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Abstract 

Accurate prediction of air traffic noise is critical for advancing environmentally sustaina-

ble operations in high density terminal areas. Conventional noise prediction models often 

exhibit significant limitations due to discrepancies between actual and nominal flight tra-

jectories. To overcome this challenge, this study introduces a probabilistic framework that 

integrates real air-traffic-flow data to generate realistic flight trajectory distributions. The 

proposed methodology extracts key operational features—including trajectory distribu-

tion probabilities, and essential trajectory operation features—within a machine learning 

architecture. Furthermore, we develop a dedicated air traffic noise prediction model for 

clustered flight paths that explicitly incorporates traffic flow patterns, enabling high-fidel-

ity simulation of noise propagation under actual air traffic operation. The framework is 

validated using a QAR (Quick Access Recorder) dataset from the terminal area of Chang-

sha Huanghua International Airport. Experimental results demonstrate the model’s high 

predictive accuracy for both air traffic noise distribution and its influence, coupled with 

computational efficiency and practical applicability. The findings indicate that the pro-

posed approach successfully addresses the challenge of predicting air traffic noise from 

divergent, real-world flight trajectories, offering a robust method for supporting noise-

abatement strategies and sustainable aviation-planning initiatives. 

Keywords: air traffic noise prediction; probabilistic traffic trajectory; trajectory operation 

features; machine learning; QAR 

 

1. Introduction 

With the rapid growth of the aviation industry, aircraft noise around airports has 

become an increasingly pressing environmental and public-health concern as air 

transport demand continues to grow. Basner et al. reviewed the state of the science and 

highlighted that aircraft noise is linked to a broad set of outcomes, which makes quanti-

tative exposure modelling and transparent assumptions central to credible assessments 

[1]. The World Health Organization has consolidated health evidence and issued policy-
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oriented recommendations for transportation noise, further underscoring the need for de-

fensible population-exposure estimation rather than qualitative descriptions [2]. Mecha-

nistic and epidemiological syntheses also indicate that environmental noise can contribute 

to cardiovascular risk through stress-related pathways, reinforcing that airport-noise 

modelling should be treated as a health-relevant engineering task rather than a purely 

acoustic exercise [3]. 

Importantly, airport noise impact is not determined solely by an “average” sound 

level. Event-based characteristics and operational variability matter: Janssen et al. showed 

that the number of aircraft noise events can affect sleep quality, implying that prediction 

of air traffic noise should explicitly reflect traffic-flow patterns rather than relying on a 

single mean-track approximation [4]. Saucy et al. further reported associations between 

night-time aircraft noise and cardiovascular mortality, motivating robust prediction for 

night operations and cumulative exposure rather than isolated events alone [5]. At the 

regulatory level, the Environmental Noise Directive establishes a framework for environ-

mental noise assessment and management in Europe, illustrating that standardized and 

defensible prediction and evaluation is a practical necessity for airports and authorities 

[6]. 

From an airport-management perspective, the terminal area is particularly sensitive 

because community exposure is driven not only by aircraft type and distance but also by 

air-traffic flow and operational variability. ICAO (International Civil Aviation Organization)’s 

Balanced Approach explicitly treats operational procedures and their evaluation as one 

pillar of noise management, which makes credible prediction tools essential for screening 

and assessing mitigation options [7]. ICAO also provides recommended methods for com-

puting noise contours around airports, offering a standardized basis for contour compu-

tation while implicitly requiring that the input representation of procedures and opera-

tions be realistic for the local study context [8]. Recent European environmental reporting 

further emphasizes the continuing relevance of airport noise for sustainability and com-

munity impact and motivates methodological improvements that can be applied at scale 

[9]. In practice, however, published procedure specifications describe nominal intent ra-

ther than a statistical representation of how aircraft actually fly, and real trajectories often 

deviate due to ATC instructions, weather, airline operating policies, and performance 

management such as thrust settings [10]. As a result, air traffic noise prediction that is 

driven by traffic flow can be biased if it is built on oversimplified tracks or fixed opera-

tional profiles. 

Standardized noise methodologies and tools provide consistent computation, but 

their predictive credibility depends on the operational inputs supplied. AEDT offers an 

integrated workflow for environmental assessment and supports multiple modelling 

modes, yet its reliability in a case study remains bounded by the realism of the procedure 

definition and performance-related inputs [11]. ECAC (European Civil Aviation Conference) 

Doc.29 provides a widely used standard for computing noise contours around civil air-

ports, but its outputs are similarly sensitive to how track geometry and operational states 

are represented [12]. Clemente et al. quantified that contour predictions can be highly sen-

sitive to errors in key inputs, arguing that uncertainty in operational inputs can be ampli-

fied in output noise levels if not controlled [13]. Zaporozhets and Levchenko further 

showed that definitions related to noise–power–distance relationships can materially in-

fluence single-event calculations, reinforcing that thrust/power representation is a domi-

nant sensitivity for departure noise and cannot be treated as an afterthought [14]. More 

recently, van der Grift et al. examined how using engine fan speed (N1%) as a proxy input 

affects noise modelling, again highlighting that converting operational signals into 

thrust/power inputs is a nontrivial source of modelling uncertainty [15]. These findings 

collectively indicate that improving air traffic noise prediction requires (i) a statistically 
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meaningful representation of real traffic trajectories and (ii) a reliable way to provide seg-

ment-wise operational states along those trajectories. 

To reflect traffic-flow variability and operational realism in terminal-area noise pre-

diction, a growing body of research has explored data-driven representations of real op-

erations. Brooks and Hansman explicitly modelled the effects of flight-track variability on 

community noise exposure, demonstrating that variability can meaningfully change ex-

posure outcomes and therefore should be incorporated rather than averaged away [16]. 

Pretto et al. leveraged high-resolution tracking data to reconstruct operational states for 

airport noise prediction, illustrating the feasibility of data-driven operation reconstruction 

while highlighting the need to manage parameter uncertainty when reconstructing pro-

files from surveillance data alone [17]. Crucially, large-scale validation work has begun to 

quantify how much fidelity is gained when realistic trajectories are used: Rindfleisch et al. 

conducted a large-scale validation study by pairing a very large set of flight trajectories 

with measured sound levels for airport arrivals, illustrating both the potential and the 

practical challenges of validating model outputs against monitoring data at scale [18]. 

A key enabling step for traffic-flow-based noise prediction is to reduce large volumes 

of heterogeneous real trajectories into a compact, statistically meaningful representation. 

Gariel et al. introduced trajectory clustering for airspace monitoring, providing a founda-

tional framework for extracting representative tracks from surveillance data [19]. Basora 

and Morio proposed a clustering framework to analyse air-traffic flows, supporting the 

idea of probabilistic representative trajectories but not directly addressing the parameter-

completeness requirements of standardized noise engines [20]. Eerland and Box demon-

strated a two-step process that clusters trajectories to extract common trends and then 

models dispersion probabilistically, and they further showed how representative trajec-

tories can replace large historical datasets while preserving footprint properties [21]. 

