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Abstract: Employers often struggle with a cost-efficient way to schedule workers and handle overtime. 
Paying employees overtime is a very inefficient and expensive way to keep a department going. In this 
paper, we will analyze data from New York City public workers to explore what factors influence the 
amount of overtime workers have accumulated. We are particularly interested in the factors that predict an 
increase in overtime and how to possibly adapt them. To accurately answer these questions, we use R-
Studio to analyze the predictor variables that would impact overtime for each New York City borough. We 
further analyzed the differences in overtime per Borough using ANOVA. Follow-up tests were performed 
using pairwise comparisons; differences per borough were corrected for multiple comparisons using 
Scheffe’s method. After thorough analysis, we perform multiple regressions on each Borough. 

1. INTRODUCTION 

Human resource management is an old problem that has been somewhat automated in the last decade, 
but efficiency continued to be a problem. Machine Learning and AI have risen to new heights and 
presented researchers and company CEOs alike a chance to reimagine how they tackle human resource 
problems. However, this has not been easy because it is nontrivial to measure the value of Machine 
Learning in human resources. But due to the recent advances and inherent sophistication of Machine 
Learning Algorithms, predicting employees’ attrition, overtime, work intensification, and turnover is not 
only valuable and possible, but it is measurable now.  According to Faggella, “executives and leaders 
need information that helps them point people in the right direction; information—sales data, KPIs, etc.—
change over time, and machine learning can react faster than people in helping draw out the insights and 
inferences that might otherwise take reams of manpower or not be uncovered at all” (Faggela, 2019). It is 
from this perspective that we embarked on this work. One specific area of interest to us is overtime 
prediction. Paying employees overtime is a very inefficient and expensive way to keep a department 
going. As such, we were interested in the factors that predict an increase in overtime and how to possibly 
adapt them. While our solution is generalizable, we specifically chose to analyze data from New York 
City public workers to explore what factors influence the amount of overtime workers have accumulated. 

The act of requiring and expecting overtime can lead to a number of issues. Excessive overtime 
promotes a decrease in productivity and an increased likelihood for accidental injury (Golden & Wiens-
Tuers, 2005; Thomas & Raynar, 1997). Overtime can also be highly disruptive to work-life balance, 
promoting burnout and possibly disengagement from one’s job (Bernstein & Eisenbrey, 2013; Thomas, 
et al., 1997). Aside from mandatory overtime, individuals will also seek overtime to supplement a low 
salary (Bernstein, et al, 2013). To tackle the specifics of this problem, we organized our paper in the 
following ways: We surveyed the literature in section 2. Section 3 delves into our method and discusses 
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the details of our hypothesis and the standard Data Analytics life cycle. We summarized our results in 4 
while providing further discussions on our specific hypotheses and future direction in section 5. We 
concluded our paper by providing access to our datasets and the code in section 6 and references in section 
7.  

2. LITERATURE REVIEW 

While a decent amount of work has been done in this area, it is relatively new and the potential of 
Machine Learning and related algorithms has not been fully leveraged. However, several authors have 
managed to find interesting outcomes from related problems, though with slightly different sets of 
hypotheses. Avgoustaki (2015), for example, investigated a correlation between human resource practices 
and overtime as an indicator of work intensification. More specifically and using European Working 
Conditions Survey (EWCS), he used a negative binomial regression for modeling overdispersion. He used 
yi, count of overtime, as his dependent variable, which depends on the observed Xik and an unobserved ui, 
variables. Because the count variable, yi, has negative binomial distribution, he specified his model as 
followed: 

 

where ui = E{yi |xi}, σ2y = Var E{yi |xi}, Xik  is  n x K dimensional matrix indicating the number of 
independent variables (training, task rotation, productivity pay, gain sharing, teamwork, discretion over 
methods, discretion over schedule) (Avgoustaki, 2015).  

