recent years526

could also be due to increasing CO emissions from fires and VOCs related to changing527

climate. Though biomass burning emissions have been decreasing globally, there is an528
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increasing trend in the boreal region in the Global Fire Emissions Database during 1999–529

2014 (Arora & Melton, 2018).530

We have also seen that large events can have far reaching impacts. It is not uncom-531

mon for CO from wildfires to affect regions thousands of kilometers away. This could af-532

fect the trend analysis, especially due to large Boreal fires in the early part of the record.533

Trends in the EDGAR CO emissions inventory and atmospheric trends observed534

by MOPITT do not always match (Fig. 3b and Fig. 4b). This is likely due to a com-535

bination of factors including mixing in the atmosphere, unrepresentative emission fac-536

tors in the inventory, CO production by VOCs, and unaccounted for changes in sources537

with large emissions such as wildfires. This demonstrates the continued need for both538

observations, and emission inventories to understand changes in global CO.539

Originally we anticipated determining unique XCO behavior for various cities. We540

find however that in all but a few cases the cities behave similarly to the surrounding541

region, which makes distinction difficult. There are several reasons cities may usually not542

be distinguishable. 1) CO emissions within a city may actually be changing at the same543

rate as emissions in the surrounding region. Given the clustering of urban areas, this could544

make regional effects the same as those within a city. 2) Averaging kernels may play some545

role since they peak around the mid-troposphere and are smaller at the surface. Thus546

retrieved XCO trends here are most reflective of free troposphere trends. This could lead547

to under-amplification of CO changes in the retrievals at the surface compared to the548

rest of the troposphere. Pollutants emitted at the surface are expected to mix upwards549

as they spread throughout a larger region. 3) Measurement uncertainty, especially bias550

in the MOPITT measurements could affect differences. For example aerosols are nearly551

always a source of uncertainty in trace gas retrievals and can be co-emitted with CO from552

urban sources. When compared with individual TCCON sites, MOPITT XCO bias typ-553

ically varies from 3 to 10 ppb (Hedelius et al., 2019). 4) MOPITT has an individual foot-554

print size of 22×22 km2 which is on order of the size of cities. The TROPOspheric Mon-555

itoring Instrument (TROPOMI) launched in 2017 has spatial footprints about 10 % of556

the size of MOPITT and is even better suited to study urban areas (Borsdorff et al., 2018).557

The Geostationary Carbon Cycle Observatory (GeoCARB) expected to launch in 2022558

will have footprint sizes about one-third those of TROPOMI and will also be able to make559

multiple measurements over an area in one day (Moore III et al., 2018).560

Trends in XCO are generally indistinguishable from those in the surrounding re-561

gions for this period. However, for some cities XCO may have decreased significantly be-562

fore MOPITT observations began. Los Angeles is the only location where we have ground-563

based column CO measurements going back to the 1980s, but this case study highlights564

the positive effects of technological improvements and emissions regulations. In the 1960s,565

Los Angeles was the smog capital of the world (Haagen-Smit, 1970), but now XCO lev-566

els are at or near those of the rest of the surrounding region. Smog mitigation efforts that567

started in LA have been adopted in much of the rest of the world leading to much bet-568

ter air quality and more efficient vehicles. This transition to cleaner combustion, along569

with large regional specific declines in XCO shows the positive impact of a single city or570

region.571
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