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Abstract: Evaluating aviation emissions and examining the dispersion properties of contaminants are crucial 

for understanding atmospheric pollution.  To more properly assess the pollutant emissions and dispersion of 

aircraft during the landing and take-off (LTO) cycle, and to more effectively address air pollution surrounding 

the airport resulting from flight operations, this study assessed emissions throughout the LTO phase utilizing 

Quick Access Recorder (QAR) data in conjunction with the first-order approximation method. An improved 

Gaussian diffusion model for mobile point sources is employed to examine the diffusion characteristics of 

contaminants. Additionally, CFD calculation outcomes for various exhaust velocities and wind speeds were 

utilized to validate the trustworthiness of the improved Gaussian model. The discussion also encompasses the 

influence of diffusion time, wind direction, wind speed, temperature gradient, and particle deposition on the 

concentration distribution of contaminants. The findings indicated that the Gaussian diffusion  model aligned 

with the results of the CFD calculations. The diffusion distribution of contaminants around airports varies over 

time and is significantly influenced by atmospheric environmental factors, including wind direction, wind 

speed, and atmospheric stability. 

Keywords: LTO cycle; improved gaussian diffusion model; engine emission; stokes theorem; QAR 

data 

 

1. Introduction 

Societal concern in the field of environmental pollution has increased due to the direct impact of 

the deterioration in air quality on human health. Air pollution can indirectly impact human health 

by diminishing visibility and degrading building materials[1]. In recent decades, the aviation 

industry has undergone significant advancement and robust expansion, establishing itself as a crucial 

component of the worldwide transportation network. The increasing frequency and magnitude of 

flights are amplifying the environmental issues associated with the aviation sector, especially the 

effects of aircraft emissions on air quality. Nitrogen oxides (NOx), black carbon (BC), and carbon 

monoxide (CO) released by airplanes at altitudes below 3,000 feet adversely affect local air quality[2–

4] and are contributing causes to cardiovascular and respiratory disorders[5]. The LTO cycle 

significantly compromises air quality at the airport during different stages of flight operations due to 

the aircraft's closeness to the ground. Consequently, examining flight emissions and pollutant 

dispersion during the LTO cycle provides essential reference data for mitigating the environmental 

effects of air transportation, formulating suitable environmental protection policies, guiding aircraft 

operations, and facilitating airport planning. The QAR data record the real-time functioning of 

aircraft systems and parameters, encompassing fuel flow, flight path, wind velocity, and direction. 

As such, it is widely employed in the examination of emission data. 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
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Investigations into contaminant dispersion commence with accurate computations of airplane 

emissions. Wayson[6] initially presented a first-order estimate for determining the black carbon 

emission index, an approach recognized as a crucial instrument for measuring aviation emissions. 

Orhan, I[7] computed the emissions of polluting gases, including hydrocarbons (HC), CO, and NOx, 

together with the fuel consumption throughout the LTO cycle at Ordu-Giresun International Airport, 

Turkey, in 2017.  This analysis utilized flight data and aircraft engine emission data from the 

International Civil Aviation Organization (ICAO) emissions database to assess the influence of 

taxiing duration on emissions. Lobo, P.[8] performed a measuring study on particle emissions from 

airplane engines across diverse operating situations. This investigation revealed the alterations in 

particle diameter and emission levels according to engine thrust settings. Yu JL[9] analyzed the trend 

of air pollutant emissions from aircraft during the LTO cycle at several airports in China from 1990 

to 2017. Xu H[10] analyzed the emission-related characteristics of a certain aircraft type during the 

taxiing phase at Shanghai Hongqiao Airport, comparing them with ICAO reference levels, using data 

from the Aircraft Communication Addressing and Reporting System (ACARS). The findings 

revealed discrepancies between the ICAO reference values and actual measurements. Sheikhi and 

Aygun H[11] analyzed the variations in emissions over the LTO cycle for different commercially 

available high-bypass-ratio turbofan engines. This research offers a reference for engine design 

concerning environmental impacts and aids in reducing engine emissions. 

