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Abstract

In airport operations management, accurately estimating the service durations of ground
support equipment such as Potable Water Trucks (PWTs) is essential for improving re-
source allocation efficiency and ensuring timely aircraft turnaround. Traditional estimation
methods often use fixed averages or assume normal distributions, failing to capture real-
world variability and extreme scenarios effectively. To address these limitations, this
study performs a comprehensive statistical analysis of PWT service durations using op-
erational data from Beijing Daxing International Airport (ZBAD) and Shanghai Pudong
International Airport (ZSPD). Employing chi-square goodness-of-fit tests, twenty probabil-
ity distributions—including several heavy-tailed candidates—were rigorously evaluated
under segmented scenarios, such as peak versus non-peak periods, varying temperature
conditions, and different aircraft sizes. Results reveal that heavy-tailed distributions offer
context-dependent advantages: the stable distribution exhibits superior modeling per-
formance during peak operational periods, whereas the Burr distribution excels under
non-peak conditions. Interestingly, contrary to existing operational assumptions, ser-
vice durations at extremely high and low temperatures showed no significant statistical
differences, prompting a reconsideration of temperature-dependent planning practices.
Additionally, analysis by aircraft category showed that the Burr distribution best described
service durations for large aircraft, while stable and log-logistic distributions were optimal
for medium-sized aircraft. Numerical simulations confirmed these findings, demonstrat-
ing that the proposed heavy-tailed probabilistic models significantly improved resource
prediction accuracy, reducing estimation errors by 13% to 25% compared to conventional
methods. This research uniquely demonstrates the practical effectiveness of employing
context-sensitive heavy-tailed distributions, substantially enhancing resource efficiency
and operational reliability in airport ground handling management.

Keywords: airport operations management; potable water truck; heavy-tailed distributions;
probability distribution fitting; resource allocation

1. Introduction

In airport operations, the efficient functioning of support vehicles is vital for main-
taining flight punctuality and ensuring overall operational efficiency. As a key component
among airport support vehicles, PWTs provide essential water supplies to flights. The
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duration of their service directly affects flight turnaround times and significantly influ-
ences airport resource allocation and scheduling. Therefore, accurately understanding
the distribution characteristics of PWT service durations is crucial for optimizing airport
management and enhancing service quality.

Although previous studies [1-4] have explored the service durations of support vehi-
cles, they primarily employed fixed values or simple averages to estimate service durations,
failing to adequately account for the inherent randomness and complexity of real-world
operations. Such methods, while simplifying calculations, may introduce biases that
compromise the accuracy of airport scheduling and management decisions.

This paper introduces a statistically rigorous and scientifically grounded approach
to address these issues. Twenty widely utilized engineering Probability Distribution (PD)
models were selected to fit the service duration data of PWTs, and chi-square tests were rig-
orously applied to evaluate their fitting performance. This approach aims to systematically
identify and validate the most suitable PD models, providing a reliable theoretical founda-
tion and data support for optimizing airport resource allocation and scheduling strategies.
Additionally, this study investigates the impact of different operational conditions on PWT
service durations. Specifically, a segmented analysis was performed based on departure
peak and non-peak periods, varying temperatures (high, medium, and low), and different
aircraft categories (medium and large). Probability distribution fitting and chi-square tests
were conducted for each segment to identify the key factors influencing service durations
and to quantify variations under different operational conditions.

The structure of this paper is organized as follows: Section 2 provides a critical review
of the existing literature, highlighting key gaps related to traditional estimation meth-
ods for ground support vehicle service durations. Section 3 outlines the methodological
framework in detail, including the selection and application of 20 candidate probability
distributions, procedures for data segmentation by key operational factors (peak/non-
peak periods, temperature ranges, and aircraft categories), and specific procedures for
the chi-square goodness-of-fit tests. Subsequently, Section 4 presents a comprehensive
statistical analysis, identifying context-specific optimal distributions for modeling PWT
service durations, and quantitatively demonstrating their performance through rigorous
numerical simulations. The validation includes a comparative assessment of predicted
truck requirements against actual operational data from two of China’s busiest airports,
ZBAD and ZSPD, demonstrating the superior predictive accuracy of the proposed models
over traditional fixed-average and normal distribution assumptions. Finally, Section 5
synthesizes the study’s main contributions, discussing practical implications for airport
operational management, addressing the study’s limitations, and suggesting avenues for
future research.

2. Literature Review

Airport ground handling comprises numerous interdependent tasks (e.g., fueling,
catering, potable water servicing) that must be completed in a short timeframe to ensure
punctual flight departures [5,6]. Efficient coordination of ground support activities directly
affects turnaround times and operational reliability [5]. Consequently, a substantial body
of research has focused on optimizing ground handling operations, scheduling support
resources, and modeling service durations. This section critically reviews the relevant
literature, highlighting how the current study on heavy-tailed service duration modeling
of PWTs is positioned within and advances airport ground handling research. The review
is organized into four parts: Section 2.1 covers ground handling operations and vehicle
scheduling approaches; Section 2.2 discusses the use of simulation and treatment of uncer-
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tainty in ground handling; Section 2.3 examines statistical modeling of service durations in
prior studies; and Section 2.4 identifies the research gap addressed by this study.

2.1. Ground Handling Operations and Scheduling

Effective scheduling of ground handling operations has been a long-standing challenge
due to the need to assign multiple support vehicles and staff to aircraft tasks under tight
time constraints [6]. Early studies on aircraft ground service scheduling applied operations
research techniques to optimize task sequences and resource allocation. For example, Ip [1]
formulated the ground service scheduling problem as a combinatorial optimization and pro-
posed a genetic algorithm to coordinate various support tasks (catering, cleaning, fueling,
etc.) for minimal turnaround time. Similarly, subsequent works introduced heuristic and
metaheuristic scheduling algorithms to improve the assighment of ground support vehicles
and personnel. These optimization-focused studies often assumed deterministic or fixed
service times for each task (sometimes differentiated by aircraft type or service category) to
simplify the scheduling problem. Using fixed-duration estimates can reduce computational
complexity and facilitate scheduling in busy hub airports. However, a critical limitation is
that fixed or average service durations fail to capture real-world variability. Factors like
last-minute maintenance issues, weather disruptions, flight delays, and human factors (e.g.,
varying crew efficiency) introduce substantial randomness into service times. As a result,
schedules based on deterministic times risk being suboptimal or infeasible when stochastic
delays occur, prompting delays that propagate to flight departures. Recent research be-
gan to acknowledge these issues: for instance, some studies incorporated buffer times or
stochastic parameters into scheduling models, and Zhu [7] explored scheduling algorithms
under uncertain task durations. Nevertheless, many traditional scheduling approaches did
not explicitly model the full distribution of service times, focusing instead on average-case
estimates. The present study contributes to this area by providing statistically robust
estimates of service duration distributions (including their extreme values), which can be
used to inform more resilient ground handling schedules. By characterizing heavy-tailed
behavior in service durations, this work addresses a key limitation of prior scheduling
models—the underestimation of variability—thereby enabling schedules that are better
cushioned against extreme delays compared to those using fixed-time assumptions.

2.2. Simulation and Uncertainty in Ground Handling

Given the complexity and uncertainty in ground operations, simulation has emerged
as an essential tool for analysis and planning. Researchers have developed detailed simu-
lation models (discrete-event, agent-based, etc.) to mimic aircraft turnaround processes
and evaluate how random service durations impact overall performance. For example,
Kwasiborska [5] built a Simio-based simulation of airport ground handling, demonstrat-
ing that using realistic service time distributions is crucial for accurate process modeling.
Lao [8] created an agent-based ground handling simulator to study resource utilization,
highlighting the importance of capturing variability in support vehicle service times rather
than relying on point estimates. In a survey of scheduling under uncertainty, Sheibani [6]
emphasized the value of Monte Carlo simulation to account for stochastic service dura-
tions in critical path analyses. Likewise, Kierzkowski and Kisiel [9,10] integrated random
service time generators into their ground handling simulation models, acknowledging that
turnaround activities have inherently random durations. These works collectively under-
line that uncertainty must be explicitly modeled to obtain robust and reliable solutions in
ground operations. In line with this, some recent approaches combine optimization with
simulation: Guimarans [11] proposed a stochastic scheduling method that embeds Monte
Carlo simulation within a resource allocation algorithm, thereby producing more robust
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ground support schedules under random service and travel times. Such hybrid methods
showed improved on-time performance by evaluating schedule candidates against a range
of simulated scenarios. However, a notable gap in the simulation studies to date is the lack
of emphasis on heavy-tailed service time distributions. Most simulations assumed either
empirical distributions or well-known light-tailed models (e.g., normal or exponential)
for service durations. If the true service time distribution has a heavy tail (meaning a
higher probability of extreme long durations than a normal distribution would predict),
using lighter-tailed assumptions can under-represent the risk of severe delays. The current
study addresses this shortcoming by identifying and validating heavy-tailed distributions
for PWT service times. The improved fidelity in service time modeling can directly en-
hance simulation-based evaluations of ground handling operations, enabling more accurate
assessment of delay risks and resource requirements under uncertainty.