Barros and Araujo (2016) applied multi-objective optimization to learn overtime dynamics. In their 
work, they introduced formulation for the overtime planning problem specifically considering two 
variables namely the “positive effects of overtime on productivity” and its “negative effects on product 
quality.” Using heuristic search to explore close to optimal overtime allocations, they were able to analyze 
those allocations and concluded that concentrating overtime allocations in the second half of the project 
is desirable. They further cautioned that excessive overtime may lead a Project Manager to underestimate 
the project cost and duration by 5.9% and 9.2%, respectively. Lather et al. (2019) used Machine Learning 
Techniques to predict employee performance. Using a combination of algorithms in Support Vector 
Machine, Random Forest, Naive Bayes, Neural Network, and Logistic Regression, they were able to 
group employees based on clearly identified characteristics that included industry, educational level, and 
socioeconomic status. Then they classified the employees into 3 output classes indicating the level of their 
performances from low to high. Allen et al. (2009) conducted Regression Analysis to investigate 
employees’ retention and predict voluntary turnover. By contacting the National Association of State 
Government Chief Information Officers (NASCIO), the researchers were able to disseminate their survey 
to all the 50 state government IT Departments. They ultimately found mismatch between expectations for 
a career in IT with the IT workplace reality as one of the main contributing variables of voluntary turnover. 
Dhir and Chhabra (2019) proposed a neuro-fuzzy-based framework for performance evaluation in order 
to avoid manual processes that are marred with biases and nepotism. Their work resulted in the 
development of a framework known as the Artificial Neural Fuzzy Inference System (ANFIS), which can 
be used for learning and automated decision making and optimization in real time. “With an accuracy rate 
of 94.7% and an estimated RMSE error value of 0.0717, the proposed framework is fit for adaption in any 
real-life industrial scenario,” according to the Authors (Dhir and Chhabra, 2019). Wang and Shi (2009) 
conducted an exploratory study on the unpaid overtime working of China's software engineers and 
discovered six reasons that motivate them to accept unpaid overtime work. Hammer (1979) reviewed 
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legal implications for overtime pay for Programmers. From these examples, it is clear that Machine 
Learning algorithms have paved the way for better human resource processes and management that is 
more autonomous and efficient.  

3. METHODS 

Data for the current study was collected from a publicly available data set from the City of New York. 
The collected data was from the 2016 fiscal year and was collected in the City's Citywide Human 
Resources Management System.  For each state employee Agency, Agency Start Date, Work Location 
Borough, Job Title Description, Leave Status, Base Salary, Pay Basis, Regular Hours Paid, Regular Gross 
Paid, Overtime Hours worked, Total Overtime Paid, and Total Other Compensation (ie lumps, retro 
payments, settlement amounts) were collected and made publicly available.  

3.1. Data Preparation 

Only employees who reported some amounts of overtime were included in the analysis. The reason 
for excluding employees who did not report overtime is because we were interested in the factors that 
predict overtime and since numerous employees work under contract, overtime can go unreported.  

Initially, we examined the data set for possible outliers and examined minimum and maximum values 
to remove extreme values likely caused by recording error. We replaced NA values with 0 where it made 
sense and actually represented a zero value (i.e. Total Other Pay). The data set was then split by NYC 
Borough and after examining the data, it was clear that some boroughs didn’t have the sample size to be 
included in the study. The decision was made to only include Boroughs with more than 500 employees 
and these boroughs were combined into a single dataset. Boroughs included in the final model were the 
Bronx, Brooklyn, Manhattan, Queens, Richmond, and Westchester. 

After examining descriptive statistics, it was found that Base Pay, Total Overtime, and Total Other 
Pay were skewed (kurtosis > 3) and required transformation. All variables were normalized using log10 
transformation to balance variability and maintain the amplitude of differences between Boroughs. 

3.2. Statistical Analyses 

The differences per Borough in base salary, overtime, and total other pay were analyzed using Analysis 
of Variance (ANOVA). All significant main effects were followed up with pairwise comparisons. With 
each borough having a different sample size, it was decided that Scheffe's Test of correcting multiple 
comparisons was the most appropriate method. In simple terms, the Scheffe Test (sometimes referred to 
as procedure or method) helps us find out which pairs of means are significant. The Scheffe Test corrects 
alpha for simple and complex mean comparisons. Complex mean comparisons involve comparing more 
than one pair of means simultaneously. Defined formally, let Let μ1,..., μr be the means of some variable 
in r disjoint populations, then an arbitrary contrast is defined by : 

 

                                                         where 

 

If μ1, ..., μr are all equal to each other, then all contrasts among them are 0. Otherwise, some contrasts 
differ from 0 (Wikipedia, 2021). Following the ANOVA analyses, numerous multivariate regression 
analyses were performed to ascertain what variables might predict a change in Overtime Hours and Total 
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Other Pay, accounting for any significant differences observed from the ANOVA analyses. For these 
analyses, Base Salary was regressed on Overtime Hours for each Borough individually, then Multivariate 
Regression analyses were also performed for each Borough. Data was normalized prior to analysis, and 
As stated above, base salary was regressed on overtime hours for each borough individually, then base 
salary and total other pay were regressed on overtime hours for each borough. Standardized betas were 
also calculated separately for each regression model. 

