
 

Anonymous Referee #2： 

Comment 1: This study presents a four-dimensional aircraft emission inventory of the 

LTO cycle in China. The author first calculated the air pollutant emissions during the 

LTO cycles with the ICAO method with modeled running time and aircraft type-

specified emission factors. Then flight altitude and horizontal trajectory was identified 

for emission allocations. The developed methods aim to construct the flight trajectories 

without using the ADS-B data that have limited availability. This study objective is 

attractive; however, the descripting of the methods lacks some critical details and the 

model performance is not fully evaluated. More information is needed for readers to 

evaluate the quality of the presented emission data. 

 

Response: We are very grateful to the referee for the insightful review. The comments 

have contributed much to improve the manuscript. According to the referee’s 

suggestions, we have conducted a more detailed description of the methods and the 

evaluation of the model performance. Each comment has been addressed on a point-

by-point basis, with the referee’s comments are noted in black, the responses to the 

referees’ comments are noted in blue, and the corresponding revisions in the main text 

are noted in (black) italic fonts. All the changes are also marked in Revised Manuscript. 

We hope that this revised version of the manuscript addresses all of the referee’s 

concerns. 

 

Comment 2: To calculate the flight emission, the author collected all aircraft types and 

proportion of engine types for each aircraft type to get a weighted EI and EF. Thus the 

accuracy of the engine proportion significantly affect the calculation accuracy. Are the 

proportion data with complete coverage and varying year by year? If not, please 

provides the details and add uncertainty discussion. 

 

Response: We greatly appreciate your valuable comments. According to our 

investigation (Airbus; Aircraft Commerce), most aircraft types do not update engine. 



Some aircraft types (e. g., the aircraft A allow is allowed to be equipped with engine A 

and B) may change engine configuration proportion during 2019–2023. Given the 

unavailability of the annual variation of engine configuration for each aircraft type in 

the existing datasets, this study used the latest proportion data of each aircraft type in 

different years. 

We have added the limitation of the proportion data in line 518–523 in P21 of the 

revised manuscript: 

“Our 4D-LTO emission inventory dataset reflects the actual spatial and temporal and 

can be used to accurately assess the air quality impact of aircraft in the LTO cycle, but 

has several limitations due to data and technical restrictions. (1) According to our 

investigation (Airbus; Aircraft Commerce), most aircraft types do not update engine. 

Some aircraft types (e. g., the aircraft A allow is allowed to be equipped with engine A 

and B) may change engine configuration proportion during 2019–2023. Given the 

unavailability of the annual variation of engine configuration for each aircraft type in 

the existing datasets, this study used the latest proportion data of each aircraft type in 

different years…” 

 

Comment 3: The section 2.1.2 Climb and approach time calculation is missing. 

 

Response: Thank you so much for your careful check. The missing section may be 

caused by the typesetting and format conversion. We have added the corresponding 

content in lines 140–154 in P5–6: 

“The daily maximum mixing layer height (MLH) serves as a key parameter for 

determining climb and approach modes of flight operations, and varies with region and 

time. Given data accessibility constraints, we substituted daily maximum MLH with the 

daily maximum planetary boundary layer height (PBLH), which shares analogous 

dynamic characteristics. The three steps for calculating climb and approach times are 

as follows.  

1) Different airport daily maximum PBLHs in 2019–2023 were obtained based on 

Weather Research and Forecasting (WRF) model. The model parameter settings 



are described in our previous study (Wen et al., 2023). 

2) The relationship between flight time and height were established. In our previous 

study (Zhou et al., 2019), the relationship for different airports in different months 

under the approach and climb mode was built based on Aircraft Meteorological 

Data Relay (AMDAR) data. AMDAR includes the aircraft's position (longitude, 

latitude, and altitude), speed, and associated meteorological parameters which 

were collected by the aircraft navigation system. The recording intervals are set at 

6 s for the first 60 s of the climb phase, followed by once every 35 s thereafter, and 

once every 60 s during the descent phase. The form of the relationship for climb 

and approach mode can be found in Text A1 of SI. The R2 (p < 0.001) of the 

functional relationships of the climb and approach mode were above 0.93. 

3) Each flight's actual climb and approach times from 2019 to 2023 were calculated 

based on the relationship of climb and approach mode mentioned above, and the 

daily maximum PBLH at different airport.” 