Building on the availability of large-scale ADS-B data, Bhanpato et al. combined trajectory 

comparison and clustering to identify representative departure procedures and quantify 

the community-noise impact differences between real operations and defined noise-abate-

ment procedures, directly motivating data-driven traffic-flow representations for noise 

assessment [22]. 

In China, related studies have begun to connect procedure analysis with noise impact 

prediction. Chen proposed a procedure-based noise assessment approach using trajectory 

clustering and probability assignment; however, simplified spatial assumptions around a 

center trajectory can limit the representation of complex dispersion patterns, particularly 

in three dimensions [23]. Hang demonstrated how QAR (Quick Access Recorder) data can 

support procedure design quality evaluation and mitigation assessment, validating the 

value of recorder-grade data, but the coupling between clustered trajectories and stand-

ardized contour computation still requires a complete and consistent set of operational 

parameters along representative trajectories [24]. Zhao and Zhang proposed a rapid 

AEDT (Aviation Environmental Design Tool)-based method for laterally dispersed tracks by 

predicting noise on a center track and assigning probabilities for deviations; this improves 

efficiency for traffic-flow-based estimation but remains limited in handling vertical diver-

gence and profile variability [25]. Zhuang et al. integrated departure track simulation and 

noise influence analysis using a performance model (BADA) and external validation, con-

firming that noise is strongly influenced by thrust, altitude, and turning strategy—while 

also implying that inaccurate reconstruction of these parameters can dominate modelling 

error [26]. 

While previous studies have provided important insights, a unified framework that 

predicts air traffic noise from traffic-flow statistics still faces two practical barriers: repre-

senting the probabilistic distribution of real 3D trajectories and providing complete, seg-

ment-wise operational states required by standardized noise engines. To address these 
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barriers, this study develops an air traffic noise prediction framework with the following 

contributions: 

(a) Probabilistic traffic trajectories: real QAR trajectories are condensed into repre-

sentative 3D trajectories and their occurrence probabilities, enabling traffic-flow statistics 

to be translated into a compact, statistically meaningful trajectory distribution for predic-

tion. 

(b) Flight-parameter completion on representative trajectories: key segment-wise op-

erational variables required by standardized noise computation are predicted via a ma-

chine-learning module trained on QAR observations, mitigating reliance on nominal pro-

files and fixed assumptions. 

(c) An operational-knowledge-driven prediction pipeline: probabilistic representa-

tive trajectories and predicted operational states are integrated with a standardized noise 

computation engine to deliver computationally efficient air traffic noise prediction suita-

ble for terminal-area scenario screening and operational evaluation. 

2. Methodologies 

The primary research methodology of this study is divided into two main compo-

nents: the construction of a trajectory operation knowledge base and noise calculation 

based on this knowledge base. QAR data is used as the foundational dataset. First, actual 

flight trajectories are classified, and the resulting trajectory clusters are further grouped 

through clustering to serve as the basis for noise calculation. At the same time, the distri-

bution probability of each clustered trajectory is determined. Since only actual flight tra-

jectories contain complete flight status parameters required for noise calculation, some 

parameters in the clustered trajectories remain unknown. Therefore, it is necessary to pre-

dict these missing parameters to complete the data required for noise computation. By 

integrating the distribution probabilities and machine-learned flight parameters of clus-

tered trajectories, the proposed model enhances the accuracy of traditional noise predic-

tion approaches. 

Trajectory operation knowledge mining serves as a fundamental basis for terminal 

area noise analysis, with its core tasks including the extraction of trajectory distribution 

probabilities and the prediction of flight status parameters. Together, these probabilities 

and predicted parameters constitute the trajectory operation knowledge system. This 

study proposes a method for characterizing traffic flow impact based on probabilistic clus-

tered trajectories and utilizes machine learning to accurately predict the flight status pa-

rameters of these clustered trajectories as shown in Figure 1. This research approach not 

only effectively captures the dynamic characteristics of terminal area traffic flow but also 

lays a solid theoretical foundation for the development of noise prediction models. 

2.1. 3D Trajectory Distribution Modeling via Fast-DTW 

In the identification of airport aircraft traffic flows, the arrival and departure direc-

tions of flight trajectories are considered important input features for the construction of 

subsequent noise prediction models. To this end, the navigation direction derived from 

the trajectory heading angle is used as the primary criterion for classification. On this ba-

sis, an improved Dynamic Time Warping (DTW) algorithm is introduced to enhance the 

accuracy of matching between actual flight trajectories and standard flight procedures, 

thereby achieving precise alignment. The QAR can record a wide range of flight parame-

ters (such as wind speed, latitude and longitude, attitude, thrust, etc.) for all arrival and 

departure trajectories within the terminal area. Although QAR data has been widely used 

for fault prediction [27,28], its potential for noise calculation remains underexplored. With 

its high sampling rate and high accuracy, QAR data is particularly well-suited for trajec-

tory clustering and flight status parameter prediction in aircraft noise modeling. 
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Figure 1. Research methodology roadmap. 

To extract representative operational trajectories and their three-dimensional distri-

bution probabilities from QAR data, a two-stage procedure is adopted: (i) procedure-

aided corridor-entry classification and trajectory screening, followed by (ii) within-corri-

dor 3D trajectory clustering. Each flight record contains a time-ordered sequence of dis-

crete trajectory points. The Dynamic Time Warping (DTW) algorithm, which employs a 

dynamic programming approach to align two temporal sequences by minimizing their 

temporal discrepancies, is capable of estimating the minimal possible distance (i.e., maxi-

mal potential similarity) between them. This characteristic makes DTW particularly well-

suited for clustering flight trajectories. Dynamic Time Warping (DTW) is used as the tra-

jectory similarity metric [29], and FastDTW is adopted to reduce computational cost while 

retaining DTW accuracy [30]. For a given flight 𝑓, its raw trajectory is denoted by: 

𝑇(𝑓) = {(𝑙𝑎𝑡 𝑖 , 𝑙𝑜𝑛𝑖 , 𝑎𝑙𝑡𝑖)}𝑖=1
𝑁𝑓 , (1) 

where 𝑙𝑎𝑡 𝑖 , 𝑙𝑜𝑛𝑖, and 𝑎𝑙𝑡𝑖 are the latitude, longitude, and QNH altitude at the 𝑖-th rec-

orded point, respectively and 𝑁𝑓 denotes the number of recorded trajectory points for 

flight 𝑓. Since departures and arrivals are recorded in opposite temporal directions with 

respect to the runway reference, departure trajectories are reversed so that both depar-

tures and arrivals are represented consistently from the runway vicinity toward the ter-

minal-area boundary. In addition, runway usage is identified from QAR fields, and the 

corresponding nominal procedure set (SID/STAR) for the detected runway is loaded as a 

trajectory database: 

𝑝 = {𝑃(𝑚)}𝑚=1
𝑀 , 𝑃(𝑚) = {(𝑙𝑎𝑡 𝑗 , 𝑙𝑜𝑛𝑗)}𝑗=1

𝐿𝑚 ,  (2) 

where each 𝑃(𝑚) is a polyline of a published SID/STAR in planform (latitude–longitude), 

𝑚 ∈ {1,… ,𝑀} indexes the published procedures, is the number of available procedures 

under the selected runway and flight status (departure/arrival), 𝑗 is the point index along 

a nominal procedure polyline, and 𝐿𝑚 is the number of planform points of procedure 𝑚. 

