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Abstract  

Queuing problems in modern systems are increasingly complex due to the emergence of high 

variability in customer arrival patterns and service capacity. This study examines the 

phenomenon of queues with heterogeneous arrival and service processes, where the assumptions 

of Poisson distribution and standard exponential service times are no longer sufficient to 

describe the system reality. Using a stochastic modeling approach, this study analyzes how 

heterogeneity in customer characteristics and differences in server performance affect system 

performance metrics such as average waiting time and queue length. The methodology used 

involves discrete-time and continuous-time Markov chain analysis to model workload 

fluctuations. The results show that ignoring heterogeneity factors often leads to inaccurate 

capacity estimates, which lead to operational inefficiencies. This study recommends dynamic 

resource allocation strategies and adaptive prioritization policies to mitigate the negative 

impacts of system variability. 
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1. INTRODUCTION 

Queuing theory has been a foundation of operational analysis since it was first introduced by 

A.K. Erlang to optimize telephone systems. However, in modern service ecosystems that include 

data communication networks, flexible manufacturing systems, and healthcare, traditional 

assumptions about homogeneity often fail to capture the true dynamics of the system. 

Heterogeneity, both in terms of inputs (customers) and processes (services), creates variability 

that cannot be accurately predicted with simple queuing models. Therefore, a deep understanding 

of heterogeneous queuing systems is crucial to prevent system congestion and service quality 

degradation (Shortle et al., 2018). 

Variability in the arrival process is often driven by differences in customer needs or non-

uniform usage patterns over time. In the context of digital services, for example, request arrivals 

can be bursty or clustered, significantly different from simple random arrival patterns. This 

heterogeneity demands mathematical models capable of handling the arrival rate parameter 

which is not constant, but rather depends on the customer class or specific environmental 

conditions. Failure to integrate this heterogeneity into capacity planning will result in wasted 

resources during off-peak periods and system failure during peak load periods (Gross et al., 

2017). 

Heterogeneous arrival processes refer to situations where entities entering a system have 

varying characteristics, including priorities, time constraints, and arrival frequencies. In 

intelligent transportation systems, vehicle arrivals from various directions with different speeds 

and destinations are a clear example of an inhomogeneous input flow. Mathematically, this is 

often modeled using a Non-Homogeneous Poisson Process or a phase-type distribution to 
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capture the fluctuations that occur. This approach allows system managers to identify critical 

periods where system load exceeds a stability threshold (Asmussen, 2020). 

In addition to time variability, arrival heterogeneity also includes differences in customer 

behavior, such as balking (customers refusing to join the queue) or reneging (customers leaving 

the queue before being served). These behaviors are usually influenced by customer perceptions 

of queue length and service reputation. Sociopsychological studies in queuing theory show that 

customers with different levels of urgency will react differently to the same waiting time. 

Therefore, incorporating human behavioral factors into stochastic arrival models is important to 

improve the accuracy of queue performance predictions (Harchol-Balter, 2013). 

On the other hand, heterogeneity in service processes occurs when available servers or 

machines have different capabilities, speeds, or levels of reliability. In industry, the use of older 

machines alongside newer generation machines creates variations in service rates is a system 

assumes all servers are identical when in fact they are not, the workload distribution will be 

uneven, ultimately increasing the total waiting time for customers. Modeling systems with 

heterogeneous servers requires more complex allocation strategies, such as a “fastest server first” 

policy to minimize dwell time in the system (Bini et al., 2015). Service heterogeneity can also be 

influenced by human factors, where server productivity can fluctuate due to fatigue or varying 

skill levels. This phenomenon is often found in call centers or hospital emergency departments, 

where the complexity of cases handled by different servers is not uniform. In this scenario, 

service times no longer follow a single exponential distribution, but rather mixture distributions 

reflecting the performance profiles of individual servers. Research shows that ignoring 

differences in individual service rates can lead to system throughput misestimations of up to 

30% (Zohar et al., 2022). 

The interaction between heterogeneous arrivals and heterogeneous services creates queue 

dynamics that are far more complex than either variation alone. When customers with high 

service demands arrive simultaneously with servers with low capacity, a "bottleneck" or system 

congestion will occur with a longer duration. Performance metrics such as the system idle 

probability or maximum queue length become very sensitive to the correlation between arrival 

patterns and service capacity. Sensitivity analysis in the model M/G/ Heterogeneous evidence 

shows that variance in the service process has a greater impact on waiting time than variance in 

the arrival process (Tijms, 2023). 

