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Abstract—Queuing theory is a branch of mathematics that studies, analyzes, and predicts the behavior of queues using 
queuing models. Even though queuing models originated in the early 1900s, they are not widely used in modern times. This 
project uses Poisson and exponential distributions together with other probability techniques to implement a queuing model that 
can predict the behavior of queues and estimate the expected customer waiting times and their lengths. 
The project also involves the generation of plots for representing and analyzing the data. The output data is then exported and 
uploaded to a dashboard in order to provide visualizations and get crucial insights. Furthermore, an alarm is integrated into the 
dashboard so it sets off when the queues exceed a previously defined limit. Finally, different alternatives to the current queuing 
strategy are proposed to the park’s management in order to reduce the waiting times or find other ways to enhance visitor 
satisfaction. 
 
Python is used to implement the queuing model and the simulations are made in the discrete-event simulation framework 
SimPy, which is based on Python. The plots are also generated in Python, using the library Matplotlib. On the other hand, the 
dashboard used to visualize the data is created with Power BI and the alarm is connected to this dashboard. 

Index Terms — behavior of a queue, discrete event, exponential distribution, Matplotlib, monitorization, M/M/1, Poisson 
distribution, Power BI, Python, SimPy, synthetic data 

 

——————————   ◆   —————————— 

1 INTRODUCTION

MUSEMENT parks are popular destinations for peo-
ple seeking entertainment and adventure. These parks 

offer a wide range of attractions, from breathtaking roller-
coasters to family rides. However, there’s something that 
frustrates everyone: long queues. Queues can lead to a neg-
ative experience of the park and can cause discomfort to 
the visitors. 
 

This project focuses on the analysis of this exact prob-
lem in a big amusement park for later on proposing alter-
natives to the current queuing system. An understanding 
of the behavior of the park’s queues is needed to find alter-
natives that can provide the fast services visitors demand. 
Understanding how queues work and being able to predict 
them can optimize processes and increase visitor satisfac-
tion. 
 

The main objective of the project is to reduce the wait 
times of the park’s queues by making accurate predictions 
in simulations using a queuing model and different prob-
ability techniques. Additionally, plots and charts are de-
signed and implemented to easily analyze the queues. Fur-
thermore, by monitoring the system using dashboards, the 
behavior of the queue can be understood, and therefore, 
different options for improving the queuing system can be 
contemplated. 

2 STATE OF THE ART 

At present, companies from all kinds of sectors have al-
ready designed queuing models and queue management 
systems. Their objective is to optimize their businesses, 
and queuing theory can contribute to it because it can pro-
vide shorter waiting times, which leads to higher customer 
satisfaction. 
 

Queuing theory has been studied throughout the last 
few years, which has contributed to the creation of diverse 
technologies used to optimize queues. These first technol-
ogies date back to the 1970s when physical and electronic 
methods such as barriers and tickets were first developed. 
Later on, big industries like healthcare and retail began us-
ing these technologies, which lead to an improvement in 
queuing management systems by implementing real-time 
data and customer feedback tools. 
 

Today, queue management systems are used in mobile 
apps, virtual queues, and even contactless payments. Ad-
ditionally, some companies are also starting to implement 
machine learning algorithms to predict customer behavior 
and long waiting times shortly. 
 

In recent years, there has been significant research on 
queueing models in amusement parks, to improve queue 
management and enhance visitor experience. This espe-
cially includes models such as M/M/1 and M/M/k, to pre-
dict queue performance based on different factors, like ride 
capacity, arrival rates, and service times. Research has also 
focused on the use of simulation and analytical models to 

A 

———————————————— 

• Contact e-mail: Oriol.PratF@autonoma.cat 

• Project tutored by Antonio Espinosa Morales (Departament d’Arquitectura 

de Computadors i Sistemes Operatius) 

• Course 2022/23 



2 EE/UAB DATA TFG: PREDICTION OF QUEUE WAITING TIMES 

 

evaluate the effectiveness of different strategies for im-
proving queue performance, such as single-rider lines, vir-
tual queues [1], and express passes. Machine learning and 
artificial intelligence are also emerging as a promising ap-
proach in this industry. 

