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In This Issue (p.25): 
 Electric versus Conventional Vehicles 

Unless you’ve been living under a rock for the last couple 
of decades, you know that electric vehicles are no longer the 
size of matchbox cars that hold only one very small person 
(and no luggage). Even hybrid electric vehicles have tradi-
tionally been small in order to limit drag, wind resistance 
and, at the end of the day, fuel costs. Nowadays, it’s actual-
ly rather difficult to tell if the car—or SUV or bus—passing 
you is electric/hybrid or conventional. But neither did we 
get to this point in the development of these vehicles with-
out testing, evaluation, analysis, and comparison with con-
ventional internal combustion systems, which is what the 
authors of this featured article have done. 

 
In their study, the authors compared conventional vehicles 

and electric vehicles in terms of fuel economy, annual fuel 
cost, maintenance frequency, and maintenance intensity by 
examining 3028 conventional and 282 electric vehicles from 
2016 to 2018 for fuel economy and annual fuel costs. Also, 
conventional vehicles with 65 maintenance events and elec-
tric vehicles with 348 maintenance events from 2000 to 
2016 were studied for maintenance frequency and intensity 
assessments.  
  

The results showed that the mean fuel economy for elec-
tric vehicles was overall 74.19% higher than that of conven-
tional vehicles and the mean annual fuel costs for electric 
vehicles was significantly lower (47.68%) than that of con-
ventional vehicles. The authors also introduce a formula to 
compute miles-per-dollar (MPD) from miles-per-gallon 
(MPG) and miles-per-gallon-equivalent (MPGe) values. 
I’ve been driving a Prius for over 12 years now and, after 
reading this article, decided to see how my own car and 
driving habits compare to my previous car. Using an online 
efficiency calculator from the U.S. Department of Energy 
(Office of Energy Efficiency and Renewable Energy), 
here’s what I found—though, to be honest, I expected such 
results; otherwise, I never would have bought this car in the 
first place.  

In general, electric vehicles convert over 77% of the elec-
trical energy from the grid to power at the wheels. Conven-
tional gasoline vehicles only convert about 12-30% of the 
energy stored in gasoline. Here are a couple of graphics 
(again, provided by the U.S. DoE) to summarize these 
points. 

——————————————————————————————————————————————–————      
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Prediction of Heat Treatment Distortion 
and Optimization of Manufacturing 

Tolerances for Selected Gears  
——————————————————————————————————————————————–———— 

Akaff S. Diam, University of Northern Iowa; Julie Z. Zhang, University of Northern Iowa; Ali E. Kashef, University of Northern Iowa  

which can be defined as an irreversible and usually unpre-
dictable dimensional change in the component during pro-
cessing from heat treatment and from temperature variations 
and loading in service. 

 
Controlling heat-treatment distortion during the manufac-

ture of steel components has always been challenging. With 
the development of modern automotive products, there is an 
increasing demand for cost-effective manufacturing of accu-
rate products. The tolerances are also being made tighter in 
order to increase the average life of machined products such 
as gears, shafts, and related internal parts of transmissions 
and engines. Distortion control and prediction of pre-heat-
treatment sizes therefore have become critical, especially 
for the manufacture of drivetrain parts with complex geom-
etries for optimized cost and design requirements. The se-
lection of heat-treatment methods plays a vital role in differ-
ent raw materials and part features. All parts have some 
features that are critical in defining their quality, which 
must be monitored and predicted so that the finished, ma-
chined part will meet engineering design dimensions and 
tolerances. Distorted gear components causing noise in a 
transmission can require extra post-heat-treat machining 
processes and may even create problems during transmis-
sion assembly (Heuer & Löser, 2010). In practice, parts are 
manufactured in post-heat treatment by finish machining 
processes (hard turning, face grinding, bore grinding, gear 
teeth grinding, or honing) to meet the dimensional accuracy 
and design requirements.  
 

Selecting the correct steel grade for a given application is 
part of the overall design process in meeting the engineering 
requirements of the design engineer, while taking into con-
sideration material property characteristics, part geometry, 
dimensional tolerances, and stresses within a part         
(ASM Handbook Committee, 2014). Establishing the pre-
heat-treatment sizes and control along with proper predic-
tion of heat-treatment distortion is one of the key factors 
impacting the overall success and capability of finished 
products. Therefore, there is a pressing need to investigate 
heat-treatment distortional effects in critical features of 
drivetrain parts and to optimize manufacturing tolerances 
for cost-effective machining. 
 

