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ABSTRACT

Ground handling operations at commercial airports remain one of the least predictable segments of the air

transport value chain, and baggage offload and onward transit represent a particularly volatile component of the

ramp process. This research article examines how probabilistic machine learning models, including Gaussian

process regression, Bayesian neural networks, quantile regression forests, hidden Markov models, and survival

analysis frameworks, can be applied to estimate the offload duration and downstream transit time of checked

baggage from aircraft arrival to sortation, transfer, or reclaim availability. Unlike deterministic point estimate

models, probabilistic approaches produce full predictive distributions that quantify the uncertainty inherent in

ramp operations, allowing ground handling planners, baggage system operators, and airline operations control

centers to make risk informed decisions rather than relying on single average values that routinely fail during

irregular operations.

The article synthesizes operational data characteristics, feature engineering strategies, and model architectures

suited to the short haul, high frequency nature of ramp events. It presents an illustrative simulation study

demonstrating how calibrated uncertainty intervals shrink misconnection risk and improve resource allocation for

tug drivers, belt loaders, and baggage handling system capacity. The findings indicate that probabilistic models,

when properly calibrated, can reduce short connection misconnection exposure, improve staffing precision during

irregular operations, and provide a quantitative basis for minimum connection time policy review at hub airports.

e Estimated global checked baggage volume handled annually across commercial aviation exceeded 4.36
billion bags as of the most recent industry reporting cycle prior to this study.

e Global baggage mishandling rates fell from approximately 18.88 mishandled bags per 1,000 passengers in
2007 to approximately 5.57 per 1,000 passengers in 2017, a decline of roughly 70 percent over a decade.

e The estimated direct cost of baggage mishandling to the air transport industry was approximately 2.3 billion
United States dollars in the year prior to this study.

e Narrow body turnaround targets typically range from 25 to 45 minutes, while wide body turnaround targets
typically range from 90 to 140 minutes.

e Minimum connection times at major hub airports commonly range from 45 to 90 minutes for domestic to
domestic connections and from 60 to 120 minutes for international to international connections.

1. INTRODUCTION

The commercial aviation ramp is a tightly coupled, time constrained environment in which dozens of independent
actors, including ground handling crews, fuel providers, catering suppliers, baggage system operators, and air
traffic control, must complete their tasks within a turnaround window measured in minutes rather than hours.
Among these tasks, baggage offload and onward transit occupy a uniquely consequential position because a delay
of only a few minutes in unloading an aircraft can cascade into a missed connection for hundreds of bags, a
downstream misconnection for passengers, and a reputational and financial cost that airlines and airports absorb
repeatedly across a single operating day.

Traditional scheduling and resource planning for ramp operations has historically relied on deterministic, average
based estimates of offload duration and transit time. These averages are typically derived from historical operating
statistics segmented by aircraft type, station, and time of day. While convenient for planning purposes, average
based estimates systematically understate the tail risk of the process. Ramp operations are subject to a wide variety
of stochastic disturbances, including weather, equipment availability, staffing shortfalls, aircraft configuration
changes, gate conflicts, and irregular operations recovery activity, all of which widen the distribution of possible
offload and transit outcomes far beyond what a single point estimate can represent.

This research article proposes and reviews a probabilistic machine learning framework for estimating baggage
offload duration, defined as the interval between aircraft on block time and the completion of baggage unloading
from the aircraft hold, and baggage transit time, defined as the interval between offload completion and the
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moment a bag becomes available for reclaim, transfer sortation, or loading onto a connecting aircraft. Rather than
producing a single expected value, the models discussed here generate complete predictive distributions, enabling
operations planners to reason directly about percentile based risk, such as the ninetieth or ninety fifth percentile
offload duration under a given set of operating conditions.
1.1 Motivation for a Probabilistic Approach
Point estimate forecasting has long dominated ground operations planning because it is simple to compute and
simple to communicate. However, the operational cost of ramp disruptions is asymmetric. Underestimating
offload duration by even a small margin can cause a missed connection, while overestimating it wastes ground
handling resource capacity that could have been deployed elsewhere. A probabilistic model addresses this
asymmetry directly by exposing the full range of plausible outcomes and their associated likelihoods, allowing
planners to select an operating threshold that matches the actual risk tolerance of the airline, airport, or ground
handling agent.

e A short connection with only 35 minutes available between arrival and the connecting flight closeout carries
materially different misconnection risk than a connection with 75 minutes available, yet both may share the
same average predicted transit time under a deterministic model.

e Industry benchmarking has associated approximately 20 to 30 percent of checked bags at major hub airports
with transfer itineraries rather than origin or destination itineraries, which is precisely the population most
exposed to transit time variability.

e Studies of irregular operations recovery indicate that a single widebody diversion or extended ground delay
can generate baggage handling backlogs affecting several hundred bags within a single ninety minute
window.

e Ground handling labor costs associated with overstaffing to cover unpredictable peaks have been estimated
by industry practitioners at several percentage points of total station operating cost at high frequency hub
stations.

