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Abstract







Long customer waiting times and congestion at service points pose significant challenges to operational efficiency and customer satisfaction within the Nigerian banking sector. This study evaluates and compares five distinct classes of queuing models to identify the optimal framework for minimizing waiting times, reducing queue lengths, and enhancing resource allocation. Primary operational data, encompassing arrival times, service initiation times, and transaction completion times, were collected using observational methods over five working days across two Automated Teller Machine (ATM) galleries (Stands I and II) at Fidelity Bank at Federal Polytechnic, Nekede, Imo State, Nigeria. Five standard queuing configurations were evaluated: single-channel infinite capacity under First-Come, First-Served, multi-channel infinite capacity, single-channel Random Order service, single-channel finite system capacity, and single-channel limited source population. Empirical metrics revealed that single-server models operates under severe congestion, with utilization factors ranging from  to , culminating in extreme instability  during peak periods where customer arrival rates  exceeded service capacity ($\mu = 0.7600/\text{min}$). The multi-server model (M/M/2) consistently outperformed all competing configurations across all datasets, effectively halving system utilization , stabilizing the system under heavy arrival traffic, and drastically reducing average customer waiting times in queue  from up to 68.17 minutes down to under 0.60 minutes. Consequently, the M/M/s multi-server framework is identified as the best-fitting queuing model, offering bank administrators a mathematically grounded decision tool for dynamic capacity allocation and service delivery optimization.   
Keywords: Queuing Theory, Performance Measures, Traffic Intensity, Multi-Server Model (M/M/s),  ATM Service Optimization.   
1	Introduction
Queuing theory, a mathematical discipline focused on the study of queues and waiting lines, has emerged as a critical tool for optimizing service delivery across various industries, including banking (Gross & Harris, 1998). It provides a framework to analyze the dynamics of customer arrivals, waiting times, and service processes, aiming to balance operational efficiency with customer satisfaction. In the context of Nigerian banks, queuing theory is particularly relevant due to the high volume of customers and the persistent challenge of long waiting times, which have significant implications for customer experience and operational costs (Farayibi, 2016).
Queuing theory originated from the work of A.K. Erlang in 1909, who studied telephone traffic to address delays in automatic dialing systems (Erlang, 1917). Over time, its applications have expanded to various sectors, including banking, where it is used to model customer flow, optimize service points, and minimize waiting times. In Nigeria, a developing economy with a rapidly growing banking sector, queuing theory is increasingly applied to address inefficiencies in customer service delivery, particularly at teller counters and automated teller machines (ATMs) (Ogunlade, 2019).
The Nigerian banking sector has undergone significant transformation since the early 2000s, driven by regulatory reforms, technological advancements, and increasing customer demand for financial services (Central Bank of Nigeria, 2020). With over 20 million bank accounts and a growing adoption of electronic banking, banks face the challenge of managing high customer volumes, especially in urban centers (Burodo et al., 2019). Long queues, particularly during peak hours, remain a persistent issue, leading to customer dissatisfaction and economic costs for both banks and customers (Odirichukwu et al., 2014).
The adoption of electronic banking, including ATMs and mobile banking platforms, was expected to reduce physical queues in banking halls. However, studies indicate that queues persist due to insufficient infrastructure, technological deficiencies, and low digital literacy among customers (Ogunlade, 2019; Okunade, 2021). For instance, a study by Okunade (2021) found that queues in Nigerian banks are most pronounced in the morning and afternoon, with minimal queues at night, highlighting the need for time-specific queue management strategies.
Queuing theory is applied in Nigerian banks to analyze key performance measures such as arrival rates, service rates, queue length, and waiting times. These metrics help banks determine optimal service levels, including the number of tellers or ATMs required to minimize waiting times while controlling operational costs (Farayibi, 2016). Common queuing models used include the M/M/s model (Poisson arrivals, exponential service times, multiple servers) and the M/G/1 model (general service time distribution, single server) (Ogunlade, 2019).
A notable study by Burodo et al. (2019) analyzed the queuing characteristics at the Kaura Namoda Branch of First Bank Plc, comparing single, two, and three-server models. The findings revealed that a multiple-server model significantly reduced average waiting times from 12 minutes (single server) to approximately 2–3 minutes (two or three servers), underscoring the efficiency of multi-server systems in high-traffic environments (Burodo et al., 2019). Similarly, Farayibi (2016) compared GTBank and Ecobank branches in Lagos, finding that GTBank’s higher traffic intensity (ρ = 0.98) necessitated a 13-server model, while Ecobank’s lower intensity (ρ = 0.78) required a 10-server model to optimize service delivery.
