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 This paper explores a simulation tool that could be used to calculate more 

accurately the number of work days it would take a software test team to complete 

a job on a certain amount of stories and compare the results to conventional static 

methods. Based on historic data, we were able to create variables and 

parameters for probability distribution functions in the simulation model. At the 

same time, functions were programmed inside statecharts to predict the amount 

of work days needed for the test team to complete. Additionally, an 

implementation of a tester work time off was added into the model in order to 

provide realistic results. 

 Comparisons were made between the results of the simulation executions 

and static calculations based on the historic data using Excel spreadsheets for 

the total number of work days spent by a defined number of testers. The results 

showed that the difference between the two increased as the number of testers 

increased. Similarly, when the “out of the office” (time off) option was selected in 

the simulation, the number of work days was higher. At the same time, it was 

found that an increase of tester workers decreased the total of workdays and 

reduced the teams’ time off. 
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We were able to show the potential of a more realistic system that may 

help with the test planning predictions in a software development environment. 

The intention of the simulation is to offer a planning and decision support tool for 

project managers. 
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Introduction 

The work offers a testing model and simulation to estimate the time it 

takes a software test team to complete the testing process of a planned number 

of user stories for a scheduled project in an agile development environment. 

According to Lens Bass, Paul Clements and Rick Kazman in Software 

Architecture in Practice [1], a user story describes a set of characteristics in 

order to demonstrate the progress of the development of a project to the 

customers; it also describes how each feature of the product is independently 

designed and implemented. However, project planning for software 

development is usually filled with risks and uncertainties: late changes in 

business requirements during the development process or regression testing of 

the software release, lack of resources (unexpected employee's illness, 

departure), difficulties with modules integration into the software application, 

changes to external dependencies (for example, library dependencies) and 

reduction of funds to the project are few examples. Due to these type of risks, 

the deadline for the product release may be compromised. At the same time, the 

testing of a product code may also be compromised due to a wrong release date 

estimates in the project planning or difficulties from the development team to 

solve existing opened defects.  

Software development process measurements can be tricky and difficult 

to execute. Programmers’ and testers’ abilities are extremely important in the 

timely release of a product version. Therefore, part of project planning is to 

administer and allocate the necessary resources in the right place during the 
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development and execution of the planning on every single iteration. In other 

words, a software product benefits directly from the management and allocation 

of resources like programmers and testers into the different tasks in the software 

development of a product. 

In the process of finding an available free simulation software that could 

be used for the specific purposes of this project few possible candidates were 

found. I decided to use a simulation software application called Anylogic. They 

provide dynamic simulation technologies and consulting services around the 

world for business applications and implementations. They also design and 

deliver software tools that specialize in system dynamics and agent-based 

modeling methods [2] using only one modeling language and development 

environment. The decision to use this tool was straightforward because the 

software offered a statechart tool, which was needed to implement the main part 

of my simulation. The version used in the project is the Anylogic 7 Personal 

Learning Edition 7.3.6. 

The purpose of this project is to demonstrate how accurately a simulation 

environment can be used to calculate time estimates as part of a testing 

planning in a software development project. The purpose of this software 

simulation is to function as a benchmark tool, not a final solution for project 

planning. 
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Data 

 All the data obtained prior to the simulation was obtained from work 

experience during the past year, gathering examples from the testing process 

within a test team of five (5) software quality assurance engineers, who test a 

full-stack web application that is proprietary business tool. 

 The beginning of the project was to compile the necessary data to be 

used for the simulation implementation. In order to accomplish this, I went 

through the test team historical data within one year period of work for a specific 

software project. This information consisted of emails threads, number of stories 

and test cases obtained from Jira and Quality Center, both software 

development and testing management tools. Consequently, the information was 

gathered and put into a spreadsheet in order to calculate for the number of 

stories each team member worked per day. 

 However, in order for the simulation to be accurate, the data and 

parameters had to be accurate and close to historical data as well. I proceeded 

to calculate the number of hours worked by each member of the test team and 

then the number of stories per hour by each individual. All based on an 8-hour 

work shift in a 5 working days per week. Therefore, the simulation could be 

accurate and closer to a real world application. 
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Fig(1) 

  

 In Figure 1, it can be seen that for each tester calculations were made 

and specific results were obtained. These numbers were assigned to the 

variables “Stories per Day”, “Number of Working hours” and “Stories per Hour”. 

