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Abstract

:

The Quick Access Recorder (QAR), as an onboard device used for monitoring and recording flight parameters, has been extensively installed on various types of aircraft. Recently, there has been a significant focus on studying the typical flight safety event of runway excursions based on QAR data. However, there is limited research that combines the analysis of runway excursion risks with flight operations, and there is also a scarcity of studies that divide the investigation of the landing phase into multiple key stages. In this paper, we propose a comparative analysis of operational characteristics and risks associated with runway excursions from the perspective of operational styles. A total of 2087 flights were classified on the basis of touchdown distance, taxiing distance, and magnetic heading changes and were divided into three styles based on these indicators. Subsequently, we analyze flight operations and attitudes at five key stages: runway threshold, flare, speed brake deployment, touchdown, and reverse thrust activation. Furthermore, we employ the selection criteria of pilot proficiency levels to filter out standard operational curves. The curve similarity is used to compare the difference between the actual operating curves and the standard curves. Finally, we employ typical correlation analysis to explore the relationship between touchdown distance and operational variances. The findings indicate that Style 1 pilots exhibit the lowest probability of runway excursions, yet their maneuvers potentially elevate the risk of hard landing events.
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1. Introduction


Ensuring safety during the landing phase has always been a top priority for the civil aviation industry. The International Air Transport Association (IATA) Safety Report for 2021 reveals that nearly 80% of all aviation accidents occur during the landing phase. Among the latent conditions that contribute to runway excursions, flight operations account for 28% of the impact, while the influence of the flight operations training system is estimated at 16%. These findings highlight the critical nature of the landing phase in ensuring aviation safety, with operational procedures and training programs playing crucial roles in safeguarding against accidents.



Runway excursions have received significant attention in the civil aviation industry. The IATA’s 2021 Safety Report [1] identified runway excursions as a high-risk category, constituting 24% of all accidents prior to the COVID-19 pandemic. Over the past decade (2012–2021), runway excursions have been the most common accident category, with 138 occurrences. This category ranks as the third leading cause of fatal accidents, resulting in 93 fatalities across nine accidents. These accidents occurred during aircraft takeoff or landing and were influenced by factors such as unstable approaches, high landing speeds, and slippery runways. According to the IATA Annual Safety Report—2022, there was one fatality attributed to runway excursions last year, with six occurrences of non-fatal incidents involving runway excursions [2]. According to A Statistical Analysis of Commercial Aviation Accidents by Airbus, the analysis of data from 2002 to 2022 highlights that runway excursions rank as the third leading cause of fatal accidents and represent the primary factor in aircraft structural damage. Runway excursions account for 17% of fatal accidents within various accident categories. Furthermore, within the distribution of accidents based on aircraft damage, runway excursions constitute 36% of cases [3].



Research on runway excursions can generally be categorized into two main types: accident report analysis and exploration of causal and influencing factors. Studies that focus on identifying causes and analyzing factors typically rely on accident investigation reports to determine the contributing factors and propose corresponding improvement measures. Another approach involves analyzing past accidents using accident analysis models to classify and analyze the risks associated with runway excursions, thus providing risk management strategies. Alternatively, researchers may establish indicator systems and weights based on event analysis and expert opinions to conduct risk analysis and prediction for runway excursions [4,5,6].



Another category of research focuses on the analysis of exceedance events and the study of distances and landing trajectories in runway excursions based on Quick Access Recorder (QAR) data [7,8,9]. In the context of runway excursion research, there has been limited utilization of QAR data for operational risk analysis. Current studies based on QAR data predominantly concentrate on the characteristics and operational risks of operations, but these studies are currently less focused on specific operational nodes. Research on operational characteristics emphasizes feature identification with limited exploration of accident risks. Studies on operational risks mostly focus on analyzing the entire flight process or specific parameters, with limited research combining and analyzing flight parameters.



The paper focuses on the risk of runway excursions during the landing phase, categorizing flight operations into styles and analyzing the risk of runway excursions from the runway threshold to the end of the rollout phase. Emphasizing the runway threshold, flare, deployment of speed brakes, touchdown, and reverse thrust activation, the study conducts a detailed analysis of the operational characteristics and associated risks for each style. Ultimately, employing curve similarity, typical correlation analysis is utilized to examine the relationship between operational characteristics during touchdown and landing distance, identifying effective operational strategies for each style in relation to landing distance.



The remaining sections of the paper are structured as follows: Section 2 provides a concise overview of the relevant literature; Section 3 introduces the methodologies employed in data processing and operational style clustering; Section 4 elucidates the characteristics of each node and the variations in operational patterns; in Section 5, we employ curve similarity to quantify deviations between operations and the standard curve; and finally, Section 6 concludes the paper.