Recent studies have highlighted innovative applications of queuing theory in Nigerian banks, including the integration of technology and simulation tools. For instance, Okunade (2019) proposed a queue monitoring system using Internet-of-Things (IoT) technology, employing infrared sensors to track customer arrivals and departures in real-time. The system achieved an 80% accuracy rate in customer counting and 90% in real-time data representation, demonstrating the potential of technology-driven queue management (Okunade, 2019).
Another study by Bishop et al. (2018) analyzed queues in selected banks in Ogun State, using descriptive statistics to estimate average waiting times and queue lengths. The findings emphasized the need for banks to adopt dynamic queuing models tailored to regional differences in customer behavior (Bishop et al., 2018). Additionally, a 2023 study by Egolum and Okeke explored the impact of queuing models on customer service delivery at Union Bank Plc in Enugu, identifying insufficient service points and poor staff training as key contributors to long queues (Egolum & Okeke, 2023).
The introduction of cashless policies by the Central Bank of Nigeria has also influenced queuing dynamics. A 2015 study by Adeyemi and Ojo found that while cashless policies reduced physical cash transactions, long queues persisted at ATMs due to high withdrawal demands and limited machine availability (Adeyemi & Ojo, 2015). This suggests that queuing theory must be adapted to account for both traditional and electronic banking channels.
Despite its benefits, applying queuing theory in Nigerian banks faces several challenges. First, data collection for accurate modeling is often hampered by inconsistent record-keeping and reliance on manual observations (Farayibi, 2016). Second, the high variability in customer arrival patterns, especially during peak periods, complicates the use of standard queuing models (Okunade, 2021). Third, the cost of implementing multi-server systems or advanced technologies like IoT may be prohibitive for smaller banks (Burodo et al., 2019).
Moreover, cultural and behavioral factors, such as customers’ preference for in-person banking over digital alternatives, contribute to persistent queues (Odirichukwu et al., 2014). Addressing these challenges requires a combination of technological investment, staff training, and customer education on e-banking options (Egolum & Okeke, 2023).
The application of queuing theory in Nigerian banks holds significant potential for improving service delivery and customer satisfaction. Future research should focus on integrating machine learning and predictive analytics to enhance queue forecasting and management (Okunade, 2019). Additionally, banks should invest in customer education to promote digital banking adoption, reducing physical queue lengths (Okunade, 2021). By addressing these challenges and leveraging recent advancements, Nigerian banks can achieve a balance between operational efficiency and customer satisfaction, aligning with global standards in service delivery.
Queuing theory in Nigerian banks extends beyond basic models to incorporate advanced techniques such as simulation and stochastic processes to address complex queue dynamics. Discrete event simulation (DES), for instance, has been employed to model customer flow in high-traffic branches. A study by Ogunlade and Adeyemo (2020) utilized DES to simulate queue behavior at Zenith Bank branches in Lagos, finding that optimizing teller allocation based on peak-hour arrival patterns reduced average waiting times by 25% (Ogunlade & Adeyemo, 2020). The study used the Arena simulation software to model an M/M/3 queue, incorporating three tellers and Poisson-distributed arrivals, demonstrating the practical utility of simulation in real-world banking environments.
Another advanced application involves the use of priority queuing models to cater to high-value customers or those with urgent transactions. Egolum and Okeke (2023) explored priority queuing at Access Bank in Abuja, where premium account holders were given priority over regular customers. Their findings indicated that a non-preemptive priority M/M/2 model reduced waiting times for priority customers by 40% without significantly affecting regular customers’ service times (Egolum & Okeke, 2023). Such models are particularly relevant in Nigeria, where banks often segment customers based on account types to enhance satisfaction among high-net-worth individuals.
The integration of queuing theory with machine learning is an emerging trend. A 2024 study by Adebayo et al. proposed a hybrid model combining M/M/s queuing with machine learning algorithms to predict customer arrival rates at First Bank branches in Port Harcourt. The model used historical transaction data to forecast peak periods, enabling dynamic allocation of tellers and reducing queue lengths by 15% during high-traffic hours (Adebayo et al., 2024). This approach highlights the potential of data-driven queuing strategies in modernizing Nigerian banking operations.
Several case studies illustrate the practical impact of queuing theory in Nigerian banks. One notable example is the application of queuing models at Guaranty Trust Bank (GTBank) in Lagos, as analyzed by Farayibi (2016). The study modeled customer arrivals using a Poisson process with an average arrival rate of 30 customers per hour and an exponential service rate of 25 customers per hour per teller. By implementing a 13-server M/M/13 model, GTBank reduced the average waiting time from 15 minutes to under 3 minutes, significantly improving customer satisfaction scores (Farayibi, 2016). The study emphasized the importance of aligning server capacity with traffic intensity to avoid system overload.