Building on emission calculations, researchers have directed their attention to the dispersion of 

pollutants. The dispersion of pollutants denotes the movement and distribution patterns of 

contaminants throughout the environment. Currently, research methods for understanding 

dispersion mechanisms primarily include field measurements, wind tunnel tests, and numerical 

models[12] Field measurements yield the most precise data, but they are also the most costly. 

Therefore, they are appropriate solely for small-scale investigations or for the validation of sample 

methods[13]. Wind tunnel experiments offer the benefit of producing relatively precise results and 

are straightforward to duplicate. Nevertheless, they are very limited and suited solely to particular 

conditions[14]. Numerical simulations, conversely, are more efficient and cost-effective than the 

aforementioned methods. The advancement of numerous established commercial CFD software has 

diminished the entry barriers for study[15–17]. However, CFD necessitates considerable computer 

resources. Wang, H.[18] developed a fast urban canopy dispersion model that attains acceptable 

precision and operates approximately 50 times faster than large-eddy simulations, making it suitable 

for time-sensitive applications. Gan, L.[19] investigated ship exhaust gases diffusion in the port area 

using a Gaussian puff model, revealing the impact of multiple ship emissions on the distribution of 

NO2 concentration and highlighting the need for targeted environmental monitoring and treatment. 

Micallef, A. and Micallef, C.[20] developed a revised Gaussian plume model equation that 

incorporates numerous reflections in confined environments, such as street canyons, to enhance the 

precision of pollution concentration forecasts. Kuzu S. L.[21] assessed emissions during the aircraft 

LTO cycle at Atatürk International Airport and compared the outcomes of the AERMOD model’s 

pollutant dispersion simulations with data from air quality monitoring stations, indicating that NOx 

concentrations in the majority of the airport and adjacent residential areas surpassed the annual limit 

values. Makridis M.[22] calculated the dispersion of pollutants emitted during the LTO cycle at 

Chania Airport, Greece, employing the AERMOD model and assessed the ground-level 

concentrations. The results were consistent with those identified by Kuzu S. L. Kurtenbach R.[23] 

developed the PolEmiCa model, which calculates aircraft emissions during the LTO phase and 

simulates pollutants dispersion in the airport area, and validated it at the Athens International 

Airport. Synylo, K.[24] conducted a numerical simulation of an exhaust gas jet near the ground using 

CFD software to evaluate the impact of the ground on the exhaust gas jet. Pecorari E.[25] assessed the 

dispersion and deposition of aircraft exhaust at the Marco Polo Airport in Venice using a Lagrangian 

particle dispersion model, focusing primarily on the influence of meteorological conditions on the 

pollution levels at the airport.  

The ICAO Emissions Database provides only experimental average emission indices for various 

phases of the LTO cycle; hence, estimates based on this data may differ from actual conditions. 
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Furthermore, CFD simulations of pollutant dispersion are resource-intensive and time-consuming 

when analyzing the dispersion patterns of pollutants from an airport's regional fleet. In contrast, the 

current use of Gaussian dispersion models for real-time dispersion simulations enables rapid 

assessment of the pollution produced by the fleet. This paper introduces an advanced Gaussian 

diffusion model that employs flight QAR data and Stokes' theorem to compute and examine the 

emission of pollutants and the diffusion process during the LTO phase. The impact of wind speed 

and particle settling was also examined. The proposed model serves as an example for calculating 

and assessing the environmental impacts of aviation emissions. 

2. Calculation Method and Verification 

2.1. Gaussian Diffusion Model 

2.1.1. Stabilized Point Source Dispersion Model 

The Gaussian diffusion model is a commonly used atmospheric diffusion model[26] for 

estimating the transport and concentration distribution of air pollutants in the atmosphere. The 

model assumes that the movement of pollutants in the atmosphere follows a normal distribution 

pattern and is based on the Gaussian distribution principle. Diffusion models predicated on the 

Gaussian distribution can be derived from the analytical solution of the gradient transport equation 

[Eq. (1)], under the assumption of uniform airflow and stable turbulent circumstances[27]. 