2. Related Work


2.1. Runway Excursion


In summary, research on runway excursions covers multiple aspects and can generally be divided into two categories: studies based on accident report data and those based on flight data. In this section, we provide a brief introduction to research conducted in these two areas. Okafor et al. [4] conducted a statistical analysis of summaries, accident reports, and perspectives from stakeholders to identify the influencing factors of runway excursions. They discovered that accidents occur when there is a combination of human and engineering system failures. Analyzing accident reports has always been crucial for ensuring safety and preventing such incidents. These reports are typically presented in textual form, requiring the extraction and analysis of key information. Chang et al. [5] employed the SHELLO model to classify human-induced risk factors and formulated four prioritized risk management strategies for airline pilots. These strategies aim to reduce the occurrence of runway excursions. Zhang et al. [6] established a predictive model for runway excursions, enabling the anticipation of such incidents. They validated their model using data from aviation companies. Wang Lei, Ren Young, et al. [7] explored the impact of crucial flare operations conducted by pilots on long-distance landings and hard landing events using QAR data. Through variance analysis, they identified flight parameter characteristics during the initiation of flaring and throughout the entire flaring process that are associated with abnormal landing events. They found that flare operations have a significant impact on landing distance and vertical landing acceleration. Li et al. [8] proposed a landing trajectory correction method that integrates ground speed and runway position information. They established a dynamic off-runway risk assessment model based on QAR data, uncovering key factors related to off-runway risk during the landing phase. In the study of exceedance issues, Lv et al. [9] introduced a novel approach that utilizes QAR data on a large scale. They categorized flight cases using exceedance danger lines and ultimately employed three machine learning models to examine the relationship between exceedance risk indices and flight parameters. Distefano et al. [10] used multiple correspondence analysis to determine the correspondence between various aspects of offset runway excursions, identifying variable combinations worthy of further study and providing a method for runway risk assessment for civil aviation organizations. Wang et al. [11] constructed a safety control structure diagram for offset runway excursions, identifying unsafe control behaviors and analyzing their key causes. Odisho et al. [12] applied machine learning to establish a predictive model for perceiving unstable approach risks, thereby reducing the occurrence of offset runway excursions by predicting the risk of unstable approaches. Olive et al. [13] utilized S-mode data to analyze the contributing factors of offset runway excursions, proposing a risk assessment model for such occurrences. Mascio et al. [14] calculated risk values for over 1300 points around runways using preliminary data provided by airport management agencies, evaluating the current safety level and providing a risk map to identify the areas with the highest risk of offset runway excursions. Distefano and others [15] employed association rule methods and the Apriori algorithm to determine that the most important variables for all types of offset runway excursions are aircraft type, with events of severity classified as major and hazardous being associated with small aircraft, while events classified as catastrophic are associated with medium to large aircraft. Ketabdari et al. [16] used simulators to model the impact of various meteorological variables on aircraft operations, indicating that gusts, wind speed, and particularly crosswinds are the primary weather factors influencing offset runway excursions. Vorobyeva et al. [17] integrated data from various sources to enhance understanding of runway surface conditions in order to reduce the risk of offset runway excursions, strengthening flight safety and environmental protection. Mauro et al. [18] analyzed the functional complexity faults leading to offset runway excursions and discussed detection and handling prior to events. Their research indicates that enhancing system safety technology may only increase system complexity, inevitably leading to more frequent faults. Therefore, in-depth analysis and management of subsystems are crucial for addressing functional complexity faults. Wang and Holzafel [19] established a model to investigate offset runway excursions and abnormal runway contact, analyzing landing gear stress and validating the model using QAR data.



The existing research has the following limitations: Regarding studies based on historical accident data, they can only analyze the trends of accidents and their influencing factors, while the available information from accident data is limited. Studies based on QAR data usually have a broader focus on stages of research without considering the varying impacts of operations at each specific stage of flight.




2.2. Other Flight Safety Studies


In addition to research on mitigating runway excursions, other studies on aviation safety primarily focus on flight risks, predictive warnings, and feature extraction. In the realm of a quantitative assessment of hard landing risk, Wang Lei et al. [20] applied statistical modeling to establish a quantitative assessment model for heavy landing risk, evaluating the likelihood and severity of occurrences based on parameter distribution functions and algorithms and calculating risk levels. They constructed a landing overrun analysis model based on QAR data, utilizing Bayesian network [21] analysis and employing GTT algorithms for parameter learning to establish a landing overrun risk Bayesian network model. Wang Le et al. [22] divided 128 cases of QAR data into two groups based on the identification thresholds for normal landings and long landings, conducted inter-group comparisons of flight parameters, established logistic regression and linear regression models, and analyzed the potential flight operations that lead to performance differences in long landing events, ultimately identifying key operations that affect landing distance during flare. Wang et al. [23] also conducted a study on the correlation between age and flight safety performance, revealing a direct impact of age on the exceedance rate of pilots aged 41–45 and 56–60. Zhang et al. [24] utilized the Apriori algorithm to mine association rules within exceedance events and their correlation with environmental conditions, finding that speed exceedances during the approach process at 500–50 feet are more likely to lead to speed deviations at altitudes below 50 feet during the approach process. Li et al. [25] developed an interpretable model called IMTCN, which can accurately pinpoint key flight parameters and the corresponding moments with the greatest impact on safety incidents. Chen et al. [26] proposed a risk assessment method for deep learning using LSTM-DNN with variable fuzzy recognition of entropy weight, targeting high-altitude approach and landing risks.