Literature Review 
 

Distortion due to heat treating is inevitable. Distortion can 
be minimized, however, by avoiding sharp internal corners 
and sudden changes in part cross section. Material selection 
can also minimize distortion (Marrs, 2012). There are two 

Abstract  
 

Controlling heat treatment distortion has always been 
challenging. Distortion control and prediction of pre-heat 
treatment sizes, especially for parts with complex geome-
tries therefore have become critical for manufacturing parts 
with optimized cost and design requirements. In this current 
study, the authors applied the quantitative approach to in-
vestigate how different geometries and raw material grades 
behaved in different heat-treatment processes for selected 
parallel-axis gear manufacturing. Critical features of select-
ed part families were measured before and after heat treat-
ment to find the change in size. The relationships of heat-
treatment distortion in critical feature sizes—such as gear 
helix slope, gear profile, pitch diameter runout, gear tooth 
thickness, spline size over pins, and dimension over balls 
with respect to raw materials used—were studied. With a 
better understanding of predicted dimensional changes, this 
study could be used as a guideline for developing new prod-
ucts with less experimentation and better consistency.         
A hypothetical case study will also be presented here by 
creating a statistical model to illustrate how the prediction 
of changes in a selected response variable with respect to 
the independent variables could be used to adjust the pre-
heat treatment size in order to produce a new product in a 
cost-effective way. 
 

Introduction 
 
Gears are very important in our lives and they have appli-

cations ranging from very common devices to our most so-
phisticated machines. According to the American national 
standard, gears are machine elements that transmit motion 
by means of successively engaging teeth—American Na-
tional Standard Institute (ANSI) and American Gear Manu-
facturing Association (AGMA) (2011). They are made of 
different geometrical shapes, sizes, and raw materials, de-
pending upon the application and type of use. A wide range 
of physical properties can be achieved in steels by proper 
selection of material grades and heat-treatment processes. 
Most drivetrain gears are made of steel, which can exhibit a 
wide variety of properties, depending on composition as 
well as the phases and micro-constituents present, which in 
turn relies on the heat treatment—American Society of Met-
als (ASM) Handbook Committee (1991). The purpose of 
heat treatment is to produce in the steel certain qualities not 
possessed by it in the untreated condition. The heat-
treatment process always involves some degree of distor-
tion, due to thermal changes in the structure of the material, 

 ——————————————————————————————————————————————————
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basic types of distortions: 1) dimensional distortion, which 
can take place upon heating when steel parts change volume 
as the crystal structure of steel changes during heating, and 
2) shape distortion, which is mainly caused by design is-
sues, non-uniform heating or non-uniform cooling, asym-
metric features, overheating, or rapid heating. Both types of 
distortion occur during a heat-treatment cycle (Campbell, 
2012), which makes it hard for the prediction of heat-
treatment distortion. 
 

Quenching is the primary process used for heat treating 
carbon steels in which the part is heated to the austenitizing 
temperature and held at that temperature for a certain period 
of time in order to achieve the desired austenite grain size, 
and then rapidly cooled to room temperature (Dossett & 
Totten, 2013; Dossett & Totten, 2014a/b). Part design, 
quenching operation parameters, design of the quenching 
system, and the thoroughness with which the system is 
maintained contribute to the success of the heat-treatment 
process. Various factors in the quenching process can influ-
ence the final shape of the components, such as heat-
treatment method, heating and cooling, tempering and ag-
ing, part material composition and geometric features 
(Totten, 2002). The quenching distortion of a certain com-
ponent is the result of common effects such as thermal and 
structural stress. In general, the more complex and the more 
deviation from symmetry in a component’s shape, and the 
larger the difference in thickness of the component, the larg-
er the distortion of the component will be. According to 
Herring and Lindell (2004), quench-related variables have 
significant effects on part distortion, including the quench 
media, quench tank design, cooling rate, mechanisms of 
heat removal (largely dependent on part geometry for a giv-
en material, physical properties of quenchant, and overall 
condition of the quench medium). 
 