For departures, the nominal polylines are also reversed to match the same direction as the 

reversed flight trajectories. 
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2.1.1. Trajectory Classification Based on Direction 

A coarse but efficient corridor-entry pre-classification is performed to reduce mis-

matching among procedures with similar shapes. For each nominal procedure 𝑃(𝑚) , a 

procedure direction angle 𝜃(𝑚) is computed from its first and last planform points: 

𝜃(𝑚) = 𝑎𝑡𝑎𝑛2(𝑙𝑎𝑡1
(𝑚)

− 𝑙𝑎𝑡𝐿𝑚
(𝑚)

,  𝑙𝑜𝑛1
(𝑚)

− 𝑙𝑜𝑛𝐿𝑚
(𝑚)

), (3) 

where 𝑙𝑎𝑡1
(𝑚)

, 𝑙𝑜𝑛1
(𝑚)

 and 𝑙𝑎𝑡𝐿𝑚
(𝑚)

, 𝑙𝑜𝑛𝐿𝑚
(𝑚)

 denote the latitude/longitude of the first and last 

points of procedure 𝑚, respectively, and 𝑎𝑡𝑎𝑛2 is the two-argument arctangent. Simi-

larly, the flight direction angle 𝜃(𝑓) is computed from the first and last points of the flight 

trajectory: 

𝜃(𝑓) = 𝑎𝑡𝑎𝑛2(𝑙𝑎𝑡1
(𝑓)

− 𝑙𝑎𝑡𝑁𝑓
(𝑓)
,  𝑙𝑜𝑛1

(𝑓)
− 𝑙𝑜𝑛𝑁𝑓

(𝑓)
), (4) 

where 𝑙𝑎𝑡1
(𝑓)
, 𝑙𝑜𝑛1

(𝑓) and 𝑙𝑎𝑡𝑁𝑓
(𝑓)
, 𝑙𝑜𝑛𝑁𝑓

(𝑓) are the latitude/longitude of the first and last tra-

jectory points of flight 𝑓, respectively. Nominal procedures are labeled by corridor-entry 

identifiers; let 𝑐 denote a corridor-entry class label and 𝜃(𝑐) denote the representative di-

rection angle associated with class 𝑐. For each flight, the selected corridor-entry class 𝑐sel 

is determined by minimizing the absolute heading difference: 

𝑐sel = arg⁡min⁡
𝑐

∣ 𝜃(𝑓) − 𝜃(𝑐) ∣, (5) 

where arg⁡min⁡returns the class label that yields the smallest value. This step constrains 

subsequent matching and clustering to physically consistent traffic-flow directions. 

Accordingly, Figure 2 provides a schematic overview of the role of this section. Spe-

cifically, flight tracks are distinguished and categorized by evaluating the deviation in 

heading angle relative to different nominal procedures, thereby enabling a preliminary 

classification of daily real-world trajectories according to the corridor-entry direction. 

 

Figure 2. Trajectory classification schematic. 

2.1.2. Procedure Matching and Similarity Scoring 

Within the selected corridor-entry class 𝑐sel, the flight trajectory is matched against 

each nominal procedure 𝐏(𝑚) ∈ 𝑝𝑐sel , where 𝑝𝑐sel ⊆ 𝑝is the subset of procedures belong-

ing to corridor class 𝑐sel. Matching is performed using the Fast Dynamic Time Warping 

(Fast-DTW) algorithm. Let 𝐗 = {𝑥𝑖}𝑖=1
𝑛   and 𝐘 = {𝑦𝑗}𝑗=1

ℓ   be two point sequences, where 

𝑛⁡and ℓ⁡denote their lengths. In our procedure matching stage, 𝑥𝑖 = (𝑙𝑎𝑡𝑖, 𝑙𝑜𝑛𝑖) and 𝑦𝑗 =

(𝑙𝑎𝑡𝑗
′, 𝑙𝑜𝑛𝑗

′)  are 2D planform points (latitude–longitude). The Fast-DTW distance is de-

fined as [31]: 

𝐷FDTW(𝐗, 𝐘) = min⁡
𝒲

∑ 𝑑(

(𝑖,𝑗)∈𝒲

𝑥𝑖 , 𝑦𝑗), (6) 
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where 𝐷FDTW(𝐗, 𝐘) is the Fast-DTW distance, 𝒲 is a valid warping path, and 𝑑(𝑥𝑖 , 𝑦𝑗) 

is the point-wise Euclidean distance between the two 2D points. 

For each flight 𝑓, the Fast-DTW distances {𝐷FDTW(𝐏
(𝑚), 𝐓2𝐷

(𝑓)
)}

𝑚∈𝑝𝑐sel

 are computed, 

where 𝐓2𝐷
(𝑓)

= {(𝑙𝑎𝑡𝑖, 𝑙𝑜𝑛𝑖)}𝑖=1
𝑁𝑓  is the planform projection of the flight trajectory. The best-

matching nominal procedure index is selected as 

𝑚best = arg⁡ min⁡
𝑚∈𝑝𝑐sel

𝐷FDTW(𝐏
(𝑚), 𝐓2𝐷

(𝑓)
). (7) 

To provide an interpretable match-quality metric, the distance is mapped to a simi-

larity score through linear normalization: 

𝑆𝑚
(𝑓)

= 1 −
𝐷FDTW(𝐏

(𝑚), 𝐓2𝐷
(𝑓)
)

max⁡
𝑢∈𝑝

𝐷FDTW(𝐏
(𝑢), 𝐓2𝐷

(𝑓)
)
, (8) 

where 𝑆𝑚
(𝑓)

⁡ ∈ ⁡ [0, 1] is the similarity score of flight 𝑓 with respect to procedure 𝑚, and 

the denominator uses the maximum Fast-DTW distance over all procedures 𝑢 ∈ 𝑝  for 

scaling. Flights with sufficiently high similarity (e.g., 𝑆𝑚best

(𝑓)
⁡≥ ⁡0.8) are treated as success-

fully matched to a nominal procedure and retained as “near” samples, while flights with 

low similarity are treated as operational deviations. Importantly, both near and other sam-

ples remain assigned to their corridor-entry class 𝑐sel  for subsequent within-corridor 

clustering. 

Building on the above rationale, evaluating the trajectory-to-trajectory similarity 

within each group enables a secondary subdivision of trajectories under the initial classi-

fication, thereby providing a sound basis for subsequent clustering. The example shown 

in Figure 3 offers an intuitive illustration of the role of this step. 

  

Figure 3. Reclassification of similar trajectories. 