 
However, there are still challenges in applying queuing 

models to amusement parks, such as the dynamic nature 
of the park environment, the complexity of its queue be-
havior, and the variability of demand. Therefore, more re-
search in this field is required to further develop and opti-
mize queueing models in this sector, with the ultimate goal 
of giving visitors a better experience and increasing the 
park’s income. 
 

As new technologies emerge, queuing theory will be-
come more and more valuable. A technology that can ben-
efit from queuing models and simulations is self-driving 
vehicles. With autonomous cars becoming more and more 
common, queuing models can be used to optimize traffic 
flow and minimize waits during congestion. Additionally, 
going further, in a future world where all vehicles are au-
tonomous, queuing models could completely get rid of 
traffic congestion. 

3 OBJECTIVES 

After defining and analyzing the problem to be solved, a 

series of objectives are outlined to successfully conclude 

this project: 

 

• Accurately predict queue waiting times. 

• Understand the queue’s behavior using plots. 

• Monitor the system with dashboards. 

• Offer support for decision-making to reduce wait-

ing times or make queues more enjoyable. 

 

The proposal to achieve them begins with the imple-

mentation of a queuing model programmed with Python 

[2], which is an easy-to-use programming language that of-

fers a wide range of libraries such as Pandas [3] for data 

manipulation and NumPy for numerical computing. 

 

The simulation library used to create the model is 

SimPy [4]. This discrete-event simulation library is really 

useful for simulating real-life events in Python. It can eas-

ily model active components such as customers and serv-

ers, which are required in this project. There are a lot of 

projects that use this library, some of them being related to 

queueing theory and queueing systems [5]. 

 

The model created with SimPy is a variation of the 

M/M/1 queuing model [6], which is widely used to analyze 

the behavior of single-server queues. This model assumes 

that customer arrivals follow a Poisson distribution, which 

means users arrive randomly and independently over time 

with an average rate λ. The service times for each customer 

are distributed exponentially, with an average rate μ, and 

there is a single server in the system, which means that 

only one customer can be served at a time. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Poisson distribution 

 

As previously mentioned, the model used in this project 

shares similarities with the M/M/1 queuing model. How-

ever, it incorporates a different service time distribution. 

As the service times in an amusement park represent the 

time in which the attraction is operational and running, I 

have modified the model to make them constant through 

all the attractions, instead of having an exponential distri-

bution. This adjustment enhances the accuracy of the 

model in simulating amusement park scenarios and accu-

rately represents real-life attraction queues. 

 

The next step, once the model is implemented, is to cre-

ate plots and charts using the output data from the simu-

lations. This is also made in Python using the library Mat-

plotlib, which provides a wide range of visualization op-

tions and customizations while being easy to use and sup-

porting other libraries [7]. Most of these plots use queuing 

and service times, but they are also useful to visualize the 

number of people in the queue at any time. All these visu-

alizations are fundamental to better comprehend and eas-

ily analyze the queues. 

 

Additionally, the data from the simulations can be vis-

ualized through a dashboard created with Power BI [8], 

which is widely recognized as one of the best tools for data 

visualization and analysis, making it the perfect choice for 

the most visual part of the project. This tool stands out due 

to its easy connection to Excel spreadsheets, the user-

friendly and interactive dashboards it provides and the 

availability to use real-time data. This last feature does not 

apply to this project at the moment but the park is looking 

forward to implementing other ways of obtaining data 

from the queues in order to be able to get real-time 
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information about the number of people waiting in each 

ride. 