 

Comment 4: The author constructed a model to estimate the aircraft’s taxi time in order 

to fill the missingness in actual taxi time data; however, there lacks figures or tables to 

summarize the coverage and quality of actual taxi time data that were used for model 

fitting, making it hard to evaluate the representativeness of the model. The consistency 

of exponential relationship between deltaT and T0 with N in different years need to be 

presented by fitting the exponential relationship with each year’s data separately and 

comparing the fitted parameter. The R2 of deltaT and N is 0.1 for taxi in in PEK, 

indicating poor correlation. The fitting effect of deltaT and T0 in other airports is nor 

presented. A summary of the overall performance of the model is critical for readers to 

consider this method. 

 

Response: We thank the referee for the advice. For the coverage and quality of the used 

data, the actual taxi time data in this study is recorded by the VariFlight. It used the 

information from ADS-B system, which is recognized by researchers as a reliable data 

source (Klenner et al., 2022; Zhang et al., 2022; Teoh et al., 2024). Limited by random 



incompleteness of aircraft equipped with ADS-B equipment, this study has collected all 

available taxi time data, with coverage rates ranging from 47.9% to 67.0% during 2019–

2023, which were summarized in Table S2. It can represent the taxiing conditions of 

aircraft at different airports with different operating scales. 

This study developed the exponential relationship between ∆T and T0 with N in 

different years for the estimation of corresponding year. Taking PEK as an example, we 

have discussed consistency of exponential relationship between ∆T and T0 with N in 

different years. The exponential relationship between ∆T and T0 with N in different 

years were shown in Table S4. The proposed five-year exponential relationship in 

Figure 2 of the manuscript could be a reference for the other study with no fitting data. 

We also calculated the coefficient of variation (CV, 30.4% for taxi out and 10.4% for 

taxi in operations) between the ∆T and T0 estimation result from five-year model and 

specific year model, at a representative flight number of 20 (common across all study 

years). Compared with the actual taxi time, the estimation error of the model result 

(11.4% for taxi in mode and 20.4% for taxi out mode) is lower than the result based on 

the fixed ICAO standard taxi time (27.8% for taxi in mode and 22.0% for taxi out mode). 

About the low R² value for taxi in at PEK, Table S4 also presents that the performance 

of exponential relationships between ∆T and T0 with N in different years are better. 

These models only are used in the situation that the ∆T and T0 could not be counted due 

to the lack of the record. In addition, taking 2023 as an example, we have added the 

description of the overall performance of the taxi time calculate model for other airports. 

In summary, the description for the coverage and quality of actual taxi time data were 

added in line 156–166 in Section 2.1.3. The description for the consistency and effect 

of the relationship in different years, and the taxi time calculation model effect of other 

airports was added in line 174-192 in Section 2.1.3: 

“ICAO specifies the taxi mode's running time (taxi out 19 min; taxi in 7 min). However, 

the actual taxi time varies based on airport flight schedules during actual operation, 

and using a fixed time can lead to emissions calculation uncertainty. Therefore, the 



actual taxi time was used to calculate the aircraft’s taxi emissions accurately. The 

actual taxi time data were obtained from the VariFlight based on the information of 

ADS-B system, which is recognized by researchers as a reliable data source (Klenner 

et al., 2022; Zhang et al., 2022; Teoh et al., 2024). 

Since not all aircraft record the actual taxi time and the actual taxi time is not publicly 

available, this study has collected all available taxi time data, with coverage rates 

ranging from 47.9% to 67.0% during 2019–2023, which were summarized in Table S2. 

It can represent the taxiing conditions of aircraft at different airports with different 

operating scales. The missing taxi time were supplemented based on the hourly-airport 

difference relationship model between taxi time and aircraft number of schedules. The 

functional relationship between the number of aircraft on schedule and the taxi time is 

as follows…” 

 

Table S2: The proportion of flights with recorded taxi time. 