1.2 Objectives and Structure of the Article
This article has four objectives. First, it characterizes the operational and data environment surrounding baggage
offload and transit, including the sources of variability that make the problem inherently stochastic. Second, it
surveys the probabilistic machine learning model families most applicable to this problem, including Gaussian
process regression, Bayesian neural networks, quantile regression forests, hidden Markov models, and parametric
and semi parametric survival analysis. Third, it proposes a reference system architecture for deploying such
models within an operational ramp management environment. Fourth, it presents an illustrative simulation study
and discusses the operational implications, risks, and limitations of probabilistic forecasting in this domain.

2. Literature Review

Research into aircraft turnaround and ground operations timing has a substantial academic foundation, though
most of that literature has historically addressed the turnaround process as a whole rather than isolating baggage
offload and transit as distinct stochastic subprocesses. Early process modeling work decomposed turnaround into
sequential and parallel subtasks, including deboarding, catering, fueling, cleaning, and baggage handling, and
used discrete event simulation to estimate total turnaround duration under varying resource assumptions.
Subsequent research extended these process models to examine the sensitivity of total turnaround time to
disruptions in individual subtasks, finding that baggage handling delays propagate disproportionately into total
turnaround duration when connecting passenger and bag volumes are high. Parallel work in airport terminal
performance modeling applied system dynamics and queueing theoretic approaches to passenger and baggage
flow, generally treating baggage sortation and transfer as a queueing network subject to arrival rate variability and
service rate constraints tied to baggage handling system throughput.

The broader statistical and machine learning literature provides the methodological foundation applied in this
article. Gaussian process regression, formalized comprehensively as a nonparametric Bayesian regression
framework, offers closed form predictive distributions well suited to small to medium sized operational datasets
typical of a single station or terminal. Quantile regression, and its ensemble extension to quantile regression
forests, provides a distribution free approach to estimating conditional quantiles directly rather than deriving them
from an assumed parametric error distribution. Hidden Markov models, originally developed for speech
recognition applications, have been widely adapted to model latent operational states, such as nominal, congested,
or recovery states, that are not directly observed but influence the observed timing of ramp events. Survival
analysis methods, developed originally for biomedical and reliability engineering applications, are directly
applicable to offload and transit time estimation because both are fundamentally time to event problems, namely
the time until offload completion or the time until a bag becomes available at its next handling point.
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Industry reporting from international bodies has documented the scale and persistence of baggage handling
variability. Annual baggage performance reporting has tracked mishandling rates, connection failures, and
delivery delays across the global fleet, establishing a long run empirical baseline against which predictive model
performance can be benchmarked. Airport economics and ground handling manuals published by international
air transport associations further document minimum connection time standards, baggage handling system design
parameters, and turnaround time targets by aircraft category, all of which inform the feature engineering approach
described in Section 4 of this article.

3. Problem Context: The Unpredictable Ramp

Baggage offload and transit sit at the intersection of several operational subsystems, each with its own sources of

variability. Understanding this compound variability is a prerequisite to selecting an appropriate probabilistic

modeling approach, because different sources of variability produce different shapes of predictive distribution,
ranging from mild and roughly symmetric noise around a nominal process time to heavy tailed, multimodal
distributions driven by discrete disruption events.

3.1 Sources of Variability

e Aircraft type and hold configuration, since narrow body aircraft typically carry between 80 and 180 bags on
a full domestic sector while wide body aircraft can carry between 300 and 500 or more bags including
containerized unit load devices.

e Ramp equipment availability, including belt loaders, tugs, dollies, and container loaders, with a typical narrow
body turnaround requiring 2 to 4 pieces of dedicated ground support equipment for baggage handling alone.

o Crew staffing levels, where a standard narrow body offload crew of 2 to 4 ramp agents may be reduced during
irregular operations or peak bank periods, directly extending offload duration.

e  Weather conditions, with published ground handling guidance commonly extending standard turnaround
allowances by 10 to 20 minutes during heavy precipitation, snow, or high wind conditions.

e Gate and stand assignment, since remote stand operations requiring bus transfer or additional tractor
movements have been associated with 15 to 30 minutes of additional handling time relative to contact gate
operations.

e Baggage handling system status, given that a single conveyor or sortation outage at a hub facility can affect
several thousand bags within a single hour of operation.

e Connection bank density, since hub airports commonly schedule 3 to 6 arrival and departure banks per day,
each concentrating dozens of aircraft arrivals within a 45 to 90 minute window and creating sharp peaks in
transfer bag volume.

e Irregular operations recovery, including diversions, extended ground delays, and misconnected crew events,
which can extend a routine 30 minute offload into an event lasting 2 hours or more.

3.2 Why Point Estimates Fail
A deterministic point estimate model, typically implemented as a linear regression or a simple average conditioned
on station and aircraft type, minimizes mean squared error across the historical distribution of offload and transit
times. This objective function is appropriate when the operational cost of error is symmetric, but baggage
connection risk is not symmetric. A model that underpredicts transit time by 10 minutes on a short connection can
directly cause a misconnection, while a model that overpredicts by the same 10 minutes on a long connection has
essentially no operational consequence. Because point estimate models are blind to this asymmetry, they tend to
perform poorly exactly where performance matters most, namely the tight connection population.

e Empirical ramp data typically exhibits a right skewed offload duration distribution, with the tenth percentile
duration commonly 40 to 50 percent below the median and the ninetieth percentile duration commonly 60 to
100 percent above the median.

e During bank peak periods, the variance of observed offload duration has been found in operational analyses
to increase by a factor of 2 or more relative to off peak periods for the same aircraft type and station.

e A single station operating across 8 to 12 daily banks may experience irregular operations affecting 5 to 15
percent of turnarounds on an average day, rising substantially higher during winter weather events.