 

The dashboard designed in Power BI provides crucial 

information from the waiting times throughout the day 

and from all the attractions in the park. The total number 

of people waiting in all the attraction queues is also dis-

played next to a limit that will be defined by the park’s 

managers. This last chart will be useful in the future, once 

the park implements a way of obtaining real-time data on 

the queues because it will provide real-time information 

using the Power BI dashboard. Furthermore, alarms will 

also be sent to the park’s staff when the queues exceed this 

limit. 

 

Finally, different alternatives to the current queue man-

agement are provided to the park to try to reduce the wait-

ing times, manage them more efficiently or find other ways 

to make the visitor’s experience better. 

4 METHODOLOGY AND PLANNING 

The methodology used to complete this project is based on 

the Scrum framework. As only one person is actively in-

volved in the project, this framework has been adapted to 

suit the needs [9]. 

 
In the project, the Scrum responsibilities of the product 

owner, scrum master and development team are slightly 
modified so that they can all be assigned to a single person. 

 
The agile methodology used is based on sprints. The 

longer tasks have been divided into more than one sprint 
by separating the task into smaller parts. The sprints have 
lasted between one and two weeks each, depending on the 
complexity of the task. In addition, there have been weekly 
meetings with the project tutor. The task planning is 
shown in figure 2. 

 
 

 
 
 
 
 
 
 
 
 
 
 
 

Figure 2: Planning of the project 
 
As there’s only one actively involved person in this pro-

ject, no planning, tracking or control tools have been used. 
On the other hand, Microsoft Teams [10] and Outlook have 

been used as communication tools with the project tutor, 
although there have also been in-person meetings. 

5 DEVELOPMENT 

To effectively achieve the objectives, a systematic and well-

defined approach has been designed. This approach con-

sists of a series of steps that must be executed following a 

specific order. This section presents each of these steps in 

detail, providing a comprehensive understanding of the 

proposed methodology. 

 

5.1 Creation of the model 

The first thing needed to start implementing the model 

was the data. The first intention was to use real data from 

the park. However, due to the circumstances given it 

wasn’t possible to obtain and use this data. To keep the 

project working, a dataset containing synthetic data from 

50 attractions was created. This data contains the number 

of people who join the queue of each attraction every five 

minutes, being the columns the time of the day and each 

row an attraction in the park. The columns begin at 10:00 

and end at 19:55 as this is the park’s opening schedule. 

Both the structure and the values in the synthetic data have 

been designed so that they are as similar as possible to the 

park’s real data.  

 

The queuing model has been created in Python using 

the simulation framework SimPy. This model consists of a 

Queue Simulation class that receives two variables: the 

number of users and the arrival rate. This class has a func-

tion called run() that loops over each of the users and pro-

cesses them in the simulated queue. 

 

It’s important to acknowledge that, to make the simula-

tions as similar as possible to a real attraction, the service 

time of each attraction isn’t computed using the exponen-

tial distribution as in the M/M/1 queuing model because 

the time of service in a park is the running time of each 

ride, which is constant. Therefore, the service time in the 

queuing model is a constant value. 

 

The simulated queue follows the same process as a real 

amusement park’s queue: 

 

1. First of all, the arrival time of the user is generated 

using Poisson distribution and the arrival rate de-

fined in the class. 

2. The user then waits for the simulation to get to this 

Arrival time. 

3. When this instance arrives, the user is placed in the 

last position of the queue and waits until the server 

is available and it is the next in line, with the server 

being unavailable referring to it attending other 
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users at that moment. 

4. When the server is available and the user is the next 

in the queue, it will be attended. This instance is de-

fined as the Queue end time, which will also be the 

Service start time. 

5. Once the user starts being attended, it will stay 

there until the service time is completed. That in-

stance will be the Departure time. 

6. At that moment the user will depart and the next 

user in line will start the service. 