Year Taxi in mode Taxi out mode 

2019 47.9% 48.4% 

2020 57.2% 57.8% 

2021 53.8% 50.2% 

2022 48.6% 51.5% 

2023 59.3% 67.0% 

 

“…The taxi time relationship construction method was used to update the database 

from 2020 to 2023. The performance of the taxi time calculating model for different 

airports were shown in Figure S1 and Table S3, taking 2023 as an example. In addition, 

in this study, Beijing Capital International Airport (PEK) is chosen as a case to test the 

performance of taxi time model (Figure 2(a) and Figure 2(b)) under diverse flight 

situation (e.g., high-density scenarios), due to the centralized terminal layout and 

relatively frequent ground congestion (Liu et al., 2024).Taking 12:00 from 2019 to 2023 

for the Beijing Capital International Airport (PEK) as an example, Fig. 2(a), Fig. 2(b) 

represent the comparative verification of function relationships for taxi in and taxi out 

in different years. We observed a strong correlation between taxi time and the number 



of scheduled aircraft, regardless of whether it is taxi in or taxi out. The significance 

level (p < 0.001) indicates a strong relationship. The R2 for taxi out ranges from 0.87 

to 0.98, and for the taxi in mode, it ranges from 0.96 to 0.99. The model has a good 

effect on taxi in or out mode at different years, indicating that the model reflects the 

real taxi time variation. 

If the relationship between taxiing time and the number of aircraft scheduled cannot be 

fitted at a certain time due to lack of records, Table S4 presents the exponential 

relationship of ∆T and T0 at different years. In addition, Fig. 2 also provided the five-

year exponential relationship of ∆T and T0, which could be a reference for the other 

study with no fitting data. We also calculated the coefficient of variation (CV, 30.4% for 

taxi out and 10.4% for taxi in operations) between the ∆T and T0 estimation result from 

five-year model and specific year model, at a representative flight number of 20 

(common across all study years). Compared with the actual taxi time, the estimation 

error of the model result (11.4% for taxi in mode and 20.4% for taxi out mode) is lower 

than the result based on the fixed ICAO standard taxi time (27.8% for taxi in mode and 

22.0% for taxi out mode). ∆T and T0 estimation models only are used in the situation 

that the ∆T and T0 could not be counted due to the lack of the record.” 

Table S4: The fitting parameters and performance between N and ∆T or T0 at PEK in 

different years. 

Year 

Taxi out Taxi in 

∆T T0 ∆T T0 

Relationship R2 Relationship R2 Relationship R2 Relationship R2

2019 ∆T ൌ 66.07𝑒ି.ଶ 0.96 T ൌ 625.71𝑒ି.ଵଵ 0.59 ∆T ൌ 21.01𝑒ି.ଵ 0.69 T ൌ 418.49𝑒ି.ଶ 0.96

2020 ∆T ൌ 49.43𝑒ି.ସଷ 0.62 T ൌ 710.86𝑒ି.ଶଷ 0.83 ∆T ൌ 16.69𝑒ି.ଵହ 0.39 T ൌ 422.65𝑒ି.ଶଶ 0.82

2021 ∆T ൌ 55.63𝑒ି.ସଽ 0.89 T ൌ 621.92𝑒ି.ଷଵ 0.84 ∆T ൌ 25.88𝑒ି.ଶଽ 0.31 T ൌ 363.97𝑒ି.ଶହ 0.88

2022 ∆T ൌ 36.58𝑒ି. 0.55 T ൌ 576.79𝑒ି.ଶ଼ 0.63 ∆T ൌ 14.73𝑒ି.ଶଷ 0.19 T ൌ 380.45𝑒ି.ଶଶ 0.94

2023 ∆T ൌ 61.27𝑒ି.ଷଽ 0.78 T ൌ 611.48𝑒ି.ଶ 0.80 ∆T ൌ 18.39𝑒ି.ଵ଼ 0.50 T ൌ 417.40𝑒ି.ଶଷ 0.89

 

 



 
Figure S1: Hourly R2 of taxi in and out time calculating model for different airports.  

 

Table S3: R2 of between N and ∆T or T0 of taxi in and out mode for different airports. 

Airport type 

Taxi out Taxi in 

∆T T0 ∆T T0 

Mean Std. Mean Std. Mean Std. Mean Std. 

4F 0.86 0.09 0.58 0.19 0.59 0.20 0.74 0.15

4E 0.57 0.24 0.38 0.18 0.44 0.22 0.63 0.23

4D 0.41 0.20 0.35 0.11 0.34 0.17 0.45 0.21

4C 0.41 0.19 0.39 0.20 0.28 0.18 0.30 0.14

 

Comment 5: The flight altitude was modeled following a previous study. The author 

should summarize this model here rather than only provide a citation. 

