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INFLUX motivation 
•  Develop the methods needed to quantify 

greenhouse gas (GHG) emissions from cities 
•  Provide the scientific basis to support GHG 

emissions mitigation efforts 
–  Assertion:  Inventory assessments alone are 

insufficient.  Independent evaluation from the 
atmosphere is needed. 

–  National Research Council / Pacala et al.,  (2010);  
Ogle et al., Env. Res. Lett. (2015);  Alvarez et al., 
Science, (2018); European Research Commission / 
Bergamaschi et al., (2018). 



INFLUX goals 
Indianapolis Flux Experiment (INFLUX) – influx.psu.edu 

•  Goals 
–  Develop and assess methods of quantifying GHG 

emissions at the urban scale. 
–  Determine whole-city emissions of CO2 and CH4 
–  Measure emissions of CO2 and CH4 at 1 km2 spatial and 

weekly temporal resolution 
–  Distinguish biogenic vs. anthropogenic sources of CO2 
–  Quantify and reduce uncertainty in urban emissions 

estimates 

Davis et al., Elementa, 2017 



Challenges 
•  GHGs are long-lived.  The impact of urban 

emissions on atmospheric mole fractions 
is modest. 
– GHG measurements must be made with high 

accuracy and precision, and placed carefully.* 
– Atmospheric transport must be known to high 

fidelity. 
– GHG background conditions must be well 

known. 
*Richardson et al., (2017); Miles et al., (2017); Wu et al., (2017); 
Gaudet et al., (2017). 



Mesoscale atmospheric models are 
powerful tools for urban GHG studies 

•  They allow us to: 
–  Interpolate sparse meteorological data through 

space and time using our understanding of 
atmospheric physics.  Reanalysis. 

– Quantify our best understanding of the 
relationship between GHG fluxes and 
atmospheric mole fractions.` 



WRF-Chem boundary layer CH4 with EPA 2012 gridded 
emissions inventory  
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“Forward” simulation of a day of 
anthropogenic methane advection.  

Barkley and Balashov 
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Influence functions: Relationship between GHG fluxes 
and atmospheric mole fractions at observation points 

Influence function 
(Units: ppm/(µm m-2 s-1) 

5-day period: 
 Oct 6th to 10th, 2012 

55-day period  
Oct 6th to Nov 29th, 2012 

Averaged 1 km resolution INFLUX 
tower surface influence functions (in 
log (ppm / (gC km-2 h-1) ) averaged 
over 5 days and 55 days. 
 
WRF-LPDM. 

Lauvaux et al, 
2016, JGR-A 

Particles travel back in time 

from the observation point 



Stull, 1988 

The serpent in 
the garden: 
 
Limited 
computing 
capacity and 
incomplete 
knowledge 
forces us to 
approximate  
(parameterize) 
turbulence and 
other 
importance 
processes. 

2 km to 1000 km.  
A plausible range 

of scales 
encompassed by 

a mesoscale 
atmospheric 

model. 

Boundary layer 
turbulence is 
parameterized 

Planetary-
scale flow 
imposed 
as lateral 
boundary 
conditions 

Mesoscale models can be used to simulate transport 
across hundreds of kilometers at high resolution for 

months to years 



Sources of divergence in 
mesoscale atmospheric simulations 
•  Physical parameterizations of: 

– Land surface energy and momentum fluxes 
– Atmospheric boundary layer turbulence 
– Convective cloud development 
– Cloud microphysics 
– Atmospheric radiation 

•  Model resolution, domain, nesting, 
numerics 

•  Large-scale atmospheric initial and 
boundary conditions 



WRF* is not a single atmospheric 
model 

•  It has multiple options for nearly all of those 
potential causes of divergence. 

•  It is a modeling system that can be 
configured hundreds of different ways. 

•  Don’t blame WRF.  All mesoscale models 
have this problem – they just might not allow 
all these options to be explored. 

*Weather Research and Forecast model, maintained at NCAR.  The prior 
version, MM5, was known as the Penn State / NCAR Mesoscale Model. 
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Corn-dominated	sites	

MidContinent Intensive Tower-Based CO2 Observation Network: 
Highest density regional CO2 monitoring network ever deployed 

Miles et al, 2012, JGR-B 



MCI 31 day running mean daily daytime average CO2	
•  Large	differences	in	seasonal	drawdown,	despite	

nearness	of	stations.		
•  Differences	tied	to	density	of	corn.	

Mauna	Loa	

Miles et al, 2012, JGR-B 

Dramatic regional CO2 gradients provide a test-bed for 
atmospheric GHG modeling and flux estimation. 



Comparison – TM5 and WRF 
How much does atmospheric transport matter 

for simulating atmospheric CO2? 

Diaz-Isaac et al, 2014, JGR-A. 

Identical CO2 fluxes and lateral boundary conditions. 
 
Midsummer, monthly-averaged ABL CO2 differs by as much as 15 ppm 
due only to atmospheric transport. 

TM5 – CT2009 WRF – CT2009 
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Evaluation of WRF-Chem CO2 simulations 
in the upper Midwest, summer L. I. Díaz-Isaac et al.: Impact of physical parameterizations and initial conditions 14815

Additional parameterizations that impact the transport of air
masses both horizontally and vertically should be evaluated.