Furthermore, Averages, StandDev, min, max and Median were used as 

parameters for the probability distribution functions. 

I continued to collect the total number of test cases executed by each 

individual of the test team. Analysis of this data yielded specific variables that 

would be used for the parameters into the simulation. In Figure 2 the displayed 

data corresponds to the variables of maximum, minimum, standard deviation 

and average number of test cases executed for each major release version of 

the software during the one (1) year period. It is important to point out that the 

testing cycle consists of different steps that may vary depending on the software 

company and the methodologies being implemented. For this project, part of this 

process consists of first, the creation of the test cases for a single story. Second, 

sharing the test cases description with the team consisting of business analysts, 

software architect, testers, project manager and the developer responsible for 
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coding the requirements of the story. And last, obtaining an approval from the 

team prior to proceed testing the story. 

 

 

Fig(2) 

  

 The simulation counts with an option called OOO as shown in Figure 3, 

which stands for “Out Of the Office”. Individual days off, sick days and holidays 

from each tester are taken into account in the calculations for the total number 

of days for the test team to complete the job. At the same time, it is important to 

point out that the parameters used in this optional selection are all based on the 

same historic data. At the end, the variables shown in the same figure were 

used in the optional OOO: Averages, minimum, maximum, median and standard 

deviation. 

 
Fig(3) 

 

 

 

 



6 
 

Implementation 

 The implementation of the Software Test Planning Simulation consists of 

a two design parts: the data input pre-simulation part and the design part. The 

data input pre-simulation part consists of a set of variables that will contain the 

defined values from the user perspective of the simulation tool. These variables 

are the number of testers; which basically is the expected number of testers in 

the team that will work in the testing phase. Second, the number of stories; 

which consists of the total number of stories planned to be worked during a 

specific release. And last, the planned working days; which is the target of the 

total number of working days planned for the test team to finish the story testing 

phase. In other words, it is up to the user to define the values that these 

variables will hold and determine how the simulation behaves. 

  At the same time, the design part consists of a set of statecharts which 

describes the behavior of the testing progress per hour by each member of the 

test team; these are the Behavior StateChart and the Out-Of-Office StateChart. 

Each of these statecharts is fed with a group of parameters using probability 

distribution functions containing the values obtained in during the investigation 

and data collection phase. 
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Fig(4) 

  

The Behavior statechart (Figure 4) is composed of two state phases: 

CreateTestCases and ExecutingTestCases. During the CreateTestCases state 

phase, the statechart is starting to count the number of stories being worked on 

per tester. It is also starting to count the total number of hours spent while 

creating the test cases for every single story; the name of this variable is called 

“totalHours.” A transition occurs to the ExecutingTestCases state when two 

counter variables are tested and meet a status: 1) when a tester finishes 

working on a story; and 2) if the total number of stories worked on is less than 

the defined number of stories expected to be completed. 

 During the ExecutingTestCases state phase the same variable, 

totalHours, is used to count the amount of time each tester will spend executing 

each test case created per story. At the same time, during the same cycle the 

statechart keeps count of the total of number of hours a tester tests each story. 
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 The statechart transitions back to the beginning of the cycle when the 

number of test cases per story created is compared to value obtained from the 

function called TestCasesPerStory(). This function calls to a normal distribution 

probability function, which takes the minimum, maximum, mean and standard 

deviation values for the number of test cases per story. These are values based 

on the historical data. In all, the probability function is called normal(1, 96, 

9.63616, 11.45992408). If the calculated value of test cases per story is higher 

than the resulting value of the normal distribution function, then the cycle in the 

statechart returns to the beginning state phase CreateTestCase and the total of 

test cases created is added. 

 A second statechart called OutOfOffice Statechart as shown in Figure 5, 

corresponds to the Out of the Office (OOO) option that can be selected by the 

user prior the execution of the simulation. As described before, it takes into 

account the effect of a tester taking days off work, e.g. sick days, personal days, 

religious days, vacation days, and others.  