2.3. Statistical Modeling of Service Durations

Another stream of relevant research has focused on empirically analyzing and mod-
eling the duration of ground handling services. These studies aim to derive probability
distributions or predictive models for task durations using historical data. Early efforts
in this area provided descriptive statistics: for instance, Chen [12] and Li [13] evaluated
airport support capacity by calculating average service times and basic variability measures
from operational records. While such analyses offered initial benchmarks, they often failed
to account for outliers and distributional shape, limiting the accuracy of predictions. Subse-
quent works took steps toward including probabilistic models. Some authors computed
average duration values by task or used simple assumed distributions (e.g., uniform or
triangular distributions) in simulation studies. For example, certain airport bus transfer
and passenger boarding simulations treated service times with triangular distributions
or fixed means to simplify calculations. These simplifications eased computational load
but risked overlooking data heterogeneity, as real service times often show skewed or
multi-modal patterns. To improve realism, a number of studies began fitting standard
parametric distributions to ground service duration data. Researchers have tried normal,
lognormal, and gamma distributions for various support activities, finding that fitted mod-
els better reflect actual operation times than constant averages. For instance, Xing [14] and
Xu [15] modeled certain vehicle service processes with lognormal or gamma distributions,
demonstrating reduced error in capacity simulations. However, a recurring issue was
the lack of rigorous goodness-of-fit testing and rationale for distribution choice. In many
cases, distributions were selected ad hoc or without statistically comparing alternatives,
and significance tests (e.g., chi-square or Kolmogorov-Smirnov) were not consistently
applied. Studies by Zhu [7,16] fitted multiple distributions to aircraft service tasks, but did
not thoroughly discuss which model was most applicable under different conditions or
confidence levels. Feng [17] specifically examined the distribution of aircraft boarding du-
rations, considering normal, Poisson, and Weibull models. Their results indicated possible
deviation from the normal assumption, but low p-values in goodness-of-fit tests meant
no single distribution could be confidently generalized. These mixed outcomes suggest
that more flexible or heavy-tailed distributions might be needed for complex service pro-
cesses. Indeed, some recent evidence supports the presence of heavy tails: a 2023 study
by Harjono [18] on overall aircraft ground times at a major airport found that many flight
categories are best described by heavy-tailed distributions like the Burr and generalized
extreme value distributions. In their analysis, narrow-body and wide-body flights for
certain airlines exhibited Burr or generalized extreme value distributed ground times, indi-
cating a higher likelihood of very long turnaround outliers than traditional models would
predict. This insight aligns with the intuition that rare but significant delays (e.g., a very
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slow potable water service due to equipment failure) can heavily skew the distribution.
However, heavy-tailed models (such as Pareto, Burr, log-logistic, or stable distributions)
have seldom been explicitly considered in prior ground handling studies—likely due to
their mathematical complexity and the conventional focus on well-known distributions.
Our study builds on this research by systematically evaluating a broad family of distri-
butions (including several heavy-tailed candidates) for modeling PWT service durations.
By applying rigorous goodness-of-fit tests (chi-square) and comparing across multiple
scenarios, we provide a comprehensive statistical characterization of service time behavior.
This addresses the limitations of earlier works by offering clear criteria for distribution
selection and highlighting context-dependent model performance (e.g., which distribution
fits best during peak periods versus off-peak).

2.4. Identification of the Research Gap

From the above review, it is evident that while considerable progress has been made in
ground handling research, critical gaps remain at the intersection of operations scheduling,
simulation under uncertainty, and statistical modeling of service times. Ground support
scheduling studies (Section 2.1) underscore the importance of accurate service duration
estimates but largely rely on simplified assumptions, lacking incorporation of the full
stochastic nature of service processes. Simulation-based research (Section 2.2) demonstrates
the need to model uncertainty and variability in turnaround operations, yet prior simu-
lations rarely accounted for heavy-tailed extreme events in service durations. Statistical
analyses of service times (Section 2.3) have introduced distribution fitting into ground
handling, but have often been limited to a narrow set of distributions (typically light-tailed)
and have not rigorously justified the choice of models or examined the influence of different
operational conditions. No previous study, to our knowledge, has explicitly focused on
heavy-tailed probability distributions in the context of specific ground support services
(such as potable water provision) or performed a segmented analysis to see how distri-
butional characteristics change with context (peak versus off-peak, weather, aircraft size,
etc.). This represents a significant research gap. The current study addresses this gap by
providing a focused investigation into PWT service durations with a twofold novelty: (1) a
broad evaluation of candidate distributions (20 in total, including heavy-tailed families)
using goodness-of-fit testing to determine the statistically best-fitting models; and (2) a
context-sensitive analysis that compares distribution fits across different scenarios (traffic
peaks, temperature ranges, aircraft categories). By doing so, we directly respond to the
shortcomings identified in past work—namely, the lack of sufficient statistical analysis and
unclear criteria for distribution selection in modeling ground service times. Our findings
not only fill a gap in the literature by spotlighting heavy-tailed distributions (e.g., Burr,
stable) as viable models for certain conditions, but also offer practical insights: knowing the
appropriate service time distribution for a given context can improve resource allocation
decisions and the realism of simulation and scheduling models. In summary, this study
advances airport ground handling research by bridging the domains of scheduling, simula-
tion, and statistical modeling, ultimately enhancing the understanding of service duration
variability and how to effectively model it for improved operational efficiency.

3. Analysis Model for PWT Service Duration

This section outlines the analytical model developed to analyze and evaluate the
service duration of PWT at airports. The model comprises several critical components,
including data selection and preprocessing, fitting of single-parameter, two-parameter,
and multi-parameter PDs, and rigorous evaluation via the chi-square goodness-of-fit test.
Through these steps, the optimal PD model for PWT service duration under various
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operating conditions is identified, providing a robust framework for the optimization of

airport ground operations and resource allocation.

The model’s workflow is illustrated visually in Figure 1, which provides a clear and
concise overview of the process from data selection through to the final model evaluation.

Data selection
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Figure 1. Workflow of the analysis model for PWT service duration.

3.1. Data Selection and Preprocessing

This study utilized operational records of PWT service durations from ZBAD and
ZSPD for the year 2023. The raw dataset, containing approximately 360,000 records, was
extracted from the airports’ turnaround tracking systems (Airport-Collaborative Deci-
sion Making (A-CDM)), which log the start and end times of each PWT service event
using automated vehicle positioning systems combined with onboard operational but-
tons. The accuracy of these automated records was validated through manual sampling
checks, confirming data reliability. We cleaned the dataset by removing incomplete entries
lacking either start or end times, as well as erroneous entries such as negative or zero
durations. These problematic records collectively constituted approximately 0.11% of
the total dataset. After cleaning, the data were checked thoroughly for consistency and
completeness, resulting in a high-quality dataset representative of diverse operational
conditions. The large sample size and inclusion of data from two different airports lend
robustness to our statistical analysis and increase confidence in the reliability of the results.

Key fields from each data record are shown in Table 1. The service duration of the
PWT for each pair of arrival and departure flights was calculated as the difference between
the potable water fill end time and the potable water fill start time.

Furthermore, beyond temperature-based segmentation, we also checked for temporal
patterns such as time-of-day or day-of-week effects; however, no consistent additional tem-
poral trend was observed once peak versus non-peak operational periods (see Section 4.1)
were accounted for.

Table 1. Sample data format.

Arrival and . . Aircraft
Departure Latest IBT Potable Weter Fill Start Potable Water Fill End Cate- Schedulex.i Departure Latest OBT
. Time Time Time
Flights gory
gﬁ;‘;g 2 November 2023 19:29 3 November 2023 06:36 3 November 2023 06:39 Medium(C) 3 November 2023 7:50 3 November 2023 7:47:00

3.2. Parametric Probability Distributions

Parametric probability distributions (PDs) are essential tools in statistical modeling,
allowing for the concise characterization of variability in observed data through mathemat-
ical expressions. Commonly utilized parametric distributions include single-parameter
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(e.g., exponential, Poisson, Rayleigh), two-parameter (normal, lognormal, Weibull, logistic,
gamma, etc.), and multi-parameter distributions (e.g., Burr, generalized extreme value,
generalized Pareto, stable).

Table 2 summarizes the 20 common probability distributions evaluated in this study.
Single-parameter distributions such as exponential and Poisson are useful for simple sce-
narios with minimal variability. Two-parameter distributions (e.g., normal and lognormal)
allow for more realistic modeling by accounting for additional variability or skewness,
while multi-parameter distributions like Burr and stable offer flexibility in capturing heavy-
tailed data, which frequently occurs in airport service operations.

Specifically, the stable distribution, characterized by four parameters, exhibits notable
flexibility in modeling datasets characterized by significant skewness and heavy tails,
making it particularly suited for representing complex operational conditions such as
peak airport departure periods. Similarly, the three-parameter Burr distribution offers
substantial adaptability, efficiently capturing the variations in service duration associated
with different aircraft categories and operational intensities.

This structured overview establishes a clear context for choosing appropriate statistical
distributions for modeling airport ground handling service durations, which are inherently
stochastic, varied, and influenced by multiple operational factors.

Table 2. Common PDs.

