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Abstract

Accurate estimates of regional carbon dioxide (CO2 ) sources and sinks are necessary
to further our understanding of the carbon cycle and improve predictions of future
climate change. CO2 surface fluxes can be constrained using atmospheric CO2
observations combined with atmospheric transport models through so-called topdown or inverse methods. At regional scales, however, inverse estimates of CO2 fluxes
have been shown to be sensitive to errors in model representation of atmospheric
transport. How to account for such atmospheric transport errors in inversions is
currently not well understood.
This dissertation examines the impact of atmospheric transport errors on simulated atmospheric CO2 mole fractions and inferred CO2 fluxes at subcontinental
scales and hourly to monthly time scales. We first investigate how much space for
improvement there is in two contemporary CO2 analysis datasets by comparing CO2
mole fractions from the analyses with airborne in situ measurements of CO2 from
the Atmospheric Carbon and Transport – America field campaigns in summer 2016
and winter 2017. The analyses show an overall good agreement with observations
except for large biases in near-surface CO2 mole fractions in the Mid-Atlantic region
of the United States during summer, which suggests that CO2 fluxes can be further
optimized in this region. Next, we quantify how transport errors due to uncertainiii

ties in meteorological initial conditions propagate to errors in atmospheric CO2
mole fractions through ensemble sensitivity experiments in a regional mesoscale
model. Transport errors in CO2 are found to be of comparable magnitude and
share similar spatiotemporal characteristics as errors due to uncertainties in CO2
fluxes on sub-monthly time scales. Finally, we present the development of a coupled
carbon–atmospheric data assimilation system for regional CO2 flux inversion. This
data assimilation system uses the ensemble Kalman Filter to optimize both meteorological variables and CO2 mole fractions and fluxes. Coupling the atmospheric
and carbon states allows us to investigate the role of atmospheric transport errors
in the CO2 flux optimization. The data assimilation system is tested in a series
of perfect model experiments with synthetic observations to examine how well the
CO2 flux inversion performs when different types of errors are introduced.
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Chapter 1

Introduction

1.1

Why we study the carbon cycle

Atmospheric carbon dioxide (CO2 ) levels have increased rapidly since the Industrial
Revolution, from around 280 parts per million (ppm) in the pre-industrial era to
levels that persistently exceed 400 ppm starting from 2016 (Le Quéré et al., 2017).
The excess CO2 in the atmosphere traps more longwave radiation emitted by the
Earth and enhances the greenhouse effect. CO2 has been identified as a key driver
behind recent climate change, and may have profound effects on the local to global
climate in the future with most likely negative consequences for humanity (IPCC,
2013).
Although atmospheric CO2 levels are steadily increasing, dominantly because
of human emissions from fossil fuel burning and cement production and land-use
change, the amount of CO2 added to the atmospheric budget shows large variations
from year to year (Le Quéré et al., 2017). Only about half of the anthropogenic CO2
emissions remains in the atmosphere, while the other half is partitioned between

the oceans and terrestrial biosphere. Land sources and sinks are responsible for
most of the interannual variability in atmospheric CO2 growth rate (Bousquet et al.,
2000) and are strongly affected by atmospheric conditions, for example El Niño
events (Keeling and Revelle, 1985) and internal climate variability.
There is evidence that the biosphere may take up more CO2 when the atmospheric CO2 levels are higher (“the CO2 fertilization effect”; see e.g. Schimel et al.,
2015). Furthermore, increasing temperatures especially at high latitudes have led
to shifts in ecosystems, such as the greening trend in the Arctic (Pearson et al.,
2013). These effects may enhance the terrestrial sink of atmospheric CO2 and help
to partly offset anthropogenic emissions. On the other hand, continued climate
change could potentially act to accelerate the atmospheric growth of CO2 . For
example, the carbon sink in the Arctic may be overtaken by CO2 release from vast
reservoirs of soil organic carbon from this region (Commane et al., 2017), which
were previously trapped in permafrost. Continued warming and worsened droughts
in the tropics and mid-latitudes could reduce the carbon uptake by plants and
increase the occurrence of wildfires. The complex interactions between the carbon
cycle and the climate system makes it difficult to predict how the CO2 sources and
sinks will change in the future.

2

1.2

What the atmosphere can tell us about carbon sources and sinks

There are two main strategies to estimate CO2 sources and sinks: the bottomup and top-down approach. In bottom-up approaches, CO2 fluxes are estimated
from e.g. inventories or process-based models. Top-down approaches start from
measurements of e.g. atmospheric CO2 mole fractions and attempt to constrain
CO2 fluxes from the data. Both approaches have their strengths and weaknesses, and
ideally the two approaches should converge to similar estimates. In reality, however,
it has been a constant challenge for the carbon cycle community to reconcile results
from bottom-up and top-down studies.
The global carbon budget is believed to be relatively well constrained at annual
scales using a combination of inventory data, process-based models, and atmospheric
measurements. The terrestrial biosphere CO2 sources and sinks constitute one of
the largest uncertainties in the carbon budget, and the net contribution from
terrestrial fluxes is often reported as the residual between CO2 sources due to fossil
fuel and cement emissions and land-use change and the sum of ocean uptake and
atmospheric CO2 increase (see e.g. IPCC, 2013). Process-based models that simulate
the exchange of carbon between the atmosphere and biosphere based on knowledge
about photosynthesis and respiration show large-scale and persistent differences in
regional-scale CO2 fluxes (Huntzinger et al., 2012). Measurements of CO2 fluxes
from flux chambers and eddy covariance towers are typically representative of
fluxes within only a few meters to tens of kilometers of the sampling site. Inferring
regional-scale CO2 sources and sinks from these local flux observations is challenging
3

because of the large heterogeneity in CO2 fluxes.
Atmospheric CO2 mole fractions contain footprints of surface fluxes over larger
regions (Gloor et al., 2001) because the atmosphere integrates the fluxes over a
range of temporal and spatial scales. Top-down approaches that use observations
of atmospheric CO2 to solve for fluxes are often referred to as inverse methods.
One of the most iconic inverse studies for the carbon cycle is Tans et al. (1990), in
which the authors compared the modeled latitudinal gradient of CO2 mole fractions
with CO2 observations. The general circulation model produced a much stronger
gradient than revealed by observations, which suggests that there is a CO2 sink that
was not accounted for. Based on the best available oceanic CO2 flux estimates, the
authors concluded that the missing sink was most likely terrestial and somewhere
in the Northern Hemisphere.
Spurred by the success of earlier inversions studies, there has been a growing
interest in developing more advanced inverse methods and applying them to smaller
and smaller scales. With the addition of new observations, for example more precise
measurements of column-averaged CO2 from satellites, there is hope that these
data-driven top-down approaches will reveal additional insights about the carbon
cycle.

4

1.3

The challenges of source/sink attribution and
transport errors

Inverse methods are not without their challenges. A major issue for most inverse
methods is that the problem they attempt to solve is ill-posed because of a lack
of observations, which can make the solutions sensitive to prior assumptions and
noise in the data. Ill-posed problems can be stabilized through regularization,
for example by solving for CO2 fluxes over larger regions, but this may in turn
introduce significant aggregation errors (Kaminski et al., 2001). Another issue is
that systematic model errors can lead to large biases in estimated CO2 fluxes.
One of the most essential components of an inversion system is the atmospheric
transport model, which link atmospheric CO2 mole fractions with CO2 surface fluxes.
During the TransCom experiment, it was found that differences in atmospheric
transport models can lead to significant differences in regional estimates of CO2
sources and sinks (Gurney et al., 2002).
Despite the importance of accurately representing atmospheric transport in CO2
inversions, many current inversion system use relatively coarse-resolution models
and offline meteorology, i.e., atmospheric variables are provided by a meteorological
dataset that typically contains new values every 6 hours. Furthermore, most inversions do not explicitly account for transport errors and instead prescribe simple
error characteristics, e.g. uncorrelated errors in space and time with a constant
magnitude. Any biases in modeled CO2 mole fractions will therefore be attributed
to errors in CO2 fluxes.
With denser observations from e.g. satellites, the assumption of uncorrelated
5

transport errors is most likely not valid, and neglecting the correlations can lead to
significant biases in regional CO2 flux estimates (Chevallier et al., 2010a). In order
to more accurately estimate regional CO2 sources and sinks using inverse methods,
it is therefore essential to improve our understanding of atmospheric transport
errors.

1.4

Dissertation outline

The inverse procedure to constrain surface CO2 fluxes using atmospheric observations of CO2 can be broken down into the following steps:
1. Starting from a prior guess of the CO2 fluxes, run an atmospheric transport
model forward in time to obtain CO2 mole fractions.
2. Compare modeled atmospheric CO2 mole fractions with observations.
3. Based on model–data mismatches and knowledge about the relationship between CO2 fluxes and CO2 mole fractions and associated error characteristics,
adjust the prior CO2 flux field to better match the modeled and measured
CO2 mole fractions.
In this dissertation we will investigate each of these steps in order to better understand how atmospheric transport errors affect regional CO2 inversions. Chapter 2
compares modeled and optimized CO2 mole fractions from two analysis datasets
with airborne in situ observations of CO2 from the first two Atmospheric Carbon
and Transport (ACT) – America field campaigns, which were conducing over the
course of six weeks in summer 2016 and winter 2017. The comparison between
6

the state-of-the-art CO2 analysis systems, which assimilate CO2 observations to
optimize CO2 fluxes and indirectly CO2 mole fractions, with independent observations from ACT-America provides a benchmark for how well current top-down
methods perform and how much room there is for improvements in terms of constraining regional-scale CO2 fluxes. Chapter 3 quantifies the impact of different
errors sources in the forward modeling of atmospheric CO2 mole fractions using a
regional mesoscale model. The error sources considered are atmospheric transport
errors, errors in the prior fluxes, and errors in the CO2 lateral boundary conditions.
Finally, Chapter 4 presents a coupled carbon–atmospheric data assimilation system
that we have developed to investigate the effect of transport errors.

7

Chapter 2

Validation of regional CO2 mole fractions in the
ECMWF CAMS real-time atmospheric analysis
and NOAA CarbonTracker Near-Real Time
reanalysis with airborne observations from
ACT-America field campaigns

2.1

Introduction

The capabilities to monitor atmospheric carbon dioxide (CO2 ) using in situ and
remote sensing observations combined with numerical models have rapidly evolved
to improve our understanding of biogenic CO2 sources and sinks and to provide
independent estimates of anthropogenic CO2 emissions (see e.g. National Research
Council, 2010). Changes in atmospheric CO2 can be used to infer uptake and
release of CO2 from terrestrial ecosystems and the ocean through inverse methods
(Enting, 2002), which in turn help us understand how the natural carbon cycle

responds to both natural and human-induced environmental changes including
climate disturbances and human land-use management (e.g. Bousquet et al., 2000;
Patra et al., 2005; Rdenbeck et al., 2003; Schimel et al., 2001). Moreover, applied at
regional to urban scales, inversions may become critical tools in the future to support
policies aimed at limiting greenhouse gas emissions by providing independent datadriven checks on emissions accounting (e.g. Lauvaux et al., 2013; National Research
Council, 2010).
To support these efforts, a wide variety of inversion systems have been developed over the past decade. Two state-of-the-art global near-real time CO2 analysis
systems are the Copernicus Atmosphere Monitoring Service (CAMS) real-time atmospheric analysis developed by the European Centre for Medium-Range Weather
Forecasts (ECMWF), and the CarbonTracker Near-Real Time (CT-NRT) reanalysis developed by the National Oceanic and Atmospheric Administration (NOAA).
These two systems provide global gridded estimates of atmospheric CO2 mole fractions and CO2 surface fluxes by combining observations of atmospheric CO2 with
chemical transport models. CAMS optimizes the atmospheric CO2 state and CO2
fluxes by assimilating column-averaged CO2 (XCO2 ) satellite data, while CT-NRT
optimizes CO2 fluxes by assimilating mainly in situ and flask measurements of CO2
and updates the atmospheric CO2 state accordingly. The two analysis products
are described in more details in Section 2.2.1. In addition to keeping track of the
global CO2 budget, these global analyses are highly valuable for providing initial
and boundary conditions for e.g. limited-area inversion systems.
The spatiotemporal distribution of atmospheric CO2 is difficult to accurately
estimate and forecast for several reasons. For one, because CO2 is a relatively inert
9

gas with a long life time in the atmosphere, the signals characterizing CO2 variability
in the free troposphere are comparably small, which imposes strigent requirements
on the precision of observations and accuracy of modeling the atmospheric transport.
Close to the surface in the atmospheric boundary layer, on the other hand, CO2
mole fractions are strongly influenced by heterogeneous surface CO2 fluxes that
are not well characterized at regional scales (e.g. Chevallier et al., 2010b). In situ
observations of CO2 from instruments such as tall towers can provide long-term
measurements of CO2 at high mutual compatibility, but lack the spatial coverage
to accurately capture spatial gradients in CO2 created by varying weather systems.
The new generation of satellites in sun-synchronous, polar low-Earth orbits that
focus on CO2 , i.e., the Greenhouse Gases Observing Satellite (GOSAT; Kuze et al.,
2009) and Orbiting Carbon Observatory-2 (OCO-2; Crisp et al., 2004; Eldering
et al., 2017) provide column-averaged XCO2 measurements over the whole globe,
but suffer in other areas such as long revisit times, lack of data in cloudy conditions
and at high latitudes where the sunlight is insufficient, and little information about
the vertical distribution of CO2 . Additional regular observations including surface
and aircraft flasks and aircraft in situ profiles also lack the spatial and temporal
coverage to fully characterize the flux and transport uncertainties of CO2 (Hurwitz
et al., 2004).
Atmospheric Carbon and Transport (ACT) – America is a National Aeronautics
and Space Administration (NASA) Earth Venture Suborbital mission that aims to
fill the spatial gap in CO2 observations by conducting five airborne campaigns over
three regions spanning the Eastern United States. One of the overall goals of ACTAmerica is to quantify and reduce atmospheric CO2 transport errors to obtain
10

more accurate CO2 flux estimates from inversions. During each ACT-America
field campaign, two weeks are spent in each of three regions to sample the CO2
spatial variability in fair weather conditions and across weather systems from two
coordinated aircraft. The aircraft take in situ measurements of CO2 and other
trace gases and meteorological variables along pre-designed flight patterns. The
flight patterns include both long horizontal legs in the boundary layer and free
troposphere, as well as several vertical profiles, and were designed to measure CO2
where there are large uncertainties in transport and/or fluxes. Because of the large
spatial extent and high spatial resolution of the flight measurements, ACT-America
observations provide an ideal verification dataset to evaluate current inversion
systems for spatial domains typical of mid-latitude weather systems.
In this study, we provide a first evaluation of the CAMS analysis and CT-NRT
reanalysis of CO2 against ACT-America airborne measurements from the summer
2016 and winter 2017 field campaigns. We present comprehensive summary statistics from comparisons with hundreds of hours of airborne in situ measurements to
assess the reliability of the global (re)analyses. Furthermore, we compare the analyses and observation mismatches with the differences between the two (re)analyses
to investigate if the difference between the two independent CO2 estimates can be
used to quantify the uncertainties in the estimates. Although these two systems
have previously been evaluated against observations—see e.g. Agust-Panareda et al.
(2014, 2017); Boussetta et al. (2013); Massart et al. (2016); Tang et al. (2018) for
CAMS and its successors; and Peters et al. (2005, 2007) for CarbonTracker—this
study is unique because it provides the first inter-comparison with both the CAMS
analysis and CT-NRT reanalysis against independent high-resolution in situ air11

borne observations of CO2 that cover a large portion of Eastern United States.
Subsequent studies to be reported elsewhere will further examine the transport uncertainties associated with different weather systems such as mid-latitude cyclones.
The paper is structured as follows. Section 2.2 describes the CAMS analysis, CTNRT reanalysis, and ACT-America field campaigns. The inter-comparison results
are presented in Section 2.3, and Section 2.4 concludes the paper.