The statechart consists of three state phases: “start”, “OOO” and 

“InitialState”. The simulation enters “InitialState” when the option variable 

“varIsChecked” has been set to true, meaning that the simulation will be 

executed taking into account the OutOfOffice Statechart. This statechart works 

by counting the values obtained from a function called “parOOOPerDay()”, 

which consist of a normal distribution probability function containing the values 

based on the historical data from each test team member. A variable called 

vOOOPerDay acts as a counter holding the sum of values obtained by the 
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distribution function until the value of this counter variable reaches 1. Once this 

occurs, the state changes to the “OOO” state phase. This state holds the 

number of working days being Out Of the Office by a single tester. At the same 

time, other variables within the statechart are reset. The state cycle loops 

indefinitely until the Behavior StateChart finishes. 

 

 

Fig.(5) 

 

The OutOfOffice StateChart affects the Behavior StateChart only when 

the selection has been made, and defines the execution process by determining 

the number of testers out of office on a single working day. A calculation is 

made by a simple uniform probability distribution function that takes two 

variables, a possible minimum and maximum number of testers. The minimum 

possible value will always be zero (0) and the maximum possible value will be 

the value defined by a slider value set by the user prior the execution of the 

simulation. The resulting value is held in a temporary variable within an “if” 
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statement shown in Figure 6, which adds to the calculation the total number of 

stories being tested inside the Behavior StateChart. 

 

 

Fig. (6) 

 

 If the user does not select the OOO (Out Of Office) checkbox prior to 

executing the simulation, then the Behavior StateChart will take into account the 

maximum possible work hours available from the total of number of testers set 

by the user. 
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Results 

 After testing the model while investigating he dynamics and flow of the 

simulation being executed, the results proved to be quite interesting. The final 

numbers obtained varied from each execution, proving that the probability 

distribution functions in the statecharts design were working as expected. 

 

.

 

Fig. (7) 

 

 I benchmarked the simulation model based on the user settings for a total 

of 5 testers, a total of 30 stories for the number of stories and a target of 50 

working days. These are the numbers that the user can set as input values for 

the execution of the model and compare the target working days to the 

simulated product. An example simulation execution can be seen in Figure 7. 
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 Because the output values from the probability distribution functions 

varied from every single execution, it was necessary to gather a complete set of 

trials using the mentioned input values. I gathered a total of 20 executions in 

total, enough to calculate an average from each execution for the simulated total 

of working days. 

After a total of twenty (20) executions, the average for the simulated total 

of working days was 36.7. Again, this is what it would take a total of 5 testers to 

work on a total of 30 stories in any given period of time (Figure 8).  

 

 

Fig. (8) 

 

 In order for these numbers to be meaningful it was important to make a 

comparison between the simulation results and calculations based on the same 

historic data used in the simulation. Using a spreadsheet in Excel, I calculated 

the number of working days it would take for a team of 5 testers to work on 30 

stories, the same amount used in the benchmark of the simulation. I call these 
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calculations static, because they are not based on probability functions, but just 

on historic data numbers. And in this case, the calculated average was a total of 

30 working days as shown in Figure 9. This is a difference of 7 working days in 

total, meaning a delay of a week and a half between the two calculations.  

.  

Fig. (9) 

 

 The difference between the static calculated total of working days and the 

simulation is understandable. The model and static calculations uses the same 

historic data. However, the simulation model takes advantage from it by injecting 

the data as parameters into into probability distribution functions. As a result, the 

output of these functions will vary from each execution affecting directly the 

statechart states. 

 A typical development cycle of 30 to 60 days could not tolerate 7 working 

day extension to the testing period. The result may be a release delay, release 

without sufficient testing, reallocation of resources and extra hours for the 

completeness of the product version prior its release. Releasing a product 

without sufficient testing runs the risk of handing a product to clients with high 
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number of possible defects. At the end, the company will have to take a higher 

risk and face the possibility of spending more money than planned. 