If the part has a complex geometry with widely varying 
thickness, it will distort during quenching even if the heat 
extraction rate is uniform over the entire surface area of the 
part. This is due to, 1) non-uniform thermal shrinkage of the 
steel prior to the beginning of the phase transformations 
and, 2) non-uniform expansion of the material, due to non-
uniform martensite formation throughout the part (Kobasko, 
Arnov, Powell, & Totten, 2010). The thin sections of the 
part cool faster and contract more than the part’s thicker 
sections, inducing thermal stresses and causing plastic de-
formations in the thick sections. The same happens with the 
transformation of austenite into martensite: the martensitic 
transformations take place first in the thin sections and later 
in the thick sections, regardless of the method of quench 
cooling on the surface or its uniformity. 
 

The final distortion and residual stress distribution strong-
ly depend on the dimensions of the component, because 
temperature gradients as well as phase transformations di-
rectly depend on it. Increasing the diameter of a cylindrical 
specimen leads to incomplete martensite transformation in 
the core, as the quenching intensity is reduced. This leads to 
smaller volume increases in the core and, hence, higher 

compressive stresses at the surface (ASM Handbook Com-
mittee, 2014). According to Herring and Lindell (2004), the 
design factors in the heat treatment of gears that contribute 
to distortion are large, heavy sections adjacent to small, thin 
sections, section radii, helix unwind, and holes. The helix in 
gear tends to unwind in heat treatment processes. A com-
mon practice is to hob in correction or to add more stock 
allowance to allow for helix unwind.  
 

Any manufactured gear will have some kind of error, due 
to reasons that include cutting, shaping or forming methods, 
installation or fixing techniques, etc. Runouts, pitching er-
rors, tooth thickness variations, profile and lead errors, etc. 
are some of the likely errors (Karba, Yildirim, Erdoğan, & 
Vardar, 2019). The micro-geometry of gears basically is of 
utmost importance for the reliability of gears in particle 
application. When errors of assembly and manufacturing 
come together, they may affect the performance of mating 
gears. The micro-geometry errors can be classified into two 
main categories, form errors and location errors. Form er-
rors can create noise and the inability to carry a load, while 
location errors can cause problems in power transmission 
and motion transfer. 
 

There are, therefore, some features that are critical in na-
ture to be controlled in manufacturing processes. Honary 
(1983) investigated the relationships of critical features for 
helical and spur gears. Using helix angle, pressure angle, 
tooth width, outside diameter, along with a number of other 
features, the researcher found relationships for similar di-
mensional features, such as gear lead, gear profile, tooth 
thickness, and tooth crown. However, his research was ge-
neric and only considered helical and spur gears, regardless 
of the geometrical shapes of the parts. Also, the material 
grades used in his study were different; for example, 1524, 
1518, and 4023 were used. In another study, Andersch, Eh-
lers, Hoffmann, and Zoch (2006) investigated the correla-
tion between part geometry and distortion due to heat treat-
ment. In that study, the researchers used a geometrical 
shape, though the part used in the study was not a gear. The 
research introduced a method for correlating part design 
with distortion in order to identify the design features of a 
part that is responsible for crucial deformations following 
heat treatment. The research focused on geometrical modifi-
cations aiming at the reduction of distortion. Cho, Kang, 
Kim, Lee, Lee, and Bae (2004) investigated distortions in-
duced by heat treatment of automotive bevel gears. The 
study found that distortions of the forged gears were larger 
than the distortions of the machined gears; specifically, the 
outer-diameter and tooth-width distortions were almost dou-
bled. However, the features used were related to bevel gears 
and included outer diameter, inner diameter, and tooth pro-
file.  
 

It is evident from this review of the literature that several 
investigations were conducted; however, similar part geom-
etries and material grades have not been studied. This cur-
rent study focused specifically on particular shapes and steel 
grades. As explained by Karba et al. (2019), the typical fea-
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tures that can create problems are gear profile error, gear 
lead error, and excessive PD runout. The features selected in 
this study were, therefore, related to the micro-geometry of 
gears and included profile slope, helix slope, tooth thick-
ness, and dimension over balls (DOB), along with other 
features such as splines dimension over pins (DOP), which 
are important, based on the application. The types of tooth-
thickness measurement methods were categorized as either 
nominal or functional (ANSI & AGMA, 2011). Nominal 
measurement methods do not reference the datum axis, 
whereas functional methods are based on the datum axis. In 
this study, tooth thickness (TT) referred to functional meas-
urements and was checked by the gear-checking machine; 
DOB referred to nominal and was not related to the datum 
axis; and, inspection was based on the gage.  
 