 ( ) ( ) ( )x y z

C C C C C
u K K K

t x x x y y z z

       
+ = + +

       
  (1) 

  

where, 𝐶̅ denotes the pollutant concentration, 𝑢̅ represents the average wind speed, while 𝐾𝑥, 𝐾𝑦, 

and 𝐾𝑧 are the coefficients for turbulent diffusion along the x, y, and z axes, respectively. 

For uniform flow with homogenous turbulence and a continuous point source, the resolution of 

Eq. (1) gives 
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where Q denotes the source intensity or the rate of emission. 

Employing  the standard deviations of the Gaussian concentration distribution, 𝜎𝑦  and 𝜎𝑧 , 

and applying the slender plume approximation[28], Eq. (2) can be transformed into the familiar 

Gaussian plume equation format: 
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 (3) 

where 𝐶(𝑥, 𝑦, 𝑧) represent the concentration of the pollutant at points (𝑥, 𝑦, 𝑧); H is the height of the 

point source; Q indicates the instantaneous emission intensity of the pollutant; u is the wind speed 

𝜎𝑦  and 𝜎𝑧  are the atmospheric dispersion coefficients in the horizontal and vertical directions, 

respectively, which are associated with the atmospheric stability class[29].  

2.1.2. Moving Point Source Dispersion Model 

In the assessment of emission dispersion from an airplane during a LTO cycle, the airplane acts 

as a moving point source. Consequently, a Gaussian dispersion model must be adapted to facilitate 

this calculation. Based on the assumption of a normal distribution, the concentration function of the 
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smoke plume released by the engine can be determined under ideal conditions (unbounded and 

windless), as follows: 

 
2 2 2
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Q x y z
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 (4) 

In addition , the influences of wind speed and wind direction are taken into account. When the 

wind speed is u and the angle between the wind direction and the runway direction is  , a 

coordinate transformation can be performed at time t. The x-direction is transformed to 𝑥 − 𝑢𝑡𝑠𝑖𝑛𝜃, 

the y-direction to 𝑦 − 𝑢𝑡𝑐𝑜𝑠𝜃 , yet the z-direction remains unchanged without any coordinate 

transformations. With these transformations, we obtain  
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 (5) 

Taking into account the effect of ground reflections, it can be derived using the image source 

method: 
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 (6) 

The intensity of the pollutant source emitted by the engine is dynamic during aircraft operation. 

Assuming that the emission source intensity at a specific moment is 𝑞(𝑡), the particulate matter 

emitted over a time interval ∆𝑡 (onboard data are typically recorded at 1-second intervals) can be 

considered an instantaneous smoke cloud. The concentration of diffusion at the position (𝑥, 𝑦, 𝑧) at 

time t for this instantaneous smoke cloud can be determined using Eq. (7):  
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 (7) 

The diffuse concentration of particulate matter at a specific location from the engine can be seen 

as the sum of the diffuse concentrations from numerous instantaneous puffs of smoke at that location. 

Therefore, the concentration of particulate matter released during a specified duration T can be 

calculated as follows: 
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 (8) 

where T represents the overall duration of smoke mass release, while t indicates the time of a specific 

smoke mass release event. Let v denote the aircraft's variable movement speed, which fluctuates with 

the operational phase and time. The duration of each operational phase is T (in seconds), and the 

descent approach angle or takeoff climb angle is 𝛼 (0° during taxiing). Consequently, the diffusion 

model for the smoke mass emitted by the aircraft in three-dimensional space is represented by Eq. 