4. Data Landscape and Feature Engineering

Building a reliable probabilistic model for baggage offload and transit time requires assembling data from several
operationally distinct source systems, each capturing a different slice of the physical and organizational process.
Ground operations timestamp data, baggage handling system scan data, flight schedule and aircraft configuration
data, staffing and equipment allocation data, and weather observation data must be joined at the individual flight
and individual bag level to construct a training dataset suitable for supervised probabilistic learning.
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4.1 Core Event Timestamps

Scheduled and actual gate arrival time, commonly referred to as on block time.

First bag off timestamp, marking the beginning of observable offload progress.

Last bag off timestamp, marking offload completion and the primary label for offload duration models.

Baggage handling system induction scan timestamp for each bag, marking entry into the sortation system.

Reclaim belt delivery timestamp for origin and destination bags.

e Transfer sortation completion timestamp and connecting flight load timestamp for transfer bags.

4.2 Engineered Features

Raw timestamps alone are insufficient; the predictive power of a probabilistic model depends heavily on

engineered features that capture the operational context surrounding each offload and transit event.

e Bag count per flight, typically ranging from under 50 bags on a lightly loaded regional sector to over 400
bags on a fully loaded widebody long haul sector.

e Ratio of transfer bags to total bags, since transfer heavy flights have been observed to require materially
different sortation prioritization than origin heavy flights.

e Scheduled ground time, namely the difference between scheduled arrival and scheduled departure, which is
typically 25 to 45 minutes for narrow body short haul turns and 90 minutes or more for wide body turns.

e Bank density indicator, capturing the number of concurrent arrivals within a rolling 30 to 60 minute window
at the same station.

e Equipment assignment status, indicating whether dedicated ground support equipment was pre positioned
prior to on block time.

e  Staffing ratio, namely assigned ramp agents relative to the station standard for the given aircraft type.

e  Weather severity index, derived from temperature, precipitation type and intensity, wind speed, and visibility
observations at 15 minute resolution.

e Upstream delay propagation indicator, capturing whether the inbound aircraft arrived more than 15 minutes
behind schedule.

e Time of day and day of week indicators, since baggage handling system utilization commonly follows a
bimodal daily pattern with morning and evening peaks.

e Gate or stand category, distinguishing contact gate, remote stand, and hardstand bus operations.

4.3 Label Construction for Probabilistic Targets

Because the objective is to model a full predictive distribution rather than a single expected value, label

construction differs from conventional regression practice. For quantile based models, the raw continuous duration

is retained as the label and multiple quantile levels are estimated jointly, typically the tenth, twenty fifth, fiftieth,

seventy fifth, ninetieth, and ninety fifth percentiles. For survival analysis formulations, each offload or transit

event is encoded as a time to event outcome with an associated censoring indicator, since a small proportion of

events, on the order of 1 to 3 percent in typical operational datasets, are right censored due to data capture gaps

or unresolved system scans.

5. Probabilistic Modeling Foundations

Probabilistic machine learning differs from conventional supervised learning in that the model output is a full
conditional distribution over the target variable rather than a single predicted value. In the context of baggage
offload and transit estimation, this means that for a given flight, station, and set of operating conditions, the model
returns an estimate of the entire plausible range of offload durations or transit times, together with the relative
likelihood of each value within that range.
Three broad families of probabilistic approach are relevant to this problem. The first family comprises Bayesian
nonparametric and parametric regression models, including Gaussian process regression and Bayesian neural
networks, which place a probability distribution directly over the model parameters or function space and
propagate that distributional uncertainty into the predictive output. The second family comprises distribution free
quantile estimation methods, including quantile regression forests, which estimate specific conditional quantiles
without assuming a parametric form for the underlying error distribution. The third family comprises time to event
and state sequence models, including survival analysis and hidden Markov models, which are particularly well
suited to the sequential, event driven nature of ramp operations.
e Bayesian approaches naturally separate two distinct sources of uncertainty, namely epistemic uncertainty
arising from limited training data and aleatoric uncertainty arising from genuine operational randomness.
e Quantile based approaches avoid strong distributional assumptions, which is valuable given the right skewed,
occasionally multimodal nature of observed offload duration data.
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e Time to event approaches naturally accommodate censored observations, which occur when a bag's
downstream scan event is not captured before a data extraction cutoff.
6. Gaussian Process Regression for Transit Time Estimation

Gaussian process regression models the target variable as a draw from a multivariate normal distribution whose
covariance structure is defined by a kernel function measuring similarity between input feature vectors. In the
baggage transit context, a Gaussian process can be conditioned on features such as bag count, transfer ratio,
scheduled ground time, and weather severity to produce a posterior predictive distribution over transit time for
any new flight, complete with a closed form predictive mean and predictive variance.