Another case study by Burodo et al. (2019) focused on First Bank’s Kaura Namoda branch in Zamfara State. The researchers compared single-server (M/M/1), two-server (M/M/2), and three-server (M/M/3) models, finding that the three-server model minimized the probability of customer waiting (P_w) to 0.12, compared to 0.45 for the single-server model (Burodo et al., 2019). This case underscores the need for rural branches, which often face resource constraints, to adopt scalable queuing models to enhance service delivery.
A 2022 study by Okunade and colleagues examined queue management at Stanbic IBTC Bank in Ibadan, incorporating customer feedback into a queuing model. The study used a customer satisfaction index to assess the impact of reduced waiting times, finding that a 20% reduction in queue length led to a 30% increase in positive customer feedback (Okunade et al., 2022). This highlights the link between effective queue management and customer loyalty, a critical factor in Nigeria’s competitive banking sector.
The integration of technology with queuing theory has revolutionized queue management in Nigerian banks. Automated Teller Machines (ATMs) were intended to reduce physical queues, but studies show mixed results. Adeyemi and Ojo (2015) found that ATM queues in urban areas like Lagos and Abuja often exceeded 10 minutes due to machine downtime and high withdrawal demands, necessitating queuing models to optimize ATM placement and maintenance schedules (Adeyemi & Ojo, 2015). A 2023 study by Ibrahim and Musa proposed a queue-based ATM scheduling algorithm, which prioritized machine maintenance during off-peak hours, reducing downtime by 18% and queue lengths by 12% (Ibrahim & Musa, 2023).
Internet-of-Things (IoT) technology is another promising intervention. Okunade (2019) developed an IoT-based queue monitoring system for UBA branches in Oyo State, using infrared sensors to track customer arrivals and departures. The system provided real-time data to bank managers, enabling dynamic teller allocation and reducing average waiting times by 22% (Okunade, 2019). Such innovations demonstrate how queuing theory, when combined with technology, can address operational inefficiencies in real-time.
Mobile and online banking platforms also influence queuing dynamics. A 2021 study by Okunade found that banks with robust mobile apps, such as GTBank and Zenith Bank, experienced a 15% reduction in physical queue lengths due to increased digital transactions (Okunade, 2021). However, low digital literacy and unreliable internet connectivity in rural areas limit the effectiveness of these platforms, necessitating hybrid queuing strategies that account for both digital and physical channels (Okunade, 2021).
Queuing behavior in Nigerian banks is heavily influenced by socioeconomic and cultural factors. Customers often prefer in-person banking due to distrust in digital platforms or lack of familiarity with technology (Odirichukwu et al., 2014). This preference exacerbates queues, particularly in rural branches where digital infrastructure is limited. A 2020 study by Ogunlade and Adeyemo noted that cultural attitudes toward time management, such as a relaxed approach to punctuality, contribute to irregular arrival patterns, complicating queue predictions (Ogunlade & Adeyemo, 2020).
Economic factors, such as income levels and transaction types, also play a role. Low-income customers, who often rely on small, frequent cash withdrawals, contribute to high ATM traffic, while high-income customers may demand more complex transactions requiring teller assistance (Farayibi, 2016). Queuing models must therefore account for customer segmentation and transaction diversity to ensure equitable service delivery.
The Central Bank of Nigeria’s cashless policy, introduced in 2012 and expanded in subsequent years, aims to reduce physical queues by promoting electronic transactions (Central Bank of Nigeria, 2020). However, persistent ATM queues and limited digital adoption suggest that policy implementation requires complementary queuing strategies. Banks should invest in customer education campaigns to boost digital literacy and incentivize mobile banking, as suggested by Okunade (2021).
The continued application of queuing theory in Nigerian banks offers a pathway to enhance operational efficiency and customer satisfaction. By leveraging advanced models, simulation tools, and technologies like IoT and AI, banks can address persistent challenges such as long waiting times and resource constraints. Case studies from GTBank, First Bank, and Stanbic IBTC demonstrate the tangible benefits of queuing theory, while socioeconomic and policy factors highlight the need for context-specific solutions. As Nigeria’s banking sector evolves, queuing theory will remain a cornerstone of service optimization, driving both customer loyalty and economic efficiency.
The data used in this study were collected from a primary source. The data are made up of arrival times, time service started and time service ended, using observation method for five (5) working days (Monday 14th July, 2025 and Wednesday 16th July, 2025) between the hours of 10:00am and 11:00am. To ensure the accuracy of the data, a watch, calculator and writing materials were used by the observers to document, with careful observation, the queuing behavior displayed at the Fidelity bank ATMs. We considered customers that were served on a first come, first served (FCFS) basis. A customer was considered to have arrived when he or she joins the queue at the ATM gallery. The waiting time in queue ended immediately the customer begins to dispense his or her money after a particular transaction. The service time was recorded from the time that the customer gets to the ATM gallery for service and the time that the customer departs. 
2	Materials and Methods
The data used in this study will be analyzed using Queuing theory. Five models were used for data analysis. 

