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CO₂ emission dispersion of multiple point sources in the localized regions 
together with its intensity inversion model
Hanlin Xiao, Jiaheng Yang, Peng Gao, Jingjing Ai, Xiaochen Hu, Zhongyi Han and Tingting Fan

College of Mathematical and Physical Sciences, Shandong Advanced Optoelectronic Materials and Technologies Engineering Laboratory, 
Qingdao University of Science and Technology, Qingdao, People’s Republic of China

ABSTRACT  
The rapid and stable monitoring of CO₂ emissions from point sources in localized regions remains a 
key challenge in energy conservation and emission reduction efforts. To address this challenge, the 
Gaussian plume model is adopted for the rapid prediction of carbon emission dispersion from 
multiple point sources, and an inversion model for carbon emission intensities is constructed 
based on the Simplex search algorithm. By incorporating elevation data, the Gaussian plume 
model is modified to adapt to undulating mountainous terrain, and the impacts of the Gaussian 
diffusion model on the CO2 concentration diffusion of multiple point sources are analyzed 
under the conditions of the observation height, atmospheric stability and terrain correction. 
When the number of monitoring stations reach 10, the average inversion error ranges from 0.01 
to 0.47% under various atmospheric conditions, together with an average inversion uncertainty 
in a range of [0.09%, 1.22%], indicating that enhancing the number of monitoring stations and 
selecting more stable atmospheric conditions can significantly improve the inversion accuracy 
of the carbon emission intensities from multiple point sources. This work provides a theoretical 
guidance for formulating the energy conservation and emission reduction policies together 
with monitoring and reducing the anthropogenic carbon emission.
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1. Introduction

Globally, the carbon dioxide (CO2) emission has become 
one of the primary greenhouse gases posing a threat to 
the environment [1–6], and it accounts for about 80% 

emissions of the global greenhouse gases [7–9]. These 
emissions primarily come from human activities, such 
as the combustion of the fossil fuels for obtaining the 
energy and meeting the transportation need. Because 
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of the growing demands of the humanity, the energy 
consumption exhibits an exponential increase. Cur
rently, the fossil fuel combustion provides about 85% 
of the required energy, ultimately resulting in the 
increasing of the CO2 concentration in the atmosphere 
[10]. In view of the global warming problem, approxi
mately 200 countries reached a consensus on the Paris 
Agreement starting in 2015, and this agreement aims 
to reduce the CO2 emission for keeping the global 
average temperature rise below 2°C [11–14]. It is a 
serious challenge for nations to achieve net-zero 
carbon emissions, which requires a timely, accurate 
monitoring and assessment for the anthropogenic 
carbon emissions.

An integral aspect of the carbon emission assessment 
involves simulating the CO2 dispersion in the atmos
phere based on identified emission sources. When simu
lating the gas dispersion from the point source, it is 
essential to choose an appropriate model based on 
the meteorological condition, terrain, gas characteristic 
and the nature of the emission source. As a semi-empiri
cal model, the Gaussian plume model (GPM) can provide 
an analytical solution to the transport-dispersion 
equation for the air pollutants emitted in short or con
tinuous periods [15–19]. As the GPM does not account 
for complex fluid dynamic effects, it is more suited to 
the localized flat terrain together with the uniform and 
stable wind conditions. It is assumed that the emission 
source is a continuous and steady release of gas, with 
its concentrations following a normal distribution in 
horizontal and vertical directions. Due to the simple 
expression, low computational cost and relatively 
reliable simulation result, the GPM is widely used in 
the simulation of atmospheric pollutants from the 
fixed point source, and the exact result under the 
complex terrain condition can be obtained with an 
appropriate adjustment. The multiple linear regression 
model and GPM is used for atmospheric dispersion 
research, achieving an accuracy of up to 84.2% for study
ing the spread of diseases in tomato plants [20]. The 
GPM is modified and validated to calculate the trans
mission of the ammonia and particulate matter from 
the ventilation tunnel fans in poultry houses [21]. The 
parameters affecting the gas diffusion are given by the 
gas diffusion mechanism and GPM in the process of 
natural gas leakage, and the Phast software is adopted 
to study the influences of various factors on the gas 
diffusion [22]. The Python programming language is uti
lized to model the Gaussian dispersion equation within 
the Quantum Geographic Information System, and the 
impacts of the pollutants emitted from the Kirkuk 
cement plant on the land cover are assessed [23]. The 
deterministic method based on the GPM is adopted to 

assess the dispersion of the PM2.5 pollutant of the air 
during fires [24].

