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• The estimates of power plant CO2 
emissions have large uncertainties using 
the simulations of Gaussian plume 
model. 

• Inline plume model can improve the 
estimates of power plant CO2 emissions. 

• The meteorological field, especially 
wind speed has a great impact on the 
inversion results. 

• There is a negative correlation between 
wind speed and plume rise height.  
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A B S T R A C T   

CO2 emissions from power plants are the dominant source of global CO2 emissions, thus in the context of global 
warming, accurate estimation of CO2 emissions from power plants is essential for the effective control of carbon 
emissions. Based on the XCO2 retrievals from the Orbiting Carbon Observatory 2 (OCO-2) and the Gaussian 
Plume Model (GPM), a series of studies have been carried out to estimate CO2 emission from power plants. 
However, the GPM is an ideal model, and there are a number of assumptions that need to be made when using 
this model, resulting in large uncertainties in the inverted emissions. Here, based on 6 cases of power plant 
plumes observed by the OCO-2 satellite over the Yangtze River Delta, China, we use an inline plume rise module 
coupled in the Community Multi-scale Air Quality model (CMAQ) to simulate the plumes and invert the emis
sions, and compare the simulated plumes and inverted emissions using the GPM model. We found that CO2 
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emissions can be significantly overestimated or underestimated based on the GPM simulations, and that the 
CMAQ inline plume simulation could significantly improve the estimates. However, the simulation bias in wind 
speed can significantly affect the inversion results. These results indicate that accurate meteorological field and 
plume simulations are critical for future inversion of point source emissions.   

1. Introduction 

CO2 emissions from coal power plants accounts for 33–40 % of global 
carbon emissions (Yoro and Daramola, 2020). From the Kyoto Protocol 
to the Paris Agreement, reducing CO2 emissions has been constantly 
emphasized (Razmjoo et al., 2021). In order to achieve this goal and 
control fossil fuels CO2 emissions, an accurate estimate for the emissions 
of coal power plants is particularly important. Traditional estimation 
methods have high uncertainty in estimating emissions due to the 
complexity of activity level data and the inaccuracy of emission factors 
(Friedlingstein et al., 2022). The development of space-based CO2 ob
servations in recent years, in particular the launch of NASA's Orbiting 
Carbon Observatory-2 (OCO-2) satellite (Eldering et al., 2017), which 
provides information on column-averaged CO2 dry-air mixing ratios 
(XCO2) of the CO2 plume cross-section of power plants (Schwandner 
et al., 2017), provides a basis for estimating CO2 emissions through top- 
down methods. 

OCO-2 measures XCO2 across a narrow swath of about 10 km with a 
footprint resolution of 1.29 × 2.25 km2. When it passes through the 
downwind of an individual point source, the observed XCO2 is signifi
cantly elevated due to strong CO2 emissions. By fitting the observed 
XCO2 to plume simulations, daily CO2 emissions can be quantified 
(Nassar et al., 2017). Based on the OCO-2 XCO2 retrievals, a series of 
studies have been carried out to estimate CO2 emissions from power 
plants, volcanoes, and cities (Guo et al., 2023; Lei et al., 2021; Nassar 
et al., 2021; Zheng et al., 2020). The Gaussian Plume Model (GPM) is the 
most widely used model to simulate the smoke plume. Using GPM, 
Nassar et al. (2021) presented CO2 emission estimates for twenty power 
plants and associated facilities in the United States, India, South Africa, 
Poland, Russia and South Korea, and pointed out that the difference 
between the estimated and reported emissions for the US power plants 
ranged from 1.4 % to 26.7 %. Zheng et al. (2020) quantified CO2 
emissions from 46 cities and industrial regions over China. However, 
Zheng et al. (2019) used the Weather Research and Forecasting model 
coupled to the Chemistry (WRF-Chem) model alternative GPM to 
simulate plumes and calculate emissions for 7 cases reported in Nassar 
et al. (2017), and found that the differences in estimated emissions were 
more than 50 % in several cases and much lower than the reported 
emissions. Lin et al. (2023) identified a total of 50 collocated cases of 
CO2 emissions involving 22 power plants and found that the instanta
neous satellite estimated emissions of these 50 cases and the reported 
emissions showed a weak correlation. For an identical power plant, the 
estimated emissions from XCO2 observations from different dates can 
differ by a factor of about 7. A possible reason for this situation is that 
GPM is an idealized plume transport diffusion model, and there are 
numerous assumptions made when using this model, including the 
height of the plume rise, atmospheric stability parameters, and so on. In 
addition, the simulated XCO2 in the above estimates is usually an 
average of the CO2 concentration throughout the whole gas column, 
whereas the satellite-observed XCO2 is a weighted average of the 
different pressure layers. Three-dimensional (3D) atmospheric transport 
models can more realistically describe atmospheric transport and mix
ing, thereby better capturing the structure of real plumes (Brunner et al., 
2023), and can simulate the vertical profile of CO2 concentrations, 
allowing us to calculate simulated XCO2 based on the average kernel of 
satellite observations. There have been several studies using 3D atmo
spheric transport models for plume simulation and inversion of CO2 
emissions at the city scale (Pillai et al., 2016; Broquet et al., 2018; Ye 
et al., 2020; Lei et al., 2022). Zheng et al. (2019) also employed high- 

