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Two-level Crane Scheduling with Hybrid 
Metaheuristics in Realistic Port 
Operations 
 

Hizia Amani, Linda Bouyaya, Rachid Chaib 

Sustainable and efficient container unloading is a critical operation in maritime logistics, as it directly affects port 
throughput and ship turnaround time. Since quay cranes are the primary equipment responsible for this task, their effective 
scheduling is essential to minimize delays and ensure operational stability. This paper presents a two-level optimization 
approach for quay crane scheduling that balances operational efficiency with ship stability. At the bay level, we compare a 
flexible crane assignment strategy with the port’s current strategy, which ensures ship stability but results in a long total 
unloading time. Using the LINGO solver and a Genetic Algorithm (GA), we achieve up to a 15% improvement. To leverage 
the port’s strategy while overcoming its inefficiency, we redefine the unloading unit at the tier level and structure the process 
into two sequential phases. A hybrid metaheuristic combining the Firefly Algorithm (FA) and Cuckoo Search (CS) is proposed 
and compared with the GA. The hybrid algorithm shows higher consistency and statistically comparable solution quality to 
the GA. 
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1. INTRODUCTION  

Container traffic is a vital component of the global maritime supply chain, underpinning the flow of goods across 
continents with remarkable efficiency (Danladi et al., 2024). Its development has reshaped traditional logistics paradigms 
and strengthened the integrated relationships among key stakeholders in the maritime transport network, including shipping 
lines, port authorities, and hinterland connections (Elmi et al., 2022; Riadi et al., 2023). In recent decades, strategic efforts 
have focused on reducing overall shipping costs and minimizing the time ships spend along their transport routes, 
encompassing both port operations and inter-port navigation (Atacan et al., 2022; Kovalenko, 2024). Enhancing the 
performance of loading, unloading, and storage activities remains central to this goal (Ngoc et al., 2022; da Silva and Ensslin, 
2024). To meet these objectives, the sector increasingly relies on advanced cargo tracking systems, automation of port 
functions, seamless communication among stakeholders, and optimized allocation of port resources (Zhang et al., 2025; Gao 
et al., 2023). 

In recent years, sustainability has emerged as a strategic imperative in maritime logistics, shaping port design, 
operations, and policy (Jugovic et al., 2021; Zheng et al., 2023; Wilson et al., 2024). This shift reflects the broader ambition 
to reconcile efficiency with environmental responsibility (Giuffrida et al., 2021). Within this evolving context, safety and 
security are recognized as fundamental pillars of effective port management, especially during critical operations such as 
container unloading (Ding and Tseng, 2013). 

Once a ship docks, quay cranes are deployed to unload containers in a sequence that requires careful coordination. 
Crane scheduling has therefore become a widely studied optimization problem, giving rise to a multitude of mathematical 
models focused primarily on minimizing the makespan, the total time required to complete all unloading tasks. However, 
despite the diversity and sophistication of these models, the issue of ship stability remains largely underexplored, as 
highlighted by Zhang et al. (2018). This gap persists even in studies addressing integrated loading and unloading (Eldemir 
& Taner, 2025), where balance constraints are not explicitly incorporated. 

Ports, regardless of their size, infrastructure layout, handling capacity, or available equipment, require constant 
operational adjustment, particularly due to the strong interdependence among them. Ships during their maritime journeys 
often berth at multiple ports, each with its own logistical configuration. In this context, the current study builds upon 
established research on the Quay Crane Scheduling Problem (QCSP). In the previous studies, the decision unit was typically 
defined at the bay, bay area, or container-group level, mainly to present loading and unloading tasks. In contrast, this paper 
introduces a novel division of the ship into aft and forward sections, which leads to a different mathematical formulation and 
allows the model to account for the longitudinal balance of the ship. At the same time, adopting the tier as the unloading unit 
provides higher modeling flexibility, particularly for import-oriented operations, and helps preserve the transverse stability of 
the ship by ensuring a balanced distribution of unloading between the seaside and landside at each step of the operation. 
Compared to previous studies that do not consider stability at all, this approach ensures solutions that are feasible and safe 
in practice, reflecting real-world port operations and avoiding configurations that could be operationally unrealistic, such as 
cut-bay approaches that ignore the additional reshuffles often required during simultaneous loading and unloading 
operations. The model and operational practices considered in this study are directly inspired by procedures observed at 
Annaba Port- Algeria, particularly based on explanations from a port expert regarding container unloading operations. This 
source of technical insight supports the realism of the model while maintaining its general applicability. 

The main highlights of this work are summarized as follows: 

• This work addresses crane scheduling on two levels: the commonly used bay level and the less-explored tier level, 
adding depth to the modeling of container unloading. 

• At the tier level, the proposed model implicitly considers the longitudinal balance of the ship, a constraint that has 
received limited attention in the existing literature. 

• The firefly algorithm and Cuckoo Search were adapted to match the nature of the problem, resulting in solution 
quality statistically comparable to that of the genetic algorithm, while providing greater stability and consistency. 

In the next section, we present the QCSP and its principal constraints addressed in the literature and highlight some 
papers that discuss ship stability during handling operations. In Section 3, we describe the problem at the two mentioned 
levels with its mathematical formulation. In Section 4, we present the algorithms used and explain how they were adapted. 
Results and discussion are provided in Section 5. Section 6 includes the conclusion and perspectives for future work. 