2.2
2.2.1

Data and methodology
CAMS analysis and CT-NRT reanalysis

The CAMS global analysis of CO2 mole fractions (Massart et al., 2016) is generated
by assimilating the column-averaged XCO2 products from the Japanese satellite
GOSAT into the CO2 forecast model (Agust-Panareda et al., 2014) based on the
ECMWF four-dimensional variational (4DVar) system (Engelen and McNally, 2005).
The GOSAT satellite has a revisit frequency of two weeks. Both the forecast
model and the data assimilation system are based on those used in the Integrated
Forecasting System, the leading operational global weather prediction system from
ECMWF. A cycling system with a 12-hour assimilation window is used for the
CO2 analysis with the background estimate derived from the short-term forecast
initialized from the previous analysis cycle, while the meteorology initial conditions
at each forecast cycle come from the ECMWF operational analyses. The real-time
atmospheric analysis and forecasts are available on a Gaussian grid of the ECMWF
global model (∼16 km × 16 km and 91 vertical levels). The surface CO2 fluxes
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from the terrestrial biosphere are directly modeled using the CTESSEL carbon
module (Boussetta et al., 2013). Other sources and sinks of CO2 are prescribed
from different inventory sources and datasets. These fluxes are not directly updated
by the observations assimilated. The details of the CAMS analysis products are
available online at http://www.gmes-atmosphere.eu/news/co2 forecasts, and the
data assimilation system is described in Massart et al. (2016).
NOAA’s CarbonTracker system assimilates in situ CO2 observations to optimize CO2 fluxes using an ensemble Kalman Filter system. In this study we used
CarbonTracker Near-Real Time (CT-NRT) v2017, which is an extension of the
CarbonTracker system that provides more timely CO2 analyses. One major difference from the standard CarbonTracker system is that CT-NRT uses a statistical
prior flux model because output from the terrestrial biosphere model used by CarbonTracker, the Carnegie-Ames Stanford Approach biogeochemical model, is not
available in near-real time. Furthermore, CT-NRT assimilates fewer observations
with less quality control compared with CarbonTracker. Observations assimilated
by CT-NRT include ground-based measurements such as marine sampling stations and continental tower sites. The atmospheric transport is simulated using
the TM5 offline global chemical transport model driven by meteorology from the
ERA-Interim reanalysis. TM5 is run globally at a resolution of 3◦ longitude × 2◦
latitude horizontal resolution and 25 vertical layers, and in a nested grid over North
America at 1◦ × 1◦ resolution. The results presented in this study are from the regional nested high-resolution grid available as 3-hourly averages. In CarbonTracker
and CT-NRT, a set of scaling factors are optimized for different pre-defined regions
based on ecosystem types and ocean basins. Only biospheric and oceanic fluxes
13

are optimized. Prior ocean fluxes are derived from air-sea differences in partial
pressure of CO2 from ocean inversions or direct measurements, and the fossil fuel
and wildfire emissions are based on inventories. A long assimilation window is used
in the optimization. Prior to the v2017 release the assimilation window length
was 5 weeks, and in v2017 a 12-week window is used to better capture the strong
2015–2016 El Niño event. More information about the CarbonTracker system can
be found in Peters et al. (2005, 2007) and in the CarbonTracker documentation,
which is available online at
https://www.esrl.noaa.gov/gmd/ccgg/carbontracker/CT2016 doc.php.
Because CAMS and CT-NRT use different approaches to optimize atmospheric
CO2 mole fractions and fluxes, and assimilate different observations of atmospheric
CO2 , the estimates from the two analysis systems can be considered mostly independent. Note however that both systems are driven by meteorology from the
Integrated Forecasting System and may therefore share some biases related to
transport errors. In this study we will evaluate how independent the CAMS and
CT-NRT are by comparing their differences with the differences between each
individual product and independent ACT-America observations.

2.2.2

ACT-America field campaigns and data

The three mission goals of ACT-America are: (1) quantify and reduce atmospheric
transport uncertainties; (2) improve regional-scale estimates of CO2 and methane
fluxes; and (3) evaluate the sensitivity of OCO-2 XCO2 measurements to regional
variability in tropospheric CO2 . To achieve these goals, five field campaigns in four
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Table 2.1: A brief overview of the research flights performed by NASA’s B-200
and C-130 over the three ACT-America subregions during the summer 2016 field
campaign. Shown are the dates, number of research flights, flight hours, number of
horizontal or straight-level flight legs, and number of vertical profiles. The profiles
were obtained via spirals, en route ascents and descents, and during take-offs and
landings.
Summer 2016
Summary
Dates
Research flights
Flight hours
Straight-level legs
Vertical profiles
Regions
Dates
Research flights
Straight-level legs
Vertical profiles

Mid-Atlantic
15–30 Jul
7
51
88

15 Jul – 28 Aug, 2016
25
225
182
272
MidWest
South
1–15 Aug 16–28 Aug
9
9
62
69
98
86

Table 2.2: Same as Table 2.1 but for the ACT-America winter 2017 field campaign.
Winter 2017
Summary
Dates
Research flights
Flight hours
Straight-level legs
Vertical profiles
Regions
Dates
Research flights
Straight-level legs
Vertical profiles

South
1–12 Feb
8
48
64

1 Feb – 10 Mar, 2017
25
216
157
216
MidWest Mid-Atlantic
13–27 Feb
1–10 Mar
9
8
67
42
86
66

seasons over three regions in the Eastern United States (Mid-Atlantic, Midwest,
and South) are being conducted. In this paper, we report on the findings of the
first two field campaigns, which were conducted during summer 2016 (Table 2.1)
and winter 2017 (Table 2.2). The ACT-America flights encompassed most of the
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Figure 2.1: Flight tracks during the ACT-America summer 2016 campaign in
Midwest (blue lines), Mid-Atlantic (yellow lines), and South (red lines). (a) and
(b) show the flight tracks with respect to longitude and latitude, and (c) and (d)
show the same tracks with respect to latitude and pressure level. The shadings in
(a) and (b) show the mean CO2 mole fractions for July–August 2016 at around 850
hPa for the CAMS analysis and CT-NRT reanalysis, respectively. Similarly, the
shadings in (c) and (d) show the zonally averaged mean CO2 mole fractions over
the domain for July–August 2016 for the CAMS analysis and CT-NRT reanalysis.
Eastern United States with an average of 25 research flights during each season.
The ACT-America field experiments aim to obtain in situ and remote sensing
measurements of meteorological variables, greenhouse gases and other trace gases
(e.g. carbon monoxide, ozone, and carbonyl sulfide). Two instrumented NASA
aircraft were operated out of NASA Langley Research Center and NASA Wallops
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Figure 2.2: Same as Figure 2.1 but for the ACT-America winter 2017 campaign.
The shadings show the mean CO2 mole fractions for January–February 2017.
Flight Facility for the Mid-Atlantic part of the campaign; Lincoln, Nebraska for
Midwest; and Shreveport, Louisiana for South. Figures 2.1 and 2.2 show the flight
tracks for the summer 2016 and winter 2017 campaigns, respectively, plotted on
top of the average CO2 mole fractions from the CAMS analysis and CT-NRT
reanalysis. The B-200 aircraft was mainly equipped with in situ sensors measuring
meteorological variables and greenhouse gases while the C-130 aircraft was equipped
with both lidar remote sensing and in situ sensors measuring both trace gases and
meteorological variables. During the summer 2016 and winter 2017 field campaigns,
both aircraft were deployed for 2-week periods in each region totaling 6 weeks
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for each campaign. Three types of research flight patterns were performed: (1)
frontal weather research flights to obtain greenhouse gas structures across frontal
boundaries; (2) fair weather research flights for measuring greenhouse gas variability
over large regions associated with surface fluxes; and (3) OCO-2 under-flights to
compare airborne CO2 measurements with observations from OCO-2. Observations
were typically conducted between 10 and 17 LST, focusing on mid-day, well-mixed
conditions in the atmospheric boundary layer. In addition to the horizontal flight
legs flown at multiple altitudes, often over distances greater than 600 km, vertical
variability was sampled via spirals, en route ascents and descents, and take-offs
and landings. The speed of the B-200 and C-130 aircraft were on average 120
ms−1 and 100 ms−1 , respectively, and we use here quality-controlled 5 s averaged
PICARRO Cavity Ring Down Spectrometer measurements of atmospheric CO2
with a resulting horizontal resolution of about 500 m.
To focus on conditions when the atmospheric boundary layer is relatively wellmixed, we excluded data collected during take-off and landing, which sometimes
contain stable morning atmospheric boundary layer and coastal conditions. These
measurements are also likely to be heavily influenced by local fossil fuel emissions
close to the airport. Take-offs and landings were identified using the Maneuver
Flag provided with the data. For research flights when this information was not
available, we identified take-offs as the first legs when the average aircraft pitch
exceeds 5◦ over a 5-minute moving window, and landings as the last legs when the
average aircraft pitch is less than −5◦ over the same window length.
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2.2.3

Inter-comparison strategy and metrics

After identifying which flight data to use, we linearly interpolated the CAMS and
CT-NRT analyses of CO2 mole fractions both in time and space to each of the
valid ACT-America airborne measurements at the observed time and location. The
model data are given on pressure levels, so we used the flight barometric altitude in
the vertical interpolations. However, when presenting the results we use the GPS
altitude of the aircraft as the vertical coordinate, which is the height above the
reference ellipsoid (World Geodetic System 1984). Our emphasis is on the overall
differences, uncertainties, and biases over different subregions and different seasons
as a function of altitude, which guides our calculation and characterization of the
error and difference statistics accordingly.

2.3
2.3.1

Results
Summer 2016

Figure 2.3 shows the comparison of the mean CO2 mole fractions profiles averaged
over all flight measurements along with each of the three subregions of the 2016
summer phase of the ACT-America field campaign. Averaged over all flights and
over all subregions, the mean CO2 profiles simulated by both the CAMS and CTNRT global analyses interpolated to the flight-level positions are consistent with
the mean profiles of the ACT-America measurements. All estimates show much
reduced CO2 mole fractions below 2 km with the lowest values at around 1 km.
Above the boundary layer, the mean CO2 mole fraction increases gradually with
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Figure 2.3: Vertical distribution of CO2 mole fractions averaged over all flights
during the ACT-America summer 2016 campaign for (a) all regions, (b) MidAtlantic, (c) Midwest, and (d) South. The CAMS and CT-NRT CO2 products
were linearly interpolated in time and space to match the ACT-America flight
tracks.
height from a mean value of around 400 ppm at 3 km for both analyses and ACTAmerica measurements to between 403 and 405 ppm at the highest level of aircraft
measurements. There are some systematic biases in both analyses (Figure 2.4a).
The CT-NRT reanalysis has a systematic low bias of 1–3 ppm below 2.5 km while
the CAMS analysis has a slight high bias of around 1 ppm above this altitude.
Further examination shows that most biases in both the CAMS and CT-NRT
analyses come from the Mid-Atlantic region (Figure 2.4b). Here, the CT-NRT
analysis has a low bias of as much as 10–12 ppm below 2 km but reduces to below
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Figure 2.4: Vertical bias of CO2 mole fractions averaged over all flights during
the ACT-America summer 2016 campaign for (a) all regions, (b) Mid-Atlantic, (c)
Midwest, and (d) South. The blue lines show the bias in CAMS with respect to
ACT-America observations, the green lines show the bias in CT-NRT with respect
to ACT-America observations, and the brown lines show the difference between
the CAMS and CT-NRT products.
0.5 ppm at 3 km and above. The CAMS analysis has a high bias of 12 ppm near
the surface that drops to around 2-3 pm at 1–6 km, and below 1 ppm above 6 km.
Across the other two subregions (Midwest and South) the mean difference between
each of the analyses and ACT-America observations are generally less than 1 ppm
for the flights above 2 km and are generally no larger than 4 ppm below 2 km.
Figure 2.5 shows the root-mean-square deviations (RMSDs) between both analyses and the ACT-America observations as well as between the two analysis products
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Figure 2.5: Vertical distribution of RMSD of CO2 mole fractions averaged over
all flights during the ACT-America summer 2016 campaign for (a) all regions, (b)
Mid-Atlantic, (c) Midwest, and (d) South. The blue lines show the RMSD between
CAMS and ACT-America observations, the green lines show the RMSD between
CT-NRT and ACT-America observations, and the brown lines show the RMSD
between the two CO2 (re)analysis products.
(CAMS and CT-NRT). Due to enhanced biases, and larger spatiotemporal variability, the RMSDs of both analyses are as high as above 10 ppm below 2 km but
reduce to around 2 ppm or less above 3 km averaged across all the 2016 summer
ACT-America flight-level CO2 measurements. The RMSDs are the smallest (from
6 ppm near the surface to ∼1 ppm above 3 km for both CT-NRT and CAMS) over
the South subregion, which also has the smallest spatial variability in CO2 , and
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are the largest in the Mid-Atlantic region (from as high as 10–18 ppm close to
the surface to around 2–4 ppm for CAMS and 1–2ppm for CT-NRT above 3 km),
which is the region with the largest spatial variability in CO2 according to CAMS
and CT-NRT (Figure 2.1).
The overall RMSDs between the two analyses, though slightly larger, are comparable with respective analysis uncertainties in terms of RMSDs at different vertical
levels verifying against the ACT-America data (Figure 2.5). This result suggests
that these two mostly independent analysis estimates can be used to quantify the
overall regional CO2 analysis uncertainties over Eastern North America, which can
be used as a baseline reference for future studies in quantifying the uncertainties
of regional CO2 mole fractions and flux estimates.