In the field of trend prediction and warning, Westphal et al. [27] developed an aircraft cockpit risk sustained warning system based on fuzzy logic. Huang et al. [28,29] proposed dynamic linked list QAR decoding technology, intelligently diagnosing and predicting aircraft system faults. Zhao et al. [30] established a geometric determination method and introduced a hidden Markov model backpropagation neural network to infer and predict the status of aircraft flight. Utilizing ACARS, Lu et al. [31] established a high-precision trajectory data prediction model. Fu et al. [32] utilized long short-term memory networks to establish a flight trajectory prediction model for time series flight data. Qian et al. [33] proposed a flight trajectory prediction method based on composite gated recurrent units, achieving flight trajectory prediction. Through simulation analysis, it was discovered that compared with gated recurrent units and long short-term memory network models, it has the smallest error.



In the field of feature extraction and parameter estimation, Wang et al. [34] integrated the extended Kalman filter and improved Bryson–Frazier smoother algorithm based on QAR data. This, in turn, enhanced the precision of metric estimation. On the other hand, Korsun et al. [35] used satellite navigation systems and wind speed identification methods to estimate the measurement errors of the angle of attack and sideslip angle during flight tests. Lastly, Sun et al. [36] proposed the use of a differential testing analysis method for extracting pertinent information from exceedance events.





3. Classification of Operating Styles


3.1. Data Processing


Data processing and computation are carried out using a software programming to perform phase truncation on QAR data. These data originate from a single aviation company’s Boeing 737–800 and exclusively pertain to flight segments that involve landing at an international airport. The diverse topographical environments of different airports necessitate the use of QAR data collected from a single landing airport. The airport is a Class 4E civil international airport with a runway length of 3600 m. Some metrics require parameter-based calculation, such as landing distance and touchdown time.



The data excerpt spans from a radar altimeter height of 50 feet to the conclusion of deceleration on the runway, corresponding to a ground speed of 30 knots. During the calculation of landing distance, the Boeing 737 crew training manual indicates that the projection of the flight path crosses the runway threshold at approximately 50 feet, hence selecting the 50-foot position as being above the runway threshold. Referring to the Flight Operations Quality Assurance for monitoring projects, it is proposed to calculate the aircraft’s landing distance based on the ground speed at 50 feet and the ground speed at the point of touchdown.



Therefore, when truncating the landing phase data, the landing phase is segmented into touchdown and taxiing phases based on the radar altimeter height, air–ground parameter, and groundspeed parameters from the QAR data. The air–ground parameter corresponds to the parameter found in the QAR data, which indicates whether the aircraft has completed touchdown. This parameter switches from 1 to 0 when the aircraft is on the ground. On the other hand, the groundspeed parameter records the speed of the aircraft relative to the ground, and it is logged at a frequency of once per second. For subsequent key stages analysis, the data for key stages is truncated based on parameters such as radar altimeter height, control column position, air–ground parameter, and speed brake deployment.




3.2. K-Means ++ Cluster Analysis


The K-means ++ clustering method represents an optimization of the standard K-means clustering algorithm. The K-means ++ clustering method is an unsupervised clustering algorithm that is preferred due to the absence of labeled data. This method is considered more reasonable compared to other unsupervised clustering algorithms for its initial cluster center selection approach, which is designed to converge faster. Additionally, the K-means ++ algorithm selects initial cluster centers that are more uniformly distributed across the data space, thereby better capturing the overall characteristics of the dataset. During the selection of the (n + 1)th cluster center, points that are farther away from the current n cluster centers are assigned a higher probability of being chosen as the (n + 1)th cluster center. This approach has found application in the clustering of driving styles [37] within the transportation domain.



Based on the results of operations related to runway excursions, the flight data are clustered and labeled using landing distance, taxiing distance, and magnetic heading change rate when dividing the operational styles into three categories, as shown in Figure 1 and Table 1. The clustering center of ground distance for Style 1 is 641.86 m, making it the shortest among the styles. It is 155.35 m shorter than Style 2, indicating that Style 2 has a moderate touchdown distance. Furthermore, it is 327.03 m shorter than Style 3. Style 3 has the shortest taxiing distance, measuring 1023.89 m. Style 1 is 320.73 m longer than Style 3, indicating that its distance is moderate. Lastly, Style 2 is 847.58 m longer than Style 1. Style 1 exhibits a short touchdown distance, moderate taxiing distance, and minimal change in magnetic heading. Style 2 demonstrates a moderate landing distance, extensive rollout distance, and stable heading change. Style 3 displays a long landing distance, moderate taxiing distance, and unstable heading control. This categorization enables the classification of flights into three risk levels: low risk of longitudinal runway excursion, high risk of longitudinal runway excursion, and high risk of lateral runway excursion. Therefore, the data are categorized into three classes for subsequent comparative analysis. The increased touchdown distance and magnetic heading variation in Style 3 markedly elevate the risk of runway excursions during the touchdown phase. Examining the operational outcomes during the taxiing phase of Style 2, it is evident that the distance covered is significantly greater than the other two styles, indicating operational issues during this phase and an increased risk of runway excursions. To address the issue of excessive taxiing distance, particular attention can be given to the timing of reverse thrust activation and speed brake deployment. Regarding the problems of excessive touchdown distance and significant changes in magnetic heading, emphasis can be placed on directional control during landing, flare operations, and speed control.