2.1.3. 3D Trajectory Clustering via Normalized Fast-DTW 

To capture the realistic variability of operational trajectories within each corridor-

entry class, a second-stage clustering is performed on the 3D trajectories 𝐓(𝑓) =

{(𝑙𝑎𝑡𝑖 , 𝑙𝑜𝑛𝑖 , 𝑎𝑙𝑡𝑖)}. Because latitude/longitude and altitude have different scales and units, 

each trajectory is normalized using Min–Max scaling before distance computation: 

𝐓̃(𝑓) = MinMax(𝐓(𝑓)), (9) 

https://doi.org/10.3390/aerospace13030208
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where 𝐓̃(𝑓) denotes the normalized 3D trajectory of flight 𝑓. For a given corridor class 𝑐 

containing 𝑁𝑐 trajectories (where 𝑁𝑐 is the number of flights assigned to corridor class 

𝑐), we compute pairwise Fast-DTW distances on normalized 3D sequences: 

Δ𝑝𝑞 = 𝐷FDTW(𝐓̃
(𝑝), 𝐓̃(𝑞)), 𝑝, 𝑞 ∈ {1,… , 𝑁𝑐}, (10) 

where 𝑝  and 𝑞  index the trajectories within the same corridor class, and Δ𝑝𝑞   is the 

(symmetric) distance between trajectories 𝑝  and 𝑞 . These distances form a symmetric 

distance matrix 𝚫 ∈ ℝ𝑁𝑐×𝑁𝑐. 

Hierarchical agglomerative clustering is conducted using the average linkage crite-

rion. Let 𝐴 and 𝐵 be two clusters, and let 𝑛𝐴 and 𝑛𝐵 denote the numbers of trajectories 

in clusters 𝐴 and 𝐵, respectively. The inter-cluster distance is defined as 

𝐷(𝐴, 𝐵) =
1

𝑛𝐴𝑛𝐵
. ∑ ∑ ∆𝑝𝑞𝑝∈𝐵𝑝∈𝐴   (11) 

Starting from singleton clusters, the algorithm iteratively merges the two closest clus-

ters until the linkage distance exceeds a preset maximum distance threshold 𝑑max, where 

𝑑max is the clustering cut-off parameter controlling the granularity of within-corridor pat-

terns. 

2.1.4. Representative Trajectories and Occurrence Probabilities 

For each resulting cluster 𝑘 within corridor class 𝑐, a representative (clustered) tra-

jectory 𝐓̄𝑐,𝑘 is generated. Let 𝒞𝑐,𝑘 denote the set of flights (trajectories) belonging to clus-

ter 𝑘⁡within corridor 𝑐, and let 𝑛𝑐,𝑘 =∣ 𝒞𝑐,𝑘 ∣ be the number of trajectories in that cluster. 

To ensure a consistent point-wise average, trajectories in the same cluster are truncated to 

the minimum length 

𝐿𝑐,𝑘 = min⁡
𝐓(𝑓)∈𝒞𝑐,𝑘

𝑁𝑓 , (12) 

and the truncated trajectory for flight 𝑓 is 𝐓tr
(𝑓)

= {(𝑙𝑎𝑡𝑖 , 𝑙𝑜𝑛𝑖 , 𝑎𝑙𝑡𝑖)}𝑖=1
𝐿𝑐,𝑘. The representative 

trajectory is then obtained by point-wise averaging: 

𝐓̄𝑐,𝑘 =
1

𝑛𝑐,𝑘
∑ 𝐓tr

(𝑓)

𝐓(𝑓)∈𝒞𝑐,𝑘

. (13) 

Finally, the three-dimensional distribution probability of each representative trajec-

tory is estimated by the relative frequency of original trajectories assigned to that cluster: 

𝑝𝑐,𝑘 =
𝑛𝑐,𝑘

∑ 𝑛𝑐,𝑢𝑢

, (14) 

where 𝑝𝑐,𝑘 is the probability weight of cluster 𝑘 within corridor class 𝑐, and the de-

nominator sums over all clusters 𝑢 in corridor 𝑐. These probabilities are subsequently 

used as weighting factors in the probabilistic noise calculation, enabling cumulative noise 

estimation that explicitly accounts for air traffic flow and operational variability. 

By applying a two-step process of clustering followed by hierarchical grouping to 

actual flight trajectories, the three-dimensional distribution probabilities of clustered tra-

jectories can be effectively extracted. This approach provides essential support for noise 

analysis under the influence of air traffic flow. The overall research framework for trajec-

tory distribution probability is illustrated in Figure 4. 
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Figure 4. Framework for trajectory distribution probability research. 

2.2. Trajectory Operation Features Prediction 

Due to the missing flight state parameters in clustered trajectories, this study pro-

poses a parameter prediction method based on actual flight QAR data. Specifically, an 

ensemble learning approach combining Random Forest and XGBoost is adopted. This en-

semble strategy leverages the strengths of both models, enhancing prediction accuracy 

and robustness. The input features of the model include key parameters such as ground 

speed, climb angle, pitch angle, and engine power, which comprehensively reflect 

changes in flight state and provide reliable data support for noise calculation. Therefore, 

we construct a data-driven parameter completion module based on QAR observations, 

consisting of (i) equal-distance trajectory resampling and segment-wise feature extraction, 

and (ii) supervised learning for multi-parameter prediction with an ensemble of Random 

Forest and XGBoost. 

2.2.1. Segment-Level Feature Extraction via Equal-Distance Resampling 

After removing points within a predefined latitude–longitude rectangle to mitigate 

local non-representative effects, the along-track distance between two consecutive trajec-

tory points 𝑝𝑡−1(𝑙𝑎𝑡𝑡−1, 𝑙𝑜𝑛𝑡−1) and 𝑝𝑡(𝑙𝑎𝑡𝑡 , 𝑙𝑜𝑛𝑡) is computed using the Haversine for-

mula: 

𝑑𝑡 = 2𝑅arcsin⁡ (√sin⁡2
Δ𝑙𝑎𝑡𝑡
2

+ cos⁡ 𝑙𝑎𝑡𝑡−1cos⁡ 𝑙𝑎𝑡𝑡sin⁡
2
Δ𝑙𝑜𝑛𝑡
2

), (15) 

where 𝑅 is the Earth radius (m), 𝑙𝑎𝑡𝑡 and 𝑙𝑜𝑛𝑡 denote latitude and longitude in radians, 

Δ𝑙𝑎𝑡𝑡 = 𝑙𝑎𝑡𝑡 − 𝑙𝑎𝑡𝑡−1, Δ𝑙𝑜𝑛𝑡 = 𝑙𝑜𝑛𝑡 − 𝑙𝑜𝑛𝑡−1, and 𝑑𝑡 is the geodesic distance between con-

secutive points (m). A segment is formed once the cumulative along-track distance 

reaches a preset threshold 𝐷0 (m; 𝐷0 = 5000⁡m in the implementation). This step is an 

equal-distance discretization of each trajectory: it groups consecutive recorded points into 

~5 km path-length segments so that segment-wise statistics represent comparable local 

flight states, independent of the original time sampling or speed variations. 