2. QUAY CRANE SCHEDULING PROBLEM 

The Quay crane scheduling problem is a critical issue in ports, as it directly impacts the efficiency of loading and 
unloading operations, which in turn affects the ship’s stay time at the port (berthing time). This problem has received 
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significant attention from researchers, leading to the progressive incorporation of various operational constraints to improve 
the accuracy of scheduling models. We summarize below the key concepts relevant to the QCSP based on operational 
understanding and literature insights. 

2.1. Key concepts  

2.1.1. Interference & Safety margin 

Quay cranes operate on rails, allowing them to move easily left or right. However, when multiple cranes are 
deployed simultaneously, they cannot overlap each other’s working zones, as they are physically restricted from crossing 
paths. This constraint introduces significant challenges in scheduling crane operations, as planners must ensure that no two 
cranes interfere with each other’s work areas to maintain efficiency and safety (Kim and Park, 2004; Chung and Chan, 2013).  

The safety margin is the minimum permitted distance between two operating cranes to prevent operational conflicts 
and ensure safe handling. In general, studies and industry practices often consider a buffer of at least one bay between 
adjacent cranes, meaning that two cranes cannot operate simultaneously in directly adjacent bays (Moccia et al., 2006). 

2.1.2. Container handling strategies  

The configuration of ship and bay is illustrated in Figure 1. Container unloading strategies can significantly impact 
the efficiency of port operations. One commonly used method is bay-by-bay unloading, in which all containers from a specific 
bay are unloaded completely before moving on to the next bay. This systematic approach reduces unnecessary reshuffling 
and improves the predictability of operations, leading to smoother workflows and reduced crane idle times (Amani et al., 
2023; Rodrigues and Agra, 2024). 

Another widely adopted strategy is container clustering, which refers to the classification of containers based on 
predefined logistical criteria such as destination, cargo type, or handling requirements. The aim is to functionally align 
containers with similar downstream transport or processing needs, thereby improving coordination with inland transport and 
reducing transfer delays (Chen et al., 2014). 

By contrast, container grouping concerns the physical arrangement of containers within the yard according to 
operational attributes such as size, weight or consignee. While clustering is logistics-oriented and decision-based, grouping 
is spatial and operational, focusing on stack stability, security considerations, and minimizing unnecessary reshuffling to 
enhance yard efficiency (Li and Li, 2022). 

A related but distinct concept is priority-based unloading, which governs the sequence in which containers are 
discharged. Containers are processed based on urgency or risk; for example, refrigerated or high-value cargo may be 
unloaded first. Thus, prioritization determines when containers are handled, whereas clustering determines how they are 
classified, and grouping determines where they are placed (Zhang et al., 2018). 

The choice of unloading method depends on multiple factors, including ship size, terminal capacity, and operational 
priorities. In highly automated ports, real-time data analysis is leveraged to determine the most efficient unloading strategy 
for each incoming ship. By integrating smart scheduling algorithms, terminals can dynamically adapt their unloading 
processes to reduce turnaround times and enhance overall productivity. 

 

Figure 1. Ship (a) and Bay (b) configuration (Source: Bierwirth and Meisel, 2010). 
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2.1.3. Movement direction and Travel time  

Unidirectional movement is often highlighted for its operational simplicity and efficiency. Under this mode, a crane 
consistently travels in a single direction along the ship, which facilitates straightforward scheduling and minimizes the time 
required to move from one bay to another. This predictable motion reduces the need for frequent stops and direction 
changes, thereby lowering transition times and improving overall throughput (Bierwirth, 2009; Chargui et al., 2023). 

Bidirectional movement allows a quay crane to reverse its direction, offering enhanced flexibility in accessing 
containers located in varying sections of the ship. This flexibility may lead to a more effective allocation of crane tasks, 
especially in complex loading and unloading scenarios (Al-Dhaheri and Diabat, 2015). 

Travel time refers to the duration a quay crane requires to move between its designated working positions along 
the ship. Shorter travel times allow for a higher number of container moves per unit time, contributing to both improved 
productivity and reduced operational costs (Wang and Kim, 2011). 

2.1.4. Stability of the ship  

Ship stability is a critical constraint in quay crane scheduling, as it directly affects ship safety at sea, within the port, 
and during loading and unloading operations. An imbalance in the distribution of weight can lead to severe consequences, 
including significant losses, ship capsizing, and potential loss of containers. Despite its importance, this constraint has 
traditionally received less attention in the literature compared to efforts aimed at minimizing makespan. Many researchers 
have primarily focused on optimizing crane scheduling to reduce overall operational time, while the stability issue has been 
more narrowly addressed. It is also worth noting that ship stability is a key consideration in the stowage problem (Van et al., 
2024), where proper container arrangement is essential to maintaining the ship’s equilibrium.  

The stability of the ship is based on three concepts: 

• Longitudinal stability: stability along the ship’s length (bow to stern), preventing excessive trim (tilting forward or 
backward). 

• Transversal stability: stability across the ship’s width (port to starboard), preventing listing (leaning to one side). 
• Vertical stability: stability related to the center of gravity and metacentric height (GM), ensuring the ship does not 

become top heavy and capsize. 