In this work, we study uncertainty in an atmospheric trans-
port model using a multi-physics approach not limited to
the evaluation of the PBL schemes and LSMs. This evalua-
tion will include different LSMs, cumulus parameterizations
(CPs), microphysics parameterizations (MP), and initial and
boundary conditions used by the WRF model. We will eval-
uate model performance using observations of atmospheric
transport variables, PBL depth, wind speed, and wind direc-
tion, expected to be most important to ML CO2 mole frac-
tions. We aim to quantify the uncertainty of the atmospheric
transport model and propagate these errors into the CO2 mole
fractions. We will focus on the following questions. How do
different physical parameterization schemes affect ML CO2
mole fractions? Are some physics parameterizations more ef-
fective/accurate than others at simulating atmospheric condi-
tions important to interpreting CO2 mole fraction observa-
tions in the PBL? What are the nature and magnitude of ran-
dom and systematic errors in the WRF model, and how does
this depend on model configuration? We will address these
questions by exploring atmospheric transport model perfor-
mance over a large, densely instrumented region, the US
Midwest, site of the Mid-Continent Intensive (MCI) study
(Ogle et al., 2006). Evaluating the atmospheric transport dur-
ing summer, the most biologically active time of the year, is
a first step toward a more rigorous and complete atmospheric
inversion that quantifies random transport errors more accu-
rately and minimizes transport biases. This work will expand
our ability to assess, understand, and reduce transport errors
in future atmospheric inversions.

2 Methods

2.1 Region

The region selected for our study is the Midwest region of
the United States (Fig. 1). The US Midwest was chosen be-
cause the first multiyear (2007–2009) campaign with a high-
density CO2 measurement network was deployed in this re-
gion (Ogle et al., 2006; Miles et al., 2012). This field cam-
paign, part of the North American Carbon Program (NACP),
was called the MCI and encompassed the agricultural belt
in the north-central US. The MCI campaign is unique for
its density of well-calibrated (Richardson et al., 2012) atmo-
spheric CO2 mole fraction measurements intended to con-
strain the region’s carbon budget. We describe the opera-
tional rawinsonde and greenhouse gas (GHG) tower net-
works over the region in Sect. 2.7. These networks pro-
vided significant observational constraint on both transport
and GHG mole fractions, which allow us to evaluate and
quantify the atmospheric transport errors in this study.

 

Figure 1. Geographical domain used by the WRF-ChemCO2
physics ensemble. The parent domain (d01) is resolved at 30 km in
the horizontal; the inner domain (d02) is at 10 km. The color shad-
ing represents modeled terrain height in meters above sea level. The
inner domain covers the study region and includes the rawinsonde
sites (red circles) and the CO2 tower locations (blue triangles).

2.2 Atmospheric model setup

The atmospheric transport model used in this study to gen-
erate our 45-member physics ensemble is the WRF model
version 3.5.1 (Skamarock et al., 2008) and a modified chem-
istry module for CO2 (called WRF-ChemCO2; Lauvaux et
al., 2012). The atmospheric column in each simulation is
described with 59 vertical levels, with 40 of them within
the first 4 km of the atmosphere. Two nested domains were
used. The coarse domain (d01) uses a horizontal grid spac-
ing of 30 km and the nested or inner domain (d02) uses 10 km
grid spacing (Fig. 1). Because of limited computational time
and the resolution of the CO2 surface fluxes described on
Sect. 2.6, we decided to keep our highest resolution of the
model up to 10 km. The coarse domain covers most of the
United States and parts of Canada, and the nested domain is
centered over Iowa and covers the Midwest region of United
States. The nesting method employed is the “one-way” nest-
ing in which the outer domain constrains the inner domain
through nudging of the boundary conditions that drive the
meteorology once the outer domain simulation has finished
(Soriano et al., 2002). No feedback from the inner domain
to the coarse domain was allowed. For our sensitivity study,
only the inner domain (d02) has been analyzed as it covers
the area of interest.

www.atmos-chem-phys.net/18/14813/2018/ Atmos. Chem. Phys., 18, 14813–14835, 2018

Evaluation of mid-
afternoon CO2, ABL depth, 
and ABL winds. 
 
Blue are tower-based CO2 
observation points (PSU, 
NOAA). 
 
Red are rawinsonde 
stations (NOAA). 
 
Boxes show the model 
domains (interior at 10 km). 
 

Diaz-Isaac et al, ACP, 2018 



45-member 
transport 
ensemble 
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Table 1. Different model configurations used in this study.
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Table 1. Different model configurations used in this study. 

Model number Reanalysis LSM 
scheme 

PBL 
scheme 

Cumulus 
scheme 

Microphysics 
schemes 

1 
 

NARR Noah YSU Kain-Fritsch WSM 5-class 
2 

 

NARR Noah MYJ Kain-Fritsch WSM 5-class 
3 

 

NARR Noah MYNN Kain-Fritsch WSM 5-class 
4 

 

FNL RUC YSU Kain-Fritsch WSM 5-class 
5 

 

FNL RUC MYJ Kain-Fritsch WSM 5-class 
6 

 

FNL RUC MYNN Kain-Fritsch WSM 5-class 
7 

 

NARR Thermal dif. YSU Kain-Fritsch WSM 5-class 

8 
 

NARR Thermal dif. MYJ Kain-Fritsch WSM 5-class 
9 

 

NARR Thermal dif. MYNN Kain-Fritsch WSM 5-class 
10 

 

NARR Noah YSU Grell-3D WSM 5-class 
11 

 

NARR Noah MYJ Grell-3D WSM 5-class 
12 

 

NARR Noah MYNN Grell-3D WSM 5-class 
13 

 

FNL RUC YSU Grell-3D WSM 5-class 
14 

 

FNL RUC MYJ Grell-3D WSM 5-class 
15 

 

FNL RUC MYNN Grell-3D WSM 5-class 
16 

 

NARR Thermal dif. YSU Grell-3D WSM 5-class 
17 

 

NARR Thermal dif. MYJ Grell-3D WSM 5-class 
18 

 

NARR Thermal dif. MYNN Grell-3D WSM 5-class 
19 

 

NARR Noah YSU Kain-Fritsch Thompson 
20 

 

NARR Noah MYJ Kain-Fritsch Thompson 
21 

 

NARR Noah MYNN Kain-Fritsch Thompson 
22 

 

FNL RUC YSU Kain-Fritsch Thompson 
23 

 

FNL RUC MYJ Kain-Fritsch Thompson 
24 

 

FNL RUC MYNN Kain-Fritsch Thompson 
25 

 