Index Distribution Name Number of
Parameters
1 Exponential [19] 1
2 Poisson [20] 1
3 Rayleigh [21] 1
4 Birnbaum Saunders [22] 2
5 Extreme Value [23] 2
6 Gamma [24,25] 2
7 Half Normal [26] 2
8 Inverse Gaussian [24] 2
9 Logistic [27] 2
10 Log-logistic [28] 2
11 Lognormal [29] 2
12 Nakagami [30] 2
13 Normal [31] 2
14 Rician [32] 2
15 Weibull [33] 2
16 Burr [34] 3
17 Generalized Extreme Value [35] 3
18 Generalized Pareto [36] 3
19 t-Location Scale [37] 3
20 Stable [38,39] 4

3.3. Probability Distribution Fitting and Sample Group Testing

In statistical analysis, one-sample and two-sample tests [40] are frequently employed
to assess differences between sample data and theoretical distributions, or between two
distinct datasets. One-sample tests assess whether a sample conforms to a known theoretical
distribution. In contrast, two-sample tests compare the distributions of two sample groups
to determine if they are statistically similar.

Standard one-sample test methods include the chi-square [41], Kolmogorov-Smirnov [42],
and Anderson-Darling [43] tests. The chi-square test compares observed frequency distri-
butions against expected frequencies, rendering it suitable for categorical data; however,
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it requires large sample sizes, particularly when numerous categories are involved. The
Kolmogorov-Smirnov test compares the sample distribution to the theoretical distribu-
tion. It is suitable for continuous data, with the advantage of not requiring data binning,
although it is sensitive to extreme values. The Anderson-Darling test, similar to the
Kolmogorov-Smirnov test, is more sensitive to discrepancies in the distribution tails, mak-
ing it better suited for evaluating the fit of distribution tails.

Standard two-sample test methods include the chi-square, t-test [44], and Mann—
Whitney U-test [45]. The chi-square test compares the distributions of two datasets,
though it requires balanced sample sizes and category frequencies. The t-test compares the
means of two independent samples, assuming normal distribution and equal variances,
making it suitable for continuous data, but it is sensitive to deviations from normality. The
Mann-Whitney U-test is a non-parametric test used to compare the distributions of two
independent samples applicable to non-normally distributed data. However, it does not
provide information on the specific shape of the distributions.

In this study, we selected the chi-square test to evaluate the goodness-of-fit of single-
sample PDs. This choice is based on several key considerations: First, the chi-square test
is well suited for discrete and categorical data, and the PWT service duration data in this
study is recorded in whole minutes, making it appropriate for chi-square testing. Second,
the chi-square test effectively detects differences between sample data and theoretical
distributions, allowing for a robust assessment of fit quality. Furthermore, the chi-square
test can handle multiple categories, providing detailed analysis across various periods
or classifications.

The large dataset in this study also plays a critical role in choosing the chi-square
test. Large sample sizes ensure sufficient category frequencies, leading to more stable and
reliable chi-square statistics and, thus, enhancing the accuracy and significance of results.
This characteristic makes the chi-square test particularly suitable for categorical analysis of
large datasets.

Additionally, the chi-square test is employed for two-sample testing to assess whether
two data groups originate from the same distribution. This is crucial in determining the
necessity for further categorization or grouping of data. Using the two-sample chi-square
test, we can explore whether there are significant differences in PWT service durations
under different conditions, thereby informing the analysis of these classification factors.

In summary, the chi-square test is a flexible and effective tool suitable for this study’s
one-sample and two-sample data analysis needs. Therefore, we have chosen the chi-square
test as the primary method for testing the service duration data of PWTs .

3.3.1. Chi-Square Test Methodology

The chi-square test is a statistical method employed to evaluate the discrepancy
between observed and expected frequencies. The statistical significance of this discrepancy
can be assessed through the calculation of the chi-square statistic x?, degrees of freedom df,
and p-value.

The chi-square statistic is calculated using the following formula:

R =AY
XZ — Z (Oz E'El) (1)

where O; represents the observed frequency, and E; represents the expected frequency.
Degrees of freedom represent the number of independent pieces of information in the
data set. For the chi-square test, degrees of freedom are calculated as follows:

df=k—p—1 )
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where k is the number of categories, and p is the number of estimated parameters.

The p-value is calculated from the chi-square statistic and degrees of freedom, indicat-
ing the significance of the difference between observed and expected data. The calculation
formula is

p=1-F(x*df) (3)

where F is the cumulative distribution function of the chi-square distribution, defined as

X 1
ja Z,df :/ df/2—-1 —X/Zd 4
(X ) 0 de/zr(df/Z)x e X ( )
where I is the gamma function, and x is the integration variable. The gamma function I'(n)
is defined as

I'(n) = /Ooo X"l dx (5)

Calculating the chi-square statistic x?, degrees of freedom df, and p-value enables the
assessment of the discrepancy between observed and expected data. A large chi-square
statistic corresponds to a small p-value, indicating a significant discrepancy between the
observed and expected data. Conversely, a small chi-square statistic corresponds to a large
p-value, indicating a minor discrepancy between the observed and expected data.

3.3.2. Interpreting the Chi-Square Test

The null hypothesis (Hp) of the chi-square test states that there is no significant dis-
crepancy between the observed and expected data. This implies that the observed data
conform to the specified theoretical distribution or, in the case of an independence test, that
no significant difference exists between two observed datasets. The p-value indicates the
probability of obtaining the observed data (or more extreme results) assuming that the null
hypothesis is true, thereby quantifying the degree of deviation from the null hypothesis.
The confidence level (Confidence Level (CL)) represents the stringency of rejecting the null
hypothesis, with typical CLs set at 95% and 99%.

If the p-value is lower than the significance level (typically 1 — CL), there is sufficient
statistical evidence to reject the null hypothesis, indicating a significant discrepancy be-
tween the observed data and the specified distribution or dataset. Conversely, if the p-value
is greater than or equal to the significance level, the evidence is insufficient to reject the null
hypothesis, indicating no significant discrepancy.

Generally, a larger p-value implies a better fit between the probability distribution
and the observed data, while a smaller p-value suggests a poorer fit. The specific fit
quality can be classified into five ranges based on typical confidence levels (95% and 99%),
as summarized in Table 3.

Table 3. p-value ranges and corresponding fit quality descriptions at 95% and 99% CLs.

p-Value Range  Fit Quality Description Re;;;: gg at Re;;;: ICJE at
p>01 Excellent fit No No
005<p<01 Good fit No No
0.01 < p <0.05 Moderate fit Yes No
0.001 < p <£0.01 Poor fit Yes Yes
p <0.001 Very poor fit Yes Yes

4. Experimental Results and Discussion

In this study, a comprehensive statistical analysis of the processed PWT service du-
ration data from ZBAD was performed. The analysis primarily centers on ZBAD. Based
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on the distribution characteristics of the data, we calculated the service duration den-
sity for ZBAD, as shown in Figure 2. After thoroughly analyzing the data from ZBAD,
a comparative analysis with the corresponding data from ZSPD was conducted.

¥ u
10 15 20 25 30
Service time duration / (min)

Figure 2. Density distribution of PWT service duration.

Essential statistical characteristics, including the mean, variance, median, skewness,
and kurtosis, were comprehensively analyzed to evaluate the PWT service durations. These
statistics provide critical insights into the central tendency, dispersion, symmetry, and tail
characteristics of the data distribution.

The analysis revealed that the mean service duration was 5.82 min, indicating that
the average PWT service duration across the sample was close to 6 min. This finding is
consistent with previous research [5], which reported a mean service duration of 6.47 min
for similar services. The median was 5 min, suggesting that 50% of the service durations
were 5 min or less. The variance was 17.28, indicating considerable dispersion in the
service durations. The skewness was 2.30, demonstrating a significant right skew in the
data, with most service durations concentrated at shorter times but with a long right tail.
The kurtosis was 7.13, indicating that the distribution had a higher peak than a normal
distribution, with more pronounced heavy tails. These statistical analyses provide a solid
foundation for understanding the characteristics of PWT service duration data.

Following this initial analysis of the overall data characteristics, the necessity and
feasibility of classifying data according to various factors were further explored. Such clas-
sification is valuable in identifying variations under differing conditions and in elucidating
underlying causal factors. This is particularly important for enhancing ground service
efficiency, formulating targeted strategies, and optimizing resource allocation. The need for
classification analysis is based on the following considerations:

1. Firstly, different operational conditions may significantly affect PWT service durations.
For instance, the varying flight densities during peak and non-peak departure periods
may lead to differences in service demand and pressure, subsequently impacting
service duration. An in-depth analysis of these factors can help airport manage-
ment better understand resource requirements during peak periods and enable more
effective scheduling and management.

2. Secondly, external environmental conditions, such as temperature variations, may also
influence the efficiency and speed of ground service operations. Extreme temperatures
could reduce equipment efficiency or increase operation time, affecting PWT service
duration distribution. By analyzing the impact of temperature on service duration,
we can better understand and address the operational challenges posed by different
climate conditions.
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3. Thirdly, different aircraft types may also vary service demand and duration signifi-
cantly. Larger aircraft typically require more water replenishment, leading to longer
service durations. We can develop more refined service standards and operational
procedures tailored to specific aircraft types by analyzing different aircraft categories.

