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Abstract
High cargo dwell times significantly hamper maritime supply chain efficiency, particularly in high-throughput West African ports. This study investigates the impact of operational practices specifically berth allocation scheduling and container stacking design on cargo dwell time. Employing a quantitative, cross-sectional survey design, data were collected from 171 operational professionals across Nigeria’s Apapa and Onne Ports. Participants, selected via stratified random sampling, included berth planners, yard coordinators, and logistics managers to ensure representation across technical domains. Data were gathered using a validated 5-point Likert scale questionnaire and analyzed utilizing correlation and multiple linear regression analyses. The empirical findings reveal that both operational parameters exert a strong, statistically significant influence on cargo delays. Berth allocation scheduling demonstrated a strong positive relationship with cargo dwell time (r = .77, p < .001), accounting for 59.3% of the variance in regression models. Notably, container stacking design emerged as the most dominant predictor (r = .85, p < .001), explaining 73.8% of the variance in cargo delays. These results underscore the cascading interdependencies within terminal logistics, demonstrating that quayside inefficiencies inevitably exacerbate yard bottlenecks. The study concludes that port authorities must move beyond isolated operational fixes. Transitioning from static to dynamic, real-time berth allocation models and implementing advanced, algorithm-driven container stacking frameworks are structurally imperative. Integrating these critical operational nodes will substantially mitigate terminal congestion, reduce cargo dwell times, and enhance overall port competitiveness within global trade networks.
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INTRODUCTION

Nigeria is recognized as one of the largest economies in Africa, with an estimated population size of 200 million people. The country is the continent’s top crude oil exporter, a sector that continues to drive foreign exchange earnings despite volatility in global oil prices (World Bank, 2020; OPEC, 2022). Beyond hydrocarbons, Nigeria maintains substantial agricultural output, and ranks among the leading producers of cassava, yams, maize, sorghum, and cocoa (FAO, 2021; USDA, 2022). The scale of domestic demand, driven by its demographic size, also necessitates the large-scale importation of finished goods, machinery, and refined petroleum products (UNCTAD, 2022; IMF, 2023) and other related and non-related economic activities. Seaports play an indispensable role in facilitating these economic activities. They act as transit nodes and engines of development that anchor global trade and national growth. Scholars have emphasized their importance as gateways for the efficient movement of goods and as catalysts for industrial productivity and trade expansion (Notteboom & Rodrigue, 2022; UNCTAD, 2022). 
In Nigeria, the importance of seaport operations extends across all the sectors of the economy. These sectors depend heavily on ports for the importation of machinery, raw materials, and intermediate goods, as well as for the export of semi-processed and finished products that sustain external trade competitiveness (Akinyemi & Odumosu, 2021; Olayinka & Adesola, 2020). Scholars (Koroleva et al., 2020; Akinyemi & Odumosu, 2021) argue that ports serve as key nodes within integrated transport and logistics systems, and aid efficiency handling of cargo, storage, and intermodal transfers. These activities influence national productivity and global supply chain connectivity. The Lagos and Onne ports manage the bulk of containerized imports and exports and contributes meaningfully to the nation’s economic activity (Nigerian Ports Authority, 2022). 
While ports globally act as facilitators of trade, most Nigerian Ports have faced excessive congestion which has disrupted the seamless flow of cargo, and has created systemic inefficiencies (Adewumi et al., 2022). Studies indicates that vessels at Nigerian ports often remain docked for more than two weeks period which exceeds optimal operations (Nwokedi et al., 2021; Olawale et al., 2021) and sometimes, delays can exceed 21 days (Nigerian Shippers Council, 2020; Kuteyi & Winkler, 2022). These inefficiencies inflate logistics costs and hinder time-sensitive trade, therefore, create the need for more streamlined operations (Nigerian Economic Summit Group, 2021; Kuteyi & Winkler, 2022; Nwokedi et al., 2021) and also prolong vessel turnaround times, delayed berth, and prolonged cargo dwell times (Ugboma & Ugboma, 2018; Nwokedi et al., 2021). These inefficiencies undermine port productivity and reduce the competitiveness of national logistics systems (Oruwari, 2021; Nwachukwu et al., 2022).