 

Response: Thanks for the above suggestion. In this study, the flight altitude at different 

times was identified using the models mentioned in Section 2.1.2. We have added the 

description in lines 201–206 in P8 of the revised manuscript, and added the model 

summary in Text S1 of the SI: 

“The relationship between flight height and time (Zhou et al., 2019), which has been 

introduced in Section 2.1.2, was used to identify the altitude at different times for each 

LTO cycle. The daily maximum PBLH was used to identify the maximum height of each 

LTO cycle at different airports. When the taxi in and out is 0 m, the takeoff is from 0 m 

to 152 m (ICAO). The climb is from 152 m to PBLH, and the approach is from PBLH 
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to 0 m. By integrating the altitude information with the emission inventory data 

established in Section 2.1, we were able to further vertically stratify the pollutant 

emission inventory during the LTO cycle.” 

“The relationship between height and time could be described as linear or quadratic 

functions. The general form of the functional relationships can be expressed in (A1). 

𝐻 ൌ 𝑎𝑇ଶ  𝑏𝑇  𝑐 ሺ𝑎  0, 𝑇  0ሻ          (A1) 

where 𝐻 is aircraft height (m); 𝑇 is duration of the aircraft traverse from ground to 

the given height (climb) or from that height to the ground (approach) (s); a, b and c are 

constants in the equation. For airports without AMDAR data, the functional 

relationship of the nearest airport was employed.” 

 

Comment 6: The AMDAR data were used to identify flight horizontal trajectory, but 

information on the AMDAR data is missing. 

 

Response: We thank the referee for the advice on the information of the AMDAR. We 

have added the description of the AMDAR data in lines 147–151 of the revised 

manuscript:  

“…based on Aircraft Meteorological Data Relay (AMDAR) data. AMDAR includes the 

aircraft's position (longitude, latitude, and altitude), speed, and associated 

meteorological parameters which were collected by the aircraft navigation system. The 

recording intervals are set at 6 s for the first 60 s of the climb phase, followed by once 

every 35 s thereafter, and once every 60 s during the descent phase.” 

 

Comment 7: The description of the application of DBSCAN method is not clear. What 

are the inputs of DBSCAN? Why the trajectory is high dimension (besides longitude, 

latitude, and altitude) and the dimension was set to 25? 

 

Response: We thank the referee’s advice about the description of the application of 

DBSCAN method. Each flight trajectory contains four dimensions: time, longitude, 

latitude and altitude. Among them, the flight altitude of each flight could be confirmed 



based on the method mentioned in Section 2.2.1. Therefore, the input of the DBSCAN 

method was the horizontal position information (time, longitude and latitude) for each 

flight trajectory. 

About the dimension of the flight trajectory, we apologize for the confusion to the 

referee. The 25 represents the number of sampling points set at the same time interval 

for each flight trajectory. 

This study used a unified indicator for assessing the similarity of flight trajectories: if 

the departure or arrival flight trajectories at different times are approximately in the 

same position during the same time period after takeoff or before landing, then these 

flight trajectories are considered similar. Based on AMDAR data information 

description in Section 2.1.2, the recording intervals are set at 6 s for the first 60 s of the 

climb phase, followed by once every 35 s thereafter, and once every 60 s during the 

descent phase. However, due to variations in flight trajectories and potential recording 

delays, the time intervals in the flight trajectory sequences are not uniform. To address 

this issue, we have decided to adopt a resampling method. The same number of 

sampling points for both the departure and arrival phases were set to ensure sampling 

consistency and uniformity across these two phases. According to actual flight data 

from 2019–2023, during the LTO cycle, departure was within 480 s and arrival was 

within 1200 s. We comprehensively considered the recording intervals of AMDAR data, 

the time range of the LTO cycle, and computational complexity, and found three 

optional integer division sampling numbers including 21 (Sampling interval: 24 s of 

departure, 60 s of arrival), 25 (Sampling interval: 20 s of departure and 50 s of arrival) 

and 31 (Sampling interval: 18 s of departure and 40 s of arrival). During the arrival 

process, 31 sampling points would result in largest discrepancy (20 s) with the AMDAR 

record interval. During the departure process, 21 sampling points would result in largest 

discrepancy (18 s) with the AMDAR record interval before the 60 s; 31 sampling points 

would result in largest discrepancy (19 s) with the AMDAR record interval after the 60 

s. In addition, there are most computationally intensive for the option 31. Therefore, 

this study selected 25 sampling points. 