4. Operational Analysis of Crucial Stages


4.1. Runway Threshold


In the QAR data, different parameters exhibit varying frequencies of change. For instance, the control column records at a rate of eight times per second, while the airspeed records at a rate of four times per second. Therefore, in this section, we calculate the maximum and minimum positions of the control and attitude parameters at each stage based on the parameter changes. Based on the monitoring indicators, we conduct an analysis of the average and standard deviation for each style of results. During the selection of monitoring points, we integrated the guidelines outlined in the Flight Crew Operations Manual. Consequently, we opted for the runway threshold, the flare phase, and touchdown as key monitoring points. Additionally, we considered the actual deceleration operations performed during landing, which led us to include “Speed brake on” and “reverse thrust on” as additional monitoring points.



This paper presents a basic statistical analysis of the recorded data from the Quick Access Recorder, including the position of the control column, aircraft attitude, speed, and other related parameters. The distribution of these parameters is displayed in this paper. Average is used to reflect the overall distribution of the data, while standard deviation is used to indicate the degree of variation within the dataset. Standard error is utilized to express the discrepancy between the sample average and the population average.



At the runway threshold, as shown in Table 2, the mean maximum position of the Style 3 control column is 14.12 deg, with a mean minimum position of −14.23 deg and a standard deviation of 14.03 deg and 12.40 deg. This indicates that the range of operation for the Style 3 control column is greater than that of the other two styles, and Style 3 exhibits a higher level of dispersion, necessitating a more in-depth analysis. Furthermore, above the aircraft at the runway threshold, the mean of the third-style wind speed is the highest at 9.28 knots, indicating significant influence from the wind. This suggests that within the third style, the variation in aircraft heading and the positional changes of the pilot operating the control column are influenced by wind. Under strong wind conditions, improper operation may pose a risk of lateral runway excursion.




4.2. Moment of Flare and Speed Brake On


In the 737 Crew Procedures Operations Manual, it is stated that when the main wheels are approximately 20 feet from the runway, the pilot should begin flare and increase the pitch attitude by 2 degrees to 3 degrees. This will reduce the rate of descent of the aircraft. The moment of flare refers to the moment when the pilot adjusts the aircraft’s attitude in preparation for touchdown. At the flare stage, the overall magnitude of control column and control wheel operations for Style 3 exceeds that of the other two styles, as indicated in Table 3. This demonstrates that Style 3 operations are influenced by the wind, necessitating significant adjustments to the aircraft’s attitude through extensive manipulation. Under the influence of wind speed, the aircraft’s roll angle is significantly affected.



When the speed brake is deployed, as shown in Table 4, the inertial vertical speed of Style 1 is the highest among the three styles, with the ground speed also being the highest and a relatively large pitch angle. This indicates that Style 1 maintains significant speed and attitude at this stage.




4.3. Touchdown Moment and Reverse Thrust On


At the moment of touchdown, Style 1 exhibits the highest pitch angle and the lowest inertial vertical speed, as indicated in Table 5. However, during the preceding phase of flight, the vertical speed of Style 1 was notably higher than the other two styles, indicating that the deployment of the speed brake significantly reduced the vertical speed of Style 1.



Style 1 initiates reverse thrust when the ground speed is relatively high, as shown in Table 6, indicating that the pilots of Style 1 initiate reverse thrust at an early stage.




4.4. Holistic Analysis


During the holistic analysis, we focused primarily on the variations in the control column, pitch angle, angle of attack, and inertial vertical speed of the aircraft. The control column is the main device that controls the aircraft to perform flare and ground operations. Pitch angle is employed to analyze the aircraft’s attitude, and through controlling the pitch angle, one can adjust both the aircraft’s angle of attack and the elevator’s deflection, thereby modifying the lift and drag forces and maintaining control during landing. The analysis of inertial vertical speed and vertical acceleration provides valuable insights into the aircraft’s vertical performance and efficiency. The analysis of vertical acceleration is closely associated with flight loads and passenger comfort.



Based on Figure 2, Style 1 operation exhibits high velocity and significant inertial vertical speed, yet results in a short ground distance and an average touchdown duration of 9.74 s. This indicates that the pilot, in order to achieve a relatively short ground contact, maintains a substantial pitch angle post-flare, with the maximum pitch angle occurring when the deceleration board is engaged. Analysis of the angle of attack at various points reveals that Style 1 consistently sustains a heightened angle post-flare, whereby increasing the angle of attack at the critical angle yields a greater lift coefficient. This serves to expedite the reduction in inertial vertical speed, resulting in effective vertical speed control. Although the vertical acceleration during landing is generally large, appropriate management of touchdown load is achieved despite a relatively high ground speed during the landing process. Therefore, Style 1 can be characterized as an aggressive deceleration type.



