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 a b s t r a c t

We propose an integrated optimization model designed for the air cargo service network schedul-
ing problem, focusing on next-day delivery. Our model effectively combines dedicated cargo air-
craft with belly capacity from passenger airlines to jointly determine optimal cargo flight sched-
ules, cargo fleet routes, and cargo routes. To enhance the efficiency of the air cargo service net-
work, we incorporate through cargo connections into the cargo routing problem. These connec-
tions occur when the same aircraft operates consecutive flights within a cargo route. A tailored 
column-generation-based heuristic is developed to solve the problem. We conduct an extensive 
set of experiments to validate the performance of our proposed model and algorithm based on the 
data from our industry partner company. The computational results demonstrate that for small-
scale instances, our algorithm rapidly identifies near-optimal solutions. Meanwhile, for medium- 
and large-scale instances, it consistently delivers superior solution quality compared to the com-
mercial solver. Ultimately, our study highlights that the inclusion of through cargo connections 
not only enhances the overall service level of the network but also leads to increases in flight load 
factors and reductions in operational costs.

1.  Introduction

Air transportation plays a crucial role in the freight market due to its speed, reliability, and security, particularly in the context of 
the rapid growth of e-commerce. In 2019, e-commerce represented a global market of US$ 3.5 trillion, accounting for 14% of total 
retail sales (Boeing 2020). Driven by this growth, air transport has become increasingly well-suited to meet the rising demands of 
the market, with e-commerce accounting for up to 15% of air cargo volumes by December 2019 (IATA 2020). Meanwhile, customer 
expectations for faster delivery times and highly streamlined processes have risen significantly. In response, some air cargo carriers, 
such as Amazon Air and SF Express, have started operating their own fleets of cargo aircraft. While air freight transportation operations 
rely on dedicated cargo aircraft, they can also depend significantly on the belly space of passenger planes. According to Boeing, cargo 
transported via passenger flights occupies more than half of the global air cargo capacity (Boeing 2020).

Carriers typically offer a range of fast delivery services with a maximum timeframe of about one week. The option with fastest 
delivery service is next-day delivery, guaranteeing delivery by 10:30 a.m. (Liu et al. 2019). Consequently, air cargo carriers face min-
imal time between order receipt and the commencement of transportation, necessitating swift operational adaptations to effectively 
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meet these delivery timelines. However, the decision-making process for air cargo carriers is complex, as it involves the coordination 
of multiple interdependent factors, including deticated fleet routing, cargo flight scheduling and cargo allocation. Given the tight 
timelines within which these decisions must be made, the traditional methods of decision-making may prove insufficient. Therefore, 
the implementation of automated optimization-based methods for decisions becomes essential.

For cargo fleet operations decisions, they need to satisfy a wide range of operational constraints. First, cargo fleet operations are 
subject to legal and regulatory constraints. For example, in China, cargo aircraft can only operate at night (Yıldız and Savelsbergh
2022). In addition, flow conservation for the cargo fleet requires that the number of aircraft of a given type at an airport at the end 
of the planning horizon must be the same as the number of aircraft of that type at the beginning of the planning horizon (Desaulniers 
et al. 1997, Yıldız and Savelsbergh 2022). This requirement can ensure the establishment of a periodic flight schedule. Besides, a cargo 
aircraft route, which consists of a sequence of cargo flights, is typically required to start from and terminate at hub airports (Derigs 
et al. 2009). Ground operations also represent a significant constraint in the scheduling of cargo aircraft routes, as they necessitate 
the allocation of adequate turnaround time between adjacent flights within aircraft routes for cargo handling. When planning aircraft 
routes and schedules, it is sufficient to ensure that turnaround time constraints are met for consecutive flights operated by the same 
aircraft.

As for decisions on cargo routing, each cargo booking specifies an (origin, destination) (O, D) pair with a delivery time window. 
Carriers need to design routes to transport cargo within this window, even when cargo is split across multiple cargo routes to optimize 
capacity utilization. Cargo can be transported by dedicated cargo aircraft and belly capacity of externally scheduled passenger flights 
booked from passenger airlines. A cargo route can consist of multiple cargo flights or a single flight (either cargo flight or passenger 
flight), which need to meet the capacity and scheduling needs for flights. However, when consecutive cargo flights on a cargo route 
are operated by different cargo aircraft, the cargo must be unloaded from one aircraft and reloaded onto another. These transshipment 
operations introduce additional handling time and require specialized equipment, which is generally available only at hub airports 
(Xiao et al. 2022, Huang et al. 2023). Reducing the number of transshipment operations is highly desirable, not only because these 
operations are costly but also because the handling time required for these operations may limit the demand served on time. This is 
particularly true when serving next-day delivery demand.

Transporting cargo on consecutive flights using the same aircraft eliminates the need for transshipment operations, alleviating 
the requirement for transshipment to occur at hub airports and reducing the handling time. This type of connections is referred to 
as a through cargo connection (Xiao et al. 2022). In this paper, we incorporate these connections into our daily air cargo routing 
problem, highlighting the interdependent relationship between aircraft routing and specific cargo routes. Furthermore, we exclude 
considerations of cargo loading problem, assuming that cargoes are loaded in the appropriate positions according to their destinations, 
following the sequence of airports traversed by the aircraft. By incorporating these features and assumptions, we explore the air cargo 
service network scheduling problem, emphasizing the comprehensive optimization of dedicated cargo fleet operations alongside cargo 
allocation.

Our main contributions are threefold. First, we propose an integrated optimization model for the air cargo service network schedul-
ing problem. Our model simultaneously coordinates dedicated cargo fleet operations (i.e., flight scheduling, aircraft routing, and fleet 
assignment), belly capacity booking, and synchronized cargo allocation, providing a decision-making tool to handle the complex in-
terdependency in air cargo logistics.

Second, a key feature of our model is the integration of through cargo connections into the cargo transshipment process to enhance 
network connectivity. We conduct an extensive computational analysis, based on operational data from our industry partner company, 
to quantify the impact of these connections. Our results demonstrate that this integration allows the system to serve significantly 
more demand at lower operational costs. This finding constitutes our second contribution, demonstrating the value of through cargo 
connections in optimizing air cargo operations.

Third, to efficiently address the integrated optimization model, we propose a tailored column-generation-based heuristic adapted 
to price out multiple columns per iteration. In the restricted master problem, we introduce a tightened constraint on the cargo flow 
variables to reduce computational time. We then transform the pricing problem into a longest path finding problem and develop a Δ-
longest path algorithm to solve it effectively. After obtaining the linear programming solution, we subsequently solve a mixed-integer 
programming model using the aircraft routes derived from this process to obtain integer solutions and propose several strategies 
to improve solution quality. Furthermore, we exploit the totally unimodular property of the model, which holds when the binary 
variables are fixed. This allows us to relax specific integer variables to continuous ones without compromising solution quality, 
thereby reducing the solving time.

The remainder of this paper is structured as follows. Section 2 presents a comprehensive review of relevant literature related to 
our research. Following this, we provide a detailed description of the air cargo service network scheduling problem in Section 3, 
along with the corresponding integrated optimization model proposed in Section 4. The methodologies for solving this model are 
delineated in Section 5. Section 6 provides an extensive series of experiments aimed at assessing our algorithm performance and 
drawing managerial insights. Finally, the key conclusions derived from the study are presented in Section 7.

2.  Literature review

This section reviews the literature relevant to our study and is divided into three parts. The first and second parts focus on articles that 
individually address the two main components of our problem, namely, fleet scheduling and air cargo routing. The fleet scheduling 
problem can be defined as an integration of the flight scheduling problem, the fleet assignment problem, and the aircraft routing 
problem. The third part reviews articles that aim to integrate fleet scheduling and air cargo routing.
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2.1.  Fleet scheduling problems

The literature includes a variety of optimization problems that assist the decision-making related to fleet scheduling. Most of these 
problems find applications in the context of passenger transportation. In addition to fleet scheduling, crew scheduling is also a critical 
component of the passenger transportation scheduling problem (Barnhart and Cohn 2004). In this study, we do not address crew 
scheduling problem, as cargo aircraft are typically operated by two pilots without the requirement for additional cabin crew (Derigs 
and Friederichs 2013). Fleet scheduling involves multiple planning processes, the main elements of which are (i) flight scheduling, 
(ii) fleet assignment, and (iii) aircraft routing. More specifically, flight scheduling decisions focus on the selection and timing of 
the flights, fleet assignment aims to assign aircraft of different types to flight services, and aircraft routing focuses on designing the 
individual routes followed by the aircraft along the network (Abara 1989, Lohatepanont and Barnhart 2004, Sherali et al. 2006, Zhou 
et al. 2020). Note that fleet assignment and aircraft routing decisions are often integrated into a unified problem known as the fleet 
routing problem (Yan and Young 1996, Yan and Tseng 2002).

The optimization process for passenger flight scheduling typically comprises two core stages: schedule construction and schedule 
evaluation. During the first stage, an initial flight schedule is devised considering factors such as projected demand and airport 
capacities, while the subsequent phase assesses the feasibility, cost-effectiveness, and performance of the schedule. Both phases are 
operated iteratively until the schedule meets the satisfaction criterion (Etschmaier and Mathaisel 1985, Yan et al. 2008).

The fleet routing problem is typically modeled by three primary methods: string-based, connection-based, and time-space net-
works. Barnhart et al. (1998) first introduce the concept of a flight string, that is, a sequence of successive flights that satisfy the 
requirements for spatial and temporal connectivity. The string-based formulation has been widely adopted for its ability to handle 
complex operational constraints. Birolini and Jacquillat (2023) utilize this formulation to address the day-ahead aircraft routing prob-
lem, integrating predictive analytics for primary delay estimation. Abara (1989) put forth a connection-based model to address the 
fleet routing problem. This network consists of three types of nodes: virtual sources, virtual sinks, and individual flights. It also consists 
of three types of arcs: source arcs, termination arcs, and connection arcs. Source and termination arcs connect individual flights to 
sources and sinks, representing the start or end of a route. Connection arcs are defined for pairs of individual flights that meet spatial 
and temporal connectivity requirements. The traditional string-based and connection-based methods have been commonly used to 
model aircraft maintenance routing problems and aircraft recovery models (Al-Thani et al. 2016, Bulbul and Kasimbeyli 2021, Khaled 
et al. 2018, Safaei and Jardine 2018, Wen et al. 2022). However, these techniques do not account for temporal attributes, which are 
essential in our air cargo service network scheduling problem. Therefore, we model the air cargo service problem via time-space net-
works that inherently include time. Berge and Hopperstad (1993) first use time-space networks to address the fleet routing problem. 
In this framework, nodes represent two-dimensional spatial-temporal coordinates defined by the airport locations, flight departures, 
and arrival times.

On the other hand, recent studies from the literature aim to integrate these problems to propose a more comprehensive optimiza-
tion model, striving to achieve synergistic optimization in terms of network efficiency and fleet utilization. Yan and Young (1996) 
devise a framework utilizing a multi-fleet time-space network to assist carriers in modifying their flight schedules and fleet routes 
in response to forthcoming changes in market demand conditions. Expanding on this foundation, Yan and Tseng (2002) present an 
integrated model for fleet route planning and flight scheduling, reducing manual involvement. Yan et al. (2007) extend the fleet 
scheduling problem to account for market share competition. They incorporate passenger choice behaviors with the aim of reducing 
fleet expenses as well as passenger expenses. Papadakos (2009) analyzes an integrated airline passenger scheduling problem com-
bining fleet assignment, aircraft routing, and crew pairing, and proposes a Benders decomposition algorithm as well as acceleration 
strategies. Sherali et al. (2013) introduce an integrated optimization model for the fleet scheduling problem incorporating multiple 
fare classes, maintenance considerations, and demand recapture to maximize profit. Jamili (2017) integrates aircraft routing, flight 
scheduling, and fleet assignment into a mixed-integer mathematical model. He also introduces a new robust approach to address 
uncertainties that relate to travel times. Kenan et al. (2018) propose a two-stage stochastic mixed-integer programming model that 
incorporates flight scheduling, fleet assignment, and aircraft routing, while addressing demand uncertainty, delays, and deadhead 
flights. Wei et al. (2020) incorporate endogenous passenger choice represented by a sales-based linear programming approach into 
an integrated flight scheduling and fleet assignment optimization model to determine the timetable from scratch. Accounting for the 
propagated delay, Xu et al. (2021) investigate the robust fleet scheduling problem involving flight scheduling, fleet assignment, and 
aircraft routing.

The existing literature on fleet scheduling focuses primarily on passenger networks, with limited attention given to air cargo 
networks. However, the significant differences between passenger and air cargo transportation necessitate distinct considerations 
within the fleet scheduling problems (Roelen et al. 2000, Xiao et al. 2022). First, passenger transportation is schedule-driven, pri-
oritizing individual preferences, whereas air cargo is demand-driven, focusing on delivery deadlines. Since air cargo shipments are 
indifferent to specific itineraries, carriers possess the flexibility to restructure flight schedules in the short term to match aggre-
gated demand, a practice less feasible in passenger transportation. Second, operational time windows are distinct. Dedicated cargo 
fleet often operate during the night to avoid conflicts with daytime passenger transportation. Third, cargo transfers between air-
craft are restricted to hub airports, a restriction that is not relevant to passengers. Therefore, we propose an optimization model 
specifically designed for the characteristics of air cargo services, aiming to enhance operational efficiency and improve service
levels.
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2.2.  Air cargo routing problems

Air cargo routing problems aim to optimize the transportation of cargoes over an air cargo service network, which may ei-
ther be given or treated as an integral part of the network design problem, while respecting capacity constraints. Armacost 
et al. (2002) address the problem of designing service networks for fleet assignments as well as package routes. Li et al. (2012) 
propose a mixed-integer programming model to allocate shipments to flights considering piecewise linear cargo transportation 
prices. Azadian et al. (2012) introduce a Markov decision process model for dynamically routing time-sensitive air cargo, utiliz-
ing the departure delay estimation developed based on experience and real-time information. Lee et al. (2019) develop an in-
tegrated model that locates hubs and distributes cargoes through routes, which are limited to a maximum of two transshipment
operations.

While the aforementioned papers address air cargo transportation decision-making, they solely involve dedicated cargo aircraft. 
On the other hand, it is acknowledged that air cargo transportation companies rely heavily on the belly capacity rented from passenger 
airlines. Considering the simultaneous utilization of cargo aircraft and rental belly capacity, Yu et al. (2017) present a bilevel model 
to describe the air cargo network in which the upper model determines hub locations while the lower model optimizes cargo routes. 
Subsequently, Yu and Jiang (2024) investigate the integrated air-rail network that includes cargo aircraft, passenger aircraft bellies, 
and high-speed train bellies, and construct a bi-level optimization model, where the upper model designs the network, and the lower 
model optimizes cargo routing.

2.3.  Integrated optimization of fleet scheduling and air cargo routing

To enhance operational efficiency within air cargo service networks, researchers focus increasingly on the interactions between fleet 
scheduling and cargo routing. Yan et al. (2006) utilize cargo-flow and fleet-flow networks to construct an integrated scheduling 
model that encompasses airport selection, fleet scheduling, and cargo routing, with the aim of maximizing operational profit. Subse-
quently, Tang et al. (2008) extend this model by integrating passenger flights, cargo flights, and combined flights into the network. 
Li et al. (2007) propose an integrated optimization model and a Benders decomposition-based approach to address simultaneously 
fleet assignment and cargo routing problems. Derigs et al. (2009) develop two models that integrate flight selection, aircraft rotation 
planning, and cargo routing, while considering a homogeneous fleet of aircraft. Derigs and Friederichs (2013) further explore the 
fleet assignment problem and present a joint optimization framework that leverages existing flight schedules to decide flight selec-
tion, plane rotation planning, and freight routing. Yıldız and Savelsbergh (2022) develop an optimization model to determine flight 
schedules, aircraft routes, and cargo routes within a single-flight shipment network using self-owned cargo aircraft, with rental belly 
capacity and ground transportation to meet coverage limits. Xiao et al. (2022) introduce the concepts of through cargo connections 
and short through cargo connections and propose an integrated optimization model to maximize revenue and minimize transporta-
tion costs for aircraft tail assignment and cargo routing problems. Zheng et al. (2023) investigate the duration of cargo stay at the 
air cargo hub and develop a model for optimizing network planning and scheduling that identifies the optimal hub location, flight 
schedule, fleet deployment, and cargo routing.

Works in the existing literature mainly integrate air cargo routing problem with a part of subproblems of fleet scheduling. Xiao 
et al. (2022) integrate aircraft routing, fleet assignments, and cargo routing assuming that flight schedules are known. Considering 
the operational flexibility of the network, we extend the work of Xiao et al. (2022) by simultaneously determining the flight schedules 
while designing operations. Additionally, we integrate flow conservation constraints for each aircraft type at hub airports to optimize 
fleet management. Zheng et al. (2023) jointly optimize flight scheduling, flight deployment, and cargo routing. In contrast to their 
approaches, we put forth a more comprehensive optimization model that integrates the optimization of these three interrelated 
subproblems, considering their coupling relationship. In addition, we incorporate belly capacity into our air cargo transportation 
framework to enhance the overall effectiveness of the air cargo service network.

To the best of our knowledge, the most closely related work that integrates fleet scheduling and cargo routing is that of Yıldız 
and Savelsbergh (2022). However, we note two significant differences between their approach and ours. First, although they permit 
multimodal transportation, such as ground-air-ground combinations with optional ground legs, we explicitly exclude ground trans-
portation due to its prohibitive 5.5-hour modal transfer time between ground transportation and air transportation. Instead, our focus 
is on a pure air cargo service network tailored for time-sensitive morning deliveries. Besides, Yıldız and Savelsbergh (2022) assume 
that when cargo is transported by air, it is moved exclusively by a single direct flight, either using the cargo aircraft or passenger 
aircraft. As such, they disregard air cargo routes involving multiple flight legs and possible transshipment operations via dedicated 
cargo aircraft.

Second, they treat all airports as hub airports, allowing aircraft to initiate and terminate flights anywhere. In practice, however, 
only a small number of airports function as true hub airports. The concentration of fleet operations at these selected hubs restricts 
the connectivity of the air cargo service network. Indeed, as transshipments are solely performed at hub airports with specialized 
equipment, the need for flights tends to be greater through these locations. In next-day delivery systems, the number of flights an 
aircraft can operate is limited, which further restricts network connectivity. In this paper, we build upon this work by integrating 
cargo transshipment, including through cargo connections within the air cargo routing problem, while also considering the constraint 
of a limited number of hub airports.
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Fig. 1. Illustration of air cargo service network.