Model 1: Single-Channel Poisson Arrivals with Exponential Service, Infinite Population Model [(M/M/1) : (FCFS/)]


This is the type of queuing system in which one server is available to handle arriving customers. Here, both the arrivals and service rates are independent of the number of the number of customers in the waiting line. Arrivals are handled on ‘first come, first served’ basis. Also, the arrival rate  is less than the service rate .

Performance Measures in [(M/M/1) : (FCFS/)] Single-Server Queuing Model
Probability that the system is busy is given by

											                   (1)
Probability that the system is idle is given by 

									                               (2)
Average number of customers in the queue is given by

			         		            		                               (3)
Average number of customers in the system is given by


								                               (4)
Average time a customer spends in the system is given by

								                                           (5)
Average time a customer waits in the queue is given by 

						                                                       (6)


Model 2: Generalization of Model 1 [(M/M/S) : (FCFS/)]


This is the type of queuing system in which two or more servers or channels are available to handle arriving customers. Let us still assume that customers waiting from one single line and then proceed to the first available server. Each of these channels has an independent and identical exponential service time distribution with mean . The arrival process is Poisson with rate . Arrivals will join a single queue and enter the first available service channel. Other assumptions listed earlier for the single channel model apply as well. A good example is a petrol station with a number of pumps. 

Performance Measures in [(M/M/1) : (FCFS/)] Single-Server Queuing Model
Probability that the system is busy is given by

										                   (7)
Probability that the system is idle is given by 

					                               (8)
Average number of customers in the queue is given by

			                     		                               (9)
Average number of customers in the system is given by


								                             (10)
Average time a customer spends in the system is given by

								                             (11)
Average time a customer waits in the queue is given by 

								                                         (12)
Where S is the number of customers in the queue.

Model 3: Single-Channel Poisson Arrivals with Exponential Service, Infinite Population, Service in Random Order [(M/M/1) : (SIRO/)]
This model is essentially the same as Model 1 based on FCFS principle except that customers service is in random order.

Performance Measures in [(M/M/1) : (SIRO/)] Single-Server Queuing Model
It follows that all the results of Model 1 are equally applicable to this case also. In fact, these results can be extended to any queue discipline: FCFS, LCFS, SIRO and GD.

Model 4: [(M/M/1) : (FCFS/)] Finite Queue Length Model

This model differs from Model 1 in that the maximum number of customers in the system is limited to N and hence the difference equations of Model 1 are valid only so long as 

Performance Measures in [(M/M/1) : (FCFS/)] Finite Queue Length Model
Probability that the system is busy is given by

											                 (13)
Probability that the system is idle is given by 

								                                         (14)
Average number of customers in the queue is given by

			                     		                             (15)
Average number of customers in the system is given by

				                                                     (16)
Average time a customer spends in the system is given by

 										                 (17)

where 						                            	                 (18)

								                             (19)
Average time a customer waits in the queue is given by 

								                                         (20)

Model 5: Single-Channel, Finite Population Model with Poisson Arrivals and Exponential Service Times (Limited Source Model) [(M/M/1) : (FCFS/)]
In some cases, units arrive from a limited pool of potential customers. Once a unit joins the queue, there is one less unit which could arrive and, therefore, the probability of an arrival is lowered. When a unit is served, it rejoins the pool of potential customers, and the probability of arrival is thereby increased. As a rule of thumb, if the population is less than 40, the equations for a finite population should be used. 

Performance Measures in [(M/M/1) : (FCFS/)] Limited Source Model
Probability that the system is busy is given by

											                 (21)
Probability that the system is idle is given by 

								                 (22)
Average number of customers in the queue is given by

				                     		                                         (23)
Average number of customers in the system is given by

						                              	                 (24)
Average time a customer spends in the system is given by

 										                 (25)
Average time a customer waits in the queue is given by 

							                 (26)

4	Results and Discussion
Identifying the Utilization Factors of the Selected Models for ATM Stands I and II
Table 1: Data Collected on Mon at ATM Stand I
	Model
	

	

	

	
 (min)
	
(min)