According to the United Nations Conference on Trade and Development (UNCTAD, 2022), efficient port operations are key to achieving cost-effective trade logistics. There are scholarly evidences that an optimally functioning ports significantly reduce transaction costs, strengthen supply chain reliability, and enhance a country’s competitiveness in the global market (Wang et al., 2019; Lee & Song, 2012) and also, enhance global supply chain interdependence (Zhou et al., 2023; Wu & Zhang, 2021). In Nigeria, the Lagos and Onne ports serve as the major terminals for the flow of goods. The Lagos Port Complex comprises of the Apapa and Tin Can Island ports, is the largest and most significant maritime gateway in Nigeria, and handles about 70% of total cargo (Nigerian Ports Authority, 2022). On the other hand, Onne Port, located in the Niger Delta region is the hub for oil and gas-related activities and other general cargo (Nigerian Ports Authority, 2022). 
Studies (Imai et al., 2001; Wang et al., 2012; Christiansen et al., 2004; Carlo et al., 2015) have shown that effective berth allocation scheduling and container stacking design are key factors that can address port congestion and improving overall terminal efficiency. Berth allocation scheduling determines how and when vessels are assigned to available berths. According to Imai et al., (2001); Wang et al., (2012), inefficient berth assignment often results in vessel queuing and prolonged turnaround times. When appropriately managed, dynamic berth allocation models that incorporate vessel priorities, cargo types, and real-time traffic conditions have been shown to significantly reduce congestion and improve port throughput (Christiansen et al., 2004; Carlo et al., 2015). Similarly, container stacking design, which governs the arrangement of containers within the yard, directly influences cargo dwell time and yard productivity. Poorly planned stacking often results in excessive reshuffling, delays in retrieval, and inefficient use of storage space which compounds congestion challenges (Steenken et al., 2004; Vis & Koster, 2003). 
Research (Chen et al., 2013; Wen et al., 2024) found that the implementation of optimized stacking strategies and efficient berth allocation can streamline yard operations, minimize container retrieval delays, and reduce truck turnaround times. Scholars (Szozda, 2017; Lee & Song, 2012), also confirm that efficient port performance, particularly regarding yard management and stacking strategies, has a direct impact on the agility and resilience of supply chains. Hence, by drawing on the queuing theory, this study intends to examine how Berth Allocation Scheduling and Container Stacking Arrangement can influence Cargo Dwell Time. Although several studies have investigated the berth allocation problem (BAP) and container stacking challenges and its mathematical formulations, however, a lack of empirical analysis correlating specific berth allocation strategies directly with cargo dwell time reductions in Nigerian ports remains evident. Yu et al., (2023); and Li et al., (2023) suggest models for improved berth scheduling; however, they do not substantiate these with comprehensive data from operational contexts in Nigerian port activity (Yu et al., 2023; Li et al., 2023). Therefore, this study fills this gap by providing quantitative assessments of how various berth allocation and container stacking strategies can explicitly reduce dwell times using data from Nigerian terminals.
Theoretical Underpinning and Literature Review 

Queuing Theory (QT), (Erlang (1909), is the mathematical analysis of waiting lines. It focuses on the arrival, waiting time, and servicing of entities which includes vessels, trucks, or containers. QT uses probabilistic and stochastic models to evaluate systems where service demand temporarily exceeds available capacity. In Nigeria port logistics for example, queuing theory provides a robust framework for optimizing berth allocation, container stacking, and cargo dwell time. Nigerian ports frequently face vessel congestion due to limited berth capacity and poor coordination, which has often resulted in vessels queuing for service. Queuing models assist in vessel wait times minimization, enhanced berth utilization, and improved berth scheduling decisions (Imai et al., 2001; Wang et al., 2012).
Cargo Dwell Time 