For each segment 𝑠, we compute aggregated descriptors and define the input vector 

𝑥𝑠 = [𝐷𝑠 , 𝑚𝑠, 𝐴𝑠, 𝐸𝑠 , 𝐶𝑠], (16) 

where 𝐷𝑠 is the segment distance (m), 𝑚𝑠 is the segment-mean aircraft mass (kg) con-

verted from recorded gross weight, 𝐴𝑠 is the aircraft type category, 𝐸𝑠 is the engine type 

category, and 𝐶𝑠 is the corridor class obtained from a predefined identifier-to-corridor 

mapping. The multi-output target vector is 

𝐲𝑠 = [𝜈𝑡𝑔,𝑠, 𝜑𝑠, 𝛾𝑠,, 𝑃𝑠
∗], (17) 

where 𝜈𝑡𝑔,𝑠 is the segment-mean ground speed, 𝜑𝑠 is the segment-mean bank angle, 𝛾𝑠 

is the segment-mean climb angle, and 𝑃𝑠
∗ is a propulsion-intensity proxy. 

To ensure consistency with the subsequent noise-model interpolation inputs, the pro-

pulsion proxy is represented by a thrust-setting variable that is directly compatible with 

the NPD tables. Specifically, the propulsion intensity (thrust setting) is obtained via an 
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“𝑁1 (temperature-corrected to 𝑁1𝑐) → linear mapping to the NPD ‘Power Setting’ do-

main → clipping” procedure to yield 𝑃𝑠
∗ (lbf/engine). The ECAC Doc 29 NPD methodol-

ogy uses power/thrust setting together with distance as key inputs for noise computation 

and interpolation; mapping segment-level 𝑁1𝑐 onto the NPD thrust axis therefore pro-

vides thrust inputs that are consistent with the downstream NPD interpolation process 

[12]. In addition, prior work has estimated 𝑁1/power setting as a required input for noise 

calculations and has modelled take-off thrust settings accordingly, supporting the feasi-

bility of using 𝑁1-type indicators as a surrogate for thrust setting [32]. 

For each segment 𝑠, the segment-mean engine rotational-speed parameter 𝑁1𝑠 is 

first computed from QAR records by averaging across engines (e.g., for the A320, averag-

ing 𝑁11 and 𝑁12). To account for the influence of ambient temperature on 𝑁1, 𝑁1𝑠 is 

corrected using the static air temperature (SAT) when available, yielding the corrected 

speed 𝑁1𝑐,𝑠: 

𝜃𝑠 =
𝑇𝑠

288.15
, 𝑇𝑠 = 𝑆𝐴𝑇𝑠 + 273.15, 𝑁1𝑐,𝑠 =

𝑁1𝑠

√𝜃𝑠
, (18) 

where 𝜃𝑠  is the non-dimensional temperature ratio for segment 𝑠 ; 𝑇𝑠  is the segment-

mean static air temperature in Kelvin (K); 𝑆𝐴𝑇𝑠 is the segment-mean static air tempera-

ture in degrees Celsius (°C) obtained from the QAR SAT field; 288.15 K is the ISA sea-level 

reference temperature; 𝑁1𝑠  is the segment-mean 𝑁1  (%), i.e., the low-pressure rotor 

speed expressed as a percentage; and 𝑁1𝑐,𝑠 is the temperature-corrected 𝑁1 (%). If 𝑆𝐴𝑇𝑠 

is unavailable, 𝑁1𝑐,𝑠 is set to 𝑁1𝑠. 

To convert 𝑁1𝑐,𝑠 into a thrust setting that can be directly used for NPD interpolation, 

dataset-wide quantiles of 𝑁1𝑐  are computed to mitigate the influence of outliers. Let 

𝑁1𝑐,low and 𝑁1𝑐,high denote the lower and upper quantiles of 𝑁1𝑐 over the full dataset. 

The 5th and 95th percentiles are used as robust mapping endpoints: trimming 5% at each 

tail reduces the leverage of a small number of abnormal or transient observations on the 

endpoints, yielding a more stable linear mapping that better represents the typical opera-

tional envelope [33,34]. The corrected speed 𝑁1𝑐,𝑠 is then linearly mapped to the thrust-

setting domain [𝑃min
, 𝑃max] defined by the “Power Setting” column of the aircraft-specific 

NPD table (lbf/engine): 

𝑟𝑠 =
𝑁1𝑐,𝑠 −𝑁1𝑐,low
𝑁1𝑐,high − 𝑁1𝑐,low

, 𝑃𝑠
∗ = 𝑃min + 𝑟𝑠(𝑃max−𝑃min), (19) 

and subsequently clipped to ensure that the resulting thrust setting strictly lies within the 

NPD domain: 

𝑃𝑠
∗ ← min⁡(max⁡(𝑃𝑠, 𝑃min), 𝑃max). (20) 

Here, 𝑟𝑠  is a dimensionless normalized mapping coefficient; 𝑁1𝑐,low  and 𝑁1𝑐,high 

are the 5th and 95th percentiles of 𝑁1𝑐 (%) over the full dataset; 𝑃min and 𝑃max are the 

minimum and maximum thrust-setting values (lbf/engine) in the NPD “Power Setting” 

column, defining the admissible thrust domain; and 𝑃𝑠
∗ is the segment 𝑠thrust setting 

(lbf/engine), used as the power component of the multi-output target vector. This con-

struction ensures that the predicted thrust setting is physically consistent with the NPD 

thrust axis and bounded within its valid range, enabling direct use in subsequent NPD-

based noise interpolation. 

Before training, numerical predictors (𝐷𝑠, 𝑚𝑠) are Min–Max normalized, while cate-

gorical predictors (𝐴𝑠, 𝐸𝑠, 𝐶𝑠) are one-hot encoded. The targets are also normalized dur-

ing training and inverse-transformed for physical interpretation. Samples with evidently 

invalid states are removed to enhance stability. 
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2.2.2. Flight-State Prediction via RF–XGBoost Ensemble Regression 

We employ two complementary tree-based models—Random Forest (RF) and 

XGBoost (XGB)—to learn the mapping from 𝐱̃𝑠⁡to⁡𝐲̃𝑠, where ⋅̃ indicates normalized vari-

ables. 

For Random Forest regression, the predicted multi-output vector is obtained by av-

eraging the outputs of 𝐵 trees [35]: 

𝐲̂𝑠
𝑅𝐹 =

1

𝐵
∑𝐓𝑏

𝐵

𝑏=1

(𝐱̃𝑠), (21) 

where T𝑏(⋅) is the 𝑏-th regression tree. Each tree is grown by selecting splits that maxim-

ize the reduction in within-node variance 

For XGBoost regression, the prediction is represented as an additive model of 𝐾 

trees [36]: 

𝐲̂𝑠
𝑋𝐺𝐵 = ∑𝐟𝑘

𝐾

𝑘=1

(𝐱̃𝑠), 𝐟𝑘 ∈ ℱ, (22) 

where ℱ denotes the space of regression trees, and 𝐟𝑘(⋅) produces a vector output for 

the four targets. The regularized objective minimized by XGB is 

ℒ =∑ℓ 

𝑛

𝑖=1

+∑Ω(

𝐾

𝑘=1

𝐟𝑘), (23) 

where 𝑛 is the number of training segments, ℓ(⋅) is the loss, and Ω(⋅) penalizes model 

complexity. 