2.2. Related works 

Wang et al. (2013) were the first to address ship stability constraints. Their model ensures feasible loading and 
unloading sequences by restricting shifts in the ship’s center of gravity. A steady-state genetic algorithm is developed to 
solve the problem, eliminating infeasible solutions while optimizing makespan. Ursavas (2017) proposed a model that 
integrates ship stability (longitudinal and transverse) during unloading operations, focusing on partial bay discharge at the 
port of Izmir, Turkey. However, partial discharging usually requires container relocation, which was not addressed in the 
study. Msakni et al. (2018) considered ship stability requirements and proposed a solution method that decomposes the 
original problem into two subproblems using column generation. Zhang et al. (2018) focused on ship longitudinal stability. 
They developed a MILP model and proposed a bicriteria evolutionary algorithm to minimize both makespan and maximum 
absolute trim. While the authors implicitly considered vertical ship stability by sequencing unloading from top to bottom and 
balancing laterally from the center outward, this general representation may not sufficiently reflect actual conditions during 
simultaneous loading and unloading operations, where the final container locations should be explicitly represented. 
Compared to previous studies, our work focuses on full unloading operations, which differ from models addressing partial 
discharge or mixed import–export scenarios. In addition, we adopt the tier level as the operational unit. These distinctions 
place this study in a different operational setting and provide a more detailed representation of the unloading sequence. 

Hybrid metaheuristic methods have been applied to QCSP, though they remain relatively limited. Liang et al. (2011) 
proposed a multiobjective hybrid genetic algorithm for dynamic crane assignment. Guo et al. (2012) developed a hybrid 
generalized extremal optimization algorithm under interference constraints. Izquierdo et al. (2013) introduced a hybrid 
estimation-of-distribution algorithm (EDA) with local search. Cruz Reyes et al. (2016) integrated evolutionary search with 
neighborhood-based moves in a hybrid metaheuristic. Pérez Rodríguez (2021) returned to EDA, hybridizing it with a moth-
flame heuristic. Amani et al. (2025) presented a hybrid harmony search with rule-based constraints to improve schedule 
quality and feasibility. In this work, Firefly and Cuckoo Search are chosen for their complementary strengths: Cuckoo Search 
provides broad exploration, while Firefly enhances local exploitation. Given that the tier-level formulation significantly 
enlarges the solution space, their combination is particularly well suited to tackling this complex problem. 
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3. PROBLEM DESCRIPTION 

To capture the complexity of real unloading operations, this study adapts a two-level modeling approach. The first 
level, based on bay assignments, offers a simplified view commonly used in the literature. The second level introduces a 
more detailed tier-based formulation, allowing for greater flexibility, finer control over crane coordination, and better 
alignment with practical port constraints such as ship stability.  

3.1. Bay-Level 

This case considers a single container-ship made up of several bays. Each bay contains a number of containers to 
be unloaded. Two quay cranes are used for the operation. One crane moves on a fixed rail along the ship, while the other is 
mobile and can move more freely. Each bay is handled by only one crane, and a crane can move to another bay only after 
finishing the current one. The travel time between bays is not considered, this assumption is reasonable for terminals with 
small bay spacing where the crane’s operational handling time dominates its movement time. Nevertheless, for large ship, 
including travel time can offer a more realistic representation of operations. Figure 2 illustrates the nature of the problem, 
the assignment of bays to the two quay cranes. Each crane can be allocated any set of bays, not necessarily consecutive, 
as long as the overall makespan is minimized. 

 

Figure 2. Assignment possibilities of bays to two quay cranes. 

To formalize the bay-level problem, a mathematical model is developed to minimize the makespan. The following 
defines the input data, decision variables, and constraints involved. 

3.1.1. Mathematical Formulation 

Set  
N: set of bays indexed i 
Input data   
Ni: number of containers in each bay. 
U1: unloading time of one container by crane 1.  
U2: unloading time of one container by crane 2.  
Decision Variables 
Xi ∈ {0, 1}: 1 if bay i is unloaded by crane 1; 0 otherwise. 
Yi ∈ {0, 1}: 1 if bay i is unloaded by crane 2; 0 otherwise. 
C1: completion time of crane 1 
C2: completion time of crane 2 
Objective  

𝑚𝑚𝑚𝑚𝑚𝑚 𝑚𝑚𝑚𝑚𝑚𝑚 (𝐶𝐶1,𝐶𝐶2)…………………………………………………………………………………………..…. (1) 

S.t 

∑ 𝑋𝑋𝑖𝑖𝑁𝑁𝑖𝑖𝑈𝑈1 = 𝐶𝐶1   𝑖𝑖∈𝑁𝑁 …………………………………………………………………………………...………. (2) 
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∑ 𝑌𝑌𝑖𝑖𝑁𝑁𝑖𝑖𝑈𝑈2 = 𝐶𝐶2  𝑖𝑖∈𝑁𝑁  ……………………………………………………………………………...……………. (3) 
𝑋𝑋𝑖𝑖 + 𝑌𝑌𝑖𝑖 = 1            ∀ 𝑖𝑖 = 1, …  𝑛𝑛 ………………………………………………………….……………………. (4) 

(1): The objective function minimizes the makespan, defined as the maximum between the two cranes’ completion times. (2) 
and (3): These constraints calculate the completion time of crane 1 and 2. (4): Each bay must be unloaded by only one crane.  

3.2. Tier Level 

Based on the port’s unloading strategy, two cranes start from opposite ends of the ship and move toward the middle, 
to maintain longitudinal balance. However, this often creates significant discrepancies in crane completion times. To 
overcome this issue, we propose a two-phase unloading strategy 

In the first phase, each crane unloads selected tiers in its respective section. At the forward section (F), bay 1 is 
located at the extreme left, at the aft section (A); bay 1 is located at the extreme right. Within each bay (j and k), tier 1 
represents the top tier. 