resolution simulations of a 3D atmospheric transport model (i.e., 
WRF-Chem) to estimate power plant CO2 emissions. To date, however, 
there have been few studies that include calculations of plume rise. 

The Yangtze River Delta (YRD) region is one of the most economi
cally developed and CO2 emitting regions in China. There are many 
thermal power plants here. In order to estimate CO2 emissions more 
accurately from power plants, in this study, we used a 3D atmospheric 
transport model coupled with an in-line plume rise module (i.e., CMAQ) 
to simulate the plumes and estimate the emissions. To investigate the 
impacts of the GPM's plume simulations and the calculations of XCO2 on 
emission estimates, we also estimated the emissions based on the GPM 
simulations with the plume rise height outputted from the CMAQ model 
and the wind field outputted from the WRF model. 

2. Data and methods 

2.1. The OCO-2 XCO2 data and selection of power plants in YRD 

OCO-2 was launched on July 2, 2014, it flies in a sun-synchronous 
orbit and passes by ~13:36 local time with a repeat cycle of 16 days 
(Ng and Hashim, 2023). In this study, we used the OCO-2 ACOS v10 Lite 
high-quality XCO2 data filtered by the variable “xco2_quality_flag” from 
2017 to 2020. We selected the power plant cases by the following steps: 
(1) Identifying the coal power plants. The average value of each over
pass in YRD was calculated as the background, and the XCO2 enhance
ments were calculated by removing the background. If a power plant 
with reported CO2 emissions was located within 25 km upwind of OCO-2 
overpasses with significant XCO2 enhancements, the power plant was 
identified. (2) Accurately calculating the XCO2 enhancements. To get 
more accurate XCO2 enhancements, we re-calculated the background 
value using the XCO2 observations along the footprint, and 20–80 km 
away from the location with the highest XCO2 concentration. (3) There 
should be at least 5 soundings with XCO2 enhancement greater than 1.5 
ppm for each identified power plant. Finally, we selected 6 power plant 
cases. They are Shanghai Wujing Power Station, Jiangsu Nantong Power 
Station, Zhejiang Jiaxing Power Station, Guohua Taicang Power Station, 
Huadian Jurong Power Station, and Guoneng Tongling Power Station. 
The locations of these power plants and the corresponding XCO2 ob
servations are shown in Fig. 1. 

2.2. Meteorological data 

Wind speeds from meteorological sites were used to assess the ac
curacy of the WRF wind speed simulation. The upper air data were 
obtained from the University of Wyoming (http://weather.uwyo. 
edu/upperair/bufrraob.shtml, last access: 7 December 2023), which 
provides the wind speeds of different pressure layers and heights at the 
sounding site every 12 h. The 10 m wind speeds with a time interval of 1 
h or 3 h at the ground-based meteorological observation sites were 
downloaded from the National Climate Data Center (ftp://ftp.ncdc.noaa 
.gov/pub/data/noaa/isd-lite/, last access: 6 December 2023). The lo
cations of these sites are shown in Fig. 1(a). 