2.3.2

Winter 2017

Figure 2.6 shows the comparison of the mean CO2 mole fraction profiles averaged
over all flight measurements, as well as over each of the three subregions of the
2017 winter phase of the ACT-America field campaign. First, the mean profiles
of both analyses and ACT-America show a reversal of the vertical CO2 gradient
from increasing with height during the summer of 2016 to decreasing with height
during the winter of 2017, which is expected as there is a photosynthetic uptake of
CO2 at the surface during the growing season, while during winter there is a net
gain from the surface due to respiration and fossil fuel emissions. The net change
over this 6-month period is about 5 ppm in the free troposphere averaged over all
ACT-America flight-level measurements, but the mean net change in the boundary
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Figure 2.6: Vertical distribution of CO2 mole fractions averaged over all flights
during the ACT-America winter 2017 campaign for (a) all regions, (b) Mid-Atlantic,
(c) Midwest, and (d) South. The CAMS and CT-NRT CO2 products were linearly
interpolated in time and space to match the ACT-America flight tracks.
layer is as high as 10–20 ppm.
The mean CO2 profiles interpolated from the CT-NRT reanalysis agree exceptionally well with the ACT-America 2017 winter measurements across all subregions
except for missing a peak value by 2–3 ppm at around 1 km (Figure 2.7). The
CAMS analysis on the other hand has a systematic high bias across all subregions
and at all vertical levels ranging from around 5 ppm near the surface to a near persistent 1–2 ppm high bias above 2 km. Given that the CAMS analysis assimilates
only infrequent remote sensing CO2 measurements from polar-orbiting satellites
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Figure 2.7: Vertical bias of CO2 mole fractions averaged over all flights during
the ACT-America winter 2017 campaign for (a) all regions, (b) Mid-Atlantic, (c)
Midwest, and (d) South. The blue lines show the bias in CAMS with respect to
ACT-America observations, the green lines show the bias in CT-NRT with respect
to ACT-America observations, and the brown lines show the difference between
the CAMS and CT-NRT products.
(without including surface-based tower observations as used in the CT-NRT reanalysis), and that the bias is persistent throughout the whole atmospheric column, it
is possible that such a bias is at least partially inherited from a bias in the satellite
measurements. The exact cause of this high bias in the CAMS analysis is beyond
the investigation of the current study.
The RMSDs for both analyses are considerably smaller during winter 2017 (2–6
ppm) than those during summer 2016 (6–12ppm) below 2 km but have overall

25

EC and ACT
CT and ACT
EC and CT

0

2

4

6 8 10 12 14 16 18 20 22 24 26
RMSD of CO2 concentration (ppm)

0

9
8
7
6
5
4
3
2
1
0

2

4

0

MidAtlantic

2

4

(d)

Midwest

Altitude (km)

Altitude (km)

(c)
9
8
7
6
5
4
3
2
1
0

(b)

All regions

Altitude (km)

Altitude (km)

(a)
9
8
7
6
5
4
3
2
1
0

6 8 10 12 14 16 18 20 22 24 26
RMSD of CO2 concentration (ppm)

9
8
7
6
5
4
3
2
1
0

0

6 8 10 12 14 16 18 20 22 24 26
RMSD of CO2 concentration (ppm)
South

2

4

6 8 10 12 14 16 18 20 22 24 26
RMSD of CO2 concentration (ppm)

Figure 2.8: Vertical distribution of RMSD of CO2 mole fractions averaged over
all flights during the ACT-America winter 2017 campaign for (a) all regions, (b)
Mid-Atlantic, (c) Midwest, and (d) South. The blue lines show the RMSD between
CAMS and ACT-America observations, the green lines show the RMSD between
CT-NRT and ACT-America observations, and the brown lines show the RMSD
between the two CO2 (re)analysis products.
similar level of uncertainties (1–2 ppm) above 3 km (Figure 2.8 versus Figure 2.5).
Due largely to the persistent positive bias in the CAMS analysis, the uncertainties
in the CT-NRT estimates are noticeably smaller than those of the CAMS analysis.
The RMSDs are rather comparable across all subregions and vertical levels for both
analyses except for just below 1 km, where the CAMS analysis shows a positive
bias that is not found in CT-NRT. It is worth noting that if a simple bias correction
is applied to both the CAMS and CT-NRT analyses (by subtracting the overall
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Figure 2.9: Vertical distribution of RMSD of CO2 mole fractions during the
ACT-America winter 2017 campaign after removing the biases in the CAMS and
CT-NRT products with respect to ACT-America observations. A single bias was
calculated for each region by averaging the differences above 1 km between the CO2
(re)analysis products and ACT-America observations (shown in Figure 2.7). This
bias was then subtracted from all levels before calculating new RMSDs between
CAMS/CT-NRT and ACT-America observations. Dashed lines show the RMSDs
before the bias correction (same as the lines in Figure 2.8), and solid lines show
the RMSDs after the bias correction.
mean differences from ACT-America observations above 1 km across all flight-level
measurements for each region from the respective raw analysis estimates), the biascorrected CAMS analysis would have analysis uncertainties comparable to those
of the CT-NRT analysis (Figure 2.9).
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2.4

Concluding remarks

Through verifying against hundreds of hours of airborne in situ measurements
collected during the summer 2016 and winter 2017 phases of the ACT-America
field campaign, this study systematically examines the regional uncertainties and
biases of the CO2 mole fractions from two of the state-of-the-art global analysis
products. One is the experimental real-time global carbon analysis produced by
ECMWF using a 4DVar system as part of the CAMS system, and the other one is
the near real-time reanalysis generated by NOAA’s CT-NRT system based on the
ensemble Kalman filter technique.
It is found that both the CAMS and CT-NRT CO2 analyses agree reasonably well
with the independent ACT-America in situ flight-level measurements, in particular
above 3 km. During the summer months of 2016, the analysis uncertainties of the
CAMS and CT-NRT analyses against airborne data are comparable to each other;
both are within 2 ppm from above 3 km, but increase to about 3 ppm at 2 km and
reaching as large as 10 ppm near the surface. The overall biases are small for both
analysis products while the differences between the two analyses are comparable to
the analysis uncertainties verifying against flight measurements. Similar analysis
uncertainties are found to be true also during the winter months of 2017, except
for the need for removing a ∼2 ppm systematic high bias from the CAMS CO2
analysis.
The current study provides uncertainty estimates for both analysis products
over Eastern United States and suggests that these two independent estimates
can be used to quantify the overall regional CO2 uncertainties, both of which are
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important in future studies in quantifying the uncertainties of regional CO2 mole
fraction and flux estimates, as well as in assessing the impact of regional transport
through more refined regional modeling and analysis systems. The current study
provides the first uncertainty analysis of the CAMS and CT-NRT CO2 mole fraction
estimations compared with the ACT-America airborne field measurements. The
CO2 (re)analyses and ACT-America field measurements can also be further used
to assess the fidelity and uncertainties in the CAMS real-time forecasts of CO2 .
Ultimately these uncertainty estimates and subsequent modeling experiments will
help to address the uncertainties in the CO2 flux estimates from different sources
and sinks as well as from atmospheric transport.
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Chapter 3

Characterization of regional-scale CO2 transport
uncertainties in an ensemble with flow-dependent
transport errors

3.1

Introduction

Atmospheric CO2 inversions provide a method to infer CO2 surface fluxes from
observed atmospheric CO2 mole fractions through the use of an atmospheric transport model (Ciais et al., 2010; Enting, 2002) and have been widely employed to gain
insights into the global and regional carbon cycle (e.g., Fan et al., 1998; Tans et al.,
1990). Moreover, inversions can potentially provide critical independent verification
of anthropogenic CO2 emission inventories to support future climate agreements
(National Research Council, 2010). However, there is still a considerable divergence
between results of inversions at the continental scale (Chevallier et al., 2014; Gurney
et al., 2002), which inhibits our ability to draw reliable conclusions about regional
CO2 sources and sinks. Intercomparisons of inversion systems have revealed that

the estimated CO2 fluxes are often sensitive to the inversion set-up (Gurney et al.,
2002; Peylin et al., 2013). For example, the choice of atmospheric transport model
can lead to contrasting conclusions about regional CO2 fluxes (Stephens et al.,
2007).
One of the largest sources of errors in atmospheric inversions is erroneous
representation of atmospheric conditions by the atmospheric transport model (Gloor
et al., 1999). Errors in atmospheric transport can lead to mismatches between
modeled and observed CO2 that are mistaken as flux signals. Despite the recognized
importance of transport errors in atmospheric inversions, transport uncertainties
are typically not fully accounted for in current inversion systems, to a large part
because of a lack of complete understanding of the transport error characteristics.
Transport uncertainties are typically prescribed and assumed to be uncorrelated
in space and time. With denser observations e.g. from satellite measurements, it is
expected that correlated transport errors will have a larger influence on inversion
results (Chevallier et al., 2010a).
Transport errors can be grossly divided into two components: (1) transport
errors due to errors in the transport model, including errors in model parameters;
and (2) transport errors due to errors in meteorological initial and boundary conditions. Previous studies have mostly focused on the first class of transport errors and
quantified the uncertainties using different transport models (e.g. Engelen et al.,
2002; Gurney et al., 2002) or perturbed model physics (e.g. Daz Isaac et al., 2014;
Daz-Isaac et al., 2018). However, even with a perfect transport model, there can
exist significant transport errors due to errors in meteorological initial and boundary conditions combined with intrinsic atmospheric error growth. A few studies
31

have quantified CO2 transport uncertainties due to uncertainties in meteorological
conditions at the global scale (Liu et al., 2011; Miller et al., 2015; Polavarapu
et al., 2016) and the mesoscale (Lauvaux et al., 2009), and investigated ways to
include transport uncertainties in atmospheric inversions (Lin and Gerbig, 2005;
Kang et al., 2012), but no rigorous characterization of CO2 uncertainties due to
flow-dependent transport errors has been performed at the regional to continental
scales.
In this paper we characterize transport uncertainties due to uncertainties in
meteorological initial and boundary conditions on subseasonal timescales. We focus
on a summer case during the month of July 2016 over North America, coincident
with the first intensive Atmospheric Carbon and Transport (ACT) – America
field campaign. Through the use of an ensemble data assimilation system, the
flow-dependent forecast error structures are represented by an ensemble of highresolution model simulations, and constrained by periodically assimilating simulated
rawinsonde observations. To put the transport uncertainties in perspective we
performed two additional sensitivity experiments, one in which we perturbed only
CO2 surface fluxes, and the other in which we perturbed only CO2 lateral boundary
conditions. Together these three experiments shed light on how flux signals in
atmospheric CO2 mole fractions are degraded in regional inversions by uncertainties
in atmospheric transport and CO2 lateral boundary conditions.
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3.2
3.2.1

Methods
Model and data

We use the Weather Research and Forecasting (WRF) model coupled with Chemistry (WRF-Chem; Grell et al., 2005) version 3.6.1, which is a regional chemical
transport model with online meteorology from WRF. WRF is a fully-compressible,
non-hydrostatic mesoscale model integrated on the staggered Arakawa C-grid and
with mass-based terrain-following vertical model levels (Skamarock et al., 2008).
Here WRF-Chem was run at a horizontal resolution of 27 km in a domain that
covers most of North America (see Figure 3.1) and with 60 vertical levels extending
up to 50 hPa. The vertical spacing is smallest in the boundary layer and increases
gradually with height.
CO2 is treated as an inert passive tracer; i.e., the trace gas has no feedback
on meteorological variables and is not part of any chemical reactions. Thus, the
total mass of CO2 in the model domain depends only on the surface fluxes of CO2
inside the domain and the CO2 lateral boundary conditions. We use a positive
definite 6th order diffusion scheme to more accurately simulate diffusive processes,
and the Mellor-Yamada Nakanishi and Niino Level 2.5 PBL scheme (Nakanishi
and Niino, 2006) to represent the planetary boundary layer physics. Other physical
parameterizations include the Kain-Fritsch convective scheme (Kain, 2004), Dudhia
shortwave radiation scheme (Dudhia, 1988), RRTM longwave radiation scheme
(Mlawer et al., 1997), Unified Noah Land surface model (Tewari et al., 2004), and
WRF Single-moment 5-class microphysics scheme (Hong et al., 2004).
WRF-Chem was initialized using meteorological initial conditions from the
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Figure 3.1: (a) Map of the model domain and locations of simulated rawinsonde
observations (yellow circles) that were used to constrain transport errors. The
shading shows the ocean regions that were used to perturb oceanic CO2 fluxes.
(b) Ecoregions and lakes used in the terrestrial CO2 flux perturbations (shading),
based on the ecoregions defined by Olson et al. (1985).
global European Centre for Medium-Range Weather Forecasts Interim Reanalysis
(ERA-Interim; Dee et al., 2011) and driven by boundary conditions from ERAInterim available at 6-h intervals. For CO2 mole fractions and surface fluxes, we used
the global CarbonTracker Near-Real Time (CT-NRT) v2017 reanalysis (Peters et al.,
2007) available as 3-hourly averages with a horizontal resolution of 3 × 2 degrees
longitude-latitude and 25 vertical levels. CT-NRT is provided by the National
Oceanic and Atmospheric Administration and uses observations of atmospheric
CO2 to optimize CO2 surface fluxes. To simplify the interpretation of the results,
we included only biogenic and oceanic fluxes and excluded emissions due to fossil
fuel combustion and wildfire. The contribution from the latter two sources to the
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overall CO2 distribution in summer is small compared with biological CO2 fluxes,
and their relatively small uncertainties have been mostly ignored (i.e., assumed
perfect) in current inversion systems.