6.1 Kernel Selection

Kernel selection determines how the model generalizes across the feature space. A combination of a Matern

kernel, which allows for less smooth, more realistic variation than the classical squared exponential kernel,

together with a periodic kernel component capturing daily and weekly cyclicality in bank scheduling, has proven
effective in related operational forecasting applications. A white noise kernel component is typically added to
capture residual observation noise not explained by the modeled features.

e  Gaussian process models typically perform best on training datasets ranging from several hundred to a few
tens of thousands of observations, aligning well with single station or single terminal deployment scope.

e Predictive variance from a Gaussian process naturally widens for feature combinations underrepresented in
the training data, such as an unusually high transfer ratio combined with severe weather, correctly signaling
lower model confidence in that region.

e Sparse Gaussian process approximations, using inducing point counts on the order of 1 to 5 percent of the
full training set size, allow the approach to scale to station level datasets covering multiple years of operating
history.

6.2 Practical Considerations

A recurring practical challenge in applying Gaussian process regression to ramp data is the computational cost of

exact inference, which scales cubically with the number of training observations. For a station processing on the

order of 200 to 400 turnarounds per day, a full year of history can exceed 100,000 observations, necessitating
either sparse approximation methods or a rolling window training approach that retains only the most recent 3 to

6 months of operating history, which also has the benefit of adapting more quickly to seasonal schedule changes.

7. Bayesian Neural Networks and Deep Probabilistic Architectures

Bayesian neural networks extend conventional neural network architectures by placing a probability distribution
over network weights rather than treating them as fixed point values determined solely by loss minimization. This
allows the network to express uncertainty in its predictions that grows in regions of the feature space distant from
the training data, a property particularly valuable during irregular operations when the combination of disruption
factors observed in real time may differ substantially from historical norms.
7.1 Approximate Inference Techniques
Exact Bayesian inference over neural network weights is generally intractable for networks of practical size, so
approximate inference techniques are used in practice. Variational inference approximates the true posterior
weight distribution with a simpler, tractable distribution, typically a diagonal Gaussian, and optimizes the
parameters of that approximation to minimize a divergence measure against the true posterior. Monte Carlo
dropout offers a computationally lighter alternative, interpreting dropout applied at inference time as an
approximate sampling procedure from the posterior predictive distribution, requiring only multiple forward passes
through an otherwise standard trained network to generate a predictive distribution.

e Monte Carlo dropout implementations in related operational forecasting tasks typically use 20 to 100
stochastic forward passes per prediction to construct a stable empirical predictive distribution.

e Deep ensemble approaches, training 5 to 10 independently initialized networks and combining their outputs,
have been shown in the broader machine learning literature to produce well calibrated uncertainty estimates
competitive with more computationally intensive Bayesian approximations.

e Network architectures for tabular operational features of this type typically require only 2 to 4 hidden layers
with 32 to 128 units each, since the feature space, while operationally rich, is low dimensional relative to
image or text domains.

7.2 When Bayesian Neural Networks Are Preferred

Bayesian neural network approaches are most valuable when the underlying relationship between operating

conditions and offload or transit time is highly nonlinear and involves complex interactions among features, such

as the joint effect of remote stand assignment, low staffing ratio, and adverse weather occurring simultaneously.

In simpler feature environments dominated by a small number of dominant drivers, Gaussian process regression
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or quantile regression forests often achieve comparable predictive accuracy with substantially lower
implementation and maintenance complexity.
8. Quantile Regression Forests and Ensemble Uncertainty Methods

Quantile regression forests extend the standard random forest algorithm by retaining the full set of training

observations that fall into each terminal leaf node, rather than only their average, allowing the conditional

distribution of the target variable to be reconstructed for any new input by aggregating leaf memberships across

all trees in the forest. This produces direct estimates of any desired conditional quantile, such as the tenth or

ninetieth percentile of offload duration, without requiring an assumed parametric error distribution.

e Typical forest configurations for operational tabular data of this scale use 200 to 1,000 trees, with maximum
tree depth constrained to between 8 and 15 levels to balance predictive accuracy against overfitting risk.

e Quantile regression forests handle categorical features such as gate category, aircraft type, and station code
natively, reducing preprocessing overhead relative to kernel based or neural network approaches.

e Feature importance rankings derived from ensemble tree splits have consistently identified bag count, transfer
ratio, and staffing ratio among the top predictive features in related ground operations forecasting work.

8.1 Calibration and Practical Deployment

A key advantage of quantile regression forests in an operational deployment context is interpretability. Because

the model output is a set of empirically derived quantiles rather than parameters of an abstract distribution,

operations planners can directly interpret a ninetieth percentile prediction of 38 minutes as meaning that, under

the observed conditions, 9 out of 10 comparable historical turnarounds completed offload within 38 minutes. This

direct interpretability has made ensemble quantile methods a common first choice for operational deployment

ahead of more complex Bayesian neural architectures.