In the carbon emission assessment, another critical 
requirement relates to the inversion of the carbon emis
sion intensities (CEI) for the emission sources. Multiple 
temporally correlated sources are incorporated into a 
Bayesian framework, and the solution based on the 
GPM is employed to estimate the unorganized emission 
rates of the particulate matter from these sources [25]. 
An enhanced near-field Gaussian plume inversion 
method is adopted to quantify the emission from the 
point source along the downwind vertical plane [26]. 
The GPM in conjunction with the OCO-2/3 satellite 
data is applied to invert the CO2 emissions from major 
power plants in China [27–28]. A novel Gaussian dis
persion modeling method is introduced to estimate 
the methane emission from landfill sites, which collect 
the on-site methane concentration data by the mobile 
ground-based cavity ring-down spectrometer platform 
[29]. The Gaussian plume dispersion model along with 
a genetic algorithm is adopted to invert the location 
and the concentration of the sulfur dioxide emissions 
from a single ship [30]. The inversion method based on 
the probabilistic model demands a substantial volume 
of data together with the significant upfront effort, ren
dering its implementation challenging.

In view of the limitations of the existing research on 
the carbon emission diffusion tracking and monitoring 
inversion from multiple point sources in small areas, 
this study utilizes the GPM to simulate the spatial con
centration distribution of CO₂ emissions from multi- 
point sources, and analyzes the influences of various 
factors on the CO₂ diffusion pattern. On basis of the 
GPM, an optimized inversion model is developed for 
the inversion of CEI from multi-point sources by integrat
ing the Simplex search algorithm (SSA). Besides, a com
parative analysis of various application scenarios such as 
different monitoring stations and atmospheric con
ditions is performed, and the uncertainty metrics is intro
duced to systematically assess the accuracy and stability 
of the model.

2. CO2 emission diffusion from multiple point 
sources

2.1. Gaussian plume model

According to the GPM, the dispersion of the CO2 emitted 
from the point source is simulated, and a coordinate 
system is established as shown in Figure 1. Where the 
emission source is located at the origin, together with 
the x and z axes pointing to the wind direction and 
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vertical direction, respectively, and the y axis forms a 
right-hand spiral with the xz plane.

If considering the ground reflection and neglecting 
the ground absorption, the CO2 concentration at arbi
trary point can be expressed as:

C(x, y, z) =
Q

2pusysz
exp −

y2

2s2
y

􏼠 􏼡

· exp −
(z − He)2

2s2
z

􏼔 􏼕

+ exp −
(z + He)2

2s2
z

􏼔 􏼕􏼚 􏼛

, 

where sy and sz represent the horizontal and vertical 
diffusion parameters respectively, which are determined 
by the downwind distance (x) and the atmospheric stab
ility classes. For more details, refer to Appendix. Q and u 
stand for the CO2 emission rate of the point source and 
the average wind speed at the chimney outlet, and He is 
the plume effective height calculated by equation (2).

He = H+ DH

= H+ 0.92VsD+ 0.47 PVs
Ts − Ta

Ts

􏼒 􏼓0.4

D0.8H0.6

􏼢 􏼣

/u, 

here H and DH refers to the chimney height and the 
plume rise height, respectively, while Vs and Ts are the 
flue gas emission velocity and temperature at the 
chimney outlet, together with the local atmospheric 
pressure, ambient temperature and the chimney outlet 
diameter being denoted by P, Ta and D. If considering 
multiple stable emission sources, it is necessary to estab
lish a fixed coordinate system as shown in Figure 2.