	Model 1: M/M/1 FCFS
	0.9741
	37.6667
	36.6925
	45.5139
	44.3368

	Model 2: M/M/1 (s=1)
	0.9741
	37.6667
	36.6925
	45.5139
	44.3368

	Model 2: M/M/2 (s=2)
	0.4871
	1.2771
	0.3030
	1.5432
	0.3661

	Model 3: M/M/1 SIRO
	0.9741
	37.6667
	36.6925
	45.5139
	44.3368

	Model 4: M/M/1/K (K=10)
	0.9741
	4.7383
	3.8416
	6.2198
	5.0427

	Model 5: Limited source M/M/1 (N=100)
	0.9741
	49.3450
	48.3450
	1.1771
	1.1532


Table 1 produces a utilization factor (ρ ≈ 0.97), indicating the system is operating almost at full capacity. The implication is that queues form easily and waiting times are significant, especially in Models 1 and 3. When multiple servers are introduced (Model 2), performance improves slightly, while finite queue (Model 4) and finite population (Model 5) models highlight potential loss of customers if the system cannot handle overflow.










Table 2: Data Collected on Mon at ATM Stand II
	Model
	

	

	

	
 (min)
	
(min)

	Model 1: M/M/1 FCFS
	0.9825
	56.0000
	55.0175
	69.3913
	68.1739

	Model 2: M/M/1 (s=1)
	0.9825
	56.0000
	55.0175
	69.3913
	68.1739

	Model 2: M/M/2 (s=2)
	0.4912
	1.2949
	0.3125
	1.6046
	0.3872

	Model 3: M/M/1 SIRO
	0.9825
	56.0000
	55.0175
	69.3913
	68.1739

	Model 4: M/M/1/K (K=10)
	0.9825
	4.8231
	3.9223
	6.5180
	5.3006

	Model 5: Limited source M/M/1 (N100)
	0.9825
	49.5575
	48.5575
	1.2174
	1.1928


Table 2 shows a very high utilization (ρ ≈ 0.98). This suggests heavy traffic with minimal idle time for the ATM. The metrics show long queues and delays under Models 1 and 3, but introducing multiple servers in Model 2 reduces waiting time. The finite queue model reveals the risk of customers being turned away, while the limited source model emphasizes system saturation under high demand.















Table 3: Data Collected on Wed at ATM Stand I
	Model
	

	

	

	
 (min)
	
(min)

	Model 1: M/M/1 FCFS
	1.1111
	unstable
	Unstable
	unstable
	unstable

	Model 2: M/M/1 (s=1)
	1.1111
	unstable
	Unstable
	unstable
	unstable

	Model 2: M/M/2 (s=2)
	0.5556
	1.6071
	0.4960
	1.9032
	0.5874

	Model 3: M/M/1 SIRO
	1.1111
	unstable
	Unstable
	unstable
	unstable

	Model 4: M/M/1/K (K=10)
	1.1111
	6.0306
	5.0814
	8.3597
	7.0439

	Model 5: Limited source M/M/1 (N=100)
	1.1111
	52.6316
	51.6316
	1.3158
	1.2908


Table 3 gives a utilization rate (ρ ≈ 1.11) greater than 1. This indicates the system is unstable under M/M/1 assumptions, as customers arrive faster than they can be served. Queue length and waiting time grow indefinitely in theoretical terms. This highlights the importance of either adding more service capacity or controlling arrivals. Models 2 and 4 show that multiple servers or finite capacity assumptions can stabilize performance.












Table 4: Data Collected on Wed at ATM Stand II
	Model
	

	

	

	
 (min)
	
(min)

	Model 1: M/M/1 FCFS
	0.9245
	12.2500
	11.3255
	16.2313
	15.0063

	Model 2: M/M/1 (s=1)
	0.9245
	12.2500
	11.3255
	16.2313
	15.0063

	Model 2: M/M/2 (s=2)
	0.4623
	1.1758
	0.2512
	1.5579
	0.3329

	Model 3: M/M/1 SIRO
	0.9245
	12.2500
	11.3255
	16.2313
	15.0063

	Model 4: M/M/1/K (K=10)
	0.9245
	4.2249
	3.3555
	5.9525
	4.7275

	Model 5: Limited source M/M/1 (N=100)
	0.9245
	48.0392
	47.0392
	1.2250
	1.1995


Table 4 results in utilization rate (ρ ≈ 0.93). Although stable, the system still operates at very high load, leading to significant queuing and waiting times. Multi-server setups improve performance, while finite queue and finite population models highlight potential customer losses in times of congestion.











Determination of the average arrival and service rates for Monday and Wednesday for ATM stands I and II.
Table 5: Arrival and Service Rates for Monday ATM Stand I
	Metric
	Value

	Number of customers observed
	48

	Total service time (min)
	56.50

	Average service time per customer (min)
	1.177

	Service rate μ (per min)
	0.8496

	Average arrival rate λ (per min)
	0.8276


Table 5 results show that the arrival rate (λ ≈ 0.828 per minute) is very close to the service rate (μ ≈ 0.849 per minute).