NARR Thermal dif. YSU Kain-Fritsch Thompson 
26 

 

NARR Thermal dif. MYJ Kain-Fritsch Thompson 
27 

 

NARR Thermal dif. MYNN Kain-Fritsch Thompson 
28 

 

NARR Noah YSU Grell-3D Thompson 
29 

 

NARR Noah MYJ Grell-3D Thompson 
30 

 

NARR Noah MYNN Grell-3D Thompson 
31 

 

NARR Noah YSU No CP WSM 5-class 
32 

 

NARR Noah MYJ No CP WSM 5-class 
33 

 

NARR Noah MYNN No CP WSM 5-class 

34 
 

FNL RUC YSU No CP WSM 5-class 
35 

 

FNL RUC MYJ No CP WSM 5-class 
36 

 

FNL RUC MYNN No CP WSM 5-class 
37 

 

NARR Thermal dif. YSU No CP WSM 5-class 
38 

 

NARR Thermal dif. MYJ No CP WSM 5-class 
39 

 

NARR Thermal dif. MYNN No CP WSM 5-class 
40 

 

FNL Noah YSU Kain-Fritsch WSM 5-class 
41 

 

FNL Noah MYJ Kain-Fritsch WSM 5-class 
42 

 

FNL Noah MYNN Kain-Fritsch WSM 5-class 
43 

 

FNL Thermal dif. YSU Kain-Fritsch WSM 5-class 
44 

 

FNL Thermal dif. MYJ Kain-Fritsch WSM 5-class 
45 

 

FNL Thermal dif. MYNN Kain-Fritsch WSM 5-class 
 

2.4.4 Microphysics parameterizations

Microphysics parameterizations (MPs) describe cloud and
precipitation processes. In this study, we use two MP
schemes: the WRF single-moment 5-class (WSM5) scheme
(Hong et al., 2004) and the Thompson scheme (Thompson et
al., 2004). The WSM5 scheme is a single-moment parame-
terization that includes five species: water vapor, cloud water,

cloud ice, rain, and snow, which are all treated independently.
The Thompson scheme is a double-moment scheme, which
predicts the mole fraction of five hydrometeors species, the
number concentration of ice phase hydrometeors, and rain.

www.atmos-chem-phys.net/18/14813/2018/ Atmos. Chem. Phys., 18, 14813–14835, 2018

Varies the boundary 
and initial conditions 
(2), land surface model 
(3), boundary layer 
parameterization (3), 
cumulus convection 
parameterization (3) 
and cloud microphysics 
parameterization (2). 
 
No within-domain 
meteorological data 
assimilation. 

Diaz-Isaac et al, ACP, 2018 



Random errors are significant 
for all model configurations 14822 L. I. Díaz-Isaac et al.: Impact of physical parameterizations and initial conditions
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Figure 4. Observed (black line) and simulated (colored lines; see
Table 1) PBL (300 m a.g.l.) wind speed (a), wind direction (b), and
PBLH (c) at 00:00 UTC from day of the year (DOY) 169 to 203 of
2008 at the Chanhassen, Minnesota (MPX), rawinsonde site.

Chanhassen, Minnesota (MPX), rawinsonde site. Across the
study region, we found maximum monthly average model–
data differences across sites and configurations of 9 m s�1 for
wind speed, 153� in wind direction, and 2000 m for PBLH.
These values confirm the large spread among model results
and sites over the simulation time period. Other sites have
similar characteristics to Fig. 4. The ensemble shows less
variability (i.e., relative spread of the ensemble compared to
the observed variability) for the wind speed and wind direc-
tion compared to the PBLH. The time series at each rawin-
sonde site shows that for certain days, all ensemble are bi-
ased (i.e., all the members either overestimate or underesti-
mate) as compared to observed wind speed and wind direc-
tion (e.g., DOYs 181 and 201, respectively). The time series
of the PBLH, however, shows that simulated PBLH can vary
significantly across the different physics configurations and
that the ensemble encompasses the observed PBLH over the
time period.

3.3 Characterization of transport errors

3.3.1 Root mean square error (RMSE)

Figure 5 shows the regionally and monthly averaged RMSE
of wind speed (Fig. 5a), wind direction (Fig. 5b), and PBLH
(Fig. 5c) for the different model configurations. For both
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Figure 5. Regional averages of the monthly average of wind
speed (a), wind direction (b), and PBLH (c) RMSE for the different
models (see Table 1 for model configurations).

wind speed and wind direction, we found small to no dif-
ferences in the regional RMSE as a function of model con-
figuration. Although the regional RMSEs for both wind
speed and wind direction are fairly constant, the two vari-
ables have the same two model configurations with the high-
est RMSE. These two configurations share the same LSM
scheme (RUC) and the same PBL scheme (MYJ) (models
14 and 23; see Fig. 5a, b and Table 1). Differences among
configurations are larger in the regional RMSE of the PBLH
(Fig. 5c), with configuration RMSEs ranging from 680 to
1149 m. The model configurations that show the highest
PBLH RMSEs include the same LSM (RUC) and PBL pa-
rameterization scheme (YSU) (models 4, 13, 22, and 34; see
Fig. 5c and Table 1). Although the configurations that show
the highest RMSEs are not always the same across the dif-
ferent variables, these configurations share the same LSM
(RUC). The two model configurations that showed the low-
est RMSE for both wind speed and wind direction both used
MYNN 2.5 as their PBL parameterization. Many configu-
rations show low RMSE for the PBLH and all the configu-
rations with low RMSE use either the MYJ scheme or the
MYNN 2.5 scheme. However, no single configuration per-
forms best at the regional scale for all of the meteorological
variables.

Atmos. Chem. Phys., 18, 14813–14835, 2018 www.atmos-chem-phys.net/18/14813/2018/

Afternoon conditions, daily 
comparison. 
 
ABL wind (a) RMSE ~ 3 m/s. 
 