In the second phase, the cranes switch sections and complete the unloading of the remaining tiers. Figure 3 
provides a visual representation of the ship’s structure, illustrating both longitudinal and transverse sections relevant to the 
tier-level unloading model. 

The formulation of this extended model is based on a practical approach observed in port operations, with 
necessary adjustments introduced to balance crane workloads across both phases.  

To translate this practical unloading strategy into a formal model, the input data, decision variables, and constraints 
are presented in the following formulation. 

 

Figure 3. Longitudinal and transverse sections of the ship 

3.2.1. Mathematical Formulation 

Set  
F: set of bays from bow to midship indexed by j 
A: set of bays from stern to midship indexed by k 
Subset  
M⊆ F: subset of tiers in forward bays j indexed by e 
N⊆ A: subset of tiers in aft bays k indexed by f 
Input data 
Tj: number of tiers on bay j 
Tk: number of tiers on bay k 
Nce: number of containers in tier e 
Ncf: number of containers in tier f 
Sx: speed of crane 1 
Sy: speed of crane 2 
Decisions variables  
Ixej ∈ {0, 1}: 1 if crane 1 unloads tier e on bay j; 0 otherwise  
ZYej ∈ {0, 1}: 1 if crane 2 unloads tier e on bay j; 0 otherwise  
Vxfk ∈ {0, 1}: 1 if crane 1 unloads tier f on bay k; 0 otherwise  
UYfk ∈ {0, 1}: 1 if crane 2 unloads tier f on bay k; 0 otherwise  
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CP1: Cmax in phase 1 
CP11: Completion time of crane 1 in phase 1 
CP12: Completion time of crane 2 in phase 1 
CP2: Cmax in phase 2  
CP21: Completion time of crane 1 in phase 2 
CP22: Completion time of crane 2 in phase 2 
Objective  

𝑚𝑚𝑚𝑚𝑚𝑚 𝑚𝑚𝑚𝑚𝑚𝑚 (𝐶𝐶𝐶𝐶1 + 𝐶𝐶𝐶𝐶2)………………………………………………………………………………………. (5) 

S.t 

𝑰𝑰𝑥𝑥𝑥𝑥𝑥𝑥  + 𝒁𝒁𝑦𝑦𝑦𝑦𝑦𝑦 ≤ 1                      ∀𝑒𝑒 ∈ 𝑀𝑀    ∀𝑗𝑗 ∈ 𝐹𝐹 ………………………………………………….……………. (6) 

𝑽𝑽𝑥𝑥𝑥𝑥𝑥𝑥 + 𝑼𝑼𝑦𝑦𝑦𝑦𝑦𝑦 ≤ 1                        ∀𝑓𝑓 ∈ 𝑁𝑁    ∀𝑘𝑘 ∈ 𝐴𝐴 ……………………………………………….……………. (7) 

∑ (𝑰𝑰𝑥𝑥𝑥𝑥𝑥𝑥  +  𝒁𝒁𝑦𝑦𝑦𝑦𝑦𝑦) =𝑒𝑒∈𝑀𝑀  𝑇𝑇𝑇𝑇      ∀𝑗𝑗 ∈ 𝐹𝐹…………………………………………………………….……………. (8) 

∑ (𝑽𝑽𝑥𝑥𝑥𝑥𝑥𝑥  +  𝑼𝑼𝑦𝑦𝑦𝑦𝑦𝑦) =𝑓𝑓∈𝑁𝑁  𝑇𝑇𝑇𝑇      ∀𝑘𝑘 ∈ 𝐴𝐴 …………………………………………………………………….…. (9) 

𝑰𝑰𝑥𝑥𝑥𝑥𝑥𝑥  ≥ 𝑰𝑰𝑥𝑥𝑥𝑥𝑥𝑥′                  ∀𝑒𝑒 ∈ 𝑀𝑀   ……………………………………………………………………..…….…. (10) 

𝒁𝒁𝑦𝑦𝑦𝑦𝑦𝑦  ≥ 𝒁𝒁𝑦𝑦𝑦𝑦𝑦𝑦′                ∀𝑒𝑒 ∈ 𝑀𝑀 …………………………………………………………………….…..…….. (11) 

𝑽𝑽𝑥𝑥𝑥𝑥𝑥𝑥  ≥ 𝑽𝑽𝑥𝑥𝑥𝑥𝑥𝑥′               ∀𝑓𝑓 ∈ 𝑁𝑁  …………………………………………………………….…….………….. (12) 

𝑼𝑼𝑦𝑦𝑦𝑦𝑦𝑦 ≥ 𝑼𝑼𝑦𝑦𝑦𝑦𝑦𝑦′            ∀𝑓𝑓 ∈ 𝑁𝑁 …………………………………………………………………….…………. (13) 

∑ 𝑰𝑰𝑥𝑥𝑥𝑥𝑥𝑥𝑒𝑒∈𝑀𝑀 𝐻𝐻𝑒𝑒𝑒𝑒 = 𝐶𝐶𝐶𝐶11 …………………………………….…………………………………………………. (14) 

∑ 𝑼𝑼𝑦𝑦𝑦𝑦𝑦𝑦𝑓𝑓∈𝑛𝑛 𝐻𝐻𝑓𝑓𝑓𝑓 = 𝐶𝐶𝐶𝐶12 …………………………………………………………………...…………………. (15) 

∑ 𝒁𝒁𝑦𝑦𝑦𝑦𝑦𝑦𝑒𝑒∈𝑀𝑀 𝐻𝐻𝑓𝑓𝑓𝑓 = 𝐶𝐶𝐶𝐶21 ………………………………………………………………………………………. (16) 