2.3. CO2 plume simulations 

2.3.1. In-line plume simulations 
In this study, the WRF-CMAQ model was used to simulate CO2 inline 

plume rises and diffusion from power plants. WRF-CMAQ is an offline 
regional atmospheric chemistry transport model, in which WRF 
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(Weather Research Forecast) is a new generation of mesoscale fore
casting models developed by scientists from many research departments 
and universities (Skamarock et al., 2019), and CMAQ is a 3D Eulerian 
atmospheric chemistry and transport simulation system (United States 
Environmental Protection Agency, 2014). The versions of WRF and 
CMAQ are 4.0 and 5.0.2, respectively. In the CMAQ v5.0.2, an in-line 
plume rise simulation module was coupled, in which the atmospheric 
stability (stable, neutral or unstable) is determined based on the simu
lated surface heat flux, mixing height and virtual potential temperature 

gradient variables, etc. Meteorological factors such as wind speed and 
ambient temperature at the top of the stack, and the stack parameters 
including stack diameter, stack height, stack exit temperature, and stack 
exit velocity are used to calculate the effective plume rise height Δh. 
Then the plume centerline at a given time is equal to the stack height 
plus Δh. Plume top and plume bottom are defined as the stack height 
plus 1.5 times Δh and the stack height plus 0.5 times Δh, respectively. 
Several sections are divided by the model vertical layers between plume 
bottom and top, and each section at each time step is allocated prior 

Fig. 1. (a–b) The locations of power plants and meteorological sites in the YRD, and (c-h) the corresponding satellite-based XCO2 observations in the YRD. (The 
orange nails indicate the locations of 6 power plants, the rosy triangles represent ground-based meteorological observation sites, the blue squares show upper air 
meteorological sounding sites, the yellow nails show the locations of the power plants, the rosy arrows are the wind directions at the plume centerline height 
simulated by WRF, the blue arrows are the optimal wind directions, and the number in the upper right corner is the distance of the power plant from the satellite 
observation along the optimal wind direction). 
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emissions in proportion to the plume height (height between the plume 
bottom and the plume top) it occupies. Finally, the point source prior 
emissions are assigned between the model layers of the plume top and 
plume bottom (Bieser et al., 2011; Guevara et al., 2014; Houyoux, 1998; 
Ooi et al., 2021). In addition, it should be noted that CMAQ is a full 
chemistry model, that does not contain CO2 species. In this study, we 
added a tracer gas of CO2 and closed the chemical and aerosol processes 
because there are only advection and diffusion processes for CO2 in the 
atmosphere. 

According to Brunner et al. (2023), at a resolution of 1 km or higher, 
the turbulent structure of a plume begins to be resolved. Therefore, for 
each WRF simulation, we adopted a 4 nested domain, with grid spacing 
of 27, 9, 3, and 1 km. For each CMAQ simulation, only the domain with 
1 km resolution was run. This domain has 97 × 97 grids and we placed 
the power plant in the center of it. Vertically, there are 51 layers for WRF 
and 15 layers for CMAQ. For each simulation, WRF was run for 48 h, 
with start time about 1 day ahead of the OCO-2 satellite transit; and 
CMAQ was run only on the day of the satellite transit. The initial con
ditions and boundary conditions of WRF were provided by the final 
(FNL) operational global analysis data from the National Center for 
Environmental Prediction, which has a spatial resolution of 1◦ × 1◦, and 
a temporal interval of 6 h. The initial and lateral boundary conditions of 
each CMAQ simulation were set to zero, except for the in-line CO2 
emission from one power plant, the other CO2 fluxes from anthropogenic 
and natural sources were all set to zero. The stack parameters of the 
Guohua Taicang Power Station and the Jiangsu Nantong Power Station 
were from the National Environmental Protection Research Institute for 
Electric Power Co., Ltd., for the parameters of other power plants, we 
adopted a default data, namely stack diameter of 8 m, stack height of 
210 m, stack exit temperature of 318 K, and stack exit velocity of 22 m/s, 
which are for power plants with an installed capacity greater than 300 
MW. The stack parameters and installed capacity of each power plant in 
this study are listed in Table 1. For each power plant, we assumed a prior 
emission rate of 25 ktCO2/day. 

Two types of simulated XCO2 were calculated. The first one is named 
as weighted XCO2, which is calculated based on the pressure weighting 
function and averaging kernel following Connor et al. (2008). The 
simulated CO2 concentration profiles were mapped into the satellite 
XCO2 retrieval levels and then vertically integrated according to formula 
(1). 