ABL wind direction (b) RMSE ~ 
50 degrees. 
 
ABL depth (c) RMSE ~ 700 m. 
(YSU-RUC consistently high). 

Diaz-Isaac et al, ACP, 2018 
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Figure 8. Regional average of the monthly average of PBL wind speed (a), PBL wind direction (b) and PBLH (c) bias for the different 
model configurations (identified by number and color - see Table 1). 

Nearly all ensemble members 
overestimate boundary layer 
wind speeds. 
 
Most ensemble members 
overestimate boundary layer 
height. 
 
MYNN with thermal diffusion 
LSM appears to minimize 
both biases. 
 
YSU-RUC appears to 
maximize biases. 
 
No cumulus parameterization 
increases biases. 
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Figure 8. Regional average of the monthly average of PBL wind speed (a), PBL wind direction (b) and PBLH (c) bias for the different 
model configurations (identified by number and color - see Table 1). 

Atmospheric boundary layer depth 

Atmospheric boundary layer wind speed 

Many model configurations show mean biases 
averaged over the study domain 

Diaz-Isaac et al, ACP, 2018 



Biases have spatial structure and 
some locations are always biased 
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Figure 10. Monthly average wind speed (a–c), wind direction (d–f), and PBLH (g–i) MBE for rawinsonde sites Aberdeen, South Dakota
(ABR) (first row), Davenport, Iowa (DVN) (second row), and Nashville Airport, Tennessee (BNA) (third row). Models are sorted from
negative to positive bias. Model configurations are ordered by MBE and identified by color (see Table 1).
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Figure 11. Observed (black stars) and simulated (colored lines) DDA CO2 mole fraction (ppm) at Centerville (RCV) (a) and WBI (b).

4 Discussion

The evaluation of the RMSD of daytime PBL CO2 mole frac-
tions shows that all the physics parameterizations have a sig-
nificant impact on the simulated values, with only the micro-
physics parameterization showing a lesser impact (Fig. 2).
Previous research has focused on the potential impact of
PBL schemes on CO2 mole fractions (e.g., Kretschmer et
al., 2012, 2014; Lauvaux and Davis, 2014). Results from our
study indicate that other physics parameterizations includ-
ing the LSM and CP generate errors of similar magnitude
in simulated daytime PBL CO2 mole fractions (Fig. 2). The
PBLH is also sensitive to all of these physical parameteriza-
tions (Fig. 3a), and there is a high correlation between PBLH

errors and CO2 mole fraction errors (see Fig. 13c). In this
sense, our results agree with previous research that assumes
that the misrepresentation of the PBLH plays an important
role in PBL CO2 errors (Stephens et al., 2007; Gerbig et al.,
2008; Kretschmer et al., 2012). We show, however, that mul-
tiple elements of the modeling system, not just the PBL pa-
rameterization, influence PBLH. Further, although PBL wind
speed (Fig. 13a) and wind direction (Fig. 13b) errors are not
clearly correlated with PBL CO2 errors, this does not imply
that these errors are unimportant. Figure 2 also shows that the
reanalysis has an impact on atmospheric CO2 mole fractions,
which indicates that even if the wind speed and wind direc-
tion errors do not show a high correlation with atmospheric
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Figure 9. Ensemble mean of the mean bias error (MBE) for PBL wind speed (a), PBL wind direction (b), and PBLH (c).

182–183 at Centerville or DOYs 185–186 at WBI). This re-
sult suggests that transport model errors from our ensemble
only represent a fraction of the total uncertainty in our model-
ing system. In this study, we use CarbonTracker fluxes which
is a global inversion system and does not aim to represent
regional fluxes. Therefore, additional errors can be due to in-
correct CO2 surface fluxes and boundary conditions.

Over the region, most of the sites show that the ensem-
ble generally underestimates the atmospheric CO2 mole. We
note here that this ensemble has not been calibrated; there-
fore, the ensemble spread is unlikely to serve as quantifica-
tion of WRF transport errors or total error in simulated PBL
CO2, but this sensitivity test could have resulted in an en-
semble spread that is much larger than the model–data dif-
ferences. Our results suggest that the spread of this physics
ensemble underestimates total model–data error in PBL CO2.

To evaluate the performance of the different models over
the month, we computed the correlation coefficient, the NSD
and the CRMS difference (Taylor, 2001) for each of the in
situ sites. These results are presented as Taylor diagrams
(Fig. 12) using the DDA observed and simulated CO2 mole
fractions. Nearly all ensemble members overestimate the
temporal variability at in PBL CO2 (e.g., Fig. 12a) and at

some sites all members overestimate the temporal variabil-
ity (e.g., Fig. 12b). The correlation between simulated and
observed CO2 mole fractions can vary from 0.8 to 0.1, indi-
cating a wide range of model performance at site level. In-
terestingly, some of the models that show a high correlation
between the modeled and observed DDA CO2 mole fractions
are the model configurations with the highest PBLH bias (see
Fig. 8c, models 4 and 22).

The correlation between meteorological and CO2 mole
fraction model–data differences is evaluated using the MBE
for each model at the different rawinsonde and CO2 tower
sites. These correlations (Fig. 13) reveal that, to first order,
errors in simulated PBLH govern model–data differences in
PBL CO2 mole fraction. Both wind speed (Fig. 13a) and
wind direction (Fig. 13b) show low correlations, whereas
PBLH (Fig. 13c) shows consistently positive correlation with
the CO2 mole fraction errors across all sites. We did not find
any relationship between error correlation and distance (see
Fig. A1 in Appendix). These results suggest that the bias er-
rors in the in situ CO2 mole fractions are directly related to
the MBE in PBLH. The sign of the correlation (overpredicted
PBLH correlated with overpredicted PBL CO2) is expected
given net uptake of CO2 by the regional biosphere.
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Figure 10. Monthly average wind speed (a–c), wind direction (d–f), and PBLH (g–i) MBE for rawinsonde sites Aberdeen, South Dakota
(ABR) (first row), Davenport, Iowa (DVN) (second row), and Nashville Airport, Tennessee (BNA) (third row). Models are sorted from
negative to positive bias. Model configurations are ordered by MBE and identified by color (see Table 1).
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Figure 11. Observed (black stars) and simulated (colored lines) DDA CO2 mole fraction (ppm) at Centerville (RCV) (a) and WBI (b).

