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Abstract

This study explores the use of artificial neural networks | ANNs) for simulating M™/M/s queuing
madels, which are esseatial in quening theory for analyzing multi-server systems, By employing
ANNs, we aim to capture and replicate the complex dynamics of these queuing systems more
effectively. The study demonstrates how ANNs can provide accurate and efficient simulations,
enhancing the understanding and optimization of queumg processes. We compare the results
obiained from AMNN simulations with traditional analytical methods to assess their accuracy and
efficiency. The findngs highlight the potential of ANNs to address the challenges posed by
vanable amival and service rates, offening valuable insights for improving decision-making and
resource allocation m real-world applications. This research underscores the effectiveness of
ANNs in modeling and simulating complex quening systems, contributing to advancements in
both theoretical and practical domains.

Keywords: CQueueing model, Queneing theory, ANNs, Model &Smmulation, Optimization
Algorithm, Computational efficiency.

1. Imtroduction

Queuging models play vital role in various Deld, such as elecommunications, manufaeiring,
and service industries, by providing insights into system performance and resource allocation.
Among these models, the M"'M's queueing model is particularly valuable for its ability to
capture non-exponential inter-amval bmes, service time, and swystem capacity. Howewver,
simulating M®/M/s quening systems can be computationally intensive and time- consuming. In
this paper, we introduces a new way to simulate queuwing systems with nwltiple servers that
handle arrivals in groups, wsing artificial intelligpence (AD) called Artificial Neural Networks
(ANNs). ANNs are mnspired by the connections in the brain and are adept at handling complex
problems in many areas, like image recognition, language translation, and forecasting.

By leveraging the capabilines of ANNs, we aim to develop a simulation model that can
accurately capture the dyvnamics of a queveing system with bulk armrvals and multiple servers. In
this papet, we give an mnovative approach to simulate a queveing model with bulk arnivals and
multiple servers wsing Artificial Neural Networks. The wtilization of ANNs in gueueing
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simulation opens up new possibilities for understanding and improving the performance of
complex systems. The subsequent sections of this paper will delve imnto the details of the
proposed methodology, the traming process of the ANN, and the experimental results obtained
from applving the model to real-world queusing scenanos.

2. Literature Review

Queuneing theory, a branch of mathematics, has been extensively used to model and analyze
systems with waiting lines. However, traditional queneing models often fall short of capturing
the complexities of real-world systems. Neural networks, on the other hand. offer a powerful tool
for modeling non-linear relationships and learning from data. This Literature review explores the
inteérsection of queuveing theory and neéural networks. examining how neural networks can
enhance the analysis and prediction of gueueing systems with significant coatributions from
varons researchers. Aboate and Whitt (1987) explored the transient behavior of the M/M/|
guene, focusing on the system's dynamics when starting from the origin, providing foundational
mnsights into queueing system bebhavior over time. Daley (1968)studied the correlation structure
of the output process in single-zerver queueing svstems, offering a deeper understanding of how
outputs relate to imputs in these systems. Finch (1962) mvestigated the transient behavior of bulk
service queuneing syslems with finite capacity, further enriching the Gelds undérstanding of
queune dynamics under varying service structures.