Finally, we fuse RF and XGB by a linear ensemble: 

𝐲̂𝑠 = 𝜔 𝐲̂𝑠
𝑅𝐹 + (1 − 𝜔) 𝐲̂𝑠

𝑋𝐺𝐵 , 𝜔 ∈ [0,1], (24) 

where 𝜔  is the ensemble weight. In the implementation, 𝜔 = 0.5 . Averaging reduces 

generalization error when the two models exhibit non-identical and imperfectly corre-

lated errors, and provides a stable prediction for subsequent modelling [37]. 

Diverse sample sets are generated using bootstrap sampling, and a random feature 

selection mechanism is applied to ensure model diversity and generalization capability. 

Specifically, the XGBoost and Random Forest models are trained independently. Then, 

their prediction results are integrated using an averaging method, resulting in the final 

prediction output of the fused XGBoost–Random Forest ensemble model. 

2.3. Operational-Knowledge-Driven Trajectory Noise Precicting 

Based on trajectory operational knowledge a noise prediction model is developed to 

account for the influence of air traffic flow. In this study, the Day-Night Equivalent Sound 

Level is selected as the evaluation metric for airport noise. Using trajectory operational 

knowledge derived from QAR data, the Noise–Power–Distance (NPD) relationship is ob-

tained. The aircraft noise levels are then calculated following the methodology outlined 

in Document 29 of the European Civil Aviation Conference (ECAC) [12]. 

2.3.1. Single-Event Noise Computation Using Predicted Flight States 

The single-event noise at a ground receptor is computed using the ECAC Doc.29 

framework, where the Sound Exposure Level (SEL) of one operation is evaluated through 

NPD (Noise–Power–Distance) based lookup/interpolation combined with standard oper-

ational and geometric corrections. In order to apply the Doc.29 engine to real operations, 

this study uses the outputs of the flight-parameter prediction module to provide the seg-

ment-wise operational state required by the noise calculation, thereby reducing reliance 
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on nominal assumptions about aircraft behavior. The workflow of single-event noise cal-

culation based on predicted flight parameters is shown in the Figure 5 below. 

 

Figure 5. Flowchart of noise calculation. 

A complete single-event computation requires four categories of inputs. First, an air-

craft/engine-specific acoustic dataset is needed, i.e., NPD tables that relate reference noise 

levels to an engine power/thrust descriptor and slant distance under standard conditions. 

Second, the flight-path geometry must be available as a discretized 3D trajectory, includ-

ing (𝑙𝑎𝑡,  𝑙𝑜𝑛) and altitude along the path, so that the relative geometry between the air-

craft and each receptor can be determined. Third, the calculation requires segment-level 

operational variables, which in this work are provided by the prediction module: ground 

speed 𝜈𝑡𝑔, climb angle 𝛾, bank angle 𝜙, and a propulsion-related variable serving as an 

engine thrust proxy. These variables jointly define the operating condition of each trajec-

tory segment for NPD interpolation and for the correction structure. Fourth, the receptor 

definition and reference geometry are required, including the receptor location and the 

runway reference direction used to determine lateral offset and directional conditions in 

the correction terms. 

In implementation, the 3D trajectory is divided into short consecutive segments so 

that each segment can be approximated as locally uniform. For each segment–receptor 

pair, the slant distance and associated geometric quantities are computed from the seg-

ment endpoints, altitude, and receptor coordinates. The predicted propulsion proxy is 

mapped to a consistent power/thrust descriptor compatible with the selected NPD da-

taset, after which the base noise level is obtained by NPD interpolation in the power/thrust 

and distance dimensions. The base level is then adjusted using the Doc.29 correction struc-

ture to account for operational and geometric effects, including speed-related correction 

(driven by 𝜈𝑡𝑔), lateral attenuation (driven by receptor–track geometry), installation/di-

rectivity effects, and directional handling associated with the reference takeoff direction 

when applicable. Finally, the single-event 𝐿SE𝑖 at the receptor is obtained by energetically 

accumulating the corrected contributions over all segments along the trajectory. 

2.3.2. Cumulative Noise Estimation via Probability Weighting 

A cumulative noise event refers to the aggregated noise impact generated by multiple 

aircraft operations over a specific period of time, taking into account factors such as the 

number of flights and their temporal distribution. The proposed model integrates trajec-

tory operational knowledge with a fundamental noise calculation framework to construct 

a representative terminal traffic flow scenario. The detailed integration methodology is 

illustrated in Figure 6. 
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Figure 6. Flowchart of noise calculation modeling based on trajectory operation knowledge. 

By summing all significant sound exposure levels from aircraft activities, the total 

noise exposure level at a given observation point can be determined. The calculation is 

expressed by the following formula: 

𝐿dn = 𝐿SE + 10 lg(𝑁𝑑 + 10𝑁𝑛) − 49.4, (25) 

In this equation, 𝑁𝑑 denotes the number of daytime flights (06:00–22:00), and 𝑁𝑛 de-

notes the number of nighttime flights (22:00–06:00). 𝐿SE represents the average sound ex-

posure level equivalent for N flights during both day and night, measured in decibels (dB). 

𝐿SE = 10lg[
1

𝑁
∑ 100.1𝐿SEi𝑁
𝑖=1 ], (26) 

𝐿SE𝑖,𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 = 𝐿SE𝑖(𝑃, 𝑑) + Δ𝜈 − 𝛬(𝛽, 𝑙) + Δ𝐿 + Δ𝜑. (27) 

In this equation, 𝐿SE𝑖，𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑  is the actual sound exposure level of a single flight 

event, measured in decibels (dB); 𝐿𝑆𝐸𝑖(𝑃, 𝑑) represents the interpolated noise level from 

the NPD (Noise–Power–Distance) curves, also in dB; 𝑃 is the engine thrust, measured in 

kilonewtons (kN); 𝑑  is the shortest distance from the ground calculation point to the 

flight trajectory, in meters (m); Δ𝜈 is the speed correction factor; 𝛬(𝛽, 𝑙) is the lateral at-

tenuation factor, where 𝛽 is the elevation angle of the observation point relative to the 

aircraft trajectory (°), and 𝑙 is the perpendicular distance from the observation point to 

the aircraft ground track, in meters (m); Δ𝐿 is the correction factor applied for observation 

points located behind the aircraft takeoff position; and Δ𝜑 is the engine installation posi-

tion correction. 