The conversion relationship between the wind axis 
coordinate system (x, y, z) for single point source and 
the fixed coordinate system (X , Y, Z)for multiple point 

sources is written as:

x = (X − X0) cos u+ (Y − Y0) sin u

y = (Y − Y0) cos u − (X − X0) sin u

z = Z

⎧
⎨

⎩
, 

where the position of the point source is denoted as 
(X0, Y0) in the fixed coordinate system, while the angle 
of the wind axis coordinate system and fixed coordinate 
system is represented by u. Thereby, the CO2 concen
tration at arbitrary position for multiple point sources 
is changed as:

C(X , Y, Z) =
􏽘n

i=1

Qi

2pusy,isz,i
exp −

y2
i

2s2
y,i

􏼠 􏼡

· exp −
(zi − He,i)2

2s2
z,i

􏼢 􏼣

+ exp −
(zi + He,i)2

2s2
z,i

􏼢 􏼣􏼨 􏼩

.

The Gaussian plume model is commonly employed to 
describe the diffusion of CO₂ under flat terrain con
ditions. In complex topographies, the model parameters 
must be adjusted according to atmospheric stability. 
Under neutral or unstable atmospheric conditions, the 
influence of atmospheric turbulence on the plume is sig
nificant, complicating plume analysis. Consequently, the 
impact of terrain on plume diffusion is often disre
garded. In contrast, under stable atmospheric con
ditions, atmospheric turbulence is relatively weak. Even 
when neglecting the turbulence and fluid dynamics 
effects induced by the terrain, topographic variations 
still have a pronounced effect on the effective plume 
height, causing it to rise or fall significantly in response 
to changes in terrain. Therefore, based on the above 
considerations, the modified model adjusts the 
effective height to account for the influence of the 

Figure 1. Schematic diagram of the carbon emissions from 
point sources.

Figure 2. Transformation relationship between the wind axis 
coordinate and fixed coordinate system.
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terrain, and it is expressed as follows:

C(x, y, z) =
Q

2pusysz
exp −

y2

2s2
y

􏼠 􏼡

·

exp −
(z − (He − hf ))2

2s2
z

􏼔 􏼕

+ exp −
(z + (He − hf ))2

2s2
z

􏼔 􏼕􏼚 􏼛

, 

where hf represents the difference in the ground level 
between the point source (x, y, z) and the origin of 
coordinate.

2.2. Impact of various factors on the CO2 

emission diffusion

According to the relevant data of the Qingdao Shunan 
thermal power company, the locations of several emis
sion sources together with the CO2 emission data are 
drafted in Table 1. It is essential to emphasize that the 
emission information provided in this paper is intended 
exclusively as an illustrative example for simulation 
calculations.

2.2.1. CO2 concentrations at different observation 
heights
In order to analyze the influences of different obser
vation heights on the CO2 diffusion, a simulated 
example is performed, and the spatial distributions of 
the CO2 concentrations corresponding to various obser
vation heights are displayed in Figure 3 with the topo
graphic map as the background. Where the X-axis 
represents the eastward direction for all CO2 concen
tration distribution maps while the Y-axis stands for 
the northward direction. Assuming that the environ
mental conditions characterized by the atmospheric 
stability level of D together with the surface wind 
speed of 2.5 m/s and the wind direction of an east- 
southeast 45° deviation, the plume effective heights 
for each emission source are calculated as 115, 167, 
234 and 270 m above ground, respectively. On the 
basis of Figure 3, it is evident that the CO2 plume primar
ily disperses along the wind axis, exhibiting a certain 
diffusion in both horizontal and vertical directions with 
a normal distribution pattern. For each emission 
source, the CO2 concentration arrives at the maximum 

Figure 3. CO2 concentration distributions at the observation heights of (a) 10 m, (b) 115 m, (c) 170 m, (d) 230 m, (e) 270 m and (f) 
310 m above ground, respectively.

Table 1. Locations of the point sources together with the CO2 emission data.
Emission source Latitude Longitude Q (mg/s) H (m) D (m) Vs (m/s) Ts (K)

A 36.4 120.355 19,500,000 70 1.5 15 322
B 36.39 120.35 24,500,000 90 2 15 322
C 36.395 120.37 26,000,000 110 2.5 20 333
D 36.4 120.38 28,500,000 130 3 25 343
E 36.37 120.347 21,500,000 80 2 15 322
F 36.382 120.343 30,000,000 130 3 25 345
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at the plume effective height along with the diffusion 
range being the widest. Importantly, near the ground 
level, the CO2 concentration does not begin to accumu
late significantly at the point source, but rather mani
fests itself at the ground reflection locations of each 
source. The A-type emission source has the most signifi
cant effect on the CO2 concentration near the ground 
level, indicating that small emission sources lead to 
more CO2 accumulation on the ground due to the 
lower chimney height.