4. We also acknowledge the potential influences of factors such as PWT capacity and the
number of PWTs simultaneously servicing an aircraft. However, given the uniformity
of PWT capacity across both airports and the standardized PWT allocation by Civil
Aviation Administration of China (CAAC) based on aircraft categories, these factors
are implicitly captured in the aircraft-category analysis. Therefore, a separate analysis
of these factors was not necessary, ensuring both methodological simplicity and
operational clarity.

These classification factors were partly selected based on feedback obtained from
frontline management and operational staff at the airport. The survey results suggest that
the abovementioned factors could significantly influence the efficiency and duration of
PWT services in practice. Therefore, a classification analysis of these factors is necessary.

Although these classifications are grounded in operational experience and frontline
feedback, their specific necessity and statistical significance require further validation. To
this end, we perform chi-square tests after classification to assess whether statistically
significant differences exist between the classified groups. The chi-square tests determine
whether statistically significant differences exist among the classified groups, indicating
whether these groups originate from distinct distributions. This confirms the rationality
and scientific robustness of the classifications.

Overall, by classifying the data according to peak and non-peak departure periods,
temperature variations, and aircraft categories, we can more accurately identify the key
factors affecting PWT service durations. This approach contributes to improving service
efficiency and resource utilization and provides a scientific basis for decision making in
airport ground service management. In the subsequent analysis, we will examine the impact
of these classification factors in detail to offer practical recommendations for optimizing
airport ground services.

4.1. Classification Based on Peak and Non-Peak Departure Periods

When serving departing flights, PWTs experience increased workloads during peak
departure periods, necessitating continuous sequential servicing of aircraft. This scenario
often results in relatively shorter service durations. Conversely, during non-peak periods,
when workloads are lower and the requirement for continuous service decreases, service
durations may become relatively longer.

The peak and non-peak departure periods were classified as follows: Initially, the num-
ber of departing flights per hour throughout the day was determined. Subsequently, the dis-
tribution of these hourly departure numbers was arranged in ascending order. Finally,
following recommendations from the International Civil Aviation Organization (ICAO)
regarding airport capacity evaluation methods [46], periods with departure numbers above
the 75th percentile were classified as peak periods, while those below this threshold were
classified as non-peak periods. This method ensures a statistically robust and officially
supported classification into peak and non-peak periods.

To quantitatively analyze the impact of peak and non-peak periods on PWT service
duration, a chi-square test was employed to determine whether service durations during
these periods originate from the same statistical distribution at the 95% and 99% CLs. The
chi-square test results indicated a chi-square statistic of 1180.67 with 784 degrees of freedom
and a p-value of 1.45 x 1018 These results suggest that there are statistically significant
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differences between service duration distributions during peak and non-peak periods,
as indicated by their failure to pass the chi-square test at both the 95% and 99% CLs.

In summary, there is a significant difference in the distribution of PWT service dura-
tions between peak and non-peak departure periods. During peak periods, the service
duration is shorter due to the demand for continuous service, while during non-peak
periods, the service duration is longer due to the lower frequency of service.

Furthermore, to analyze the impact of peak and non-peak periods in more detail, we fit-
ted multiple PDs to the service duration data for both scenarios. By fitting single-parameter,
two-parameter, and multi-parameter PDs, we can better understand the distribution char-
acteristics of PWT service durations under different conditions.

Figure 3 provides a comprehensive visualization of the fitting results for single-
parameter, two-parameter, and multi-parameter PDs applied to PWT service duration
data during peak and non-peak periods. Specifically, Figure 3a shows the fitting curves and
error bars for single-parameter PDs, Figure 3b presents the fitting results for two-parameter
distributions, and Figure 3c illustrates the fitting outcomes for multi-parameter distribu-
tions. Through this figure, we can qualitatively assess the relationship between the fitted
PD curves and the original data distribution.

Considering the complete dataset, the optimal probability distributions for peak and
non-peak periods along with their estimated parameters (obtained via maximum likelihood
estimation) are as follows:

*  Peak period (stable distribution): The service duration data during peak periods
were optimally modeled by the stable distribution. The stable distribution does
not generally have a simple closed-form Probability Density Function (PDF), but is,
instead, characterized by its characteristic function, given as follows:

When0 <a <2,a # 1:

E(eitx> = exp{—|'yt|”‘ {1 — iBsign(t) tan(%)] + i(5t} (6)
When o = 1:
E(eitx) = exp{—'yt| {1 +iB sign(t)%ln |’yt|] + iét} )

where a € (0,2] is the stability parameter characterizing tail heaviness, € [—1,1]
is the skewness parameter describing asymmetry, v > 0 is the scale parameter, and
d € (—o0,00) is the location parameter. Specifically, the maximum likelihood estima-
tion yielded the following fitted parameter values for the stable distribution during
peak periods:

x =1.4588, p=0.9999, <+ =15337, J=4.2580 8)

Considering the complete dataset, the stable distribution characterized by these pa-
rameters effectively captures the heavy-tailed nature of service durations observed
during peak periods, as confirmed by a chi-square goodness-of-fit test statistic of
x> = 9.44 and an associated p-value of 0.49, indicating an excellent statistical fit.

*  Non-peak period (Burr distribution): The service duration data during non-peak
periods were optimally modeled by the Burr distribution (Type XII). The PDF of the
Burr distribution is explicitly given by

o e —(k+1)
flaekd) = E(3) 7 1 ()] ©)
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where ¢ > 0 and k > 0 are the shape parameters that control the tail behavior and
flexibility, and A > 0 is the scale parameter. Specifically, the maximum likelihood
estimation yielded the following fitted parameter values for the Burr distribution
during non-peak periods:

c=4.6023, k=27294, A =0.8971 (10)

Considering the complete dataset, the Burr distribution characterized by these parame-
ters effectively captures the variability of service durations observed during non-peak
periods, as confirmed by a chi-square goodness-of-fit test statistic of x> = 20.22 and
an associated p-value of 0.12, indicating an excellent statistical fit.
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Figure 3. PD fitting results for PWT service durations during departure peak and non-peak periods,
using single-parameter, two-parameter, and multi-parameter models.

Additionally, to assess robustness, 100 randomized experiments were performed, each
fitting distributions to 80% randomly sampled data from the original dataset. The results
of the chi-square tests quantitatively evaluating the fitting performance are presented in
Figure 4, offering detailed statistical insights into the goodness-of-fit assessments.



Aerospace 2025, 12, 643 14 of 32
Stable - Stable +{ }
Loglogistic _— ] — - Burr 4 #
Burr - - Loglogistic 4 ¢
GeneralizedExtremeValue 4 +J-= GeneralizedExtremeValue 4 }
Lognormal 4} Lognormal 4
BirnbaumSaunders 1§ BirnbaumSaunders - +
InverseGaussian 1} InverseGaussian - ]
Gamma + } Gamma - +
tLocationScale 4 tLocationScale 4 L]
Weibull 4§ Weibull 4 L]
Nakagami 4 Nakagami #
Rayleigh 4 Rician 4 #
Rician 1 Rayleigh #
Logistic 7} Logistic 44
HalfNormal -} HalfNormal #
Poisson 1} Poisson - tH -
Normal 4} Normal +
GeneralizedPareto 4 { GeneralizedPareto h
Exponential 4 Exponential th
ExtremeValue 4 } ExtremeValue 4 ~HH
T T T T T T T T T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0 200 400 600 800 1000
p value X2 value
(a) p-value distribution of departure peak (b) x? value distribution of departure peak
Burr — ] B — e Burr 4 |
Stable — Stable |
Loglogistic 4 — | —_— e . Loglogistic 4§
GeneralizedExtremeValue - —a— - GeneralizedExtremeValue |
Lognormal 4 i+ Lognormal 4
InverseGaussian 4} InverseGaussian 4 |
BirbaumSaunders 1} BimbaumSaunders 4 |
Gamma + { Gamma ¥
Weibull 4§ Weibull 4 )
tLocationScale 44 tLocationScale ¥
Nakagami 4} Nakagami [ ]
HalfNormal 4§ HalfNormal 4 L]
GeneralizedPareto 4} GeneralizedPareto L)
Exponential 4 Exponential b
Rayleigh 4 Logistic
Rician 4} Rayleigh -
Logistic 4} Rician - FH
Normal 4} Normal ]
Poisson 1} Poisson - H —
ExtremeValue 4 } ExtremeValue . i i ; i H |'4 i
T T T T T
0.00 0.05 0.10 0.15 0.20 0 250 500 750 1000 1250 1500
p value x? value

(c) p-value distribution of departure non-peak (d) A2 value distribution of departure non-peak

Figure 4. Chi-square test results of PWT service durations are categorized by departure peak and non-
peak periods, showing p-value and x? value distributions. Each distribution is based on 100 random
samples, where 80% of the original data were used for fitting in each sample.

In Figure 4, based on a comprehensive evaluation of the fitting performance of various
PDs for PWT service durations during peak and non-peak periods, several key conclusions
are evident. During peak periods, the distribution exhibits clear regularity and stabil-
ity, with the stable distribution showing the best overall fit (chi-square statistic = 9.30,
p-value = 0.51). The Burr and log-logistic distributions also exhibit robust performance,
successfully passing the goodness-of-fit tests at both the 95% and 99% CLs. In contrast,
the generalized extreme value distribution demonstrates moderate fitting performance,
passing the test at the 95% level but failing at the more stringent 99% level.