(9).  
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Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 September 2024                   doi:10.20944/preprints202409.1834.v1

https://doi.org/10.20944/preprints202409.1834.v1


 5 

 

2.2. Calculation Verification 

2.2.1. Calculation Domain and Conditions 

Chen[30] confirmed that the CFD method can be used to analyze the characteristics of pollution 

diffusion based on the experimental data from the wind tunnel. The pollutant concentration 

distribution calculated by the CFD method is essentially consistent with the results of the Gaussian 

diffusion model. Furthermore, the results of other researchers demonstrate that the CFD method is 

able to precisely describe the properties of pollutant distribution. Therefore, the reliability of the 

Gaussian model was confirmed in the current investigation adopting the same CFD methodology as 

Chen's study. The computational domain measured 250 m × 100 m horizontally, and 50 m vertically, 

as shown in Figure 1, which indicated the source’s position and the diffusion direction. We compared 

the results for varying beginning exhaust velocities of 10, 15, and 20 m/s while maintaining a wind 

speed of 5 m/s. Similarly, we analyzed the effects of wind speeds of 5, 7.5, and 10 m/s while 

maintaining a constant exhaust velocity of 20 m/s to compare the results across different wind speeds. 

100m

50m

250m

 

Figure 1. Schematic diagram of the computational domain. 

The CFD program's calculation parameters aligned with the Gaussian diffusion model, and the 

findings obtained from the CFD software were compared to those of the Gaussian diffusion model 

to validate the model's correctness in addressing point source diffusion. CFD simulations are 

generally performed using Fluent software. It is widely utilized in sectors including aerospace, 

automobile design, oil and gas, and turbine engineering. Additionally, it excels in simulating gas 

diffusion, allowing for the acquisition of generally accurate CFD results. 

2.2.2. Results of the Verification 

Starting from the point source, 600 data points were collected along the exhaust plume direction 

at intervals of 0.1 m. The pollutant volume fraction at these points was monitored, and the Gaussian 

Plume Model (GPM) was compared with the results from the Fluent. Figure 2 illustrates the outcomes 

for varied beginning exhaust velocities, whereas Figure 3 depicts the results for differing wind 

speeds.  

 

Figure 2. Volume Fraction Curves at Different Exhaust Initial Velocities (with a wind speed of 5 

m/s). 
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. 

Figure 3. Volume Fraction Curves at Different Wind Speeds (with an initial velocity of 20 m/s). 

The figure demonstrates that, close to the emission source, the curve derived from the Gaussian 

approach is more uniform, while the findings from the CFD method display greater variability. This 

disparity is attributed to the tendency of vortex and turbulence phenomena to occur near the exhaust 

exit. These flow instabilities enhance mixing among fluid microclusters, resulting in a heterogeneous 

and abrupt change in concentration distribution. The Gaussian model calculations aligned well with 

the results obtained from the CFD across various operational conditions. 

2.3. Particle Sedimentation 

This study incorporated the impact of particulate matter settling in the air into the general 

diffusion model to improve the realim of the calculation results and compared its concentration 

distribution with that obtained from a model that disregarded settling.  

The determination of the settling velocity of particulate matter was performed by the use of 

Stokes' law: 

 

22
( )

9
p f

d
v g  


= −  (10) 

Where v represents the settling velocity of the particulate matter, d is the diameter of the 

particulate matter, 𝜂 denotes the viscosity of air, which is approximately 1.8 × 10-5 (Pa·s) at room 

temperature and pressure, g is the acceleration due to gravity, which is taken as 9.8 m/s2, 𝜌𝑝 is the 

density of the particulate matter, and 𝜌𝑓  is the density of air. The velocity at which  particulate 

matter settles can be determined using Stokes' Law and subsequently combined with the Gaussian 

diffusion model equation to provide the precise details of the vertical distribution of particulate 

matter. 

An in-depth analysis of the concentration distribution of both particulate matter and general 

gases allows for a thorough comprehension of the dispersion pattern of pollutants emitted during 

the LTO phase of an airplane and its overall impact on the surrounding environment. 

2.4. Calculation of Emissions 

2.4.1. Black Carbon 

BC is a major constituent of fine particulate matter, and its impact on the environment and 

contribution to the greenhouse effect are significant. The ICAO has implemented smoke number 

standards to regulate BC particle emissions. The present work employed a first-order approximation 

approach to measure the emissions of particulate matter during the LTO cycle of an aircraft engine, 

together with the BC emissions. This method relies on the engine Smoke Number (SN), Air-fuel Ratio 

(AFR), and Bypass Ratio (BPR) as Parameters[6]. The calculation procedure is as outlined below:  

1) Mass of BC per unit volume of exhaust gas (𝐶𝐼) 

When the SN of the engine is less than 30, the calculation formula for CI (mg/m³) is as follows:  
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1.240.0694 ( )CI SN=   (11) 

Eq. (11) represents the general equation derived from best-fit estimation. In practical scenarios, 

the maximum uncertainty in this equation arises from the error in the SN, which is typically within 

±3.  