 

A flowchart of this process is shown in figure 3. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: Simulated queue’s flowchart 

 

Once a user departs, its simulation times are saved in a 

Pandas dataframe where the rows refer to each of the users 

in the simulation. Later on, the Time in queue and Service 

time variables are computed using the following formulas: 

 
𝑇𝑖𝑚𝑒 𝑖𝑛 𝑞𝑢𝑒𝑢𝑒 = 𝑄𝑢𝑒𝑢𝑒 𝑒𝑛𝑑 𝑡𝑖𝑚𝑒 − 𝐴𝑟𝑟𝑖𝑣𝑎𝑙 𝑡𝑖𝑚𝑒 

 
𝑆𝑒𝑟𝑣𝑖𝑐𝑒 𝑡𝑖𝑚𝑒 = 𝐷𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒 𝑡𝑖𝑚𝑒 −  𝑆𝑒𝑟𝑣𝑖𝑐𝑒 𝑠𝑡𝑎𝑟𝑡 𝑡𝑖𝑚𝑒 

 

These two variables are also saved in the dataframe 

with the rest of the simulation times. When all the users in 

the queue have been served, the simulation ends and the 

Queue Simulation class returns this dataframe. 

 

Four different input spreadsheets have been designed, 

each one with a different range of people at every attrac-

tion. The queuing model can plot all of them to get a better 

understanding of how the queues react to more or less peo-

ple waiting. These four models represent different situa-

tions that can happen in the park depending on the num-

ber of people who visit the park. The models are, from 

more to less people: special events, weekends, weekdays, 

and days with bad weather like rainy days. The purpose of 

having four different models is to give the park’s manage-

ment the possibility to use each one of them depending on 

their needs and which one they expect to be more similar 

to the reality in their park. 

 

5.2 Prediction of wait times 

Once the queuing model was implemented, the data was 

extracted from the dataset and loaded in a dataframe using 

Python’s library Pandas. Each of the values in the data-

frame refers to the number of people who get in a specific 

attraction within a range of 5 minutes from the park’s 

opening schedule. These values are used in the Queue Sim-

ulation class as the number of users. 

 

When all the simulations are completed and the run() 

function returns the dataframe of simulation times, the av-

erage of all the Time in queue times is computed. This value 

will be the average waiting time for a specific attraction in 

a specific hour and it is stored in a new dataframe. The av-

erage waiting times for all attractions and times are com-

puted and stored in this dataframe as soon as each simula-

tion is completed.  

 

As a result, when all the simulations are done, the script 

exports the average waiting times for every hour and each 

attraction. Additionally, the system prints the average wait 

time of all the values in the exported dataframe to get a 

better understanding of how the queues have performed 

in the simulations. 

 

5.3 Plotting in Python 

When all the simulations are completed and the wait times 

have been exported, the plotting part of the code begins. In 

this section, a Gantt chart and a histogram of wait times are 

generated using Python’s Matplotlib library [11]. 
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Figure 4: Gantt chart of a simulation 

 

This chart represents the instances when every user in 

one of the simulations joins and waits in the queue, starts 

being served and departs. The part where a user is waiting 

in the queue is shown with a grey bar, while the part where 

it is being served is painted green. It can be seen that the 

arrival times, which are the beginning of the grey bars, 

show a Poisson distribution. On the other hand, the service 

times, which are the lengths of the green bars, are almost 

the same in all the instances because they represent the ride 

times, which are constant in the attraction. 

 

The number of people waiting in the queue at any mo-

ment can also be seen in color red. We can see that as the 

attraction opens its gates the number of people in queue 

starts rising until it reaches approximately 80 people wait-

ing. At that point, the number of people in the queue main-

tains until every user in that simulation has joined the 

queue. Then it starts going down as the remaining rides are 

completed. 

 

The histogram generated compares the difference in 

waiting times for an underloaded, a standard and an over-

loaded attraction respectively. The waiting times are plot-

ted using a histogram to bring into focus how the waiting 

times vary depending on the flow of the queue and the 

number of users. There’s also a red vertical line that indi-

cates the average waiting time in each of the three attrac-

tions. 