∑ 𝑽𝑽𝑥𝑥𝑥𝑥𝑥𝑥𝑓𝑓∈𝑁𝑁 𝐻𝐻𝑓𝑓𝑓𝑓 = 𝐶𝐶𝐶𝐶22 ………………………………………………………………………………………. (17) 

max (CP11, CP12)= CP1……………………………………………………….……………………………. (18) 
max (CP21, CP22)= CP2………………………………………………………………………………….…. (19) 
𝐻𝐻𝑒𝑒𝑒𝑒𝑰𝑰𝑥𝑥𝑥𝑥𝑥𝑥 ≤  𝑁𝑁𝑒𝑒𝑒𝑒𝑆𝑆𝑥𝑥               ∀𝑒𝑒 ∈ 𝑀𝑀    ∀𝑗𝑗 ∈ 𝐹𝐹………………………………………………………………. …. (20) 

𝐻𝐻𝑒𝑒𝑒𝑒𝒁𝒁𝑦𝑦𝑦𝑦𝑦𝑦 ≤  𝑁𝑁𝑒𝑒𝑒𝑒𝑆𝑆𝑦𝑦               ∀𝑒𝑒 ∈ 𝑀𝑀    ∀𝑗𝑗 ∈ 𝐹𝐹      ………………………………………………………………. (21) 

𝐻𝐻𝑓𝑓𝑓𝑓𝑽𝑽𝑥𝑥𝑥𝑥𝑥𝑥 ≤ 𝑁𝑁𝑓𝑓𝑓𝑓𝑆𝑆𝑥𝑥                 ∀𝑓𝑓 ∈ 𝑁𝑁    ∀𝑘𝑘 ∈ 𝐴𝐴  ………………………………………………………….……. (22) 

𝐻𝐻𝑓𝑓𝑓𝑓𝑼𝑼𝑦𝑦𝑦𝑦𝑦𝑦 ≤  𝑁𝑁𝑓𝑓𝑓𝑓𝑆𝑆𝑦𝑦              ∀𝑓𝑓 ∈ 𝑁𝑁    ∀𝑘𝑘 ∈ 𝐴𝐴    .…………………………………………………………...…. (23) 

𝑰𝑰𝑥𝑥𝑥𝑥𝑥𝑥,𝑽𝑽𝑥𝑥𝑥𝑥𝑥𝑥 ,𝒁𝒁𝑦𝑦𝑦𝑦𝑦𝑦  , 𝑼𝑼𝑦𝑦𝑦𝑦𝑦𝑦 ∈ {0, 1} …………………………………………………………………….…………. (24) 
CP1, CP2, CP11, CP12, CP21, CP22 ≥ 0……………………………………………………………………. (25) 

(5): The objective function minimizes the makespan in both phases. (6) and (7): Each tier must be assigned to at most one 
crane. (8) and (9): All tiers in each bay must be unloaded. (10) to (13): These constraints ensure that cranes unload tiers 
sequentially, starting from the top and progressing downward without skipping any intermediate tier. Here, e' and f' denote 

the immediate successive tiers of e and f, respectively. (14) to (17): These constraints calculate the individual completion 
time of each crane during both unloading phases. (18) and (19): These constraints determine the makespan (Cmax) of phase 
1 and phase 2, by selecting the maximum completion time between the two cranes. (20) to (23): These constraints compute 
the handling time for each tier assigned to the cranes during both phases. (24) and (25): These constraints define the binary 
decision variables and ensure non negativity for the completion time variables. 

In the next section, we define and explain the algorithms used to solve the problem at both bay and tier levels. 

4. RESOLUTION METHODS  

To solve the objective function (1), we use the LINGO solver and a genetic algorithm developed in Python 3.9.  

LINGO is a software tool designed to efficiently build and solve linear, nonlinear, and integer optimization models. 
We have created a simple LINGO model to solve the problem.  

Python is an interpreted object- oriented, high-level programming language with dynamic semantics.  

4.1. Genetic Algorithm  

GA is a search and optimization technique inspired by the process of natural evolution, where a population of 
solutions evolves over generations through selection, crossover, and mutation to find near-optimal solutions to complex 
problems (Holland, 1992; Forrest, 1996; Miller and Goldberg, 1995). 
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4.1.1. Chromosome representation  

The chromosome representation used in the genetic algorithm consists of a sequence whose length equals the 
number of bays in the ship. Each gene takes a value of either 1 or 2, representing assignment to crane 1 or crane 2, (Figure 
4). The bays are numbered from left to right (from bow to stern), and this order remains fixed across all chromosomes. We 
select random individuals from the population, apply one-point crossover, and then perform swap mutation. 

 

Figure 4. Chromosome representation 

To solve the objective function (5) effectively, we used a hybrid algorithm combining the Firefly Algorithm (FA) and 
Cuckoo Search (CS), implemented in Python 3.9. 

4.2. Firefly algorithm 

The firefly algorithm is a nature-inspired metaheuristics based on the flashing behavior of fireflies. It assumes that 
each firefly is attracted to others based on their brightness, which is related to the fitness of the solution they represent 
(Yang, 2009; Dong et al. 2018). The basic steps of FA include: 

Attraction Rule: a less bright firefly moves towards a brighter one based on the distance and attractiveness. 
Attractiveness Function: given by: 

𝛽𝛽(𝑟𝑟) = 𝛽𝛽0𝑒𝑒(−𝛾𝛾 𝑟𝑟2)       ……………………………………………………………………..………………….……….. (26) 

Where: 

𝛽𝛽0  : is the maximum attractiveness.   
𝛾𝛾 : is the absorption coefficient.  
𝑟𝑟 : is the distance between two fireflies.  