2) Exhaust gas volume per unit mass of fuel consumed (𝑉) 

For turbofan engines, V (m³/kg) can be determined using the AFR and BPR.  

 0.7769 (1 ) 0.877V AFR BPR=   + +  (12) 

3) Combining Eq. (11) with Eq. (12) yields the black carbon emission index EI (mg/kg) as 

 EI CI V=   (13) 

BC emissions can be calculated for any given period by further integrating the fuel flow data 

from the QAR.  

2.4.2. NOx and CO  

An emissions database maintained by the ICAO contains emissions data for various engine 

models at various operational phases[31]. For the Rolls-Royce Trent 768 engine, which powers the 

Airbus A330-300 aircraft, the BPR is 5.2, and the AFR, SN, and emission data for various operational 

stages are detailed in Table 1.  

Table 1. Emission indices of pollutants at each stage of the LTO cycle. 

Mode 

Power 

Setting 

(%N1) 

Time 

(min) 

Fuel Flow 

(kg/s) 

Emission Indices(g/kg) 

SN AFR 
HC CO NOx 

Take-off 100 0.7 2.970 0.00 0.18 31.25 1.9 45 

Climb out 85 2.2 2.430 0.01 0.15 24.66 2.0 51 

Approach 30 4.0 0.810 0.01 1.02 10.01 0.7 83 

Idle 7 26.0 0.270 1.89 20.22 4.52 0.2 106 

By using the emission data from the table and the fuel flow data recorded in the QAR, the 

pollutant emission indices at different times can be calculated using the Boeing Fuel Flow Method 

2(BFFM2)[32]. Subsequently, this information can be used to determine total emissions and their 

dispersion.  

2.5. Calculation Process 

In this study, an improved Gaussian plume model is programmed and calculated using 

MATLAB. The calculation process is illustrated in Figure 4. 

1) Calculate the emission index for BC based on the engine's SN, AFR, and BPR, and determine 

the emission indices for HC, NOx, and CO using BFFM2. 

2）Calculate the real-time emission source intensity during the LTO phase by integrating the 

fuel flow data from the QAR. 

3) The Gaussian dispersion model was utilized to calculate the dispersion of each smoke plume 

and integrate it over the simulation time to obtain the concentration distribution in the simulated 

area. 

4）The ultimate diffusion outcome is obtained by applying Stokes' Law to refine the computation 

findings. 
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Figure 4. Flow chart of simulation calculation. 

3. Results and Discussion 

3.1. Emissions during the LTO Phase 

The emissions of various pollutants were determined by integrating the first-order 

approximation method with the emission database using the QAR data obtained from the flight of 

an Airbus A330-300 from Kansai Airport in Japan to Hongqiao Airport in Shanghai. The vertical 

trajectory during the LTO phase as recorded in the QAR data is shown in Figure 5. Figure 6 shows 

the fuel flow rate over time. It can be observed that the fuel flow rate during the approach phase 

exhibits greater fluctuations compared with the taxi, takeoff, and climb phases. The emission 

intensities of the LTO phase have been computed and are shown in Figure 7. 

 

Figure 5. Aircraft vertical path. 
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Figure 6. Change of fuel flow over time. 

 

Figure 7. Real-time pollutant emissions. 

Figure 7 reveals that HC and CO emissions were higher during the taxiing phase, whereas BC 

and NOx emissions were greater during the takeoff and climb phases. Because of the extended 

duration of the taxiing phase, the total emissions during this phase exceeded those during other 

phases. Table 2 presents the aggregate emissions for each phase. 

Table 2. Emission of pollutants at each stage of the LTO cycle. 