3.  Problem description

In this section we provide a detailed description of the considered air cargo service network scheduling problem faced by air cargo 
carriers, which aims to reduce overall operational costs. Two resources are used for air cargo transportation. The first is dedicated 
cargo aircraft owned by the carriers. The second is passenger flight belly capacity leased from passenger airlines. The hub-and-spoke 
network structure and the point-to-point network structure are two prevalent configurations in air transportation network, applicable 
to both passenger airline networks and air cargo networks. This study focuses on the service network scheduling problem rather 
than the network structures. Therefore, we presume that both passenger aircraft and dedicated cargo aircraft operate within an air 
transportation network that integrates features of both “point-to-point” and “hub-and-spoke” features, allowing for greater flexibility 
and efficiency in scheduling and routing, as depicted in Fig. 1.

Considering this air cargo service network, air cargo carriers are tasked with planning the routes and schedules of their own 
cargo fleet. This planning process encompasses three key problems: the flight scheduling problem, the fleet assignment problem, 
and the aircraft routing problem. The flight scheduling problem involves determining schedules for cargo flights considering factors 
such as time windows for cargo demand, available operational times for cargo aircraft, and time constraints for connecting flights. 
The fleet assignment problem focuses on deciding the type of aircraft to operate each cargo flight. Different types of aircraft have 
varying capacities and operational costs per flight operation, making it crucial to assign the most suitable aircraft type to each flight 
to optimize capacity utilization and minimize costs. The aircraft routing problem involves determining the sequence of flights that 
each aircraft will operate, ensuring that the destination airport of one flight matches the origin airport of the subsequent flight, with 
the connection time meeting the turnaround time constraints. Besides, within the overnight operational time window, each aircraft 
route must begin and end at hub airports. Specifically, the origin of the first flight and the destination of the last flight in the sequence 
must be hub airports, which may be the same or different.

Collectively, flight schedules, fleet assignments, and aircraft routes induce a service network through which cargo may be trans-
ported from its origin to its destination. Further, complementing the capacity in that network from dedicated flights is the belly 
capacity of passenger flights. We assume that the available capacities and schedules of such passenger flights are known to the 
planner when routing cargo. We focus on next-day services, which guarantee that cargo is routed to arrive at its destination by the 
following morning.

Furthermore, the problem addressed in this study is positioned at the tactical short-term planning level for air cargo service network 
scheduling problem, with the objective of constructing a cyclical flight schedule and fleet routing plan from scratch. We assume a 
stable air cargo demand profile for a short-term period, which represents a reliable, aggregated forecast for a typical operational 
period. Consequently, the problem is designed to generate a self-sustaining baseline flight schedule that can be executed repeatedly. 
While day-to-day operational volatility (e.g., demand spikes or weather disruptions) inevitably occurs, such deviations are typically 
managed through separate disruption management protocols (e.g., ad-hoc charters or spot market adjustments). Therefore, we treat 
the air cargo demand in our study as known and fixed for the purpose of optimizing the core service network scheduling. Associated 
with a cargo demand is an origin airport, a destination airport, the earliest time the cargo can be picked up at its origin and the latest 
time at which it can arrive at its destination.

Air cargo can be shipped with or without transshipment (Zheng et al. 2023). When transshipment is involved, the transfer from 
one aircraft to another must take place at hub airports (Li et al. 2007, Xiao et al. 2022, Huang et al. 2023). Therefore, we consider 
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Table 1 
Comparison of standard cargo connections and through cargo connections.

 Connections
Must be operated by
the same aircraft

Must happen
at hub airports

Minimum
transshipment time

 Standard cargo connection ✓  Standard cargo transshipment time
 Through cargo connection ✓  Turnaround time for aircraft

Fig. 2. Illustration of cargo routes.

two types of cargo routes: (i) direct flights, where cargo is shipped from origin to destination via a single leg, either by a dedicated 
aircraft or belly capacity, and (ii) transshipment routes, where cargo is transported through multiple legs by a dedicated aircraft with 
intermediate stops between origin and destination. Direct routes involve a single cargo or passenger flight from the origin to the 
destination airport. In contrast, transshipment routes consist of a series of cargo flights.

Transshipment routes can be operated by the same aircraft or different aircraft. When different aircraft are used, the connecting 
airport must be a hub airport, and the connection time must meet the standard cargo transshipment time. However, when the same 
aircraft operates the connecting flights, this is termed a through cargo connection (Xiao et al. 2022). In such cases, the connecting 
airport can be a hub or non-hub airport, and the connection time can be shorter than the standard transshipment time, provided it 
meets the turnaround time for the aircraft. Table 1 summarizes the essential features of the two types of cargo connections: standard 
cargo connections, and through cargo connections.

To illustrate this problem, consider the simple physical network illustrated in Fig. 2, which includes two hub airports, 𝐻1 and 
𝐻2, along with four non-hub airports: 𝐴, 𝐵, 𝐶, and 𝐷. The fleet within this network consists of four aircraft. Taking into account a 
turnaround time of 45 minutes, we can generate aircraft routes for each aircraft that satisfy the previously described constraints. In 
this figure, cargo flights of the same color indicate operations by the same aircraft, such as 𝑙1 − 𝑙2 − 𝑙3. The flight schedule is annotated 
on each directed edge, which specifies the corresponding departure and arrival times. For instance, edge 𝑙7 (23:10-00:55) represents a 
cargo flight 𝑙7 operating from airport 𝐻2 to 𝐻1, with scheduled departure at 23:10 and subsequent arrival at 00:55 the following day. 
In addition, there is a belly resource connecting airports 𝐴 and 𝐵, which operates on a specific schedule obtained from the passenger 
airline. Assuming a standard cargo transshipment time of two hours, and each (O,D) pair has a cargo demand with a specified time 
window from 23:00 to 8:00, some of generated cargo routes can be described as follows.

(i) For the (O,D) pair 𝐻2 − 𝐵, there is a single feasible cargo route, which involves flights 𝑙7 − 𝑙8. As these flights are operated by 
different aircraft, this route involves a standard cargo connection, and thus a transshipment operation.

(ii) For the (O,D) pair 𝐻1 − 𝐶, there are two feasible cargo routes. The first route involves flights 𝑙1 − 𝑙2. Because these flights are 
operated by the same aircraft, and as the stay time at airport 𝐴 is greater than 45 minutes, the connection is referred to as a through 
cargo connection. The second route is direct and involves flight 𝑙4.

(iii) For the (O,D) pair 𝐴 − 𝐵, there is a single feasible cargo route, which involves the belly capacity 𝑏1.
(iv) For the (O,D) pair 𝐴 −𝐷, there is no feasible cargo route.
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Fig. 3. Illustration of the time-space network.

Cargo aircraft operational costs consist of two primary components: (i) fixed operational costs associated with flight distance, such 
as aircraft depreciation, and (ii) variable operational costs related to the transportation of cargo, which include fuel surcharges and 
handling fees, etc. In addition to these costs, carriers also leverage the belly capacity of commercial passenger airlines to transport 
cargo, necessitating consideration of the booking costs associated with belly capacities. Furthermore, we permit the possibility that 
cargo may not be delivered by its latest arrival time. However, this operational flexibility incurs penalty costs proportional to the 
weight of unserved cargo. Finally, considering those costs, we can establish the objective of the problem as reducing overall operational 
costs within the service network.

4.  Problem formulation

We present a mathematical model of the Air Cargo Service Network Scheduling problem described in the previous section. We denote 
our network as a directed network  = ( ,) where each node 𝑛 ∈   is an airport, and each arc (𝑜, 𝑑) ∈  is a point-to-point 
move, with 𝑜 ∈   and 𝑑 ∈  . To model the temporal attributes inherent to our problem, we presume a discretization of time 𝑇 =
{𝜏1, 𝜏2,… , 𝜏𝑚} that includes 𝑚 homogeneous time periods with duration Δ𝜏, and spans a timeline 

[

𝑇 , 𝑇
]

, during which cargo aircraft 
are allowed to operate. Let 𝑇  denote the node set in the time-space network, which consists of nodes of the form (𝑖, 𝜏𝑗 ), 𝑖 ∈  , 𝜏𝑗 ∈ 𝑇 . 
Specifically, the node set 𝑇  is obtained by duplicating each airport 𝑖 ∈   at each discrete time 𝜏𝑗 ∈ 𝑇 . Afterwards, for each airport 
𝑜 ∈  , each discrete time 𝜏𝑖 ∈ 𝑇 , and each arc (𝑜, 𝑑) ∈ , we generate a flight slot 𝑙 from 𝑜 at time 𝜏𝑖 to 𝑑 at time 𝜏𝑗 ∈ 𝑇 , with 𝜏𝑗 being 
the earliest time point of 𝑇  larger than 𝜏𝑖 plus the travel time from 𝑜 to 𝑑. Then, we can get the set of flight slots, referred to as 𝐿. Each 
flight slot 𝑙 ∈ 𝐿 is characterized by (i) an origin airport 𝑜𝑙 ∈  , (ii) a destination airport 𝑑𝑙 ∈  , (iii) a departure time 𝑠𝑡𝑙 ∈ 𝑇 , and 
(iv) an arrival time 𝑒𝑡𝑙 ∈ 𝑇 . Thus, we can extend the aforementioned network to a time-space version 𝑇 = (𝑇 , 𝐿). Fig. 3 depicts 
the time-space network, where dashed arrows indicate cargo flight slots. The red line arrows and the orange line arrows represent 
aircraft routes, while the blue line arrows illustrate cargo routes utilizing these flight slots. Next, we provide detailed descriptions of 
the generation process for both aircraft and cargo routes.

4.1.  Aircraft routes

We consider that the fleet includes cargo aircraft of different types, denoting the set of aircraft types as 𝐾. For each aircraft type 
𝑘 ∈ 𝐾, there is 𝑁𝑘 aircraft of that type with a capacity 𝑣𝑘 in the fleet. A cargo aircraft route is defined as a set of consecutive flight 
slots. For a cargo aircraft route to be valid, the origin airport of its first flight and the destination airport of its last flight must be 
hubs. We let 𝑃  denote the set of feasible aircraft routes. We next define the requirement that aircraft routes must observe.
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Let the parameter 𝑎 denote the maximum number of flight slots that an aircraft route can encompass within the allowable oper-
ational duration, denoted as 𝑇max. This limit 𝑎 ensures that the cumulative sum of the travel times of all flight slots in the route of 
any aircraft, plus the turnaround time between them, does not exceed 𝑇max. Consequently, an aircraft route 𝑝 can be expressed as a 
sequence of flight slots {𝑙1, 𝑙2,… , 𝑙𝑗

}

,∃𝑗 ≤ 𝑎, that satisfy the requisite time and space constraints. This means that, for each pair of 
consecutive flight slots, the arrival airport of the first flight slot needs to be the departure airport of the second flight slot. In addition, 
a minimum transshipment time of 𝑡𝑡𝑟𝑎𝑛𝑠 must be observed between the arrival time of a flight slot and the departure time of the 
following flight slot. We assume this minimum transshipment time (i.e., turnaround time) 𝑡𝑡𝑟𝑎𝑛𝑠 is uniform across all aircraft types.

Considering an aircraft route 𝑝, let 𝑙𝑚 and 𝑙𝑛 be two consecutive flight slots in this route’s sequence. Let 
(

𝑠𝑡𝑙𝑚 , 𝑒𝑡𝑙𝑚
) and (𝑠𝑡𝑙𝑛 , 𝑒𝑡𝑙𝑛)

be their respective departure and arrival times. Formally, these adjacent flight slots must satisfy the following requirements: 

𝑜𝑙𝑛 = 𝑑𝑙𝑚 (1a)

𝑠𝑡𝑙𝑛 − 𝑒𝑡𝑙𝑚 ≥ 𝑡𝑡𝑟𝑎𝑛𝑠. (1b)

Similar to the work of Yıldız and Savelsbergh (2022), each aircraft route 𝑝 is parameterized by aircraft type 𝑘, meaning identical 
topological sequences of flight slots may constitute distinct aircraft routes when associated with different aircraft type. Thus, we 
further define 𝑃 𝑙𝑘, 𝑙 ∈ 𝐿, 𝑘 ∈ 𝐾 as the set of feasible aircraft routes that pass through the flight slot 𝑙 operated by a type-𝑘 aircraft. 
Fig. 3 illustrates two aircraft routes, represented by the red and orange arrows: one from airport 𝐻1 to airport 𝐻2, and another from 
airport 𝐻2 to airport 𝐻3. Furthermore, for cargo demands that have to be transported between these (O,D) pairs, these aircraft routes 
can be also utilized as cargo routes through the implementation of through cargo connections. Specifically, aircraft route 1 enables 
a through cargo connection for the cargo demand from airport 𝐻1 to airport 𝐻2, while aircraft route 2 enables a through cargo 
connection for the cargo demand from airport 𝐻2 to airport 𝐻3. Besides, there exists a cargo route for the transportation of cargo 
demands between airport 𝐴 and airport 𝐵, which includes a standard transshipment connection, as illustrated by the blue arrows in 
Fig. 3.

4.2.  Cargo routes

We are given a set of cargo demands 𝑄. For each 𝑞 ∈ 𝑄, we assume that the corresponding ready time 𝑠𝑡𝑞 , latest delivery time 𝑒𝑡𝑞 , 
weight 𝑤𝑞 , origin airport 𝑜𝑞 and destination airport 𝑑𝑞 are known. Failing to deliver a cargo before its latest delivery time yields a 
penalty per unit of weight 𝜂𝑞 . Generating cargo routes via cargo aircraft is analogous to generating aircraft routes, as both procedures 
involve the identification of consecutive flight slots that meet spatial and time requirements while not exceeding the maximum 
number of segments. This problem is set within a nighttime operational window. In practice, the latest pick-up deadlines for express 
freight at consolidation centers and the earliest delivery service times tend to fall outside this time window. Given this operational 
characteristic, we simplify the demand structure for modeling purposes by assuming that only one cargo demand exists for each (O, 
D) pair. That is, the set of demands for a given (O, D) pair is aggregated into a single cargo 𝑞.

A cargo route, denoted by 𝑟, is defined as a sequence of flight operations. Each operation is a pair consisting of a flight slot and its 
assigned aircraft type. Formally, we represent a cargo route as: 𝑟 = {(𝑙1, 𝑘1), (𝑙2, 𝑘2),… , (𝑙𝑏, 𝑘𝑏)}, where 𝑙𝑖 is a flight slot in the sequence, 
and 𝑘𝑖 ∈ 𝐾 is the aircraft type assigned to it. Note that the aircraft types 𝑘1, 𝑘2,… , 𝑘𝑏 for different flight slots in the sequence can be 
either the same or different. Let (𝑜𝑙1 , 𝑑𝑙1 ), (𝑠𝑡𝑙1 , 𝑒𝑡𝑙1 ), (𝑜𝑙𝑏 , 𝑑𝑙𝑏 ), (𝑠𝑡𝑙𝑏 , 𝑒𝑡𝑙𝑏 ) be the airport of origin, destination, departure time, and arrival 
time of the flight slots 𝑙1 and 𝑙𝑏, respectively. Subsequently, the following requirements must be met in addition to requirements (1a) 
and (1b). 

𝑜𝑙1 = 𝑜𝑞 (2a)

𝑑𝑙𝑏 = 𝑑𝑞 (2b)

𝑠𝑡𝑞 ≤ 𝑠𝑡𝑙1 (2c)

𝑒𝑡𝑞 ≥ 𝑒𝑡𝑙𝑏 . (2d)

In details, this generation process begins with the construction of an initial pool of candidate cargo routes, formed by the sequential 
linking of individual cargo flight slots with specific aircraft types. The formation of these candidates is rigorously governed by the 
principles: (i) spatial continuity is maintained by ensuring consecutive flight slots connect at the same airport and temporal feasibility 
is guaranteed by respecting the minimum aircraft turnaround times between flight slots, and (ii) overarching compliance is achieved 
by ensuring the route’s entire duration is contained within the cargo’s specific shipment window.

Following the generation of this spatiotemporally feasible candidate set, each cargo route undergoes a validation phase to deter-
mine its operational viability. A candidate cargo route is formally deemed valid only if all of its constituent connections between 
sequential flight slots can be definitively classified. Specifically, every connection within a cargo route must qualify as either a 
through cargo connection or a standard cargo connection, which we formally define in the previous sections. The detailed cargo 
route generation algorithm is shown in Appendix A.

We let 𝑅 denote the set of cargo routes involving cargo aircraft. Let 𝑟 ∈ 𝑅 represent a cargo route composed of flight slots. 
Transporting a cargo 𝑞 ∈ 𝑄 along a route 𝑟 through dedicated aircraft yields a per unit of weight cost 𝑢𝑞𝑟 . Since a cargo route 𝑟 consists 
of a sequence of flight slots, where each flight slot 𝑙 ∈ 𝐿 can be associated with a specific aircraft type 𝑘 ∈ 𝐾, we define 𝑅𝑙𝑘 as the set 
of cargo routes where the cargo flight 𝑙 can be performed and operated by an aircraft of type 𝑘. We further define 𝑄𝑙𝑘 as the set of 
cargo demands that can be transported via cargo flight 𝑙 operated by the type-𝑘 aircraft.
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We define the set of through cargo connections, 𝑇𝐶, as a set of 4-tuples (𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘). An element (𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶 exists if and only 
if cargo route 𝑟 contains a consecutive connection from 𝑙𝑚 to 𝑙𝑛, and both of these flight slots are operated by the same aircraft type 
𝑘. Formally, the set 𝑇𝐶 is defined as:

𝑇𝐶 =
{

(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∣ 𝑟 ∈ 𝑅, 𝑘 ∈ 𝐾, (𝑙𝑚, 𝑘) and (𝑙𝑛, 𝑘) are consecutive pairs in 𝑟
}

.

Besides, (𝑙𝑚, 𝑙𝑛) can be consecutive pairs in an aircraft route 𝑝. Thus, for each through connection pair (𝑙𝑚, 𝑙𝑛) operated by the type-𝑘
aircraft, we can also identify 𝑃 𝑘(𝑙𝑚 ,𝑙𝑛) ⊆ 𝑃  which represents the set of aircraft routes operated by the type-𝑘 aircraft that also incorporate 
the through connection pair (𝑙𝑚, 𝑙𝑛).

Regarding belly capacity, let 𝐵 represent the set of belly capacity resources. Transporting a cargo 𝑞 ∈ 𝑄 through the resource 
𝑏 ∈ 𝐵 induces a per unit of weight cost 𝛽𝑏. We assume 𝛽𝑏 depends solely on the specific belly capacity 𝑏 rather than the specific cargo 
𝑞, as this cost is determined by the service contract with commercial airlines. For each 𝑞 ∈ 𝑄, we let 𝐵𝑞 ⊆ 𝐵 denote the subset of belly 
capacity resources eligible for cargo 𝑞. For each 𝑏 ∈ 𝐵, we let 𝑄𝑏 represent the set of cargo 𝑞 ∈ 𝑄 that can be transported by belly 
capacity resource 𝑏. For each 𝑏 ∈ 𝐵, we let 𝜛𝑏 refer to the associated capacity.