3.2.2

Experiments

As noted above we performed three experiments, independently perturbing meteorological fields in the first (labeled “Transport” below), perturbing surface CO2
fluxes in the second (“Flux”), and perturbing CO2 lateral boundary conditions in
the third (“Background”). These experiments are explained next.
In the “Transport” sensitivity experiment, we followed the methodology of
Meng and Zhang (2007) to construct an ensemble of WRF-Chem forecasts with
flow-dependent transport errors. Only meteorological fields were perturbed. The
atmospheric transport model was assumed to be perfect. All ensemble members
were initialized with identical CO2 initial conditions and forced with the same CO2
lateral boundary conditions and surface fluxes.
First, we perturbed the meteorological initial conditions at 0 UTC on 1 July 2016
using climatological background error statistics to generate 41 ensemble members.
The 41st member was taken as the “truth” and run forward in free forecast mode
for one month to create a reference run. Atmospheric errors tend to grow rapidly
with time (“the butterfly effect”; Lorenz, 1963), so to constrain the magnitude of
transport errors in the other ensemble members, we extracted pseudo-rawinsonde
observations from the reference run with realistic added measurement noise and
assimilated them into the other members every 12 h using the ensemble Kalman
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filter (Evensen, 1994; Houtekamer and Zhang, 2016). The locations of the rawinsonde observations are based on the operational network from the Meteorological
Assimilation Data Ingest System and are shown in Figure 3.1a. For further information about the data assimilation system used in this study, we refer to Zhang
et al. (2006) and Meng and Zhang (2007, 2008a,b). This ensemble-based data assimilation approach allows us to explicitly model transport error structures and
estimate transport error magnitudes based on the current meteorological observation network.
To quantify the sensitivity of atmospheric CO2 mole fractions to CO2 surface
fluxes, we performed another sensitivity experiment (“Flux”) in which only the
CO2 fluxes were perturbed following the methodology of the CarbonTracker system
(Peters et al., 2007). For each predefined subregion, a random scaling factor is drawn
from a Gaussian distribution with mean 1 and standard deviation 0.4 (40 % relative
uncertainties) for oceanic fluxes (Figure 3.1a) and 0.8 (80 % relative uncertainties)
for terrestrial fluxes (Figure 3.1b) and applied to the fluxes in the subregion. Unlike
CarbonTracker, we do not optimize the scaling factors but instead keep them
constant for the whole simulation period. 40 flux realizations were generated using
this method and propagated to atmospheric CO2 mole fractions through the true
transport from the reference run.
Regional CO2 inversions also need to consider background CO2 mole fractions
that originate from outside the regional domain. In the third and final sensitivity
experiment (“Background”), we assessed the uncertainties in atmospheric CO2
mole fractions stemming from uncertainties in the CO2 background by driving our
regional model with lateral boundary conditions from four different global CO2
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models: CarbonTracker CT2016 (Peters et al., 2007), CMS-Flux GEOS-Chem (Liu
et al., 2014), TM5 4DVAR (Basu et al., 2016), and GEOS-Chem-CarbonTracker
(Schuh et al., 2015). One caveat of this experiment is that we used data from
2010 instead of 2016 because that was the last year for which all products were
available to us when this study was conducted. This point is not critical for our
study because we are interested in the uncertainties (i.e., the resulting ensemble
spread) rather than the actual CO2 mole fractions, and focus on error statistics
and orders of magnitudes. As in the flux sensitivity experiment, the background
sensitivity simulations were run using the true transport from the reference run, but
unlike the other experiments we spun up the background sensitivity simulations for
several months to include uncertainties in the initial conditions for the background.
These three experiments quantify the sensitivity of atmospheric CO2 mole
fractions to uncertainties in transport, CO2 surface fluxes, and CO2 background
mole fractions. Unless otherwise noted, all uncertainties are reported in terms of
one ensemble standard deviation in CO2 mole fractions of all simulations in each
experiment. Whenever uncertainties were integrated in space or time, we averaged
the squared ensemble standard deviations (i.e., the variances) and then took the
square root of the average.

3.3

Results and discussion

Atmospheric transport errors were constrained in the data assimilation system
to about 2.2 m/s for the u- and v-components of the wind in terms of vertically
and domain-integrated root-mean-square errors (RSMEs) between the mean of the
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Figure 3.2: Time evolution of domain-integrated root-mean-square errors (RMSEs)
in (a–b) zonal component of the wind, (c–d) meridional component of the wind, and
(e–f) planetary boundary layer height. The right column shows the corresponding
mean diurnal cycles for the different meteorological variables.
ensemble simulations and the reference run (Figure 3.2). The errors in the analysis
wind fields are consistent with but slightly larger than the errors in Meng and Zhang
(2008b), which is partially because our verification domain is larger and includes
areas that are not well constrained by the rawinsonde observations. Meng and Zhang
(2008b) found that their uncertainties in the u- and v-components of the wind are
reasonable when verifying against observations. RMSEs in the W-component of the
wind vary between 2 and 4 cm/s (not shown). Although the ensemble simulations
and the reference run use the same boundary layer parameterization scheme, there
are significant errors in boundary layer height due to uncertainties in meteorological
conditions (Figure 3.2), with domain-integrated RMSEs 100 m for the nocturnal
boundary layer (6–12 UTC) to 250 m in the convective boundary layer (0 UTC).
Next, we focus on uncertainties in simulated atmospheric CO2 mole fractions.
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The temporal evolutions of vertically and domain-integrated transport, flux, and
background uncertainties are shown in Figure 3.3a. Uncertainties in transport or
CO2 fluxes quickly degrade the perfect atmospheric CO2 initial conditions. The
uncertainties saturate after only 12 h and maintain a consistent mean daily magnitude over time, except for an apparent increase on 9 July and a decrease on 30 July,
which are due to changes in the weekly optimized flux scaling factors in CT-NRT.
The vertically integrated transport and flux uncertainties reflect mainly the large
uncertainties close to the surface (Figure 3.3c). There is a distinct diurnal cycle
in both transport and flux uncertainties, with large peaks in the early mornings
local time related to the stratification of the nocturnal boundary layer. The diurnal
variation in transport uncertainties is not seen in column-averaged CO2 (XCO2 ;
see Figures 3.3g and 3.3h), suggesting that the large transport uncertainties in the
nocturnal boundary layer are mostly due to uncertainties in vertical mixing. The
near-surface flux uncertainties show a secondary and smaller peak in the afternoon
local time (Figure 3.3d) due to the strong photosynthetic uptake of CO2 in summer,
which is also reflected in XCO2 (Figure 3.3h).
Flux uncertainties in the free troposphere above the boundary layer take about
a week to saturate (Figure 3.3e). There is not much CO2 error growth due to
erroneous CO2 surface fluxes beyond one week because air that has been affected
by the regional fluxes is continuously advected out of the limited-area domain.
As a result of this loss of flux signals through the lateral boundaries, transport
and background uncertainties have a larger influence in the free troposphere than
flux uncertainties in our experiments. Moreover, our results suggest that transport
and background errors have significant vertical error correlation structures and
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Figure 3.3: Time evolution of domain-integrated uncertainties in CO2 in terms of
one ensemble standard deviation in the different experiments for (a–b) all vertical
model levels (not averaged), (c–d) CO2 at 100 m above ground level (AGL), (e–f)
CO2 in the free troposphere, and (g–h) column-averaged CO2 . The right column
shows the corresponding mean diurnal cycles for the different error components.
therefore do not cancel out when averaged vertically; thus, these error sources can
considerably influence XCO2 estimates (Figure 3.3g).
Figure 3.4 shows the vertical distribution of time- and domain-integrated CO2
uncertainties. For this and all subsequent time integrations we excluded the first
week to account for the spin-up time of uncertainties. Flux and transport uncertainties are largest close to the surface, as expected, while background uncertainties
vary only weakly across vertical model levels. In the afternoon, when atmospheric
CO2 mole fractions in the boundary layer are typically representative of larger areas, the time- and domain-integrated flux uncertainties near the surface are almost
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Figure 3.4: Vertical distribution of time- and domain-integrated uncertainties in
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of 1013.25 hPa.
twice as large as the transport uncertainties (Figure 3.4c), which is promising for
CO2 inversions.
Figure 3.5 shows the horizontal distributions of time-integrated CO2 uncertainties. Because we used scaling factors to perturb the CO2 surface fluxes, the flux
uncertainties at 100 m above ground level are large in areas with large fluxes (Figure 3.5b). The same areas tend to have large near-surface transport uncertainties
(Figure 3.5a) due to the stronger horizontal and vertical CO2 gradients created by
the fluxes. Background uncertainties are comparably small near the surface (Figure
3.5c) but considerable in the free troposphere (Figure 3.5f) and for XCO2 (Figure
3.5i). In the free troposphere, transport and flux uncertainties are larger in the
northern part of the domain where there is more extratropical cyclone activity
(Figures 3.5d and 3.5e). Uncertainties in XCO2 (Figures 3.5g–i) reflect the joint
uncertainties at both the surface and in the free troposphere.
Finally, we quantify how transport, flux, and background uncertainties vary
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CO2 uncertainties in the free troposphere, and (g–i) column-averaged CO2 .
from subdaily to monthly timescales. To this end, we calculated moving averages of
3-hourly instantaneous atmospheric CO2 mole fractions over different-length time
windows and then calculated the mean domain-integrated uncertainties for the
different time-averaged CO2 fields. Figure 3.6 shows the CO2 uncertainties for the
different error components with varying averaging window size. At 100 m above
ground level, transport and flux uncertainties exhibit a similar exponential decay
with increasing averaging window size, while background uncertainties decrease by
only a small amount when time-averaged (Figure 3.6a). The magnitude of near-
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Figure 3.6: Time- and domain-integrated uncertainties in CO2 in terms of one
ensemble standard deviation when the CO2 mole fractions are averaged over varying
time windows. Actual CO2 uncertainties (left column) and relative uncertainty
contributions from the different error sources to the total variance assuming that
the errors are independent (right column) for (a–b) CO2 at 100 m above ground
level (AGL) and (c–d) column-averaged CO2 . The gray lines in the left column
indicate the flux uncertainties for different relative flux errors, obtained by scaling
the 80 % flux uncertainties from the flux sensitivity experiment.
surface flux uncertainties initially decreases fastest with increasing window length
when averaged over the diurnal cycle. As the analysis is extended to longer averaging
windows, transport uncertainties decrease until they are the smallest of the error
components (Figure 3.6b). These results suggest that background uncertainties
have the largest spatial and temporal error correlation structures while transport
uncertainties have smaller error correlation length scales than flux uncertainties.
For instantaneous CO2 at 100 m above ground level, the transport uncertainties
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in our experiment yield a similar domain-integrated ensemble spread in CO2 mole
fractions as 48 % uncertainties in surface fluxes (see gray lines in Figure 3.6a).
When averaged over one week the transport uncertainties correspond to about 36
% relative uncertainties in CO2 fluxes, and over the whole month the correspondence
asymptotes to 24 %.
In terms of time- and domain-integrated uncertainties in XCO2 , the influence
of background uncertainties exceeds the other uncertainty sources at all timescales
in our month-long experiments (Figure 3.6c). Further, the relative importance
of background uncertainties increases at longer timescales (Figure 3.6d). XCO2
measurements in close vicinity of large CO2 fluxes may be useful to constrain
the fluxes (see Figure 3.5h); however, overall XCO2 measurements may be more
effective at constraining background CO2 mole fractions than surface fluxes in
regional inversions.