 Taxi Take-off Climb Approach Total ICAO Total  

HC/g 551.7 0.4358 1.4807 577.5 1131.1 801 

CO/g 8528.2 13.3 26.0 4083.5 12651 8786 

NOx/g 4986.2 2175.2 4090.2 5060.5 16312.1 15658 

BC/mg 6773.4 2980.9 7170.5 7897.5 24822.3 22644.0 

The data in the table indicate that the CO emissions for this flight during the taxiing phase 

amount to 8528.2 g, constituting 67.4% of the entire LTO cycle. Owing to the incomplete fuel 

combustion during the idle taxiing phase of the aircraft, the CO emissions in this phase are 

significantly higher than those in the other phases, consistent with the data shown in the table. The 

NOx emissions during the takeoff and climb phase totaled 6,265.4 g, which accounts for 38% of the 

entire LTO cycle. The high temperature prevailing in the engine combustion chamber during the 

takeoff and climb phases was identified as the cause of the substantial generation of NOx. However, 

because the taxi phase is significantly longer than the takeoff and climb phases, NOx emissions are 
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more uniformly spread across the phases. The emission pattern for BC is similar to that of NOx, with 

a reasonably even distribution across each phase. 

3.2. Pollutant Concentration Distribution 

Particulate dispersion can be influenced by several parameters, including wind speed, wind 

direction, and temperature. Previous reseaech[33–35] has shown that wind direction, wind speed, 

temperature gradient, and diffusion time are important determinants of dispersion. Therefore, this 

study focuses primarily on these factors.  

3.2.1. Influence of Diffusion Time on Pollutant Distribution 

Given the temporal variability of aircraft emissions and pollutant dispersion, this work 

specifically selected simulated moments at T=200s, 400s, and 600s to calculate the dispersion of 

gaseous pollutants in close proximity to the ground in these three instances. The specified parameters 

included a wind speed of 2 m/s, an atmospheric stability class of d, and a wind direction of -45°. The 

calculation results are shown in Figure 8. Evidently, over time, the contaminants gradually dispersed 

in space and collectively moved slowly in the downwind direction. The central area shifted from 0 m 

to 1000 m in the y direction. Moreover, the concentration of pollutants in the central area also 

decreased progressively, from 0.18 mg/m3 at 200 seconds to 0.08 mg/m3 at 600 seconds. 

   
(a) T=200s (b) T=400s (c) T=600s 

Figure 8. Pollutant diffusion over time(10-5g/m3). 

3.2.2. Effect of Wind Direction and Wind Speed on Pollutant Distribution 

To investigate the diffusion distribution of pollutants under various wind directions, the study 

established four wind directions: -45°, 0°, 45°, and 90°. The primary calculation parameters included 

a wind speed of 2 m/s and a simulation time of 600 s. The dispersion for each wind direction was 

computed, and the results are shown in Figure 9. 

  
(a)  = 45° (b)  = 0° 
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(c)  = 90° (d)  = -45° 

Figure 9. Effect of different wind directions on pollutant diffusion(𝒗 = 𝟐𝒎/𝒔)( 10-5 g/m3). 

Figure 9 clearly demonstrates that the distribution of contaminants was extensively influenced 

by the direction of the wind. At a wind direction of 0°, the pollutants were mostly concentrated within 

the 3000–5000 m range along the x-axis. With wind directions of ±45°, the area of the highest pollutant 

concentration shifted away from the x-axis in the y-direction, and the densest central area was within 

the range of 2000 to 5000 m along the x-axis. In the case of a 90° wind direction, the area with the 

highest pollutant concentration was relatively concentrated because the pollutants were not 

influenced by the wind along the x-axis, and the overall concentration was also higher compared to 

other scenarios. Therefore, the wind direction plays a crucial role in the dispersion of pollutants. 

When implementing measures, such as pollutant monitoring and control, it is essential to first 

consider setting up monitoring points downwind to obtain more accurate monitoring data. 

Similarly, to investigate the impact of wind speed on diffusion, simulations were conducted with 

wind speeds of 3 m/s and 5 m/s, while the wind direction was fixed at 45° for comparison with the 

scenario of 2 m/s wind speed. The calculation results are shown in Figure 10. 