Artificial neural networks (ANNs) have been increasingly applied to model complex systems.
mcluoding queveing systems. Flood and Christophilos (1996) were pioneers in this regard. using
ANNe to model construction processes, demonstrating the potential of these networks to
simulate complex, real-world processes, Ertune and Hosoz (2006) applied ANN analysis to a
refngeration system, lughlighting the versatility of ANN: m different engineening applications.
Similarly, Ghosh-Dastidar and Adeli (2006) utlized a newral network-wavelet micro
simulation model to estimate delays and queue lengths at freeway work zones, showing the
effectiveness of hyvbrid medels in fraffic eéngineering. Hagan et al. (1996) provided a
comprehensive infroduction o the theorencal foundations and practical impléementations of
neural networks and also covered kev topics such as network architectures, leaming algonthms,
and practical applications, making it an essential resource for understanding how ANNs can be
designed and applied to various problems. Karlin and McGregor (1958) provided fundamental
msights into the behavior of such queveing systems, particularly in terms of the distribution of
queue lengths and waiting times. This paper 15 foundational 1n the field of queveing theory and
has influenced a wide range of subsequent rescarch in both theoretical and applied mathematics,
particularly in operations research and telecommunications. Abdelkader (2011) presented a
novel approach to evaluating the performance of queueing models using the method of order
statistics. This technique allows for the computation of various performance measures, such as
walting times and gqueue lengths, with a higher depree of accuracy compared to traditional
methods, Bahadori et al. (2014) studied the particularly relevant for healtheare management, as
it provides a practical framework for optimizing resource allocation in hospatal settings. The
findings highlight the potential of queueing theory as a tool for enhancing the operational
efficiency of healtheare services, contnibuting to better patient outcemes and resource utilization.
Bonald (2007) discussed msensitive traffic models in communication networks, emphasizing the
need for robust modeling techniques. This concept resonates with various discrere event
modeling approaches in traffic systems, which can enhance our understanding of nerwork
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dynamics. The integration of ANNsS into queusing theory has been further explored by
Khoshnevis and Parisay (1993), who demonstrated how machine learming techniques could
enhance simulation models of queueing systems. Hermanto and Nugroho (2018) developed a
neural network model to estimate waiting times mn bank customer gueues. showcasing the
practical application of ANNs in service industries. In the healthcare domain, Palvannan and
Teow (2012) addressed the challenges of queueing in healtheare systems, underscoring the
importance of efficient quene management in critical sectors. Recent advancements have focused
on optunizing ANN architectures for specific queueing scenarios, Pornthep and Vark (2020)
designed an advanced queue system using ANNs to predict waiting times, reflecting the ongoing
innovation in this field. Sondari and Palaniammal (2015) simulated MM quenging sysiems
using ANNs, providing a framework for applving neural networks to classical quenging models |
Yamini et al. (2020) extended this work by simulating Markovian queueing models in busy
airports, demonstrating the apphicability of ANNs in high-demand environments.

3. Queneing Model

Queueing models are mathematical models that are used to study and analyze waiting lines or
queves. They provide valuable msights nto how gueues form. how they behave, and how fo
pptumize their performance.

Queweing models are widely applied m various fields, nchoding  telecommunications,
transporiation, healthears, and customer service. By studying the behavior of queues, we can
better understand and improve the efficiency of systems that involve waiting lines. A Queueing
model 15 the amval process, which determines how customers or entities coter the queue. It can
follow different patterns, such as a Poisson process, where arrivals ocour randomly over time, or
a deterministic pamerd, where arnvals happen at regular inrervals, Anothér imporant aspect is
the service process, which defines how customers are served once they reach the front of the
queue. The service process can have different distributions, such as exponential, constant. or
general distributions. depending on the nature of the system being modeled.

Ceneing models help us measure varions performance metrics, such as the average waiting
time, queve length, and the utilization of resources. These metrics allow us to evaluate the
effectiveness of different strategies, such as adding more servers, implemeniing priority rules, or
adjusting the armval pattern. Analyzing queueing models can be done using mathematical
techniques, sinulation, or a combination of both. Through these approaches, we can predict
gvstem bhehavior, make informed decisions, and optimize processes to provide berer service o
customers and enhance overall system efficiency. Finally, we say, the quenemng models offer a
powerful tool for understanding and improving svstems with waiting lines. By applving these
models, we can gain valuable insights into the behavior of queses and develop strategies to
enhance performance. Queueing models have traditionally been uszed to analyvze and optimize
bulk amval systems with multiple servers. Queneing models involve complex mathematical
caleulations and often rely on assumptions that may not hold in real- world scenarios, such as
exponentially distnbuled mter-armval times and service times. As a result, their accuracy and
applicability to dynamic and diverse systems.
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Fig. |; Quenemg model with multi-server

4. Artificial Nearal Networks (ANN)

Artificial Neural Networks (ANNs) are computational models inspired by the human brain's
network of neurons. They consist of layers of interconnected nodes, called neurons. which are
organized into an input layer, one or more hidden layers, and an output layer. The neurons in
each laver are connected by synapses, which have adjustable weights that are fine-tuned during
training.

In an ANN, data 1s mput inie the system through the input layer, where each neuron represents a
different wnput data feamre, This data is then processed through one or more hidden layers. The
hidden layvers transform the mputs wto more abstract representations. allowing the network to
learn complex patterns and relationships. Each neuron in the hidden layer applies a weighted
sum of its inputs and passas the result through an activation fonction, such as the sigmoid, tanh,
or ReLU (Rectified Linear Unit), introducing non-linearity and enabling the network to capture
more infricate patierns.