4 Discussion

The evaluation of the RMSD of daytime PBL CO2 mole frac-
tions shows that all the physics parameterizations have a sig-
nificant impact on the simulated values, with only the micro-
physics parameterization showing a lesser impact (Fig. 2).
Previous research has focused on the potential impact of
PBL schemes on CO2 mole fractions (e.g., Kretschmer et
al., 2012, 2014; Lauvaux and Davis, 2014). Results from our
study indicate that other physics parameterizations includ-
ing the LSM and CP generate errors of similar magnitude
in simulated daytime PBL CO2 mole fractions (Fig. 2). The
PBLH is also sensitive to all of these physical parameteriza-
tions (Fig. 3a), and there is a high correlation between PBLH

errors and CO2 mole fraction errors (see Fig. 13c). In this
sense, our results agree with previous research that assumes
that the misrepresentation of the PBLH plays an important
role in PBL CO2 errors (Stephens et al., 2007; Gerbig et al.,
2008; Kretschmer et al., 2012). We show, however, that mul-
tiple elements of the modeling system, not just the PBL pa-
rameterization, influence PBLH. Further, although PBL wind
speed (Fig. 13a) and wind direction (Fig. 13b) errors are not
clearly correlated with PBL CO2 errors, this does not imply
that these errors are unimportant. Figure 2 also shows that the
reanalysis has an impact on atmospheric CO2 mole fractions,
which indicates that even if the wind speed and wind direc-
tion errors do not show a high correlation with atmospheric
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You can find model members 
with small mean ABL depth 
bias in these locations.  But 
mean ABL wind speed is 
always too high. 
Ensemble-mean, mean ABL 
wind speed bias changes sign 
with longitude. Diaz-Isaac et al, ACP, 2018 

Emsemble mean 
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Figure 2. Sensitivity of CO2 mole fractions as a function of model physics parameterizations (i.e., land surface model (LSM), 
planetary boundary layer scheme (PBL), cumulus parameterization (CP), microphysics parameterization (MP) and Reanalyses). 
The root mean square difference (RMSD) of the CO2 mole fractions simulated at each site and for each model ensemble member 
was computed by varying only the type of physics parameterization noted, and keeping all other model elements constant.  RMSD 5 
was averaged across sites and across model ensembles. 
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ABL CO2 simulations are sensitive to nearly all physical 
processes in WRF, and the variability is substantial 

RMSD = root mean square deviation in midday ABL 
CO2 when varying a given model parameterization 

Diaz-Isaac et al, ACP, 2018 



Take-aways – Diaz-Isaac 14, 18 

•  No single model configuration works 
everywhere all the time – but you can 
minimize biases by choosing carefully. 

•  Nearly every component of the model 
configuration has a significant impact on 
CO2. 

•  The variability in simulated CO2 is quite 
significant. 
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2. Methodology
2.1 Observational Network
The urban area chosen for the evaluation is Indianapolis, 

Indiana (39.7684°N, 86.1581°W). This study uses a wide 

variety of observations in order to perform an extensive 

model-to-observation comparison. Most of the observa-

tions used in this study were provided by the Indianapolis 

Flux (INFLUX) project (Davis et al., in review). 

The observational network used in this paper includes 

urban, tower-based eddy covariance flux data. The flux 

tower, located east of downtown Indianapolis (Figure 1a), 

utilizes a sonic anemometer (Campbell Scientific; CSAT-

3), and a high-frequency open-path infrared water vapor 

and CO
2
 sensor (LI-COR Environmental; LI-7500). The 

flux instrumentation is mounted on a communications 

tower at a height of 30 meters. Figure 1b shows the that 

a

b

Figure 1: Observation and instrumentation map and flux tower site. The (a) locations and types of meteorological 

observation sensors that are used in this study and (b) a satellite view of the flux tower site on the eastern side of 

Indianapolis, IN. The area represented in (b) is represented by the blue dashed square in (a). The concentric circles 

(b) represent areas around the flux tower with 100 m, 200 m, and 300 m radii. DOI: https://doi.org/10.1525/

elementa.132.f1

Sarmiento et al, Elementa, 2017 

INFLUX 



Wind speed: Random errors are 
large, WRF-Chem is too windy 
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errors reached as high as 4 m s–1 for a single binned point 
(Figure 10); the SUMMER wind biases are smaller and 
were as high as 2.5 m s–1 for a single binned point. 

The modeled data were also compared to lidar 
observations (Figure S3, Text S2). For the late afternoon 

and evening hours, the wind speed errors were small, and 
the highest average wind speed error was similar to what 
was seen in the 10-m wind speed errors (Figure 9a). The 
wind speed accuracy in the model is degraded during 
the morning and early afternoon regardless of the model 
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Figure 9: Hourly daytime wind speed and wind direction error distributions. A box and whisker plot representing 
the daytime hourly errors in the (a) wind speed and (b) wind direction. Positive values in the wind speed errors 
indicate an overestimate of simulated wind speed. Positive values in the wind direction error represent simulated 
winds that were to the right (clockwise) of the observations. The circles represent the median for the error spread 
and the triangle represents the mean error. The comparisons were done using surface weather stations that were 
located in areas that were designated as an NLCD 2006 urban cover land cover type. DOI: https://doi.org/10.1525/
elementa.132.f9
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errors reached as high as 4 m s–1 for a single binned point 
(Figure 10); the SUMMER wind biases are smaller and 
were as high as 2.5 m s–1 for a single binned point. 