Movement Equation: the movement of firefly (i) towards a brighter firefly (j) is given by: 

𝑥𝑥𝑖𝑖 = 𝑥𝑥𝑖𝑖 + 𝛽𝛽(𝑟𝑟)�𝑥𝑥𝑗𝑗 − 𝑥𝑥𝑖𝑖� + 𝛼𝛼 ……………………………………………………………………………….... (27) 

Where: 

𝛼𝛼 : is a randomization parameter.  
The random step introduces stochasticity for exploration. 
 
Discrete adaptation of the firefly algorithm  

In our discrete problem, the smallest possible move is always a change of one tier. Therefore, instead of the 
continuous attractiveness decay, we fix a minimum attractiveness value (𝛽𝛽min = 0.3) to maintain gradual improvement. 
The distance (𝑟𝑟) is defined as the number of bays whose tier-boundaries differ between two solutions. the number of 
bays updated in each move is given by: 
K= round (𝛽𝛽min × 𝑟𝑟) 
If 𝑟𝑟 =1: we directly modify the differing bay by ±1 tier. 
If 𝑟𝑟 > 1:  we update K bays selected from the differing set. 
For K = 1: each candidate bay is tested separately, and the best result is kept. 
For K > 1: combinations of K bays are evaluated, and the update that yields the best solution is selected. 

 
Example  

If the guiding solution has a bay boundary of 3 and the current solution has 1, we increase the tier to 2.  Conversely, 
if the current boundary is 5, we decrease it to 4. 
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4.3. Cuckoo Search Algorithm 

The Cuckoo Search is another nature-inspired algorithm based on the brood parasitism of certain cuckoo species. 
It uses Levy Flight to generate new solutions far from the current ones, providing a powerful global search capability 
(Gandomi et al., 2013; Yachba et al. 2020). Key components include: 

Random walk with Levy Flight: 

𝑥𝑥𝑡𝑡+1 = 𝑥𝑥𝑡𝑡 + 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿(𝛼𝛼,𝛽𝛽)                                    

Where:  

The step size is governed by the levy distribution, allowing occasional long jumps for exploration. 
Big jump with Levy Flight: this is used to replace the fixed probability jump mechanism, allowing the algorithm to 
adapt based on the current solution’s distance from the global best. 

Levy Flight: is a random walk where the step lengths have a heavy-tailed probability distribution, making long jumps 
more frequent. The mathematical model for Levy Flight is given by: 

𝐿𝐿(𝛼𝛼,𝛽𝛽) ∼
Γ(1+𝛼𝛼) sin  𝜋𝜋𝜋𝜋

2

Γ�1+𝛼𝛼
2
� 𝛼𝛼.2(𝛼𝛼−1)/2

. 1
|𝜐𝜐|1 𝛼𝛼⁄      ………………………………………………………………………...…. (28) 

Where: 

𝛼𝛼 : controls the step size. 
𝛽𝛽 : scales the step intensity. 
Γ : is the Gamma function. 

 
Discrete adaptation of the Cuckoo Search 

In our discrete setting, we distinguish between two types of moves: 

Big jump: this corresponds to a radical modification of bay boundaries. For each selected bay, the boundary is 
completely reassigned to new random value within the feasible range. 

Small jump: this corresponds to a light adjustment, in selected bays, we add or remove exactly one tier (±1), not 
guided toward the best individual (unlike firefly Algorithm). 

We denote J as the length of the jump which is the number of selected bays to be changed, this length is applied 
for small and big jump, and it is: 

1 ≥J≤B; where B is the total number of bays. Thus, the minimum jump is a modification in a single bay, and the 
maximum jump may involve all bays simultaneously. 

How J is drawn (Pareto heavy-tailed law) 

We sample a uniform random number U ~ Uniform (0, 1) and map it via a Pareto distribution so that long jumps are 
more frequent: 

𝑠𝑠 = (1 − U)(−1∕𝜆𝜆) 

J = min {B, max (1, round(s))} 

We set λ = 1, with this setting, the longest jump generated by levy flight reached approximately 10, which 
corresponds to about ten bays. This value can be considered adequate for our problem context. 

4.4. Solution representation  

To address the problem of crane assignment to tiers, a solution structure is developed to facilitate the exploration 
of the solution space. In this context, the boundary of a crane is defined as a key component that specifies, for each crane, 
the exact number of tiers it can unload from bays j and k during phases 1 and 2.  
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As illustrated in Figure 5, the ship consists of 8 bays: 4 in the aft section and 4 in the forward section. The number 
of tiers in each bay is 4, 6, 5, 5, 5, 4, 6, and 4, respectively. The first boundary value of crane 1 is 2, meaning that this crane 
unloads up to tier 2 (i.e., tier 1 and tier 2) during phase 1. For example, bay 1 has 4 tiers; since crane 1 unloads up to tier 2, 
the remaining tiers (tier 3 and tier 4) are assigned to crane 2 in phase 2.The boundary values in section F correspond to 
crane 1, while the boundary values in section A correspond to crane 2. 