This type of queue management often requires the implementation of priority policies 

(preemptive or non-preemptive) to balance fairness and efficiency. In heterogeneous systems, 

prioritizing customers with shortest service times (SJF) can dramatically reduce average waiting 

times, but risks starvation for customers with high demand. Therefore, the development of 

adaptive scheduling algorithms, which take into account both arrival heterogeneity and real-time 

server conditions, has become a highly relevant research topic in information and manufacturing 

systems optimization (Lavi et al., 2021). 

From a management perspective, heterogeneous queues are directly related to cost 

efficiency and customer satisfaction. Uncertain waiting times due to service variability can cause 

significant economic losses, both for service providers in the form of operational costs and for 

customers in the form of lost productivity. In the service economy, heterogeneity is often viewed 

as a risk that must be managed through buffering strategies or capacity reserves. However, 

providing excess capacity without proper data analysis will only result in wasted capital 

investment (Ansell & Phillips, 2019). 

The risk management approach in queuing theory involves the use of Monte Carlo 

simulations to predict worst -case scenarios in heterogeneous systems. By understanding the 
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probability distribution of arrivals and services, companies can design more realistic and 

competitive service level agreements (SLAs). Furthermore, the use of Internet of Things (IoT) 

technology enables continuous data collection to dynamically update queue model parameters, 

allowing the system to respond to changing heterogeneity patterns more quickly and accurately 

(Baron et al., 2020). 

Despite their importance, mathematical solutions for heterogeneous queuing systems often 

face challenges in computational complexity. Balance equations for systems with multiple 

arrival classes and heterogeneous servers often lack closed -form solutions. This forces 

researchers to use numerical approximation methods or iterative algorithms such as geometric 

matrix methods. This challenge is exacerbated when the system being analyzed has limited 

waiting room capacity or involves interactions between queues in a queuing network (Nelson, 

2013). The integration of artificial intelligence and machine learning is now beginning to be 

used to overcome the limitations of traditional analytical models in handling heterogeneity. 

Reinforcement learning algorithms can be trained to find optimal server selection policies in 

highly volatile environments. By combining historical data and stochastic simulations, intelligent 

systems can predict heterogeneous arrival spikes and automatically adjust the number of active 

servers. The future of queuing theory lies in the convergence of classical stochastic modeling and 

modern data analytics techniques (Bertsimas & Kallus, 2022). 

Overall, queuing problems with heterogeneous arrival and service processes represent a 

concrete representation of operational challenges in the modern era. The simplistic assumption of 

homogeneity must be abandoned to gain a more accurate understanding of system behavior. By 

integrating mathematical, behavioral, economic, and technological perspectives, the analysis of 

queuing heterogeneity provides not only technical solutions to congestion but also strategic 

strategies for service sustainability. The importance of this study lies in its ability to provide a 

robust framework for addressing increasing system uncertainty in the future (Stewart, 2019). 

 

2. RESEARCH METHODS 

This study uses a quantitative approach with stochastic modeling and discrete -event 

simulation methods to evaluate the performance of heterogeneous queuing systems. The 

theoretical framework is built using Continuous -Time Markov Chain (CTMC) analysis to model 

the arrival process that follows a Non-Homogeneous Poisson (NHPP) distribution and the 

service process with varying rates ($\mu_i$) for each server (Asmussen, 2020). Parameter data 

collection was conducted through literature studies and synthetic data generation covering 

various scenarios of coefficient of variation (CV) variability in arrival intervals and service 

durations (Gross et al., 2017). The mathematical model was solved using a geometric matrix 

algorithm to obtain steady -state solutions for the probability metrics of queue length and 

average waiting time (Stewart, 2019). The model's validity was tested using Monte Carlo 

simulation techniques to compare the analytical results with the system's behavior under 

transient conditions, ensuring the model's robustness in the face of extreme workload 

fluctuations (Nelson, 2013). Sensitivity analysis was then applied to identify the variables most 

influential on system stability, thus providing a basis for designing optimal resource allocation 

policies (Shortle et al., 2018). 