4. RESULTS 

4.1. ANOVA 

4.1.1 Omnibus ANOVA 
Table 1: Fixed-Effects ANOVA results using OT Hours, Other Pay, and Base Salary as the criterion 

 
Predictor 

Sum 
of 

Squares 
df Mean 

Square F p partial η2 
partial η2  
90% CI 

[LL, UL] 
 (Intercept) 83636.80 1 83636.80 204474.57 <.001   
 OT Hours per 

Borough 1021.94 5 204.39 499.69 <.001 .01 [.01, .01] 

 Error 91162.36 222873 0.41     
(Intercept) 248245.30 1 248245.30 603164.39 <.001   

Other Pay per 
Borough 648.60 5 129.72 315.18 <.001 .01 [.01, .01] 

Error 90616.53 220172 0.41     
(Intercept) 430438.53 1 430438.53 7888581.32 <.001   

Base Salary per 
Borough 27.44 5 5.49 100.57 <.001 .00 [.00, .00] 

Error 12161.28 222878 0.05     

4.1.2 Overtime Hours 
Westchester indicated the lowest amount of overtime hours. Westchester overtime hours were 

significantly lower than Manhattan (p < .001), Brooklyn (p < .001), Bronx (p < .001), Richmond (p < 
.001), and Queens (p < .001). 

 

Figure 1: Hours of Overtime 
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4.1.3 Total Other Pay 
Westchester reported the lowest amount of total other pay. Westchester other pay was significantly 

lower than Manhattan (p < .01), Brooklyn (p < .001), Queens (p < .001), Bronx (p < .001), and Richmond 
(p < .001).  

 
Figure 2: Total Other Pay 

4.1.4 Base Salary 
Westchester employees started with the highest base salary. Westchester base salary was significantly 

higher than Bronx (p < .001), Brooklyn (p < .001), Manhattan (p < .01), and Queens (p = 0.05). 
Westchester base salary was not significantly different than Richmond (0.577). 

 

Figure 3 : Base Salary 

4.2. Multivariate Regression Results 

For Westchester only, base Salary was not a significant predictor of changes in overtime. Total other 
pay did predict an increase in overtime hours. But for all other Boroughs, Base Salary remained a 
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significant predictor of higher overtime (p < .001) 
Table 2: Regression results using Overtime Hours as the criterion 

Predictor b beta sr2 sr2 95% CI  
[LL, UL] 

r Fit 

(Intercept) 0.00           

Base Salary -0.02 -0.02 .00 [.00, .01] -.02   

            R2   = .001 

            95% CI[.00,.01] 

(Intercept) 0.25           

Base Salary -0.00 -0.09 .01 [-.01, .02] -.02   

Total Other 
Pay 

0.15** 0.15 .02 [-.00, .04] .12**   

            R2   = .019** 

            95% CI[.00,.04] 

Note. A significant b-weight indicates the beta-weight and semi-partial correlation are also significant. 
b represents unstandardized regression weights. beta indicates the standardized regression weights. sr2 
represents the semi-partial correlation squared. r represents the zero-order correlation. LL and UL indicate 
the lower and upper limits of a confidence interval, respectively. 

* Indicates p < .05. ** indicates p < .01. 