During non-peak periods, although the regularity is comparatively weaker, the Burr
distribution achieves the best fit (chi-square statistic = 21.40, p-value = 9.81 x 10~2), closely
followed by the stable and log-logistic distributions. These three distributions consistently
pass the chi-square tests at both confidence levels, indicating robust suitability for modeling
non-peak service durations. However, as observed during peak periods, the general-
ized extreme value distribution exhibits limited accuracy, failing at the more stringent
95% confidence level.

Other evaluated distributions consistently demonstrate inferior performance across
both peak and non-peak scenarios, indicating that future modeling efforts should prioritize
the more accurate stable, Burr, and log-logistic distributions, rather than general or less
suitable alternatives. Future research could explore alternative distribution models or
employ advanced data processing techniques to further enhance fitting accuracy and
predictive precision.
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4.2. Classification Based on Temperatures

When servicing departing flights, ambient temperature exerts a significant influence
on the potable water demand of aircraft, which in turn can impact the service durations
of PWTs. Therefore, in this study, temperatures were classified into three categories—low,
medium, and high—in accordance with the National Oceanic and Atmospheric Adminis-
tration’s Climate (NOAA) climate classification standard [47]. The specific thresholds are
defined as follows: low temperature (below 50 °F ), medium temperature (50 °F to 70 °F),
and high temperature (above 70 °F). This classification facilitates a more precise assessment
of temperature’s influence on PWT service durations.

To quantitatively assess the impact of temperature on PWT service durations, a chi-
square test was employed to examine whether the distributions of service durations under
low-, medium-, and high-temperature conditions differ significantly at the 95% and 99%
CLs. The results of the chi-square test are presented in Figure 5. The specific outcomes are
summarized as follows:

1.  The chi-square statistic comparing service durations between low- and medium-
temperature conditions is 841.19, with 756 degrees of freedom and a p-value of
1.66 x 1072, indicating a statistically significant difference at the 95% CL, but no
significance at the 99% CL.

2. The chi-square statistic comparing low- and high-temperature conditions is 646.95,
with 784 degrees of freedom and a p-value of 0.99, suggesting no statistically signifi-
cant differences at either the 95% or 99% CLs.

3. The chi-square statistic for the comparison between medium- and high-temperature
conditions is 1017.69, with 756 degrees of freedom and a p-value of 5.41 x 1010,
indicating a statistically significant difference at both the 95% and 99% CLs.
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Figure 5. Chi-square test results: Heatmap of p-values for comparing PWT service durations between

different temperature categories (high, medium, and low temperatures). The focus is on the pairwise
comparisons among these temperature categories.

Notably, contrary to the common assumption that higher temperatures would lead to
increased potable water demand, the analysis reveals that the service duration distributions
under low and high temperatures are remarkably similar. This finding suggests that low
and high temperatures can be combined into one category based on their similar effects
on PWT service durations. This conclusion can facilitate simpler PWT scheduling and
enhance operational efficiency. Therefore, significant differences in PWT service duration
distributions are observed when comparing low with medium temperatures and medium
with high temperatures, but no significant difference emerges when comparing low and
high temperatures.
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Several PDs were fitted for each temperature category to further investigate the influ-
ence of temperature variations on PWT service durations. Single-parameter, two-parameter,
and multi-parameter PDs were applied to gain deeper insights into the distribution char-
acteristics of PWT service durations under different temperature conditions. Figure 6
illustrates the fitting results of the single-parameter, two-parameter, and multi-parameter
models under high, medium, and low temperatures. Figure 6a depicts the single-parameter
PD fitting curves with corresponding error bars for the three temperature categories;
Figure 6b presents the fitting results obtained from two-parameter models; and Figure 6¢
provides the fitting results for multi-parameter distributions. Based on the fitting curves
and error bars depicted in Figure 6, the relationship between the fitted distributions and the
original data distributions under different temperature conditions can be visually evaluated.

Exponential Poisson Rayleigh Exponential

(a) Single-parameter distributions (high, medium, and low temperature)

Bimbaumsaunders Extremevalue Gamma Bimbaums Saunders Extremevalue Gamma BimbaumSaunders Extremevalue

(b) Two-parameter distributions (high, medium, and low temperature)
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(c) Multi-parameter distributions (high, medium, and low temperature)

Figure 6. PD fitting results for PWT service durations under different temperature conditions (high,
medium, and low). The fitting results are presented for single-parameter, two-parameter, and multi-

parameter models.

Considering the complete dataset, the optimal probability distributions for service
durations under different temperature conditions, along with their estimated parameters
(obtained via maximum likelihood estimation), are as follows:

e  High temperature (generalized extreme value distribution): The generalized extreme
value distribution effectively captures the service duration under high-temperature
conditions. Its PDF is explicitly given by

. B PUPPRES ] o Y () PRNNES
flakop) = [1+ k0] eXP{ [k } (1)
1+k("%,”)>0
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where k is the shape parameter, ¢ is the scale parameter, and y is the location parameter.
Specifically, the estimated parameters for the generalized extreme value distribution
during high-temperature conditions were

k=0.2572, 0 =2.0938, u=3.6564 (12)

Considering the complete dataset, the generalized extreme value distribution with
these parameters yielded a chi-square statistic of XZ = 6.16 and a p-value of 0.94,
indicating an excellent fit.

¢ Medium temperature (log-logistic distribution): The log-logistic distribution optimally
fits the medium-temperature scenario, characterized by its PDF as follows:

flxw,B) = §(§)ﬁ71[14-(§)ﬁ}_2 (13)
x>0

where « is the scale parameter and S is the shape parameter. The estimated parameters
for medium-temperature conditions were

x = 15600, P =0.3758 (14)

Considering the complete dataset, despite its relatively better fit, the medium-
temperature log-logistic distribution obtained a chi-square statistic of x> = 39.56
and a p-value of 2.99 x 1074,

¢  Low temperature (Stable distribution): The stable distribution again proved optimal
for modeling low-temperature conditions, characterized by parameters similar in form
to Equations (6) and (7). Specifically, the estimated parameters were

« =1.4011, p=1.0000, < =15819, ¢ =4.4056 (15)

Considering the complete dataset, the stable distribution exhibited strong fitting perfor-
mance for low-temperature conditions, yielding a chi-square statistic of x> = 12.88 and a
p-value of 0.30, indicating an excellent statistical fit.

Furthermore, to verify robustness, 100 randomized experiments were conducted, each
fitting 80% randomly sampled data from the original dataset. The chi-square test results
presented in Figure 7 provide a quantitative analysis of the fitting accuracy, confirming the
applicability and precision of these distribution models.

In Figure 7, based on the results from the PD fitting under different temperature
conditions, the following detailed conclusions can be made.

In the high-temperature category, the PD fitting of PWT service durations demonstrates
strong fitting performance. The generalized extreme value distribution achieves the best
fit, with a p-value of 0.89 and a chi-square statistic of 7.07 (averaged over 100 random
samples in Figure 7), indicating no statistically significant difference from the observed
data. Additionally, the Burr, stable, and log-logistic distributions also exhibit robust fits.
Thus, the distribution of service durations under high temperatures is relatively stable.
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Figure 7. Chi-square test results of PWT service durations are categorized by temperature, showing
p-value and x? value distributions. Each distribution is based on 100 random samples, where 80% of
the original data were used for fitting in each sample.

The medium-temperature scenario is comparatively more complex. Although sta-
ble, log-logistic, and Burr distributions are ranked highest, none adequately fit the data.
The observed data reveal a pronounced peak around a service duration of 5 min, followed
by a sharp decline at 6 min, suggesting the influence of specific operational factors. One
hypothesis is that at moderate temperatures, ground handling operations occur under stan-
dard conditions without weather-induced stress or special procedures, leading to greater
variability arising from human factors or inconsistent operational pacing. Equipment may
also operate at peak efficiency in mild weather, minimizing mechanical delays and making
procedural or behavioral variations more pronounced. As a result, temperature alone may
not adequately characterize the distribution of service times for the medium temperature
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range. In practical terms, this finding cautions that resource planning based solely on
temperature categories can be unreliable for moderate conditions; airport managers might
need to incorporate additional operational parameters or adopt adaptive strategies when
scheduling PWT services on mild days. Recognizing this limitation, we have identified
investigation into the root causes of the medium-temperature anomaly as an important
direction for future research.

In the low-temperature category, the PD fitting also performs robustly, with the stable
distribution demonstrating particularly strong fit, indicating consistent distribution patterns.

In summary, the distribution of PWT service durations varies significantly across tem-
perature categories, with more regular patterns at high and low temperatures, and greater
variability under medium conditions. These findings suggest that temperature exerts a
substantial influence on service durations, and further research into medium-temperature
anomalies could optimize operational processes and enhance efficiency.

4.3. Classification Based on Aircraft Categories

According to expert experience, when PWTs service large aircraft (such as Category
E), service durations are typically longer due to greater potable water requirements. Con-
versely, medium aircraft (such as Category C) typically require shorter service durations
due to lower water requirements. Based on this expert insight, service durations in this
study were categorized into two groups: medium and large aircraft; however, further
statistical validation is necessary to confirm this categorization.