 

3. RESULT AND DISCUSSION 

Impact of Variations in Customer Arrival Patterns 

The analysis shows that irregularities in customer arrivals significantly impact system 

stability. In heterogeneous systems, customers do not arrive in a regular sequence, but rather in a 
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wave-like pattern or clusters. This disparity in characteristics between customer groups leads to 

unpredictable system workloads. This discussion emphasizes that planning based solely on 

average arrival rates without considering sudden spikes will result in queues that are much 

longer than initially anticipated (Gross et al., 2017). 

This phenomenon of variable arrivals also creates situations where the system appears 

extremely busy during certain periods even though overall capacity is sufficient. This occurs due 

to the accumulation of customers from certain categories with urgent needs or more complex 

procedures. Failure to manage this diversity of input often leads to a drastic decline in customer 

satisfaction. Therefore, queue management must shift from manual monitoring to an automated 

control system capable of detecting changes in arrival patterns in real time (Tijms, 2023). 

The Challenge of Service Speed Differences 

In situations where servers or machines have varying work speeds, research shows that task 

allocation is crucial. Strategies that assign the fastest servers to handle the main load have been 

shown to reduce overall wait times. However, there is a significant risk if slow servers are 

positioned at the same point as fast servers without coordination, as this can create a bottleneck 

in the service flow (Bini et al., 2015). 

Simulation data confirms that workload imbalance often occurs when the system is unable to 

differentiate between server capabilities. If customers are stuck behind a slow server while faster 

servers are idle, overall efficiency will decline sharply. These findings suggest that service 

managers implement load balancing mechanisms that actively monitor the performance of each 

individual or machine, ensuring that customers are always directed to the most optimal path 

based on the complexity of their requests (Zohar et al., 2022). 

Interaction Between Input and Process Irregularities 

The most striking finding emerged from the interaction between irregular customer arrivals 

and variable service capacity. When customers with difficult requests arrive during periods of 

low service capacity, a domino effect occurs, exponentially worsening queues. This dual 

uncertainty requires service providers to maintain greater capacity reserves than in systems with 

a uniform pattern (Asmussen, 2020). 

Furthermore, prioritizing certain customers within this diverse system can speed up service 

flow for the majority. However, this policy also has a downside, as it can cause customers with 

heavy-duty tasks to have to wait very long. These results demonstrate that diverse queue 

management is not just about mathematical speed, but also about fairness for all categories of 

service users, ensuring that no one feels unduly disadvantaged (Harchol-Balter, 2013). 

 

4. CONCLUSION 

Based on the in-depth analysis conducted, this study concludes that queuing problems in 

heterogeneous systems have unique characteristics that cannot be resolved with conventional 

management approaches. Several key points emerging from this research are: 

1. Average-Based Estimation Failure: Using the assumption that all customers arrive in the 

same pattern and are served at a uniform rate has been shown to lead to capacity 

estimation errors. In operational reality, high variability or irregularity in the arrival and 

service process is a major factor that triggers system congestion, even though the 

available capacity appears to be sufficient on average (Gross et al., 2017). 

2. Criticality of Resource Allocation: Differences in capabilities between servers (human or 

machine) necessitate intelligent assignment strategies. Studies show that system 

efficiency is highly dependent on the manager's ability to distribute the workload 
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proportionally. Unequal service speeds without proper coordination will result in queues 

building up on certain lines while others experience a lack of activity (Bini et al., 2015). 

3. Multiple Interaction Dynamics: The interaction between irregular arrival patterns and 

differences in service speeds creates a domino effect that worsens customer waiting 

times. Heterogeneous systems are much more sensitive to small disruptions than 

homogeneous systems. Therefore, service providers must have sufficient operational 

flexibility and capacity reserves to handle unexpected load spikes resulting from the 

diversity of input characteristics (Asmussen, 2020). 

4. Balance Between Efficiency and Fairness: Priority policies in heterogeneous queuing 

systems can indeed increase the overall speed of data or customer flow, but they risk 

creating unfairness for certain groups. An ideal queue arrangement must be able to 

balance achieving time efficiency targets with meeting fair service standards for all 

categories of service users (Harchol-Balter, 2013). 
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