4.3.  Mathematical model

Table 2 provides a detailed overview of the symbols and notation used in our model. We define the binary variable 𝑓 𝑙𝑘, 𝑘 ∈ 𝐾, 𝑙 ∈ 𝐿 such 
that 𝑓 𝑙𝑘 = 1 if the flight slot 𝑙 operated by a type-𝑘 aircraft is selected, and 𝑓 𝑙𝑘 = 0 otherwise. We let the binary variable 𝑥𝑝𝑘, 𝑝 ∈ 𝑃 , 𝑘 ∈ 𝐾
indicate whether or not the aircraft route 𝑝 is operated by a type-𝑘 aircraft. We let the integer variable 𝑦𝑞𝑟 ∈ ℕ, 𝑞 ∈ 𝑄, 𝑟 ∈ 𝑅 denote 
the weight of cargo 𝑞 that follows the route 𝑟. We let the integer variable 𝛾𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) ∈ ℕ, 𝑞 ∈ 𝑄, (𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶, denote the weight of 
cargo 𝑞 that follows the through cargo connection (𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘). We let the integer variable 𝜑𝑞𝑏 ∈ ℕ, 𝑞 ∈ 𝑄, 𝑏 ∈ 𝐵 denote the weight of 
cargo 𝑞 that is transported by the belly capacity 𝑏. We let the integer variable 𝑧𝑞 ∈ ℕ, 𝑞 ∈ 𝑄 denote the weight of cargo 𝑞 that is not 
delivered.

The problem can be formulated as: 
min

∑

𝑞∈𝑄

∑

𝑟∈𝑅
𝑢𝑞𝑟𝑦

𝑞
𝑟 +

∑

𝑞∈𝑄

∑

𝑏∈𝐵
𝛽𝑏𝜑

𝑞
𝑏 +

∑

𝑞∈𝑄
𝜂𝑞𝑧𝑞 +

∑

𝑘∈𝐾

∑

𝑙∈𝐿
𝑐𝑙𝑘𝑓

𝑙
𝑘 (3a)

𝑠.𝑡.
∑

𝑘∈𝐾
𝑓 𝑙𝑘 ≤ 1, ∀𝑙 ∈ 𝐿 (3b)

∑

𝑝∈𝑃
𝑥𝑝𝑘 ≤ 𝑁𝑘, ∀𝑘 ∈ 𝐾 (3c)

∑

𝑜𝑝=𝑖,𝑝∈𝑃
𝑥𝑝𝑘 −

∑

𝑑𝑝=𝑖,𝑝∈𝑃
𝑥𝑝𝑘 = 0, ∀𝑖 ∈ 𝐻, 𝑘 ∈ 𝐾 (3d)

∑

𝑝∈𝑃 𝑙𝑘

𝑥𝑝𝑘 = 𝑓 𝑙𝑘, ∀𝑙 ∈ 𝐿, 𝑘 ∈ 𝐾 (3e)

∑

𝑟∈𝑅
𝑦𝑞𝑟 +

∑

𝑏∈𝐵𝑞

𝜑𝑞𝑏 + 𝑧
𝑞 = 𝑤𝑞 , ∀𝑞 ∈ 𝑄 (3f)

∑

𝑞∈𝑄

∑

𝑟∈𝑅𝑙𝑘

𝑦𝑞𝑟 ≤ 𝑣𝑘𝑓 𝑙𝑘, ∀𝑙 ∈ 𝐿, 𝑘 ∈ 𝐾 (3g)

∑

𝑞∈𝑄𝑏

𝜑𝑞𝑏 ≤ 𝜛𝑏, ∀𝑏 ∈ 𝐵 (3h)

𝛾𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) = 𝑦𝑞𝑟 , ∀(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶, 𝑞 ∈ 𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘 (3i)

𝛾𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) ≤ min{𝑤𝑞 , 𝑣𝑘}
∑

𝑝∈𝑃 𝑘(𝑙𝑚,𝑙𝑛)

𝑥𝑝𝑘, ∀(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶, 𝑞 ∈ 𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘 (3j)

𝑥𝑝𝑘 ∈ {0, 1}, ∀𝑝 ∈ 𝑃 , 𝑘 ∈ 𝐾 (3k)

𝑓 𝑙𝑘 ∈ {0, 1}, ∀𝑙 ∈ 𝐿, 𝑘 ∈ 𝐾 (3l)

𝛾𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) ∈ ℕ, ∀(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶, 𝑞 ∈ 𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘 (3m)

𝑦𝑞𝑟 ∈ ℕ, ∀𝑞 ∈ 𝑄, 𝑟 ∈ 𝑅 (3n)

𝜑𝑞𝑏 ∈ ℕ, ∀𝑞 ∈ 𝑄, 𝑏 ∈ 𝐵 (3o)

𝑧𝑞 ∈ ℕ, ∀𝑞 ∈ 𝑄. (3p)

The objective function (3a) aims to minimize the total cost, which equals the sum of: (i) cargo transportation costs associated with 
dedicated aircraft, (ii) cargo transportation costs associated with belly resources, (iii) penalty costs, and (iv) transportation costs of 
dedicated aircraft.

Constraints (3b) – (3e) are the fleet scheduling constraints. Constraints (3b) indicate that each flight slot can only be operated by 
one type of aircraft at most. Constraints (3c) guarantee that the number of type-𝑘 cargo aircraft used cannot exceed the number of 
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Table 2 
Notations.

 Notations  Description
 Sets and indices
𝐿  Set of all flight slots
𝑙  Index of flight slot
𝐾  Set of aircraft types
𝑘  Index of aircraft type
𝐻  Set of hub airports
𝑖  Index of hub airport
𝑃  Set of all feasible aircraft routes
𝑝  Index of feasible aircraft route
𝑃 𝑙
𝑘  Set of feasible aircraft routes through cargo flight slot 𝑙 operated by the type-𝑘 aircraft
𝑄  Set of all cargo demand
𝑞  Index of cargo demand
𝑅  Set of feasible cargo routes through cargo flight slots
𝑟  Index of feasible cargo route through cargo flight slots
𝑅𝑙𝑘  Set of feasible cargo routes through cargo flight slot 𝑙 operated by the type-𝑘 aircraft
𝑄𝑙
𝑘  Set of cargo demand that can be transported via cargo flight slot 𝑙 operated by the type-𝑘 aircraft

𝑇𝐶  Set of through cargo connections
(𝑟, 𝑙𝑚 , 𝑙𝑛 , 𝑘)  Index of through cargo connection that represent a through cargo connection pair

((𝑙𝑚 , 𝑘), (𝑙𝑛 , 𝑘)) in a cargo route 𝑟
𝑃 𝑘
(𝑙𝑚 ,𝑙𝑛 )

 Set of feasible aircraft routes operated by type-𝑘 aircraft involving through connection pair (𝑙𝑚 , 𝑙𝑛)
𝐵  Set of all belly capacity resources of passenger airlines
𝑏  Index of belly capacity resource
𝐵𝑞  Set of all belly capacity resources of passenger airlines that can transport cargo demand 𝑞
𝑄𝑏  Set of cargo demand that can be transported via the belly capacity resource 𝑏
 Parameters
𝜛𝑏  Capacity of belly capacity resource 𝑏
𝑣𝑘  Capacity of the type-𝑘 aircraft
𝑐𝑙𝑘  The fixed cost of operating flight slot 𝑙 with the type-𝑘 aircraft
𝑁𝑘  The number of type-𝑘 aircraft
𝑤𝑞  Weight of cargo demand 𝑞
𝑢𝑞𝑟  Unit cost of cargo demand 𝑞 transported using route 𝑟 through dedicated aircraft
𝜂𝑞  Unit penalty for weight not carried of cargo demand 𝑞
𝛽𝑏  Unit cost of cargo transported by the belly capacity 𝑏
𝑜𝑝  The origin airport of aircraft route 𝑝
𝑑𝑝  The destination airport of aircraft route 𝑝
 Decision variables
𝑥𝑝𝑘 ∈ {0, 1}, 1 if aircraft route 𝑝 is operated by the type-𝑘 aircraft, and 0 otherwise
𝑓 𝑙𝑘 ∈ {0, 1}, 1 if flight slot 𝑙 is selected and served by the type-𝑘 aircraft, and 0 otherwise
𝑦𝑞𝑟 ∈ ℕ, Weight of cargo demand 𝑞 transported by cargo route 𝑟
𝛾𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) ∈ ℕ, Weight of cargo demand 𝑞 transported by the through cargo connection (𝑟, 𝑙𝑚 , 𝑙𝑛 , 𝑘)
𝜑𝑞𝑏 ∈ ℕ, Weight of cargo demand 𝑞 carried by belly capacity resource 𝑏
𝑧𝑞 ∈ ℕ, Weight of cargo demand 𝑞 that cannot be delivered.

type-𝑘 cargo aircraft available. Constraints (3d) represent the flow conservation constraints for each aircraft type, indicating that the 
number of aircraft with a specific type departing from a hub airport must equal the number of aircraft with that type arriving at that 
airport. Constraints (3e) link the aircraft route variables and the flight slot variables. They guarantee that a flight slot is operated by 
a type-𝑘 aircraft if and only if a route composed with that flight slot is assigned to a type-𝑘 aircraft.

Constraints (3f) – (3h) are the cargo routing constraints. Constraints (3f) guarantee that, for each cargo, the sum of the weight 
served through the cargo aircraft, the weight served through belly resource, and the unserved weight, equals the total weight. 
Constraints (3g) enforce capacity requirements for the dedicated aircraft. Constraints (3h) enforce capacity requirements for the belly 
resources.

Constraints (3i) – (3j) are the through cargo connection constraints. Constraints (3i) require that the flow of cargo 𝑞 on the through 
cargo connection (𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) equals the total weight of cargo transported on route 𝑟. Furthermore, constraints (3j) ensure that such 
through cargo connection flow can only occur if an aircraft route 𝑝 ∈ 𝑃 𝑘(𝑙𝑚 ,𝑙𝑛) of aircraft type 𝑘 is selected to operate the connection 
(𝑙𝑚, 𝑙𝑛).

4.4.  Model analysis

In this section, we provide a theorem regarding the totally unimodular property of a restricted version of our problem, which we use 
in our solution algorithm to reduce the computational burden. We observe the unimodular property within our model when certain 
variables are fixed, as detailed in the following theorem.
Theorem 1. Assuming that the values are set for all the binary variables 𝑥𝑝𝑘 and 𝑓 𝑙𝑘, the constraint coefficient matrix associated with model 
(3) is a totally unimodular matrix (TUM).
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Proof.  Through an analysis of the model’s structure with specific binary variables assigned appropriate values, it is determined that 
the constraint coefficient matrix is a TUM, based on the Ghouila-Houri characterization (Ghouila-Houri 1964). Recall that, a matrix 
is classified as TUM if, for any collection of its columns (rows), those columns (rows) can be divided into two subsets such that 
the difference between the sums of the columns (rows) in each subset results in a vector with entries limited to 0, +1, or −1. We 
begin by analyzing each constraint individually, focusing on constraints (3f) – (3j), as constraints (3b) – (3e) are constant constraints 
when given fixed values of 𝑥𝑝𝑘 and 𝑓 𝑙𝑘. For each of these constraints, we identify the corresponding constraint coefficient matrix. By 
evaluating the structure of these matrices, we assess whether they permit the partitioning of columns (or rows) as required by the 
Ghouila-Houri characterization. If all constraints conform to this condition, we can conclude that the constraint coefficient matrices 
preserve the TUM property (Molenbruch et al. 2023). Further details of the proof can be found in Appendix B. ∎

According to this theorem, certain integer variables can be relaxed to continuous variables without compromising the quality of 
the solutions under specific conditions.

5.  Column-generation based methodology

We propose a solution approach based on Column Generation (CG). In this section, we first introduce a CG strategy for solving the 
linear programming (LP) relaxation of the model to obtain a subset of aircraft routes. Subsequently, to obtain a high-quality integer 
solution, we first apply recombination and duplication strategies to expand the pool of aircraft routes. Based on this expanded set, 
we then generate the corresponding compatible cargo routes. Finally, leveraging the TUM properties established in Theorem 1, we 
formulate a restricted mixed-integer program (MIP) by restoring integrality constraints only on the binary variables to obtain the 
final integer solution. We next describe the proposed heuristic in detail.

5.1.  Column generation

The primary advantage of CG lies in its effectiveness in addressing linear optimization problems with an exponential number of 
variables. The CG algorithm starts by solving a version of the original problem involving a subset of the variables, referred to as the 
Restricted Master Problem (RMP). Subsequently, the algorithm solves a pricing problem to identify new variables (or columns) that 
have the potential to enhance the objective function of the RMP. The process repeats until no improving variables can be identified 
and terminates with an optimal solution to the linear program.

5.1.1.  Restricted master problem
To enhance computational efficiency, we first construct our initial RMP by including a constraint that tightens the potential values of 
variables 𝑦𝑞𝑟 , which represent the flow of cargo 𝑞 ∈ 𝑄 on a candidate flight route 𝑟 ∈ 𝑅. Then, we construct an initial set of cargo flight 
routes according to the tighter values of variables 𝑦𝑞𝑟 , denoted as 𝑅 ⊆ 𝑅. This tightening rule is based on both physical limitations and 
economic dominance.

First, the physical capacity of any cargo route 𝑟, denoted by 𝑉𝑟, is limited by the bottleneck of its assigned aircraft fleet:
𝑉𝑟 = min

𝑘∈𝐾𝑟
{𝑣𝑘},

where 𝐾𝑟 is the set of aircraft types used for cargo route 𝑟. Second, we apply an economic routing logic based on our objective of 
minimizing total operational cost. For any given cargo 𝑞, if the variable cost 𝑢𝑞𝑟  of using a dedicated cargo flight route 𝑟 exceeds 
the benchmark price 𝛽𝑏 of alternative belly capacity (𝑏 ∈ 𝐵𝑞 being the set of belly capacity available to 𝑞), the cost-minimization 
principle dictates that this cargo will preferentially utilize the cheaper belly capacity first. Consequently, the flow 𝑦𝑞𝑟  on the more 
expensive cargo route 𝑟 must be bounded by the demand shortfall. This shortfall is the residual demand 𝑤𝑞 that cannot be met 
by the total available economical belly capacity 𝑈𝐵(𝑞), where 𝑈𝐵(𝑞) =

∑

𝑏∈𝐵𝑞∶𝑢
𝑞
𝑟>𝛽𝑏

𝜛𝑏. This economic upper bound is formulated as 

max(0, 𝑤𝑞 − 𝑈𝐵(𝑞)).
By integrating these limits, we establish a tighter composite upper bound 𝑦̄𝑞𝑟  for each variable in the initial RMP:

𝑦̄𝑞𝑟 = min
(

max(0, 𝑤𝑞 − 𝑈𝐵(𝑞)), 𝑉𝑟
)

.

A route 𝑟 ∈ 𝑅 is eliminated if it proves non-viable, meaning it cannot carry any cargo after applying these rules (i.e., 𝑦̄𝑞𝑟 = 0). The 
initial route set 𝑅 is thus defined as the set of all valid routes:

𝑅 =

{

𝑟 ∈ 𝑅 ∣
∑

𝑞∈𝑄
𝑦̄𝑞𝑟 > 0

}

.

The initial RMP is then constructed using only the routes 𝑟 ∈ 𝑅. For all variables 𝑦𝑞𝑟  included in this RMP (𝑟 ∈ 𝑅, 𝑞 ∈ 𝑄), their respective 
upper bound constraints are tightened by adding the following constraints: 
𝑦𝑞𝑟 ≤ 𝑦̄𝑞𝑟 , ∀𝑞 ∈ 𝑄, 𝑟 ∈ 𝑅. (4)

Correspondingly, the set 𝑅𝑙𝑘 is also limited to its subset 𝑅𝑙𝑘, defined as 𝑅𝑙𝑘 = {𝑟 ∈ 𝑅𝑙𝑘 ∣ 𝑟 ∈ 𝑅}. Similarly, the set of through cargo 
connection 𝑇𝐶 must be restricted to 𝑇𝐶, which includes only those connections associated with the cargo routes currently in the 
initial RMP as 𝑇𝐶 = {(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶 ∣ 𝑟 ∈ 𝑅}.
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Let 𝑃𝑠 be the restricted subset of aircraft routes, the RMP is formulated as follows. 
min

∑

𝑞∈𝑄

∑

𝑟∈𝑅
𝑢𝑞𝑟𝑦

𝑞
𝑟 +

∑

𝑞∈𝑄

∑

𝑏∈𝐵
𝛽𝑏𝜑

𝑞
𝑏 +

∑

𝑞∈𝑄
𝜂𝑞𝑧𝑞 +

∑

𝑘∈𝐾

∑

𝑙∈𝐿
𝑐𝑙𝑘𝑓

𝑙
𝑘 (5a)

𝑠.𝑡.