 

 

 

 

 

 

 

 

 

 

 

Figure 5: Histogram of waiting times 

5.4 Power BI dashboard 

Once all the simulations are done and all the charts are 

plotted using Matplotlib, the wait times of all the simula-

tions are saved in a dataframe and exported to an Excel 

spreadsheet. Excel provides a versatile platform and is use-

ful and easy to use for manipulating and organizing data, 

which makes it the perfect tool for exporting the outputs of 

the model. The Excel book that is generated contains the 

average waiting times of each attraction for every hour it is 

operating, so it uses the same format as the original spread-

sheet that is input in the model but with the waiting times 

for every hour instead of the number of people for every 

five minutes. 

 

To make the most of the data obtained in the simula-

tions, a Power BI dashboard has been designed. Power BI 

can provide interactive but at the same time intuitive visu-

alizations and can be easily connected to Excel spread-

sheets. These visualizations can help the company visual-

ize the data obtained and get crucial insights about the 

queues’ behavior and their waiting times throughout the 

day. 

 

As can be seen in figure 6, the dashboard has been de-

signed to have just one page where information from all 

the attractions is displayed. There are charts related to both 

waiting times and the number of people in the queues. The 

visualizations also show data throughout the day and be-

tween the two parks that conform to the whole amusement 

park. Additionally, there’s also a filter on the top right cor-

ner of the figure that can filter all the charts on the dash-

board by these two parks. 

 

Power BI also has the feature of filtering the charts depend-

ing on what you click in the dashboard. For example, it is 

possible to filter by one of the attractions or by a specific 

hour of the day by simply clicking on what you want to 

filter by. Once you click what you want to filter by, all the 

charts in the dashboard will automatically and instantly 

update, and by clicking again the filtering will be removed. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6: Power BI dashboard 
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5.5 Alarms 

As mentioned previously, the implementation of alarms 

isn’t a critical part of this project as these alarms are not 

useful to the park’s management at the moment, but they 

are looking forward to working with real-time data in the 

near future using cameras and different recognition tech-

niques to obtain the number of people waiting in each 

queue at every moment. Once this technology is imple-

mented in the park the alarms will be really useful as they 

will be able to alert the park’s management when a queue 

is exceeding a previously defined limit in real time. This 

system will give the park’s personnel the opportunity to 

take immediate action when queues become excessively 

long. 

 

The use of real-time data in the park will allow the man-

agement to implement a lot of new technology that 

couldn’t be used before and that will provide a whole new 

world of possibilities. Additionally, if the park exploits 

these possibilities, it will improve the visitors’ experience 

and allow them to manage a lot better the queues. 

 

The dashboard designed for this project has been up-

loaded to the platform Power BI Service [12], a cloud-based 

platform that allows users to publish, share, collaborate 

and view dashboards. This platform provides multiple 

functionalities such as apps, datasets, automatic reports, 

and alarms. While not all types of visualizations support 

alarms, certain plots such as Gauge Charts, Line Charts, 

and Scatter Charts do offer alarm integration capabilities. 

 

The alarm has been created in this platform and inte-

grated into the dashboard’s Gauge Chart, which can be 

seen in figure 14, as it represents the total of people in the 

queue through all the attractions of the park. This value is 

compared to the maximum number of people expected to 

be in the park at the same time, which is currently set at 

35.000 but can be modified later by the park’s manage-

ment. Keeping in mind the current dashboard doesn’t 

work with real-time data, this is the best visualization for 

integrating an alarm as it allows the park’s management to 

receive an alert at the end of the day if the sum of all the 

queues has exceeded a limit they had previously defined. 