3.4

Concluding remarks

In this study, we quantified and contrasted uncertainties in simulated atmospheric
CO2 mole fractions in a regional model from three error sources: atmospheric
transport errors, errors in CO2 surface fluxes, and errors in CO2 background mole
fractions from the lateral boundaries. Transport uncertainties were derived from
an ensemble of simulations with perturbed meteorological fields. The uncertainties
in meteorological variables reflect the current capabilities of estimating meteorological conditions based on the operational network of rawinsonde observations and
state-of-the-art data assimilation methods. Here we have not considered transport
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errors due to model error or representation error, but nevertheless we found that
imperfect meteorological initial and boundary conditions significantly affect forward simulations of CO2 mole fractions. Transport errors are most likely larger in
real case scenarios given that atmospheric models are imperfect and most current
inversion systems use offline meteorology and coarser-resolution transport models.
The fluxes in our flux sensitivity experiment were perturbed by applying ecoregionspecific scaling factors to the fluxes following the methodology used by e.g. the
CarbonTracker system. Although these flux error covariances are highly simplified,
they correspond to the flux uncertainties that are presently used in some inversion
systems including CarbonTracker. In our study we kept the flux scaling factors
constant over the whole simulation period, but despite this long-term persistence
in flux errors, the fluxes leave a limited footprint on CO2 mole fractions in our
regional model because the flux signals are advected out of the limited-area domain.
One caveat of our modeling experiments is that the convective parameterization
scheme we used does not include tracer transport and we therefore most likely underestimate atmospheric flux uncertainties due to neglected convective transport,
especially in the southern part of the domain. Nonetheless, we do not expect the
inclusion of convective transport to change the conclusions of this study. Uncertainties in CO2 lateral boundary conditions resulted in persistent differences in the CO2
background that may arise from biases in the global systems, or from systematic
errors in the interpolation of the global CO2 mole fractions to the regional lateral
boundary conditions.
The findings of this study have several implications for regional atmospheric
inversions. Because erroneous CO2 fluxes do not lead to long-term accumulation of
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errors in CO2 mole fractions in a limited-area domain, regional inversions are likely
to benefit more from in-situ CO2 observations in the boundary layer than free tropospheric or XCO2 measurements to constrain CO2 fluxes. At short timescales the
flux signals in near-surface CO2 mole fraction estimates are degraded by transport
uncertainties, which have similar spatial and temporal patterns as CO2 uncertainties
due to erroneous fluxes. At longer timescales transport uncertainties are partially
averaged out but compensated by uncertainties in CO2 background mole fractions.
In our experiments, background uncertainties exceed transport uncertainties when
the averaging window size exceeds 5 days for CO2 observations at 100 m above
ground level. Finally, we found that CO2 lateral boundary conditions from different
global modeling systems produce persistent differences in CO2 background mole
fractions, and it may be advantageous for regional inversions to also continually
optimize the CO2 background as part of the inversion procedure.
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Chapter 4

Development of an ensemble-based coupled
atmospheric–carbon data assimilation system for
regional CO2 flux inversion with explicit
incorporation of atmospheric transport
uncertainties

4.1

Introduction

There is an increasing need to accurately estimate CO2 emissions and uptake, both
to monitor the carbon cycle and to provide independent verification of emissions
reported by inventories (National Research Council, 2010). Atmospheric inversions
offer a promising tool to quantify CO2 fluxes using atmospheric CO2 observations
(Enting, 2002). However, inverse estimates still show large differences between
different inversions (e.g. Gurney et al., 2002; Peylin et al., 2013), which suggests that
large uncertainties exist that are not fully taken into account. In order to provide

reliable estimates of carbon exchange between land/ocean and the atmosphere, it is
imperative that inversions provide both accurate estimates and proper uncertainty
quantification.
Inverse methods are usually formulated in a Bayesian framework where the
objective is to optimize CO2 fluxes using observations of atmospheric CO2 and
knowledge about the error characteristics. Earlier inversions solved for large-scale
fluxes and/or used few observations, and were able to solve a set of linear equations
directly. With the increasing resolution of flux inversions and rapid increase in
the number of observations, especially from dense observations such as satellite
measurements, traditional methods tend to be impractical due to computational
costs. Data assimilation methods offer an attractive alternative due to their numerical efficiency and their proven track record in numerical weather prediction,
and various data assimilation techniques have been applied for CO2 inversion (e.g.
Kang et al., 2012; Peters et al., 2005, 2007).
Conventional inverse methods typically define CO2 fluxes as the model state
to be optimized. To link the state to the observations, which are given in terms
of atmospheric mole fractions, an atmospheric transport model is used. However,
it is not straightforward how to account for errors in the transport model in this
formulation. Transport errors can arise both due to systematic errors in the model,
but also because of uncertainties in the meteorological initial conditions.
Here we extend an atmospheric data assimilation system to include CO2 fluxes
and mole fractions in the optimization. Thus, meteorological variables and CO2
mole fractions also become part of the state, which allows us to investigate the
effect of uncertain atmospheric transport on the flux inversion. This approach is
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similar to Kang et al. (2012), who used a simple global model in their copuled
carbon–atmospheric data assimilation system. We use a high-resolution regional
mesoscale model to get a more realistic representation of atmospheric processes.
The data assimilation system is based on the ensemble Kalman Filter (Evensen,
1994). Ensemble-based methods are attractive for many reasons. For one, they
do not require a tangent linear or adjoint model, which makes them relatively
straightforward to implement and maintain. Second, ensemble simulations scale
well with additional computing power and are well suited for parallelization. Finally,
the ensemble provides an estimate of the posterior errors after assimilation, and
also contains information about the system dynamics in its covariances. In this
study we describe the theoretical framework for our coupled carbon–atmospheric
data assimilation system, and demonstrate its usefulness for understanding how
various error sources, including transport errors, affect the inversion.

4.2

The coupled carbon–atmospheric data assimilation system

This section describes the different components of the regional atmospheric–carbon
data assimilation system. The core of the system consists of a regional atmospheric
model, which simulates the time evolution of the three-dimensional distribution
of atmospheric CO2 mole fractions, and a data assimilation scheme based on the
ensemble Kalman Filter (EnKF). Surface CO2 fluxes are prescribed from a prior
flux model and optimized simultaneously with CO2 mole fractions. Key highlights

49

of the system include: (i) a high-resolution online mesoscale model to accurately
simulate the transport of CO2 ; (ii) a computationally efficient serial EnKF implementation that is capable of assimilating dense observations including airborne
and satellite measurements; and (iii) a flow-dependent background error covariance matrix that includes both CO2 surface fluxes and atmospheric variables such
as CO2 mole fractions, which allows the data assimilation scheme to account for
transport uncertainties in the optimization. We start by giving a brief overview
of the atmospheric transport model and prior CO2 flux model. Then, we explain
the coupled carbon–atmospheric data assimilation framework and specific data
assimilation techniques for CO2 inversion.

4.2.1

Atmospheric transport model

We use the Weather Research and Forecasting (WRF) Model coupled with Chemistry (WRF-Chem; Grell et al., 2005), version 3.6.1, to perform the CO2 forward
simulation. WRF-Chem is a regional chemical transport model that uses online
meteorology from the Advanced Research WRF core, featuring fully compressible
Euler nonhydrostatic equations integrated on the staggered Arakawa C-grid and
with mass-based terrain following vertical model levels (Skamarock et al., 2008).
CO2 is treated as an inert passive tracer, i.e., the trace gas is chemically non-reactive
and does not affect other variables. It is thus possible to include several CO2 tracers
for each WRF-Chem simulation, which is advantageous for ensemble applications.
For this study WRF-Chem was configured to run in a single domain covering
the contiguous United States (see e.g. Figure 4.1), with a horizontal resolution of 27
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(a)

(d)

Figure 4.1: The locations of synthetic observations that were assimilated in the
experiments. (a) In situ CO2 observations from an idealized tower network, observing CO2 at every 540 km. (b) rawinsonde observations based on the operational
network during July 2016, which were used to constrain atmospheric transport
errors in some experiments.
km and 60 vertical levels with the smallest vertical spacing in the boundary layer.
The model domain was designed to place most of the lateral model boundaries over
the oceans to reduce interpolation errors (associated with e.g. complex terrain)
when incorporating boundary conditions from the coarser-resolution global model.
Initial and boundary conditions in CO2 mole fraction were taken from the CarbonTracker Near-Real Time (CT-NRT.v2017) reanalysis. For the initial conditions,
we first linearly interpolated CT-NRT CO2 mole fractions to the WRF-Chem grid
points, and then spun up the CO2 mole fractions by running the chemical transport
model for one month (resetting back to the global analysis for meteorological variables every 5 days, with a 12-hour spin up of meteorology every time, while keeping
the tracers between runs). CO2 boundary conditions were updated every 3 hours.
Meteorological initial and boundary conditions were provided by the European
Centre for Medium-Range Weather Forecasts Interim Reanalysis (ERA-Interim)
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product (Dee et al., 2011) at 6-hourly intervals.
WRF was set up to use a positive definite 6th order diffusion scheme that
prohibits up-gradient diffusion. The following physical parameterization schemes
were used: Mellor-Yamada Nakanishi and Niino Level 2.5 planetary boundary layer
(PBL) scheme (Nakanishi and Niino, 2006), Kain-Fritsch convective scheme (Kain,
2004), CAM radiation scheme, Unified Noah Land surface model (Tewari et al.,
2004), and WRF Single-moment 5-class microphysics scheme (Hong et al., 2004).

4.2.2

Prior CO2 flux model

In this study we use CO2 surface fluxes from the CT-NRT.v2017 prior flux model,
downloaded from the National Oceanic and Atmospheric Administration server
(ftp://aftp.cmdl.noaa.gov/products/carbontracker/co2/CT-NRT/fluxes/priors/). Because the standard biosphere flux model in CarbonTracker is not available in nearreal time, CT-NRT uses the climatology of wildfire and optimized land and ocean
fluxes from CT2016 and applies a statistical flux anomaly model to estimate the
anomalies in land fluxes. The flux anomaly model estimates daily Net Ecosystem
Exchange anomalies based on regressions of CT2016 land flux anomalies onto precipitation, shortwave radiation, and temperature anomalies from ERA-Interim. The
standard CarbonTracker system uses prior fluxes from the Carnegie-Ames-Stanford
Approach model downscaled to 3-hourly values based on assumptions about the
diurnal cycle and assumed temperature relationship for respiration and a linear
dependence of photosynthesis on solar radiation. We use the prior rather than posterior fluxes from CT-NRT because they do not have large jumps between ecoregions,
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which can happen due to how CT-NRT optimizes CO2 fluxes.
Here we consider only land biosphere and ocean CO2 fluxes. CO2 from wildfire
and fossil fuel combustion are excluded from the analyses to simplify the interpretation of the results. The latter two sources of CO2 are often assumed to be perfectly
known in CO2 inversions such as CarbonTracker and would therefore not influence
our inversion if the transport is also perfect. How e.g. fossil fuel emissions affect the
CO2 inversion when transport uncertainties are included in the flux optimization
will be investigated in a future study.

4.2.3

Data assimilation framework

The goal of our data assimilation system is to use atmospheric CO2 mole fraction observations to optimize large-scale structure in the terrestrial biosphere and oceanic
CO2 fluxes. Written in equation form, observed CO2 mole fractions y are related
to CO2 surface fluxes s through the forward operator (or observation operator) G:

y = G(s) + ε,

(4.1)

where ε is an error term that represents possible mismatches between the observations and forward modeling of s. In conventional CO2 inversions systems G is
typically called H and represents both the atmospheric transport and an operator
that maps modeled CO2 mole fractions to observations, e.g. by linearly interpolating model output to the location of observations. We use G here to avoid confusion
with common data assimilation terminology, in which the forward operator H is
responsible only for mapping model space to observation space, and usually does
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not perform any time integration. Under the assumptions that CO2 is an inert
passive tracer and the transport is known, the relationship between CO2 fluxes and
mole fraction is linear, and G can be replaced by a matrix G:

y = Gs + ε.

The inverse problem is to reconstruct CO2 surface fluxes s based on observed CO2
mole fractions y and knowledge about the error characteristics. One of the major
challenges of inverse problems is that the number of observations is in most cases
much smaller than the number of parameters s to estimate, which leads to an
ill-posed problem. Ill-posed problems can have more than one unique solution and
the solution is often sensitive to small errors. To prevent overfitting the inverse
model, it is common to add additional constraints to the optimization based on
external knowledge about the system through a procedure known as regularization.
The regularization method we use in this study is explained in Section 4.2.4.
Another challenge of inverse problems is how to account for all errors when
estimating s. In the case of CO2 inversion, possible error sources include instrument
errors, errors that arise during pre-processing or quality-control of observations,
and errors in the forward operator G. The last error source can be further divided
into transport errors due to biases and uncertainties in the atmospheric transport
model and representation errors due to unresolved spatial and temporal scales in
the model. Properly representing and weighting all these errors when solving for s
in Equation (4.1) generally requires more sophisticated methods.
Data assimilation is a set of mathematical methods that seek to find the best
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estimate of the state of a dynamical system using a combination of observations
and models. The development of data assimilation has largely been driven by
applications in numerical weather prediction, where the problem is to optimize
meteorological initial conditions to improve the accuracy of weather forecasts. There
are many different flavors of data assimilation methods, but many methods share
the same basic form; during the analysis step, the state vector x from the model
is optimized by assimilating observations y o ,


xa = xf + W y o − H(xf ) ,

(4.2)

where xa is the optimized analysis state vector, xf is the background or first guess
state vector from the previous forecast, and W is a weight function. We will also
refer to the analysis after optimization as the posterior and to the background
as the prior. H is the forward operator that maps model variables to observation

equivalents. The adjustment to the prior given by W y o − H(xf ) is called the
analysis increment.
Under the assumptions that the errors in xf and y o are normal and the dynamical model is linear, it can be shown that the following linear weight function W
minimizes the posterior analysis errors:

W = Pf H> (HPH> + R)−1 ,

(4.3)

where Pf contains the background error covariances for xf and R contains the
observation error covariances. The analysis is then used as the initial conditions to
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simulate the background at a later time using the forecast model M,

xft+1 = M(xat ).