Xm
co2

= Xa
co2

+
∑

j
hjkj(Xm − Xa)j (1)  

where Xm
co2 

is the modeled XCO2, Xa
co2 

is the priori XCO2, j represents the 
vertical levels in the OCO-2 Level-2 full-physics retrieval, hj is the 
pressure weighting function, kj is the column averaging kernel, Xm is the 
simulated CO2 concentration that has been interpolated to the OCO-2 
retrieval pressure levels, and Xa is the priori CO2 profile. Xa

co2
, hj, kj 

and Xa are all derived from OCO-2 data products, and the average value 
of all satellite soundings within the simulated plume is adopted. 

We also calculated the column averaged CO2 concentration using the 
CMAQ simulations according to O'Dell et al. (2012), which is named as 
CMAQ averaged XCO2. 

Xco2 =

∑N− 1
i=1 (cu)iΔpi
∑N− 1

i=1 ciΔpi
(2)  

c ≡
1 − q
gMair

(3)  

Where Xco2 is the averaged XCO2, i denotes the model vertical layer, u is 
the CO2 concentration, q is the specific humidity, (cu)i and ci means the 
average of quantity cu and c over layer i, Δpi is the pressure difference 
between pressure level pi and pi+1. 

2.3.2. Gaussian plume model 
GPM is a normal model based on statistical theory and is mainly used 

to simulate the diffusion process of emission point sources in the at
mosphere (Brusca et al., 2016). The model assumes that the wind speed 
and direction remain constant during the diffusion process, and that the 
gas does not settle, decompose, or undergo any chemical reaction during 
the whole process. GPM simulates XCO2 enhancement as follows 
(Bovensmann et al., 2010; Nassar et al., 2021): 

V(x, y) =
F

̅̅̅̅̅
2π

√
σy(x)u

e
− 1

2

(
y

σy (x)

)2

(4)  

σy(x) = a⋅
( x

1000

)0.894
(5)  

XCO2 = V(x, y)⋅
Mair

Mco2

⋅
g

Psurf − ω*g
• 1000 (6)  

Where V(x, y) is CO2 vertical column in g/m2 at the (x, y) position, x is a 
distance along the optimal wind direction, y is a distance across the 
optimal wind direction. In Eq. (4), F is the emission rate with a unit of g/ 
s, which needs to be calculated, σy(x) is the standard deviation in the 
across-wind direction, and u is the wind speed at the plume centerline 
height. In this study, u was derived from the WRF simulations according 
to the plume rise height simulated in the CMAQ in-line plume rise 
module. In Eq. (5), a is the atmospheric stability parameter, which de
pends on the surface wind speed, if the surface wind speed is less than 2 
m/s, a is 213; if the surface wind speed is greater than 5 m/s, a equals 
104; otherwise a is interpolated between 104 and 213. The surface wind 
speed was also derived from the WRF simulations in this study. The CO2 
vertical column of V is converted to XCO2 enhancement in ppm ac
cording to Eq. (6) (Hu and Shi, 2021; Zheng et al., 2020), where Mair and 

Table 1 
Location, stack parameters and installed capacity for each power plant.  

Date Name Latitude Longitude Stack parameters Installed capacity 
(MW) 

Diameter 
(m) 

Height 
(m) 

Exit temperature 
(K) 

Exit velocity (m/ 
s) 

2017/2/13 Shanghai Wujing Power 
Station  

31.061035  121.460165  8  210  318  22  2400 

2017/5/18 Jiangsu Nantong Power 
Station  

32.032512  120.771661  8  210  318  22  2700 

2018/7/17 Zhejiang Jiaxing Power 
Station  

30.629398  121.146125  8  210  318  22  5000 

2019/10/ 
15 

Guoneng Tongling Power 
Station  

31.074375  117.964305  8  210  318  22  1200 

2020/2/4 Guohua Taicang Power 
Station  

31.584758  121.257726  10  240  318  30  1900 

2020/10/ 
24 

Huadian Jurong Power Station  32.194023  119.249555  8  210  318  22  4000  
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Mco2 are the mole mass of air and CO2, and Psurf (surface pressure, Pa) 
and ω (total column water vapor, kg/m2) were derived from the OCO-2 
products. 