This limit can be modified and even multiple alarms can 

be integrated in the same visualization with a different 

limit each. These features give the management more flex-

ibility and allow them to have better control of the park. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7: Creation of the alarm 

 

As mentioned before, the alarms can send email notifi-

cations when the queues exceed the defined limits. These 

emails are automated and contain relevant information 

about the current state of the dashboard. They also contain 

a link that directly sends you to the dashboard. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8: Automated email 

 

5.6 Proposal of alternatives 

After creating the queuing model, designing the Power BI 

dashboard, and analyzing all the results obtained I was 

able to get a better understanding of the queues’ behavior  

in the parks. The insights obtained allowed me to identify 

the weak spots of the current queuing strategy and pro-

pose improvements as well as alternative queue manage-

ment approaches. The following three strategies are sug-

gested: 

 

1. Enhance queue entertainment and engagement: the 

principal problem with queues in amusement 

parks is that visitors go there to have fun but spend 

hours in boring and tiring queues. My first 
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proposal, and the simplest one, is to incorporate en-

tertainment and engagement activities in the 

queues to make the wait more enjoyable for visitors. 

These may include interactive displays, games, and 

themed elements. These activities not only reduce 

boredom but also make the perception of a shorter 

wait time and enhance visitor satisfaction. 

 

To go a step further, once the park can work with 

real-time information about queues, a group of en-

tertainers could go to the attractions with the long-

est queues by accessing real-time data. This way, 

the busiest attractions’ queues would be a lot more 

enjoyable. 

 

2. Implementation of a virtual queue system: this 

strategy allows visitors to reserve a spot in the most 

popular attractions through their phones. This way 

they don’t have to stay physically in the queue for 

a long time. Instead, they can explore the park 

while they are virtually waiting and will receive a 

notification once their turn is approaching. This 

system improves the visitor experience as it allows 

them to do more activities throughout the day in-

stead of spending hours just waiting. 

 

A month ago, the widely known park PortAventura 

announced the future implementation of this sys-

tem in one of its most popular attractions [13]. The 

queues will be managed through a free app and 

will feature a countdown to precisely know when it 

will be your turn. 

 

3. Real-time recommendation for alternative queues: 

this system consists of implementing digital signs 

and screens in the most popular attractions. These 

screens will recommend to the visitors waiting in 

the busiest attractions some nearby and similar at-

tractions with shorter queues. This way, people 

who don’t want to wait for that long will be given 

alternatives which are close and similar to their cur-

rent attraction. This system will help reduce the 

longest queues while relocating visitors to less pop-

ular attractions. 

 

To identify which are the best attractions to recom-

mend, a matrix of similarity will be designed so that 

all attractions have a value that represents the sim-

ilarity and proximity towards other attractions. The 

most similar attractions with the shortest queues 

will be the ones displayed in the digital screens for 

that ride. 

 

Ideally, this system should rely on real-time data 

from all attraction queues. However, in the absence 

of such data, recommendations can be based on in-

formation provided by employees working at 

nearby attractions with shorter queues. In this sce-

nario, the attractions displayed on the digital 

screens would constantly need to be manually up-

dated by the employees at the respective attraction. 

6 RESULTS 

This section focuses on presenting and analyzing the out-

comes obtained throughout this project, going from the 

queuing model to the Power BI dashboard. 

 

6.1 Results of the predictions and plots 

The results of the model are really realistic as the wait-

ing times are higher in the most popular attractions and 

lower in the least. The hour of the day is also an important 

variable, as in the first and last hours there are fewer peo-

ple in the queues and, therefore, the waiting times are 

shorter. This can be seen in figure 9, which is the output for 

one of the executions of the queuing model colored de-

pending on the waiting times. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9: Colored output spreadsheet of the model 

 

As the actual data is not real and it had to be created 

synthetically, it is obvious that the waiting times have a big 

dependency on the attraction, as the best rides always have 

the longest queues. On the other hand, this is actually what 

happens in real parks, as there are a few attractions that 

everybody wants to ride and are always full. If we take a 

closer look at the numbers, we can see that they are all be-

tween approximately 2 and 50 (minutes). According to 

these results, we can imagine this would be a quiet busy 

day at the park. 