Broadly speaking, the definition of dwelling time is not different from what is contained in other related logistics literature. Cargo dwell time (CDT) refers to the period that cargo, particularly containerized cargo, remains within a port terminal from the moment it is discharged from a vessel until it exits the port for delivery to its next destination (World Bank, 2007; UNCTAD, 2022). CDT can be measured in days or hours and is calculated as the average number of days a container spends within the terminal between vessel discharge and gate-out (Kunaka & Carruthers, 2014; Nwokedi, Okoro, & Anichebe, 2021). World Bank (2011) posit that port dwell time starts from when the cargo (containers) is being unloaded from the ship until the container itself is leaving the terminal through the main door (Myriam et al., 2017). CDT is influenced by a combination of operational, infrastructural, and institutional factors, including terminal yard capacity, customs clearance procedures, shipping line practices, and even consignee behavior regarding prompt cargo evacuation (Kuteyi & Winkler, 2022). Scholars emphasize that long dwell times are not always purely operational inefficiencies but sometimes deliberate practices. For instance, importers may use port yards as cheap storage alternatives due to inadequate inland warehousing capacity, thereby extending dwell times and distorting port efficiency indicators (Arvis et al., 2018; Raballand et al., 2012). Several studies (Santoso, 2025; Dai et al., 2023) have indicated that longer cargo dwell times increase storage and handling costs and negatively impact the integration of supply chain processes in maritime logistics.

Container Terminal Operations
Container terminal operations (CTO) occupy a prominent place in port logistic. They represent the set of coordinated activities that facilitate the transfer of containers between sea and land transport and ensures efficiency, reliability, and cost-effectiveness. Container terminal operations can be defined as the integrated system of processes through which vessels are serviced, containers are handled, stored, and transferred, and supporting activities such as customs clearance and gate operations are managed to sustain the flow of international trade (Steenken, Voß, & Stahlbock, 2004; Carlo, Vis, & Roodbergen, 2014). CTO involve the execution of tasks across the quayside, the yard, and the landside. On the quayside, berth allocation and crane scheduling dictate how vessels are received and how containers are transferred from ship to shore. In the yard, stacking design and container management practices regulate how containers are stored, reshuffled, and retrieved. On the landside, truck and rail scheduling coordinate the delivery and evacuation of containers to inland destinations (Vis & Koster, 2003; Chen, Langevin, & Lu, 2013). 
These operations are both technical and strategic in determining port competitiveness, supply chain agility, and national economic performance (Ng & Ducruet, 2014; Rodrigue & Notteboom, 2020). There are two basic container terminal operations. The first category focuses mainly on the planning and development of container terminals, which includes the studies of container terminal equipment, layout planning, implementation of information systems, and the automation of transport trucks (e.g., Alicke, 2002; Lokuge & Alahakoon, 2007; Roy & De Koster, 2012). The second category is concerned with solving problems associated with container terminal operations, such as the berth allocation problem, the quay crane allocation problem, human resource scheduling problems, strategies for stacking containers, strategies for using yard cranes, and rules for dispatching transport trucks using optimization models (e.g., Imai,  Nishimura, & Papadimitriou., 2001; Chen, Bostel, Dejax, Cai, & Xi, 2007; Imai et al., 2007; Said, Mahmoud, & El-Horbaty, 2014). Our focus in this study is on the second aspect of CTO. Recent studies (Cordeau et al., 2005; Carlo et al., 2014) poorly scheduled berths can create cascading yard congestion, while ineffective stacking can delay ship servicing and extend berth occupancy. Hence, combining advanced berth allocation models with intelligent stacking algorithms offers a holistic approach to cargo dwell time and congestion reduction.

Berth Allocation Scheduling and Cargo Dwell Time 

Birth berth allocation scheduling (BAS) focuses on the assignment of incoming vessels to specific berthing positions along a quay. It is also determining the order of service or handling times for these ships. Specifically, the objective of BAS is to maximize operational efficiency and the minimization of overall berth usage costs, throughput delays, and the associated conflicts between ships during the cargo handling process. The BAS has garnered considerable attention due to its complexity and the challenges associated with unpredictable vessel arrival times and varying cargo handling requirements (Cordeau et al., 2005; Rodríguez-Molins et al., 2014; Imai et al., 2003). Basically, there are two key components of BAS. First, the assignment of quay space, and second, the scheduling of service tasks for arriving vessels. A good berth allocation plan can be measured in terms of cost saving, total waiting time, total handling time or even total service time. The objective is to minimize the total weighted service time, which is the total time from a vessel's arrival at the port to the completion of its cargo operation (Cordeau et al., 2005; Rodríguez-Molins et al., 2014).
Zhen et al. (2011), Lee et al. (2012) and Lee and Jin (2013) emphasized that the berthing time and berthing position of arrival ships have great influence on container transit time in transshipment terminals. Hendriks, Laumanns, Lefeber, and Udding, (2010), Xu, Chen, and Quan, (2012); focused on robust berth scheduling methods to mitigate the impact of uncertain delay of vessel arrivals and fluctuation of handling time. Delays in assigning vessels to berths can result in prolonged handling times and increased dwell times for the cargo, which, in turn, affects overall port productivity (Xu et al., 2011; Umang et al., 2016). Moreover, studies reveal that integrating BAS with considerations for reducing cargo dwell time improves terminal throughput and also enhances the overall service quality offered to shipping companies and downstream customers (Ji et al., 2014; Qian et al., 2014). Efficient timely berthing significantly minimizes cargo dwell time, and improved operational effectiveness (He, 2023; Guo et al., 2021) and optimizes the overall workflow at the terminal (Wu et al., 2019; Qian et al., 2014).