Style 2 operations are relatively conservative, characterized by an extended touchdown duration averaging 11.03 s. A significant pitch angle is maintained at the runway threshold and during the flare, while the angle of attack remains relatively modest throughout, possibly to mitigate the risk of hard landings. However, this approach may result in insufficient reduction in inertial vertical speed. Additionally, the average speed during reverse thrust initiation is minimal, at 129.65 knots. Consequently, Style 2 can be classified as a conservative landing type.



Style 3 represents a wind-affected type of landing. With a touchdown duration of 10.49 s, the landing process is notably influenced by wind speed, resulting in significant roll angles and extensive control wheel input.



In light of the above, Style 1 can be considered a relatively radical operational approach. It clearly possesses advantages in mitigating the risk of runway excursion, as such maneuvers effectively reduce the touchdown distance. On the other hand, Style 3, characterized by larger control inputs and higher rates of heading change, increases the risk of runway excursion. The clustering center of this style exhibits the highest risk of runway excursion. Lastly, Style 2 is associated with a prolonged touchdown phase, inadequate descent rate control, and, consequently, an increased risk of runway excursion.



Upon analysis of the vertical acceleration, as depicted in Figure 3, it is evident that the average touchdown acceleration for Style 1 stands at 1.193 g. However, the maximum acceleration during the landing process reaches 1.336 g. Moreover, 28 flights within Style 1 experienced a maximum acceleration upon landing exceeding 1.5 g, with the highest recorded at 1.76 g, indicating a risk of excessive landing accelerations. This underscores that while increasing the aircraft’s attitude can reduce touchdown distance, it may also impact vertical loading and heighten the risk of excessive landing loads.





5. Calculation and Analysis of Curve Similarity


5.1. Standard Curve Filtering


In aviation companies, the technical proficiency of pilots is categorized into first officers, captains, and instructors. Among these, flight instructors hold the highest level of technical expertise and are further classified into local instructors and type-specific instructors. Type-specific instructors are primarily responsible for imparting operational and flight technical knowledge pertaining to specific aircraft models to pilots. They possess extensive flight experience and an in-depth understanding of particular aircraft types. Hence, a study was conducted to select control column operation curves based on the technical proficiency of pilots. This involved evaluating the touchdown distance and directional control of 150 type-specific instructors from 10 different flying squadrons. Subsequently, two standard operating curves were selected for analysis based on the selection of metrics such as touchdown distance, taxiing distance, and magnetic heading change, as shown in Figure 4. The first curve represents normal operational conditions, while the second curve reflects the impact of strong winds, with wind speeds of 18 knots. The operational curves encompass the range from the runway threshold to touchdown.




5.2. Curve Similarity Calculation


In order to conduct a comprehensive study of control column operational curves, this paper adopts curve similarity as the basis, taking into account specific problems and data characteristics. It utilizes statistical indicators and measurement methods that are relevant to operational curves to effectively compare and evaluate the degree of similarity among the curves. The similarity of curves involves comparing sample curves with standard curves to analyze flight operations from multiple perspectives. This approach does not diminish the individual characteristics of operations and allows for the measurement of landing operations based on overall trends, translation changes, and scaling changes. As the lengths of the operational curves vary, interpolation is utilized to align the curve lengths. Adjusting the length of a curve using interpolation is a mathematical method used to change the length of a curve by adding or subtracting data points to a given curve. When calculating curve similarity, the code is written to set the standard curve under normal conditions as the regular curve. When wind speed exceeds 17 knots, equivalent to Beaufort scale 5, the wind-influenced curve is used as the standard curve.



Trend: Utilizing the polyfit function in MATLAB R2018a, a least squares linear fit is applied to the standard curve and the operational curve, yielding a slope defined as trend. A trend value closer to 1 indicates that the operational curve closely aligns with the standard curve. The formula is expressed as follows:


  T r e n d =   ∑   X   i     Y   i   −     X   S    ¯      Y   S    ¯    Σ     X   i     2   −   n     Y   S     − 2     ,  



(1)







Vertical scaling: This formula represents the proportional relationship between the operational curve’s magnitude and the standard curve. A value greater than 1 indicates that the overall operational magnitude is less than that of the standard curve, while a value closer to 1 suggests a similarity in operational magnitude. The formula is expressed as follows:


  V e r t i c a l   s c a l i n g =     Y   s     max  ⁡  −   Y   s   m i n     Y   max  ⁡  − Y m i n     ,  



(2)







Horizon scaling: This metric reflects the proportional relationship between the duration of the operational curve and the standard curve. The formula is expressed as follows:


  H o r i z o n   s c a l i n g =     X   s     max  ⁡  −   X   s   m i n     X   max  ⁡  − X m i n     ,  