5. DISCUSSION 

5.1. Findings 

H1: That the borough with the most employees (Manhattan) will have a higher base salary than any 
other borough. 
Not supported, Westchester had the highest base salary. 
H2: The borough with the highest base salary (Westchester) will have less overtime hours reported 
than any other borough. 
Supported, Westchester reported less overtime than all other boroughs. 
H3: The borough with the highest base salary (Westchester) will accumulate less total other pay than 
any other borough. 
Supported, Westchester reported less total other pay than all other boroughs. 
H4: A city employee’s base salary will predict an increase in overtime worked. 
Supported, except Westchester indicating that their higher base salary no longer predicted a change in 
overtime hours. 
H5: The more money employees make outside of the workplace will predict an increase in overtime 
hours worked above and beyond that of base salary. 
Supported, for all boroughs. 
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5.2. Future Directions 

It might be in the best interests of city officials to examine base salaries when they notice a significant 
jump in overtime hours and total other pay. We can also conclude and as noted by others that excessive 
overtime can cause high employee turnover. High employee turnover incurs substantial time and 
monetary costs when training new employees (Bernstein, et al., 2013; Golden, et al., 2005; Thomas, et 
al., 1997). Excessive overtime can also cause damage to quality of life. Excessive overtime and additional 
jobs/gig work could also result in increased accidents, negligence, and borough reputation damage. 

6. APPENDIX 

The dataset for this project was downloaded from the city of New York website (data may vary based 
on year). https://data.cityofnewyork.us/City-Government/Citywide-Payroll-Data-Fiscal-Year-/k397-
673e  
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Abstract: Energy is the backbone of human activity. Energy consumption is increasing rapidly worldwide 
to sustain the modern way of living with all amenities. Energy, being an indisputable input, optimizing its 
utilization helps minimize the cost and environmental pollution. Many companies worldwide are 
continuing to achieve improvements in business performance using the Six Sigma methodology. Six Sigma 
is a generally recognized approach that focuses on optimizing an enterprise's organizational efficiency, 
management strategies, and systems by detecting and avoiding 'flaws' in processes relevant to production 
and services. By developing a Six Sigma methodology-based energy management plan, a company can 
simultaneously find a systematic way to reduce energy consumption and operating costs. This study 
discusses a six-sigma-based energy management planning procedure, focusing on five significant steps: 
define, measure, analyze, improve, and control. An overview of the standard energy-consuming equipment 
in manufacturing industries is provided. Different energy-saving opportunities are then investigated. 
Finally, this article presents case studies of varying energy conservation and efficiency projects that 
successfully implemented the Six Sigma methodology. 

 
 
 

1. INTRODUCTION 

There has been a significant increase in demand of electrical energy in our daily livings day by day. 
Most of our daily activities would involve using electrical devices that require adequate electrical power 
depending on the types of devices being used and the frequency. For example, refrigerators, fans, 
computers, and internet use require electricity in this new globalization era. Energy, being an indisputable 
input, optimizing its utilization helps to minimize the cost and environmental pollution. Many companies 
worldwide are continuing to achieve improvements in business performance using the Six Sigma 
methodology. 

Six Sigma is a generally recognized approach that focuses on optimizing an enterprise's organizational 
efficiency, management strategies, and systems by detecting and avoiding 'flaws' in processes relevant to 
production and services. By developing a six-sigma methodology-based energy management plan, a 
company can simultaneously find a systematic way to reduce energy usage and operating costs. 

2. ENERGY CONSERVATION AND ENERGY EFFICIENCY IMPROVEMENT 

Energy conservation refers to the reasonable and productive use of energy to increase profits (reduce 
costs) and improve competitive positions. Another concept notes that energy management technique is to 
modify and maximize energy use efficiency, use systems and processes to minimize energy needs per unit 
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of production while retaining or reducing the overall cost of generating output from these systems. The 
method of monitoring, controlling, and conserving energy in a building or organization is energy 
management. The control of resources is not by chance/event/ disaster. It is a mission with a target. It may 
not be achieved single-headedly or sitting on a bench but involves concerted action for a milestone to be 
developed by teams of energy-conscious individuals. An energy management policy must be built based 
on the energy efficiency goal. 

 Energy management is the way of managing and reducing the energy use of companies, and this is 
important because it allows you to: 

1. Cost reduction: as electricity prices increase, this becomes more necessary. 
2. The company may be willing to minimize its carbon footprint and foster a green, healthy 
reputation by eliminating carbon emissions and the environmental harm they cause, as well as the 
cost-related effects of carbon taxes and the like. 
3. Reduce risk: the more energy you use, the higher the chance your profitability will be seriously 
impacted by energy price spikes or supply disruptions, or even making it difficult for your business/ 
organization to survive. The first step in reducing energy-related risks is to improve energy 
efficiency within company processes. Moreover, industries that effectively use energy supplies are 
less vulnerable to fluctuations and price increases (Global business network, 2007). The three forms 
of business risk, including 1) competitive risk, 2) financial risk and 3) reputational risk, can be 
successfully mitigated by energy efficiency. 