Container Stacking Design and Cargo Dwell Time

It is the process of determining or deciding in real time (Günther, &, Kim, 2006), at the arrival of an imported or exported container, its exact location from the empty slots in order to make efficient its loading onto a ship, truck or train. Container stacking strategies are solution algorithms used to determine the storage position of each individual container, considering several operational constraints. In other words, stacking strategies are used to decide where to store newly arrived
containers. Containers are commonly stacked in sequence of their arrivals which can conflict with the retrieval sequence required by the ships’ stowage plans. Containers can be classified using different attributes such as weight, port of destination, length, being inbound or outbound and full or empty. 

A storage yard consists of several perpendicular or parallel ways to the berth called blocks. Each block is made up of a number of bays and each bay is composed of a certain number of rows (called also stacks) which are characterized by a number of tiers representing the stack height.  Several stacking rules (strategies) have been developed in the literature regarding container stacking and reshuffling. Container stacking rules are the strategies that are used in determining exact yard blocks, bays, and slots for incoming containers (Rekik & Elkosantini, 2019). According to Ma & Kim, (2012) and Rekik & Elkosantini, (2019) three categories of stacking rules exist, as explained below. (i) Block assignment rules, Bay assignment rules and Slot assignment rules. Regarding Block assignment rules, strategies are applied to determine suitable yard blocks such as dedicated area rule, different priorities on blocks for different berths rule, role separation of blocks rule, role separation of rows rule, role separation of bays rule, maximum number of internal trucks, and road trucks in a block rule and no restrictions rule (Rekik, Elkosantini, & Chabchoub, 2018b). 


On bay assignment rules, strategies are applied to determine suitable yard bays from pre-selected yard blocks such as concentrated location rule, sequence rule, and nearest location rule (Rekik et al., 2018b). Lastly, slot assignment rules involve the implementation of strategies to determine suitable yard slots from pre-selected yard bays and pre-selected yard blocks such as random rule, random stacking with departure times rule, leveling rule, maximum remaining stack height rule, and closest position rule (Rekik et al., 2018b). The efficiency and effectiveness of each rule varies from terminal to terminal (van Asperen, Borgman, & Dekker, 2013). According to Ma and Kim (2012), a stacking rule may be related to the selection of a block, a bay, or a stack while container shuffling is done based on several characteristics with respect to containers (size, type, port of the destination, etc.) and storage yard (capacity, stacking heights, safety distances, etc.) (Rekik, Elkosantini, & Chabchoub, 2015a). This study defines container stacking and reshuffling in line with Günther and Kim, (2006) who stated that it is the process of determining or deciding in real time, at the arrival of an imported or exported container, its exact location from the empty slots in order to make efficient its loading onto a ship, truck or train.