Following Nassar et al. (2017), we adjusted the wind direction 
(±45◦) at the power plant location to make the correlation coefficient 
(CORR) between the simulated XCO2 enhancement and the observed 
XCO2 enhancement within the plume diffusion limit (outside which the 
CO2 vertical column is less than 1 % of the CO2 vertical column along the 
wind direction) reaches the maximum, and finally, the wind direction 
with the maximum CORR is the optimal wind direction. CORR must be 
greater than 0.5. For the CMAQ simulations, we used the same plume 
diffusion limit with GPM, and made a slight shift in the position of the 
modeled XCO2 to ensure that the simulated XCO2 maximum enhance
ment is located near the observed maximum enhancement. 

2.4. Emission inversion and uncertainty estimation 

2.4.1. Emission estimation 
Based on the simulated and observed XCO2 enhancement described 

above, we estimated emissions by the weighted least squares method: 

X̂ =
(
HT R− 1H

)− 1( HT R− 1y
)

(7)  

R[i, j] =
{

corr(i, j)⋅σxco2,i ⋅σxco2,j(i∕=j)
σxco2,i ⋅σxco2,j(i=j)

(8)  

corr(i, j) =
tmax − ti,j

tmax
• corrmax (9)  

Where X̂ is the optimal estimated emission rate, H is the XCO2 
enhancement caused by the prior emission per unit. y is the OCO-2 XCO2 
enhancement, and R is a weighting matrix. Following Zheng et al. 
(2019), R was constructed based on the time relationship between 
different OCO-2 XCO2 observations i, j (corr(i, j)) and the corresponding 
retrieval errors of each observation obtained from the OCO-2 product 
(σxco2,i and σxco2,j ), ti,j is the observation time difference between footprint 
i and footprint j. Here, corrmax and tmax were set to 0.3 and 10 s, 
respectively. 

2.4.2. Uncertainty estimation 
Three sources of uncertainty in estimating CO2 emissions from power 

plants have been considered in this study. The first one is inversion error 
(εt). According to Zheng et al. (2019), the inversion error is the square 
root of 

(
HTR− 1H

)− 1.The second one (εb) is caused by the removal of 
OCO-2 XCO2 background value. We estimated the emissions with 
different background XCO2 values (varied within ±0.1 %), and the 
standard deviation of the estimated emissions is adopted as this uncer
tainty. The last uncertainty (εw) is caused by the wind speed. The 10 m 
wind speed is usually overestimated by 0.5–1 m/s over China in WRF 
(Gao et al., 2016; Zhang et al., 2021). In this study, we evaluate the 
simulated 10 m wind speeds of WRF using the nearest meteorological 
data. Since the innermost domain (D04) has a small area of 97 km × 97 
km, if there are meteorological stations in the D04 domain, the simu
lation results of D04 are used for the evaluation, otherwise the simula
tion results of D03 are used to complete the evaluation. The biases are in 
the range of − 0.31 to 1.7 m/s (see Table S2). Previous studies have 
typically used 1.3–1.5 times the 10 m wind speed as the upper air wind 
speed after plume rise (Varon et al., 2018). Therefore, the error of the 
simulated wind speed at the plume centerline height is about − 1.5 to 
1.5 m/s. Based on GPM, the emissions with different wind speeds were 
estimated, and the standard deviation was considered as this uncer
tainty. In the CMAQ model, we cannot artificially modify the wind 
speed, the εw of emissions based on the CMAQ simulations are scaled 
according to the relative changes between estimated emission and εw 
using GPM. Many previous studies also considered the plume rise height 
as another uncertainty source in the inversion (Johnson et al., 2020; 

Nassar et al., 2021). Since the plume rise height in CMAQ was calculated 
based on the stack parameters and meteorological conditions on that 
day, and the same height was used in the GPM, we did not consider this 
uncertainty. Finally, the three uncertainties were combined according to 
Eq. (10). 

ε =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
εt

2 + εb
2 + εw

2
√

(10)  

3. Results and discussion 

3.1. Plume rise height and wind speed 

Fig. 2 shows the simulated plume centerline height and corre
sponding wind speeds at this height for the 6 cases. The maximum plume 
centerline height reaches about 823 m, while the lowest height is only 
310 m. The wind speeds also vary considerably, from a maximum of 
11.7 m/s to a minimum of 1.5 m/s. In addition, it can also be found that 
there is a significant negative correlation between wind speed and 
plume centerline height, with the plume centerline height being 
significantly lower when the wind speed is high. After subtracting the 
stack height, the plume rises between 100 and 613 m. The correlation 
coefficient between changes in plume rise height and changes in wind 
speed reaches − 0.96 (Fig. 2(b)). In many previous studies, the plume 
rise was usually assumed to be a typical height (Brunner et al., 2019; 
Nassar et al., 2017). Obviously, our results show that such an assump
tion is not reasonable and that the plume rise height must be calculated 
based on the wind speed. 