Lee et al. (2014) performed a complete study where the authors show Six-Sigma approach to energy 
management planning which is shown in figure 1. 

 

 
Figure 1. Energy management plan flow chart 
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3. SIX SIGMA METHODOLOGY 

Using the Six Sigma approach, numerous firms worldwide continue to make advancements in 
corporate efficiency. Statistically, Six Sigma refers to a system in which at least six times the standard 
deviation of a process is the range between the mean of a process quality calculation and the closest design 
limit (Fursule et al., 2012). It is a disciplined approach and technique for removing defects in any 
operation, guided by results. Overall, Six Sigma's primary goal is to concentrate the procedure on the 
target and reduce the difference in the process. In practice, Six Sigma is also known as a problem solver 
that lowers costs and boosts customer loyalty. As a metric, if a method performs at the level of Six Sigma, 
it can create non-conformity (i.e., defects or errors) at a rate of not more than 3.4 defects per million 
opportunities (Ansari et al., 2009). 

Six-sigma involves a systematic procedure that comprises five stages known as DMAIC. In other 
words, DMAIC phases stand for Define, Measure, Analyze, Improve and Control. The objectives, 
statistical techniques, and the variables involved in energy conservation are given below: 

3.1. Define  

The first step is to define a team and budget, like an Energy director, Project engineer, Maintenance 
supervisor, Department representative. For executing an energy conservation strategy, fair budgeting is 
crucial. Under market rules, this should be made available. At the start of the year, budget distribution 
should be known to the energy team. Define team and budget flow chart (Lee et al., 2014) is shown in 
figure 2. 

 
Figure 2. Define team and budget flow chart 

3.2. Measure 

It is possible to use an energy audit to assess efficiency in energy management. Understanding how 
electricity is used will assist the company in evaluating existing efficiency and recognizing energy-saving 
opportunities. Either an internal audit team(s) or an outside service will carry out an energy audit. External 
assistance, including those offered in the US by Industrial Evaluation Centers, will look at simple energy 
use activities and not participate in particular core procedures necessary to develop or maintain a 
commodity. The value of an internal audit is that for a given process, the energy staff will be more familiar 
with the production process and more comfortable making recommendations for energy savings. After 
collecting data and performing an audit, the audit data needs to be analyzed. A flowchart is shown in 
figure 3 on measuring company energy performance (Lee et al., 2014). 
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Figure 3: Measure performance flow chart  

3.3. Analyze 

The audit review results allow a company to understand current energy demand better and evaluate 
the appropriate budgets for executing an energy management strategy. Opportunities for saving electricity 
are defined when the cost savings, cost of implementation, and payback time are measured. The findings 
will be included in the creation of targets for energy saving and an action plan. The first step is to identify 
any opportunity to save. For example, the audit data shows that a machine's surface temperature is above 
the safety requirements, so installing insulation is the saving chance for a device. Performing an economic 
analysis also helps in cost saving. Detail flowchart of how to analyze energy audit data is shown in figure 
4 (Lee et al., 2014). 

 
Figure 4. Analyze audit data flow chart   

3.4.    Improve 

The next step is to maximize system performance until the audit data has been evaluated. The tasks 
include (1) the establishment of an energy conservation objective and (2) the planning of an action plan. 
After the action plan has been explicitly stated, the next move is to initiate the execution process. An 
energy management strategy can be made or destroyed by humans, so it is crucial to obtain the approval 
and participation of key entities within the organization at various levels. The system efficiency 
improvement flow chart (Lee et al. 2014) is shown in figure 5. 
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Figure 5. Improve system efficiency flow chart 

3.5. Control 

A monitoring strategy is required in energy management to (1) track the success of implementation, 
(2) keep implementation manageable, (3) monitor the savings sustained, and (4) inspire personnel to 
pursue development. The testing progress will be carried out by annual/ monthly updates indicating 
progress on any undertaken work. Per month, these reports will also track the electrical bills and show a 
decrease in electrical use. Precise control and monitoring strategy are shown in figure 6 (Lee et al., 2014). 