Research Questions 
 

Using statistical data analysis, this current investigation 
investigated the following questions: 
 
Question 1: What are the relationships between size chang-

es with respect to raw materials used in critical 
features of the parts within same part family? 

Question 2: Is there a correlation between geometrical fac-
tors (independent variables) and size distortion 
of critical features? 

Question 3: Is there a correlation between gear module size 
and size distortions in helix slope (gear lead), 
gear profile, gear pitch diameter runout, and 
gear tooth thickness for each gear part family? 

 

Research Design 
 

The design of this study was correlational. The authors 
used existing quantitative data for several parts manufac-
tured for off-road vehicles with different material grades 
that were inspected before and after the heat-treatment pro-
cess. An attempt was made to find the relationship of the 
heat-treatment dimensional distortion with respect to critical 
features using different materials and different heat-
treatment methods. Table 1 graphically represents the part 
families used in this study, while Table 2 lists the groups 
used for each raw material grade of each part family.  
 
Table 1. Part families investigated in the study. 

Table 2. Summary of materials, part families, and number of 
groups used in the study. 

Table 3 summarizes the geometric size in terms of gear 
outside diameter (gear OD), weight, and surface-area-to-
weight ratio used in this study. The heat treatment method 
used in processing these parts was primarily carburizing, 
heating, and quenching, followed by the tempering process. 
Carburizing results in the absorption of carbon into the sur-
face of the steel. Carburizing was done in the range of 
850oC to 950oC. Typically, the carbon content is between 
0.8% and 1.0%. The tempering temperatures were set, based 
on the need to achieve the required case depth and hardness. 
The minimum temperature for compliance was 150oC. After 
the surface of the part reached the tempering temperature, 
the parts were tempered for a minimum of one hour at the 
appropriate temperature. The heat treatment cycles were set, 
based on the best practices for achieving the desired level of 
hardness, case depth, and minimum level of distortion such  
that, when in final operations, the desired case depth and 
hardness could be achieved with the certainty that parts 
would meet the blueprint dimensions. All measurements 
were taken before and after heat-treatment operations in the 
inspection laboratory and with the same measuring equip-
ment. 
 

Table 4 lists the critical features investigated in this re-
search study. It should be noted that the data collected were 
not from a planned design of the experiment. Instead, data 
were gathered from the inspection database and data files of 
each part family and organized in a spreadsheet format for 
analysis. The averages were based on the features checked 
for each group of parts mentioned in Table 2 before and 
after HT. To prepare the independent variables, listed in 
Table 5, the respective blueprint was pulled for each part 
and used to identify the categorical and independent varia-
bles. The size change from pre-heat treatment and after heat 
treatment were also tabulated in percentages of change. The 
geometrical shapes involved in this study had different sur-
face areas and weights, and they could be coded as one vari-
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Part Family Material 

No. of groups x 
No. of pieces in 

each group 
(Total Parts) 

Range Gears Steel Grade 8620 15x10 (150) 

  Steel Grade 4320 6x10 (60) 

  
Steel Grade 
20MnCr5+HH 

2x10 (20) 

      

Gears with Splines Steel Grade 20MnCr5 6x10 (60) 

  Steel Grade 8620 1x10 (10) 

      

Broached Gears Steel Grade 8620 16x10 (160) 

  Steel Grade 20MnCr5 1x10 (10) 

  
Steel Grade 
20MnCr5+HH 

1X10 (10) 

Range Gears: Gears have a synchronizer with 
internal or external splines. 

 
Gears with Splines: Gears have a clutch hub 
with splines on them. 

 
Broached Bore Gears: A gear’s internal diame-
ter has internal splines and is usually made with 
a broaching process.  
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able with a surface area-to-weight ratio (S/W). Minitab and 
Statistica were used to conduct the data analyses for this 
research. 
 
Table 3. Summary of part sizes used in the study. 

Table 4. Critical gear features investigated in the study. 