(3)







R squared: This metric evaluates the degree of fit between the predicted curve and the standard curve. SSR is the sum of squared residuals, and SST is the total sum of squares. The formula is expressed as follows:


  S S R =   ∑  i = 1   n          Y   P   −   Y   m       2     ,  



(4)






  S S T =   ∑  i = 1   n          Y   s   −   Y   m       2     ,  



(5)






  R   s q u a r e d =   S S Q   S S T   ,  



(6)







Mean squared error: It calculates the average of the squared errors between the predicted curve and the actual standard curve, providing an indication of the disparity between the predicted curve and the standard curve. The formula is expressed as follows:


  M S E =         Y   P   −   Y   S       2     n   ,  



(7)







Shift: Shift refers to the average absolute difference between the mean of the standard curve and the mean of the operational curve. The formula is as follows:


  S h i f t =       Y   s   −   Y   m       n   ,  



(8)







Curve correlation: This metric calculates the degree of match between the operational curve and the standard curve using the Pearson correlation coefficient. The formula is as follows:


  C u r v e   c o r r e l a t i o n =     ∑  i = 1   n        X   i   −     X   S    ¯        Y   i   −     Y   s    ¯           ∑  i = 1   n          X   i   −     X   S    ¯      2         ∑  i = 1   n          Y   i   −     Y   S    ¯      2        ,  



(9)




where   X   and   Y   represent the abscissa and ordinate of the operational curve,     X   s     and     Y   s     denote the abscissa and ordinate of the standard curve,     X   m     and     Y   m     stand for the mean ordinate of the standard curve, and     X   p     and     Y   p     correspond to the abscissa and ordinate of the predicted curve. Table 7 presents partial calculation results.




5.3. Flare Stage Prediction Curves


Upon completion of the curve similarity calculation, the predicted curve can be computed based on the trend to serve as a training reference for the control column operational curve, providing guidance for pilots’ landing flare operation training. Figure 5 compares the original control column QAR data with the predicted curve, with a time unit of 0.125 s.



Figure 5 depicts the comparison between the original and predicted operational curves for the two flights with the greatest touchdown distances in Style 3. It is evident that the predicted curve exhibits greater control column manipulation than the operational curve. Based on the control column positions indicated by the predicted curve, it is inferred that these two pilots can appropriately initiate the flare operation earlier to reduce the touchdown distance based on the actual circumstances.




5.4. Typical Correlation Analysis


Typical correlation analysis is a multivariate statistical analysis method that reflects the overall correlation between two sets of variables by utilizing the interrelationships among comprehensive variables. It is commonly employed in the fields of economics and biology. In this study, the curve similarity calculation indicators are designated as one set, while the other set comprises touchdown distances. The aim is to compute and analyze the correlation between these sets, investigating the nature of the differences with the standard curve and identifying the highest correlation with touchdown distance.



When conducting bivariate correlation analysis between the curve similarity indicators and touchdown distances, it was observed that trend, horizontal scaling, vertical scaling, and shift exhibited a significant but weak correlation with the touchdown distance, as shown in Table 8. Table 9 shows the results of the calculation of the typical correlation for Style 3, where it can be seen that the significance is obviously less than the set significance level of 0.05, then the typical correlation can be considered significant. To comprehensively investigate the collective impact of these indicators on touchdown distances, canonical correlation analysis was employed, as depicted in Table 10.



Following comprehensive computation and analysis, a notable correlation was observed between touchdown distances and curve similarity indicators. Within Style 3, the indicators demonstrated a moderate correlation with touchdown distances, as depicted in Table 10. Notably, the trend exhibited a substantial impact on the correlation, followed by curve similarity and shift. This highlights the operational trend of the pilot as a significant factor influencing touchdown distances.



After conducting a correlation analysis between all the indicators of curve similarity and touchdown distance, it was observed that the indicators of Style 3 exhibited the highest coefficient of correlation with the touchdown distance. It is noteworthy that the influence of wind speed on this correlation was found to be notable. This suggests that the operations associated with Style 3 have an effective impact on the touchdown distance, particularly in mitigating the risk of runway excursion under the influence of wind. Additionally, the typical correlation coefficient of Style 1 was found to be moderately correlated, indicating that the operations associated with Style 1 effectively affect the touchdown distance and contribute to the control of runway excursion risks.





6. Conclusions


In this study, we investigated the operational risks associated with runway excursions and conducted an analysis of pilots with different operational styles based on curve similarity to explore the factors influencing touchdown distances. The research findings indicate that Style 2 pilots exhibit conservative operational behaviors, resulting in greater touchdown and landing distances, thereby elevating the risk of runway excursions. Style 1 pilots tend to maintain a higher pitch angle prior to touchdown to dissipate energy and reduce vertical speed. However, under high attitude and vertical speed flight conditions, susceptibility to wind shear may lead to tail strikes and hard landings. Ultimately, an analysis of pilot operations based on curve similarity was conducted, comparing them with a standard curve across seven dimensions using canonical correlation analysis to explore their relationship with touchdown distances. The final discovery reveals that the trend component in curve similarity has the greatest impact on the correlation between touchdown distance and operations. Utilizing the predictive curve obtained from the trend provides valuable guidance to pilots in performing the flare operation.