We have added the detailed description of the DBSCAN methods in line 212–237 in 



Section 2.2.2 of the revised manuscript:  

“DBSCAN is a density-based clustering algorithm widely used in machine learning and 

data mining (Chen et al., 2021; Tekin et al., 2024). For the transportation industry, it 

is specifically used for the identification research of road traffic, ship, and aircraft 

trajectories (Gui et al., 2021; Deng et al., 2023; Li et al., 2023). The DBSCAN 

algorithm belongs to unsupervised learning, and the initial value setting does not 

significantly affect the clustering results (Ventorim et al., 2021). As a result, the 

DBSCAN algorithm is well suited for flight trajectory clustering processing with 

unclear information, such as the number of clusters and distribution characteristics 

(Murça et al., 2018; Giovanni et al., 2024). 

Before clustering, flight trajectory data belonging to the LTO cycle should be extracted 

from a vast amount of information in AMDAR. First, the climb and approach modes in 

the LTO cycle are screened according to the ascending and descending symbols in 

AMDAR information. Second, each flight trajectory was divided into airport ownership 

according to the airport’s location. Finally, the horizontal position information (time, 

longitude and latitude) of each flight trajectory in the climb and approach modes of 

different airports was obtained as the input information for flight trajectory clustering. 

The DBSCAN algorithm relies on two input parameters, the minimum number of 

samples (MinPts) and distance threshold (ε), to cluster the data space based on three 

basic concepts: directly density-reachable, density-reachable, and density-connected 

(Sander et al., 1998). MinPts determines the minimum number of points required to 

form a dense region, while ε specifies the maximum distance between two points to be 

considered as within the same neighbourhood. 

DBSCAN is good at calculating the distance between points, but it is difficult for 

DBSCAN to process the flight trajectory with time attribute in this study (Chen et al., 

2021). Therefore, we use the Euclidean norm to compute the distance between the two 

sets of flight trajectories. The premise of using the Euclidean norm is to keep the time 

interval of each set of flight trajectories the same. However, the time interval of each 

flight trajectory sequence is not the same because of each flight's trajectory difference 

and recording delay. As a result, we conducted unified processing of each departure 



and arrival trajectory through the resampling method. Too low and too high of sampling 

points will make the location feature information unclear and increase the 

computational complexity of clustering processing, respectively. Based on all actual 

flight data from 2019–2023, during the LTO cycle, departure was within 480 s and 

arrival was within 1200 s. To comprehensively considered the recording intervals of 

AMDAR data, the uniformity across departure and arrival phases, and computational 

complexity, we set the sampling points of each trajectory to 25.” 

 

Comment 8: The performance of taxi time model is represented by PEK and the 

performance of trajectory cluster is represented by PVG. Why these two airports are 

selected? I am wondering the model performance at other airports. 

 

Response: We thank the referee’s advice. PEK airport is chosen as a case to test the 

performance of taxi time model under diverse flight situation (e.g., high-density 

scenarios), due to the centralized terminal layout and relatively frequent ground 

congestion (Liu et al., 2024). PVG airport is chosen as a case to test the performance of 

trajectory cluster under the normal flight trajectories scenario, as well as the deviations 

in flight trajectories due to the crosswinds and typhoons which is the challenge for the 

robustness of the trajectory cluster algorithm (Wang et al., 2017; Xu et al., 2020). 

According to the comment, we have added the description to demonstrate performance 

of the taxi time model and trajectory clustering for different airports. The reason of the 

PEK selection and the description of the taxi time model performance at other airports 

is presented in line 174–178 in Section 2.1.3. The reason of the PVG selection and the 

description of the trajectory cluster performance at other airports is presented in line 

245–248 in Section 2.2.2: 

“The performance of the taxi time calculating model for different airports were shown 

in Figure S1 and Table S3, taking 2023 as an example. In addition, in this study, Beijing 

Capital International Airport (PEK) is chosen as a case to test the performance of taxi 

time model (Figure 2(a) and Figure 2(b)) under diverse flight situation (e.g., high-

density scenarios), due to the centralized terminal layout and relatively frequent ground 



congestion (Liu et al., 2024).” 