The reason for selecting the independent variables, except 
gear surface-area-to-weight ratio, in Table 5 is that these 
dimensions define the gear-tooth system parameters for a 
particular cylindrical gear and the nominal dimensions of 
involute cylindrical teeth are uniquely determined by these 
parameters, plus they are independent of each other       
(ISO 21771: 2007(E)). The authors also selected gear sur-
face-area-to-weight ratio (S/W) as an independent variable / 
factor, as this parameter provides a quantified measure of 
exposed surface area per unit of weight expressed in as the 
percentage being processed in this HT operation. 

Table 5. Independent variables (geometric factors) considered in 
the study. 

Summary and Results  
 

The following research questions were addressed in this 
study: 
 
Question 1: What are the relationships between the dimen-

sional changes with respect to raw material 
used in critical features of the parts within the 
same part family? 

 
The data for Gears with Splines was available for two 

material grades, Grade 8620 and Grade 20MnCr5. After 
running an ANOVA, the following features were shown to 
have a strong statistical relationship for the material grade 
used and the HT changes. Figures 1 and 2 provide a graph-
ical summary. 

Figure 1. Gear with splines – helix slope and profile slope vs. 
material grade. 

 
1. Gear helix slope changed significantly and went to 

the positive side from Grade 20MnCr5 to Grade 8620 
(see again Figure 1). 

2. Average gear profile slope change was negative from 
grade 20MnCr5 to Grade 8620 (Figure 1). 

3. Average gear tooth thickness (TT) showed a slight 
change between the two materials (see again Figure 
2). 

Part Family 
Gear OD 

(mm) 
Weight 

(kg) 

Surface Area 
to Weight 

(S/W) Ratio 

Range Gears 93.70 0.678 9.14% 

  99.40 0.652 8.74% 

  251.39 7.775 2.96% 

  251.75 5.635 3.37% 

        

Gears with Splines 178.80 8.379 2.88% 

  178.83 8.615 2.80% 

  228.33 7.907 2.83% 

  268.86 15.637 2.02% 

  330.63 16.962 1.96% 

        

Broached Gears 113.32 1.021 59.75% 

  141.75 1.94 5.15% 

  153.13 4.719 2.27% 

  154.92 3.66 1.91% 

  158.00 4.694 1.68% 

  175.65 6.138 1.50% 

  179.00 4.87 1.64% 

  190.12 6.945 1.63% 

  208.37 5.979 2.29% 

  265.93 6.427 2.18% 

Selected Gear Critical Features Unit 

Helix slope mm 

Profile slope mm 

Gear Dimension over ball (DOB) mm 

Pitch diameter runout mm 

Tooth thickness (TT) mm 

Internal Spline-dimension over pins (DOP) mm 

External Spline-dimension over pins (DOP) mm 

Geometric Factors Unit 

Gear Surface area/Weight ratio (S/W) m2/Kg 

Gear outside diameter (OD) mm 

Gear face width mm 

Gear helix angle degrees 

Gear module Number (ratio) 

Material*Feature; LS Means

Current effect: F(1, 76)=37.833, p=.00000

Effective hypothesis decomposition

Vertical bars denote 0.95 confidence intervals

 Feature
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 Profile slope

Grade 20MnCr5 Grade 8620
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4. Average gear DOB size increased, compared to 
Grade 20MnCr5 to Grade 8620. Also, Grade 
20MnCr5 showed less variability compared to Grade 
8620 (Figure 2).  

5. Average External Spline DOP size was reduced, 
compared to Grade 20MnCr5 (Figure 2).  

Figure 2. Gear with splines – DOB, external splines, and TT vs. 
material grade. 

 
The available data for broached bore gears was from three 

material grades: Grade 8620, Grade 20MnCr5, and Grade 
20MnCr5+HH. Figures 3 and 4 provide a summary of the 
ANOVA for each selected feature.  

Figure 3. Broached bore gear TT, internal spline DOP size, and 
gear DOB vs. material grade. 

 
1. Internal spline DOP showed a significant relationship 

with material grade. Material Grade 20MnCr5 
showed a size increase, compared to Grade 8620. 
Changes due to material grade 20MnCr5+HH were 
positive, though lower than Grade 8620 (see again 
Figure 3). 