3.2. Simulated plumes 

Fig. 3 shows the simulated distributions of the XCO2 plumes for the 
2020-02-04, 2017-02-13, and 2018-07-17 cases. For comparison, we 
show the plumes simulated by GPM and calculated using pressure- 
weighted (Eq. 1) and column-averaged (Eq. 2 and 3) methods based 
on the CMAQ simulations, which are named as the GPM plume, the 
CMAQ weighted plume, and the CMAQ averaged plume, respectively. 
The CMAQ weighted and averaged plumes are basically the same in all 
the cases, but the CMAQ and GPM plumes differ significantly. Generally, 
GPM plumes show a half bell-shaped curve along the optimal wind di
rection, and decrease rapidly along the optimal wind direction. There 
was a significant difference in the rate of decrease in XCO2 concentra
tions with distance at different wind speeds. The lower the wind speed, 
the faster the rate of decrease in XCO2. However, in the CMAQ model, 
wind speed and direction are not fixed but have significant spatial var
iations, and accordingly, the CMAQ plumes do not follow the optimal 
wind direction as the GPM plumes do, but rather deflect with the wind 
field. Meanwhile, the XCO2 of CMAQ plumes does not always decrease 
with increasing distance from the stack's location, and at certain specific 
times such as 2020-02-04, it may appear to decrease and then increase. 
This may be due to the fact that the plume has a maximum landing point 
under certain weather conditions, which leads to the accumulation of 
CO2 near the maximum landing point. In addition, it can also be noted 
that closer to the stack, the XCO2 concentrations of GPM plumes are 
significantly higher than those of CMAQ plumes. 

To further quantify the XCO2 differences among plumes, we calcu
lated the maximum XCO2 enhancement along the wind direction 
(Fig. 4). Clearly, wind speed affects the XCO2 enhancement, which is 
more evident at the power plant location. We found that the higher the 
wind speed, the lower the XCO2 enhancement at the power plant loca
tion. As shown in Fig. 4(b), the wind speed at the plume centerline 
height was only 1.48 m/s on 2017-02-13. The XCO2 enhancement at the 
power plant location for CMAQ weighted, CMAQ averaged, and GPM 
plumes are 6.90, 6.88, and 24.70 ppm, respectively, while on 2018-07- 
17 (Fig. 4(c)), the wind speed reaches 11.68 m/s and the XCO2 
enhancement of CMAQ plumes is only about 1 ppm at the power plant 
location. The XCO2 enhancement of GPM plumes is also significantly 
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lower than that on 2017-02-13. This is most likely caused by the 
accelerated diffusion of CO2 due to excessive wind speed, which is 
similar to 2017-05-18 and 2019-10-15 cases (Fig. S3 and Fig. S4). On 

2020-10-24 (Fig. S2), the wind speed was moderate and the XCO2 at the 
power plant location was also moderate among the 6 cases. In addition, 
it also shows that the XCO2 enhancement of the GPM plumes is 

Fig. 2. (a) Simulated plume centerline height and wind speed at the plume centerline height for the 6 cases, and (b) the relationship between plume rise height and 
wind speed. 