The output laver produces the final result of the network. which could be a classification label, a
predicted value, or other forms of output depending on the task at hand. The process of
determining the output involves forward propagation, where data flows through the network, and
the outputs are caleulated based on the current weights of the connections,

Traimng an ANN mvelves adpasting the weights of the connections to mimmize the eror
between the predicted outputs and the actual targets. This is achieved through a process called
back propagation, combined with an optimization technique like gradient descent. During back
propagation, the emror i1s calculated by a loss function, which i1s then propagated backward
through the network. The gradients of the loss function concerning each weight are computed,
and the weights are updated in the opposite direction of the gradient to reduce the error.

ANNs are widely used across vanous domains due to their ability to learn and generalize from
data. In image and speech recogmtion, Convolutionsl Neural Networks (CNNs), a specialized
type of ANN, are used to sutomatically and accurately identify patterns. In natural language
processing, Recurrent Neural Networks (RNNs), including Long Short-Term Memory (LSTM)
networks, are employed for tasks like transiation and sentiment analysis. In healtheare, ANNS are
applied to diagnose diseases, predict patient outcomes, and personalize treatment plans. In
finance, they are used for credit sconng, fraud detection. and stock market prediction.
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Figure 2: Artificial Neural Networks

The performance of the ANN-based expectation 15 assessed through regression analysis by
comparing the network's expected parameters with the actual target values. Three primary
criteria used in this assessment are the correlation coefficient, mean relatrve error and root mean
square error. The correlation coefficient indicates how well the varations in the expected outputs
alizn with the actual values. In this paper, we calculate the coefficient between the expected and
the actual output, which iz defined as follows

R(x,y) = nE xy—(5x)E¥)

n LAt (L) Hh

The correlation coefficient ranges from -1 to +1, where values closer to +1 mdicate a stronger
positive limear relaiionship and values closer to -1 indicate a stronger negative linear relationship.
The mean relative error. which shows the average ratio between the errors and the experimental
values, is calculated as follows:

MRE (%) = - EiL, 100 (i-¥o (1.2)

Where N 15 the total number nf'dma points 1n ﬂlE zeL
Finally. the root mean sguare error is defined as

RMSE =J;—j Y (= vy (1.3)

While neural networks offer a promising approach io approximating queuing svstems. their
design remains & complex fask. While mnputs and outputs are application-specific, key factors
like hidden layers. newrons, activation functions, and framing iterations require emparical
exploration. Despite progress in understanding neural network behavior, there are no definitive
guidelines for network topology and parameter selection. This often involves expenmentation
and leveraging problem-specific nsights. In this paper, we utilized quening theory formulas to
generate training data for our neural network, as detailed in the following section.
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5. M M/sQueuneing model Simulation with ANN

ANNs with bulk arrival with multiple servers Queueing model simulations, we can develop more
accurate models to understand and optimize the performsance of such systems. ANNs can learn
from historical data to identify patterns and relationships between input parameters and output
measuras, such as guens langths, waiting times, and server ufilization. This enables us o predict
system behavior and evaluate different sirategies for improving performance, such as adjusting
the number of servers or ophnmzing service policies. In this paper. we present a detaled
methodology for raining and utilizing ANNs 1o simulate M*/M/s quene models. Our approach
mvalves the generation of svnthetic data sets, network architecture design, and training using
appropriate optmization algonthms. We evaluate the performance of the ANN —based

simulation against traditional simulation technigues. demonstrating its effectiveness in capturing
the dynamic belavior of MYM/s queneing models.
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Figure 3: Architecture of multi-server Queleng Model

A queneing system s specified when we know (1) the wmput, (1) the queue disciphne and (i1} the
service mechanism with notation by Kendall proposed queueing models nsing four factors
written AB/C/a/B/N/D where A represents the inter-arrival time distribution, o 13 batch size
(bulk), B represents the service time distribution, ¢ represents the number of servers and also D is
the queve discipling, K 15 the number of places in the system, M 18 the wholg population Tor
MYM/s quens model, it is assumed K ==, M==, D=FCFS
There are four types of inputs a, D, M and Ey
Di{deterministic, or regular):

_ (U, when (x<a)
flx)= Il , when [xZza)
M (random. or Poissonian):
flx)=1- Bxp(—x/n) (5.2)
With a D-type mput, customers amive at regular time intervals, whereas, with an M-tvpe mput,