These studies still have limitations, as some methods are in the exploratory stage and require more in-depth analysis for better understanding and application, with limited consideration of environmental factors. Firstly, while this paper addresses the impact of wind, it only considers wind speed and does not provide a thorough analysis of wind direction. In future research on the effects of wind on control wheel operations, we will analyze wind direction, wind speed, and the angle between wind direction and heading. Secondly, although this paper analyzes operations, operational risks have not yet been quantified. We plan to establish a model for evaluating the risk of runway excursions based on the operational process and outcomes. Thirdly, in the study of environmental impact, due to the lack of weather data and runway surface data, the influence of runway friction coefficient in rainy and snowy conditions has not been considered. The runway friction coefficient is an important factor affecting the risk of runway excursions, and this will be taken into account in future studies.



Our current research is focused on examining the risk of runway excursions for a single landing airport and a single aircraft type. However, we recognize the need to expand our study to include multiple airports and various aircraft types. In the future, we plan to develop a comprehensive analysis of runway excursion operations and a risk assessment model.
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Figure 1. Three-dimensional clustering effect diagram. 






Figure 1. Three-dimensional clustering effect diagram.
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Figure 2. Comparison of aircraft attitude and control. 
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Figure 3. Comparison of maximum vertical acceleration on touchdown and landing. 
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Figure 4. Selection of standard curves. 






Figure 4. Selection of standard curves.
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Figure 5. Comparison of projected and actual curves for control column operation. 
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Table 1. Center of clustering.






Table 1. Center of clustering.





	Categorization
	Touchdown Distance
	Taxiing Distance
	Magnetic Heading Change Rate





	Style 1
	641.86 m
	1344.62 m
	0.36 deg



	Style 2
	797.21 m
	1871.47 m
	0.36 deg



	Style 3
	968.89 m
	1023.89 m
	1.05 deg










 





Table 2. The moment of runway threshold.






Table 2. The moment of runway threshold.





	

	
Monitoring Indicators

	
Averages

	
Standard Deviations

	
Standard Errors






	
Style 1

	
Maximum position of the control wheel

	
13.23 deg

	
11.29

	
0.41




	
Minimum position of the control wheel

	
−11.04 deg

	
11.86

	
0.43




	
Wind speed

	
6.89 kt

	
3.82

	
0.14




	
Style 2

	
Maximum position of the control wheel

	
12.23 deg

	
10.78

	
0.32




	
Minimum position of the control wheel

	
−9.86 deg

	
11.39

	
0.34




	
Wind speed

	
5.92 kt

	
3.34

	
0.10




	
Style 3

	
Maximum position of the control wheel

	
14.12 deg

	
14.03

	
0.96




	
Minimum position of the control wheel

	
−14.23 deg

	
12.40

	
0.86




	
Wind speed

	
9.28 kt

	
4.24

	
0.29











 





Table 3. The moment of flare.






Table 3. The moment of flare.





	

	
Monitoring Indicators

	
Averages

	
Standard Deviations

	
Standard Errors






	
Style 1

	
Maximum position of the control wheel

	
11.19 deg

	
10.85

	
0.39




	
Minimum position of the control wheel

	
−8.15 deg

	
11.17

	
0.40




	
Maximum position of the control column

	
3.24 deg

	
1.10

	
0.04




	
Minimum position of the control column

	
1.35 deg

	
1.14

	
0.04




	
Pitch

	
2.78 deg

	
0.65

	
0.02




	
Roll

	
0.29 deg

	
0.86

	
0.03




	
Wind speed

	
6.25 deg

	
3.56

	
0.13




	
Style 2

	
Maximum position of the control wheel

	
10.26 deg

	
10.48

	
0.32




	
Minimum position of the control wheel

	
−6.65 deg

	
10.96

	
0.33




	
Maximum position of the control column

	
3.01 deg

	
1.09

	
0.03




	
Minimum position of the control column

	
1.40 deg

	
1.12

	
0.03




	
Pitch

	
2.84 deg

	
0.60

	
0.02




	
Roll

	
0.18 deg

	
0.87

	
0.03




	
Wind speed

	
5.47 deg

	
3.02

	
0.09




	
Style 3

	
Maximum position of the control wheel

	
13.41 deg

	
12.57

	
0.87




	
Minimum position of the control wheel

	
11.35 deg

	
12.49

	
0.86




	
Maximum position of the control column

	
3.38 deg

	
1.36

	
0.09




	
Minimum position of the control column

	
1.06 deg

	
1.34

	
0.09




	
Pitch

	
2.78 deg

	
0.66

	
0.05




	
Roll

	
0.33 deg

	
1.00

	
0.07




	
Wind speed

	
8.81 deg

	
4.17

	
0.29











 





Table 4. The moment of speed brake on.