 

Now, let’s take a look at one of these simulations. We 

can analyze each simulation by plotting its Gantt chart. For 
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example, in figure 4 we have a simulation with a total of 

178 people in the queue. In this case, the number of people 

waiting maintains at approximately 80 users along most of 

the simulation, until all the people have joined the queue 

and the remaining rides are completed, where we can see 

that the number of people waiting is constantly getting 

lower.  

 

This could represent that there’s a limit where people 

would consider that the queue is too long and it’s not 

worth it to wait for that much time, so they go to other at-

tractions or spend their time somewhere else along the 

park. These insights will be really useful later on for the 

proposal of alternatives and conclusions. 

 

If we move on to figure 5, which is the last plot made 

with Python’s Matplotlib, we can see the comparisons be-

tween the most and least popular attractions in the simu-

lations. The first plot represents the one with the least peo-

ple, the last one is the one with the most people, and the 

plot in the middle represents the attraction that is closer to 

the average waiting time of all the simulations made. 

 

We can see in color red that the waiting times go from 

an average of almost two minutes to almost an hour in this 

case, having an average of about 15 minutes. These values 

come from the output file shown in figure 9 and can give 

us some ideas of if that day was really busy for the employ-

ees or if it was a quiet day. 

 

As these plots are histograms, the bars represent the 

number of times each value in the x-axis has appeared in 

the data. So, it is really obvious that the most repeated 

waiting times in these simulations are the higher ones. This 

can also be seen in figure 4 where, as mentioned before, the 

maximum number of people waiting at the same time is 

repeated throughout most of the simulation. This means 

that the arrival rate is similar to the departure rate, or the 

rate at which people leave the queue to get in the rides. 

Once again, this demonstrates that it is possible to define a 

limit where people no longer feel like the attraction is 

worth all the wait time. 

 

6.2 Results of the dashboard 

Lastly, we will examine the results and visualizations of 

the Power BI dashboard. Starting with the column chart, it 

is a crucial visualization as it illustrates the average waiting 

times across all simulations for each attraction. By analyz-

ing this data, the company can get a better understanding 

of the current popularity of attractions. Moreover, all the 

charts in the dashboard use a color scheme that categorizes 

attractions based on the specific park they belong to. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 10: Dashboard’s column chart 

 

If we take a closer look at figure 10 it is obvious that 

most of the attractions with the longest queues belong to 

the same park, while only a few rides in the other park 

have that many people in their queues. Therefore, there is 

a big difference between either the management of both 

parks or the number of people who go to each park. We 

will need more information to identify which is the cause 

of this difference in waiting times. 

 

The dashboard’s area chart also visualizes the average 

waiting times, but this time in relation to the hour of the 

day. It is noticeable that as well as in the previous chart, 

one of the parks has higher waiting times on average 

throughout the day. We can also appreciate that the wait-

ing times drop to zero for the red park once it’s 17:00. The 

reason for this is that this hour is the park’s closing time 

and, therefore, all the data goes to zero at that moment. 

There’s not a lot more to see in this figure except for the 

detail that the longest queues tend to form between 15:00 

and 17:00. This is really valuable information for the park 

as the management can plan its resources and personnel’s 

schedule based on this data. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 11: Dashboard’s area chart 

 



ORIOL PRAT FONT:  PREDICTION OF QUEUE WAITING TIMES 9 

 

Moving on to the doughnut chart, this one is really sim-

ple while giving interesting information, as it shows the to-

tal number of minutes that people have spent their time 

waiting in a queue for all the simulations. This visualiza-

tion gives information about the number of people who go 

to each of the parks and it can also be useful for managing 

the number of employees in each park. 