The whole procedure is repeated by assimilating new observations at t + 1, performing a new forecast from the analysis, and so on. In summary, data assimilation
methods combine noisy information from models and observations in a sequential
time-stepping procedure to produce a more accurate estimate of the state of a
dynamical system.
For numerical weather prediction applications the state vector x can be very
large (∼ O(108 )). A major difference between different data assimilation schemes is
how they solve Equation (4.2) numerically. For example, rather than computing xa
directly from Equation (4.2), variational methods (e.g. 3D-Var and 4D-Var) seek
xa by minimizing a cost function, which can be done iteratively. Ensemble methods
(e.g. EnKF) use Monte Carlo methods to approximate the full background error
covariance matrix. Both approaches typically employ additional techniques to further reduce the dimensionality of the problem. These data assimilation techniques
make it possible for numerical weather prediction systems to assimilate millions of
observations every day into high-resolution weather forecast models.
There has been a growing interest in applying data assimilation methods to
CO2 inverse problems, in large part to overcome limitations imposed by computational resources by using techniques that have been developed by the numerical
weather prediction community. In conventional CO2 inversion systems the state
vector x consists of CO2 surface fluxes, and the forward operator H is thus both an
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atmospheric transport model that relates CO2 surface fluxes to atmospheric CO2
mole fractions, and an operator that maps model output to observation space. We
previously denoted this forward operator by G because it involves time integration
by the atmospheric transport model. Pf describes the background error covariances
in CO2 surface fluxes and is often prescribed. This formulation introduces a temporal component to H and thus to the analysis step described by Equation (4.2).
Furthermore, errors in the atmospheric transport model that is part of H are now
convoluted with observation errors and are represented by the observation error
covariance matrix R. How to compute R is not straightforward and many inversion systems prescribe a diagonal R matrix assuming that observation errors are
uncorrelated between observations and stationary in time.
In this study we use an alternative formulation of the inverse problem known as
simultaneous state and parameter estimation. We start from a typical state vector
for atmospheric data assimilation with e.g. zonal and meridional wind components
U and V , temperatures T , etc., and also include the three-dimensional atmospheric
CO2 mole fraction field CO2 :


U





 V 




x =  T .
 . 
 .. 


CO2
These variables are all quantities that are forecast by the atmospheric transport
model M. Next, we augment the state by adding to the state vector a set of
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parameters s that control the CO2 surface fluxes,


xaugmented

U





 V 


 T 


=  . .
 .. 




CO2 
s

The difference between a state variable and a parameter is that parameters are
usually not evolved in time by the forecast model M nor observed directly. This
state augmentation does not require any modifications to the update equations
(4.2) and (4.3).
The relationships between atmospheric CO2 mole fractions and CO2 surface
fluxes are now captured by the background error covariance matrix Pf . Note that for
an inert passive tracer and given atmospheric transport, the relationship between
atmospheric mole fractions and surface fluxes is linear and can be completely
represented by the covariances. In ensemble methods, the flow-dependent Pf is
estimated from the forecast model M through Monte Carlo methods. The forward
operator H is responsible only for mapping model output to observation equivalents
at the time of the analysis step and does not perform any time integration. For in situ
CO2 observations, H can represent e.g. linear interpolation of CO2 mole fractions
in the model to the position of observations. Moreover, H(s) = 0, because we do
not assimilate any observations that are directly related to s. The s parameters are
updated when assimilating other observations (e.g. atmospheric CO2 mole fractions)
through the background error covariances in Pf .
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The background error covariance matrix Pf now represents errors in the CO2
surface flux parameters s and the propagation of these errors to the atmospheric
CO2 mole fractions. Furthermore, if the atmospheric state is also perturbed, e.g.
by perturbing meteorological initial conditions, Pf will also contain transport errors. The observation error covariance matrix R contains only errors related to the
observations (instrument errors, errors from pre-processing, representation errors,
etc.). Therefore it is often reasonable to assume that observation errors are uncorrelated (i.e., R is diagonal) except for very dense observations. Further information
about how the background error covariance matrix is calculated in our ensemble
framework and how the optimization procedure is carried out can be found in
Section 4.2.6; however, before that we will briefly explain how we regularized the
surface CO2 flux parameters s, which will be important for the optimization process. The remaining subsections in this section introduce specific data assimilation
techniques that we use to deal with the CO2 inverse problem.

4.2.4

Regularization of CO2 surface fluxes

Because of the sparsity of the CO2 observational network, it is typically not possible
to constrain CO2 surface fluxes at each model grid point using atmospheric observations of CO2 mole fractions. In most cases it is necessary to apply regularization
to reduce the degrees of freedom of CO2 surface fluxes and avoid overfitting.
The form of the regularization depends on the system and observational network,
and is usually formulated based on external knowledge of the system. For the CO2
inverse problem specifically, we assume that the prior flux model does a reasonable
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job of capturing the diurnal flux variability, but may be biased on weekly to monthly
time scales because of model biases. We furthermore assume that these biases may
be persistent across large spatial scales. Therefore, instead of solving for CO2 fluxes
directly, which can exhibit large temporal and spatial variability, we let the inversion
optimize a set of scaling factors s that we assume vary more slowly in time and
space. (The scaling factors are the same thing as the flux parameters, and we will
use both terms interchangeably.)
For our preliminary tests we use a similar regularization as the CarbonTracker
system. The CO2 surface flux F at a given model grid point and time is given by
multiplying the scaling factor s in that grid point with the CO2 flux Fprior from
the prior flux model:

F (x, y, t) = s(x, y, t) · Fprior (x, y, t).

(4.4)

As mentioned before Fprior includes only terrestrial biosphere and oceanic fluxes.
Following CarbonTracker, the scaling factors s are assumed to be constant for each
ecoregion, uncorrelated between ecoregions, and slowly varying in time.
One potential problem with using this type of ecoregion regularization is that
the ecoregions can introduce both small-scale disconnected features that make the
inversion more sensitive to small errors, as well as large-scale correlations that may
be unphysical. As an example, Figure 3.1b shows the Olson et al. (1985) ecosystem
classification for our model domain. The scaling factor s would be the same for all
CO2 fluxes from the northern coniferous forests (“Cool conifer”), and an update to
the coniferous forest CO2 fluxes at the west side of the continent would also change
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the fluxes on the east side. Such long-range correlation may exist if the flux biases
are due to a common parameter in the prior flux model or continental-scale climate
disturbances, but are unlikely for more regional-scale errors. At the other end of
the spectrum, the small-scale features in ecosystems may increase errors due to e.g.
transport errors and representation errors.
To mitigate the issues with using ecoregions as our spatial regularization, we
first smoothed the Olson et al. (1985) ecosystems and then divided larger ecoregions
into smaller parts based on an objective method. The procedure is explained in
more detail in Section 4.2.5.
Note that although we use ecoregion-wide scaling factors, we still include a
scaling factor for each grid point in the state vector. The use of ecoregions is not
necessary from a computational point of view and it is also possible to use so-called
pixel-scale flux error covariances, which are usually based on assumed decorrelation
length scales. For this study we opt for the larger homogeneous ecoregions to simplify
the visualization and interpretation of the results. In the initial experiments we
test how heterogeneity within ecoregions affects the inversion.

4.2.5

Smoothing of ecoregions

The smoothing of ecoregions was performed through a multi-step procedure. First,
small-scale features were smoothed out by replacing the ecosystem in each grid
point with the most common ecosystem in the grid point and adjacent (including
diagonally adjacent) grid points. This smoothing was applied three times to remove
most of the “noisy” features. Second, we selected the 27 largest (in terms of area)
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continuous ecosystems. Grid points that did not belong to any of these 27 “base”
ecosystems were set as unclassified. The unclassified grid points were then classified
as one of the 27 base ecosystems by gradually expanding the base ecosystems in
space to unclassified grid points.
Finally, we divided large ecosystems into smaller ecosystems using k-means clustering. The objective clustering method was applied to the latitude and longitude
coordinates of all grid points belonging to the same ecosystem. We started the
clustering with one centroid and repeated the clustering with an increasing number
of centroids until the distance between any two centroids became smaller than 1000
km. At that point, we used the previous k-means cluster (in which the distances
between all centroids pairs exceed 1000 km) and reclassified the grid points based
on these clusters.

4.2.6

Ensemble Kalman Filter for state and parameter estimation

We use a serial square-root implementation of EnKF, based on the PSU EnKF
system (Meng and Zhang, 2007, 2008a,b). Here we give a brief overview of the main
techniques we use. For a more comprehensive review of the EnKF method, we refer
to Houtekamer and Zhang (2016).
EnKF is a Monte Carlo approximation to the traditional Kalman Filter. In
EnKF an ensemble of forecasts is used to estimate the probability density functions.
The ensemble mean (denoted by an overbar) is updated in the analysis step using
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Equations (4.2) and (4.3):


x̄a = x̄f + K y o − Hx̄f ,

(4.5)

K = Pf H> (HPH> + R)−1 .

The weight matrix is usually denoted by K and is referred to as the Kalman gain.
Note that we have replaced the forward operator H with its linearized variant
H. It is possible to use the full H in the square-root implementation, but we
use the linear version H to speed up the analysis step. Given that our forward
operator represents only linear interpolation of model output to observation space,
the difference between using H and H is insignificant.
The square-root implementation of EnKF updates ensemble deviations from
the ensemble mean (denoted by a prime) according to

0f
e
x0a = x0f − KHx
,

(4.6)

e is the reduced Kalman gain:
where K
r
e =
K

1+

R
f
HP H + R

!−1
K.

The estimated errors in the analysis after the analysis update is given by the
analysis error covariance matrix Pa :

Pa = (I − KH)Pf ,

63

(4.7)

where I is the identity matrix.
The background error covariance matrix Pf is estimated directly from the
ensemble members. The ensemble deviations from the ensemble mean arise due to
perturbations in the ensemble forecasts, e.g. by perturbing initial conditions, forcing
members with different CO2 fluxes, using different model physics, etc. The analysis
increment is formed as a linear combination of all background state vectors from
the ensemble members. In other words, each member gives a direction to adjust
the ensemble mean and ensemble deviations to be more similar to assimilated
observations. Formally, let X be a matrix where the columns are state vectors from
all ensemble members. Subtract the ensemble mean from each column of X to
obtain X0 containing the ensemble deviations. The background error covariances
can then be estimated as
Pf =

1
X0 X0> .
N −1

If R is a diagonal matrix (observation errors are uncorrelated), then observations
can be assimilated sequentially. In this case the matrix inversion (HPH> + R)−1
becomes a scalar inversion that is trivial to calculate. Pf H> =
1
X0 (H(X0 ))>
N −1

1
X0 X0> H>
N −1

=

describes the covariances between all state variables and the model

output mapped to observation space. If observation errors are uncorrelated and no
localization (see Section 4.2.8) is used, it can be shown that sequentially assimilating
observations is equivalent to the batch method where all observations are assimilated
at once.
The surface CO2 parameters s were updated along with the other state variables. If no localization is used (see Section 4.2.8) then all flux parameters within
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an ecoregion are updated in the same way because of our regularization (all parameters within an ecoregion are perfectly correlated). However, with localization it is
possible that the flux parameters are updated differently within one ecoregion. In
that case we aggregated the flux parameters after the analysis step by replacing
the parameter values in each ecoregion with the mean value. The s parameters
were forecast using a persistence model, i.e., st+1 = st .

4.2.7

Relaxation to prior and initial perturbations

The estimated analysis errors given by Equation (4.7) often underestimate the
actual errors because some errors are neglected (e.g. model errors) and/or due to
insufficient error growth by the forecast model M. Over time this underestimation
may lead to filter divergence because estimated background errors are much smaller
than observation errors, which means that the data assimilation method will trust
the background from the forecasts more than observations. Many methods have
been proposed to manually or adaptively inflate the analysis error covariance matrix
to avoid collapsing the ensemble. Here we use an inflation technique called relaxation to prior perturbations introduced by Zhang et al. (2004). After the analysis
step, ensemble perturbations are relaxed back to a fraction of the prior ensemble
perturbations,
0a
0f
x0a
relaxed = (1 − α)x + αx ,

where α is scalar typically between 0 and 1.
Inflation is especially important when data assimilation is used for parameter
estimation because parameters are usually not forecast, thus there is no error growth
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in time. Parameter errors can therefore only decrease with time. To avoid filter
divergence for our CO2 surface flux parameters s, we introduce relaxation to initial
perturbations, in which the parameters s inside the state vector are relaxed to
prescribed initial perturbations s0i :

0a
0a
0i
s0a
relaxed = sign(s ) · [(1 − β) · abs(s ) + β · abs(s )].

The abs function returns the absolute values of all elements in a vector and sign
returns the signs of all elements (0, 1, or −1). For a single atmospheric transport
the relationship between CO2 fluxes and atmospheric mole fractions is linear, and
there is no need to take the absolute value or use the sign function. However, when
the atmospheric transport is also perturbed, the mapping between fluxes and mole
fractions can be nonlinear due to transport errors. The absolute values are to ensure
that the relaxed analysis deviations are not reduced in magnitude when transport
errors are present, in which case some corresponding elements in s0a and s0i may
have opposite signs. This relaxation technique makes sure that the parameters in
the ensemble members maintain a minimum ensemble spread of βσsi , where σsi is
the initial ensemble spread in the parameters.

4.2.8

Covariance localization

Because EnKF estimates Pf using a limited-size ensemble, significant sampling
errors may arise due to an insufficient number of ensemble members. Sampling
errors can result in spurious covariances between state variables that are unphysical,
e.g. between variables that have no physical relationship or long-range covariances
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between distant grid points. Such spurious covariances can significantly degrade
the analysis.
To minimize sampling error due to a limited ensemble size, the background error
covariance matrix is usually localized by reducing e.g. long-distance covariances.
Here we apply a distance-dependent Gaspari and Cohn (1999) localization function
in both the horizontal and vertical direction. The localization length can vary
depending on the observation type and state variable that is being updated. For
example, CO2 flux signals may persist for a long time in the atmosphere and we
may therefore want to keep long-range covariances between atmospheric CO2 mole
fractions and CO2 fluxes.

4.2.9

Relaxation to prior values (RTPV)

We introduce another type of inflation specifically for the CO2 inverse problem. In
our simultaneous state and parameter estimation framework the error covariances
between CO2 mole fractions and CO2 surface fluxes depend strongly on the prescribed error covariances in the CO2 fluxes. Moreover, because of regularization
(Section 4.2.4), the flux error covariances typically exhibit large-scale structures
(in our case the correlation between flux errors in each ecoregion is 1). To avoid
large updates to the scaling factor parameters s, we scale the Kalman gain K and
e by a scalar 1 − γ when updating the scaling factors in
reduced Kalman gain K
Equations (4.5) and (4.6),


s̄a = s̄f + (1 − γ)Ks y o − Hx̄f ,
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e s Hx0f ,
s0a = s0f − (1 − γ)K

where the subscript s indicates that only rows related to the parameters s are
e s.
included in Ks and K
This localization has the same effect as relaxing back the analysis scaling factor
parameters sa to a fraction γ of the background parameters for both the ensemble
mean and ensemble deviations:

s̄arelaxed = (1 − γ)s̄a + γ s̄f ,
0a
0f
s0a
relaxed = (1 − γ)s + γs .