(3𝑏), (3ℎ), (4)
∑

𝑝∈𝑃𝑠

𝑥𝑝𝑘 ≤ 𝑁𝑘, ∀𝑘 ∈ 𝐾 (5b)

∑

𝑜𝑝=𝑖,𝑝∈𝑃𝑠

𝑥𝑝𝑘 −
∑

𝑑𝑝=𝑖,𝑝∈𝑃𝑠

𝑥𝑝𝑘 = 0, ∀𝑖 ∈ 𝐻, 𝑘 ∈ 𝐾 (5c)

∑

𝑝∈𝑃 𝑙𝑘∩𝑃𝑠

𝑥𝑝𝑘 = 𝑓 𝑙𝑘, ∀𝑙 ∈ 𝐿, 𝑘 ∈ 𝐾 (5d)

∑

𝑟∈𝑅
𝑦𝑞𝑟 +

∑

𝑏∈𝐵𝑞

𝜑𝑞𝑏 + 𝑧
𝑞 = 𝑤𝑞 , ∀𝑞 ∈ 𝑄 (5e)

∑

𝑞∈𝑄

∑

𝑟∈𝑅𝑙𝑘

𝑦𝑞𝑟 ≤ 𝑣𝑘𝑓 𝑙𝑘, ∀𝑙 ∈ 𝐿, 𝑘 ∈ 𝐾 (5f)

𝛾𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) = 𝑦𝑞𝑟 , ∀(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶, 𝑞 ∈ 𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘 (5g)

𝛾𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) ≤ min{𝑤𝑞 , 𝑣𝑘}
∑

𝑝∈𝑃 𝑘(𝑙𝑚,𝑙𝑛)
∩𝑃𝑠

𝑥𝑝𝑘, ∀(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶, 𝑞 ∈ 𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘 (5h)

𝑥𝑝𝑘 ≥ 0, ∀𝑝 ∈ 𝑃𝑠, 𝑘 ∈ 𝐾 (5i)

0 ≤ 𝑓 𝑙𝑘 ≤ 1, ∀𝑙 ∈ 𝐿, 𝑘 ∈ 𝐾 (5j)

𝑦𝑞𝑟 ≥ 0, ∀𝑞 ∈ 𝑄, 𝑟 ∈ 𝑅 (5k)

𝛾𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) ≥ 0, ∀(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶, 𝑞 ∈ 𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘 (5l)

𝜑𝑞𝑏 ≥ 0, ∀𝑞 ∈ 𝑄, 𝑏 ∈ 𝐵 (5m)

𝑧𝑞 ≥ 0, ∀𝑞 ∈ 𝑄. (5n)

5.1.2.  Pricing problem
The pricing problem aims to identify new aircraft routes with the lowest reduced costs. If aircraft routes with negative reduced costs 
are found, they are added to the RMP. If there are no aircraft routes with negative reduced cost, the optimal solution to the linear 
program is found, and the algorithm terminates. Let 𝜆𝑘, 𝜌𝑖𝑘, 𝜓 𝑙𝑘, 𝜙

𝑞
(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘)

 be the dual variables corresponding to constraints(5b) – (5d) 
and (5h), respectively. Then, the reduced cost 𝛿𝑝𝑘 of the aircraft route 𝑝 operated by the type-𝑘 aircraft can be given as follows:

𝛿𝑝𝑘 = 0 − (
∑

𝑙∈𝑝
𝜓 𝑙𝑘 + 𝜆𝑘 + 𝜌

𝑜𝑝
𝑘 − 𝜌𝑑

𝑝

𝑘 − 𝑒𝑝𝑘), (6)

in which, 𝑒𝑝𝑘 = 0 if the aircraft route 𝑝 operate by the type-𝑘 aircraft does not operate any through connection (𝑙𝑚, 𝑙𝑛) that can be 
utilized in a cargo route 𝑟 as a through cargo connection (𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘). Otherwise, 𝑒𝑝𝑘 =

∑

(𝑙𝑚 ,𝑙𝑛)∈𝐴(𝑝)

∑

𝑞∈𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘

∑

𝑟∈𝑅𝑘(𝑙𝑚,𝑙𝑛 )

𝑤𝑞𝜙𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘). Here, we 

first define 𝐴(𝑝) as the set of flight slots pair (𝑙𝑚, 𝑙𝑛) that constitutes the path 𝑝. For example, if path 𝑝 traverses flight slots 𝑙1 → 𝑙2 → 𝑙3, 
then 𝐴(𝑝) = {(𝑙1, 𝑙2), (𝑙2, 𝑙3)}. Next, for the given aircraft type 𝑘 and any given flight slots pair (i.e., through connection) (𝑙𝑚, 𝑙𝑛) ∈ 𝐴(𝑝), 
we define 𝑅𝑘(𝑙𝑚 ,𝑙𝑛) as the set contains all associated cargo route 𝑟 from 𝑇𝐶, such that: 𝑅𝑘(𝑙𝑚 ,𝑙𝑛) = {𝑟 ∣ (𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶}.

5.1.3.  Solving the pricing problem
In this section, we demonstrate how the pricing problem can be transformed into a longest path finding problem. For a specific type-𝑘
cargo aircraft, we can define a directed acyclic graph (DAG) 𝐺𝑘(𝑆,𝐴) as follows. 𝑆 represents the set of nodes in this graph. It includes 
a dummy source node 𝜋, a dummy sink node 𝜋̄, as well as a node for each flight slot 𝑙 ∈ 𝐿𝑘, where 𝐿𝑘 ⊆ 𝐿 denotes the set of these 
flight slots operated by a type-𝑘 aircraft. 𝐴 denotes the set of arcs in this graph, which can be divided into three distinct sets: 𝐴𝜋 , 
𝐴𝐿𝑘 , and 𝐴𝜋̄ , as follows.
- 𝐴𝜋 =

{

(𝜋, 𝑙) ∶ 𝑙 ∈ 𝐿𝑘, 𝑜𝑙 ∈ 𝐻
}

- 𝐴𝐿𝑘 =
{

(𝑙, 𝑙) ∶ 𝑙, 𝑙 ∈ 𝐿𝑘 and satisfy constraints (1a) and (1b)
}

- 𝐴𝜋̄ =
{

(𝑙, 𝜋̄) ∶ 𝑙 ∈ 𝐿𝑘, 𝑑𝑙 ∈ 𝐻
}

The set 𝐴𝜋 comprises the start arcs that connect the dummy source node to the flight slots originating from hub airports. The 
set 𝐴𝐿𝑘  includes the connected arcs, encompassing the flight slots that satisfy the specified temporal and spatial constraints. The set 
𝐴𝜋̄ consists of the end arcs, which link the flight slots arriving at hub airports to the dummy sink node. Furthermore, weights are 
assigned to each of the defined sets of arcs, as detailed below.
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Fig. 4. Illustration of a simple DAG with a specific aircraft type.

- 𝑊 (𝜋,𝑙)
𝑘 = 𝜌𝑜𝑙𝑘

- 𝑊 (𝑙,𝑙)
𝑘 = 𝜓 𝑙𝑘 − 𝑒

(𝑙,𝑙)
𝑘

- 𝑊 (𝑙,𝜋̄)
𝑘 = 𝜓 𝑙𝑘 − 𝜌

𝑑𝑙
𝑘 .

If (𝑙, 𝑙) is a through connection operated by the type-𝑘 aircraft, then 𝑒(𝑙,𝑙)𝑘 =
∑

𝑞∈𝑄𝑙𝑘∪𝑄
𝑙
𝑘

∑

𝑟∈𝑅𝑘
(𝑙,𝑙)

𝑤𝑞𝜙𝑞
(𝑟,𝑙,𝑙,𝑘)

; otherwise, 𝑒(𝑙,𝑙)𝑘 = 0. Thus, we 

can get 𝑒𝑝𝑘 =
∑

(𝑙,𝑙)∈𝐴(𝑝)
𝑒(𝑙,𝑙)𝑘 . Based on the graph representation provided and given a type 𝑘, the total cost of a path 𝑝 from the dummy 

source node to the dummy sink node is obtained by summing the weights associated with the individual arcs (i.e., through connection) 
along that path:

𝜂𝑝𝑘 =
∑

𝑙∈𝑝
𝜓 𝑙𝑘 + 𝜌

𝑜𝑝
𝑘 − 𝜌𝑑

𝑝

𝑘 − 𝑒𝑝𝑘. (7)

Then, we can observe the following relationship between 𝜂𝑝𝑘 and 𝛿
𝑝
𝑘, the reduced cost of aircraft route 𝑝 operated by the specific 

type-𝑘 aircraft, namely: 𝛿𝑝𝑘 = 0 − (𝜂𝑝𝑘 + 𝜆𝑘). Therefore, the pricing problem of finding the cargo aircraft path corresponding to the 
most negative reduced cost can be transformed into the problem of identifying the path with the highest weight in the associated 
DAG 𝐺𝑘(𝑆,𝐴) with the specific aircraft type 𝑘.

Fig. 4 illustrates an example of a DAG specific to aircraft type 𝑘, within a simplified service network comprising two hub airports, 
𝐻1 and 𝐻2, and two non-hub airports, 𝐴 and 𝐵. In this context, let 𝑙𝑠𝑡−𝑒𝑡𝑜−𝑑  denote a generated flight slot, where 𝑠𝑡 represents the departure 
time, 𝑒𝑡 indicates the arrival time, 𝑜 denotes the origin airport, and 𝑑 signifies the destination airport. For instance, 𝑙0−120𝐻1−𝐴

 represents 
a flight slot that departs from airport 𝐻1 at time 0 (indicating the beginning of the planning period) and arrives at airport 𝐴 at time 
120 (120 minutes after the planning period starts). There are clearly four feasible routes from the dummy source 𝜋 to the sink 𝜋̄. 
Considering there are three cargo demands, labeled 𝑞1, 𝑞2, and 𝑞3, with the corresponding origin-destination pairs being 𝐻1 to 𝐵, 𝐻2 to 
𝐵, and 𝐴 to 𝐻1, respectively. Then, for each demand, we can generate a corresponding feasible through cargo connection, designated 
as (𝑟1, 𝑙0−120𝐻1−𝐴

, 𝑙240−390𝐴−𝐵 , 𝑘), (𝑟2, 𝑙45−165𝐻2−𝐴
, 𝑙240−390𝐴−𝐵 , 𝑘), and (𝑟3, 𝑙240−390𝐴−𝐵 , 𝑙435−540𝐵−𝐻1

, 𝑘), respectively. Utilizing the aforementioned approach, we 
can determine the weight of each arc within this DAG, as depicted in the Fig. 4.

To accelerate the iteration process, our objective is to identify multiple aircraft routes within a DAG that maximize the associated 
cost. To achieve this, we propose a Δ-longest path algorithm to find multiple paths in each iteration, which is based on the DAG 
longest path algorithm and dynamic programming (DP) (Bellman 1962, Christofides 1975, Bang-Jensen and Gutin 2008). Here, Δ
denotes the number of paths to be identified in each iteration. For each 𝑠 ∈ 𝑆 and 𝑖 ∈ {1, 2,… ,Δ}, we define 𝑝𝑎𝑡ℎ[𝑠][𝑖] and 𝑑𝑖𝑠[𝑠][𝑖] to 
represent the 𝑖𝑡ℎ longest path from dummy source to node 𝑠 and its corresponding cost, respectively. For each arc (𝑠, 𝑛) ∈ 𝐴, 𝑠, 𝑛 ∈ 𝑆, 
let 𝑐(𝑠,𝑛) denote the cost associated with arc (𝑠, 𝑛). The dynamic programming recurrence relation for 𝑑𝑖𝑠[𝑛][𝑖] can be expressed as 
follows:

𝑑𝑖𝑠[𝑛][𝑖] = max
(𝑠,𝑛)∈𝐴,

𝑗∈{1,2,…,𝑖}

{𝑑𝑖𝑠[𝑠][𝑗] + 𝑐(𝑠,𝑛) ∣ 𝑝𝑎𝑡ℎ[𝑠][𝑗] + [(𝑠, 𝑛)] ≠ 𝑝𝑎𝑡ℎ[𝑛][𝑘],∀𝑘 ∈ {1, 2,… , 𝑖 − 1}}.
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The detailed approach is outlined in Algorithm 1. At each iteration of the CG algorithm, and for each aircraft type 𝑘, we construct 
the corresponding DAG 𝐺𝑘(𝑆,𝐴) and apply this algorithm to identify the Δ longest paths.

Algorithm 1 Δ-longest path algorithm.
1: Input: DAG 𝐺𝑘(𝑆,𝐴), the value of Δ, set of restricted aircraft paths 𝑃𝑠
2: Output: Δ paths not in 𝑃𝑠
3: State Initialization.
4: Δ′ ← Δ + |𝑃𝑠|
5: 𝑑𝑖𝑠[𝜋][1] ← 0; 𝑑𝑖𝑠[𝜋][𝑖] ← −∞,∀𝑖 ∈ {2,… ,Δ′};
6: 𝑑𝑖𝑠[𝑠][𝑖] ← −∞,∀𝑠 ∈ 𝑆 ⧵ {𝜋}, 𝑖 ∈ {1,… ,Δ′}
7: 𝑝𝑎𝑡ℎ[𝑠][𝑖] ← [ ],∀𝑠 ∈ 𝑆, 𝑖 ∈ {1,… ,Δ′}
8: DP-based Iteration.
9: for 𝑖 = 1 to Δ′ do
10:  for each node 𝑠 ∈ 𝑆 do
11:  for each arc (𝑠, 𝑛) ∈ 𝐴 do
12:  for 𝑗 = 1 to 𝑖 do
13:  if 𝑑𝑖𝑠[𝑛][𝑖] < 𝑑𝑖𝑠[𝑠][𝑗] + 𝑐(𝑠,𝑛) and {𝑝𝑎𝑡ℎ[𝑠][𝑗] + [(𝑠, 𝑛)] ≠ 𝑝𝑎𝑡ℎ[𝑛][𝑘],∀𝑘 ∈ {1, 2,… , 𝑖 − 1}} then
14:  𝑑𝑖𝑠[𝑛][𝑖] ← 𝑑𝑖𝑠[𝑠][𝑗] + 𝑐(𝑠,𝑛)
15:  𝑝𝑎𝑡ℎ[𝑛][𝑖] ← 𝑝𝑎𝑡ℎ[𝑠][𝑗] + [(𝑠, 𝑛)]
16: According to 𝑑𝑖𝑠 and 𝑝𝑎𝑡ℎ, collect top Δ′ paths, filter out paths in 𝑃𝑠, and output Δ paths.

5.2.  CG based heuristic

We next describe how our solution approach operates. It first applies the CG algorithm. Specifically, it solves the RMP at each 
iteration and determines the corresponding dual variable values. The DAG is generated for each aircraft type 𝑘, and the Δ longest 
paths are identified. Subsequently, amongst the identified paths, all those with negative reduced costs are added to the RMP and the 
aforementioned process is repeated. If none of the paths found yield a negative reduced cost, the LP solution is obtained. At this stage, 
we construct a final MIP to determine an integer-feasible solution to our problem. The set of cargo aircraft routes generated by the 
CG iterative process serves as the initial pool of available cargo aircraft routes. To enhance this pool and explore a more promising 
solution space, we employ recombination and duplication strategies on these CG-generated cargo aircraft routes. We then reintroduce 
the original integrality constraints (i.e., on variables 𝐱 and 𝐟) into the restricted master problem. This final MIP is restricted to using 
only the aircraft routes from this expanded set and the corresponding cargo routes derived from them. The process is detailed in the 
following sections.

5.2.1.  Aircraft routes regeneration
Based on the aircraft routes obtained from the column generation algorithm, we can identify flight slots appear in high-quality 
solutions. Thus, given the slots that appear in aircraft routes generated through column generation, we generate new aircraft routes 
and incorporate them into the set of aircraft routes considered by the MIP. For instance, let us assume that two are derived from the 
CG iteration, namely, 𝑙1 − 𝑙2 − 𝑙3 and 𝑙4 − 𝑙5 − 𝑙6. If 𝑙1 and 𝑙6 can be connected, i.e., 𝑙1 and 𝑙6 satisfy the spatial-temporal constraints 
(1a) and (1b), a new aircraft route 𝑙1 − 𝑙6 is generated and included in the MIP.

5.2.2.  Aircraft routes duplication by aircraft type
Furthermore, we implement a type-duplication approach to expand the pool of aircraft routes available to the MIP. This approach 
is applied to an existing aircraft route 𝑝 = {𝑙1, 𝑙2, 𝑙3}, which is operated by an aircraft of initial aircraft type 𝑘′ ∈ 𝐾. We then iterate 
through the set of aircraft types. For each alternative type 𝑘 ∈ 𝐾 ⧵ {𝑘′}, we generate a new route candidate. This new candidate uses 
the identical flight slots 𝑝 but assigns it to type 𝑘. This new route-type pairing is then represented by a variable 𝑥𝑝𝑘, which is included 
in the MIP candidate set, provided it is not already present.

5.2.3.  Generation of the final cargo route set
The construction of the final MIP requires a corresponding set of cargo routes using cargo flights. Based on the comprehensive set 
of cargo aircraft routes assembled in the previous steps, we can get all flight slots and corresponding assigned aircraft type used by 
those aircraft routes. Then, we explicitly generate the set of feasible cargo routes, denoted by 𝑅𝐶𝐺, using those flight slots and aircraft 
types. This generation is performed using the specific Cargo Route Generation Algorithm detailed in the Appendix A. The resulting set 
𝑅𝐶𝐺 is a subset of 𝑅 (i.e., 𝑅𝐶𝐺 ⊆ 𝑅). This restricted set 𝑅𝐶𝐺 is then used exclusively to define the cargo flow variables and associated 
constraints within the final MIP model. In summary, the Column Generation algorithm in this study is shown as Algorithm 2.
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Algorithm 2 Column Generation algorithm.
1: Input: The value of Δ and the empty set of aircraft route 𝑃𝑠 to the initial RMP.
2: Output: The integer solution (𝒙∗,𝒇∗, 𝒚∗, 𝜸∗,𝝋∗, 𝒛∗) and the objective value. 
3: Iteration.
4: while True do
5:  Solve RMP and get values of the corresponding dual variables.
6:  for each aircraft type 𝑘 ∈ 𝐾 do
7:  Generate 𝐺𝑘(𝑆,𝐴).
8:  Apply Δ-longest path algorithm to get Δ paths with their cost 𝜂𝑝𝑘.
9:  𝛿𝑝𝑘 ← 0 − (𝜂𝑝𝑘 + 𝜆𝑘).

10:  Get the aircraft routes corresponding to 𝛿𝑝𝑘 < 0, add them to set 𝑃𝑠, and update the RMP.
11:  Get the lowest reduced cost 𝛿min among all reduced cost 𝛿𝑝𝑘.
12:  if 𝛿min ≥ 0 then
13:  return 𝑃𝑠.
14: Final MIP.
15: Generate an expanded aircraft route set 𝑃  from 𝑃𝑠 (via recombination/duplication) and define integer variables 𝑥𝑝𝑘.
16: Define integer variables 𝑓 𝑙𝑘 from all flight slots and assigned aircraft type pair (𝑙, 𝑘) in 𝑃 .
17: Formulate the final MIP by imposing integrality on 𝒙, 𝒇 and coupling them with the re-generated cargo flight route variables 

(𝒚, 𝜸) using the RMP structure.
18: Solve MIP and return the obtained solution.

6.  Computational experiments

To validate the proposed model and algorithm, we derive instances based on data from a major air freight company in China. The 
operational planning period for our air cargo service network scheduling problem was established as one night, with the cargo flight 
time window restricted to the allowable hours for cargo aircraft operations in China. Accordingly, the temporal discretization step 
Δ𝜏 is set to 15 minutes. The time window for all cargo involves an available time of 21:00 and a due time of 8:00. In most of the 
literature on aircraft routing, the turnaround time is in a range of 30 to 60 minutes. Thus, we set the turnaround time 𝑡𝑡𝑟𝑎𝑛𝑠 to 45 
minutes. Furthermore, for each cargo, there can be no more than two transshipments along its route and a transshipment operation 
between different aircraft can only be performed if the transfer time is at least of two hours (Lee et al. 2019, Zheng et al. 2023).