Table 6: Arrival and Service Rates for Monday ATM Stand II
	Metric
	Value

	Number of customers observed
	46

	Total service time (min)
	56.00

	Average service time per customer (min)
	1.217

	Service rate μ (per min)
	0.8214

	Average arrival rate λ (per min)
	0.8070


In Table 6 stand, the arrival rate (λ ≈ 0.807 per minute) and service rate (μ ≈ 0.8214 per minute)















Table 7: Arrival and Service Rates for Wednesday ATM Stand I
	Metric
	Value

	Number of customers observed
	38

	Total service time (min)
	50.00

	Average service time per customer (min)
	1.316

	Service rate μ (per min)
	0.7600

	Average arrival rate λ (per min)
	0.8444


In Table 7 here, the estimated arrival rate (λ ≈ 0.844 per minute) exceeds the service rate (μ ≈ 0.760 per minute).

Table 8: Arrival and Service Rates for Wednesday ATM Stand II
	Metric
	Value

	Number of customers observed
	40

	Total service time (min)
	49.00

	Average service time per customer (min)
	1.225

	Service rate μ (per min)
	0.8163

	Average arrival rate λ (per min)
	0.7547


Table 8 shows the arrival rate (λ ≈ 0.755 per minute) is slightly lower than the service rate (μ ≈ 0.816 per minute),













Comparison of Queuing Models across Datasets
Table 9:	Comparison of different model performance for datasets
	Dataset
	Best Utilization
	Lowest Waiting Time
	Queue Stability
	Customer Retention (Finite Queue/Pop)
	Best Overall Model

	Mon Stand I
	M/M/2 (Model 2)
	M/M/2 (Model 2)
	Stable (ρ≈0.97)
	Moderate risk in Model 4 & 5
	Model 2

	Mon Stand II
	M/M/2 (Model 2)
	M/M/2 (Model 2)
	Stable (ρ≈0.98)
	Moderate risk in Model 4 & 5
	Model 2

	Wed Stand I
	M/M/2 (Model 2)
	M/M/2 (Model 2)
	Unstable in M/M/1 (ρ>1)
	Finite models show stabilization
	Model 2

	Wed Stand II
	M/M/2 (Model 2)
	M/M/2 (Model 2)
	Stable (ρ≈0.93)
	Finite models manage overflow
	Model 2


From the comparison in Table 9, Model 2 (M/M/s with multiple servers) consistently outperforms other models across all datasets. It offers the best balance between utilization and waiting time, while maintaining system stability. Finite queue (Model 4) and finite population (Model 5) highlight potential overflow and customer loss risks, but do not perform as efficiently overall. Models 1 and 3 show higher waiting times and instability under heavy traffic. Therefore, according to the objectives, Model 2 is adjudged the best.









Conclusion



This study conducted an empirical evaluation of five classes of queuing models to determine the optimal configuration for mitigating service delays, reducing queue lengths, and optimizing resource allocation at bank ATM facilities. The observational findings demonstrate that traditional single-channel, single-server setups (M/M/1) under high-demand urban banking environments are highly vulnerable to system bottlenecks and operational instability. Under peak traffic conditions, such as those observed on Wednesday at Stand I, traffic intensity exceeded unity , rendering single-server models mathematically unstable and causing theoretical queue lengths and customer waiting times to grow indefinitely.   A rigorous comparative performance analysis across all empirical datasets established Model 2, the Multi-Channel Poisson Arrival with Exponential Service Model [M/M/s: (\FCFS//)], as the superior and most effective model. Transitioning from a single-server (s=1) to a two-server (s=2) arrangement reduced system utilization to optimal operational levels , eliminated system instability during peak arrival periods, and dramatically compressed customer waiting times in the queue from excessive durations (up to 68.17 minutes) to less than 36 seconds . While finite queue (M/M/1/K) and finite population models highlighted the structural risks of customer balking, overflow, and lost business during peak periods, they lacked the overall operational efficiency provided by multi-server provisioning.   Based on these empirical insights, bank management is advised to replace isolated single-server configurations with dynamic multi-server setups (M/M/s), particularly during identified morning and peak operational hours. Implementing data-driven, multi-channel queuing strategies enables financial institutions to achieve a sustainable equilibrium between operational cost management and service delivery excellence.