 

 
Figure S1: Hourly R2 of taxi in and out time calculating model for different airports.  

 

Table S3: R2 of between N and ∆T or T0 of taxi in and out mode for different airports. 

Airport type 

Taxi out Taxi in 

∆T T0 ∆T T0 

Mean Std. Mean Std. Mean Std. Mean Std. 

4F 0.86 0.09 0.58 0.19 0.59 0.20 0.74 0.15

4E 0.57 0.24 0.38 0.18 0.44 0.22 0.63 0.23

4D 0.41 0.20 0.35 0.11 0.34 0.17 0.45 0.21

4C 0.41 0.19 0.39 0.20 0.28 0.18 0.30 0.14

 

“Figure S2 shows the overall performance of the trajectory clustering model for 

different airports. In addition, in this study, Shanghai Pudong International Airport 

(PVG) is chosen as a case to test the performance of trajectory cluster (Figure 3) under 

the normal flight trajectories scenario, as well as the deviations in flight trajectories 

due to the crosswinds and typhoons which is the challenge for the robustness of the 

trajectory cluster algorithm (Wang et al., 2017; Xu et al., 2020).” 
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Figure S2: The R and MAE for flight trajectories at different airports. 

 

Comment 9: The uncertainty calculation section is full of uncertainty. How did the 

author calculate the distribution parameters of each terms with uncertainty and what are 

these parameters used in the final calculation? The uncertainty ranges were only 

presented at two airports with PEK shows uncertainty in emission calculation and PVG 

shows uncertainty in spatial distribution. What is the overall uncertainty of this 

emission inventory? 

 

Response: We thank the referee’s advice about the uncertainty section. For the calculate 

method of the distribution parameters of each term, this study comprehensively 

considered the uncertainty of EI, FF and T when calculating the uncertainty of 

emissions. Furthermore, this study used the Monte Carlo sampling method to obtain the 

uncertainty of the emission for different pollutants with 20,000 samples. 

In this study, the spatial uncertainty during the LTO cycle including the uncertainty of 

horizontal and altitude position. The standard deviation of the horizontal position is 

calculated by the error distribution between the flight trajectory clustering result and 

the actual flight trajectory. The standard deviation of the altitude position is the combine 
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of the standard deviation of a function fitting parameter a, b, and c. This study employed 

the Monte Carlo method to quantitatively assess the uncertainty of spatial location 

identification for each hour, with uncertainty ranges derived from 20,000 Monte Carlo 

simulations at a 95% prediction interval. 

The description of overall uncertainty of the emission inventory has been added to 

replace the discussion of typical airports. 

In order to make the uncertainty method description more clearly, we added the new 

section (Section 2.5, Line 317–338 in P12) to introduce the calculation method in detail: 

“2.5 Uncertainty calculation 

The uncertainty of the 4D-LTO emission inventory dataset including emission 

calculation uncertainty and spatial location identification uncertainty. This study 

assumes that the uncertainty of all input parameters follows a normal distribution. 

When calculating the emissions uncertainty, this study comprehensively considered the 

uncertainty of EI, FF and T. The EI and FF are weighted based on the engines data 

from the EEDB and the engine proportion data for different aircraft types. Therefore, 

the standard deviation of EI or FF were calculated using the formula (7): 

𝜎 ൌ ට ሺ𝑥 െ �̄�ሻଶ


ൈ 𝑃,           (7) 

where 𝜎 represents the standard deviation of EI or FF, 𝑘 represents the engine type, 

𝑥 represents the EI or FF value of the engine k, �̄� represents the weighted average 

of EF or FF, and 𝑃 represents the proportion of engine k. 

The climb and approach time is obtained using the relationship between flight time and 

flight height (Zhou et al.,2019). Therefore, the standard deviation of the climb and 

approach time is the combine of the standard deviation of a function fitting parameter 

a, b, and c. The taxi in/out time is calculated using the formula (4). Therefore, the 

standard deviation of the taxi in and out time is the combine of the standard deviation 

of a function fitting parameter ∆T and T0. This study used the Monte Carlo sampling 

method to obtain the 95% prediction interval of the emission for different pollutants 

with 20,000 samples. 