The first experiment involves various instances of different scales for network size to validate our proposed algorithm. The second 
experiment investigates the influence of through cargo connections on the models under consideration. Finally, the third experiment 
assesses the effect of unserved penalties within the study framework. These experiments are conducted using C++ to interface with 
CPLEX 12.10, running on a 2.30GHz Intel Core Ultra 9 185H CPU with 32 GB of RAM under the Windows 11 operating system.

6.1.  Instances and experimental settings

We utilized a dataset provided by our industrial partner company, encompassing daily cargo flow, available belly capacity, and 
corresponding airport data. This data undergo a two-stage preprocessing phase to ensure network feasibility and scope. First, we 
exclude any cargo demand ((O,D) pair) for which an available cargo route, operated by cargo aircraft, could not be established 
within a single overnight time window. Second, to account for the complexities of customs and cross-border procedures, all cross-
border cargo demands are removed from consideration. The final real-size network we use as the base large-scale network is illustrated 
in Fig. 5. This network consists of 24 airports, which are categorized into 5 hubs and 19 non-hub airports. Additionally, in Fig. 5, the 
thickness of the lines is proportional to the magnitude of the cargo flow between the connected (O,D) pairs.

To evaluate the model on instances of varying scale, we generate subnetworks by sampling from the 5 primary hubs. Small-scale 
networks are constructed by selecting all possible combinations of 2 out of the 5 hubs, resulting in 10 distinct small-scale networks. 
Each of these networks includes the two selected hubs and their respectively associated spoke airports. Similarly, medium-scale 
networks are generated by selecting all combinations of 4 out of the 5 hubs, yielding 5 medium-scale networks. As with the large-
scale network, we apply the same preprocessing filter to all subnetworks, removing any cargo demand that lacked a feasible overnight 
cargo route transported by cargo aircraft.

Based on these networks, we then generate a comprehensive testbed by randomly varying key operational parameters, including 
total cargo demands, available belly capacity, and fleet size. This process yields 50 distinct instances for each of the three scales 
(i.e., small, medium, and large). Table 3 provides a summary of the average characteristics for each instance scale, detailing the 
mean number of (O,D) pairs, fleet size, total cargo demands, and available belly capacity. In Table 3, there are three aircraft types 
in the fleet, namely K1 with a capacity of 14 tonnes, K2 with a capacity of 25 tonnes, and K3 with a capacity of 48 tonnes. The costs 
associated with the fleet and the corresponding notation settings are detailed in Tables 4 and 5.
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Fig. 5. Base large-scale network.
Table 3 
Summary of instance characteristics by scale.

Scale Hubs
 (O, D) pairs  (O, D) demand (kg)  belly capacity (kg)  fleet size
 Min  Max  Average  Min  Max  Average  Min  Max  Average  K1  K2  K3

 Small  2  66  82  74.1  404,774  742,604  582,704.46  64,842  180,678  115,830.50  5 - 6  3 - 4  2 - 3
 Medium  4  157  177  167.1  1,205,764  1,626,878  1,386,547.60  200,267  339,904  258,029.20  10 - 12  6 - 8  4 - 5
 Large  5  257  257  257.0  1,890,809  2,159,095  2,042,785.80  348,882  418,562  385,217.74  18 - 23  18 - 23  5 - 8

Table 4 
Fleet cost.
 Notation  Description  K1  K2  K3
𝑐𝑓𝑖𝑥𝑘  Operational fixed cost  15,000  25,000  35,000
𝑐𝑣𝑎𝑟𝑘  Operational variable cost (/(min × kg))  0.018  0.013  0.010
𝑣𝑘  Capacity (t)  14  25  48
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Table 5 
Cargo and flight characteristics.
 Noatation  Description  Value
𝛽𝑏  Transported cost by belly (/kg)  3.5
𝜂𝑞  Penalty for not transported cargo (/kg)  30.0
𝑡𝑟𝑎𝑙𝑘  Travel time of flight 𝑓 𝑙𝑘 (mins)  input data
𝑢𝑞𝑟  Transported cost by dedicated aircraft (/kg) ∑

𝑙∈𝑟

∑

𝑘∈𝐾
(𝑐𝑣𝑎𝑟𝑘 × 𝑡𝑟𝑎𝑙𝑘)

𝑐𝑙𝑘  The fixed flight operational cost 𝑐𝑓𝑖𝑥𝑘

6.2.  Computational performance

This section presents the computational study designed to evaluate the performance of our proposed CG algorithm. For a fair bench-
mark, the CPLEX solver is applied to our MIP formulation with fully exploiting the TUM property identified in Section 4.4. We first 
compare the performance of our CG approach against this TUM-enhanced CPLEX model and a Benders-based method on a set of 
small-scale instances. This analysis is then extended to medium- and large-scale instances to assess the scalability and effectiveness 
of the CG algorithm compared directly with CPLEX. Finally, we investigate the specific contributions of our modeling strategies by 
quantifying the computational impact of leveraging the TUM property and evaluating the effectiveness of the additional tightening 
constraints in Section 5.1.1.

6.2.1.  Experiments on small-scale instances
To evaluate our proposed CG algorithm, we first conduct a comprehensive comparison against the CPLEX solver and a Benders-based 
method (detailed in Appendix C) on the 50 small-scale benchmark instances. A uniform time limit of one hour (3600s) is used for all 
methods. For the CG algorithm, the parameter Δ within the Δ-longest path algorithm is set to 5.

Fig. 6 presents a performance comparison of our proposed CG algorithm against those two benchmarks for the small-scale instances 
(the detailed results are shown in Appendix D). In this figure, the x-axis indicates the different instances, and each point corresponds to 
the output obtained for a given method for a specific instance. Fig. 6(a) provides the computational times. The Benders-based method 
is omitted from this figure, as it consistently reached the 3600-second time limit on all instances. In this subfigure, CPLEX Time denotes 
the total solution time required by CPLEX, while CG Total Time represents the total time for the CG algorithm. The latter is composed of 
the CG iteration time (CG LP Time) and the final MIP solution time. The results indicate that our CG algorithm consistently surpasses 
CPLEX in computational speed. While both methods solve the simpler instances (1–34) efficiently, the performance gap becomes 
pronounced on the more challenging instances (35–50). For these instances, CPLEX fails to find an optimal solution, terminating at 
the 3600-second time limit. In contrast, our CG algorithm successfully solves 49 out of 50 instances within the time limit, leading to 
a significantly lower average computational time (404.34s) compared to CPLEX (1428.14s). Furthermore, the CG LP Time (average: 
10.59s) remains small across all instances, confirming the high efficiency of the column generation process.

Fig. 6(b) analyzes the solution quality using the IP.gap metric. Let Obj denote the objective value, then, for a given method Method, 
the IP.gap can be calculated as: (𝑀𝑒𝑡ℎ𝑜𝑑.𝑂𝑏𝑗 − 𝐶𝑃𝐿𝐸𝑋.𝑂𝑏𝑗)∕𝐶𝑃𝐿𝐸𝑋.𝑂𝑏𝑗 × 100%. The Benders-based method proves ineffective, 
yielding a prohibitively large average gap of 92.95%. Conversely, our CG algorithm demonstrates excellent performance, as its IP.gap
remains at 0.00% for most instances and averages a negligible value of 0.03%. This result confirms that our method consistently 
finds solution with a quality equivalent to that of CPLEX. Additionally, for instances 38 and 44, CPLEX timed out, whereas our CG 
algorithm found solutions in 507.74s and 1160.90s, respectively. More importantly, the CG algorithm also achieved superior solution 
quality. The negative IP.gaps reported for our algorithm (-0.15% and -0.64%) signify that it found better integer solutions (i.e., lower 
objective values) than CPLEX found within the time limit.

We also note that for nine of the small-scale instances in Fig. 6, the final solution quality of the CG algorithm is inferior to that 
of CPLEX, even though our CG algorithm can get the solutions quickly. To facilitate a fairer comparison of the solution performance, 
we record the time at which the best integer solution is found during the final MIP solve of the CG algorithm, denoted as 𝑇𝑖𝑛𝑡. Let 𝑇𝑙𝑝
represent the time for the CG iterative process (i.e., CG LP Time). We then define 𝑇𝐶𝐺′ = 𝑇𝑙𝑝 + 𝑇𝑖𝑛𝑡 as the total time required for our 
algorithm to find its best feasible solution. In a subsequent experiment, we run CPLEX using 𝑇𝐶𝐺′  (derived from the corresponding CG 
run) as the time limit. We then compare the best integer solution found by the time-limited CPLEX against the best integer solution 
obtained by our CG algorithm. The results of this comparison are presented in Table 6.

Table 6 presents the detailed results of this experiment. For the standard CPLEX, we list its final objective (Obj) and total time 
(s). For the CG method, we report its Obj, its original IP.gap (relative to the standard CPLEX), its total time (s), and the time required 
to find its best integer solution (𝑇𝐶𝐺′ ). The final two columns show the Obj achieved by CPLEX with a time limit of 𝑇𝐶𝐺′  and the 
resulting IP.gap with CG. This IP.gap with CG is calculated by comparing the time-limited CPLEX objective to the CG objective, using 
the formula: (CPLEX using 𝑇𝐶𝐺′ .Obj - CG.Obj) / CG.Obj × 100%.

First, we observe in Table 6 that the time required for the CG algorithm to discover its best integer solution (𝑇𝐶𝐺′ ) is extremely 
short, averaging only 55.85 seconds. This time is a small fraction of both the full CG algorithm runtime (avg. 323.11s) and the 
original CPLEX runtime (avg. 1320.20s). More importantly, when CPLEX is constrained to this identical, limited runtime (𝑇𝐶𝐺′ ), its 
solution quality is demonstrably poorer. As shown in the IP.gap with CG column, the solutions from the time-limited CPLEX are, on 
average, 2.011% worse (higher objective value) than the solutions found by our CG algorithm. In six of the nine instances (e.g., 
Instances 22 and 23), the gap is substantial, indicating that CPLEX has not yet found a high-quality feasible solution in that short 
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Fig. 6. Benchmark performance comparison for small-scale instances.

Table 6 
Comparison of CPLEX and CG with fair time limits for specific small-scale instances.

Instance
 CPLEX  CG  CPLEX using 𝑇𝐶𝐺′

 Obj  time (s)  Obj  IP.gap  time (s) 𝑇𝐶𝐺′  Obj  IP.gap with CG
 15  4532209.28  92.12  4534659.32  0.05%  27.20  13.62  4660678.22  2.779%
 19  3418750.07  173.25  3437675.92  0.55%  28.11  7.04  3504867.60  1.955%
 22  3185639.59  223.76  3199540.01  0.44%  44.85  23.84  3398987.12  6.234%
 23  4101111.97  265.66  4101843.82  0.02%  55.67  11.57  4317327.04  5.253%
 28  3618362.37  793.35  3630794.49  0.34%  152.50  99.35  3642867.78  0.333%
 30  5403163.99  1231.27  5406597.55  0.06%  185.11  61.15  5406338.26 -0.005%
 34  5406091.74  1898.81  5411234.58  0.10%  103.77  47.92  5406091.74 -0.095%
 43  4302556.59  TL  4316547.95  0.33%  1462.26  76.57  4387564.63  1.645%
 45  2819569.95  TL  2827705.32  0.29%  848.49  161.62  2827705.32  0.000%
 Average  4087495.06  1320.20  4096288.77  0.24%  323.11  55.85  4172491.97  2.011%

Note: TL means time limit.

timeframe. Although CPLEX find marginally better solutions in two instances (30 and 34), the average results support our conclusion. 
This experiment demonstrates that our proposed CG algorithm is particularly effective at rapidly identifying high-quality incumbent 
solutions.

In addition, as previously observed (i.e., in Fig. 6), the standard CPLEX solver fails to find optimal solutions for 16 of the more 
challenging instances (Instances 35–50) within the 3600-second time limit. To rigorously evaluate the actual solution quality of our 
proposed CG algorithm for these instances, we conduct a follow-up experiment. In this experiment, the solution obtained from our CG 
algorithm (within the initial 1-hour limit) is provided to CPLEX as a warm start. CPLEX is then executed with a significantly extended 
time limit of 24 hours (86400 seconds) to allow it to converge to the true optimal solution, or as close as possible.

The results of this comparison are presented in Table 7. We report the objective (Obj) and time (s) for the initial CG solution, 
alongside the final Obj, total time (s), and resulting IP.gap from the 24-hour CPLEX run. The IP.gap with CG here is defined as (CPLEX.Obj 

Transportation Research Part B 209 (2026) 103469 

18 



L. Zhu et al.

Table 7 
Solution quality comparison using CG solutions as a warm start for CPLEX in small-scale 
instances.

Instance
 CG  CPLEX with Warm Start (24h Limit)
 Obj  time (s)  Obj  time (s)  IP.gap with CG

 35  5616535.07  238.54  5616535.07  1583.87  0.00%
 36  3887395.95  278.01  3887395.95  1336.25  0.00%
 37  3322639.22  331.05  3322639.22  2373.21  0.00%
 38  4086834.34  507.74  4086834.34  49944.08  0.00%
 39  3112151.71  616.80  3112151.71  8419.50  0.00%
 40  4950406.35  688.48  4950406.35  17752.71  0.00%
 41  6074768.56  762.69  6074768.56  3704.93  0.00%
 42  4960279.33  824.94  4960279.33  12798.06  0.00%
 43  2827705.32  848.49  2819569.95  47336.62 -0.29%
 44  4132371.33  1160.90  4132371.33  59862.37  0.00%
 45  4316547.95  1462.26  4302556.59  3138.89 -0.32%
 46  3787689.82  1586.12  3787689.82  4733.10  0.00%
 47  3988652.44  1711.47  3988652.44  7830.55  0.00%
 48  3970860.18  1762.81  3970860.18  22057.96  0.00%
 49  3916057.58  1940.19  3916057.58  22897.38  0.00%
 Average (35–49)  —  981.37  —  17717.96 -0.04%

 50  3834294.93  TL  3834294.93  86401.80  0.00%

- CG.Obj) / CG.Obj × 100%. Instance 50 is reported separately and excluded from the average calculation, as both the initial CG run 
and the subsequent CPLEX warm start run reached their respective time limits (3600s and 86400s).

The results for instances 35–49 show that the solutions found rapidly by our CG algorithm (avg. 981.37s) are already extremely 
close to the optimal solutions found within 24 hours. The average IP.gap with CG is a negligible -0.04%, confirming that our CG 
solutions are, on average, only 0.04% suboptimal. In fact, for 13 of the 15 instances, the solution was proven to be optimal (0.00% 
gap).

6.2.2.  Experiments on medium- and large-scale instances
We now evaluate the performance of our proposed CG algorithm on the medium- and large-scale instances. Based on its poor perfor-
mance on the small-scale instances, the Benders-based method is excluded from this comparison, and standard CPLEX is used as the 
sole benchmark.

For these larger problems, both methods are executed under a total time limit of 3600 seconds. However, given the immense 
number of potential aircraft routes, a secondary termination condition is introduced for the CG iterative process on the large-scale 
instances only: the column generation phase is terminated if it reached 1800 seconds (i.e., half of the total time limit). The set of 
aircraft routes generated up to that point is then used to construct and solve the final MIP.

Since both our CG algorithm and CPLEX consistently terminated at the 3600-second time limit, we do not compare computational 
time. Instead, we focus on the final solution quality. The results are presented in Fig. 7, which visualizes the complete distribution 
of solution gaps. The figure clearly demonstrates the superiority of our proposed algorithm. For the medium-scale instances (shown 
in red), the mean IP.gap is -4.07%. The entire interquartile range and the vast majority of individual instances lie below the 0% line, 
confirming that our method consistently finds better-quality solutions than CPLEX within the time limit.

This performance advantage becomes even more pronounced on the large-scale instances (shown in blue). The mean IP.gap
improves significantly to -6.32%. This result shows that as the problem scale and complexity increase, the performance gap between 
our CG algorithm over CPLEX widens. While CPLEX struggles with the larger problem space, our algorithm is able to identify high-
quality solutions more effectively. The figure also highlights the full range of outcomes, including extreme instances where our method 
found solutions more than 14% (Medium) and 15% (Large) better than those found by CPLEX.

6.2.3.  Impact of the TUM property
To quantify the computational advantage gained from exploiting the model’s TUM property, we conduct an experiment on the 34 
small-scale instances that CPLEX solved to optimality within the 3600-second limit. The primary model used throughout this paper 
(denoted as CPLEX) leverages this property by relaxing the integer constraints on the flow-related variables (e.g., 𝒚, 𝝓, and 𝒛). As 
a comparative benchmark, we define a Standard MIP where this property is not exploited, and these same variables are explicitly 
defined as integers.

Table 8 presents the results of this comparison. The CPLEX.time (s) on average (avg. 405.12s) is significantly faster than the 
Standard MIP. time(s) (avg. 576.34s). The final column, Time Difference (%), quantifies the percentage change in computation time 
relative to our model, calculated as (Standard MIP.time(s) - CPLEX.time(s)) / CPLEX.time(s) × 100%.

The results show that the Standard MIP required an average of 78.73% more computational time to solve the same instances. 
Although the Standard MIP was unexpectedly faster in two instances (26 and 33), the overwhelming trend confirms the benefit. For 
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Fig. 7. IP Gap distribution for medium- and large-scale instances.

many instances (e.g., 2, 4, 5, 22, 23), the time saving is substantial. This analysis validates our modeling choice, demonstrating that 
exploiting the TUM property provides a significant computational advantage by simplifying the problem for the MIP solver.

6.2.4.  Impact of tightening constraints
In Section 5.1.1, we introduce a set of tightening constraints (4), for the cargo flight route flow variables in the RMP. To evaluate 
the effectiveness of these constraints, we compare the performance of our full CG algorithm (which includes them) against a variant 
where these constraints are removed from the RMP.

The results presented in Table 9 demonstrate the critical importance of these constraints. On average, the CG algorithm with 
tightening constraints solves the instances in 404.34 seconds, which is more than twice as fast as the 868.13 seconds required by the 
variant without them. This confirms that constraints (4) are highly effective in strengthening the RMP formulation.

6.3.  Value of through cargo connections

As discussed in the introduction, a primary contribution of this study is to evaluate the value of through cargo connections in the 
air cargo operations. This section now presents the detailed numerical results to quantify this impact. As mentioned previously, the 
50 small-scale instances form a reliable basis for our analysis. For these instances, 34 instances of them are solved to optimality by 
CPLEX within one hour, and another 15 are solved to optimality within 24 hours. For the remaining instance, we obtain a solution 
with an optimality gap of 0.07%, indicating a solution very close to the optimal. We therefore use these 50 (near-)optimal solutions 
to analyze the impact of through cargo connections.

