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The stereotypical Lean Six Sigma DMAIC project has a nice process 
that produces data at a rapid enough rate that you can evaluate 
improvements during the project, but what options do you have if 
that is not the case?   
 

Using Monte-Carlo simulations can be a powerful way to estimate future performance 

without having to actually pilot test or prototype the improvements. 

 

A common area where the Monte-Carlo Simulation tools can be used is when there is 

information on the process, transaction, or process for individual operations or 

characteristics, but no data on the combined performance.  In these cases you use 

the individual operation or characteristic data as inputs to a simulation program and 

let the software provide an estimate of the combined performance. 

 

Most Lean Six Sigma practitioners are well schooled in the understanding of random 

variation in all data sources.  This knowledge provides them with a great start in 

building a simulation model.  Each process step or product condition is modeled in 

isolation to gain a picture of its performance that can be described as a distribution of 

data.  They are either continuous distributions (such as a normal, lognormal, Wiebull) 

or an attribute distribution (such as a binomial or Poisson distribution).  With a little 

thought you can estimate almost any condition found in a process with an equation or 

conditional probability.   
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The last preparation step is to describe how all the individual process steps or actions 

are related to each other in the form of an equation or set of equations.  A simple flow 

chart may be enough to give you a lead on the equations, but it needs to be done. 

 

I will demonstrate the simulation process using @RISK from Palisade Corporation.  

This software is a powerful risk analysis add-in for Microsoft Excel.   

 

A standard modeling process will be used to generate this simulation 

 

 
 

I will consider a Lean Six Sigma project to solve a problem with field failures of a 

product that was part of a larger assembly.  The improvement project had identified 

the problem and provided a solution that would completely eliminate future failures, 

but now that the cause was known, what was the risk to the existing installed base of 

the assembly?  There were known failures along with new knowledge that was 

developed during designed experimentation efforts during the project. 

 

Experimentation determined that there were three key factors in the failures; usage 

rate, temperature, and a positional factor.  The next step was to describe each of 

these with an equation or data distribution. 

 

• Usage rate information was found in the design documents, in units of 

movements per year, a Wiebull distribution. 
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• The failure rate was determined with a Design of Experiments.  Two 

temperatures were evaluated along with three installation configurations; both 

showed to be significant.  The failure model was based on a lognormal 

distribution. 

• The configurations were designated as standard (0), Counter Clockwise 

rotated (CCW) and Clockwise rotated (CW).  A sample of installed products 

showed the ratio to be 50:30:20. 

• Failure rates increased with temperature.  Although only two temperatures 

were evaluated, the installed base was described with different ratios of cold 

and hot cycles.  An assumption was made that there was no memory in the 

system which allowed the model easily combine the hot and cold cycles rather 

than by following a seasonal calendar. 

• The distribution of installed units will be estimated as 60% in the south region 

and 40% in the north region.  The north region will be modeled with 6:4, hot to 

cold cycles.  The South region will be modeled with 8:2 ratio of hot to cold. 

 

This information could be developed as part of any Lean Six Sigma Project.  Well, in 

this case there was a design of experiments using censored reliability data, which is 

not a common method, but fully possible using most statistical analysis software. 

 

The next step is to describe a predictive relationship in an Excel spreadsheet.  The 

key concept is to pick a moment in time for the analysis, which was the end of the 

warrantee period, i.e., three years.  The spreadsheet will use a combination of the 

location and installation configuration to estimate the cycles to failure.  This value is 

compared to the estimated usage cycles at ten years.  If the usage cycles exceed the 

calculated cycles to failure, then the unit is considered to have failed. 
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Now, each of the input variables needs to be described with a random pattern.  This 

is the first place where the @RISK software comes into play.   

 

Input Knowledge Function 

Region 60:40 =RiskBinomial(1,.6) 

Installation 30:50:20 => CCW:Std:CW =RiskDiscrete({-1,0,1},{3,5,2}) 

Failure model Lognormal =RiskLognorm2(location,scale)

  Location & 

Scale 

Result of a reliability Design of 

Experiment 

 

Cycles per year Weibull Distribution from 

Customer Voice Experts 

=RiskWeibull(1.2385,563.02) 

 

 

The design of experiments (DOE) that provided the failure model was analyzed with 

Minitab, using the “regression with life data” function.  The output data for the DOE 

included censored and uncensored data, because of test samples that did not fail in 

the test period.  Censored Data makes standard experimental design analysis 

methods invalid.  Analysis of the DOE data was performed using the Life Regression 

function in Minitab to allow for the use of censored data.  The DOE was a fractional 

factorial with four factors designed using Minitab which was applied to each of the 

three position.  Ten units were tested at each combination.  Temperature and position 

were the only two factors found to be significant in the testing. 