To quantitatively evaluate the impact of aircraft type on PWT service durations, a chi-
square test was conducted to determine whether service durations for medium and large
aircraft significantly differ at the 99% CL. The chi-square test results indicate that the
chi-square statistic comparing service durations for medium and large aircraft is 735.35,
with 700 degrees of freedom and a p-value of 0.17. This result indicates that the service
duration distributions for medium and large aircraft do not exhibit statistically significant
differences at the 99% and 95% CLs. Thus, despite the intuitive expectation that large
aircraft should require longer service durations due to higher water requirements, the chi-
square test results demonstrate no statistically significant differences between medium and
large aircraft.

Various PDs were applied to the service duration data based on aircraft categories
(medium and large) to further investigate the impact of aircraft type on PWT service
durations. Single-parameter, two-parameter, and multi-parameter PDs were fitted to gain a
deeper understanding of the distribution characteristics of PWT service durations under
different conditions. Figure 8 illustrates the fitting results obtained for medium and large
aircraft. Figure 8a depicts the fitting curves with associated error bars for single-parameter
distributions; Figure 8b displays the fitting results for two-parameter distributions; and
Figure 8c shows the fitting results for multi-parameter distributions.

The relationship between the fitted PDs and the original data distributions can be
qualitatively evaluated using the fitting curves and error bars presented in Figure 8.

Considering the complete dataset, for aircraft size categories, the optimal probability
distributions and their estimated parameters (obtained via maximum likelihood estimation)
are as follows:

*  Medium aircraft (log-logistic distribution): The log-logistic distribution optimally
models the service durations for medium-sized aircraft, characterized by parameters

similar in form to Equation (13):

« =1.5526, B =0.3490 (16)
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Considering the complete dataset, this log-logistic distribution demonstrated robust
fitting, yielding a chi-square statistic of x> = 13.80 and a p-value of 0.46.

*  Large aircraft (Burr distribution): The Burr distribution (Type XII) provides the optimal
fit for large aircraft service durations, characterized by a PDF similar to Equation (9).
Specifically, the estimated parameters for large aircraft were

c=89167, k=124407, A =2.0152 (17)

Considering the complete dataset, the Burr distribution provided a chi-square statistic
of x> = 19.22 and a p-value of 0.16, indicating strong fitting performance.
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Figure 8. PD fitting results for PWT service durations categorized by aircraft categories (medium
and large aircraft). The fitting results are presented for single-parameter, two-parameter, and multi-
parameter models.

Additionally, to ensure robustness, 100 randomized experiments were conducted by
fitting probability distributions to 80% randomly sampled data from the original dataset.
The quantitative chi-square test results are illustrated in Figure 9.
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Figure 9. Chi-square test results of PWT service durations are categorized by aircraft categories,
showing p-value and x? value distributions. Each distribution is based on 100 random samples,
where 80% of the original data were used for fitting in each sample.

The PD fitting for medium aircraft service durations, with p-values and chi-square
statistics averaged over 100 random samples as depicted in Figure 9, indicates that the
stable and log-logistic distributions provide optimal fits. Specifically, the stable distribution
has a p-value of 0.41 and a chi-square statistic of 11.37, while the log-logistic distribution
has a p-value of 0.43 and a chi-square statistic of 14.25. These two distributions rank first
and second, respectively, exhibiting no statistically significant difference from the observed
data at the 95% and 99% CLs. The Burr distribution ranks third, achieving a p-value of
0.34 and a chi-square statistic of 14.49. These three distributions exhibit robust fitting
performances, showing no statistically significant difference from the observed data. The
generalized extreme value distribution demonstrates moderate fitting performance, with a
p-value of 0.04 and a chi-square statistic of 23.11, passing the test at the 99% CL but failing
at the 95% CL, indicating a comparatively suboptimal fit. The fitting performance of the
remaining distributions declines progressively, indicating poor overall fit quality.

For large aircraft service durations, the Burr distribution exhibits optimal fitting per-
formance, with a p-value of 0.14 and a chi-square statistic of 20.65, thus ranking first.
The gamma and generalized extreme value distributions also demonstrate strong fits,
with p-values of 0.09 and 0.07, respectively, showing no statistically significant differences
from the observed data at the 95% and 99% CLs. The log-logistic distribution exhibits
moderate fitting performance, with a p-value of 1.26 x 1072 and a chi-square statistic of
31.38, passing the test at the 99% CL but failing at the 95% level, indicating a relatively sub-
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optimal fit. The fitting performance of the remaining distributions progressively declines,
indicating poor fitting quality.

In summary, the Burr distribution stands out as exhibiting optimal fitting performance
for large aircraft service duration data. In contrast, the stable and log-logistic distributions
excel in describing medium aircraft service duration data. The generalized extreme value
distribution shows moderate fitting capability in both categories but is inferior compared to
the top-performing distributions. Apart from the top-ranking distributions, other evaluated
distributions consistently exhibit poor fitting performance across both aircraft categories.

4.4. Comparison of Optimal Distributions for ZBAD and ZSPD

This section provides a comparative analysis of the optimal probability distributions
describing PWT service durations at ZBAD and ZSPD across different operational condi-
tions. Specifically, the top-performing distributions are compared for each classification
factor, including peak and non-peak departure periods, temperature variations, and dif-
ferent aircraft categories. The optimal distributions are selected based on the outcomes of
chi-square goodness-of-fit tests (specifically, the p-values), which evaluate the adequacy of
fit between each distribution and the observed service duration data. Table 4 summarizes
the three optimal distributions for each operational condition across both airports. These
distributions were selected according to their statistical performance, as indicated by their
p-values. A p-value greater than 0.05 typically indicates a good fit, suggesting that the
distribution adequately captures the service duration data for the respective category.

Table 4. Top 3 optimal distributions for PWT service durations at ZBAD and ZSPD.

. . R 2nd Optimal . e
Category Airport 1st Optimal Distribution Distribution 3rd Optimal Distribution
ZBAD Stable log-logistic Burr
Peak departure periods
ZSPD Stable Burr log-logistic
ZBAD Burr Stable log-logistic
Non-peak departure periods
ZSPD Burr Stable log-logistic
Generalized Extreme -
ZBAD Value Burr log-logistic
High temperature conditions
ZSPD Stable Burr log-logistic
ZBAD log-logistic Stable Burr
Medium temperature conditions
ZSPD log-logistic Burr Stable
ZBAD Stable log-logistic Burr
Low temperature conditions
ZSPD Stable log-logistic Burr
ZBAD log-logistic Stable Burr
Medium aircraft category
ZSPD Stable log-logistic Burr
7BAD Burr Gamma Generalized Extreme
Value
Large aircraft category
7SPD Burr Generalized Extreme Gamma

Value

From the table above, we can observe the following trends:
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1.  Peak departure periods: Both airports demonstrate that the stable distribution pro-
vides the most suitable fit for service durations during peak periods, with comparable
p-values of 0.51 for ZBAD and 0.53 for ZSPD. The Burr distribution also exhibits
strong fitting performance, ranking second at both airports, closely followed by the
log-logistic distribution.

2. Non-peak departure periods: During non-peak periods, the Burr distribution demon-
strates optimal fitting performance at both airports, followed by the stable and log-
logistic distributions. This suggests that the Burr distribution effectively captures the
higher variability in service durations during non-peak periods, characterized by less
consistent service demand.

3.  Temperature conditions: Under both high and low temperature conditions, the sta-
ble distribution consistently demonstrates superior fitting performance across both
airports. This indicates the robustness of the stable distribution in capturing service
duration patterns across diverse temperature conditions at both airports. The Burr and
log-logistic distributions also show robust fitting performance, regularly appearing
among the top three optimal distributions at both airports.

4. Aircraft categories: When considering aircraft categories, the Burr distribution pro-
vides the optimal fit for large aircraft at both airports, while the stable and log-logistic
distributions are more suitable for service durations of medium aircraft, exhibiting
consistent results at both airports.

In summary, the optimal distributions for PWT service durations at ZBAD and ZSPD
consistently align across different operational scenarios. This highlights the robustness
and generalizability of the proposed methodology, indicating its applicability to other
airports operating under comparable conditions. These findings offer valuable insights
into optimizing PWT scheduling and resource allocation strategies, thus supporting their
broader applicability to similar airport environments.

4.5. Rationale for Selected Distributions

This section discusses the underlying rationale for selecting specific probability distri-
butions by examining the characteristics and influencing factors of PWT service durations,
followed by an in-depth analysis of why particular distributions are suitable for different
operational scenarios.

