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ABSTRACT

One common airline passenger problem is the frequent, excessive waiting time for public transport
during arrival. Primarily, this is due to mismatches between the uncertain passenger demand and
dispatch schedules. This often results in passenger spillover when vehicle capacities are insufficient.
This paper addresses an airport landside transportation scheduling problem that dynamically allocates
a heterogeneous fleet of public vehicles for airport-to-city and inter-airport routes. The proposed
model incorporates stochastic flight arrivals, passenger demand, vehicle capacity limitations, and
customer spillover over a planned time horizon. The problem is modeled as a stochastic mixed-integer
program and is solved through an SAA approach. Computational experiments are based on the
Cyprus airport transportation network and evaluate the impact of fleet heterogeneity, operational
costs, and environmental performance. The results demonstrate that integrating heterogeneous fleet
planning can substantially improve service responsiveness and reduce passenger spillover compared
to static scheduling policies.
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1 Introduction

Airport shuttle buses (ASBs) play an integral role in airport-landside transportation networks. These ASBs provide
a cost-effective and efficient mode of transportation to connect terminals to neighboring cities. The use of ASBs is
expected to grow as air travel demand increases worldwide alongside the shift towards more sustainable transport options.
In the case of Cyprus, between the two airports of Paphos (PFO) and Larnaca (LCA), roughly 13 million passengers
were processed in 2025. Consequently, operational decisions regarding fleet size, vehicle type, and scheduling begin to
play an increasingly important role in accommodating the increasing demand. In practice, these decisions are often
based on static dispatch policies that limit responsiveness to changing demand. As a result, if vehicle capacity is
insufficient at one point, passenger spillovers may occur, causing longer waiting times and reduced customer satisfaction.
With a more rigorous modeling approach, however, the objective is the development of a dynamic and responsive
economic ASB dispatch policy that can lead to an improved operational efficiency whilst meeting environmental and
sustainability objectives.

Prior contributions related to airport-landside transportation often work under deterministic assumptions; demand
and travel times are known quantities, where the goal is to optimize either departure timetables or departure frequen-
ciesFriedman (1976)Wu et al. (2022). The Airport Shuttle Bus Scheduling Problem (ASBSP) was introduced, which
addressed the structure of airport-to-city shuttle operations under the assumptions that the buses are homogeneous
and passenger time windows are fixed with deterministic demand assumptions Öner et al. (2021). Concurrently, other
urban transit efforts have moved toward stochastic formulations: robust optimization, chance-constrained models, and
scenario-based stochastic programming have been applied to bus transit scheduling, transit frequency setting, and
timetable synchronization Filabadi et al. (2022)Guo et al. (2022)Ansarilari et al. (2025). While all the aforementioned
contributions demonstrate the incorporation of uncertainty in the planning stage, they fail to prioritize the airport
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landside transit context, where stochastic flight arrivals are a major source of uncertainty, governing when and how
many passengers arrive at the terminal, whilst also assuming a homogeneous fleet of buses.

That being said, there is a field of research that examines heterogeneous fleet planning and dynamic scheduling in
transportation and logistics. Mixed capacity fleet models have consistently demonstrated cost and service advantages
over homogeneous fleet assumptions, especially because deploying right-sized vehicles reduces both excess capacity
and unmet demand Baldacci et al. (2008)Subramanyam et al. (2020).

No prior research has collectively modeled stochastic arrivals, uncertain passenger demand, heterogeneous vehicle
capacities, and passenger spillover within an agile framework across multi-route airport-to-city and inter-airport
operations. This existing gap leaves airport operations vulnerable due to the absence of decision support tools able
to continuously adapt to multiple uncertainties of flight delays and variations in demand. It is also worth noting that
the environmental performance of ground transport dispatch decisions, which are increasingly crucial given aviation
commitments to sustainability, remains rather unexamined in this context.

This paper addresses these gaps by proposing a stochastic mixed-integer programming model for scheduling a heteroge-
neous airport shuttle fleet under uncertain passenger demand. The paper makes three key contributions: (i) a stochastic
formulation that explicitly models passenger spillover under a heterogeneous fleet in the airport ground transportation
context; (ii) the implementation of a Sample Average Approximation (SAA) framework to evaluate scheduling decisions
under demand uncertainty; and (iii) a computational study based on the Cyprus airport transportation network, including
a comparison with a deterministic scheduling benchmark.