Fig. 3. Simulated XCO2 enhancement distributions with prior emissions of 25 ktCO2/day for cases on (a, b, c) 2020-02-04, (d, e, f) 2017-02-13, and (g, h, i) 2018-07- 
17. (a, d, g) CMAQ weighted XCO2 enhancement, (b, e, h) Gaussian plume model XCO2 enhancement, and (c, f, i) CMAQ averaged XCO2 enhancement, respectively. 
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significantly higher than the CMAQ weighted/averaged plumes within 
0–5 km from the power plants. This is due to the fact that in the CMAQ 
simulation, after CO2 is discharged from the stack opening, it also dif
fuses in all directions and is transported downwind as it rises, resulting 
in lower XCO2 concentrations in the vicinity of the stack opening 
(Fig. S5), whereas the GPM simulation assumes that CO2 is discharged 
along the dominant wind direction at the plume centerline height, 
resulting in much higher XCO2 concentrations downwind of the stack. 
On 2018-07-17 (Fig. 4(c)), after 20 km away from the stack, the XCO2 
concentrations of CMAQ and GPM plumes were roughly similar. These 
are also reflected in other cases (Fig. S2(d), S3(d) and S4(d)) and 
commonly indicate that if the satellite observation is within 0–5 km of 
the power plant, the emission estimation of GPM will be significantly 
lower than that of CMAQ; and if the satellite observation is located about 
20 km away from the power plant, the estimated emissions using GPM 
and CMAQ will be closer except for some cases with plume landing 
point. In addition, it also could be found that the XCO2 calculated with 
the weighting method is slightly lower than the column-averaged XCO2, 
with a difference of about 0.1 ppm, indicating that the traditional used 
GPM combined with column averaging to obtain XCO2 also leads to an 
underestimation of the inverted emissions. 

3.3. Estimated emissions 

The estimated CO2 emission results for the 6 cases are summarized in 
Table 2. The reported daily emissions of each power plant are also 
shown in Table 2, converted from the annual emissions available on the 
Carbon Brief website (https://www.carbonbrief.org/mapped-world 
s-coal-power-plants). The Carbon Brief analysis shows the world's 
coal-fired power plants operating between 2000 and 2019, which was 
compiled using the data from Global Energy Monitor and Global Coal 
Plant Tracker. It includes approximately 2465 power plants in China, 

with the installed capacity ranging from 30 MW to 6720 MW, of which 
1033 plants have CO2 emissions greater than 10 ktCO2/day. The GPM 
estimated results are almost 2 or 0.5 times the reported emissions. On 
2020-02-04 and 2020-10-24, the CMAQ estimated emissions are very 
close to the reported emissions, while all the remaining cases are higher 
than the reported. The difference of emission estimations between GPM 
and CMAQ averaged is 15–90 %, and the difference between CMAQ 
weighted and CMAQ averaged is 1–9 %. On 2020-02-04, the CMAQ 
plume landing site appeared at about 20 km, where the OCO-2 satellite 
passed, so the CMAQ estimation result is much closer to the reported 
than GPM, which doesn't have the potential to simulate the plume 
landing site. On 2017-02-13 and 2020-10-24, when the wind speeds 
were relatively low, the distances between the power plant stack loca
tions and OCO-2 soundings were 1.5 km and 2.8 km, respectively, so the 

Fig. 4. Maximum XCO2 enhancement along the wind direction simulated with prior emissions of 25 ktCO2/day for cases on (a) 2020-02-04, (b) 2017-02-13, and (c) 
2018-07-17. 

Table 2 
Estimated emissions for the 6 cases (unit: ktCO2/day).  