 

 
Figure 6. Control operations and motivate employees 

4. CASE STUDY 

4.1. Case Study 1 

Razali et al. (2014) performed a case study to improve energy conservation using six-sigma at the 
Faculty of Computer and Mathematical Sciences, Universiti Teknologi Mara. The electricity consumption 
of the facility was increasing day by day. The total electrical consumption for 2011 was 1, 648, 791 kWh 
and 1, 657, 808 kWh in 2012, which increased by 0.5% (9017 kWh). From the results obtained, it showed 
that air-conditioner (57%) was the primary factor that contributes to high consumption of electricity, 
followed by lightings (22%), sockets (16%) and others (5%). They also found that the electrical 
consumption was almost doubled when the new semester began. After the campaign (Six sigma 
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implementation), there was a reduction of 2% in electrical consumption in this facility. 

4.2. Case Study 2 

Kaushik et al. (2008) performed a case study collecting data from a thermal power plant. In a thermal 
power plant pursuing energy efficiency, the Six Sigma approach has been introduced. A costly input 
content is de-mineralized (DM) water in this plant. It has been observed that a 0.1 percent increase in the 
use of DM make-up water raises the cost of generation by around US$ 0.2 million per year. Six Sigma 
project guidelines have been found to minimize the total water make-up from 0.90 percent to 0.54 percent 
of the cumulative, continuous rating (MCR), resulting in total energy savings of about US$ 0.74 million 
per annum. 

In their study, they identified that DM water loses during regular service from the combined cycle due 
to the following reasons: 

1. boiler tube leakage and more extended operation of boiler tube leaks  
2. valve passing: 

a. passing due to undersize of actuators.  
b. passing of valves due to incorrect limit transfer setting.  
c. passing of drain and vent valves. 
d. blowdown opening for silica and conductivity test.  

3. gland leaks from pumps 
4. leaks from HP / LP pipelines. 

4.3. Case Study 3 

Kane et al. (2003) performed a case study to improve boiler soot blowing.  The boiler operating 
procedure calls for soot blowing once per day to remove deposits formed on the boiler heat transfer 
surfaces because of burning fuel oil. The operator log indicated that soot was only being blown 39% of 
the time. Soot blowing frequency is set arbitrarily by procedure, with no attention to pre-and post-blow 
boiler efficiency or the cost of operating the soot blowers. Boiler stack temperature was averaging 81°F 
above standard, eroding boiler efficiency by 2% and costing $40,000/year in additional fuel costs. The 
study objective was to improve boiler efficiency by 1.2% by reducing the average stack temperature to 
50°F. The team members measured initial SIGMA score was -0.86, and the final score was 0.58, which 
was a 1.44 Sigma improvement. After the SIX SIGMA implementations, the benefit was $26,000 per year 
of fuel savings. 

4.4. Case Study 4 

Kane et al. (2003) reported another case study to improve micronizer steam condensate heat recovery. 
The project team initiated an aggressive survey program to check the plant's instrument and tool airlines. 
Power operators were encouraged to find leaks and identify wasteful uses of instruments or tools air as 
well. Leaks were tagged as they were identified, and work orders were subsequently written to repair the 
leaks. The power operators followed up with the area to ensure that the work orders were completed. They 
also worked with the areas to correct wasteful practices. The survey program reduced the average plant 
air demand to 654 scfm, about 7% of the original demand. The control plan for the project established an 
ongoing survey program that had the operators auditing a portion of the air system every quarter. Survey 
activities were set up in the plant's preventive maintenance (PM) system, and a history of all compressed 
air work orders was maintained. A summary of all the case studies is shown in Table 1. 
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Table 1: Summaries of case studies 
Case 
study 

Problem statement Objective Benefit after Six 
Sigma implementation 

1 The electricity consumption at the Faculty of 
Computer and Mathematical Sciences, Universiti 
Teknologi Mara increased day by day. The total 
electrical consumption for 2011 was 1, 648, 791 
kWh and 1, 657, 808 kWh in 2012, which increased 
by 0.5% (9017 kWh). 