We will therefore henceforth refer to this technique as relaxation to prior values
(RTPV). RTPV reduces the impact of assimilating observations on the CO2 flux
parameters to account for errors introduced by a priori assumptions about the error
covariance structure in CO2 surface fluxes.

4.3

Experimental setup

The coupled atmospheric–carbon data assimilation system was tested in a series of
Observation System Simulation Experiments (OSSEs) where the truth is assumed
to be known. OSSEs allow us to systematically test varying assumptions and assess
how different errors affect the data assimilation performance in a controlled manner.
We focus on three types of errors: heterogeneity in the CO2 flux field, errors in
representing the planetary boundary layer (PBL), and flow-dependent atmospheric
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transport errors due to uncertainties in meteorological initial conditions.
CO2 surface fluxes were perturbed by scaling the fluxes by random scaling
factors for each ecoregion (see Section 4.2.4 and Equation (4.4)). The random
scaling factors were sampled from a normal distribution with mean 1 and standard
deviation 0.8 for terrestrial fluxes and 0.4 for oceanic fluxes, which are the same
values that CarbonTracker uses in their flux perturbations. In other words, we
assume that there is initially an 80 % relative uncertainty in the prior CO2 fluxes
over land and 40 % relative uncertainty in fluxes over the oceans. A set of “true”
scaling factors were sampled using this method to create the CO2 flux field for
the truth simulation. The true scaling factors are assumed to be constant over the
whole month of flux optimization. The objective of the OSSEs is to test how well
the inversion system can recover the true CO2 fluxes in the presence of different
errors and assumption violations.
The true CO2 fluxes were propagated to atmospheric CO2 mole fractions by
running WRF-Chem with the true CO2 fluxes. We then created synthetic in situ
CO2 observations by linearly interpolating the model values from the truth run
to the locations of the observations. For our initial experiments we used a highly
idealized CO2 tower network to test the inversion system. This tower network
(depicted in Figure 4.1a) provides CO2 mole fractions at 100 m above the ground
every 540 km throughout the model domain and no random errors were added to
the observations.
The experiments in the first set of experiments with an idealized tower network
were run for one month in July 2016, starting on July 1, 00 UTC and ending on
August 1, 00 UTC. The simulations were spun up by running a forecast without
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data assimilation for 12 hours prior to the start date. Atmospheric CO2 mole
fractions from the tower network were assimilated every 3 hours at all times. Some
previous inversion studies recommend that only afternoon CO2 observations are
used because the terrestrial PBL can be highly stratified in the night and morning,
which sometimes leads to large differences between modeled and observed CO2
mole fraction if for example the PBL is not well represented by the atmospheric
model. Here we can test for this possibility by assimilating all observations in our
OSSEs where we know the truth.
The observation error covariance matrix R was prescribed as a diagonal matrix
with the squared observation errors along the diagonal. For CO2 observations, we
assume in all experiments that the error is 1 ppm, which accounts for instrument
errors, observation processing errors,and errors due to representation error (because
of e.g. mismatches in space in time), but does not include atmospheric transport
error. All experiments use the relaxation to prior perturbations technique with
a coefficient of α = 0.75 for all observation types to inflate the analysis error
covariance matrix. Furthermore, the scaling factor deviations were relaxed to 25 %
of the initial scaling factor deviations (β = 0.25) to maintain some ensemble spread
in the scaling factors and avoid filter divergence.
Unless otherwise stated, the data assimilation system assumes that the atmospheric transport is perfect, and the ensemble members were perturbed only by
perturbing their CO2 flux fields. We use 40 ensemble members for most experiments, which was found to be sufficient to optimize the regularized flux scaling
factor parameters (36 degrees of freedom). With 40 ensemble members we are able
to include all members in one single WRF-Chem run as 40 separate tracers with
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associated flux fields. The effect of accounting for transport errors in the inversion
was examined in one experiment, which is described in Section 4.3.3.
We performed the inversion with varying RTPV coefficients and radius of influence (ROI). The ROI defines the length after which the correlations between state
variables are set to 0. Initial tests showed that vertical localization for in situ CO2
tower observations only degrades the analysis, so we turned off vertical localization
for all experiments. The RTPV coefficient determines how much observations can
impact the state variables. For example, an RTPV coefficient of 0.80 means that
only 20 % of the analysis increment is applied. For the CO2 flux parameters, a
large RTPV may be appropriate because of the strong a priori assumptions about
CO2 flux covariances, which may not adhere to the truth. Because we optimize
atmospheric CO2 mole fractions simultaneously with CO2 fluxes, it would make
sense to apply the same RTPV to CO2 mole fractions. On the other hand, we
have a high confidence in CO2 observations; it is the background error covariances
that we do not trust. It may therefore be reasonable to not apply RTPV when
updating CO2 mole fractions and instead use a tighter localization for CO2 state
variables. In this approach we try to get the best estimate of atmospheric CO2 mole
fractions at each time step while slowly optimizing CO2 flux parameters if there is
a persistent bias in CO2 mole fractions over time that are correlated with the CO2
flux perturbations. Note that the latter approach does not conserve the mass of
CO2 in the atmosphere, which may or may not be an issue in regional inversions.
We tested both approaches using the RELAX BOTH and RELAX LOCALIZE
setups, summarized in Table 4.1.
The following subsections contain more detailed information about how each
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Table 4.1: Horizontal radius of influence (ROI) and relaxation to prior values
(RTPV) coefficient for different inversion setups. The horizontal ROI and RTPV
coefficient can be different when optimizing CO2 mole fractions and CO2 flux
parameters.
Horizontal ROI (km)

RTPV coefficient γ (1)

Name

CO2

Flux parameter

CO2

Flux parameter

NORELAX
RELAX BOTH 80%
RELAX BOTH 95%
RELAX 95% LOCALIZE
RELAX 98% LOCALIZE

5400
5400
5400
1000
1000

5400
5400
5400
5400
5400

0
0.80
0.95
0
0

0
0.80
0.95
0.95
0.98

experiment was created.

4.3.1

Spatial heterogeneity in CO2 fluxes

First we examined if our inversion system can accurately estimate the mean flux
in each ecoregion if the true spatial CO2 flux error covariances differ from the a
priori assumption about ecoregion-scale perturbations. Figure 4.2 shows the true
scaling factors for the different tests. In the first test (TRUTH) we used scaling
factors that follow the a priori assumption about ecoregion-scale perturbations for
the truth to examine how well the inversion works in the most optimal setting.
Next we added random correlated noise to the scaling factors with a correlation
length scale of 1000 km over the oceans and 100 km over land. We used two
error magnitudes for the random noise, 50 % and 100% relative to the large-scale
flux uncertainties, see Figures 4.2b and 4.2c. These tests will be referred to as
NOISE 50% and NOISE 100%, respectively. When adding the noise we made sure
that the mean scaling factor value did not change in each ecoregion. In the final
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test we generated scaling factors that do not follow to the assumed ecoregion-wide
scaling factor error covariances. These scaling factors, shown in Figure 4.2d, were
sampled from a covariance matrix where the correlations between scaling factors
fall off exponentially with distance. We set the decorrelation length to 5000 km over
the oceans and 500 km over land. Furthermore, the correlation between fluxes over
land and water bodies (ocean and lakes) was set to 0. This type of distance-based
flux error correlation is similar to the error covariances used in so-called pixel-based
inversion, so we will refer to this test as PIXEL.

4.3.2

Planetary boundary layer errors

In this experiment we tested the effect of errors in representing the PBL on the
CO2 flux inversion. To this end, we ran the truth simulation using the MellorYamada Nakanishi and Niino Level 2.5 PBL scheme and used the Yonsei University
Scheme in the inversion. Note that in order to keep the atmospheric transport
consistent between the truth run and the inversions, we reset the meteorological
initial conditions (excluding CO2 mole fractions) to the truth every 3 hours. Thus,
errors due to wrong PBL scheme are allowed to grow for only 3 hours, which likely
underestimates the actual errors due to model misrepresentation of the PBL. This
experiment was performed using both the TRUTH and NOISE 100% scaling factors
to test if PBL errors aggravate errors due to small-scale heterogeneity in the CO2
flux error covariances.
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(a)

(b)

3.0
2.5
2.0
1.5
1.0

(c)

(d)

0.5
0.0
0.5
1.0

Figure 4.2: True scaling factors for different experiments. (a) Scaling factors
sampled from the same covariance matrix as the ensemble members (TRUTH). (b)
Scaling factors from (a) with 50 % relative noise added (NOISE 50%). (c) Scaling
factors from (a) with 100 % relative noise added (NOISE 100%). (d) Scaling factors
sampled from a different ecoregion-independent covariance matrix (PIXEL). The
random noise in (b) and (c) have a spatial correlation length of 1000 km over the
oceans and 100 km over land. In (d), the scaling factors have an exponentially
decaying decorrelation length of 5000 km over the oceans and 500 km over land.

4.3.3

Atmospheric transport errors

Atmospheric transport errors can arise due to both errors in the forecast model
and errors in initial and boundary conditions. Because of nonlinear error growth
in the atmosphere, small errors in atmospheric initial conditions can grow rapidly
and severely degrade the forecast. The numerical weather prediction community
has for this reason developed advanced data assimilation techniques to optimize
meteorological initial conditions with the goal of producing more accurate forecasts.
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Here we test the impact of uncertainties in meteorological initial conditions on
the CO2 flux inversion. As in all other experiments we assume that the transport
model itself is perfect (known as a perfect model experiment or twin experiment). To
create realistic transport errors, we first created an ensemble of 41 perturbed initial
conditions using climatological background error covariances. The 41st member was
taken as the truth and forecast forward in time. Next, we used the remaining 40
ensemble members to run a cycling data assimilation experiment, in which simulated
meteorological rawinsonde observations (see Figure 4.1d) were assimilated every 12
hours using our EnKF system. For the rawinsonde observations we used a horizontal
ROI of 900 km and vertical ROI of 30 vertical model levels. Note that no CO2
assimilation was performed in this set of simulations. The 12-hourly analysis fields
from the EnKF reflect the flow-dependent uncertainties in meteorological initial
conditions and were used to drive the inversions and test the impact of transport
errors on the inversion results.
We also performed a test where we included transport errors in the CO2 inversion.
To this end, we ran an inversion with an ensemble where both the meteorological
initial conditions and CO2 surface fluxes have been perturbed. Atmospheric CO2
mole fractions and CO2 flux scaling parameters were optimized alongside with
meteorological variables by assimilating CO2 tower observations and meteorological
rawinsonde observations, respectively. In this study we assimilate meteorological
observations only to constrain transport errors and do not allow meteorological
observations to update CO2 mole fraction and flux state variables to simplify the
interpretation of the results. Similarly, we do not update meteorological variables
when assimilating CO2 observations.
75

For the ensemble with mixed transport errors and CO2 flux errors we found that
there is a high probability for sampling errors. For example, the atmospheric CO2
mole fractions at point x may not be related to CO2 flux perturbations at point y, so
the ensemble correlation between the flux parameter perturbations at point y with
CO2 deviations at point x should be 0. However, with transport errors it is possible
that an ensemble member with a positive flux parameter deviation at y happens to
have a positive CO2 deviation at x, which would yield a spurious positive ensemble
correlation. Such spurious correlations are usually mitigated in EnKF by applying
distance-based localization. For CO2 flux inversion we may however not want to
remove all long-distance correlations because the CO2 signal may persist for a long
time in the atmosphere (and therefore be transported across large distances). Thus,
to solve the issue with sampling errors when transport uncertainties are included,
we used 40 transport members with 5 perturbed CO2 flux fields each, yielding a
total of 200 ensemble members for the CO2 flux inversion.

4.4

Results and discussion

The metric we use to evaluate the inversion results is the root-mean-square errors (RMSEs) in ecoregion-averaged CO2 flux scaling factors and CO2 fluxes. The
RMSEs were calculated as follows:
v
uNeco
uX
RM SE = t
wi (yi − yitruth )2 ,
i=1
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where Neco is the total number of ecoregions, wi is the fractional area covered by
the ith ecoregion, yi the best estimate of the average flux scaling factor or average
flux in the ith ecoregion (estimated from the ensemble mean), and yitruth the true
average flux scaling factor or average flux in the ecoregion. We look at both the
scaling factors and the actual fluxes because the former is what we optimize for,
while the latter is what we want to quantify in the end. Unlike the flux parameters,
CO2 fluxes exhibit a strong diurnal cycle and so do their errors (since the flux
perturbations are relative to the actual magnitude of the fluxes). To make the
figures cleaner we therefore show the RMSEs for the daily average fluxes rather
than the 3-hourly values.
We tested the coupled carbon–atmospheric data assimilation system using the
idealized CO2 tower network shown in Figure 4.1a to investigate when the CO2
inversion breaks down when there are plenty of high accuracy observations. We
stress that these experiments were primarily designed to test our data assimilation
techniques, and the results do not reflect how well the inversion would perform
in a real-world setting with the current observational network. The results in this
section are divided into subsections depending on what errors were included in the
inversion.