2 Model Formulation

2.1 Notation

Let O denote the set of origin airports, D the set of destinations, R ⊆ O ×D the set of feasible routes, Ro ⊆ R the
subset of routes originating from airport o ∈ O, T = {1, . . . , H} the set of planning periods, and K the set of vehicle
types.

The model parameters are defined as follows: drt denotes passenger demand on route r during period t; qk is the seating
capacity of vehicle type k; fr is the ticket revenue per passenger served; ekr is the operating cost of dispatching one
vehicle of type k on route r; gr is the waiting cost per passenger; lr is the penalty incurred for each lost customer; τr is
the route turnaround time; Mo

k is the number of available vehicles of type k stationed at origin airport o; Bo
k3

is the
battery budget for electric vehicles at origin o; and Br is the initial passenger backlog on route r.

The decision variables are xrtk, the number of vehicles of type k dispatched on route r during period t; yrt, the number
of passengers served; w(β1)

rt and w
(β2)
rt , representing passengers who have waited one and two periods, respectively; and

zrt, the number of passengers who abandon the system during period t. Unless otherwise stated, r ∈ R, t ∈ T , and
k ∈ K. The decision variables satisfy xrtk ∈ Z+ and yrt, w

(β1)
rt , w

(β2)
rt , zrt ≥ 0.

2.2 Model

Objective Function

max
∑
r∈R

∑
t∈T

fryrt −
∑
r∈R

∑
t∈T

∑
k∈K

ekrxrtk −
∑
r∈R

∑
t∈T

grwrt −
∑
r∈R

∑
t∈T

lrzrt (1)

Constraints

Initial one-period waiting
w

(β1)
r1 ≤ dr1, ∀r ∈ R (2)

This constraint ensures that the passengers going into the first period cannot be more than the new demand arriving in
that period.

One-period waiting update
wβ1

rt ≤ drt, ∀r ∈ R, t = 2, . . . , H (3)

Applies the same bounding as the first constraint but for the rest of the planning period. Waiting-age transition

wβ2

rt ≤ wβ1

r,t−1, ∀r ∈ R, t = 2, . . . , H (4)
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This constraint models the passenger aging by ensuring that two-period waiting passengers come from passengers who
have waited one period previously.

Passenger abandonment
zrt ≤ w

(β2)
r,t−1, ∀r ∈ R, t = 2, . . . , H (5)

This constraint enforces the waiting time cutoff policy by converting two-period waiting passengers in the previous
time step to lost customers in the current.

Initial passenger flow balance
Br + dr1 = yr1 + w

(β1)
r1 + w

(β2)
r1 ∀r ∈ R (6)

By accounting for the initial backlog, new arrivals, served passengers, and waiting passengers, this constraint establishes
passenger flow balance during the first planning period.

Passenger flow conservation

w
(β1)
r,t−1 + w

(β2)
r,t−1 + drt = yrt + zrt + w

(β1)
rt + w

(β2)
rt , ∀r ∈ R, t = 2, . . . , H − 1 (7)

Conserves passenger flow throughout the planning horizon by balancing carried-over passengers, new arrivals, served
passengers, lost customers, and updated waiting passengers.

Final-period passenger balance

w
(β1)
r,H−1 + w

(β2)
r,H−1 + drH = yrH + zrH , ∀r ∈ R (8)

This constraint ensures that all passengers still left in the system during the final planning period are either served or
classified as lost.

Terminal condition
w

(β1)
rH = w

(β2)
rH = 0, ∀r ∈ R (9)

This constraint prohibits passengers from waiting in the system past the planning horizon.

Vehicle capacity
yrt ≤

∑
k∈K

qkxrtk, ∀r ∈ R, t ∈ T (10)

This constraint ensures that the system does not assign more passengers to a route than the total seating capacity of the
vehicles to be dispatched on the given route and period.

Initial demand feasibility
yr1 ≤ Br + dr1, ∀r ∈ R (11)

Ensures that the number of passengers served in the first period cannot be more than the both the starting backlog and
newly arriving demand.

Demand feasibility
yrt ≤ w

(β1)
r,t−1 + w

(β2)
r,t−1 + drt, ∀r ∈ R, t = 2, . . . , H (12)

This constraint guarantees that the number of passengers served in each period cannot exceed the total number of
passengers currently available in the system.