 

Figure 5. Solution representation  

4.5. The pseudo-code of the Hybrid Algorithm  

Input: 

N  

MaxIter 

Beta_min 

Pareto_lambda 

P_big_jump 

Problem_data 

 

→ Population  size 

→ Maximum number of iterations 

→ Maximum attractiveness parameter 

→ Lévy/Pareto distribution parameter 

→ Probability of large jump 

→ Discrete combinatorial instance  

Output: 

S_best 

F_best 

 

→ Best feasible solution 

→ Best objective value 

 

1: Generate N feasible solution   

2: Evaluate fitness f(Si) for each solution Si  

3: S_best ← argmin f(Si)  

4: For iter = 1 to MaxIter do  

5:  Sort population in ascending order of fitness 

6:  Elite ← Best solution in population 

7:  // Intensification Phase – Discrete Firefly (Top 30%) // 

8:  For each solution Si in Top 30% (excluding Elite) do 

9:  Identify discrete differences between Si and S_best 

10:  Compute k←max (1, round (beta_min × number_of_differences))  

11:  Select k positions and move one discrete step towards S_best 

12:  Repair solution if constraints violated  

13:  If f (new_Si) < f(Si) then 

14:  Si ← new_Si 

15:  End If 

16:  End For 

17:  // Diversification Phase – Discrete Cuckoo (Bottom 70%) // 

18:  For each solution Sj in bottom 70% do 
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19:  Determine jump length J using Pareto distribution 

20:  Randomly select J discrete positions 

21:  For each selected position do 

22:  If rand () < P_big_jump then 

23:  Assign random feasible discrete value 

24:  Else  

25:  Apply ±1bounded discrete move  

26:  End If 

27:  End For  

28:  Repair solution if constraints violated  

29:  If f (new_Sj) < f(Sj) then 

30:  Sj ← new_Sj 

31:  End If 

32:  End For 

33:  Reinsert Elite if lost 

34:  Update S_best ← argmin f (Si) 

35: End For  

36: Return S_best, f_best 

The hybrid algorithm starts by generating an initial population of feasible solutions and evaluating their fitness values 
to identify the current best solution. At each iteration, the population is sorted in ascending order of fitness. The top 30% of 
solutions undergo an intensification phase inspired by the discrete Firefly Algorithm, where each solution is partially moved 
toward the global best by modifying a subset of differing positions, followed by feasibility repair and acceptance if 
improvement is achieved. The remaining 70% of solutions enter a diversification phase based on the discrete Cuckoo 
Search, where Lévy/Pareto-distributed jump lengths determine the number of positions to modify through either large 
random reassignment or bounded ± adjustments. Elitism is enforced to preserve the best solution, and the process repeats 

until the maximum number of iterations is reached. The algorithm finally returns the best feasible solution and its 
corresponding objective value.  

5. RESULTS 

To evaluate the performance of the proposed model at the bay level, a comparative analysis was carried out using 
three different solutions: the LINGO solver, the genetic algorithm, and the port strategy. Although the port strategy was 
initially described in the context of tier-level unloading, its principles were applied here due to their operational similarity to 
the bay-by-bay unloading commonly observed in practice. The goal of this comparison is to assess the efficiency of each 
method in minimizing the overall unloading time (makespan). The results for one ship with 3 to 9 bays are summarized in 
Table 1. 

To assess the stability of the proposed hybrid algorithm (HY), multiple independent executions were performed on 
two distinct problem instances. The first instance consists of 4 bays (NB) and 6 tiers (NT) per bay, while the second includes 
6 bays and 6 tiers. Tables 2 and 3 present the makespan values (per hour) obtained across five separate runs for each case, 
comparing the results with those produced by the genetic algorithm. This evaluation aims to verify the consistency of 
solutions under the inherent randomness of metaheuristic algorithms. To further evaluate the performance and scalability of 
the proposed hybrid algorithm, a series of instances were tested involving ships with 8, 10, and 12 bays. Table 4 summarizes 
the makespan and CPU time obtained for each instance, comparing the hybrid approach with the genetic algorithm. The 
objective is to assess not only solution quality but also computational efficiency as the problem size increases. Due to the 
stochastic nature of evolutionary algorithms, the GA was executed in multiple independent runs for each instance, and the 
best makespan obtained was recorded. 

For the hybrid Algorithm and the genetic algorithm, a population size of 30 and 40 iterations were used for instances 
with 8 to 10 bays, while a population size of 40 and 50 iterations was used for instances with 12 bays. For the GA, the 
tournament selection method with a size of 3 was applied, with a mutation rate of 0.05 and a crossover rate of 0.8. Elitism 
was also employed. 
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Instances Number of bays GA (min) Lingo (min) Port strategy (min) Gap % 

1 3 148 148 156 5.13 

2 4 222 222 234 5.13 

3 5 236 236 237 0.42 

4 6 282 282 320 11.9 

5 7 321 321 378 15.1 

6 8 376 376 390 3.59 

7 9 423 423 454 6.83 

Table 1. Comparison of Bay-Level Results Using GA and LINGO Solver 

Execution NB NT HY (h) GA (h) 

1 4 6 5.2 5.28 

2 4 6 5.13 5.4 

3 4 6 5.13 5.13 

4 4 6 5.13 5.2 

5 4 6 5.13 5.2 

Table 2. Stability Analysis of Tier-Level (Instance: 4 bays, 6 tiers) 

Execution NB NT HY GA 

1 6 6 7.53 7.7 

2 6 6 7.62 7.76 

3 6 6 7.6 7.85 

4 6 6 7.62 7.86 

5 6 6 7.6 7.85 

Table 3. Stability Analysis of Tier-Level (Instance: 6 bays, 6 tiers) 