Decrease the 
electricity 
consumption of the 
facility 

After the Six sigma 
implementation, there 
was a reduction of 2% in 
electrical consumption 
in this facility. 

2 A costly input content is de-mineralized (DM) 
water in a thermal power plant. It has been 
observed that a 0.1 percent increase in the use of 
DM make-up water raises the cost of generation 
by around US$ 0.2 million per year. 

Decrease the 
generation cost 
through proper use 
of de-mineralized 
(DM) water. 

Six Sigma project 
guidelines had been 
found to minimize the 
total water make-up 
from 0.90 percent to 
0.54 percent of the 
cumulative, continuous 
rating (MCR), resulting 
in total energy savings 
of about US$ 0.74 
million per annum. 

3 The boiler operating procedure calls for soot 
blowing once per day to remove deposits formed 
on the boiler heat transfer surfaces because of 
burning fuel oil. The operator log indicated that 
soot was only being blown 39% of the time. Soot 
blowing frequency was set arbitrarily by 
procedure, with no attention to pre-and post-blow 
boiler efficiency or the cost of operating the soot 
blowers. Boiler stack temperature was averaging 
81°F above standard, eroding boiler efficiency by 
2% and costing $40,000/year in additional fuel 
costs. 

Improve boiler 
efficiency by 1.2% 
by reducing 
average stack 
temperature 50°F. 

$26,000 / year fuel 
savings 

4 190 million pounds of steam per year at a 
variable cost of $663,000 were required to heat 
filtration area wash water. Hot steam condensate 
from the micronizing process was recycled to a 
head tank and reduced the steam needed for 
heating. The condensate that was not recycled 
overflowed the seal tanks as waste. Waste heat 
was rejected at a rate of 184 million Btu/hour. 

Reduce the 
steam required to 
heat the wash water 
through increased 
condensate 
recovery by 116 
million pounds per 
year resulting in 
$405,000 savings. 

$577,000/year 
energy savings 

5. CONCLUSION 

 Applying Six Sigma shows that the market is taking a small step towards energy conservation. When 
Six Sigma finds its proper place in the energy-intensive process industry, it can still expect tremendous 
benefits from its application. The Six Sigma technique is highly effective for optimizing the efficiency of 
any industry. It is critical to have an energy management strategy and an energy management team in 
place as part of a company's effort to reduce energy costs. The energy team will pursue the process to 
develop management participation, execute energy assessments, enforce the action plan, control 
compliance, and create a quality performance rewards scheme. In making progress in energy 
management, having a well-organized and committed energy team is critical. 

22



Proceedings of the 2021 IEMS Conference  
 

 

6.  REFERENCES 

[1] Ansari, D., Lockwood, E., Thies, B. M., Nino, J. (2009). Application of six-sigma in finance: A case study. 
Journal of Case Research in Business and Economics 3(1), 1-13. 

[2] Razali, N. H. B. M., Asyraf, W. M. (2014). Improving energy conservation using six sigma methodology 
at faculty of computer and mathematical sciences (FSKM), universiti teknologi mara (UiTM), SHAH 
ALAM. Asian Journal of Economic Modelling 2(1), 52- 68. 

[3] Energy Strategy for the Road Ahead. (2007). GBN Global Business Network, San Francisco.  
[4] Fursule, N.V., Bansod S.V., Fursule S.N. (2012). Understanding the benefits and limitations of six sigma 

methodology. International Journal of Scientific and Research Publications 2(1), 1-9. 
[5] John Kane, Jr. (2003). Using Six Sigma to Drive Energy Efficiency Improvements at DuPont.  
[6] https://www.eceee.org/library/conference_proceedings/ACEEE_industry/2003/Panel_2 
[7] /p2_7/ 
[8] Kaushik, P., Grewal, C.S., Singh B. P., Khanduja, D. (2008). Utilising Six Sigma for energy conservation: 

a process industry case study. Int. J. Six Sigma and Competitive Advantage 4(1), 18 - 34.  
[9] Lee, J., Yuvamitra, K., Guiberteau, K., Kozman, T. A. (2014). Six-Sigma Approach to Energy 
[10] Management Planning. Journal of Strategic Planning for Energy and the Environment 33(3), 23- 40. 

     
      

23