The spatial uncertainty during the LTO cycle include the uncertainty of horizontal and 



altitude position. The standard deviation of the horizontal position is calculated by the 

error distribution between the flight trajectory clustering result and the actual flight 

trajectory. The standard deviation of the altitude position is the combine of the standard 

deviation of a function fitting parameter a, b, and c. This study employed the Monte 

Carlo method to quantitatively assess the uncertainty of spatial location identification 

for each hour, with uncertainty ranges derived from 20,000 Monte Carlo simulations at 

a 95% prediction interval.” 

The Section 3.5 (Line 496–505 in P21) has presented the statistical results of the 

uncertainty for emissions and spatial location: 

“Taking the year 2023 as an example, this study estimated the hourly uncertainty 

ranges for different emissions in various airports throughout the year, with the average 

of the uncertainty ranges for NOx, CO, HC, PM, and SO2 being [-17%, 17%], [-16%, 

16%], [-6%, 6%], [-8%, 8%], and [-8%, 8%] respectively, and their standard 

deviations being (±11%), (±10%), (±3%), (±4%), and (±4%) respectively. 

This study also estimated the hourly average 95% prediction intervals for latitude and 

longitude of departure and arrival flights at various airports, with the average of [-

0.02°, 0.02°] (longitude) and [-0.02°, 0.02°] (latitude) for departure, and [-0.06°, 0.06°] 

(longitude) and [-0.05°, 0.05°] (latitude) for arrival, respectively, and their standard 

deviations being (±0.01°), (±0.01°), (±0.01°), and (±0.01°) respectively. In 

addition, the result showed that the hourly 95% prediction intervals of climb and 

approach altitude at different airports within an average of [-78 m, 78 m] and [-134 m, 

134 m], respectively, and their standard deviations being (±49 m) and (±95 m), 

respectively.” 

 

Comment 10: Some previous studies, e.g. Teoh et al., 2024 and Zhang et al., 2022, 

used ADS-B data to estimate the aviation emissions at a high spatiotemporal resolution. 

What is the major advantage of this study compared to those previous studies? Please 

also compare the estimated aviation emissions to other emission inventories, e.g. 

EDGAR, EMEP, AERO2k et al. 

 



Response: We thank the referee’s advice. The previous studies (e.g., Zhang et al., 2022 

and Teoh et al., 2024) contributed much in the improvement of the emission estimation 

by using ADS-B data, laying a solid foundation for further assessing the impact of 

aircraft emissions on air quality. At percent, the ADS-B data does not fully cover all 

flights. It’s hard to identify the flight trajectories of those flights not covered by ADS-

B. Furthermore, using a fixed height range (915 m) for the LTO cycle, introduce errors 

in the calculation of pollutant emissions during the LTO cycle. The other emission 

inventories (e. g., EDGAR, EMEP, AERO2k), are also important sources of aviation 

emission data. These emissions inventories rely on mainly rely on the flight schedule 

information, which mainly calculate the total emissions of countries, and does not 

reflect the detailed four-dimensional emission characteristics. 

Based on the emission index and activity level data of each mode during the LTO cycle, 

we calculate the emissions of each flight by bottom-up method, and give the hourly and 

three-dimensional spatial distribution of aircraft emissions. It is important information 

for further assessing aircraft emissions during the LTO cycle and their impact on air 

quality. 

We have added the discussion in line 507–517 in Section 3.6 of the revised manuscript:  

“The previous studies (e.g., Zhang et al., 2022 and Teoh et al., 2024) contributed much 

in the improvement of the emission estimation by using ADS-B data, laying a solid 

foundation for further assessing the impact of aircraft emissions on air quality. At 

percent, the ADS-B data does not fully cover all flights. It’s hard to identify the flight 

trajectories of those flights not covered by ADS-B. Furthermore, using a fixed height 

range (915 m) for the LTO cycle, introduce errors in the calculation of pollutant 

emissions during the LTO cycle. The other emission inventories (e. g., EDGAR, EMEP, 

AERO2k), are also important sources of aviation emission data. These emissions 

inventories rely on mainly rely on the flight schedule information, which mainly 

calculate the total emissions of countries, and does not reflect the detailed four-

dimensional emission characteristics. 

Based on the emission index and activity level data of each mode during the LTO cycle, 

we calculate the emissions of each flight by bottom-up method, and give the hourly and 



three-dimensional spatial distribution of aircraft emissions. It is important information 

for further assessing aircraft emissions during the LTO cycle and their impact on air 

quality.” 
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