Execution 
 

NB 
 

NT 

Makespan (H) CPU time  (S) 

HY GA HY GH 

1 8 6 10.33 10.53 <1 <1 

2 8 6 10.07 9.78 <1 <1 

3 8 6 9.82 9.31 <1 <1 

4 8 6 9.65 9.53 <1 <1 

5 10 7 15.03 15.43 2.543 <1 

6 10 7 15.33 15.8 2.605 <1 

7 10 7 15.02 15.46 2.543 <1 

8 10 7 14.85 15.5 2.589 <1 

9 12 8 26.05 26.18 7.036 <1 

10 12 8 26.00 26.13 7.238 <1 

11 12 8 26.17 26.52 7.067 <1 

12 12 8 26.15 26.47 7.13 <1 

Table 4. Performance Comparison on Extended Tier-Level Instance 
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Figure 6. Comparison of makespan results using GA, LINGO, and port strategy for different bay numbers 

 

Figure 7. Comparison of makespan results between the hybrid FA+CS and GA for various problem instances 

5.1. Discussions  

As presented in Table 1 and Figure 6, the unloading time obtained by LINGO solver and the genetic algorithm are 
identical across all tested instances, which are expected given the small size of the problem.  

The port strategy is efficient because cranes progress through adjacent bays, minimizing two-direction travel. 
However, it enforces a fixed partition of bays per crane. With uneven container distribution across bays, this lack of flexibility 
increases completion time. In our small-ship cases (9 bays), Lingo and GA improves over the port baseline by 0.4% - 15%, 
confirming that optimal sequencing outperforms the fixed split when loads are unbalanced. 

As observed in Tables 2 and 3, both the genetic algorithm and the hybrid approach achieve close makespan values 
across multiple runs. For the instance with 4 bays and 6 tiers (Table 2), the hybrid algorithm maintained a stable makespan 
between 5.13 and 5.2 (≈308 - 312 minutes), while the GA ranged from 5.13 to 5.4 (≈ 308 - 324 minutes). Similarly, for the 
second instance (6 bays and 6 tiers, Table 3), the hybrid remained within 7.53 to 7.62 (≈ 452 – 457 minutes), while the GA 
fluctuated from 7.7 to 7.86 (≈ 462 - 472 minutes). 

Although the differences appear small, they highlight a consistent pattern: the hybrid algorithm produces tightly 
grouped results with minimal deviation, while GA exhibits higher variability. For the 4_bay instance, the hybrid approach 
achieved a standard deviation of 0.031 h (≈ 1.86 min), compared to 0.102 h (≈ 6.12 min) for GA. Similarly, in the 6-bay 
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instance, the hybrid recorded 0.037 h (≈ 2.22 min) versus 0.075 (≈ 4.50 min) for GA. These results quantitatively confirm the 
superior stability of the hybrid method across repeated runs.  

As illustrated in Figure 7 and detailed in Table 4, the makespan values obtained by the HY and the GA are closely 
aligned across all extended instances. To statistically validate this observation, a paired comparison was conducted. The 
normality of paired differences was verified using the Shapiro-Wilk test (p= 0.432), supporting the use of a paired t-test. The 
results indicated no statistically significant difference between the two approaches (t (11) = -1.85, p=0.091). The mean 
makespan was 17.04 hours for HY and 17.22 hours for GA, with a mean difference of -0.18 hours (95% CI [-0.396, 0.034]). 
A Wilcoxon signed-rank test yielded consistent finding (p= 0.092). Although the difference did not reach the conventional 
0.05 significance threshold, the effect size was moderate (Cohen’s dz = - 0.53), suggesting a practically relevant tendency 
favoring the hybrid approach. 

Although GA requires less than one second of CPU time, the hybrid algorithm reaches up to 7 seconds due to its 
additional intensification and diversification mechanisms. However, since scheduling is performed per ship and the 
makespan is measured in hours, this difference practically negligible. Statistical results show comparable solution quality, 
while the hybrid algorithm demonstrates greater stability, justifying its slightly higher computational effort. 

6. CONCLUSION  

In this study, a two-level optimization framework for the Quay Crane Scheduling Problem was proposed to 
progressively bridge operational efficiency and ship stability considerations. At the bay level, flexible crane assignment was 
first investigated and compared with the port’s fixed strategy. The results showed that optimization through exact and 
metaheuristic approaches can reduce the makespan by up to 15%, highlighting the limitations of rigid operational splits. 

Building on these findings, the model was then extended to the tier level, where the unloading unit was redefined 
to provide finer operational control and better alignment with practical stability requirements. This second level preserves 
the operational realism of the port strategy while overcoming its inefficiency through a structured two-phase process. The 
proposed hybrid Firefly–Cuckoo Search Algorithm achieved statistically comparable solution quality to the genetic algorithm, 
while demonstrating greater consistency across runs. 

Although stability was handled implicitly in our formulation, explicit constraints remain beneficial in certain 
operational contexts, particularly when loading and unloading occur simultaneously and the ship’s center of gravity must be 
carefully monitored. Moreover, partial unloading operations often require container reallocation to preserve stability, which 
highlights the practical relevance of incorporating such constraints. 

Future work could extend the approach to jointly consider ships and trucks, leveraging the flexibility of tier-level 
and two-phase unloading strategies. However, since ships may be served by a variable number of cranes, scaling the 
framework would require more adaptive and robust scheduling approaches. 
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