We compare the solutions obtained for different versions of model (3). We let Model O denote a variant of model (3) that does 
not allow performing any through cargo connection. We let Model TH denote a variant of model (3) that does not allow performing 
through cargo connections at non-hub airports. Specifically, in Model TH, we assume that each intermediate stop of a through cargo 
connection needs to be executed at a hub airport. We let Model TN refer to the complete problem, with through cargo connections 
allowed in any airport. In Appendix E, we provide a detailed mathematical representation of the implementation of Model O and
Model TH. To perform this comparison, the other two models (Model O and Model TH) are also solved to optimality using CPLEX. 
The solutions produced by the three models are compared in Fig. 8.

Fig. 8 clearly demonstrates the significant benefits of allowing flexible through cargo connections. As for the overall operational 
cost (i.e., Objective Value), the flexibility to perform connections has a striking impact on the total objective value. As shown in 
Fig. 8(a), Model O (no through cargo connections) consistently results in the highest-cost solutions. Model TH (hub-only through 
cargo connections) offers a slight improvement. However, Model TN (through cargo connections at any airport) achieves a dra-
matically lower objective value in nearly every instance. On average, Model TN improves the objective by approximately 14.08% 
compared to Model O and 11.26% compared to Model TH.
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Table 8 
Comparison of solution times with and without exploiting the TUM prop-
erty in small-scale instances.
 Instance  CPLEX.time(s)  Standard MIP.time(s)  Time Difference (%)
 1  9.58  23.68  147.20%
 2  9.86  31.00  214.31%
 3  16.16  32.75  102.67%
 4  16.67  50.15  200.88%
 5  25.42  77.20  203.65%
 6  27.92  48.90  75.16%
 7  33.05  34.08  3.12%
 8  35.07  100.64  186.96%
 9  37.82  52.68  39.28%
 10  51.13  58.74  14.88%
 11  57.61  83.05  44.16%
 12  69.29  164.31  137.14%
 13  80.07  113.76  42.07%
 14  90.40  140.77  55.72%
 15  92.12  104.05  12.95%
 16  127.84  158.14  23.71%
 17  135.96  165.91  22.03%
 18  140.22  152.74  8.93%
 19  173.25  264.47  52.65%
 20  180.69  217.18  20.20%
 21  201.24  362.95  80.35%
 22  223.76  744.21  232.60%
 23  265.66  855.15  221.90%
 24  361.79  580.76  60.53%
 25  507.81  829.36  5.99%
 26  527.11  1289.78  144.69%
 27  737.57  643.25 -12.79%
 28  793.35  1923.53  142.46%
 29  1115.70  1706.97  53.00%
 30  1231.27  2196.60  78.40%
 31  1314.24  1618.90  23.18%
 32  1537.94  1743.66  13.38%
 33  1647.74  1087.13 -34.02%
 34  1898.81  1939.18  2.13%
 Average  405.12  576.34  78.73%

Fig. 8. Impact of through cargo connection on the operational cost and service levels.
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Table 9 
Impact of tightening constraints on CG performance in small-scale instances.

Instance
 CG with Tighten Constraints  CG without Tighten Constraints
 Obj  time (s)  CG.time (s)  CG.Num  Obj  time (s)  CG.time (s)  CG.Num

 1  3077508.64  5.99  3.04  51  3077508.64  13.11  5.52  53
 2  3049679.42  8.37  3.56  54  3097724.14  19.74  5.12  48
 3  3209616.42  14.11  5.48  58  3209616.42  15.24  5.69  54
 4  3237875.09  10.64  5.18  55  3237875.09  13.19  5.12  50
 5  3494104.51  19.50  4.39  74  3494104.51  13.82  3.59  63
 6  3258069.05  23.21  12.60  46  3258069.05  24.21  12.59  49
 7  4255750.67  23.67  10.68  64  4255750.67  24.82  10.27  59
 8  4571077.40  15.39  3.71  63  4571077.40  59.96  6.07  53
 9  4092144.21  26.38  14.52  57  4092144.21  21.11  10.22  42
 10  5157459.50  10.86  2.88  53  5157459.50  39.01  6.59  63
 11  4316882.68  29.47  14.51  53  4316882.68  34.56  13.11  55
 12  3644077.18  23.97  9.81  49  3656425.18  37.15  12.62  57
 13  4899055.76  59.48  20.00  72  4899055.76  55.77  22.87  69
 14  4798325.10  35.40  12.49  76  4798325.10  31.12  12.93  74
 15  4534659.32  27.20  8.39  52  4534659.32  38.17  13.63  58
 16  4472921.05  12.91  3.01  51  4472921.05  48.50  5.06  50
 17  4721504.55  44.59  15.35  57  4784866.15  50.26  18.27  61
 18  4966981.28  17.57  3.02  51  4966981.28  88.38  6.79  64
 19  3437675.92  28.11  6.08  52  3429128.87  23.93  6.29  55
 20  4043901.03  30.63  3.48  57  4043901.03  80.07  6.99  58
 21  4340854.27  90.30  18.50  65  4340854.27  112.82  23.10  70
 22  3199540.01  44.85  11.65  56  3199540.01  64.99  11.49  54
 23  4101843.82  55.67  6.54  60  4101111.97  174.82  9.85  51
 24  4648230.43  153.67  15.29  60  4648230.43  396.10  17.70  64
 25  6193499.27  64.83  10.72  68  6202662.61  282.94  20.83  79
 26  3965332.87  46.58  8.57  62  3965332.87  200.83  12.22  59
 27  5959763.00  155.59  13.40  68  6048247.36  493.92  18.00  65
 28  3630794.49  152.50  6.72  56  3618362.37  192.23  13.62  65
 29  4669026.45  126.05  17.02  65  4669026.45  210.01  17.72  63
 30  5406597.55  185.11  5.48  56  5406597.55  248.73  10.55  53
 31  6246092.08  75.10  20.30  73  6246092.08  345.03  22.47  80
 32  5242828.93  114.07  8.30  51  5242828.93  122.07  5.28  50
 33  6621099.63  59.21  14.79  58  6621099.63  137.64  12.15  72
 34  5411234.58  103.77  10.78  53  5406091.74  239.24  10.02  49
 35  5616535.07  238.54  19.12  71  5616535.07  1890.02  24.80  78
 36  3887395.95  278.01  16.42  59  3887395.95  736.98  20.41  61
 37  3322639.22  331.05  6.87  46  3322639.22  337.28  13.40  49
 38  4086834.34  507.74  8.55  54  4086834.34  3091.35  14.70  56
 39  3112151.71  616.80  10.39  49  3189275.33  3602.56  17.92  63
 40  4950406.35  688.48  16.30  60  4950406.35  3603.12  16.14  59
 41  6074768.56  762.69  14.58  69  6074768.56  1227.97  19.56  63
 42  4960279.33  824.94  21.49  81  4960279.33  2075.83  19.21  70
 43  2827705.32  848.49  11.63  49  2819569.95  2156.39  10.10  39
 44  4132371.33  1160.90  7.86  54  4153153.15  3603.16  13.35  49
 45  4316547.95  1462.26  6.15  56  4313652.66  1107.00  11.40  53
 46  3787689.82  1586.12  12.04  83  3787689.82  2243.10  21.25  73
 47  3988652.44  1711.47  14.62  96  4028921.50  2969.97  19.24  73
 48  3970860.18  1762.81  14.75  103  3970860.18  3602.10  23.78  95
 49  3916057.58  1940.19  10.85  46  3916057.58  3603.09  14.15  52
 50  3834294.93  3601.75  7.76  50  3844922.51  3603.32  13.05  46
 Average  —  404.34  10.59  60.44  —  868.13  13.34  59.76

Regarding service quality, we define Cargo rate (%) represents the volume transported by cargo aircraft divided by the total cargo 
demand. We define the Delay rate (%) as the ratio of the total cargo volume that cannot be transported within its time window to 
the total cargo demand. The improved objective value of Model TN is not a simple cost trade-off, but also a more efficient network 
operation that enhances service quality. Specifically, for the Cargo rate (%), Fig. 8(b) shows that the added flexibility allows the 
network to carry significantly more cargo. The average cargo rate for Model TN (73.47%) is substantially higher than that of Model 
O (67.98%) and Model TH (68.90%). Most importantly, in terms of the Delay rate (%), the operational flexibility of Model TN
drastically reduces cargo delays. Fig. 8(c) shows that the average delay rate is reduced to 13.85% in Model TN, a significant drop 
from 19.38% in Model O and 18.23% in Model TH.

In summary, the comparison reveals that while restricting through cargo connections to hub airports (Model TH) provides a 
marginal benefit, the value of through cargo connections lies in the flexibility to perform such connections at any airport in the 
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Table 10 
Detailed analysis on trips with different traveling times.

Instance Penalty
𝑇1 𝑇2 𝑇3

 Belly rate  Delay rate  Cargo rate  Belly.util  Belly rate  Delay rate  Cargo rate  Belly.util  Belly rate  Delay rate  Cargo rate  Belly.util

S10
 5  19.07%  21.72%  59.21%  59.81%  12.46%  20.75%  66.79%  58.69%  12.81%  57.45%  29.74%  88.36%
 10  21.84%  21.72%  56.44%  68.49%  15.35%  15.46%  69.19%  72.30%  14.49%  52.37%  33.13%  100.00%
 20–70  17.38%  17.03%  65.58%  54.53%  14.39%  12.69%  72.92%  67.77%  14.49%  57.45%  28.05%  100.00%

S14
 5  5.13%  14.36%  80.51%  71.71%  12.22%  26.26%  61.52%  68.22%  11.04%  69.89%  19.08%  86.53%
 10–50  5.13%  15.39%  79.48%  71.71%  10.99%  16.29%  72.73%  61.31%  10.18%  28.12%  61.71%  79.80%
 60–70  5.13%  8.58%  86.29%  71.71%  12.67%  18.94%  68.39%  70.72%  11.04%  29.92%  59.04%  86.53%

S25

 5  12.56%  14.99%  72.44%  58.72%  15.37%  26.05%  58.58%  74.40%  24.01%  31.12%  44.87%  67.24%
 10  12.56%  11.66%  75.77%  58.72%  16.60%  20.71%  62.69%  80.37%  34.57%  25.86%  39.57%  96.78%
 20  16.96%  9.06%  73.98%  79.25%  16.22%  20.58%  63.20%  78.51%  34.57%  24.19%  41.24%  96.78%
 30–50  11.72%  6.98%  81.31%  54.77%  16.56%  19.64%  63.81%  80.13%  34.57%  27.05%  38.39%  96.78%
 60–70  11.72%  6.98%  81.31%  54.77%  15.45%  19.44%  65.11%  74.78%  34.57%  27.05%  38.39%  96.78%

S34

 5  5.27%  8.29%  86.43%  40.45%  12.30%  30.25%  57.46%  67.43%  34.36%  33.59%  32.05%  86.73%
 10  5.77%  14.88%  79.35%  44.27%  12.29%  16.23%  71.48%  67.39%  39.62%  40.03%  20.34%  100.00%
 20  5.61%  6.04%  88.35%  43.00%  12.81%  16.28%  70.91%  70.21%  39.62%  55.06%  5.32%  100.00%
 30  5.26%  16.36%  78.38%  40.33%  13.11%  16.31%  70.58%  71.89%  39.62%  33.60%  26.78%  100.00%
 40–70  6.29%  16.36%  77.35%  48.25%  13.71%  16.06%  70.23%  75.17%  39.62%  34.85%  25.52%  100.00%

Note: A penalty range (e.g., “20-70”) indicates that the results are identical for all discrete penalty values in that range (i.e., 20, 30, …, 70). These 
rows have been consolidated for conciseness. 

Fig. 9. Impact of through cargo connection on average flight load.

network (Model TN). This flexibility allows the model to find superior cargo routing and consolidation strategies, simultaneously 
lowering overall costs, increasing the amount of transported cargo, and significantly reducing delivery delays.

Besides, to evaluate the impact of through cargo connection on operational efficiency, we compare the average flight load factor 
achieved by the three model variants. The average flight load represents the ratio of the total fulfilled load to the total available 
capacity across all assigned flights. Fig. 9 illustrates the performance of Model O, Model TH, and Model TN across all 50 small-scale 
instances.

First, we can observe a marginal but consistent improvement when moving from Model O to Model TH. As depicted by the closely 
coupled blue and green plots, Model TH consistently outperforms Model O on the majority of instances. This small performance 
gain (approx. 1.42% on average) reveals that the introduction of through cargo connections provides a tangible limited benefit by 
shortening cargo transshipment time, even when strictly restricted to designated hub airports. Second, by relaxing the constraint 
that through cargo connections must occur at hubs, Model TN is permitted to perform through cargo connections at any airport in 
the network. This added operational flexibility can yield a significant 8.35% increase in the average load factor compared to the 
constrained Model TH.
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Fig. 10. Three key performance indicators under different penalty values.

Fig. 11. Belly rate under different penalty values.

In summary, while through cargo connections (Model TH) offers a slight advantage over a no-connection policy (Model O), it 
is the flexibility of these connections (Model TN) that is the dominant factor in maximizing the utilization of the cargo fleet. This 
observation emphasizes the advantage of through cargo connections in facilitating efficient cargo transportation, both in terms of 
time and space.

6.4.  Impact of penalties for unserved demands

In this section, we analyze the impact that unserved demand penalties have on the solutions produced. We set the value of the 
unserved demand penalty 𝜂𝑞 to values from the set {5, 10, 20, 30, 40, 50, 60, 70}. Our experiments are conducted based on the small-
scale instances using CPLEX. To ensure a fair comparison of the solution structure, we select a subset of 15 instances for which CPLEX 
can obtain a proven optimal solution within one hour for all considered penalty values.

The aggregated trends of three key performance indicators for these 15 instances are presented in Fig. 10. In this context, the 
Delay rate (%), also referred to as the unserved demand ratio, represents the total volume of cargo that cannot be transported within 
its time window divided by the total cargo demand. The Cargo rate (%) represents the volume transported by cargo aircraft divided 
by the total cargo demand. Finally, the Belly rate (%) denotes the volume transported via passenger belly capacity divided by the 
total cargo demand.

From the figure, we can observe distinct responses for each indicator. When the penalty is low (i.e., 𝜂𝑞 = 5), the model prefers 
to incur high delay rates rather than high transportation costs. Once the penalty increases to 10, the model’s strategy fundamentally 
shifts, causing the average Delay rate (%) to plummet and the average Cargo rate (%) to rise sharply. Subsequently, for all 𝜂𝑞 ≥ 10, 
these two metrics become exceptionally stable. Increasing the penalty further has a negligible marginal effect, and the interquartile 
range (IQR) for both metrics compresses, indicating robust and consistent solutions across all instances.

In contrast, the Belly rate (%) exhibits a more complex and relatively unstable trend. The average trend decreases from 𝜂𝑞 = 5
to 𝜂𝑞 = 10 before slightly recovering and stabilizing, and its IQR remains wide across all penalty values. This suggests that the use 
of belly capacity is highly instance-specific and that aggregating all instances into a single trend may obscure distinct underlying 
behaviors. We therefore focus on analyzing the individual trends of the Belly rate (%), which can be broadly categorized into two 
main groups, as illustrated in Fig. 11.
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Fig. 12. Flight use details in specific instances.

As illustrated in Fig. 11, the belly rate trends for instances S10, S14, S25, and S34 (Group 2) diverge significantly from the 
aggregated trend of the other 11 instances (Group 1). Therefore, we make a more detailed analysis on those four instances. We 
first segment the cargo demand based on direct flight time into three categories: short-haul (𝑇1), corresponding to the (0, 120] 
minute window, medium-haul (𝑇2), for the (120, 180] minute window, and long-haul (𝑇3), for the (180, 540] minute window. We 
then analyze the proportion of demand in each time segment fulfilled by different transportation modes: belly capacity (Belly rate), 
delayed shipment (Delay rate), and dedicated cargo aircraft (Cargo rate). Furthermore, we define belly utilization (Belly.util) as the 
ratio of used belly capacity to the total available belly capacity within each time segment. The detailed results for these metrics, 
as a function of the penalty value, are presented in Table 10. Meanwhile, a detailed analysis of the flight operations for these four 
instances is provided in Fig. 12.
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As observed in Table 10, the model strategically allocates cargo demand by haul length: dedicated cargo aircraft predominantly 
serve short (𝑇1) and medium-haul (𝑇2) cargo demand, evidenced by high cargo rates in these segments. Conversely, long-haul (𝑇3) 
cargo demand is primarily fulfilled by belly capacity or delayed. This is a logical strategy, as using a cargo aircraft for a long-haul 𝑇3
route would consume its entire operational window, incurring a high opportunity cost. Therefore, the model reserves this expensive 𝑇3
demand for belly capacity, which acts as a valuable supplement. This is confirmed by the 𝑇3 Belly.util (i.e., Table 10), which approaches 
100% in most cases as the penalty value increases. The S34 instance, transitioning from penalty 10 to 20, perfectly illustrates that 
the 𝑇3 cargo rate drops significantly as this cargo demand is offloaded, but the total number of flights (Fig. 12) increases to improve 
service in the 𝑇1 segment.

The fleet operation data in Fig. 12 provides further insight into the cost-versus-service trade-off. A critical observation, consistent 
across all four instances, is the rise in the “Unit operating cost” as the delay penalty increases, even when the flight count remains 
stable. This metric is defined as the sum of total fixed and variable operational costs for the cargo fleet, divided by the total cargo 
volume transported by those aircraft. This result demonstrates that as penalties rise, the model prioritizes service (delay reduction) 
over fleet efficiency.

This trade-off is most evident in the load factor subfigure. The K1 fleet acts as the stable workhorse of the network, while the 
K3 fleet consistently maintains exceptionally high load factors (e.g., more than 90% in S25), supporting that its high fixed cost 
necessitates high utilization to be economical. The most nuanced behavior is seen in the K2 fleet, which functions as a flexibility 
buffer. In instances S14 and S34, the K2 load factor becomes highly volatile, dropping as low as 50-55%. This indicates that the 
model is willing to deploy type-K2 flights at very low efficiency to prevent incurring an even more expensive delay penalty.