4.4.1

Sensitivity to spatial heterogeneity in CO2 fluxes

Figure 4.3 shows the RMSEs in average CO2 flux scaling factors and actual fluxes for
the first experiment. No RTPV was applied to these inversions, and the localization
used a large horizontal ROI (5400 km). The difference between the inversions in
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Figure 4.3: RMSEs in ecoregion-average (a) CO2 flux scaling factor parameters
and (b) CO2 fluxes for inversions with different levels of heterogeneity in the true
CO2 fluxes. The black horizontal dashed line indicates the RMSE of the initial
scaling factors or fluxes before any observations have been assimilated. Colored
horizontal dashed lines show the average RMSEs over the last week for the inversion
with the corresponding color. The numbers to the right of the colored dashed lines
show the relative reduction in mean squared errors compared with the initial mean
squared errors for the corresponding inversion.
this experiment is that the true flux scaling factors are different. In TRUTH the
true scaling factors followed the a priori assumptions about ecoregion-dependent
flux error covariances. NOISE 50% and NOISE 100% used the same ecoregion-wide
scaling factors as TRUTH but with small-scale noise added to the flux parameter
field. The true flux parameters will affect the synthetic CO2 observations (which
are sampled from simulations with true CO2 fluxes) that the inversions assimilate.
The TRUTH inversion shows that if the true flux error covariances follow the
a priori assumed ecoregion-dependent covariance structure, then the inversion will
quickly converge to the truth. With the highly idealized CO2 tower network (high
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spatial coverage and no instrument errors) the inversion is able to almost perfectly
constrain the fluxes. When spatial heterogeneity is introduced to the flux error
covariances, which are not accounted for in the inversion, the estimated CO2 fluxes
are significantly degraded; the relative mean squared error reduction in averaged
fluxes during the last week of the inversion drops from 100 % for the TRUTH
inversion to 87 % and 67% for NOISE 50% and NOISE 100%, respectively.
Figure 4.4 shows the bias in scaling factor parameters (ensemble mean minus
truth) for each ecoregion. The small-scale heterogeneity in the CO2 fluxes results
in erratic updates to the CO2 flux scaling factors because the data assimilation
system receives information about the small-scale structure in fluxes, which it
then tries to apply to large-scale (ecoregion-wide) updates in fluxes. The result is
that the inversion system continuously overcompensates the adjustments to the
CO2 flux parameters. However, although the estimated flux scaling factors are
highly irregular, the estimated values typically vary around the true value, and
the temporal average of the estimate scaling factors is close to the truth in many
ecoregions.
To mitigate the erroneous and erratic adjustments to the flux scaling factors
due to small-scale heterogeneity in CO2 fluxes, we applied the RTPV technique
to scale the analysis increment by a factor of 1 − γ. So for example if γ is 0.95,
then we use only 5 % of the information provided by the observations during each
analysis step. Thus, random noise due to e.g. heterogeneity in the flux field will
be more easily averaged out, and the CO2 flux parameters will be adjusted only if
observations indicate that there is a persistent bias in CO2 fluxes.
In Figure 4.5, we repeated the NOISE 100% test but applied RTPV to the inver79
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Figure 4.4: Bias in CO2 flux scaling factors (ensemble mean estimate minus true
value) in different ecoregions over time for the NOISE 100% test and NORELAX
inversion setup.
sions. The use of RTPV significantly increases the relative error reduction in CO2
fluxes averaged over the last week, from 43 % when no relaxation was used to about
90 % for different combinations of RTPV and localization. Out of the four inversion
setups we tested here, the best-performing inversions in terms of average RMSEs in
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Figure 4.5: Same as Figure 4.3, but for the NOISE 100% test and inversions that
use different RTPV coefficients and horizontal ROI.
CO2 fluxes over the last week are, from better to worse: RELAX 98% LOCALIZE,
RELAX BOTH 95%, RELAX 95% LOCALIZE, and RELAX BOTH 80%. The difference between the first three setups is marginal. A larger RTPV coefficient leads
to a smaller RMSE because it decreases the impact of small-scale heterogeneity. On
the other hand, the larger the RTPV coefficient is the longer it takes the inverse
estimates to approach the truth. Inversions that relax both flux scaling factors and
CO2 mole fractions converge faster than inversions that relax flux scaling factors
and localize CO2 mole fractions.
The RMSEs in actual CO2 fluxes tend to fall faster and converge to lower
values than the RMSEs in scaling factors. One reason for this difference is because
ecoregions with large CO2 fluxes tend to be better optimized, while ecoregions with
small fluxes are difficult to constrain with atmospheric CO2 observations. Thus, it
is possible to have large RMSEs in scaling factors in some regions without having
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a large effect on the RMSEs in CO2 fluxes.
Figure 4.6 show the biases in scaling factors when RTPV with a coefficient of
0.95 is used for CO2 flux scaling factors and CO2 mole fractions. Compared with
Figure 4.4, where no relaxation is applied, the updates to the scaling factors are
now much smaller, which leads to smoother adjustments to the scaling factors. The
ensemble spread indicated by the blue shading (one standard deviation) shows
that the relaxation to initial perturbations technique ensures that the ensemble
members do not collapse to one value, which can lead to filter divergence. For most
ecoregions, the ensemble mean is less than one ensemble standard deviation from
the truth.
Finally, we tested if the inversion can estimate the mean fluxes in the ecoregion
if the truth does not conform to the assumptions about ecoregion-scale flux perturbations. Figure 4.7 shows the results from the PIXEL test where the true fluxes
are perturbed by distance-based error covariance structure. Even if the a priori
assumption about ecoregion-wide perturbations is wrong, the data assimilation
system is able to constrain the average fluxes in the ecoregions and reduce the
mean squared errors by 99 %. The results for the PIXEL inversions are similar
to the previous inversion with 100 % small-scale noise on top of the eco-region
flux perturbations (NOISE 100%). Here the inversion setup with combined RTPV
for CO2 flux parameters and localization for CO2 mole fractions shows a slight
improvement over the setup where CO2 flux parameters and CO2 mole fractions
are both relaxed, but the difference is again marginal.
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Figure 4.6: Same as Figure 4.4, but for the NOISE 100% test and RELAX BOTH 95% inversion setup. The shading indicate the ensemble spread (one
standard deviation away from the ensemble mean).

4.4.2

Sensitivity to planetary boundary layer scheme

The previous inversions used a perfect atmospheric transport model with perfect
initial and boundary conditions, i.e., there are no transport errors. Here we introduce
a systematic transport error by using the wrong PBL scheme in the inversions
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Figure 4.7: Same as Figure 4.3, but for the PIXEL test and inversions that use
different RTPV coefficients and horizontal ROI.
compared with the truth simulations. The RMSEs in ecoregion-averaged scaling
factors and CO2 fluxes for this experiment with wrong PBL scheme are shown in
Figure 4.8. We investigated the effect of a wrong PBL scheme on the inversions
both in the absence and in the presence of small-scale variability in CO2 flux
parameters (TRUTH shown as solid lines and NOISE 100% shown as dotted lines,
respectively).
In spite of systematic model error due to a wrong PBL scheme, the data assimilation system is able to largely constrain ecoregion-averaged CO2 fluxes. The
misrepresentation of the PBL results in errors in modeled atmospheric CO2 mole
fractions, which may cause erroneous updates to the CO2 flux parameters, shown
by the erratic changes in the RMSEs for the NORELAX setup (gray line). Applying
RTPV reduces the impact of PBL errors and increases the relative mean squared
error reduction from 94 % to 100 %. Errors in the estimated CO2 fluxes due to
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Figure 4.8: Same as Figure 4.3, but for inversions that use the wrong PBL scheme.
Solid lines are for the TRUTH test and dotted lines are for the NOISE 100% test.
a wrong PBL scheme are exacerbated when there is small-scale heterogeneity in
the true flux field, but with RTPV the inversion is still able to reduce the mean
squared flux errors by 99 %.
During the night and early morning the PBL is usually stably stratified over
land, and the atmospheric CO2 data are more representative of local sources and
sinks. Nevertheless, our inversions with RTPV do not show a degradation of results
when nighttime and morning CO2 observations (at 100 m above the ground) are
assimilated. On the contrary, the RMSEs show a steady decrease in time, even
when small-scale heterogeneity are present in the CO2 flux field.
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4.4.3

Sensitivity to atmospheric transport errors

Finally we investigate how uncertainties in meteorological initial conditions (not
including CO2 mole fractions) affect our regional inversion. The inversions in this
section were initialized from analysis meteorological fields that were created by running a cycling data assimilation experiment and assimilating synthetic rawinsonde
observations (sampled from the truth simulation) every 12 hours. The rawinsonde
network is able to constrain meteorological variables well. The domain-integrated
RMSE for the horizontal components of the wind at 100 m above ground level are
around 1.8 m/s after assimilation, and generally stay below 2 m/s for the 12-hour
forecasts (not shown). Note that the same model configuration was used for both
the truth simulation and inversions; thus, the atmospheric transport errors are due
only to uncertainties in meteorological initial conditions and do not include model
error. Nevertheless, even with a perfect transport model, there are substantial errors
in e.g. PBL height due to errors in meteorological variables that control the PBL
height. The domain-integrated RMSE in PBL height is around 250 m during the
day and 100 m during night.
Figure 4.9 shows that the inversions are highly sensitive to atmospheric transport
errors. With any relaxation the RMSEs in scaling factors regularly exceed the
RMSE of the initial first guess CO2 fluxes (80 % relative uncertainties in terrestrial
biosphere fluxes and 40 % relative uncertainties in ocean fluxes). Uncertainties
in meteorological initial conditions and intrinsic atmospheric error growth lead
to larger errors in the estimated CO2 fluxes than errors due to heterogeneity in
the CO2 fluxes and misrepresentation of the PBL using a different PBL scheme.
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Figure 4.9: Same as Figure 4.3, but for inversions that are affected by atmospheric
transport errors due to uncertainties in meteorological initial conditions. Solid lines
are for the TRUTH test and dotted lines are for the NOISE 100% test.
Without any relaxation techniques and a large horizontal localization ROI, the
relative mean squared error reduction for ecoregion-averaged fluxes during the last
week is on average 52 % , and varies widely in time.
Relaxing the posterior values to 95 % of the prior values with RTPV stabilizes
the CO2 flux parameter optimization, but there are still fluctuations in the RMSEs,
which suggests that a γ parameter of 0.95 may not be sufficient to control atmospheric transport errors. With RTPV the mean squared errors in CO2 fluxes during
the last week are reduced by 95 % relative to the initial flux mean squared errors.
Comparing the two inversion setups, relaxing CO2 flux parameters and localizing
CO2 mole fractions appears to perform marginally better than relaxing both CO2
fluxes and mole fractions in terms of RMSE in ecoregion-averaged fluxes, except
for some abrupt increases in RMSE, such as the spike on the 26th day. This spike
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in increased RMSE on day 26 is not seen in the RMSEs for scaling factors, which
suggests that the increase is due to an erroneous update to fluxes in an ecoregion
with large fluxes. Indeed, a closer inspection reveals that the scaling factors for the
Cool Crops ecoregion and one of the Main Taiga regions were erroneously adjusted
in opposite directions on this day. The Cool Crops ecoregion has particularly large
fluxes during daytime. A weather front was moving through these ecoregions at
that time, which could explain the missattribution of the fluxes due to transport
errors.
The data assimilation system is able to constrain ecoregion-average CO2 fluxes
when both transport errors and small-scale heterogeneity in the true CO2 flux field
are present. Including small-scale heterogeneity in the truth CO2 fluxes on top of
transport errors does not significantly degrade the estimated CO2 fluxes. This result
suggests that small-scale flux heterogeneity has a similar effect on the inversion
as atmospheric transport errors, (i.e., they make source and sink attribution more
difficult), and the errors do not interact significantly in a way to severely amplify
the total errors.
The inversions that have been presented so far in this section used meteorological
analyses as initial conditions, which were created from ensemble forecasts and
assimilation of simulated rawinsonde observations using EnKF. These inversions
do not explicitly account for atmospheric transport errors except for generally
reducing the impact of assimilating observations using RTPV. Next we examine
the effect of including flow-dependent atmospheric transport uncertainties in the
CO2 inversion. The inclusion of perturbed transport members has two profound
effects on the inversion (Figure 4.10). First, it decreases the background error
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covariances between atmospheric CO2 mole fractions and CO2 flux parameters,
which reduces erroneous analysis updates due to transport errors. The amount the
error covariances is decreased is dependent on the atmospheric flow, estimated by
the ensemble spread in CO2 mole fraction due to perturbed atmospheric transport.
Second, the transport perturbations provide additional directions in the background
error covariance matrix in which the CO2 mole fractions can be adjusted. With a
single transport all mismatches in observed CO2 mole fractions and modeled CO2
mole fractions will be attributed to a flux error, and the surface CO2 fluxes may
be erroneously updated accordingly. The perturbed transport ensemble members
allow the EnKF to correct errors in atmospheric CO2 fractions due to transport
errors to provide a better estimate of the atmospheric CO2 state. More accurate
atmospheric CO2 mole fraction will in turn help the inversion to better constrain
CO2 fluxes.

4.5

Conclusions

Here we have presented a new coupled carbon–atmospheric data assimilation for
regional CO2 flux inversion. We tested the system in a series of perfect model
experiments and showed that the inversion is able to recover the truth in the
presence of various errors. It was crucial to reduce the analysis increments to account
for errors, and let the system slowly converge towards the truth by assimilating
more observations. This relaxation has a similar effect to so-called smoothers,
which perform the optimization over a time window and therefore also reduce the
impact of each observation. Finally, we show some benefits of including transport
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Figure 4.10: Same as Figure 4.3, but for two inversions that do not account for atmospheric transport errors (WRONG TRANSPORT, using the RELAX BOTH 95% and RELAX 95% LOCALIZE inversion settings), and an inversion that includes an ensemble of perturbed atmospheric transport members
(ENSEMBLE TRANSPORT, using the RELAX 95% LOCALIZE settings).
errors in the inversion, although the benefits were relatively small due to the
extensive observational network. Future studies will test the system in more realistic
settings, e.g. using the operational tower network rather than the highly idealized
observational network used here, and investigate how different observations from
e.g. airborne missions and satellites can be used.
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