The modeled data were also compared to lidar 
observations (Figure S3, Text S2). For the late afternoon 

and evening hours, the wind speed errors were small, and 
the highest average wind speed error was similar to what 
was seen in the 10-m wind speed errors (Figure 9a). The 
wind speed accuracy in the model is degraded during 
the morning and early afternoon regardless of the model 
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located in areas that were designated as an NLCD 2006 urban cover land cover type. DOI: https://doi.org/10.1525/
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Full-year evaluation of ABL depth and winds using the 
INFLUX/NOAA Doppler lidar and our default WRF 

configuration (MYNN-NOAH) 

Pan et al, in preparation 



Seasonal mean biases in midday ABL 
depth. 

Winter is less biased than summer. 
TKE-depth is greater than model-diagnosed ABL depth. 

Pan et al, in preparation 



Always too windy near the ground. 
Winter ABL winds too high.  Summer ABL winds about right. 

Pan et al, in preparation 

Seasonal mean biases in midday ABL 
wind speed. 



ME of wind speed and direction between lidar and model   

Count	 Wind Speed (m/s)	 Wind Direction (degree)	

Model	 Lidar	 Model	 Lidar	 Difference	 Model	 Lidar	 Difference	

JFM	 7656	 10367	 10.5±0.07	 8.0±0.04	 2.5±0.11	 231±1	 222±1	 9±2	

AMJ	 6260	 9604	 8.4±0.05	 7.9±0.04	 0.5±0.09	 212±1	 202±1	 10±2	

JAS	 9709	 14439	 6.4±0.04	 5.7±0.03	 0.7±0.07	 218±1	 210±1	 8±2	

OND	 7973	 10691	 9.7±0.06	 8.1±0.05	 1.7±0.11	 241±1	 230±1	 11±2	

Seasonal mean biases in midday ABL 
wind speed. 

Pan et al, in preparation 
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Paths to improved atmospheric 
transport simulations 

•  Fix the models – identify causes of errors 
and eliminate them. 

•  Add meteorological observations and 
assimilate them – kick the model in the 
right direction. 

•  Quantify the uncertainty caused by 
atmospheric transport. 

•  Embrace calibrated transport model 
ensembles. 
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the sensible and latent heat fluxes for an urban grid tile. 
Equation 4 shows how furb influences the calculation of 
these fluxes.

 	 
 	 
�    7LOH 9HJ XUE 8UE XUE; ; I ; I= � +  (4)

XTile represents the calculated flux for the urban tile, XVeg 
represents the calculated flux for the tile if it were 100% 
vegetated, XUrb represents the calculated flux for the tile if it 
were 100% urban, and furb is the urban fraction. Therefore, 
an accurate representation of furb is vital when trying to pre-
dict a reasonably accurate surface flux from the UCMs.

In WRF v3.5.1, there are three urban land surface 
categories: Low-intensity residential, High-intensity 
residential, and Commercial/Industrial. Each category is 
assigned one furb value (0.50, 0.90, and 0.95). A problem 
arises when using the NLCD land cover data. The NLCD 
has four urban categories that are binned by furb as follows: 
0.0 – 0.19, 0.20 – 0.49, 0.50 – 0.79, 0.80 – 1.00. In order 
to alleviate the urban classification mismatch, one can 
either ignore the first NLCD urban category and set it to a 
vegetative land cover or combine the first two NLCD urban 
categories and set it to the “Low-Intensity Residential” 
category in WRF. For this study, we have chosen the latter 
of the conventions (referred to as def). Figure 2a shows 
the furb values for the innermost domain using the default 
upscaling that was outlined at the beginning of section 2.3. 

In WRF, the urban fraction parameter is only applied 
when UCMs are being employed in conjunction with 
a land surface model; in those cases the urban fraction 
parameter is used to calculate latent heat flux and sensi-
ble heat flux for a given grid point (Equation 1). The UCM 
is tasked with calculating the sensible and latent heat 
fluxes over urban areas while the Noah LSM calculates the 
sensible and latent heat fluxes for the vegetated areas. The 
sensible and latent heat fluxes from vegetation will not 
change between the SLUCM and BEP UCM model configu-
rations because both configurations use the Noah LSM. 
Differences between the SLUCM and the BEP UCM will 
occur due to differences in how urban surface fluxes are 
calculated and how the model introduces anthropogenic 
fluxes into the modeling system.

2.3.2 Modifying the urban fraction field 
In this study, we propose and test a method to capture 
more realistic variability in urban cover by modifying furb. 
Recall that the NLCD data has four urban categories that 
are binned by furb values (0.00 – 0.19, 0.20 – 0.49, 0.50 – 
0.79, 0.80 – 1.00). Each NLCD urban category is assigned a 
value for furb in the midpoint of this range (0.10, 0.35, 0.65, 
0.9) and is used along with fraction cover data to compute 
a unique average value of furb for each 1-km2 tile in the 
WRF inner domain (Figure 2) resulting in a more realistic 
set of furb values (referred to hereafter as real).

2.4 Experimental setup
For all of the simulations, the only variables that change 
are the PBL scheme (and their respective surface layer 
schemes), the UCM module, and the furb values. The PBL 
schemes chosen are either the Mellor-Yamada-Nakanishi-
Niino (MYNN; Nakanishi and Niino, 2004) PBL scheme, 
the Mellor-Yamada-Janjić (MYJ; Janjić, 1994) PBL scheme, 
or the Bougeault-Lacarrere (BouLac; Bougeault and 
Lacarrere, 1989) PBL scheme. 

The urban canopy options chosen are: no UCM, the 
SLUCM, or the BEP UCM. The UCMs contain many param-
eters (a subset of parameters and parameter values can be 
found in Table 2) and these parameters, with the excep-
tion of furb, were held constant at their default values. It 
is important to note that these parameter values are not 
representative of the urban landscape in Indianapolis; 
however, changing the values to something more repre-
sentative of the Indianapolis urban landscape is outside 
the scope of this project. Table 3 outlines the nine com-
binations of PBL schemes and UCMs that define the set of 
simulations used in this experiment. It should be noted 
that there is no none_MYNN_real configuration to accom-
pany the none_MYNN_def configuration because the 
urban fraction parameter is only used in the UCMs; there-
fore, running both none_MYNN_real and none_MYNN_
def would be redundant.