4.5.1. Characteristics and Influencing Factors of PWT Service

PWT service constitutes an integral component of the aircraft ground handling pro-
cess, typically involving driving the PWT to the aircraft, connecting hoses for potable
water supply, and subsequently disconnecting and removing the equipment upon comple-
tion. The duration required for this process is influenced by multiple operational factors.
For instance, aircraft type and potable water demand directly influence service duration;
long-haul wide-body aircraft typically require larger volumes of water, thus extending
service times. Moreover, personnel allocation and coordination also significantly impact
service efficiency, with increased workforce and equipment availability generally enhancing
operational efficiency [48]. The distinction between peak and non-peak periods primarily
arises from differences in resource allocation and concurrent operational demand. During
peak hours, flights are densely scheduled with minimal intervals, resulting in tight ground
handling schedules, and, frequently, the flight gap is counted in seconds, leaving almost
no buffer time to accommodate unplanned delays [49]. Consequently, once a particular
flight’s service experiences delay during a peak period, it may trigger subsequent delays,
thereby adversely affecting resource availability for following operations [50]. In contrast,
during non-peak periods, although fewer flights are scheduled, staff and equipment alloca-
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tions may also be reduced or managed more flexibly, potentially causing delays whereby
some flights begin service later or even “miss the scheduled handling window” [51,52].
Additionally, extreme weather conditions, such as excessively high or low temperatures,
significantly influence PWT service efficiency. Empirical data [48] indicate that service
duration exhibits greater variability under adverse weather conditions, as safety protocols
may necessitate pauses or additional inspections, leading to significantly prolonged service
durations for a subset of flights. Overall, the distribution of PWT service durations demon-
strates right-skewed and heavy-tailed characteristics. Although most service durations fall
within the typical range, congestion during peak hours, inappropriate resource allocation,
or extreme weather conditions occasionally result in considerably prolonged durations
compared to the mean value.

4.5.2. Applicability of PDs in Different Operational Conditions

Statistical analysis of PWT service duration data reveals variations in tail characteristics
across different operational conditions, thus necessitating the application of appropriate
heavy-tailed distributions for accurate fitting.

In high- and low-temperature environments, the distributions of service durations
exhibit significant dispersion and pronounced heavy tails, indicating that most observa-
tions concentrate in one region while occasionally producing exceptionally large values.
The stable distribution [38,39], commonly referred to as the a-stable distribution, is a
class of heavy-tailed distributions characterized by sharp peakedness and pronounced
heavy tails. When the stability parameter a# < 2, the theoretical variance diverges and
becomes infinite [53]. This property implies that the stable distribution is capable of effec-
tively capturing extremely prolonged service durations observed under extreme conditions.
For example, in extremely cold environments, equipment failures or additional safety
inspections can significantly extend the duration of potable water service; in such scenarios,
the heavy tail of the stable distribution appropriately assigns higher-probability weights
to these rare but significant delays. Moreover, according to the generalized central limit
theorem, the sum of multiple independent heavy-tailed random delays tends to converge to-
wards a stable distribution. The PWT service process is influenced by numerous stochastic
factors (e.g., valve malfunctions, human errors, communication delays), whose combined
fluctuations are exacerbated under extreme weather conditions, thereby thickening the tail
of the distribution and causing it to approximate a stable form. In summary, the statistical
properties of the stable distribution (notably its high kurtosis and infinite variance) align
closely with the occurrence of outliers and heightened uncertainty observed in the service
duration data under extreme temperature conditions. This alignment makes the stable
distribution particularly suitable for fitting data under extreme temperature scenarios,
effectively characterizing the phenomenon commonly described as “the longer you wait,
the more you might have to wait” [54].

During non-peak periods, PWT service durations also exhibit heavy-tailed charac-
teristics, although the specific shape of the distribution may differ significantly from that
observed under extreme weather conditions. During non-peak hours, flights are less fre-
quent, and some services may commence later or proceed at a more leisurely pace, resulting
in a distribution characterized by a prolonged tail with distinct inflection points. For exam-
ple, while the majority of flights complete potable water services within a typical duration,
a minority may experience substantial delays due to relaxed scheduling practices, such as
staff attending to alternative duties. The Burr distribution [34], often referred to as Burr
Type XII, is a highly flexible heavy-tailed distribution that includes two adjustable shape
parameters, allowing for precise modulation of tail thickness and overall distribution shape
according to empirical data. Notably, it encompasses the log-logistic, Pareto, and other
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distributions as special cases, enabling the modeling of a wide range of tail behaviors,
from moderately heavy to extremely heavy-tailed scenarios [55]. Previous studies [56]
have demonstrated that the Burr distribution is particularly effective in describing phe-
nomena such as travel time reliability, which are characterized by routine fluctuations.
For non-peak PWT service, the Burr distribution effectively characterizes the scenario of
“numerous observations concentrated within a typical range combined with a small number
of extremely prolonged durations”; the initial section of the distribution declines steeply,
corresponding to most flights being serviced quickly, while the tail decreases gradually,
representing the minority of flights experiencing notably delayed service durations. This
statistical property closely aligns with observations from non-peak periods, during which
ground staff and equipment allocations occasionally lack urgency or timely scheduling,
thus causing certain service durations to significantly exceed the average. The flexibility of
the Burr distribution’s shape parameters facilitates its accurate fitting of this “concentrated
main body with a heavy tail” pattern, making it particularly suitable for modeling service
durations during non-peak periods.

The log-logistic distribution demonstrated consistently satisfactory fitting performance
across several classification conditions, indicating that the general characteristics of PWT
service durations are consistent with its underlying assumptions. The log-logistic distri-
bution is based on the assumption that the logarithm of the variable follows a logistic
distribution; it is commonly utilized in lifetime and survival analysis, particularly suited
for describing scenarios in which event occurrence rates initially increase and subsequently
decrease [28]. Compared to the lognormal distribution [29], the log-logistic distribution ex-
hibits an even heavier tail. In the context of aircraft ground handling time, this implies that
it can effectively capture normal variability as well as a considerable proportion of extreme
delays. In practical applications, the log-logistic distribution, owing to its mathematical
simplicity and pronounced heavy-tailed property, has been extensively applied in diverse
fields such as hydrology (e.g., flood levels), economics (wealth distributions), and network
transmission times, where a small proportion of extreme values substantially influences
the overall distribution [28]. Under various classification conditions, PWT service data
frequently exhibit right-skewness, characterized by tails decaying more gradually than
those of exponential distributions, thus indicating heavy-tailed behavior. The log-logistic
distribution possesses precisely this heavy-tailed characteristic and requires only two pa-
rameters to define its shape, thereby enabling stable and robust fits across various scenarios,
including peak periods and moderate temperature conditions. Beyond academia, parallel
findings exist in transportation practice; for example, studies that modeled bus travel times
during peak hours demonstrated that the log-logistic distribution adequately represents
travel time distributions [57]. This observation further underscores the broad applicability
and robustness of the log-logistic distribution. For PWT service, the majority of scenarios
display common characteristics such as unimodality, right-skewness, and a certain de-
gree of heavy-tailed behavior; the log-logistic distribution, due to its limited number of
parameters, effectively captures these fundamental attributes, thereby positioning itself as
a universally applicable distribution across multiple operational conditions.

4.5.3. Empirical Evidence and Practical Validation

From the perspectives of both aviation operations management and statistical analysis,
the selection of these specific probability distributions is clearly justified. Firstly, existing
research in airport ground handling [48,49] demonstrates that aircraft turnaround time is
influenced by multiple factors, including aircraft type, personnel and equipment availabil-
ity, and weather conditions. For example, a case study conducted at Kosice Airport [48]
measured the ground handling times of numerous flights, revealing that aircraft size,
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baggage quantity, cabin cleanliness, and weather significantly influence the duration of
each ground service element and consequently the overall turnaround time. Among these
factors, weather is particularly notable; adverse operating conditions such as extreme heat
or cold reduce staff efficiency and necessitate increased safety protocols. Empirical data [48]
indicate that ground services are significantly more susceptible to severe delays under these
conditions. This observation aligns closely with our analytical findings, which demonstrate
that service duration data under high- and low-temperature conditions require the stable
distribution to accurately fit their heavy-tailed characteristics. Furthermore, statistics on
flight delays corroborate the widespread occurrence of heavy-tailed phenomena under ex-
treme weather conditions; in the context of the U.S. air traffic control system, “weather is the
greatest cause of flight delays”, responsible for over 60% of delays exceeding 15 min [58].
This finding underscores the significant impact of adverse weather on generating abnor-
mally prolonged service durations, thus aligning with the heavily-tailed nature of PWT
service time distributions observed under high- or low-temperature scenarios.
Furthermore, empirical observations from actual airport operations offer supple-
mentary evidence concerning the differences in PWT service durations during peak and
non-peak hours. At large airports with highly congested flight schedules, peak hours often
feature tight schedules that offer minimal buffer time; consequently, once ground handling
for one aircraft experiences delays, the flight may miss its allocated slot, resulting in cas-
cading delays to subsequent flights [50]. This cascading effect aligns with the extreme-tail
phenomena characterized by heavy-tailed distributions, wherein a single service delay may
generate multiple subsequent flight delays, causing waiting times to grow in a power-law
manner. In contrast, during non-peak hours, when an aircraft arrives late or its service is
delayed, ground handling departments may reduce their operational urgency, considering
that the flight has already exceeded its scheduled window; thus, the service might be
rescheduled to a later time and carried out at a slower pace [50]. Greater flexibility in
service agreements during non-peak periods, along with potential reductions in nighttime
staffing levels, can contribute significantly to instances of exceptionally prolonged service
durations. Consequently, the heavy-tailed characteristic of the Burr distribution is necessary
to accurately represent service duration data during non-peak periods. Similar phenomena
can be observed in other transportation sectors; for instance, buses during non-peak hours
often exhibit higher variability in waiting times, and empirical analyses frequently reveal
heavy tails, thus requiring log-logistic or Burr distributions for accurate modeling [56,57].
Finally, from the broader perspective of statistical theory, the selection of these specific
probability distributions is further validated. The utilization of heavy-tailed distributions
has gained widespread recognition in recent decades, primarily due to the frequent oc-
currence of real-world phenomena—such as communication network traffic, financial
returns, and meteorological disasters—which typically exhibit “high-frequency normal
values coupled with low-frequency extreme values”, resulting in long-tailed characteris-
tics [59]. The stable family (excluding its special case, the normal distribution) represents a
classical group of heavy-tailed distributions, widely utilized for modeling data that exhibit
potentially infinite variance [55]. Notably, renowned statistician John Nolan and others
have extensively discussed the significance of stable distributions for modeling heavy-
tailed phenomena [60]. Likewise, the Burr [34] and log-logistic [28] distributions are widely
recognized as common heavy-tailed distributions in the literature. Their tail probabilities
decay considerably more slowly than those of exponential distributions, implying that
even after prolonged waiting periods, there remains a non-negligible probability of en-
countering further delays [54]. This aligns closely with the occurrence of sporadic extreme
delays observed in aircraft ground handling operations. Other airports with operational
characteristics resembling those examined in this study (e.g., highly congested or harsh-
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climate airports) are likely to exhibit similar heavy-tailed behavioral patterns in ground
handling times, thereby necessitating comparable statistical models for accurate charac-
terization. For instance, Newark Airport in New York frequently experiences cumulative
delays under adverse weather conditions [58], illustrating that when high operational
demands coincide with unfavorable conditions, the tail of the service time distribution
tends to become significantly heavier, consistent with the empirical trends identified in
the current study. In summary, from both airport management and statistical analysis
perspectives, the application of stable, Burr, and log-logistic distributions to model PWT
service durations across the various scenarios explored is well-founded. The heavy-tailed
nature of these distributions aligns closely with the empirical characteristics observed in
PWT operational data; this alignment is further supported by the existing literature and
empirical case studies, reinforcing the validity and reliability of our conclusions.