2.2.2. Impacts of different atmospheric stabilities 
on the CO2 diffusion
For the constant wind speed, different observation times 
and cloud cover will cause different atmospheric states, 
thus affecting the atmosphere vertical movement. For 
different atmospheric stabilities, the CO2 concentration 
distributions at the observation heights of 10, 170 and 
310 m above ground are shown in Figures 4–6, where 
the atmospheric stability grades are denoted by the 
capital letters A, B, C, D, E and F from the most unstable 
to the most stable. By Figures 4–6, the atmospheric stab
ility has an important impact on the CO2 diffusion and 
transport. At the ground level, the unstable atmosphere 
is conducive to the CO2 dissipating quickly, while the 
stable atmosphere causes the CO2 to travel longer dis
tances. Likewise, there are similar behaviors appearing 
around the effective height of 170 m and at higher alti
tude (≥ 310m), but the influence of the atmospheric 
stability on the CO2 concentration is minimal at the 

effective height of 170 m. The unstable atmosphere is 
commonly encountered during the daytime, and the 
vertical motion of the atmosphere is accelerated due 
to the ground being heated. The rising air carries the 
CO2 to higher altitudes, which makes it rapidly diluted 
and dispersed, thereby reducing the CO2 concentration 
at the ground level. The stable atmosphere usually 
appears at night or early in the morning, and the cold 
air descents at this time, thus forming a stable atmos
phere layer. It limits the CO2 diffusion and results in a 
longer transport distance.

2.2.3. Impact of the terrain height on the CO2 

diffusion
Based on the terrain correction method described in 
equation (5) of Section 2.1, Figures 7 and 8 depict the 
distribution of CO2 concentrations at different observa
tional altitudes above ground before and after the cor
rection. For regions with an atmospheric stability class 
of E. Post-correction, the CO2 concentration displays a 
strange distribution, with the terrain’s influence on con
centration patterns being most pronounced in mountai
nous areas. The reason is that the elevated terrain 
shortens the distance between the ground and the 
plume centerline, and the CO2 concentration increases 
with the observation location getting closer to the 
plume centerline. However, as the observational altitude 
exceeds the plume centerline and rises to greater 
heights, the CO2 concentration gradually decreases.

Figure 4. CO2 concentration distributions at the observation height of 10 m above ground corresponding to the atmospheric stability 
grades of (a) A, (b) B, (c) C, (d) D, (e) E and (f) F, respectively.
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3. Carbon emission data inversion from 
multiple point source

3.1. Inversion algorithm

The Simplex search algorithm (SSA), as an optimization 
inversion method, accurately estimates the CEI of a 
source by minimizing the error between the model’s 
simulated results and the observational data. Through 
iterative optimization of initial values, the algorithm 

continues until the objective function converges as 
shown in equation (6), thereby transforming the inver
sion problem of point-source CEI into a problem of 
finding the minimum value.

f (Qi) =
􏽘

(Cmeasure − Ci
calc)

2
, 

where Qi represents the CEI after iterative optimization, 
and Cmeasure denotes the measured CO2 concentration at 
a specific height of the downwind monitoring station 

Figure 5. CO2 concentration distributions at the observation height of 170 m above ground corresponding to the atmospheric stab
ility grades of (a) A, (b) B, (c) C, (d) D, (e) E and (f) F, respectively.

Figure 6. CO2 concentration distributions at the observation height of 310 m above ground corresponding to the atmospheric stab
ility grades of (a) A, (b) B, (c) C, (d) D, (e) E and (f) F, respectively.
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while Ci
calc refers to the simulated CO2 concentration at 

the same height of the same station, as predicted by 
the GPM with Qi as the input. The flow of an indepen
dent inversion experiment using SSA is shown in 
Figure 9, which mainly includes key modules such as 
sorting, optimization, judgment, input and output.