  
(a) v = 3 m/s  (b) v = 5 m/s 

Figure 10. Effect of different wind speeds on pollutant diffusion（𝜃 = 45°）(10-5g/m3). 

Figure 10 clearly demonstrates that wind speed significantly affects the distribution of 

pollutants. Compared with the diffusion at a wind speed of 2 m/s, the distribution at a wind speed 

of 3 m/s showed a noticeable shift towards the downwind direction. At a wind speed of 5 m/s, the 

diffusion process saw notable downward movement and an increased distribution area in 

comparison to the previous two scenarios. Additionally, the concentration of pollutants reached its 

maximum level decreased by around 15%. This phenomenon can be attributed to the change in wind 

speed, which caused a more significant displacement of the pollutants emitted by the aircraft in the 

downwind direction. Consequently, there was a less overlap of the plumes from different locations, 

leading to a decrease in concentration. 
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In order to further analyze and contrast the effects of different wind directions and speeds on 

pollutant concentrations, this study collected concentration data along the central axis of the pollutant 

accumulation area and depicted it as a curve graph, as shown in Figure 11. 

 

Figure 11. Pollutant concentration profiles along the centerline. 

Figure 11(a) illustrates the variations in concentration along the centerline of the pollutant 

accumulation area for different wind directions. It is evident that the highest pollutant concentration 

is significantly greater in the case of a 90° wind direction  than in the other cases. The concentration 

curves for wind directions 45°and -45°overlap, likely due to their symmetry in the computational 

domain. The lowest concentration curve is found in the case of a 0°wind direction. Considering the 

relationship between the wind direction and the direction of movement of the emission source, it can 

be concluded that when the wind direction is consistent with the direction of movement, it is more 

conducive to reducing the concentration of pollutants in the area where they converge, while the 

opposite leads to the aggregation of pollutants. Figure 11(b), on the other hand, demonstrates the 

effect of different wind speeds on the concentration profiles. It is clear that larger wind speeds result 

in a significant decrease in pollutant concentration and cause a delay in the peak pollutant 

concentration. 

3.2.3. Effect of Temperature Gradient on Pollutant Distribution 

Temperature gradients significantly influence the atmospheric dispersion. The temperature 

gradient refers to the change in temperature per unit distance perpendicular to the direction of the 

runway surface and is frequently used to characterize the rate of temperature change with altitude 

in the atmosphere. The relationship between the temperature gradient and atmospheric stability is 

intimate, as the vertical distribution of temperature directly impacts vertical movement and turbulent 

mixing within the atmosphere, which in turn determines atmospheric stability. 

The Richardson number is a critically important metric for evaluating atmospheric stability as it 

quantifies the impact of the temperature gradient on atmospheric stability. The Richardson number 

may be mathematically represented as 

 
2( )

g u
Ri

z z





− 
=

 
 (14) 

where 𝑅𝑖  is the Richardson number; g is the acceleration due to gravity; 𝜃  is the potential 

temperature (in the atmosphere) or potential density (in the ocean); z is the vertical altitude; u is the 

horizontal wind speed; 𝜕𝜃/𝜕𝑧  represents the vertical gradient of the potential temperature (or 

potential density); and  𝜕𝑢/𝜕𝑧 represents the vertical shear of the wind speed. 

A higher Richardson number indicates a more stable atmosphere, meaning that the air layers 

are less likely to mix owing to their stable temperature profiles. Conversely, a lower Richardson 

number indicates a less stable atmosphere, which is more prone to turbulent mixing. Kiefer M. T.[36] 
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built upon the research of Mohan and Siddiqui[37] to establish a correlation between the Richardson 

number and Pasquill stability classification, as follows: 

Table 3. Ri limits for Pasquill stability classification. 