Date Name GPM CMAQ 
weight 

CMAQ 
average 

Reported 
values 

2017/ 
2/13 

Shanghai Wujing 
Power Station 

15.5 ±
11.0 

44.9 ±
32.2 

41.0 ±
30.0  

32.7 

2017/ 
5/18 

Jiangsu Nantong 
Power Station 

64.0 ±
12.4 

77.1 ±
15.7 

74.7 ±
15.1  

33.1 

2018/ 
7/17 

Zhejiang Jiaxing 
Power Station 

116.0 
± 15.7 

145.6 ±
25.1 

141.1 ±
24.0  

61.7 

2019/ 
10/ 
15 

Guoneng 
Tongling Power 
Station 

41.0 ±
12.2 

80.1 ±
27.4 

79.6 ±
27.3  

14.8 

2020/ 
2/4 

Guohua Taicang 
Power Station 

96.7 ±
38.2 

45.1 ±
18.8 

44.2 ±
18.4  

42.8 

2020/ 
10/ 
24 

Huadian Jurong 
Power Station 

21.0 ±
7.4 

45.1 ±
16.7 

41.4 ±
15.4  

44.4  
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GPM modeled XCO2 were higher, and the GPM estimations are all lower 
than the reported. According, the emissions estimated from the CMAQ 
simulations are much higher than those from GPM, and have better 
consistency with the reported values. On 2017-05-18, the distance be
tween the power plant stack location and OCO-2 soundings was 3.6 km, 
which is also within 5 km. CMAQ XCO2 is lower than GPM, and the 
estimated emission using CMAQ is higher than that using GPM. Never
theless, the estimated emissions from both CMAQ and GPM are signifi
cantly higher than the reported, which may be related to the simulation 
error of wind speed at the plume rise height. We evaluated the simulated 
upper air wind speeds of D03 against the meteorological sounding ob
servations (Fig. 1). On that day, the simulated wind speed is over
estimated by 1.0 m/s, resulting in lower simulated XCO2 and 
significantly overestimated emissions. Similarly, on 2018-07-17 and 
2019-10-15, the simulated wind speeds are overestimated by 2.0 and 
1.2 m/s, respectively (Table S1), accordingly, the estimates from both 
the GPM and CMAQ model are significantly higher than the reported 
values. These indicate that on the one hand, the CMAQ inline plume 
simulation could significantly improve the CO2 emissions from power 
plants, and on the other hand, the estimation is very sensitive to the 
wind speed simulations, although we use a better plume model, the 
simulation bias in wind speed can significantly affect the inversion 
results. 

It is easy to change the wind speed in the GPM model, and we 
attempted to investigate the effect of wind speed on emission inversion. 
After increasing/decreasing the wind speed by 1 m/s, we found that the 
CO2 emission rate of the power plants can increase/decrease in the range 
of 5.62 to 30.03 ktCO2/day. The XCO2 calculation method has a much 
smaller effect on the inversion results compared to other factors. 
Compared with the weighted method, the emissions estimated based on 
the column averaged XCO2 will be underestimated in the range of 1–9 
%. It is worth noting that the CMAQ averaged is similar to the GPM 
XCO2. It's just that the GPM XCO2 does not take into account the pressure 
variation, and the surface density is the same in every plane of the air 
column, so the CO2 molecules are equally distributed in the air column. 
The setting of the a priori emission rate and the use of different versions 
of the OCO-2 XCO2 product can also affect the inversion results. 
Therefore, we performed additional experiments with an a priori value 
of 50 ktCO2/day and using OCO-2 XCO2 ACOS v11 retrievals. The re
sults show that for the GPM model, the use of different a priori values 
has no effect on the inversion results, while for the CMAQ model, 
doubling the a priori value only slightly reduces the inverted carbon 
emissions by about 2 % (Table S3), which is negligible compared to the 
difference between the inversion results using the GPM and CMAQ 
models. The version of OCO-2 XCO2 retrievals has a noticeable effect on 
the estimated emissions, with the use of the v11 version data leading to 
changes in the inverted emissions ranging from − 10 % to 13 %, and in 
general the results of the inversion being slightly closer to the reported 
values. However, the differences caused by the version of XCO2 are still 
much smaller than those caused by the GPM and CMAQ models 
(Table S4). 

4. Summary and conclusion 

In this study, based on the OCO-2 XCO2 retrievals over YRD, China, 
we use the GPM and WRF-CMAQ model to simulate the CO2 plumes of 6 
power plants, and estimate the CO2 emissions. We analyze the differ
ences in simulated CO2 plumes and estimated CO2 emissions using 
different models, and also, explore the impact of different XCO2 calcu
lation methods on the emission estimates. 

The results show that the differences in estimated emissions between 
CMAQ and GPM are in the range of 15–90 %. If the satellite observations 
are within 0–5 km away from the power plant, the emission estimated 
based on the GPM simulations is much lower than the one estimated 
based on the CMAQ simulations. After 20 km, the emissions estimated 
based on both GPM and CMAQ simulations are close. Compared with the 

reported emission values, the CO2 emissions based on the GPM simu
lations can be significantly overestimated or underestimated, while the 
CMAQ inline plume simulation could significantly improve the esti
mates. Moreover, the accuracy of wind speed can significantly affect the 
estimates of CO2 emissions in both the GPM and CMAQ simulations, 
with the higher wind speed resulting in lower XCO2 simulations and 
higher CO2 emission estimations. The influence of the different XCO2 
calculation ways is small, with a relative change of about 1–9 %. 

Our findings indicate that accurate meteorological field and plume 
simulations are critical for future point source emission inversions. For 
the meteorological field, although we used a state-of-the-art mesoscale 
meteorological model to simulate the wind field at 1 km horizontal 
resolution, the simulated wind speeds are still subject to varying degrees 
of bias. Techniques such as data assimilation may be required in the 
future to further improve the simulation of the wind field. 
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