Origin-specific fleet availability ∑
r∈Ro

xrtk ≤ Mo
k , ∀o ∈ O, k ∈ K, t ∈ T (13)

For each airport, this constraint ensures that the sum of dispatched vehicles of each type does not exceed the fleet size
of the origin airport of the vehicles.

Origin-specific vehicle continuity∑
r∈Ro

∑
θ: t≤θ+τr−1

xθrk ≤ Mo
k , ∀o ∈ O, k ∈ K, t ∈ T (14)
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Ensures that vehicles dispatched from each origin airport remain occupied for the duration of their assigned routes and
cannot be simultaneously assigned elsewhere. Electric vehicle battery constraint∑

r∈Ro

∑
t∈T

τrxrtk3 ≤ Bo
k3
, ∀o ∈ O (15)

Limits the cumulative operating time of electric vehicles assigned to each origin airport according to the available
battery capacity over the planning horizon. Variable domains

xrtk ∈ Z+, ∀r ∈ R, t ∈ T, k ∈ K (16)

yrt, w
(β1)
rt , w

(β2)
rt , zrt ≥ 0, ∀r ∈ R, t ∈ T (17)

Decision variables remain non-negative, with vehicle assignments constrained to integers.

3 Methodology

In order to solve the stochastic heterogeneous fleet scheduling model, a Monte Carlo-based approach introduced in 2003
by Shapiro was used Shapiro (2003). The approach, referred to as Sample Average Approximation (SAA), approximates
the expected value of the objective function Z by replacing the true expectation with an average obtained over many
independently sampled replications.

The demand matrix ξn for each replication n is constructed using empirical sampling. As the true demand distribution
is unknown, airport arrivals are sampled directly from historical airport arrival data and converted into shuttle demand
using a stochastic adoption rate.

Let ntd denote the observed number of arriving passengers in hour t ∈ T on day d ∈ {1, . . . , 7}. For each replication n
and each time period t, a day of the week is drawn uniformly at random from the seven available days, such that

ξnt = nt, dn
t
, dnt ∼ U{1, 7}, ∀ t ∈ T

The total hourly demand ξnt is then disaggregated across routes r ∈ R using a fixed proportional split πr, where∑
r∈R πr = 1, reflecting expected ridership shares across routes. To ensure integer-valued demand while preserving

exact demand conservation, a largest-remainder rounding procedure is applied, yielding

dnrt ∈ Z≥0,
∑
r∈R

dnrt = ξnt , ∀ t ∈ T, n = 1, . . . , N

The resulting demand matrix ξn = {dnrt}r∈R, t∈T is then passed to the deterministic MILP for replication n, as
described above.

4 Computational Study, Results, and Discussion

The proposed model is evaluated using the Cyprus airport ground transportation network, consisting of Larnaca
International Airport (LCA) and Paphos International Airport (PFO). Cyprus provides a suitable case study due to
its reliance on road-based airport transport and highly seasonal demand, with its two airports processing 13 million
passengers in 2025, a 12% increase over the previous year Psara (2025).

The shuttle adoption rate is modeled as a parameter α ∼ U(0.15, 0.35), where the lower bound is supported by Eurostat
statistics Eurostat (2024) and the upper bound represents a plausible increase in shuttle usage among arriving air
passengers. For each SAA replication, one realization of α is sampled and applied uniformly throughout the simulated
day before demand is allocated across routes. Each scenario is evaluated over a full operating day consisting of
H = 24 hourly periods. Demand uncertainty is represented using SAA, with N = 50 independently generated demand
replications for each seasonal scenario.

Additionally, to better represent customer behavior and realism, a service level constraint of a two-hour max waiting
time was implemented by setting β1 = 1, and β2 = 2. This was done to ensure that arrivals do not remain in the system
indefinitely (until t=24).

The computational study assumes deterministic route travel times τr based on average turnaround times, fixed propor-
tional demand allocation across destination routes, no vehicle repositioning or return trips, independent hourly demand
samples, and fixed fleet availability throughout the planning horizon.
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4.1 Network Definition

The transportation network consists of two origin airports and five destination categories: Larnaca City, Limassol,
Nicosia, Paphos City, and the opposite airport. This results in ten one-way routes, as shown in Table 1.