(3.1}

customer arrivals are random and the third intermediate type of input 1 Ep

Kk :
E; (Erlangain): d f(x) = %enp(—%} 2* T dy (5.3)

The distribution of amval and service times is categonzed similarly using the syvmbols D, M. and
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Ek. With a D distribution for service tume, each customer 15 served for a constant duration. In
contrast, an m distnbution for service time follows a negative exponential law. The Ek
distribution represents an intermediate form. By using these conventions, a quewning system can
be identified with a label such as M/M/L (Poisson amivals, negative exponential service time;
single server). Erlang (1908-29) introduced models like MAM'S, M/LYS, and MEK/L. Pollaczek
(1930} reporfed the ER'G'l queuing system, while Khintchine {(1932) and Kendall (1951)
presented the M/GY] model. Numerous other authors have explored various gqueuing models and
conducted extensive mathematical analvses to solve these complex models. The equations for
finding solutions are highly intricate and time-consuming. This study aims to simulate thesze
complex queuing models through computer simulation. Specifically, the Meural Metwork
Toolbox in MATLAB is utilized to develop the ANN model for the MM/'s queuing system.

Simulation involves conducting experiments with a model of the system being studied: it is a
powerful tool for analvzing and designing engineering and namural systems. It 55 an iferative
mput-output process. where feedback suides adjustments to input parameters. Inputs represent
potential real-world events and conditions, while outputs predict the system's response. For
simulating the M"/M's queuing model, input and output values are analytically determined using
Kendall and Little’s formulas and then used to train the ANN. In this paper, six inputs are used to
train the ANN model: (i) arrival rate *A', (i) service rate *°, (iii) number of customers exceeding
'k, (1v) time’t”. (v) population size 'n’, and (vi} group size ‘n’. Ten queuing model properties.
calculated using equations (6.1 to 6.10), are targeted as outputs.

fi. Mathematical formulas for queueing model

The following formulas can be used to calculate the probabilities and performance metrics n the
bulk arrival with multiple server Queneing model:

These formmulas provide usetul measures for evaluating the performance of bulk arrival queueing
madels with multiple servers. The actual calculations and specific formulas may vary depending
on the assumptions and characteristics of the queveing system bemng analyzed.

| Utilization factor;

p - Uklization factor of the system, defined as the ratio of the total ammval rate with size of

group to the tonal service rate with no, of servers
ad

== ; (6.1

2. Probability of no arnvals {empty system}):
o

Po= i+ L0 (7225) (5.2)

Probability of having n customers in the system (0 < n < g):

= $ " Fy (6.3)
3. Mean number of customers in the system:

fo= YE.anw & (6.4)
4. Mean number of customers in the queue;

Ly=L=p {6.3)

5. Mean waiting time m the system:

W= faa « (1— ) (6.6)
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6.  Mean walting time i the queue:

'I'I"fi
We'= /[m‘l v (1= Pyl (6.7)
7. Average quene length
_ £ ;
bw = [ )i— ad] (6.8)
&, Probability of 'n” customers in the sysiem
B, = (1-p)p" (6:5)
9. Probability that at -most one customers in the system
Pin =1) =P, + P, (6.10)
L. Probability that at -most one customers in the system
Fin =1) =Po+ P (6.11)

To develop the ANN for the gquening system, the dataset from the analytical work was divided
into training, vahidation, and test sets. The dataset includes 210 imput-output pairs, with 70%
randomly assigned to the tramning set, 15% for validation, and the remaining 15% for testing the
nefwork. The architecture of the ANN, along with the nput and output parameters for the

queuing system. 15 shown schematically in Fig. 2.

11. Algorithm:
Initialize
e St the parameters for data generation
o Imitialize arays to store data and outputs
Data Generation
s  Generate random data
Arrival rate per individual (lambda)
Service rate per server (nm)
Number of servers ic)
Number of customers (n)
Batch zize or bulk (alpha)
Calculate wiilization factor (rho)
Calculate average queue length{l. w)
Calculate probability of no arnvals (P o)
Calculate probability of having n customers in the system (P _n)
Calculate mean number of customers in system (L s)
Calculate mean nunber of customers in the queue (L_g)
Calculate mean waiting 1ime in the system (W _s)
Calculate mean waiting time in the queve (W q)
Calculate probability of n customers m the system (P n_system)
Calculate probability that at most one customer is in the system (P_st_most_one)
= Store output metrics i the output aray
Combline Data
s Combine the mputs and outputs into a single dataset
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Data preprocessing
# Load the dataset generated
o Split the dataset info training and testing seis
» MNormmalize mput data to have zero mean and umt variance for both fraining and
training sets
Nearal Network Configuration
o Define the neural natwork archatechare:
» TFeedforward network of three layers having newrons 32, 16 and 8
respectively
s Setacrivation functions for hidden layers:
+ For first layer = ‘poslin®
» Forsecond laver = ‘logsig’
# For third layer = “softmax”
Training Parameters
s  Set training parameters:
# Tram function = *Levenberg-Marquardt’
# leaming rate = 0.001
¥ No of epochs = 1000
# Minimum gradient threshold = 1e-10
s  Train the neural network using the training data
Evaluation
o Evaluate the trained model on the test data
Calculate the test loss for each output
Display the test loss for each output