The model first randomly selects n+ 1 sets of initial Q 
and inputs them into the algorithm, where n is the 
number of downwind monitoring sites. Subsequently, 

these initial Q are arranged in ascending order based 
on the value of the objective function f . Next, the new 
Q is generated using coefficients related to reflection 
(a), shrinkage (b), expansion (g) and compression (u) 
within the model. The selection process, guided by a 
decision-making module, progressively filters out the Q 
that further minimize the objective function f until the 
predefined precision criteria (1) are met. Ultimately, the 
algorithm outputs the optimal solution.

Figure 7. CO2 concentration distributions at the observation heights of (a) 10 m, (b) 115 m, (c) 170 m, (d) 230 m, (e) 270 m and (f) 
310 m above ground if the terrain correction not being considered.

Figure 8. CO2 concentration distributions at the observation heights of (a) 10 m, (b) 115 m, (c) 170 m, (d) 230 m, (e) 270 m and (f) 
310 m above ground if the terrain correction being considered.
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3.2. Inversion experiment

Before conducting the inversion experiments, it is a 
crucial step to acquire CO2 concentration data from 
monitoring stations. However, the CO2 concentration 
datasets provided by these monitoring stations are 
often not publicly available. Therefore, the CO2 concen
tration data at the monitoring station locations is simu
lated based on the actual carbon emission data of 
emission sources presented in Table 1 together with 
the GPM outlined in Section 2. These simulated concen
trations serve as the monitoring values required for the 
inversion model. To ensure that the concentrations at 
the monitoring sites are representative and relevant, in 
each independent inversion experiment, ten monitoring 
stations are randomly selected in regions downwind of 
the emission sources where the CO2 concentration 
exceeds 15mg/m3. An example of a randomly selected 
set of monitoring sites is shown in Figure 10. The moni
toring heights of each station range from 10 to 100 m 
above the ground, allowing for a comprehensive 

representation of the CO2 concentration distribution at 
different vertical levels.

For the six point sources listed in Table 1, 11 sets of 
initial estimates for the CEI were randomly selected 

Figure 9. Flow chart of the inversion algorithm.

Figure 10. Location map of the downwind monitoring stations.
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within the range of [0, 5× 107]mg/s. The parameters in 
the optimization model were set as follows: a = 1, 
g = 2, b = 0.5, u = 0.9, and the precision requirement 
was set to 1 = 0.001. Figure 11 illustrates the variation 
in the CEI of six point sources across 20 independent 
inversion experiments under atmospheric conditions 
with a stability class of E and a wind speed of 2 m/s. 
Due to the random selection of initial estimates, the 
number of iterations differs for each inversion exper
iment, and the convergence rates also vary for 
different point sources. The 12th and 17th inversion 
experiments required the most iterations, both reaching 
the precision requirement after 255 iterations and suc
cessfully yielding the optimal solution.

For the point source A, the initial estimate of CEI 
ranges from 1.25× 107 to 2.343× 107mg/s, exhibiting 
a relatively fast convergence rate, with the inversion 

results stabilizing after 150 iterations. For point sources 
B, C, and E, the distributions of initial estimates are 
quite similar, primarily concentrated between 
1.0× 107 and 4.4× 107mg/s, with the point source B 
exhibiting the widest range of initial estimates. During 
the first 150 iterations, the point source B converges 
quickly, while the convergence of point sources C and 
E is relatively gradual. The initial estimates for point 
sources D and F are distributed within the ranges of 
[1.09, 4.75]× 107 and [1.36, 4.87]× 107 mg/s, respect
ively. Despite having similar initial ranges, the point 
source D demonstrates a noticeably slower convergence 
rate compared to the point source F.

The number of monitoring stations has a significant 
impact on the accuracy of the inversion model. 
Figure 12 presents the inversion results for the CEI of 
each point source across 20 inversion experiments, 

Figure 11. Inversion processes of the CEI for point sources (a) A, (b) B, (c) C, (d) D, (e) E, and (f) F.

Figure 12. Inversion results of the CEI when the number of monitoring stations is (a) 10 and (b) 6.
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with monitoring stations set to 10 and 6, respectively. 
The inversion error (IE) and uncertainty (Unc) are intro
duced to characterize the inversion accuracy and stab
ility of the model, as shown in equation (7).