Table 1: Cyprus airport ground transportation route set
Route Origin Destination Distance τr (hr)
R1 LCA Larnaca City ∼ 5 km 1
R2 LCA Limassol ∼ 75 km 2
R3 LCA Nicosia ∼ 45 km 1
R4 LCA Paphos City ∼ 145 km 3
R5 LCA PFO Airport ∼ 140 km 3
R6 PFO Paphos City ∼ 15 km 1
R7 PFO Limassol ∼ 70 km 2
R8 PFO Nicosia ∼ 145 km 3
R9 PFO Larnaca City ∼ 135 km 3
R10 PFO LCA Airport ∼ 140 km 3

4.2 Demand Data and Seasonal Scenarios

Passenger demand is based on airport arrival volumes from publicly available Cyprus airport traffic statistics Psara
(2025); after which airport arrivals are proportionally distributed across the five feasible destination routes using
predefined demand shares.

Three seasonal scenarios are considered, as summarized in Table 2. These scenarios capture the main seasonal variation
in Cyprus airport traffic: peak summer demand, intermediate medium-season demand, and lower winter demand.

Table 2: Seasonal demand scenarios
Season Months Approx. arrivals/day Demand pattern
Peak June–August High Summer tourism peak
Shoulder April–May, September–October Medium Transitional demand
Low November–March Low Winter services

4.3 Fleet Configuration and Vehicle Characteristics

The computational experiments consider a heterogeneous fleet consisting of three vehicle types: large buses, small buses,
and electric buses. Vehicle availability is assumed to vary by airport, reflecting differences in operational resources
between Larnaca International Airport (LCA) and Paphos International Airport (PFO). The fleet composition used
throughout the study is summarized in Table 3.

Table 3: Fleet availability and vehicle capacities
Vehicle Type Capacity (Passengers) LCA Fleet PFO Fleet
Large Bus 50 2 2
Small Bus 22 3 3
Electric Bus 30 2 1
Total - 7 6

4.3.1 Seasonal Performance

Table 4 summarizes the seasonal performance of the model. Dispatches are total vehicle departures over the horizon;
waiting is measured in passenger-periods across all routes.
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Table 4: SAA Summary of seasonal performance metrics
Season N Mean Adoption Profit Dispatches Served Lost Waiting

Low 50 25.7% 10,830.9 90.0 1,580.9 9.1 722.0
Shoulder 50 23.9% 26,274.0 117.9 2,928.2 27.4 1,007.1
Peak 50 25.7% 35,137.2 142.0 4,288.4 210.0 1,737.4

Note: Waiting is measured in passenger-periods. Profit represents the estimated objective value under the assumed
revenue, operating cost, waiting-penalty, and lost-customer-penalty parameters.

Table 4 shows a clear upward trend in dispatch count and service amount. Average dispatches increased from 90 in low
season to 142 in high season, serving passenger counts of 1580.9 to 4288.4, respectively. The peak season is the most
profitable scenario. On the other hand, with the increased demand came increased service pressure, with waiting time
going from 722 passenger periods during the low season to 1,737.4 during the peak season. Similarly, average losses
increased from 9.1 to 210 passengers across the seasons, with a noticeable jump between the shoulder and peak season,
highlighting the peak season’s increased operational burden.

4.3.2 Route-Level Analysis

Table 5 presents the five routes with the highest average lost demand during the peak season. The loss rate is calculated
as the proportion of total customers that remain unserved.

Table 5: Peak-season route bottlenecks
Route Served Lost Waiting Loss Rate

PFO–Nicosia (R8) 218.94 51.56 277.48 19.1%
PFO–LCA Airport (R10) 18.76 48.70 111.56 72.2%
PFO–Larnaca City (R9) 72.72 39.34 154.36 35.1%
LCA–Paphos City (R4) 242.06 27.78 225.04 10.3%
LCA–PFO Airport (R5) 107.54 27.20 155.90 20.2%

Note: Values represent peak-season averages across the 50 replications.

The five routes in Table 5 account for approximately 93% of all peak-season passenger losses, indicating that service
deficiencies are concentrated on a small number of long-distance and inter-airport routes. PFO–Nicosia records the
highest passenger losses and waiting volumes, while PFO–LCA Airport exhibits the highest relative loss rate due to its
long turnaround time. In contrast, shorter routes experience substantially lower losses because vehicles can be reused
more frequently.