This study focused on two distinct time periods. The 
first period, which will represent wintertime conditions 
(WINTER), is from February 15, 2013 to March 20, 2013. 
The second time period, which will be representative of 

Figure 2: Urban fraction parameter values. The (a) default and updated (b) urban fraction fields for the 1 km2 
resolution domain in all model configurations. This domain encompasses the area of Indianapolis that is shown in 
Figure 1. DOI: https://doi.org/10.1525/elementa.132.f2
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3.2.3 Comparison of simulated surface energy fluxes to flux 
tower observations
The simulation results were compared to observational 

data taken from a flux tower that is located in the eastern 

part of the city (Figure 1a and 1b). The 1-km2 WRF grid 

point encompassing the tower is 53% vegetated/47% 

urban cover according to the NLCD. It is important to 

note that there is a sampling mismatch when comparing 

the tower observations and the model output. The 300 m 

radius area around the tower, which is roughly represent-

ative of the flux footprint (Figure 1b), is less vegetated 

(45% vegetation cover by area) than the 1-km2 WRF grid 

point.

Figure 6 shows the diurnal averages of the sensible heat 

flux, latent heat flux, and friction velocity for the observa-

tions and the real configurations of the model during the 

summer and winter period. The simulated sensible heat 

fluxes appear to be grouped by UCM used. In other words, 

the PBL scheme used had little to no effect on the mag-

nitude of the sensible heat flux. This was expected since 

the sensible and latent heat fluxes are linked to the land 

surface; therefore, these fluxes should be most sensitive to 

changes in the UCM or LSM.

The comparison to the flux tower observations was done 

using an hourly average analysis (Figure 6). During the 

WINTER simulation, the none_MYNN_def configuration 

performed the best at simulating the sensible heat fluxes 

at the observation site. However, this configuration still 

had a maximum hourly error of 68 W m–2 during the 

daytime hours (Figure 6a). The simulations that used 

the SLUCM and BEP configurations had higher sensible 

heat flux hourly average errors (about 100 W m–2 and 150 

W m–2 respectively) when compared to the wintertime 

observations. 

 For the summer period, the none_MYNN_def configu-

ration had sensible heat flux hourly average errors that 

were as high as 232 W m–2 (Figure 6d). The SLUCM had 

the lowest maximum hourly average error (35 W m–2) 

during the daytime and the BEP simulations had hourly 

average errors that peaked at about 110 W m–2. The none_
MYNN_def simulations do not allow for vegetation to be 

accounted for in the urban areas, so any simulations dur-

ing the summertime saw an increase in sensible heat flux 

and a suppression of latent heat flux. This exaggerated the 

errors in the simulated sensible heat fluxes, which were as 

high as 130% during SUMMER. 

It is also important to note that all of the simulations, 

regardless of season, had a positive bias in simulated 

sensible heat flux, which was partially due to the solar 

radiation overestimate that was discussed in the previous 

subsection. Looking at the previously defined ‘sunny days’ 

and comparing the reduction in the surface energy flux 

errors to the entire SUMMER simulation allowed for the 

quantification of the impact of the solar radiation bias. 

While the overestimation of incoming solar radiation 

was not the entirely responsible for the surface energy 

flux errors, the ‘sunny day’ average hourly surface energy 

flux errors were reduced by 10% to 30% (not shown). The 

magnitude of the error reduction was also dependent on 

model configuration. 

For all configurations of the model that used a UCM, 

the latent heat fluxes were essentially the same because 

of the common Noah LSM being used in all the model 

configurations (Figure 6b and 6e). During the winter 

period, all of the simulations that used a UCM had 

average hourly errors that peaked at about 25 W m–2 

and the none_MYNN_def average hourly errors peaked 

at –45 W m–2. For the summertime, the simulations that 

used a UCM had average hourly errors that peaked at 

120 W m–2 and the none_MYNN_def maximum average 

hourly error was roughly –180 W m–2. Recall that this 1 

km2 WRF model grid has slightly higher vegetation cover 

by area (53%) than the area in the flux footprint (45%) 

(Figure 1b). Correcting for this small mismatch would 

likely increase the disagreement between simulated and 

observed sensible and latent heat fluxes.
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Figure 6: Observed surface energy balance to model surface energy balance comparison. The model and 

observed diurnal averages of the (a, d) sensible heat flux (W m–2), (b, e) latent heat flux (W m–2), and (c, f) friction 

velocity (m s–1) for the WINTER (first row) and SUMMER (second row) time periods. DOI: https://doi.org/10.1525/

elementa.132.f6

WRF makes Indy a (bumpy) 
parking lot by default.   
 
Urban sensible heat fluxes are 
greatly overestimated.   
 
May help explain overestimate 
in ABL depth. 

Sarmiento et al, Elementa, 2017 



So…can we do anything about this 
state of affairs? 

 
Yes! 

 
Fix. Kick. 



Meteorological data assimilation 
greatly reduces random errors 

Deng et al: Toward reduced transport errors in a high resolution urban CO2 inversion system Art. 20, page 11 of 20

The wind direction biases (Figure 6c) are quite small 
for the low levels (< 5 degrees), and biases increases with 
height. It is apparent that FDDA reduces the biases. Wind 
speed biases (Figure 6d) in NOFDDA demonstrate large 
positive biases within the lowest 1 km although the mag-
nitudes of biases decrease with height, and becomes 
somewhat negative in mid- and upper- PBL. Assimilating 
surface observation slightly reduces the low-level biases, 
and the error reduction appears to be limited to below 
1 km, while assimilating lidar and ACARS observations 
more significantly reduces model biases.