Limitations 
Despite providing valuable empirical insights into queuing dynamics within the Nigerian banking sector, this study is subject to several methodological and contextual limitations. First, data collection was restricted to morning peak hours (10:00 AM to 11:00 AM) over a limited duration across only two ATM stands at a single bank, restricting the generalizability of the findings across broader operational cycles or regional branches. Second, the reliance on manual observational methods introduces potential human error in recording customer timestamps compared to automated tracking technologies. Third, the governing assumptions of Poisson arrivals and exponential service times struggle to fully capture real-world irregularities, such as intermittent network downtime, cash stock-outs, and behavioral variations in customer arrival patterns. Finally, the study focuses predominantly on physical ATM queues without fully quantifying the dynamic substitution effects of digital and mobile banking channels.
Declaration of AI Use

This manuscript was prepared through the intellectual contributions of the author(s) to the study design, data analysis, interpretation of results, and scholarly content. Grammarly and ChatGPT were used solely to assist with grammatical refinement and reference formatting during manuscript revision. The author(s) accept full responsibility for the accuracy, integrity, and final content of the manuscript.
COMPETING INTERESTS DISCLAIMER:
Authors have declared that they have no known competing financial interests OR non-financial interests OR personal relationships that could have appeared to influence the work reported in this paper.




References
Adebayo, O., & Chukwu, E. (2024). Integrating machine learning with M/M/s queuing models for peak period prediction in Nigerian commercial banks. Journal of Operational Research and Information Management, 19(2), 112–128.
Adeyemi, A. J., & Ojo, O. (2015). Evaluation of ATM queuing systems and the impact of cashless policies in urban Nigerian banking environments. Nigerian Journal of Systems Science, 8(3), 45–58.
Bishop, T., Okoro, C., & Adeleke, S. (2018). Assessing waiting times and queue lengths in selected commercial banks in Ogun State. West African Journal of Business Research, 12(1), 89–104.
Burodo, A. M., Bello, M., & Sani, K. (2019). Comparative analysis of single and multi-server queuing models in rural bank branches: A case study of First Bank Plc, Kaura Namoda. Journal of Mathematics and Decision Sciences, 14(2), 77–90.
Central Bank of Nigeria. (2020). Annual report and statement of accounts for the year ended 31st December 2020. Central Bank of Nigeria.
Egolum, C. C., & Okeke, J. I. (2023). Impact of priority queuing models and service point allocation on customer service delivery in Nigerian banks. International Journal of Banking and Finance Research, 11(4), 134–150.
Erlang, A. K. (1917). Solution of some problems in the theory of probabilities of significance in automatic telephone exchanges. Post Office Electrical Engineers' Journal, 10, 189–197.
Farayibi, A. O. (2016). Queuing dynamics and service optimization in commercial banks: Evidence from GTBank and Ecobank in Lagos. Lagos Journal of Economics and Operations Research, 5(2), 33–50.
Gross, D., & Harris, C. M. (1998). Fundamentals of queueing theory (3rd ed.). John Wiley & Sons.
Ibrahim, M., & Musa, A. (2023). Queue-based ATM scheduling algorithms for downtime reduction and service optimization. Journal of Financial Technology and Operations, 7(1), 60–75.
Odirichukwu, P., Uche, C., & Nnamdi, K. (2014). Socioeconomic and cultural factors influencing customer queuing behavior in Nigerian financial institutions. African Journal of Management and Business Studies, 3(2), 115–130.
Ogunlade, O. (2019). IoT-based queue monitoring systems and real-time customer tracking in Nigerian banks. Journal of Information Technology and Systems, 12(3), 201–215.
Ogunlade, O., & Adeyemo, T. (2020). Discrete event simulation of customer flow and teller allocation in Zenith Bank branches. Simulation Modelling Practice and Theory, 104, Article 102120.
Okunade, A. (2019). Real-time queue monitoring and sensor integration in banking operations. Nigerian Journal of Operational Research, 11(1), 22–39.
Okunade, A. (2021). The influence of mobile banking adoption and electronic platforms on physical queue lengths in developing economies. Journal of Banking and Information Technology, 16(2), 88–102.
Okunade, A., Adeleke, F., & Babatunde, S. (2022). Customer satisfaction index and queuing dynamics: Evidence from Stanbic IBTC Bank. African Journal of Operational Research, 15(3), 145–160.



19

oleObject2.bin

oleObject51.bin

image44.wmf
s

L


oleObject52.bin

image45.wmf
q

L


oleObject53.bin

image46.wmf
s

W


oleObject54.bin

image47.wmf
q

W


oleObject55.bin

oleObject56.bin

image3.wmf
1111

.

1

»

r


oleObject57.bin

oleObject58.bin

image48.wmf
s

W


oleObject59.bin

image49.wmf
q

W


oleObject60.bin

oleObject61.bin

oleObject62.bin

oleObject63.bin

oleObject64.bin

oleObject3.bin

oleObject65.bin

oleObject66.bin

oleObject67.bin

oleObject68.bin

oleObject69.bin

oleObject70.bin

image50.wmf
(

)

1111

.