 

There is a big difference between the waiting times in 

each of the parks. This information helps us understand 

the cause of the difference in waiting times identified in 

figure 10. By seeing that more than 85% of the waiting time 

is accumulated in just one park it is obvious that this park 

is the most visited and has the most popular rides, while 

the park colored in red has fewer attractions and, therefore, 

the total waiting time is lower. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 12: Dashboard’s doughnut chart 

 

The figure 13 shows the relation between the number of 

people who join a queue and the waiting time for all the 

attractions. The figure displays a straight line. The cause of 

this is that the data used in the simulations is synthetic. If 

this project could have used real data the dots in this plot 

would still be in a straight-line-like distribution but it 

wouldn’t be that obvious, as some rides would have more 

waiting time for fewer people and vice versa. However, 

due to different circumstances, it wasn’t possible to use 

real information from the park. 

 

By looking at the gridlines in the figure we can say that, 

approximately, for every 500 people who get in a queue 

there are 15 minutes of waiting time. Identifying this ratio 

is important for the park as it allows the management to 

predict the queue length of their rides with just an approx-

imate value of how many people will visit the park. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 13: Relationship scatter plot 

 

The last chart represents the average number of people 

waiting in the queues compared to a previously specified 

limit. The limit defined at the moment is just provisional 

and can be modified in the future as this value should be 

defined by the park’s management. 

 

If the number of people in the queues is higher than the 

limit defined by the park, it means that there are too many 

people waiting and the park’s management needs to do 

something to prevent that number from rising even more. 

For this reason, an alarm has been created in this project. 

The alarm is activated when the limit previously defined is 

surpassed. This way, if in the future the park has the tech-

nology to work with real-time data, the employees won’t 

have to constantly be looking at this chart. Instead, an 

email will be sent to them when the number of people in 

the queue is higher than the limit. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 14: Dashboard’s gauge chart 

7 CONCLUSIONS 

The queuing model visibly works and the simulations gen-

erate realistic waiting times. By using the four models cre-

ated, within just a single click and a few seconds the system 

generates representative plots of the simulations and an 

output file with all the waiting times. Then, this file can be 

inserted into the Power BI dashboard to get more 
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information and easily analyze the outputs. On the other 

hand, real data from the park can be used in the dashboard 

instead of simulation outputs. This will make the insights 

obtained from the visualizations a lot more useful and ap-

plicable to reality.  

 

However, there are a few pain points about the systems 

developed during this project. The queuing model has 

been tested with synthetic data, as due to the circum-

stances given real data from the park couldn’t be used. Be-

cause of this, the outputs obtained may not be as precise 

and similar to reality as they could have been with real 

data. Additionally, to use real data in the queuing model a 

few modifications may have to be done in the model as it 

has been designed to be used with the synthetic data gen-

erated for the project. 

 

As real waiting times of attractions weren’t received 

from the park, there are no data to compare the results ob-

tained to. However, considering the number of people in 

the synthetic data and the length of the queues in the sim-

ulations, the results obtained are similar to reality, or at 

least as close as possible with the little real information 

about the park and its rides that was obtained during this 

whole project. 

 

Moving forward to the dashboard, I think it is a really 

useful tool for getting a better understanding of the data 

obtained from the simulations and analyzing real data 

from the park. Again, if the park’s management wanted to 

implement real data to the dashboard instead of using out-

puts from the simulations, a few modifications to the dash-

board would be needed, as this real data may have a dif-

ferent structure compared to the synthetic data generated 

at the beginning of the project. 

 

This project moves the park’s queues a step closer to 

technology as its current queue management system is re-

ally rudimentary and almost inexistent. I feel like the three 

proposals presented to reduce waiting times or make 

queues more enjoyable should be considered, even if they 

currently can’t be implemented, because they will help the 

park’s management realize the potential they have in 

queuing systems and the importance of using real-time 

data. If I can make them notice the potential in the park I 

am more than satisfied with the outcome of this project. 

 

Finally, I have realized that by using real-time data and 

designing a good queuing system with a well-thought 

queuing strategy behind it, the park would gain a lot of 

visitors and customer satisfaction would increase astro-

nomically. It would be a relatively small investment that 

would totally pay off and definitely give more popularity 

and prestige to the park. 
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