Figures 1, 2, and 3 illustrate the average peak-season dispatch, served-passenger, and lost-passenger distributions
across the 50 simulation replications, as well as the temporal and spatial distribution of peak-season dispatch activity,
passengers served, and lost demand. The values shown are averages across the 50 replications.

The dispatch and service heatmaps show that vehicle activity is concentrated on routes with high passenger volumes
and short turnaround times. The lost-customer heatmap exhibits a different pattern, with losses concentrated on
long-distance routes during the main daytime and evening demand periods. These patterns reinforce the importance of
considering both route duration and temporal demand concentration when allocating a limited heterogeneous fleet.

4.3.3 Comparison with a Deterministic Baseline

To evaluate the benefit of explicitly accounting for demand uncertainty, the proposed stochastic framework was
compared with a deterministic baseline. The baseline schedule was obtained by solving the model once using the
average passenger demand profile and was subsequently held fixed while being evaluated over the same 50 stochastic
demand realizations used for the proposed approach.
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Figure 1: Average dispatch quantity.

Figure 2: Average passengers served.

Table 6: Comparison with the deterministic baseline
Metric Proposed Baseline Improvement

Profit 35,137.2 34,190.0 +2.8%
Passengers Served 4,288.4 4,089.9 +4.9%

The stochastic model achieves a modest improvement over the deterministic baseline, increasing the expected objective
value by approximately 2.8% while serving nearly 5% more passengers. The modest performance gap suggests the
deterministic schedule remains reasonably robust under the assumed demand variability.

4.4 Discussion

The computational results show that airport shuttle performance is primarily driven by the interaction between seasonal
demand, fleet availability, and route turnaround times. During the peak season, vehicles assigned to longer routes

7
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Figure 3: Average lost passengers.

remain unavailable for several periods, reducing the system’s ability to respond to subsequent passenger arrivals and
increasing service pressure.

The route-level analysis further suggests that uniform fleet expansion is unlikely to be the most effective response. Since
approximately 93% of passenger losses occur on five long-distance and inter-airport routes, targeted measures—such as
temporary peak-season reserve vehicles or assigning higher-capacity buses to these bottlenecks—are likely to provide
greater operational benefits than increasing capacity across the entire network.

Modeling the shuttle adoption rate as a uniformly distributed random variable also provides a more realistic represen-
tation of demand uncertainty by capturing a range of plausible adoption levels between 15% and 35%. Despite this
variability, the main conclusions remain unchanged: increasing seasonal demand places greater pressure on the system,
while passenger losses remain concentrated on routes with long turnaround times.

Overall, the proposed model provides a practical decision-support tool for identifying where targeted fleet and scheduling
adjustments can most effectively improve airport ground transportation performance under uncertain demand.

5 Conclusion, Policy Implications, and Further Research

5.1 Conclusion

This paper presented a stochastic mixed-integer programming model for scheduling a heterogeneous fleet of airport
shuttle buses under uncertain passenger demand. The proposed framework integrates demand uncertainty, heterogeneous
vehicle capacities, passenger spillover, and electric vehicle operating constraints within a unified optimization model.
A computational study based on the Cyprus airport network demonstrated the applicability of the approach across
different seasonal demand scenarios. Overall, the proposed framework provides a practical decision-support tool for
improving airport ground transportation planning under demand uncertainty.

5.2 Policy Implications

The results suggest that fleet allocation should be adjusted according to seasonal demand. While the existing fleet
appears adequate during low and shoulder seasons, additional capacity may be required during peak periods, particularly
on long-distance intercity routes where passenger losses are concentrated. Conversely, high-frequency routes with short
turnaround times consistently maintain satisfactory service levels and therefore require lower priority for additional
fleet allocation. These findings support targeted, season-based fleet planning as a cost-effective strategy for improving
service quality.

8
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5.3 Limitations and Further Research

The proposed model relies on several simplifying assumptions, including demand allocation based on assumed route
attractiveness and independently sampled hourly demand. Future research should investigate data-driven estimation
of these parameters as operational data become available. Additional extensions include incorporating return trips,
vehicle repositioning, dynamic rolling-horizon scheduling, endogenous fleet sizing, and more detailed electric vehicle
operations through charging schedules and infrastructure constraints.
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