Assume that a cluster of actual flight trajectories yields n clustered trajectories after 

clustering, hence the corresponding probabilities denoted as 𝑝𝑐,𝑘,1 , 𝑝𝑐,𝑘,2 , …, 𝑝𝑐,𝑘,3 , as 

computed by Equation (14). Let the individual clustered trajectories be represented by 𝑧1, 

𝑧2, …, 𝑧𝑛. Then, the single-event noise impact model at a given grid center point within 

the terminal area, considering the probabilistic distribution of the trajectories, is expressed 

as follows: 
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𝐿SE𝑖
∗ = 𝐿(𝑧1)𝑝𝑐,𝑘,1 + 𝐿(𝑧2)𝑝𝑐,𝑘,2 +⋯+ ⁡⁡𝐿(𝑧𝑛)𝑝𝑐,𝑘,𝑛 (28) 

In this equation, 𝐿SE𝑖
∗ represents the single-event noise level at a terminal area grid 

center point under the influence of a given trajectory cluster, measured in decibels (dB); 

𝐿(𝑧𝑖)  denotes the single-event noise (𝐿SE𝑖,𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 ) contribution from the 𝑖 th trajectory 

within the cluster, in dB; and 𝑝𝑐,𝑘,𝑛 denotes the probability associated with the trajectory. 

By enhancing the basic noise model, the proposed approach avoids the computa-

tional complexity of evaluating noise levels for multiple individual trajectories as required 

in traditional methods. The introduction of probabilistic clustered trajectories effectively 

reduces the influence of infrequent and distant flight paths, while increasing the 

weighting of trajectories that have significant impacts on observation points. As a result, 

the accuracy of noise prediction is significantly improved. 

3. Results 

QAR data from Changsha Huanghua International Airport on a single day were uti-

lized to establish the noise analysis model. The modeling process involved sequentially 

performing trajectory operational knowledge mining and noise calculation modeling. 

Subsequently, noise contour maps corresponding to clustered trajectories at various cor-

ridor entry points in the terminal area of Changsha Airport were generated through sim-

ulation. Finally, a comparative analysis was conducted to verify the effectiveness of the 

proposed method. 

3.1. Trajectory Clustering Results 

To reduce computational complexity, each trajectory in the QAR dataset is seg-

mented and resampled. The latitude and longitude information of trajectory points is con-

verted into radians to facilitate distance calculation. The terminal area boundary and 

standard arrival/departure procedures are incorporated for heading angle matching. The 

latitude, longitude, and altitude data of trajectory points are organized and fitted to re-

construct operational trajectories. By comparing the actual flight direction of each trajec-

tory with its corresponding nominal path, an initial classification is performed based on 

different corridor entry points. To improve classification accuracy and avoid misclassifi-

cation caused by similar heading angles, the Fast Dynamic Time Warping (Fast-DTW) 

algorithm is employed. Prior to clustering, the latitude, longitude, and altitude data are 

normalized. During clustering, the Euclidean distance between each pair of trajectories is 

calculated using the Fast-DTW algorithm, and a distance matrix is constructed to store all 

pairwise distances. A maximum distance threshold is selected through parameter tuning, 

and hierarchical clustering is performed using the average linkage method. At each itera-

tion, the two closest clusters are merged until all trajectories in the same direction are 

grouped into clusters representing distinct representative trajectories. After clustering, the 

results are denormalized to produce the final clustered trajectories. A reasonableness 

check was also conducted for the clustered trajectories, showing that the maximum climb 

angle is 11.181°, the mean climb angle is 3.501°, and the maximum bank angle during 

turns is 22.681°. These values comply with the requirements specified by the flight proce-

dures. 

Due to the varying number of actual flight trajectories in different directions, each 

cluster yields a different number of representative clustered trajectories. The clustering 

results are shown in Figure 7. The classifications are labeled as OVT, LLC, OPO, APE, and 

PUK (Corridor entry direction name). Figure 7a presents the classification results based 

on corridor entry points, where the grey polylines denote the standard departure proce-

dures. Figure 7b illustrates the three−dimensional clustering results incorporating altitude 

information. In Figure 7b, darker−colored trajectories represent the clustered 
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(representative) trajectories, whereas lighter-colored trajectories correspond to the actual 

flight trajectories within each respective category. 

 
 

(a) Schematic Diagram of 2D Trajectory Classification (b) Schematic Diagram of 3D Trajectory Clustering 

Figure 7. Schematic Diagram of Trajectory Clustering. 

The number of actual flight trajectories corresponding to each clustered trajectory 

was counted. Based on this, the flight probability of each clustered trajectory was calcu-

lated using Equation (14). The results are presented in Table 1. 

Table 1. Distribution Probability of Clustered Trajectories. 

Classification Cate-

gory 

Clustered Flight 

Path 

Flight Path Proba-

bility 

Classification Cate-

gory 

Clustered Flight 

Path 

Flight Path Proba-

bility 

OVT 4 0.2083 OPO 2 0.5833 

OVT 5 0.0833 OPO 3 0.1250 

OVT 2 0.5833 OPO 1 0.1250 

OVT 3 0.0416 OPO 4 0.1458 

OVT 1 0.0833 OPO 5 0.0208 

LLC 5 0.4000 APE 1 0.7000 

LLC 1 0.1000 APE 2 0.3000 

LLC 2 0.3000 PUK 1 0.8571 

LLC 4 0.1666 PUK 2 0.1428 

LLC 3 0.0333    

3.2. Flight-State Parameter Prediction Results 

To predict flight state parameters, feature extraction and coordinate point sampling 

were performed on the QAR dataset, with parameters such as climb angle and engine 

thrust explicitly defined. Four flight state parameters—ground speed, climb angle, pitch 

angle, and engine power—were predicted using Random Forest and XGBoost models. A 

total of 80% of the data was used for training and 20% for testing. For the Random Forest 

model, the number of decision trees was set to 200, with a maximum depth of 5. The min-

imum number of samples required to split an internal node was 10, and the minimum 

number of samples at a leaf node was 5. The random seed was fixed at 42. For the XGBoost 

model, parameters were set as follows: 200 decision trees, a maximum depth of 5, a tree-

based booster, a learning rate of 0.1, and a random seed of 42. The prediction results are 

shown in Figure 8. The results indicate that the model performs well in predicting ground 

speed, climb angle, and engine thrust, whereas the prediction accuracy for bank angle is 

relatively lower. Overall, as long as engine thrust can be predicted with sufficient accu-

racy, the bank angle is only used in the engine installation correction term within the 
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noise-correction calculations, where its value is typically on the order of one to two deci-

mal places; therefore, its impact on the final noise metrics is negligible. Consequently, the 

model is suitable for predicting trajectory-specific flight parameters. 

  

(a) Ground Speed (b) Pitch Angle 

  

(c) Bank Angle (d) Engine Thrust 

Figure 8. Comparison of real and predicted values of various characteristic parameters. 

3.3. Trajectory Noise Estimation Results 

Taking the A320 aircraft as an example, the corresponding Noise−Power−Distance 

(NPD) interpolation table is imported, and the relevant acoustic parameters are selected 

accordingly. Each input variable required for single−event noise estimation is imple-

mented as a dedicated function, which are then integrated into a comprehensive noise 

computation function based on the established model. 

Subsequently, statistical analyses are conducted on the total number of flights and 

their distribution across daytime and nighttime periods to compute cumulative noise ex-

posure. For each terminal corridor direction, the flight probabilities of clustered trajecto-

ries are introduced, and the associated noise contributions are weighted and averaged 

accordingly. This process yields directional noise contour maps based on probabilistic tra-

jectory distributions, as illustrated in Figure 9. 