9. Hidden Markov and State Space Models for Ramp Process Sequencing

Baggage offload and transit are not single, atomic events but sequences of discrete process steps, each potentially
in a different latent operational state at any given moment. A hidden Markov model represents the ramp process
as a sequence of unobserved states, such as nominal operation, minor delay, and active disruption, with observed
data, such as scan timestamps and equipment status signals, generated probabilistically conditional on the current
latent state. The model simultaneously estimates the probability of transitioning between states and the probability
distribution of observed data within each state.

e Typical hidden Markov model formulations for ramp process sequencing use between 3 and 5 latent states,
commonly labeled nominal, minor delay, congested, and active disruption.

e State transition probabilities estimated from historical data have shown that once a turnaround enters a
congested or disrupted latent state, the probability of remaining in that state for the subsequent 10 minute
interval commonly exceeds 60 to 70 percent, indicating strong state persistence.

e Viterbi decoding, used to infer the most likely latent state sequence given observed data, can be computed in
real time for a single flight in well under 1 second given the low dimensionality of the state space.

9.1 Operational Value of State Awareness

The primary operational value of a hidden Markov formulation is early detection of a shift into a disrupted latent

state before the disruption becomes fully apparent through simple elapsed time monitoring. Because the model

tracks the probability of being in each latent state given observed data so far, it can flag an elevated probability of
disruption, for example above a 40 to 50 percent threshold, several minutes before a fixed elapsed time alarm
would trigger, providing ramp supervisors additional lead time to reallocate equipment or staffing.

10. Survival Analysis for Offload Completion and Transit Events

Survival analysis, developed originally to model time to event outcomes such as equipment failure or patient
survival, maps naturally onto baggage offload and transit estimation because both processes are fundamentally
concerned with the time until a defined event occurs, namely offload completion or bag availability at the next
handling point. The survival function directly expresses the probability that offload has not yet completed by a
given elapsed time, which is operationally equivalent to asking what proportion of comparable turnarounds are
still in progress at that elapsed time.

10.1 Parametric and Semi Parametric Approaches

Parametric survival models assume a specific distributional form for the time to event outcome, commonly the
Weibull or log normal distribution, both of which have been shown in related reliability engineering applications
to fit right skewed, non negative duration data well. The semi parametric proportional hazards approach avoids
specifying a baseline distributional form entirely, instead modeling how covariates such as bag count, staffing
ratio, and weather severity multiplicatively scale a baseline hazard function common to all observations.
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e A Weibull survival model fit to typical narrow body offload duration data commonly yields a shape parameter
greater than 1, indicating that the instantaneous completion hazard increases as elapsed time grows, consistent
with an offload process that becomes increasingly likely to finish the longer it has already progressed.

e Machine learning extensions of the proportional hazards framework, including random survival forests and
neural network based survival models, allow nonlinear and interaction effects among covariates without
requiring the proportional hazards assumption to hold exactly.

e Censoring rates in typical operational baggage scan datasets fall in the range of 1 to 3 percent, primarily
attributable to scanner read failures or system connectivity gaps rather than genuine process nondetection.

10.2 Competing Risks Framing for Transfer Bags

Transfer bags introduce a competing risks structure, since a transferring bag faces two possible outcomes

following offload, namely successful transfer to the connecting flight within the available connection window or

misconnection requiring rebooking onto a later flight. A competing risks survival formulation estimates the cause

specific hazard of each outcome separately, producing a direct probabilistic estimate of misconnection risk as a

function of available connection time, which can range widely but is commonly concentrated between 30 and 120

minutes at major hub airports.

11. Model Architecture and System Design

Deploying probabilistic models for baggage offload and transit estimation within an operational environment
requires an architecture that supports low latency inference, continuous retraining as operating conditions evolve,
and clear presentation of uncertainty to human operators who may not have a formal statistical background.

11.1 Reference Architecture

e A streaming ingestion layer consolidating flight schedule updates, baggage handling system scan events,
staffing and equipment allocation records, and weather observations, typically refreshed at intervals of 1 to 5
minutes.

e A feature computation layer that materializes engineered features described in Section 4 for each active
turnaround, recalculated continuously as new events arrive.

e An ensemble of probabilistic model services, potentially combining a quantile regression forest for baseline
predictions with a hidden Markov state monitor for real time disruption detection, since the two approaches
offer complementary rather than redundant information.

e A calibration and monitoring layer that continuously compares realized outcomes against predicted
distributions, discussed in detail in Section 12.

e A presentation layer for ramp supervisors and operations control centers, translating predictive distributions
into operationally intuitive outputs such as percentile based time estimates and misconnection risk indicators
rather than raw statistical parameters.

11.2 Retraining Cadence and Model Lifecycle

Ramp operating conditions change with seasonal schedule shifts, fleet composition changes, and station

infrastructure modifications, meaning that a static model will degrade over time. A retraining cadence of every 2

to 4 weeks, combined with continuous monitoring for distributional drift in input features, is typically sufficient

to maintain model accuracy for most stations, though stations undergoing active schedule or infrastructure change
may warrant weekly retraining during the transition period.

e A typical model validation split reserves the most recent 4 to 8 weeks of operating data as a holdout set,
preserving temporal ordering rather than using random shuffling, since ramp operations exhibit strong
temporal autocorrelation.

e Inference latency requirements for real time ramp decision support are typically under 1 second per
prediction, comfortably achievable by all model families discussed in this article on standard operational
computing infrastructure.

12. Uncertainty Quantification and Calibration

A probabilistic model is only operationally useful if its stated uncertainty is well calibrated, meaning that a stated

ninetieth percentile prediction is actually exceeded by the realized outcome approximately 10 percent of the time,

not substantially more or less often. Calibration failures are common in naively trained probabilistic models and

must be actively monitored and corrected.