Methodology

This study employs a quantitative, cross-sectional survey design. A quantitative, cross-sectional survey design is appropriate for examining the relationship between operational practices in container terminals, specifically berth allocation scheduling and container stacking design, and its relationship with cargo dwell time. The study is cross-sectional because data was collected at a single point in time which enabled the identification of current operational inefficiencies and their impact on cargo dwell metrics. The target population is the operational personnel in Apapa Port (Lagos Port Complex and Tin Can Island terminals) and Onne Port in Rivers State. These ports were purposively selected due to their high container throughput, and congestion related challenges. Together, they process over 70% of Nigeria’s containerized cargo. The accessible population are berth planners, marine operations officers, terminal supervisors, logistics managers, customs officers, and container yard coordinators. Based on port authority data, an estimated 300 professionals are actively engaged in relevant operational roles across the two ports. Using the stratified random sampling technique, the study used 171 participants from different functional departments (berth operations, stacking yard management, and cargo clearance units). According to Hair et al., (2010) stratified random sampling ensures representativeness across technical domains, reduction in sampling error, and ensures alignment with the multivariate analytical needs of the study. The constructs (berth allocation scheduling, container stacking design, and cargo dwell time) were developed using a structured questionnaire on a five-point Likert scale ranging from 1 (“strongly disagree”) to 5 (“strongly agree”). Statement items on berth allocation scheduling, stacking design, and cargo dwell time were adapted from validated instruments in port operations literature (e.g., Wang et al., 2012; Wen et al., 2024) and refined through expert input to reflect the Nigerian context. Face and content validation were used in instrument development. Face validity was established via expert review from port logistics senior practitioners from the Nigerian Ports Authority. Content validity was ensured through alignment with theoretical constructs drawn from queuing theory and port terminal logistics frameworks (e.g., Imai et al., 2001; Talley, 2009). On the other hand, construct validity was examined through exploratory factor analysis (EFA) using principal component extraction, and the factor loaded ≥0.50 as the retention threshold. Reliability analysis was conducted using Cronbach’s alpha at a minimum threshold of 0.70. Data analysis was carried out with Pearson’s correlation coefficient to identify the strength and direction of bivariate relationships among the constructs, while multiple linear regression analysis was conducted to assess the predictive influence of berth allocation scheduling and container stacking design on cargo dwell time (e.g., Zheng et al., 2013; Yeo et al., 2015).
Table 1- Table 1. Demographic Characteristics of the Respondents by Age, Work Experience, and Educational Level
	Category Type
	Category
	Frequency
	Percentage

	Age
	21–30
	30
	17.54

	
	31–40
	50
	29.24

	
	41–50
	40
	23.3

	
	50 and above
	51
	29.92

	
	Total 
	171
	100

	Experience
	Less than 1 year
	20
	11.7

	
	1–2 years
	40
	23.39

	
	3–5 years
	60
	35.09

	
	Over 5 years
	51
	29.82

	
	Total 
	171
	100

	Education
	No formal education
	10
	5.85

	
	Primary
	30
	17.54

	
	Secondary
	50
	29.24

	
	Tertiary
	81
	47.37

	
	Total 
	171
	100



Table 1 shows that of the 171 respondents, in the age category, 30 (17.54%) are 21–30 years old, 50 (29.24%) are 31–40 years old, 40 (23.30%) are 41–50 years old, and 51 (29.92%) are 50 and above. In terms of experience, 20 (11.70%) have less than 1 year, 40 (23.39%) have 1–2 years, 60 (35.09%) have 3–5 years, and 51 (29.82%) have over 5 years. Regarding education, 10 (5.85%) have no formal education, 30 (17.54%) have primary education, 50 (29.24%) have secondary education, and 81 (47.37%) have tertiary education.

Berth Allocation Scheduling and Cargo Dwell Time 
Table 2 Correlation analysis Berth Allocation Scheduling and Cargo Dwell Time 
	
	Berth Allocation Scheduling
	Cargo Dwell Time

	Spearman's rho
	Berth Allocation Scheduling
	Correlation Coefficient
	1.000
	.77**

	
	
	Sig. (2-tailed)
	.
	.000

	
	
	N
	171
	171

	
	Cargo Dwell Time
	Correlation Coefficient
	.77**
	1.000

	
	
	Sig. (2-tailed)
	.000
	.

	
	
	N
	171
	171



The table shows that there is a strong, positive, and statistically significant correlation between Berth Allocation Scheduling and Cargo Dwell Time (Spearman's rho = .77, p = .000) for the 171 cases analyzed.
Regression analysis
	List 1-Model Summary

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate

	1
	.770a
	.593
	.637
	20.61728



The table shows the model summary where the multiple correlation coefficient ($R$) is .770, indicating a strong relationship. The $R^2$ value is .593, meaning that 59.3% of the variance in the dependent variable can be explained by the independent variable(s) in the model. Additionally, the adjusted $R^2$ is .637, and the standard error of the estimate—which represents the average distance that the observed values fall from the regression line—is 20.61728.