4.2. Evaluation of model-predicted PBL depth using 
the Halo Doppler Lidar data
The PBL depth for this study is manually estimated from the 
lidar observations for each 20-min time period, identified 
by large gradients in Signal-to-Noise Ratio (SNR) and the 
height where the vertical velocity variance becomes small 
(less than ~0.1 m2 s–2). NOAA is currently implementing and 
testing an algorithm to automate the PBL depth estimation 
process for the INFLUX data set. As an example, a compari-
son of PBL structures between WRF and the INFLUX lidar 
observations at Indianapolis for 29 and 30 August 2013 
is shown in Figure 7. Generally, the model-predicted TKE 
structures are highly correlated with the lidar-observed ver-
tical velocity variances and large gradients in SNR. The diur-
nal variation of the PBL structure can be clearly seen within 
both model output and observations. However, differences 
in the vertical extent of the PBL depth between the model 
output and observations are apparent.

Table 4 compares the MAE and ME of the  WRF-predicted 
PBL depth on the 1-km grid verified hourly against the lidar 

estimates of PBL depth at the lidar site in Indianapolis. 
The evaluation of PBL depth is conducted only for the 
daytime period between 17 and 22 UTC when a well-
mixed PBL is fully developed and quasi-stationary, for the 
2-month period between 00 UTC 27 August and 00 UTC 3 
November 2013. Our results show that for all experiments 
the MAE of model-predicted PBL depth is quite similar, in 
a range between 223 and 272 m.

4.3. Evaluation of inverse emissions
To evaluate the impact of the different WRF simulations 
on the posterior fluxes estimated from the inversion 
 system, we coupled the WRF-FDDA modeled variables 
(mean winds and turbulence) to generate the correspond-
ing LPDM tower footprints, or influence functions. Using 
the different WRF simulations discussed above and their 
corresponding LPDM tower footprints, the five-day inverse 
emissions were computed for whole-city emissions using 
a Bayesian inversion system at 1-km resolution over the 
urban area of Indianapolis, and the CO2 mole fraction 
from the 11 of the 12 towers from the INFLUX tower 
network (Figure 8), for the entire two-month period 
( Sept–Oct 2013). Inverse CO2 emissions were computed 
over five-day periods and the configuration was simi-
lar to Lauvaux et al. (2016) and kept identical across the 
four inversions. Therefore, the differences in the inverse 
emissions correspond to the impact of different transport 
model realizations, and more precisely the impact of the 
FDDA systems, assimilating various data sources.

Figure 9 illustrates the different influence functions 
(or tower footprints) for the 12 tower locations for one 
single observation time. The extent and the main axes of 

Figure 6: Vertical distribution of model errors. Vertical profile of model errors averaged over the two-month period, 
for the 1-km grid, for a) mean absolute error for wind direction, b) mean absolute error for wind speed, c) mean error 
for wind direction, and d) mean error for wind speed, for all four experiments: NOFDDA (MAE1/ME1), FDDA_WMO 
(MAE2/ME2), FDDA_WMO_Lidar (MAE3/ME3) and FDDA_WMO_Lidar_ACARS (MAE4/ME4). Note that ME repre-
sents mean error and MAE represents mean absolute error. DOI: https://doi.org/10.1525/elementa.133.f6

No data assimilation, and 
assimilation only of 
surface stations. 

Assimilation of ABL winds 
(Doppler lidar, 
commercial aircraft). 

Deng et al, Elementa, 2017 



So…can we do anything about this 
state of affairs? 

 
Yes! 

 
Fix. Kick. Quantify with calibrated 

ensembles. 



How do you calibrate an atmospheric 
transport model ensemble? 

Construct a “rank 
histogram.” 
 
Rank the 
observation with 
respect to its 
location among the 
members of the 
ensemble. 
 
The ensemble 
should encompass 
the observations 
(sufficient spread), 
but not have too 
much spread. 

Diaz-Isaac et al, submitted to ACP 



That 45-member ensemble is 
“under-dispersive” 

ABL wind speed ABL wind direction ABL depth 

Diaz-Isaac et al, submitted to ACP 

We can improve the ensemble by throwing out biased members. 

Too windy Too deep 



Pruned 5-member ensemble 

Diaz-Isaac et al, submitted to ACP 

Still some trouble with ABL winds, but much improved.   
Modest biases. 
Spread among models is a good representation of atmospheric model 
transport uncertainty. 

ABL wind speed ABL wind direction ABL depth 

N Sub-ensemble
Wind Speed Wind Direction PBLH

δ
Bias
m/s

σ
m/s δ

Bias
Deg.

σ
Deg. δ

Bias
m

σ
m

10 [5 14 17 26 31 33 34 35 37 45] 5.6 0.6 3.6 4.1 -0.8 57.9 2.1 83.2 823.7
8 [5 14 15 17 33 34 37 38] 5.7 0.5 3.5 3.7 -0.4 58.1 2.5 99.3 828.3
5 [16 17 23 33 35] 5 0.5 3.6 3.4 -0.7 59 0.6 76.2 810.7



We can use the ensemble to quantify 
complex CO2 error structures. 

Diagonal term of transport error 
matrix (left). Spatial correlation 
(above). 
 
We should do this for cities! 

Diaz-Isaac et al, submitted to ACP 



Conclusions 
•  Mesoscale atmospheric transport models are powerful 

tools for urban GHG studies, but they are modeling 
systems full of complex, significant errors. 

•  Quantifying these uncertainties is critically important  
•  Local boundary layer observations (Doppler lidar, 

instrumented commercial aircraft, surface flux 
measurements) have proven invaluable in assessing 
model performance at Indianapolis. 

•  Paths forward: 
–  Identify model shortcomings and correct them. 
–  Choose the best model configurations for your site and season. 
–  Assimilate boundary layer observations. 
–  Employ calibrated ensembles to quantify the remaining 

uncertainty. 
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