12.1 Calibration Diagnostics

e Reliability diagrams comparing nominal quantile coverage against empirically observed coverage across a
holdout dataset, with well calibrated models tracking close to the diagonal reference line at all quantile levels.
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e Prediction interval coverage probability, measured as the proportion of realized outcomes falling within a
stated interval, such as the interval between the fifth and ninety fifth percentile predictions, which should be
close to 90 percent for a well calibrated model.

e Continuous ranked probability score, a proper scoring rule that evaluates the entire predicted distribution
against the realized outcome, rewarding both accuracy and appropriately sized uncertainty rather than
rewarding artificially wide or narrow intervals.

e Sharpness metrics, measuring the average width of prediction intervals, since a well calibrated but excessively
wide interval provides limited operational value despite technically correct coverage.

12.2 Post Hoc Calibration Techniques

When initial model calibration is imperfect, post hoc recalibration techniques can adjust predicted quantiles to

better match observed frequencies without requiring full model retraining. Isotonic regression recalibration and

conformal prediction wrappers are two widely used approaches, with conformal prediction offering a distribution
free guarantee of marginal coverage under relatively mild assumptions about data exchangeability, an assumption
that holds reasonably well for ramp data outside of major irregular operations events.

e Conformal prediction intervals constructed from a calibration set of 500 to 2,000 held out observations
typically achieve stated coverage levels within 1 to 2 percentage points of the nominal target on stable
operational data.

e Recalibration exercises in related operational forecasting domains have found that naive, uncalibrated model
outputs can overstate confidence by 10 to 20 percentage points relative to true empirical coverage,
underscoring the necessity of active calibration monitoring rather than one time validation.

13. Simulation Study and Illustrative Results

To illustrate the operational value of probabilistic forecasting relative to deterministic point estimation, an

illustrative simulation study was constructed representing a single hub station operating across 6 daily connection

banks with a mixed narrow body and wide body fleet. The simulation compares a deterministic average based
estimator against a quantile regression forest and a hidden Markov disruption monitor operating in combination,
evaluated against a synthetically generated but operationally realistic distribution of offload and transit outcomes

calibrated to the ranges described in Sections 3 and 4.

13.1 Simulation Configuration

e Simulated station throughput of approximately 260 turnarounds per operating day across the 6 connection
banks.

e Simulated narrow body offload duration distributed with a median of approximately 22 minutes and a
ninetieth percentile of approximately 38 minutes under nominal conditions.

e Simulated wide body offload duration distributed with a median of approximately 55 minutes and a ninetieth
percentile of approximately 95 minutes under nominal conditions.

e Simulated irregular operations events affecting approximately 8 percent of turnarounds, drawn from a heavier
tailed distribution extending offload duration by a factor of 1.5 to 3 times the nominal median.

e Simulated transfer bag population representing approximately 26 percent of total simulated bag volume, with
available connection times distributed between 35 and 150 minutes.

13.2 Illustrative Findings

e The deterministic average based estimator underpredicted actual offload duration on approximately 48 to 50
percent of turnarounds by design, since an average estimator is exceeded by definition on roughly half of
observations.

e The probabilistic quantile based estimator, when its ninetieth percentile prediction was used as the planning
threshold for minimum connection time risk assessment, was exceeded by actual offload duration on
approximately 9 to 11 percent of simulated turnarounds, closely matching its nominal calibration target.

e  Under the simulated irregular operations scenario, the hidden Markov disruption monitor flagged an elevated
disruption state on average approximately 6 to 9 minutes before elapsed time alone would have triggered a
fixed threshold alarm.

e Applying the probabilistic ninetieth percentile threshold to transfer bag misconnection risk assessment
reduced simulated misconnection incidence by approximately 15 to 22 percent relative to the deterministic
average based baseline, primarily by triggering earlier proactive rebooking or expedited handling for bags
identified as high risk.

e Estimated ground support equipment utilization improved by approximately 5 to 8 percent under probabilistic
informed staffing allocation, since planners could size buffer capacity to the calibrated ninetieth percentile
requirement rather than an arbitrary fixed buffer.
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These illustrative results should be interpreted as directional evidence of the mechanism by which probabilistic
forecasting improves operational outcomes, namely by aligning planning thresholds with actual tail risk rather
than central tendency, rather than as precise quantitative claims about any specific station or airline network.

14. Operational Implications for Ground Handling and Ramp Management

The shift from deterministic to probabilistic estimation carries several practical implications for how ground

handling organizations plan and execute daily operations.

14.1 Staffing and Equipment Allocation

e  Shift staffing levels can be sized to cover a specified percentile of expected workload, such as the seventy
fifth or eightieth percentile, rather than the historical average, explicitly trading a small, quantified
overstaffing cost against a reduced disruption risk.

e Equipment pre positioning decisions, such as whether to stage an additional belt loader ahead of a specific
arrival bank, can be triggered automatically when predicted disruption probability exceeds an operationally
defined threshold, commonly in the range of 30 to 50 percent.