Pasquill stability class Richardson number 

a 𝑅𝑖 ≤ −5.34 

b −5.34 ≤ 𝑅𝑖 − 2.26 

c −2.26 ≤ 𝑅𝑖 < −0.569 

d −0.569 ≤ 𝑅𝑖 < 0.083 

e 0.083 ≤ 𝑅𝑖 < 0.196 

f 𝑅𝑖 ≥ 0.196 

The simulation results for dispersion under the Pasquill stability classes a, b, c, d, e, and f 

(ranging from extremely unstable to stable) are as follows: 

As shown in Figure 12, there were distinct variations in the dispersion of pollutants as the 

atmospheric stability shifted. Turbulence is intensified under unstable atmospheric circumstances, 

driving the horizontal dispersion of contaminants and facilitating the dilution of their concentration. 

Conversely, under neutral atmospheric stability, the dispersal of pollutants was more evenly 

distributed. In a stable atmosphere, the horizontal spread of pollutants is reduced, leading to a 

concentration accumulation at the source of emission. This accumulation has the potential to cause a 

significant rise in concentration, possibly by several orders of magnitude. 

   
(a) (b) (c) 

  
 

(d) (e) (f) 

Figure 12. Dispersion under different atmospheric stability conditions（10-5g/m3）. 

3.2.4. Effect of Sedimentation on Pollutant Distribution 

Upon taking into account the settling velocity of particulate matter, the concentration 

distribution in the longitudinal plane of the particle material showed a notable alteration in 

comparison to that of the polluted gas independent of the settling velocity. To facilitate the analysis, 

the study selected conditions with a wind speed of 2 m/s, wind direction of 45°, diffusion time of 600 

s, and focus on the y = 500m axis in the longitudinal concentration distribution. The specific 

distributions are shown in Figure 13. 
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(a) No sedimentation (b) Sedimentation 

Figure 13. Vertical concentration distribution of pollutants（10-4g/m3）. 

As depicted in Figure 13, the maximum ground-level concentration of particulate matter was 

approximately 0.05 mg/m3 when sedimentation was not taken into account. However, after 

considering sedimentation, the highest ground-level concentration came to around 0.08 mg/m3. This 

indicates that sedimentation significantly affects the distribution of particulate matter in the 

longitudinal plane. The overall distribution of pollutants exhibited a declining deposition pattern, 

with the area closest to the surface having notably greater concentration. Consequently, when 

calculating the diffusion concentration distribution of pollutants, it is important to take into account 

the deposition of pollutants as a relevant factor that greatly affects the health of inhabitants. 

4. Conclusions 

This study estimated the emission and dispersion of several pollutants on a single flight in the 

LTO cycle using flight QAR data to derive the actual fuel consumption statistics of an airplane and 

suggested a pollutant dispersion model for moving point sources. The following conclusions were 

drawn from the example calculations: 

1) Differences in wind direction can lead to different distributions of pollutants, and wind speed 

plays a crucial role in the accelerated dispersion and long-distance movement of pollutants. Vigorous 

wind conditions accelerate the dispersal of pollutants; however, the concentration of contaminants 

in close proximity to the surface may be reduced. For instance, when the wind speed increased by 

2m/s, the concentration in the central zone decreased by approximately 15% of the original value 

under a specific situation. This illustrates the dual role of wind conditions in environmental 

assessment. 

2) Different temperature gradients lead to varying levels of atmospheric stability, which in turn 

affect the dispersion of pollutants. In an unstable atmosphere, pollutants are readily dispersed, but 

ground-level concentrations are diminished. Conversely, in a stable atmosphere, pollutants tend to 

accumulate, leading to an increase in the concentration and potential degradation of the air quality. 

3) The overall vertical diffusion of particulate matter exhibited a declining pattern, leading to an 

increase in its concentration in the ground area from 0.05 mg/m3 to 0.08 mg/m3, taking into account 

the impact of particulate matter sedimentation. It suggests that the influence of deposition on the 

environment and public health should not be ignored. 

Pollutant dispersion modeling using mobile point sources enables rapid and straightforward 

calculation of pollutant dispersion from flight emissions. This modeling can also be applied to 

estimate  the dispersion of pollutants from all flights at a single airport over time, so providing a 

more comprehensive assessment of the impact on the airport environment. 
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