Table 4. The moment of speed brake on.





	

	
Monitoring Indicators

	
Averages

	
Standard Deviations

	
Standard Errors






	
Style 1

	
Inertial vertical speed

	
−184.23 ft/min

	
58.39

	
2.10




	
Groundspeed

	
142.81 kt

	
6.78

	
0.24




	
Airspeed

	
141.60 kt

	
5.68

	
0.20




	
Pitch

	
3.68 deg

	
0.59

	
0.02




	
Style 2

	
Inertial vertical speed

	
−162.60 ft/min

	
45.52

	
1.37




	
Groundspeed

	
141.58 kt

	
6.11

	
0.18




	
Airspeed

	
139.91 kt

	
5.45

	
0.16




	
Pitch

	
3.63 deg

	
0.57

	
0.02




	
Style 3

	
Inertial vertical speed

	
−173.03 ft/min

	
52.07

	
3.59




	
Groundspeed

	
142.59 kt

	
6.90

	
0.48




	
Airspeed

	
142.18 kt

	
5.84

	
0.40




	
Pitch

	
3.611 deg

	
0.60

	
0.04











 





Table 5. The moment of touchdown.






Table 5. The moment of touchdown.





	

	
Monitoring Indicators

	
Averages

	
Standard Deviations

	
Standard Errors






	
Style 1

	
Inertial vertical speed

	
−110.14 ft/min

	
61.85

	
2.22




	
Pitch

	
3.02 deg

	
0.71

	
0.03




	
Roll

	
0.10 deg

	
0.56

	
0.02




	
Wind speed

	
5.18 kt

	
2.82

	
0.10




	
Style 2

	
Inertial vertical speed

	
−123.20 ft/min

	
58.82

	
1.77




	
Pitch

	
2.92 deg

	
0.66

	
0.02




	
Roll

	
0.05 deg

	
0.53

	
0.02




	
Wind speed

	
4.69 kt

	
2.57

	
0.08




	
Style 3

	
Inertial vertical speed

	
−124.11 ft/min

	
58.34

	
4.03




	
Pitch

	
2.91 deg

	
0.66

	
0.05




	
Roll

	
0.12 deg

	
0.69

	
0.05




	
Wind speed

	
7.48 kt

	
3.54

	
0.24











 





Table 6. The moment of reverse thrust on.






Table 6. The moment of reverse thrust on.





	

	
Monitoring Indicators

	
Averages

	
Standard Deviations

	
Standard Errors






	
Style 1

	
Groundspeed

	
130.68 kt

	
8.04

	
0.29




	
Airspeed

	
128.85 kt

	
6.96

	
0.25




	
Style 2

	
Groundspeed

	
129.65 kt

	
7.60

	
0.23




	
Airspeed

	
127.26 kt

	
6.73

	
0.20




	
Style 3

	
Groundspeed

	
129.78 kt

	
8.22

	
0.57




	
Airspeed

	
128.45 kt

	
6.80

	
0.47











 





Table 7. Curve similarity calculation results.






Table 7. Curve similarity calculation results.





	No.
	Trend
	MSE
	R Squared
	Horizontal Scaling
	Vertical Scaling
	Shift
	Curve

Correlation
	Wind Speed/Knots
	Touchdown Distance/m





	1
	0.75
	2.67
	0.34
	1.49
	1.88
	1.71
	0.58
	19.00
	577.74



	2
	0.65
	2.28
	0.43
	1.21
	1.19
	1.95
	0.66
	18.00
	492.93



	3
	1.00
	1.52
	0.52
	0.93
	1.18
	1.65
	0.72
	9.00
	934.45



	4
	0.64
	1.38
	0.57
	0.78
	0.75
	1.67
	0.75
	2.00
	704.31



	5
	0.95
	1.44
	0.55
	1.24
	1.14
	2.00
	0.74
	8.00
	952.96



	6
	0.92
	1.75
	0.45
	1.07
	1.10
	1.86
	0.67
	7.00
	952.19



	7
	1.03
	1.05
	0.67
	0.86
	0.98
	1.62
	0.82
	10.00
	584.93



	8
	0.40
	3.26
	0.19
	1.10
	1.02
	1.87
	0.44
	18.00
	609.60



	9
	1.04
	1.12
	0.65
	0.90
	1.10
	1.60
	0.81
	2.00
	1054.21










 





Table 8. Correlation coefficient with touchdown distance.






Table 8. Correlation coefficient with touchdown distance.





	Indicators
	Pearson Correlation
	Significance (Two-Tailed)





	Trend
	0.201 **
	0.003



	MSE
	0.026
	0.711



	R squared
	−0.063
	0.363



	Horizontal scaling
	0.202 **
	0.003



	Vertical scaling
	0.223 **
	0.001



	Shift
	0.236 **
	0.001



	Correlation
	−0.064
	0.353



	Wind speed
	−0.283 **
	0.000







** Indicates significant correlation.













 





Table 9. Typical correlations of Style 