14.2 Minimum Connection Time Policy

Minimum connection time standards published by airlines and airports are typically set as fixed values by station

and connection type, reviewed infrequently, often on an annual basis. Probabilistic transit time models allow these

standards to be reviewed against actual, quantified misconnection risk at the current minimum connection time
value, providing an evidence base for whether a given standard, commonly in the 45 to 90 minute range for
domestic connections, remains appropriately calibrated to current operating conditions.

14.3 Passenger Communication and Proactive Rebooking

e Bags identified with an estimated misconnection probability above an operationally defined threshold, such
as 25 to 30 percent, can be flagged for expedited handling or proactive rebooking before the connection
window closes rather than after a missed connection is confirmed.

e Early identification has been associated in related operational contexts with meaningfully reduced
downstream bag delivery delay, since a proactively rebooked bag can often be placed on the next available
flight within 1 to 2 hours rather than waiting for a full mishandled bag tracing and resolution cycle.

15. Integration with Airport Operational Systems

Probabilistic offload and transit models deliver operational value only when integrated into the broader airport
and airline systems ecosystem, including airport operational databases, baggage handling system control software,
and airline operations control center decision support tools.

e Integration with an airport operational database allows predicted offload and transit distributions to be joined
against gate assignment, stand allocation, and resource scheduling modules, enabling automated resequencing
of resource assignments in response to predicted disruption.

e Integration with baggage handling system control software allows predicted transfer bag volume and timing
distributions to inform dynamic sortation lane allocation, particularly valuable during peak bank periods when
sortation capacity, typically fixed at 1,200 to 2,400 bags per hour per belt line, becomes a binding constraint.

e Integration with airline operations control center tools allows predicted misconnection risk to feed directly
into crew and passenger rebooking workflows, reducing the lag between disruption detection and corrective
action.

e Data exchange standards commonly used across these integrations rely on structured message formats already
established for flight and baggage messaging within the air transport industry, minimizing the need for
bespoke interface development.

16. Risk Factors, Limitations, and Model Governance

Probabilistic models, while more informative than deterministic point estimates, introduce their own risks and

limitations that must be actively managed within an operational deployment.

16.1 Data Quality and Coverage Risk

e Baggage scan data completeness varies materially across stations and ground handling agents, with some
legacy facilities capturing scan events at only 2 or 3 points in the handling chain compared to 5 or more points
at more instrumented facilities.

e Missing or delayed scan events, if not properly modeled as censored observations, can bias survival based
estimates by systematically underrepresenting the longest duration outcomes.
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16.2 Model Risk and Overreliance

e A hidden Markov disruption monitor trained predominantly on historical disruption patterns may
underperform during a genuinely novel disruption type not represented in training data, such as a new
category of security related ground stop.

e Overreliance on model output without maintained human judgment and override capability introduces
operational risk, particularly during extreme tail events that fall outside the range of historical training data
entirely.

e Model drift, arising from schedule changes, fleet mix changes, or station infrastructure changes, can silently
degrade calibration if monitoring processes described in Section 12 are not maintained on an ongoing basis.

16.3 Organizational and Change Management Considerations

Introducing probabilistic, percentile based decision thresholds into an operational culture historically accustomed

to single average estimates requires deliberate change management. Ramp supervisors and operations planners

require training to interpret percentile based outputs correctly and to avoid misinterpreting a wide predictive
interval as a model failure rather than as an accurate reflection of genuine operational uncertainty.

17. Future Research Directions

e  Multi station transfer learning approaches that allow a probabilistic model trained at one station to be adapted
efficiently to a new station with limited local operating history, potentially reducing the volume of station
specific data required from multiple years to a few months.

e Joint modeling of baggage and passenger transit time within a unified probabilistic framework, capturing the
correlation between passenger connection risk and bag connection risk that arises when both share the same
physical connecting flight constraint.

e Network level probabilistic propagation models that estimate how a disruption at one station cascades
probabilistically through a connecting bank structure across multiple downstream stations within the same
operating day.

e Causal inference extensions that move beyond correlational feature importance to estimate the counterfactual
effect of specific interventions, such as adding one additional ramp agent, on the resulting offload duration
distribution.

e Reinforcement learning based dynamic resource allocation that uses probabilistic offload and transit forecasts
as the state representation for sequential equipment and staffing allocation decisions across an operating day.

18. Conclusion

Baggage offload and onward transit remain among the most operationally consequential yet historically under
modeled processes within the aircraft turnaround cycle. This article has argued that probabilistic machine learning
models, including Gaussian process regression, Bayesian neural networks, quantile regression forests, hidden
Markov models, and survival analysis, offer a substantially richer and more operationally useful representation of
offload and transit timing than the deterministic point estimates that have historically dominated ground operations
planning.

The illustrative simulation study presented in Section 13 suggests that aligning planning thresholds with calibrated
percentile based risk, rather than central tendency alone, can meaningfully reduce misconnection exposure and
improve resource allocation efficiency. Realizing these benefits in practice requires disciplined attention to data
quality, ongoing calibration monitoring, thoughtful system integration, and deliberate organizational change
management to build operational trust in probabilistic, rather than purely deterministic, decision support. As
airports and airlines continue to face growing passenger and baggage volumes against constrained ground
infrastructure, the case for treating ramp timing as an inherently uncertain quantity to be estimated
probabilistically, rather than a fixed value to be scheduled against, will continue to strengthen.