IE = |Q̅ − Qact|/Qact

Unc =

�����������������
1
m

􏽘m

i=1

(Qi − Q̅)2

􏽳

/Q̅

⎧
⎪⎨

⎪⎩
.

Here, m and Qi represent the number of inversion 
experiments and the optimal solution for the CEI in 
each inversion experiment, respectively, while Qact and 
Q̅ stand for the actual values of the CEI and the 
average values of the results from m inversion 
experiments.

A comparison reveals that as the number of monitor
ing stations decreases, the inversion results for the CEI of 
the point sources exhibit varying degrees of fluctuation, 
with the point sources D and F showing the greatest 
fluctuation. When the number of monitoring stations is 
10, the average inversion error and uncertainty for 
these point sources are 0.01 and 0.09%, respectively. 
As the number of monitoring stations decreases to 6, 
the inversion error and uncertainty increase significantly, 
reaching 0.27 and 1.32%, respectively. This is due to the 
reduced number of monitoring stations, which makes it 
difficult to ensure their uniform distribution in the down
wind regions of the point sources. As a result, for the 
point sources D and F, the CO2 concentrations obtained 
from the monitoring stations no longer adequately rep
resent the overall emission characteristics.

Similarly, for the application of the inversion model 
under different atmospheric conditions, Table 2 com
pares the inversion results of the CEI for each point 

source when the number of monitoring stations is 10, 
excluding atmospheric stability classes of A and F. As 
shown in Table 2, the inversion accuracy of the model 
exhibits a downward trend as the atmospheric stability 
and wind speed decrease under different meteorological 
conditions. Notably, the impact of atmospheric stability 
on inversion accuracy is particularly significant. When 
the atmospheric stability is low, the diffusion ranges of 
CO2 emitted by each point source decreases, and the 
CO2 concentrations obtained by the monitoring stations 
may no longer reflect the combined effects of all point 
sources. In this case, the data quality from the monitoring 
stations deteriorates, weakening the inversion model’s 
ability to distinguish the CEI of different point sources, 
thereby increasing the inversion error and uncertainty.

4. Conclusion

In this paper, the CO2 diffusion from multiple point 
sources is studied in detail based on the Gaussian 
plume model, and the influences of different altitudes 
and atmospheric stabilities on the CO2 diffusion are sys
tematically analyzed. The terrain correction of the CO2 

diffusion under complex terrain conditions is carried 
out to obtain successfully the corrected diffusion data. 
In addition, this study develops an inversion model for 
the carbon emission intensities from multiple point 
sources based on the Simplex search algorithm, and 
compare the inversion results under different monitor
ing station densities and atmospheric conditions. The 
results demonstrate that increasing the number of moni
toring stations and selecting more stable atmospheric 
conditions can significantly improve the inversion accu
racy of the model. Under various atmospheric 

Table 2. Inversion results of the CEI for each point source under different atmospheric conditions.
Inversion result

Emission source PS:E u = 2.0m/s PS:D u = 1.5m/s PS:C u = 2.0m/s PS:B u = 1.5m/s

A Q̅(mg/s) 19,501,800 19,503,500 19,473,900 19,550,300
IE(%) 0.01 0.018 0.134 0.258
Unc(%) 0.047 0.115 0.765 0.617

B Q̅(mg/s) 24,499,400 24,498,700 24,515,600 24,589,300
IE(%) 0.002 0.005 0.064 0.364
Unc(%) 0.089 0.1 0.297 1.029

C Q̅(mg/s) 25,999,500 26,003,500 26,026,200 25,760,200
IE(%) 0.002 0.013 0.101 0.922
Unc(%) 0.061 0.194 0.715 2.029

D Q̅(mg/s) 28,496,400 28,483,760 28,491,900 28,751,800
IE(%) 0.013 0.057 0.028 0.884
Unc(%) 0.144 0.27 0.427 2.153

E Q̅(mg/s) 21,502,500 21,507,000 21,539,100 21,448,500
IE(%) 0.012 0.033 0.182 0.24
Unc(%) 0.095 0.128 0.821 0.825