7.  Conclusions and perspectives

This study focuses on air cargo express operations. It addresses an air cargo service network scheduling problem aimed at determining 
flight schedules, dedicated cargo aircraft routes, and air cargo allocation. The study integrates the transportation capabilities of 
dedicated cargo aircraft and rented belly capacity from passenger airlines while incorporating through cargo connections within cargo 
transshipments. We propose an integrated route-based mathematical formulation and investigate its TUM property. We introduce 
a column-generation-based heuristic to manage the exponential number of potential aircraft routes. To initialize the process, we 
construct the initial restricted master problem by incorporating tightened constraints on cargo flight route variables. In the pricing 
problem, we formulate the aircraft route generation for each aircraft type as a longest path identification problem on a directed 
acyclic graph. We then propose a Δ-longest path finding algorithm to efficiently identify negative reduced cost variables. Finally, we 
construct a MIP model that includes all aircraft routes generated during the CG process, as well as regenerated aircraft routes derived 
from partial flight slots and duplicated aircraft types. The cargo routes are then regenerated according to this final set of aircraft 
routes. This MIP, which represents a restriction of the original problem, is solved to produce high-quality solutions in shorter times.

We conduct computational experiments to validate the performance of our proposed algorithm. On 50 small-scale instances, our 
CG algorithm is compared with CPLEX and a Benders-based method. The CG algorithm outperforms the Benders-based method in 
both solution quality and computational time. Compared to CPLEX, our CG algorithm demonstrates strong performance, as its IP.gap
remains at 0.00% for most instances, averages a negligible value of 0.03%, and requires lower average computational times. Further 
analysis demonstrates that our CG algorithm is particularly effective at rapidly identifying high-quality incumbent solutions. For 
15 instances not solved to optimality by CPLEX within the initial time limit, extending the limit to 24 hours and providing the CG 
solution as a warm start allows CPLEX to prove optimality for 13 instances, resulting in a negligible average optimal gap of 0.04%. 
On medium- and large-scale instances, our CG algorithm maintains strong performance. It finds solutions with an average IP.gap of 
-4.07% (medium) and -6.32% (large) relative to the solutions found by CPLEX within the time limit. In some instances, the solution 
quality improvement exceeds 14% (medium) and 15% (large). Finally, component analysis on small-scale instances demonstrates 
that exploiting the TUM property yields a computational advantage. The inclusion of flow tightening constraints also reduces the 
average solution time by more than 50%.

In our managerial analysis, we investigate the impact of through cargo connections, observing that their utilization significantly 
reduces delayed demand and increases flight load factors by avoiding transhhipment operations. We also examine the imapct of 
the delayed demand penalty. As the penalty value increases, delayed demand becomes concentrated on long-haul segement, while 
aircraft capacity is prioritized for short-haul and medium-haul cargo demand. Belly capacity effectively supplements dedicated aircraft 
capacity on these long-haul segement. This trade-off is also reflected in fleet-specific load factors. The K1 fleet acts as the stable base 
capacity for the network. The K3 fleet, which has high fixed costs, consistently maintains high load factors to ensure economic 
viability. The K2 fleet functions as a flexibility buffer. In some instances, its load factor drops significantly, indicating the model 
deploys type-K2 flights at low utilization to prevent incurring even higher penalty costs. These results highlight the dynamics carriers 
must consider when making decisions about fleet utilization and operational cost structures.

The results of those experiments indicate that the belly capacity of passenger flights can effectively supplement dedicated cargo 
aircraft. However, the belly capacity for a passenger flight is typically revealed close to its departure, following the full disclosure of 
passenger and baggage information. This results in uncertainty regarding the availability of capacity, at the decision-making stage. 
A prospective direction for future research is to incorporate the uncertainty associated with belly capacity and cargo handling into 
air cargo service network scheduling problems, thereby enhancing the robustness of the network. Besides, the timeliness of cargo 
delivery is a key factor that can be further integrated into the optimization of air cargo service networks. Considering varying arrival 
times correspond to different revenue levels to highlight the time-sensitive nature of cargo deliveries, this perspective can significantly 
enhance the efficiency and profitability of the air cargo service network.
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Algorithm 3 Cargo Route Generation.
1: Input: 𝑄: Set of cargo demands; 𝐿: Set of flight slots; 𝐾: Set of aircraft types;
2: 𝐻 : Set of hub airports; 𝑏: Maximum path length; 𝑡𝑠𝑐 : Standard cargo transfer time.
3: Output: 𝑅: Set of valid cargo routes. 
4: procedure GenRoutes(𝑄,𝐿,𝐾, 𝑏,𝐻, 𝑡𝑠𝑐)
5:  Get flight operation set: 𝐿𝐾 ← 𝐿 ×𝐾.
6:  Initialize candidate cargo routes set: 𝐶𝑅 ← ∅.
7:  Initialize valid cargo routes set: 𝑅 ← ∅.
8:  for each cargo 𝑞 ∈ 𝑄 do
9:  𝐶𝑅𝑞 ← FindPaths(𝑞, 𝐿𝐾, 𝑏); 
10:  𝐶𝑅 ← 𝐶𝑅 ∪ 𝐶𝑅𝑞
11:  for each route 𝑟 = [(𝑙1, 𝑘1),… , (𝑙𝑛, 𝑘𝑛)] ∈ 𝐶𝑅 do
12:  isValid ← true
13:  for 𝑖 = 1 to 𝑛 − 1 do
14:  conn ← ( (𝑙𝑖, 𝑘𝑖), (𝑙𝑖+1, 𝑘𝑖+1) )
15:  if not IsThrough(conn) and not IsStandard(conn, 𝐻, 𝑡𝑠𝑐) then
16:  isValid ← false; break
17:  if isValid then
18:  𝑅 ← 𝑅 ∪ {𝑟}
19:  return 𝑅.
20: procedure FindPaths(𝑞, 𝐿𝐾, 𝑏)
21:  Initialize set: 𝐶𝑅𝑞 ← ∅.
22:  for each operation (𝑙, 𝑘) ∈ 𝐿𝐾 do
23:  if 𝑜𝑙 = 𝑜𝑞 and 𝑠𝑡𝑙 ≥ 𝑠𝑡𝑞 then
24:  path 𝜋 ← [(𝑙, 𝑘)]; Extend(𝑞, 𝐿𝐾, 𝑏, 𝜋, 𝐶𝑅𝑞).
25:  return 𝐶𝑅𝑞 .
26: procedure Extend(𝑞, 𝐿𝐾, 𝑏, 𝜋, 𝐶𝑅𝑞)
27:  (𝑙𝑙𝑎𝑠𝑡, 𝑘𝑙𝑎𝑠𝑡) ← last element of 𝜋
28:  if 𝑑𝑙𝑙𝑎𝑠𝑡 = 𝑑𝑞 and 𝑒𝑡𝑙𝑙𝑎𝑠𝑡 ≤ 𝑒𝑡𝑞 then
29:  Update set: 𝐶𝑅𝑞 ← 𝐶𝑅𝑞 ∪ {𝜋}.

30:  if length(𝜋) ≥ 𝑏 then
31:  return
32:  for each operation (𝑙𝑛𝑒𝑥𝑡, 𝑘𝑛𝑒𝑥𝑡) ∈ 𝐿𝐾 do
33:  if 𝑑𝑙𝑙𝑎𝑠𝑡 = 𝑜𝑙𝑛𝑒𝑥𝑡  and 𝑒𝑡𝑙𝑙𝑎𝑠𝑡 ≤ 𝑠𝑡𝑙𝑛𝑒𝑥𝑡  then
34:  new path 𝜋′ ← 𝜋 + [(𝑙𝑛𝑒𝑥𝑡, 𝑘𝑛𝑒𝑥𝑡)]; Extend(𝑞, 𝐿𝐾, 𝑏, 𝜋′, 𝐶𝑅𝑞).
35: function IsThrough(conn)
36:  ((𝑙𝑖, 𝑘𝑖), (𝑙𝑖+1, 𝑘𝑖+1)) ← conn
37:  if 𝑘𝑖 = 𝑘𝑖+1 then
38:  return true.
39:  return false.
40: function IsStandard(conn, 𝐻, 𝑡𝑠𝑐)
41:  ((𝑙𝑖, 𝑘𝑖), (𝑙𝑖+1, 𝑘𝑖+1)) ← conn
42:  if 𝑑𝑙𝑖 ∈ 𝐻 and 𝑠𝑡𝑙𝑖+1 − 𝑒𝑡𝑙𝑖 ≥ 𝑡𝑠𝑐 then
43:  return true.
44:  return false.
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Appendix B.  Proof of Theorem 1

Proof.  Initially, we examine the composition of the constraint (3h). Define (𝑞𝑗𝑖, 𝑏𝑗 ) to indicate that the cargo demand 𝑞𝑗𝑖 can be 
transported by the belly 𝑏𝑗 ,∀𝑏𝑗 ∈ 𝐵. Consequently, the constraint coefficient matrix is represented as matrix (B.1).

⎛

⎜

⎜

⎜

⎜

⎜

⎝

(𝑞11, 𝑏1) ⋯ (𝑞1𝑛, 𝑏1) (𝑞21, 𝑏2) ⋯ (𝑞2𝑛, 𝑏2) ⋯ (𝑞𝑚1, 𝑏𝑚) ⋯ (𝑞𝑚𝑛, 𝑏𝑚)

𝑏1 1 ⋯ 1 0 ⋯ 0 ⋯ 0 ⋯ 0

𝑏2 0 ⋯ 0 1 ⋯ 1 ⋯ 0 ⋯ 0

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋯ ⋮ ⋮ ⋮

𝑏𝑚 0 ⋯ 0 0 ⋯ 0 ⋯ 1 ⋯ 1

⎞

⎟

⎟

⎟

⎟

⎟

⎠

(B.1)

It is clear that each column in the matrix will have exactly one +1 element. Therefore, for any subset of rows 𝐶 in matrix (B.1), 
one can always divide it into two disjoint sets, 𝐶1 and 𝐶2, such that for every column, the difference between the sum of the rows in 𝐶1
and the sum of the rows in 𝐶2 produces a vector with entries only 0, +1, or −1, which adheres to the Ghouila-Houri characterization.

Constraints (3h) and (3j) exhibit a comparable structure, as for each row, given the indices 𝑞 and 𝑏 (constraint (3h)) or the 
indices (𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) and 𝑞 (constraint (3j)), the related variables with these indices will only appear in the respective row. These 
constraints can also be represented by a matrix similar to matrix (B.1). Therefore, these constraints naturally hold for the Ghouila-
Houri characterization.

Then, we analyze the structure of the constraint (3i). Considering there is a cargo demand 𝑞1 ∈ 𝑄 is transported using a cargo 
route 𝑟1 with two through cargo connections (𝑟1, 𝑙1, 𝑙2, 𝑘) and (𝑟1, 𝑙2, 𝑙3, 𝑘) transported by the type-k aircraft, the matrice related with 
𝑦𝑞1𝑟1  in constraint (3i) can be shown as belows:

(

𝛾𝑞1(𝑟1 ,𝑙1 ,𝑙2 ,𝑘) 𝛾𝑞1(𝑟1 ,𝑙2 ,𝑙3 ,𝑘) 𝑦𝑞1𝑟1
(𝑞1, (𝑟1, 𝑙1, 𝑙2, 𝑘)) 1 0 −1

(𝑞1, (𝑟1, 𝑙2, 𝑙3, 𝑘)) 0 1 −1

)

(B.2)

For other indices 𝑞, and (𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘), variables 𝛾𝑞1(𝑟1 ,𝑙1 ,𝑙2 ,𝑘), 𝛾
𝑞1
(𝑟1 ,𝑙2 ,𝑙3 ,𝑘)

, and 𝑦𝑞1𝑟1  do not appear in these constraints. Consequently, in the 
matrix corresponding to constraint (3i), the elements in the remaining rows of the columns associated with these variables will be 
zero. Likewise, for the indices 𝑞1, (𝑟1, 𝑙1, 𝑙2, 𝑘), and (𝑟1, 𝑙2, 𝑙3, 𝑘), other variables 𝛾𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) and 𝑦

𝑞
𝑟  are absent in these rows, indicating that 

the corresponding elements are zero. Subsequently, a straightforward method is provided below to partition the matrix associated 
with constraint (3i) to fulfill the Ghouila-Houri characterization. For any subset of columns 𝑆 in the matrix, we can easily assign 
all columns from this subset to one set 𝑆1, while another set, 𝑆2, remains empty. As noted previously, for each row, the difference 
between the sum of columns in 𝑆1 and the sum of columns in 𝑆2 results in 0, +1, or −1.

Finally, we examine the structure of constraint (3g). There are four different types of cargo routes in those constraints as below.
- Type 1: Direct routes, which indicate that the cargo route consists of only one single flight.
- Type 2: Routes with two transshipments, making the cargo route consist of three flights.
- Type 3: Routes involving one transshipment that can be a segment of a Type 2 route. For instance, if a Type 2 route is 𝑙1 − 𝑙2 − 𝑙3, 
then a Type 3 route would be 𝑙1 − 𝑙2.

- Type 4: Routes with a single transshipment but cannot be considered part of Type 2 routes.
Considering a subset of columns in the matrix related to the constraint (3g), we initially divided these columns into four matrix 

based on the characterization of the four types mentioned above. For Type 1 martix, in a specific constraint row, such as flight 𝑓 𝑙𝑘, 
only one cargo route containing this flight will appear. This implies that the sum of rows in each column would be 1 and the sum of 
columns in each row is also 1. Thus, we can easily divide the rows in the Type 1 matrix into two distinct sets such that the difference 
in the sum of the rows in each column between these sets would be +1 or −1.

For the Type 2 matrix, the cargo routes consist entirely of three flights. We can categorize the flights in this matrix into three sets: 
the first-leg set, the second-leg set, and the last-leg set. Using a straightforward algorithm, we identify a flight as part of the first-leg 
set if it serves as the first leg on one cargo route and also appears as the first leg on other cargo routes. Similarly, we can identify 
flights for the last-leg set. The remaining flights in this matrix are categorized into the second-leg set. Then, we can easily divide the 
rows in this matrix into two disjoint sets: one set, 𝑆21, contains rows corresponding to the first-leg and last-leg sets, while the other 
set, 𝑆22, includes rows corresponding to the second-leg set. These two sets satisfy the Ghouila-Houri characterization.

For the Type 3 matrix, the process is analogous to that of the Type 2 matrix, allowing it to be divided into three sets of legs. The 
rows associated with the first-leg set and the last-leg set are grouped into one set, denoted as 𝑆31, while the remaining rows are placed 
into another set, 𝑆32. Similarly, there are no cargo routes where all flights belong to the second-leg set. Consequently, these two sets 
also satisfy the Ghouila-Houri characterization.

For the Type 4 matrix, only the first-leg set and the last-leg set are present. If there is a cargo route with a flight that can be 
categorized into the second-leg set, that route must be classified as Type 3. Therefore, we assign the rows corresponding to the 
first leg to set 𝑆41 while the remaining rows are placed in set 𝑆42. It is evident that these two sets also satisfy the Ghouila-Houri 
characterization.
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Under the operational time available for the cargo aircraft, there are three flights that make up an aircraft route at most. If 
connections of cargo routes in Type 2 are all through cargo connections with no transshipment at hub airports, then cargo routes in 
Type 2 and Type 4 would not affect each other. That is, given the values of 𝑓 𝑙𝑘 and 𝑥

𝑝
𝑘, if a cargo route in Type 2 is 𝑙1 − 𝑙2 − 𝑙3 while 

the origin and destination airports of 𝑙2 are non-hub airports, then there would not be a flight 𝑙𝑗 ∈ 𝐿 that can constitute a cargo route 
as 𝑙1 − 𝑙𝑗 or 𝑙𝑗 − 𝑙3 in Type 4. Then we can easily put the rows in 𝑆21,𝑆31 and 𝑆41 into a set 𝑆1, the other rows in the constraint matrix 
are put into another aet 𝑆2. Those two sets satisfy the Ghouila-Houri characterization.

Considering the case in which flights in 𝑆21 can construct a Type 4 cargo route, suppose there are two cargo routes, 𝑙1 − 𝑙2 − 𝑙3 and 
𝑙4 − 𝑙5 − 𝑙6 , classified as Type 2. In this case, 𝑙1 and 𝑙6 can form the route 𝑙1 − 𝑙6 within Type 4, indicating that both the destination 
airport of 𝑙1 and the origin airport of 𝑙6 are hub airports. Otherwise, the route 𝑙1 − 𝑙6 would not exist, as standard cargo transshipment 
can only occur at the hub airports. In this context, the flights 𝑙1, 𝑙3 and 𝑙5 can be assigned to set 𝑆1, while 𝑙2, 𝑙4 and 𝑙6 are assigned 
to set 𝑆2. Consequently, within our network, we can categorize the rows in the Type 2 matrix into two disjoint sets, ensuring that no 
flights can be connected within each set. Consequently, all rows in Type 3, along with the affected rows in Types 1 and 4, would be 
included in these two sets.

In conclusion, given the values of 𝑓 𝑙𝑘 and 𝑥
𝑝
𝑘, the relevant matrices of constraints all conform to the Ghouila-Houri characterization. 