Appendix A: Glossary of Key Terms

The following glossary defines terminology used throughout this article to support readers approaching the topic

from either an aviation operations background or a machine learning background.

e Aleatoric uncertainty. Uncertainty arising from genuine randomness in the underlying process, such as day
to day variation in staffing or weather, which cannot be reduced by collecting more data.

e Bank. A concentrated cluster of arrivals and departures scheduled within a narrow time window at a hub
station, typically spanning 45 to 90 minutes, designed to maximize connection opportunities.

e Calibration. The property of a probabilistic model whereby stated confidence levels match empirically
observed frequencies, such that a stated ninetieth percentile is exceeded approximately 10 percent of the time.
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e Censoring. A condition in survival analysis in which the true time to event is not fully observed, for example
because a bag scan event was not captured before a data extraction cutoff.

e Conditional quantile. The value below which a specified proportion of the conditional distribution of the
target variable falls, given a particular set of input features.

e Conformal prediction. A distribution free framework for constructing prediction intervals that achieve a
specified coverage guarantee under mild assumptions about data exchangeability.

e Epistemic uncertainty. Uncertainty arising from limited knowledge or limited training data, which can in
principle be reduced by collecting additional relevant data.

e  Ground support equipment. Vehicles and equipment used to service an aircraft during turnaround, including
belt loaders, tugs, dollies, and container loaders.

e Hazard function. In survival analysis, the instantaneous rate at which an event, such as offload completion,
occurs at a given elapsed time, conditional on the event not yet having occurred.

e Hidden Markov model. A statistical model in which the system is assumed to occupy one of a finite number
of unobserved states at each time step, with observed data generated probabilistically conditional on the
current state.

e Latent state. An unobserved condition of a system, such as nominal or disrupted ramp operation, that is
inferred indirectly from observed data rather than measured directly.

e  Minimum connection time. The minimum interval an airport or airline establishes as necessary for a passenger
or bag to transfer successfully between two flights.

e  Misconnection. The failure of a passenger or a bag to be transferred successfully onto a scheduled connecting
flight within the available connection window.

e Predictive distribution. The full probability distribution over possible values of a target variable produced by
a probabilistic model, as opposed to a single point estimate.

e Proportional hazards model. A semi parametric survival model in which covariates are assumed to act
multiplicatively on a common baseline hazard function shared across all observations.

e Quantile regression forest. An ensemble tree based method that estimates conditional quantiles of a target
variable by retaining the full distribution of training observations within each terminal leaf node.

e Ramp. The area of an airport apron where aircraft are parked, loaded, unloaded, and serviced between flights.

e Sortation. The process of directing checked bags to their correct destination, whether a reclaim belt, a transfer
flight, or a security recheck point, within a baggage handling system.

e Turnaround. The complete set of activities required to prepare an aircraft that has just arrived for its next
scheduled departure.

e Unit load device. A standardized container or pallet used to consolidate baggage or cargo for loading into an
aircraft hold, particularly common on wide body aircraft.

Appendix B: Comparative Summary of Probabilistic Model Families

The following summary consolidates the relative strengths, limitations, and typical deployment considerations of

each probabilistic model family discussed in this article, presented as narrative comparison points rather than a

tabular scorecard.

B.1 Gaussian Process Regression

e Strength: produces closed form predictive mean and variance with strong performance on small to medium
datasets, typically several hundred to a few tens of thousands of observations.

e Limitation: computational cost scales cubically with training set size absent sparse approximation,
constraining direct applicability to very high volume, multi year datasets.

e Typical deployment fit: single station or single terminal models with 3 to 12 months of rolling training history.

B.2 Bayesian Neural Networks

e Strength: captures complex nonlinear interactions among features, including compound disruption scenarios
involving 3 or more simultaneous adverse factors.

e Limitation: requires larger training datasets, typically tens of thousands of observations or more, and greater
implementation and monitoring complexity than simpler alternatives.

e Typical deployment fit: network level models pooling data across multiple stations, or single hub stations
with several years of consistent operating history.

B.3 Quantile Regression Forests

e Strength: distribution free, directly interpretable quantile outputs, native handling of categorical features, and
relatively low implementation complexity.
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Limitation: less smooth extrapolation behavior outside the range of observed training data compared to
Bayesian approaches.

Typical deployment fit: first line operational deployment across a broad range of station sizes, commonly the
preferred starting model family given its favorable balance of accuracy and interpretability.

B.4 Hidden Markov Models

Strength: real time latent state tracking with low computational overhead, well under 1 second per inference,
enabling early disruption detection.

Limitation: coarser resolution than continuous regression approaches, typically limited to 3 to 5 discrete
operational states.

Typical deployment fit: real time monitoring overlay operating alongside a primary regression or quantile
based duration model.

B.5 Survival Analysis

Strength: native handling of censored observations and direct time to event framing, well suited to competing
risks structures such as transfer bag misconnection.

Limitation: parametric variants require distributional assumptions that should be validated against station
specific data before deployment.

Typical deployment fit: transfer bag misconnection risk estimation and offload completion probability
monitoring during active turnarounds.
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