F Q̅(mg/s) 29,996,700 30,014,800 29,947,200 29,949,100
IE(%) 0.011 0.049 0.176 0.17
Unc(%) 0.089 0.248 0.671 0.654
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conditions, the average inversion error of the model 
ranges from 0.01 to 0.47%, while the average inversion 
uncertainty changing from 0.09 to 1.22%. These results 
validate the effectiveness of the Gaussian plume model 
and the Simplex search algorithm in monitoring CO2 

emissions from multi-point sources in localized regions.
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Appendix. Determination of the horizontal 
and vertical diffusion parameters (sy,sz)

Table A1.  Horizontal diffusion parameter.
Horizontal 
diffusion 
parameter

Atmospheric 
stability classes g1 a1

Downwind 
distance (m)

sy = g1X
a1 A 0.425809 

0.602052
0.901074 
0.850934

0∼1000 
>1000

(Continued ) 

Table A1. Continued.
Horizontal 
diffusion 
parameter

Atmospheric 
stability classes g1 a1

Downwind 
distance (m)

B 0.281846 
0.396353

0.914370 
0.865014

0∼1000 
>1000

BC 0.229500 
0.314238

0.919325 
0.875086

0∼1000 
>1000

C 0.177154 
0.232123

0.924279 
0.885157

0∼1000 
>1000

CD 0.143940 
0.189396

0.926849 
0.886940

0∼1000 
>1000

D 0.110726 
0.146669

0.929418 
0.888723

0∼1000 
>1000

DE 0.098563 
0.124308

0.925118 
0.892794

0∼1000 
>1000

E 0.086400 
0.101947

0.920818 
0.896864

0∼1000 
>1000

F 0.055363 
0.073334

0.929418 
0.888723

0∼1000 
>1000

Table A2.  Vertical diffusion parameter.
Vertical 
diffusion 
parameter

Atmospheric 
stability classes g2 a2

Downwind 
distance (m)

sz = g2X
a2 A 0.0799904 

0.00854771 
0.00021154

1.12154 
1.52360 
2.10881

0∼300 
300∼500 

>500
B 0.127190 

0.0570251
0.964435 
1.09356

0∼500 
>500

BC 0.114682 
0.0757182

0.941015 
1.00770

0∼500 
>500

C 0.106803 0.917595 >0
CD 0.126152 

0.235667 
0.136659

0.838628 
0.756410 
0.815575

0∼2000 
2000∼10,000 

>10,000
D 0.104634 

0.400167 
0.810763

0.826212 
0.632023 
0.555360

1∼1000 
1000∼10,000 

>10,000
DE 0.111771 

0.528992 
1.03810

0.776864 
0.572347 
0.499149

0∼2000 
2000∼10,000 

>10,000
E 0.0927529 

0.433384 
1.73241

0.788370 
0.565188 
0.414743

0∼1000 
1000∼10,000 

>10,000
F 0.060765 

0.370015 
2.40691

0.784400 
0.52596 

0.322659

0∼1000 
1000∼10,000 

>10,000

Reference
Technical methods for making local emission standards of 

air pollutants, GB/T 3840-91, 1992-06-01.

ENVIRONMENTAL TECHNOLOGY 3319

https://doi.org/10.1016/j.ejrs.2022.12.001
https://doi.org/10.1016/j.ejrs.2022.12.001
https://doi.org/10.18280/ijsse.100401
https://doi.org/10.1016/j.atmosenv.2016.06.046
https://doi.org/10.1016/j.atmosenv.2016.06.046
https://doi.org/10.1016/j.jclepro.2023.136525
https://doi.org/10.1016/j.mex.2023.102048
https://doi.org/10.1016/j.scitotenv.2023.169586

	Abstract
	1. Introduction
	2. CO2 emission diffusion from multiple point sources
	2.1. Gaussian plume model
	2.2. Impact of various factors on the CO2 emission diffusion
	2.2.1. CO2 concentrations at different observation heights
	2.2.2. Impacts of different atmospheric stabilities on the CO2 diffusion
	2.2.3. Impact of the terrain height on the CO2 diffusion


	3. Carbon emission data inversion from multiple point source
	3.1. Inversion algorithm
	3.2. Inversion experiment

	4. Conclusion
	Acknowledgment
	Disclosure statement
	References
	Appendix. Determination of the horizontal and vertical diffusion parameters (&inline-formula;&alternatives;&inline-graphic xlink:href=