   

(a) The APE corridor direction (b) The LLC corridor direction (c) The OPO corridor direction 
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(d) The OVT corridor direction (e) The PUK corridor direction 

Figure 9. Contour map of clustering track noise in all directions. 

From a macroscopic perspective, taking the APE and PUK direction as examples, a 

comparison was made between the noise impact of clustered trajectories and that of actual 

flight trajectories, as shown in Figure 10. Since actual flight trajectories have not under-

gone clustering or parameter prediction, the resulting noise calculations most accurately 

reflect the noise impact under real operational conditions. Therefore, by comparing the 

noise computed based on trajectory operational knowledge with that derived from actual 

flight trajectories, the effectiveness of the proposed noise prediction method is verified. 

  

(a) APE direction Clustered Trajectory (b) APE direction Actual Flight Trajectory 

  

(c) PUK direction Clustered Trajectory (d) PUK direction Actual Flight Trajectory 

Figure 10. Comparison of clustering flight paths and actual flight path noise contour maps. 

According to the guidelines for aircraft noise calculation and prediction around civil 

airports [38], noise analysis of day-night equivalent sound levels typically focuses on the 

range of 55–75 dB. Accordingly, this study compared the noise impact areas of the two 

types of trajectories across thresholds of ≥55 dB, 60 dB, 65 dB, 70 dB, and 75 dB. A com-

parison of the noise impact areas of the two trajectory types for the two corridor entry 

directions was conducted, and the results are shown in Tables 2 and 3. Although minor 

differences exist in the overall noise impact range, the two approaches exhibit generally 

similar patterns. Specifically, for regions exceeding 55 dB, the difference in impact area 

does not exceed 1 km2. 
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The clustered trajectories were also compared with the nominal trajectories. As 

shown clearly in Figure 11, there are notable differences between the noise impact areas 

of the clustered and actual flight trajectories, with the clustered trajectories generally pro-

ducing a broader noise impact area. This further demonstrates the necessity and rational-

ity of the proposed noise prediction method. 

  

(a) Clustered Trajectory (b) Nominal trajectories 

Figure 11. Comparison of APE direction clustering track noise and nominal track sound contour 

maps. 

Table 2. Comparison of noise impact area of APE direction. 

Noise Level/dB Actual Flight Path Impact Area/km2 Clustered Flight Path Impact Area/km2 

≥55 27.10 27.85 

≥60 11.29 9.28 

≥65 4.02 3.86 

≥70 1.83 1.51 

≥75 0.46 0.43 

Table 3. Comparison of noise impact area of PUK direction. 

Noise Level/dB Actual Flight Path Impact Area/km2 Clustered Flight Path Impact Area/km2 

≥55 61.23 63.99 

≥60 26.85 28.86 

≥65 11.54 12.55 

≥70 5.02 4.82 

≥75 0.51 0.55 

From a microscopic perspective, noise levels at noise-sensitive locations were calcu-

lated for each flight segment during the aircraft departure process, and noise variation 

curves were plotted. The noise impact curves at the same observation point were com-

pared between the probabilistic (clustered) trajectories and actual flight trajectories. If 

both exhibit similar trends, it indicates that the probabilistic trajectories can effectively 

substitute actual trajectories in representing the noise impact on observation points. 

The results show that the probabilistic trajectories exhibit a broadly similar noise im-

pact trend to that of the actual flight trajectories at the same noise-sensitive point, as illus-

trated in Figure 12. In summary, compared with actual flight trajectories, the use of clus-

tered trajectories significantly reduces computational complexity and demonstrates supe-

rior performance in predicting high-noise regions. Therefore, the proposed method can 

serve as an effective approach for terminal area noise analysis. 
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Figure 12. Comparison of the trend in noise variation at a single observation point affected by dif-

ferent trajectories. 

4. Conclusions 

The operational-knowledge-driven framework proposed in this study establishes a 

coherent mapping from “traffic flow–trajectory patterns–operational states–acoustic con-

tributions”. Compared with the event-by-event baseline using actual trajectories, it repro-

duces the spatial morphology of noise contours and the spatiotemporal variation trends 

at typical receptors with good consistency, while substantially reducing the computa-

tional burden associated with large-scale trajectory sets. 

Specifically, (a) since terminal-area noise exposure is systematically influenced by air 

traffic flow, the probabilistic representative trajectories preserve dominant operational 

modes and their usage frequencies while attenuating the disproportionate impact of a 

small number of atypical tracks, thereby offering a practical trade-off between physical 

realism and computational tractability for routine prediction and rapid scenario screen-

ing; (b) trajectory-occurrence probabilities provide a principled weighting mechanism for 

cumulative acoustic impact, ensuring that frequent patterns dominate aggregate exposure 

whereas infrequent patterns contribute proportionally, and segment-wise parameter com-

pletion supplies the operational states required by the standardized noise engine, reduc-

ing reliance on fixed-profile assumptions and improving robustness across varying de-

mand levels and operational regimes; and (c) from an engineering standpoint, the frame-

work achieves a favorable balance between efficiency and accuracy, supporting compar-

ative assessments of alternative route structures and operational strategies. 

Although the framework is grounded in observed operational trajectories and stand-

ardized noise computation and is therefore inherently transferable, its performance may 

still vary with runway configurations, route-network complexity, terrain constraints, and 

procedure-design differences (e.g., multi-runway mode switches, strong coupling be-

tween arrival and departure routes, and constrained turning geometry). In such settings, 

the clustering granularity, corridor identification, and probability-estimation strategies 

may require adaptive tuning to better capture topology-driven operational modes. More-

over, extreme meteorological and operational conditions—such as strong crosswinds, 

convective weather, low-visibility operations, and frequent runway-configuration 

changes—can induce non-stationary trajectory dispersion and atypical thrust/flight-state 

patterns, posing higher requirements on the robustness of both representative-trajectory 

construction and parameter prediction. Future work may therefore explore weather-re-

gime-conditioned clustering and probability modelling, domain-adaptive state-predic-

tion models, and uncertainty quantification to express predictive confidence under rare 

or rapidly changing conditions, thereby improving robustness for cross-airport deploy-

ment and extreme-weather applications. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

QAR Quick Access Recorder 

QNH Altimeter setting to mean sea level pressure 

SI Similarity Index 

SID Standard Instrument Departure 

STAR Standard Terminal Arrival Route 

ATC Air Traffic Control 

DTW Dynamic Time Warping 

Fast-DTW Fast Dynamic Time Warping 

SAT Static Air Temperature 

ISA International Standard Atmosphere 

N1% low-pressure rotor speed expressed as a percentage 

RF Random Forest 

XGB XGBoost 

NPD Noise–Power–Distance 

SEL Sound Exposure Level 

ICAO International Civil Aviation Organization 

FAA Federal Aviation Administration 

AEDT Aviation Environmental Design Tool 

ECAC European Civil Aviation Conference 

EASA European Union Aviation Safety Agency 

EEA European Environment Agency 
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