 

The data was analyzed using temperature as a continuous factor and the position 

being represented by two indicator variables.  In the life data regression function, the 

scale term is constant and the regression equation predicts the location parameter.   

 

Predictor Coef 

Intercept 11.0082 

Temp 0.0100902
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Position  

Std -2.01347 

CW -2.35203 

Scale 0.815697 

Regression Solution 

 

 

The modeling of the entire system involved a series of random draws from the source 

distributions and then calculating that installation’s predicted failure point.  The failure 

point was compared with a randomly estimated usage rate for a ten year lifetime.  If 

the failure point exceeded the estimated usage rate at ten years the unit was 

considered good.  If the failure point was less than the estimated usage at the ten 

year point, it was considered a failure. 

 

• Model logic

Choose 
orientation 
and region

Estimate reliability 
model for that 

orientation

Use region to set 
the ratio of hot 
and cold cycles

Randomly select 
the cycles per year 
for that installation

Calculate 
cycles to 

failure (CTF)

Multiply by 10 
to get Total 
Cycles (TC)

If TC > CTF
the unit has 

failed by 
year 10

@RISK to
collect cases

and report 
results  

 

@RISK ran the simulation for 400000 iterations in order to gain convergence to the 

third significant figure.  The larger sample was needed because of the mixture of 

distributions being used to generate the predicted output.  The final result was an 

estimated 81% survival at ten years.  The @RISK output report is shown below. 
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@RISK Output Results
Performed By: rhaynes
Date: Thursday, November 13, 2008 3:00:05 PM

Name Cell Graph Min Mean Max 5% 0.95                     

cold life (cycles) B21 142.8776 39662.24 2768454 2653.603 162299.3

hot life (cycles) B22 122.2329 25276.19 1495881 1683.262 103578.6

Estimated Cycles to Failure for 
product based on region 
information

B24 475.1191 29281.46 1173944 2954.609 113330.5

Margin at 10 years (cycles) B28 -35789.53 24026.33 1170342 -5760.729 108175.8

Estimate life at failure (years) B30 0.3115646 231.7131 1878387 4.302628 621.1298

Still Operating at 10 years B32 0 0.80614 1 0 1

 
 

 

The input report is also included to show the nature of the input distributions for the 

two regions.   

 
@RISK Input Results
Performed By: rhaynes
Date: Thursday, November 13, 2008 3:00:00 PM

Name Cell Graph Min Mean Max 5% 0.95                     

usage rate per year B9 0.006217892 525.5134 5143.974 51.16137 1365.446

Configuration B13 0 0.9 2 0 2

Region B15 0 0.6 1 0 1

Cycles_to_Fail_cold B21 4.961988 9.732862 14.8338 7.883674 11.9972

Cycles_to_fail_hot B22 4.805928 9.278805 14.21823 7.428489 11.54809

 
 

 

In these distributions, you can note the bimodal nature of the cycle to failure 

modeling.  This bimodal nature actually is driven by the two regions but there is also 

an additional spread in the distribution that is a function of the three installation 
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configurations.  It is this complexity in the predicted failure pattern that drove the need 

for a complex simulation model rather than a straight forward reliability analysis.   

 

Validation of the model was performed with a non-standard method, since the only 

existing data was highly censored, 104 of the existing 1000000 units had failed.  A 

censored data distribution fit was performed using Minitab.  The best fit distribution 

was selected and the predicted median, 5% and 95% point confidence intervals were 

compared to the values output from the simulation.  The simulation values fell within 

each of the confidence intervals, indicating a valid model.  A typical validation of a 

simulation model involves a comparison to a set of uncensored data, where a two 

sample t-test is used to compare the two means and a test of two variances are used 

to compare the standard deviations.  If both tests have a p-value greater than 0.05 

the model is considered to be valid. 

 

In summary, after a DMAIC analysis of the failure problem, the business process was 

modified in order to eliminate any future failures within the expected 20-year installed 

life, and the simulation model estimated the latent liability in the installed units over 

the first ten years of use.  The model could also be used to predict failures at any 

period in the life cycle.  There was no other method available to use a complex failure 

model to predict installed survival rate. 