12. Result and DMscussions

In this section, we discuss the construction and training of an Artificial Neural Network { ANN)
model with a double hidden layer, as depicted in Figure 2. The input laver compnised 5 neurons
comesponding to the inpul parameters, while the ouiput laver contamed 10 neurons aligning with
the outpur parameters. The optimal nwmber of hidden layers, the number of neurons in each
hidden layer. and the transfer functions between layers were determuined through a systematic
trial and error approach. Regression analysis was used to evaluate the performance of the
developed ANN for a specific problem. The simulation process continued until the simulated
output values closely matched or equaled the target values within the predetermined error
threshold, marking the completion of the simulation.

This paper evaluates the performance of an ANN model with two hidden lavers using two
metrics: the mimmiin oumber of epochs reguired (o achieve the desired error value, and the
ANN's ability to reach the lowest possible error value for a given epoch. The ANN model was
tramed with varying numbers of neurons in the ludden laver, ranging from 1 fo 1000, over 000
gpochs. The performance of each ANN model was analvzed by comparing the error values
achieved at 1000 epochs and through regression analysis. The most effective wav to measure the
performance of an ANN model, along with regression analysis, 15 to keep the number of epochs
fixed and compare the minimum ermror values the ANN models can achieve,
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Figure 3 illustrates the performance of the ANN model with 5 neuwrons in the hudden layer,
Tnitially. the model shows significant improvement, with the ervor value deereasing to 0.8 by 200
epochs. However, the rate of progress slows considerably after this powt, and by 500 epochs, the
error value stabilizes. Ultimately, the mode] reaches an ermor value of 0.001 after 1000 epochs,
but no further reduction in emror 15 observed beyond 300 epochs. This platean suggests that while
the mode] mitially leams and adapts quickly, it encounters diminishing refurns in terms of error
reduction i the latter stages of training. This behavier highlights the importance of optumizing
the training process and exploring potential adjustments in network architecture or traiming
parameters to achieve better performance.
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Figure 4 illustrates that the ANN model with 32 neurons in the hidden laver concluded training
with the highest error value of T8,
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Figure 5: Training curve of 32 neurons

Figure 5 shows that the ANN model with 32 neurons in the hidden layer reaches the lowest error
value after 1000 epochs and continues to converge effectively. Adding 32 or more neurcons to the
hidden laver does not result in significant performance improvemenis. Basad on the performance
analysis of different ANN models, the model with 32 neurons in the hidden laver is chosen for
validation and testing with the available data, as it achieves the minimm error,
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Figure 6 depicts the regression analysis trend for the training, validation, and testing outputs
concerning the target values. A corelation coefficient (R) near +1 signifies a robust, positive
linear association with the expected outcomes. Both the mean relative error and root mean square
error fall within acceptable thresholds. Furthermore, the convergence of the training, validation,
and testing curves in Figure 6 indicates the swmability of this neural network model for
simulating M*/M/s queving mode] problems.
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Figure &: Manner of Regression Analysis
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Conclusion

An artificial neural network {ANN) model capable of simulating the M"M's queuing model has
been developed using a feed forwand back propagation algonthm with a double hidden layer
comprising 32 nmeurons. The results indicate that the simulated values produced by the ANN

closely align with those caleunlated using the classical mathematical approach. Regression analysis
confirms the strong correlation between the ANN outputs and the expected values, with a
correlation coefficient near +1. Additionally, the mean relative error and root mean square ermos
({RMSE) fall within acceptable limits, further validating the accuracy and reliability of the ANN
mode] for this application. This demonstretes the ANN's potential as a robust ool for effectively
simulating complex queding systems.
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