Container Stacking Design and Cargo Dwell Time
Table 3 Correlation analysis on Container Stacking Design and Cargo Dwell Time
	. 
	Container Stacking Design
	Cargo Dwell Time

	Spearman's rho
	Container Stacking Design
	Correlation Coefficient
	1.000
	.85**

	
	
	Sig. (2-tailed)
	.
	.000

	
	
	N
	171
	171

	
	Cargo Dwell Time
	Correlation Coefficient
	.85**
	1.000

	
	
	Sig. (2-tailed)
	.000
	.

	
	
	N
	171
	171



The table shows that there is a strong, positive, and statistically significant correlation between Container Stacking Design and Cargo Dwell Time (Spearman's rho = .85, p = .000) for the 171 cases analyzed.
Regression Analysis
	List 2-Model Summary

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate

	1
	.859a
	.738
	.702
	17.59735



The table shows the model summary where the multiple correlation coefficient ($R$) is .859, indicating a very strong relationship. The $R^2$ value is .738, meaning that 73.8% of the variance in the dependent variable can be explained by the independent variable(s) in the model. Additionally, the adjusted $R^2$ is .702, and the standard error of the estimate is 17.59735.

Discussion of Findings 
Berth Allocation Scheduling and Cargo Dwell Time
This study found that Berth Allocation Scheduling has a strong, positive, and statistically significant relationship with Cargo Dwell Time (r = .77, p = .000). The regression analysis further established that berth scheduling accounts for 59.3% of the variance observed in cargo delays (R2 = .593). These findings are in line with that of Xu, Chen, and Quan (2012), who demonstrated that advanced berth allocation planning is critical to mitigating handling time delays in port operations. Furthermore, this aligns with the work of Qian, He, and Wang (2014) and He (2023), who established that the dynamic optimization of berth assignments directly influences operational congestion and cargo processing times. Similar conclusions regarding the interdependency of berth scheduling and vessel turnaround performance within Nigerian seaport terminals were drawn by Olawale, Adesanya, and Babalola (2021) and Nwokedi, Okoro, and Anichebe (2021).
Container Stacking Design and Cargo Dwell Time
This study found that Container Stacking Design has a very strong, positive, and statistically significant impact on Cargo Dwell Time (r = .85, p = .000). The model summary indicates that stacking design is a primary predictor, explaining 73.8% of the variance in how long cargo remains at the terminal (R2 = .738). These findings are in line with that of van Asperen, Borgman, and Dekker (2013) and Ma and Kim (2012), who highlighted that the operational rules governing container storage fundamentally determine retrieval efficiency and yard delays. Additionally, this corroborates the conclusions of Rekik and Elkosantini (2019) and Zheng, Liu, and David (2013), whose empirical analyses demonstrated that container stacking frameworks and reshuffling mechanics drastically dictate dwell time dynamics. Broadly, the substantial impact of yard management on overall terminal logistics is consistent with the integrated optimization frameworks presented by Ji, Wu, and He (2014) and Carlo, Vis, and Roodbergen (2014).
Conclusion
This study investigated the critical determinants of cargo dwell time within port operations, focusing specifically on the impacts of berth allocation scheduling and container stacking design. The empirical analysis revealed that both operational parameters exert a strong, statistically significant influence on cargo delays. While berth allocation scheduling proved to be a major factor in predicting turnaround times, container stacking design emerged as the most dominant variable, accounting for nearly three-quarters of the variance in how long cargo remains at the terminal. These results underscore the intricate interdependencies within maritime terminal logistics. Delays at the quayside due to rigid or inefficient berth planning inevitably cascade into the yard. Conversely, poorly organized or suboptimal stacking arrangements directly hinder the retrieval and dispatch processes, compounding overall port congestion.
Recommendations
Based on the findings, the study recommend that;
1. Port authorities should transition from static scheduling to dynamic, real-time berth allocation models to mitigate quayside bottlenecks and improve initial vessel processing efficiency.
2. Terminal management must implement advanced, algorithm-driven container stacking frameworks to minimize unnecessary cargo reshuffling and significantly expedite yard retrieval processes.
3. Future empirical research should explore the integration of machine learning and predictive analytics to proactively forecast and mitigate cargo dwell times under fluctuating operational constraints.
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