This implies that the aforementioned constraint coefficient matrix is a totally unimodular matrix. ∎

Appendix C.  Benders-based method

This section details the application of the Benders Decomposition (BD) algorithm to solve the problem. The BD algorithm partitions 
the original model into a Benders master problem (BMP) and a Benders subproblem (BSP). The BD algorithm proceeds iteratively: 
first, the BMP is solved to obtain a candidate solution. This solution is then passed to the BSP, which is subsequently solved to 
generate either a feasibility cut or an optimality cut. This generated cut is then added into the BMP, which is solved again in the next 
iteration. Using the solutions from the BMP and BSP, we can update the lower bounds and upper bounds of the objective value of the 
original problem. The BD algorithm terminates when the gap between the lower bound and upper bound reaches a pre-set threshold 
𝜖 = 0.05%, or the overall time limit is reached. The BMP is formulated as follows: 

[BMP] min
∑

𝑘∈𝐾

∑

𝑙∈𝐿
𝑐𝑙𝑘𝑓

𝑙
𝑘 + 𝜃 (C.1)

s.t.
∑

𝑘∈𝐾
𝑓 𝑙𝑘 ≤ 1, ∀𝑙 ∈ 𝐿 (C.2)

∑

𝑝∈𝑃
𝑥𝑝𝑘 ≤ 𝑁𝑘, ∀𝑘 ∈ 𝐾 (C.3)

∑

𝑜𝑝=𝑖,𝑝∈𝑃
𝑥𝑝𝑘 −

∑

𝑑𝑝=𝑖,𝑝∈𝑃
𝑥𝑝𝑘 = 0, ∀𝑖 ∈ 𝐻, 𝑘 ∈ 𝐾 (C.4)

∑

𝑝∈𝑃 𝑙𝑘

𝑥𝑝𝑘 = 𝑓 𝑙𝑘, ∀𝑙 ∈ 𝐿, 𝑘 ∈ 𝐾 (C.5)

feasibility cuts, (C.6)

optimality cuts, (C.7)

𝑥𝑝𝑘 ∈ {0, 1}, ∀𝑝 ∈ 𝑃 , 𝑘 ∈ 𝐾 (C.8)

𝑓 𝑙𝑘 ∈ {0, 1}, ∀𝑙 ∈ 𝐿, 𝑘 ∈ 𝐾 (C.9)

𝜃 ≥ 0, (C.10)

where 𝜃 is a surrogate variable representing the objective value of the BSP. Due to the computational difficulty of solving the BMP, 
its solution process at each iteration is terminated once the optimality gap reaches 10%. Given a solution (𝒙̄, 𝒇̄ ) from the BMP, the 
BSP is formulated based on the TUM property as follows:

[BSP] min
∑

𝑞∈𝑄

∑

𝑟∈𝑅
𝑢𝑞𝑟𝑦

𝑞
𝑟 +

∑

𝑞∈𝑄

∑

𝑏∈𝐵
𝛽𝑞𝑏𝜑

𝑞
𝑏 +

∑

𝑞∈𝑄
𝜂𝑞𝑧𝑞 (C.11)

s.t.
∑

𝑟∈𝑅
𝑦𝑞𝑟 +

∑

𝑏∈𝐵𝑞

𝜑𝑞𝑏 + 𝑧
𝑞 = 𝑤𝑞 , ∀𝑞 ∈ 𝑄 (𝜁𝑞) (C.12)

∑

𝑞∈𝑄

∑

𝑟∈𝑅𝑙𝑘

𝑦𝑞𝑟 ≤ 𝑣𝑘𝑓 𝑙𝑘, ∀𝑙 ∈ 𝐿, 𝑘 ∈ 𝐾 (𝜉𝑙𝑘) (C.13)

∑

𝑞∈𝑄𝑏

𝜑𝑞𝑏 ≤ 𝜛𝑏, ∀𝑏 ∈ 𝐵 (𝜒𝑏) (C.14)

𝛾𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) − 𝑦
𝑞
𝑟 = 0, ∀(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶, 𝑞 ∈ 𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘 (𝜚𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘)) (C.15)

𝛾𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) ≤ min{𝑤𝑞 , 𝑣𝑘}
∑

𝑝∈𝑃 𝑘(𝑙𝑚,𝑙𝑛 )

𝑥̄𝑝𝑘, ∀(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶, 𝑞 ∈ 𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘 (𝜗𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘)) (C.16)
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𝑦𝑞𝑟 ≥ 0, ∀𝑞 ∈ 𝑄, 𝑟 ∈ 𝑅 (C.17)

𝜑𝑞𝑏 ≥ 0, ∀𝑞 ∈ 𝑄, 𝑏 ∈ 𝐵 (C.18)

𝑧𝑞 ≥ 0, ∀𝑞 ∈ 𝑄 (C.19)

𝛾𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) ≥ 0, ∀(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶, 𝑞 ∈ 𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘 . (C.20)

Let 𝜁𝑞 , 𝜉𝑙𝑘, 𝜒𝑏, 𝜚
𝑞
(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘)

, 𝜗𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) be the dual variables associated with constraints (C.12)–(C.16), respectively. For notational conve-
nience and mathematical consistency, we extend the domain of the variable 𝜚𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) from the subset 𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘  to the entire demand 
set 𝑄 by setting 𝜚𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) = 0 for all (𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶 and 𝑞 ∈ 𝑄 ⧵ (𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘 ). The dual problem of the BSP is formulated as follows:

max
∑

𝑞∈𝑄
𝑤𝑞𝜁𝑞 +

∑

𝑙∈𝐿

∑

𝑘∈𝐾
(𝑣𝑘𝑓 𝑙𝑘)𝜉

𝑙
𝑘 +

∑

𝑏∈𝐵
𝜛𝑏𝜒𝑏

+
∑

(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘)∈𝑇𝐶

∑

𝑞∈𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘

⎛

⎜

⎜

⎜

⎝

min{𝑤𝑞 , 𝑣𝑘}
∑

𝑝∈𝑃 𝑘(𝑙𝑚,𝑙𝑛 )

𝑥̄𝑝𝑘

⎞

⎟

⎟

⎟

⎠

𝜗𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) (C.21)

s.t. 𝜁𝑞 +
∑

𝑙∈𝐿

∑

𝑘∈𝐾
𝑔𝑟(𝑙,𝑘)𝜉

𝑙
𝑘 −

∑

(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘)∈𝑇𝐶𝑟

𝜚𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) ≤ 𝑢𝑞𝑟 , ∀𝑞 ∈ 𝑄, 𝑟 ∈ 𝑅 (C.22)

𝜁𝑞 + 𝜒𝑏 ≤ 𝛽𝑞𝑏 , ∀𝑞 ∈ 𝑄, 𝑏 ∈ 𝐵𝑞 (C.23)

𝜁𝑞 ≤ 𝜂𝑞 , ∀𝑞 ∈ 𝑄 (C.24)

𝜚𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) + 𝜗
𝑞
(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘)

≤ 0, ∀(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶, 𝑞 ∈ 𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘 (C.25)

𝜉𝑙𝑘 ≤ 0,∀𝑙 ∈ 𝐿, 𝑘 ∈ 𝐾 (C.26)

𝜒𝑏 ≤ 0, ∀𝑏 ∈ 𝐵 (C.27)

𝜗𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) ≤ 0, ∀(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶, 𝑞 ∈ 𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘 (C.28)

𝜚𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) = 0, ∀(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶, 𝑞 ∈ 𝑄 ⧵ (𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘 ), (C.29)

where 𝑔𝑟(𝑙,𝑘) = 1 if a cargo route 𝑟 is valid for flight slot 𝑙 and aircraft type 𝑘 (i.e., 𝑟 ∈ 𝑅𝑙𝑘), and 𝑔𝑟(𝑙,𝑘) = 0 otherwise. And 𝑇𝐶𝑟 is a subset 
of 𝑇𝐶 related to cargo route 𝑟, which may be empty.

Because for each cargo 𝑞 ∈ 𝑄, we can construct a feasible solution for the BSP by setting 𝑧𝑞 = 𝑤𝑞 , 𝑦𝑞𝑟 = 0 ∀𝑟 ∈ 𝑅, and 𝜑𝑞𝑏 = 0 ∀𝑏 ∈ 𝐵. 
Under this setting, all the constraints in the BSP are satisfied automatically, and the objective value of the BSP is bounded to ∑𝑞∈𝑄 𝜂

𝑞𝑤𝑞 . 
Thus, the BSP is always feasible and bounded. According to strong duality, the dual problem of the BSP is always feasible and bounded. 
Hence, we only need to add optimality cuts to the BMP. Let Δ denote the polyhedron defined by constraints (C.22)–(C.29), and let 
ΓΔ be the set of extreme points of Δ. The optimality cut added to the BMP can be expressed as follows:

𝜃 ≥
∑

𝑞∈𝑄
𝑤𝑞𝜁𝑞 +

∑

𝑙∈𝐿

∑

𝑘∈𝐾
(𝑢𝑘𝑓 𝑙𝑘)𝜉

𝑙
𝑘 +

∑

𝑏∈𝐵
𝜛𝑏𝜒𝑏 +

∑

(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘)∈𝑇𝐶

∑

𝑞∈𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘

⎛

⎜

⎜

⎜

⎝

min{𝑤𝑞 , 𝑣𝑘}
∑

𝑝∈𝑃 𝑘(𝑙𝑚,𝑙𝑛 )

𝑥𝑝𝑘

⎞

⎟

⎟

⎟

⎠

𝜗𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘),

∀(𝜻, 𝝃, 𝝌, 𝝔, 𝝑) ∈ ΓΔ

Appendix D.  Benchmark performance results

Appendix E.  Model variants

The three models are primarily distinguished by their methods for generating cargo transshipment routes utilizing cargo flights, 
while ensuring consistency in operational constraints related to the cargo fleet and belly capacity. In contrast to Model TN, Model 
O exclusively utilizes standard transshipment connections for generating cargo transshipment routes, thus excluding through cargo 
connections. As a result, constraints (3i) and (3j), which pertain to through cargo connections, are not applicable and are omitted 
from this model. Let 𝑅1 denote the set of feasible cargo routes using cargo flights in Model O. The formulation of Model O is as 
follows. 

min
∑

𝑞∈𝑄

∑

𝑟∈𝑅1

𝑢𝑞𝑟𝑦
𝑞
𝑟 +

∑

𝑞∈𝑄

∑

𝑏∈𝐵
𝛽𝑏𝜑

𝑞
𝑏 +

∑

𝑞∈𝑄
𝜂𝑞𝑧𝑞 +

∑

𝑘∈𝐾

∑

𝑙∈𝐿
𝑐𝑙𝑘𝑓

𝑙
𝑘

𝑠.𝑡.

(3𝑏) − (3𝑒), (3ℎ), (3𝑘) − (3𝑙), (3𝑜) − (3𝑝)
∑

𝑟∈𝑅1

𝑦𝑞𝑟 +
∑

𝑏∈𝐵𝑞

𝜑𝑞𝑏 + 𝑧
𝑞 = 𝑤𝑞 , ∀𝑞 ∈ 𝑄
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Table D.11 
Experimental results comparison of small-scale instances.

Instance
 CPLEX  CG  Benders
 Obj  time(s)  Obj  time(s)  CG.time(s)  CG.Num  Ip.gap  Obj  time(s)  Iterations  Ip.gap

 1  3077508.64  9.58  3077508.64  5.99  3.04  51  0.00%  7012398.82  TL  17  127.86%
 2  3049679.42  9.86  3049679.42  8.37  3.56  54  0.00%  7245307.39  TL  16  137.58%
 3  3209616.42  16.16  3209616.42  14.11  5.48  58  0.00%  7050932.77  TL  18  119.68%
 4  3237875.09  16.67  3237875.09  10.64  5.18  55  0.00%  6831266.80  TL  15  110.98%
 5  3494104.51  25.42  3494104.51  19.50  4.39  74  0.00%  7050932.77  TL  21  101.80%
 6  3258069.05  27.92  3258069.05  23.21  12.60  46  0.00%  8336005.27  TL  21  155.86%
 7  4255750.67  33.05  4255750.67  23.67  10.68  64  0.00%  7378056.61  TL  25  73.37%
 8  4571077.40  35.07  4571077.40  15.39  3.71  63  0.00%  8038705.68  TL  22  75.86%
 9  4092144.21  37.82  4092144.21  26.38  14.52  57  0.00%  7984090.61  TL  23  95.11%
 10  5157459.50  51.13  5157459.50  10.86  2.88  53  0.00%  8653251.76  TL  21  67.78%
 11  4316882.68  57.61  4316882.68  29.47  14.51  53  0.00%  7615950.97  TL  23  76.42%
 12  3644077.18  69.29  3644077.18  23.97  9.81  49  0.00%  8940601.39  TL  17  145.35%
 13  4899055.76  80.07  4899055.76  59.48  20.00  72  0.00%  8859707.98  TL  24  80.85%
 14  4798325.10  90.40  4798325.10  35.40  12.49  76  0.00%  8759872.25  TL  22  82.56%
 15  4532209.28  92.12  4534659.32  27.20  8.39  52  0.05%  8508956.32  TL  23  87.74%
 16  4472921.05  127.84  4472921.05  12.91  3.01  51  0.00%  8675510.50  TL  25  93.96%
 17  4721504.55  135.96  4721504.55  44.59  15.35  57  0.00%  7858074.72  TL  23  66.43%
 18  4966981.28  140.22  4966981.28  17.57  3.02  51  0.00%  8590859.51  TL  23  72.96%
 19  3418750.07  173.25  3437675.92  28.11  6.08  52  0.55%  8915220.48  TL  19  160.77%
 20  4043901.03  180.69  4043901.03  30.63  3.48  57  0.00%  7508818.95  TL  24  85.68%
 21  4340854.27  201.24  4340854.27  90.30  18.50  65  0.00%  7915425.44  TL  22  82.35%
 22  3185639.59  223.76  3199540.01  44.85  11.65  56  0.44%  9211239.79  TL  21  189.15%
 23  4101111.97  265.66  4101843.82  55.67  6.54  60  0.02%  8947220.70  TL  18  118.17%
 24  4648230.43  361.79  4648230.43  153.67  15.29  60  0.00%  9346680.30  TL  23  101.08%
 25  6193499.27  507.81  6193499.27  64.83  10.72  68  0.00%  8483412.39  TL  24  36.97%
 26  3965332.87  527.11  3965332.87  46.58  8.57  62  0.00%  8699714.22  TL  23  119.39%
 27  5959763.00  737.57  5959763.00  155.59  13.40  68  0.00%  8639325.32  TL  29  44.96%
 28  3618362.37  793.35  3630794.49  152.50  6.72  56  0.34%  8105682.70  TL  23  124.02%
 29  4669026.45  1115.70  4669026.45  126.05  17.02  65  0.00%  8405757.98  TL  24  80.03%
 30  5403163.99  1231.27  5406597.55  185.11  5.48  56  0.06%  8204991.43  TL  21  51.86%
 31  6246092.07  1314.24  6246092.08  75.10  20.30  73  0.00%  9043084.34  TL  23  44.78%
 32  5242828.93  1537.94  5242828.93  114.07  8.30  51  0.00%  8108617.68  TL  21  54.66%
 33  6621099.63  1647.74  6621099.63  59.21  14.79  58  0.00%  9207745.83  TL  20  39.07%
 34  5406091.74  1898.81  5411234.58  103.77  10.78  53  0.10%  7895365.08  TL  23  46.05%
 35  5616535.07  TL  5616535.07  238.54  19.12  71  0.00%  9620509.31  TL  24  71.29%
 36  3887395.95  TL  3887395.95  278.01  16.42  59  0.00%  9215034.38  TL  22  137.05%
 37  3322639.22  TL  3322639.22  331.05  6.87  46  0.00%  7049795.11  TL  22  112.17%
 38  4093133.14  TL  4086834.34  507.74  8.55  54 -0.15%  7399055.05  TL  20  80.77%
 39  3112151.71  TL  3112151.71  616.80  10.39  49  0.00%  7208009.07  TL  17  131.61%
 40  4950406.35  TL  4950406.35  688.48  16.30  60  0.00%  9663087.11  TL  26  95.20%
 41  6074768.56  TL  6074768.56  762.69  14.58  69  0.00%  8782325.34  TL  23  44.57%
 42  4960279.33  TL  4960279.33  824.94  21.49  81  0.00%  8859362.42  TL  22  78.61%
 43  2819569.95  TL  2827705.32  848.49  11.63  49  0.29%  7196823.35  TL  15  155.25%
 44  4159112.30  TL  4132371.33  1160.90  7.86  54 -0.64%  6714651.56  TL  22  61.44%
 45  4302556.59  TL  4316547.95  1462.26  6.15  56  0.33%  9134569.67  TL  18  112.31%
 46  3787689.82  TL  3787689.82  1586.12  12.04  83  0.00%  7894223.84  TL  20  108.42%
 47  3988652.44  TL  3988652.44  1711.47  14.62  96  0.00%  6432991.45  TL  22  61.28%
 48  3970860.18  TL  3970860.18  1762.81  14.75  103  0.00%  7392490.41  TL  19  86.17%
 49  3916057.58  TL  3916057.58  1940.19  10.85  46  0.00%  6565300.68  TL  24  67.65%
 50  3834294.93  TL  3834294.93  TL  7.76  50  0.00%  7387491.32  TL  21  92.67%
 Average  —  1428.14  —  404.34  10.59  60.44  0.03%  —  3600.00  21.48  92.95%

∑

𝑞∈𝑄

∑

𝑟∈𝑅𝑙𝑘∩𝑅1

𝑦𝑞𝑟 ≤ 𝑣𝑘𝑓 𝑙𝑘, ∀𝑙 ∈ 𝐿, 𝑘 ∈ 𝐾 (E.1)

𝑦𝑞𝑟 ∈ ℕ, ∀𝑞 ∈ 𝑄, 𝑟 ∈ 𝑅1

Model TH incorporates restricted through cargo connections into cargo transshipment routes, allowing such connections ex-
clusively at hub airports. Let 𝑅2 denote the set of feasible cargo routes using cargo flights in Model TH. Consequently, we have 
𝑅1 ⊆ 𝑅2 ⊆ 𝑅, where 𝑅 represents the set of cargo routes using cargo flights in Model TN. We also let 𝑇𝐶2 ⊆ 𝑇𝐶 denote the set of 
through cargo connections in Model TH. The formulation of Model TH is as follows.

min
∑

𝑞∈𝑄

∑

𝑟∈𝑅2

𝑢𝑞𝑟𝑦
𝑞
𝑟 +

∑

𝑞∈𝑄

∑

𝑏∈𝐵
𝛽𝑏𝜑

𝑞
𝑏 +

∑

𝑞∈𝑄
𝜂𝑞𝑧𝑞 +

∑

𝑘∈𝐾

∑

𝑙∈𝐿
𝑐𝑙𝑘𝑓

𝑙
𝑘

𝑠.𝑡.
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(3𝑏) − (3𝑒), (3ℎ), (3𝑘) − (3𝑙), (3𝑜) − (3𝑝)
∑

𝑟∈𝑅2

𝑦𝑞𝑟 +
∑

𝑏∈𝐵𝑞

𝜑𝑞𝑏 + 𝑧
𝑞 = 𝑤𝑞 , ∀𝑞 ∈ 𝑄

∑

𝑞∈𝑄

∑

𝑟∈𝑅𝑙𝑘∩𝑅2

𝑦𝑞𝑟 ≤ 𝑣𝑘𝑓 𝑙𝑘, ∀𝑙 ∈ 𝐿, 𝑘 ∈ 𝐾

𝛾𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) = 𝑦𝑞𝑟 , ∀(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶2, 𝑞 ∈ 𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘 (E.2)

𝛾𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) ≤ min{𝑤𝑞 , 𝑣𝑘}
∑

𝑝∈𝑃 𝑘(𝑙𝑚,𝑙𝑛 )

𝑥𝑝𝑘, ∀(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶2, 𝑞 ∈ 𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘

𝛾𝑞(𝑟,𝑙𝑚 ,𝑙𝑛 ,𝑘) ∈ ℕ, ∀(𝑟, 𝑙𝑚, 𝑙𝑛, 𝑘) ∈ 𝑇𝐶2, 𝑞 ∈ 𝑄𝑙𝑚𝑘 ∪𝑄𝑙𝑛𝑘
𝑦𝑞𝑟 ∈ ℕ, ∀𝑞 ∈ 𝑄, 𝑟 ∈ 𝑅2
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