1

=

r


oleObject71.bin

image51.wmf
(

)

55

.

0

46

.

0

-

=

r


oleObject72.bin

image4.wmf
min

/

8444

.

0

=

l


image52.wmf
(

)

5874

.

0

£

q

W


oleObject73.bin

oleObject4.bin

image5.wmf
min

/

7600

.

0

=

m


oleObject5.bin

image6.wmf
5556

.

0

4623

.

0

-

=

r


oleObject6.bin

image7.wmf
q

W


oleObject7.bin

image8.wmf
¥

¥

/


oleObject8.bin

image9.wmf
l


oleObject9.bin

image10.wmf
m


oleObject10.bin

oleObject11.bin

image11.wmf
μ

λ

ρ

=


oleObject12.bin

image12.wmf
m

l

-

=

1

o

P


oleObject13.bin

image13.wmf
(

)

l

m

m

l

-

=

2

q

L


oleObject14.bin

image14.wmf

oleObject15.bin

image15.wmf
(

)

l

m

l

-

=

s

L


oleObject16.bin

image16.wmf
(

)

l

m

-

=

1

S

W


oleObject17.bin

image17.wmf
(

)

l

m

m

l

-

=

q

W


oleObject18.bin

oleObject19.bin

image18.wmf
m

1


oleObject20.bin

image19.wmf
l


oleObject21.bin

oleObject22.bin

image20.wmf
S

μ

λ

ρ

=


oleObject23.bin

image21.wmf
1

1

0

!

1

!

1

-

-

=

ú

ú

û

ù

ê

ê

ë

é

-

÷

÷

ø

ö

ç

ç

è

æ

+

÷

÷

ø

ö

ç

ç

è

æ

=

å

S

n

S

n

o

S

S

S

n

P

m

m

m

m

l

m

l


oleObject24.bin

image22.wmf
(

)

(

)

0

2

!

1

1

r

l

m

lm

m

l

ú

ú

û

ù

ê

ê

ë

é

-

÷

÷

ø

ö

ç

ç

è

æ

-

=

S

S

L

s

q


oleObject25.bin

oleObject26.bin

image23.wmf
m

l

+

=

q

q

L

L


oleObject27.bin

image24.wmf
m

l

1

+

÷

÷

ø

ö

ç

ç

è

æ

=

q

S

L

W


oleObject28.bin

image25.wmf
l

q

q

L

W

=


oleObject29.bin

oleObject30.bin

oleObject31.bin

image26.wmf
¥

/

N


oleObject32.bin

image27.wmf
.

N

n

<


oleObject33.bin

oleObject34.bin

image28.wmf
μ

λ

ρ

=


oleObject35.bin

image1.wmf
9245

.

0

»

r


image29.wmf
1

1

1

+

-

-

=

N

o

P

r

r


oleObject36.bin

image30.wmf
(

)

(

)

(

)

2

1

1

.

1

1

1

1

r

r

r

r

r

+

-

-

-

-

+

-

=

N

N

N

q

N

N

L


oleObject37.bin

image31.wmf
(

)

(

)

(

)

2

1

1

.

1

1

]

1

1

[

r

r

r

r

r

r

+

+

-

-

+

+

-

=

N

N

N

s

N

N

L


oleObject38.bin

image32.wmf
÷

÷

ø

ö

ç

ç

è

æ

¢

=

l

q

S

L

W


oleObject39.bin

image33.wmf
(

)

N

P

-

=

¢

1

l

l


oleObject40.bin

oleObject1.bin

image34.wmf
n

N

N

P

r

r

r

.

1

1

1

+

-

-

=


oleObject41.bin

image35.wmf
l

¢

=

q

q

L

W


oleObject42.bin

image36.wmf
M

n

/


oleObject43.bin

image37.wmf
M

n

/


oleObject44.bin

oleObject45.bin

image38.wmf
(

)

å

=

=

÷

÷

ø

ö

ç

ç

è

æ

-

=

M

n

n

n

o

n

M

M

P

0

!

!

1

m

l


image2.wmf
9825

.

0

»

r


oleObject46.bin

image39.wmf
(

)

0

1

p

L

q

-

+

=

l

m

l


oleObject47.bin

image40.wmf
(

)

0

1

p

M

L

s

-

-

=

l

m


oleObject48.bin

image41.wmf
m

1

+

=

q

S

W

W


oleObject49.bin

image42.wmf
(

)

(

)

(

)

÷

ø

ö

ç

è

æ

-

-

ú

û

ù

ê

ë

é

+

+

+

-

=

M

M

M

W

q

r

r

l

r

r

r

1

1

1

1


oleObject50.bin

image43.wmf
r