4.6. Numerical Simulation of PWT Requirements

Comparison with prior studies further positions our findings within the broader
research context. Consistent with earlier research, our study reinforces that accurate
modeling of service durations requires consideration of variability and uncertainty. For
instance, Kwasiborska [5] emphasized the significance of realistic service time distributions,
Lao [8] demonstrated that variability in ground handling impacts turnaround performance,
and Sheibani [6] highlighted the importance of stochastic scheduling to address operational
uncertainty. Extending beyond these studies, our analysis specifically identifies optimal
heavy-tailed distributions tailored to different operational scenarios, a detail that previous
research had not explicitly established.

To validate the effectiveness of the proposed probability distributions—namely, the sta-
ble distribution for peak periods and the Burr distribution for non-peak periods—identified
in the present study, we conducted comprehensive numerical simulations of potable water
truck (PWT) requirements at ZBAD and ZSPD. Service durations were randomly generated
from the fitted distributions, corresponding to the respective operational contexts (peak
and non-peak periods), thereby accurately capturing real-world variability and concurrent
truck utilization.

The simulation results demonstrated a close alignment with the actual operational
requirements for trucks at both airports. At ZBAD, the proposed probability distribution
models accurately estimated the requirement of 12 PWTs, precisely matching the actual ob-
served demand. In contrast, traditional estimation methods substantially underestimated
resource requirements: utilizing a fixed average service duration led to a prediction of only
9 trucks, resulting in a deviation of approximately 25%; meanwhile, an assumption based
on a normal distribution predicted 10 trucks, thus underestimating the actual requirement
by about 17%. Similarly, at ZSPD, simulations employing the stable and Burr distribu-
tion models provided accurate estimations, precisely reflecting the actual requirement
of 15 PWTs. Alternative conventional methods exhibited notable inaccuracies: the fixed
average method forecasted only 12 trucks, representing a shortfall of 20%, while the normal
distribution-based method forecasted 13 trucks, leading to a 13% underestimation. Table 5
summarizes these comparisons, highlighting the notably superior predictive accuracy of
the proposed probabilistic models in comparison to conventional estimation approaches.

This comparative analysis demonstrates that traditional assumptions, such as the
fixed-average and normal distribution methods, fail to sufficiently account for actual op-
erational variability, particularly the heavy-tailed and skewed characteristics intrinsic to
service durations. These conventional methods consistently resulted in underestimations
of resource requirements, thus increasing the risk of operational delays during peak peri-
ods. In contrast, the proposed stable and Burr distributions effectively captured realistic
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operational variability, accurately representing extreme scenarios in service durations. Con-
sequently, these distributions facilitate robust and precise guidance for resource allocation,
significantly improving operational reliability and efficiency. This validation underscores
the importance of adopting statistically rigorous heavy-tailed distributions to inform and
enhance strategic decision-making in resource planning at major airports.

Table 5. Comparison of various estimation methods for predicted PWT usage and their deviation
from actual values at airports ZBAD and ZSPD.

Airport Estimation Method Nul?x;: of DeXi:ltli:ln(g ;) m
Proposed PD model 12 0% (matches actual)
ZBAD Fixed average time 9 —25% (underestimated)
Normal distribution 10 —17% (underestimated)
Proposed PD model 15 0% (matches actual)
ZSPD Fixed average time 12 —20% (underestimated)
Normal distribution 13 —13% (underestimated)

5. Conclusions

This study provided a comprehensive statistical analysis of PWT service durations
at ZBAD and ZSPD. By rigorously evaluating 20 probability distributions under context-
dependent operational scenarios—including peak and non-peak periods, temperature
variations, and aircraft sizes—this research delivered valuable insights into accurately
modeling service durations for effective resource allocation.

The stable distribution significantly outperformed alternatives in modeling service
durations during peak operational periods, effectively capturing the heavy-tailed behaviors
caused by stringent operational schedules. Conversely, the Burr distribution excelled under
non-peak scenarios, accurately reflecting the higher variability due to flexible scheduling
practices. Temperature-based segmentation revealed statistically similar service dura-
tion distributions under extremely high and low temperatures, challenging conventional
temperature-based resource allocation assumptions. Several factors could explain this
result. First, the sample sizes for both extreme-high- and extreme-low-temperature sce-
narios are relatively small, which limits the power of statistical tests to detect differences.
Second, there may be confounding operational practices. For instance, during both very
hot and very cold weather, ground crews and equipment are often adjusted (e.g., additional
staff deployment or specialized procedures) to mitigate weather-related delays, leading
to comparable service times under both extremes. Third, the temperature classification
itself might have influenced the outcome: if our threshold for “extreme” temperatures
grouped a broad range of conditions together, or if temperature readings were not precise,
then genuine differences could have been masked. We highlight these possibilities to urge
cautious interpretation of this counterintuitive finding, and we encourage further research
to investigate service performance under extreme weather conditions. Furthermore, aircraft
size analysis identified the Burr distribution as the optimal model for large aircraft, whereas
stable and log-logistic distributions were optimal for medium-sized aircraft.

Numerical simulations validated these results, demonstrating the superior accuracy of
the proposed models compared to traditional methods in predicting the number of required
PWTs, reducing estimation errors by 13% to 25%.
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The applicability of the proposed models is grounded in extensive empirical data
from ZBAD and ZSPD, ensuring their robustness for large airports with similar traffic vol-
umes and operational contexts. However, caution should be exercised when generalizing
these findings to smaller airports or those with significantly different operational rules.
Additional verification would be necessary to confirm the suitability of these heavy-tailed
distributions in diverse contexts. Moreover, the parameter estimation of the stable distri-
bution depends critically on the availability of extensive data; thus, practical deployment
necessitates establishing robust data collection mechanisms.

Additionally, the methodology proposed in this research holds significant potential
for broader applications beyond PWTs. Due to their similar operational characteristics and
variability patterns, other types of airport ground support equipment—such as sewage
trucks, garbage trucks, and shuttle buses—could benefit from the proposed heavy-tailed
distribution modeling approach. Future studies might also extend this method to various
ground handling processes (e.g., fueling, baggage handling, or catering) to assess potential
efficiency improvements. Furthermore, integrating our context-sensitive probabilistic
models into real-time scheduling and resource allocation systems represents a promising
direction; for instance, developing an intelligent decision-support tool that dynamically
selects optimal probability distributions based on changing operational conditions could
significantly enhance responsiveness and accuracy. Gathering more extensive and diverse
datasets from additional airports and spanning longer periods would also be valuable
for validating and refining model parameters, thus improving the generalizability of our
findings. Finally, exploring hybrid modeling approaches that combine statistical techniques
with machine learning methods could further enhance predictive accuracy. By pursuing
these research directions, researchers and practitioners can build on our methodology,
improving airport ground handling efficiency, operational reliability, and adaptability
across diverse contexts.
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Abbreviations

The following abbreviations are used in this manuscript:

A-CDM  Airport-Collaborative Decision Making
CAAC Civil Aviation Administration of China

CL Confidence Level
IBT In-Block Time
ICAO International Civil Aviation Organization

NOAA  National Oceanic and Atmospheric Administration’s Climate
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OBT Off-Block Time

PD Probability Distribution

PDF Probability Density Function

PWT Potable Water Truck

ZBAD Beijing Daxing International Airport
ZSPD Shanghai Pudong International Airport
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