 I wanted to extend further my investigation of the results obtained from 

the total number of simulated calculations. For the total of 20 executed 

simulations some of the results repeated more than others. So I wanted to find 

the percentages for these numbers and compare it to the total average 

calculated. The total work days needed to complete 30 stories varied from 35 to 

40 days in total. The number that repeated the most was 36 work days for a 

40% of the time. The next value that repeated the most was 37, occurring 25% 

of the time. The least frequent were the estimated work days of 38 and 40, each 

repeated in 10% of the simulated executions. 

 Similarly, I compared and analyzed the simulation and static calculations 

for a total of 30 stories but using only 1 tester in the process and see how the 

model behaved. The simulation executions resulted in an average of 140 work 

days, while the theoretical calculation resulted in a total of 149 work days. The 

range of values in the calculated work days from the simulation varied from a 

minimum of 135 to a maximum of 148 working days and a standard deviation of 

3.21 working days (this value could be averaged to 3 working days if desired). 

So basically, the maximum simulated value was almost the same to the 

theoretical calculated value from the spreadsheet. 

 This difference between the simulation and the static calculation could 

mean that the model is more precise processing the historic data for making the 

calculations. While the number of testers increases, it is understandable that for 
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the same number of stories the total work days needed to finish the job 

decreases. This result is the same in the static calculations. However, in the 

simulation model while the number of testers’ increases the margin of error 

increases. In Figure 10 it can be seen that the number of work days needed by 

a single tester is higher with the static calculation. Nevertheless, the curves 

cross just before a second tester is added and the difference in number of work 

days to complete the job increases while the total of number of testers 

increases. 

 

Fig.(10) 

 

 The information obtained in this comparison is quite interesting in that 

both calculations (simulated and static) are based on the same historic data. But 

the model is yet to estimate the total of work days taking into account the 

statechart for the “out of the office” option. I then executed the simulation in the 
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same manner with the OOO checkbox option selected. I executed a total of 20 

times per each number of testers starting from 1 and finishing with 10. I 

expected the difference between the model and static total number of work days 

would be higher without the OOO checkbox option selected. 

 

 

Fig.(11) 

   

 In Figure 11, the difference between both simulated with the OOO option 

selected and theoretical calculated values is higher. However, this difference did 

not seem to be as high as expected. I think the reason of this might be very 

simple. For a single tester, the number of work days to finish the job on stories is 

longer given that the tester is the only one in the team, as noted in the 
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theoretical calculations. So, it can be assumed that as a single tester’s time off 

from work is increased, the number of work days increases. As a consequence, 

as the number of tester increases and the number of work days decreases, the 

average of the time off days for the amount of testers decreases too. This is why 

the difference is increased between the model and static calculations but 

remains steady while the number of testers increases. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



18 
 

Conclusions 

 This project successfully modeled and executed a scheduling simulation 

system for software testing. The model needed to be accurate in its calculations 

and projections, so historic data was obtained and represented as parameters 

used in probability distribution functions inside a group of developed statecharts. 

We also were able to compare these results to the static calculations from a 

spreadsheet using the same historic data. After an extensive analysis of 

execution results, it was discovered that while the number of testers’ in a test 

plan increased, the margin of error of total of workdays to complete the job 

increased. It was also found that using the OOO (Out of Office) option in the 

simulation would impact in the final results by adding more workdays in the final 

calculations. However, this value decreased while the number of testers were 

increased, not adding a big significant value to the final simulated total of 

workdays when the test team members was high. 

 We can conclude that this model is not a means to a final solution to 

schedule any testing process in a software engineering project. Instead, the 

intentions of this simulation project were to prove that simulations could also be 

used as tools by project managers for test planning in a software development 

environment. At the same time, we see how simulation dynamics could be 

beneficial in the software planning based from historic data. It is also important 

to mention the advantages of using simulation tools. In this project, the 

simulation using statecharts and probabilistic functions conveyed the dynamics 
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of the model to more realistic calculated values depending on the users input 

variables.  

 The historic data used in this simulation which fed the parameters and 

probability distribution functions was all based real project data. It is possible to 

extend this simulation model by giving the opportunity to the user to enter their 

own historic data as variables for the parameters and functions. Therefore, this 

could help any engineer or manager to create custom simulations and plan for 

their own project scenarios. 
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