2. Changes in gear DOB and gear TT were statistically 
significant in each material group. Material Grade 

8620 showed shrinkage in size, whereas Grade 
20MnCr5 and Grade 20MnCr5+HH showed size 
increase up to 100 microns, compared to Grade 8620 
(Figure 3).  

3. Profile slope had more changes in Grade 20MnCr5 
than the other two materials; PD runout increased 
more in Grade 20MnCr5+HH; and, helix slope 
showed a negative trend for 20MnCr5H++ (see again 
Figure 4).  

Figure 4. Broached bore gear – helix slope, profile slope, and PD 
runout vs. material grade. 

 
A statistically significant relationship was found between 

the raw material used and the HT changes observed in the 
selected features. Figures 5 and 6 illustrate the statistical 
results. 

Figure 5. Range gear – external spline, ID, and gear DOB vs. 
material grades. 

 
Gear DOB change was not significant between Grade 

4320 and Grade 8620; however, grade 20MNCr5+HH 
showed more variability when compared to Grade 8620 and 
Grade 4320 (see again Figure 5). 

Material*Feature; LS Means

Current effect: F(2, 124)=.58287, p=.55981

Effective hypothesis decomposition

Vertical bars denote 0.95 confidence intervals

 Feature
 Gear DOB
 Feature
 External Spline 1 DOP
 Feature        TT
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Least Squares Means (some means not estimable)

Current effect: F(3, 322)=3.2659, p=.02162

Effective hypothesis decomposition

Vertical bars denote 0.95 confidence intervals
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 Internal spline DOP
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 TT  / Span size
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Feature*Material; LS Means

Current effect: F(4, 451)=1.1065, p=.35285

Effective hypothesis decomposition

Vertical bars denote 0.95 confidence intervals

 Feature
 Helix Slope
 Feature
 Profile slope
 Feature
 PD Runout

Grade 8620
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Current effect: F(2, 343)=4.2827, p=.01455

Effective hypothesis decomposition

Vertical bars denote 0.95 confidence intervals
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1. External Spline DOP showed changes of roughly    
40 microns between Grade 4320 and Grade 8620; 
however, both showed an average growth in size af-
ter the HT process (Figure 5). 

2. Average gear profile slope and helix slope reversed 
from positive to negative with respect to Grade 8620 
and Grade 20MnCr5+HH in this family of parts. 
Grade 4320 also showed negative trends when com-
pared to grade 8620 (see again Figure 6). 

3. Average PD runout showed about a 0.030 mm differ-
ence from 20MnCr5+HH to grade 8620; however, 
there was less variation around the mean for grade 
8620 when compared to grades 4320 and 
20MnCr5+HH (Figure 6). Please note that 0.030 mm 
is a substantial change, as the tolerance of parts is 
typically between 0.080 and 0.100 mm; this repre-
sents a change of about 40%. 

Figure 6. Range Gear – PD runout, helix slope, and profile change 
(mm) vs. material grades. 

 
Figure 7 indicates an overall HT change in features by the 

part family regardless of material used.  

Figure 7. HT change in critical features by part family. 

Question 2: Is there a correlation between geometric fac-
tors (variables) and dimensional distortion of 
critical features?  

 
Table 6 gives a summary of correlations. The regression 

analyses performed on all parts against the geometrical fac-
tors highlighted in green and the corresponding feature’s     
p-values less than 0.05 show a significant relationship 
among selected independent variables. 
 
Question 3. Is there a correlation between gear-module 

size and size distortions in gear lead, gear pro-
file, gear runout, and gear tooth thickness for 
each gear-part family? 

 
The authors found no statistically significant correlation 

between gear-module size, PD runout, gear-helix slope, gear
-profile slope, and gear TT. The reason for this question was 
to check if the features of the gear’s geometry were affected 
by gear-module size. In practice, a general impression exists 
that module size affects features such as PD runout, tooth 
thickness, helix slope, and profile slope. Table 7 shows the 
regression analysis for gear-module size and the selected 
features for all part families. The p-value indicated that the 
relationship was not significant. 
 

Discussion  
 

The purpose of this study was to obtain insight into vari-
ous correlations with respect to geometrical factors and ma-
terial grades. It was observed that geometrical shape of the 
body, geometrical factors such as face width, outer diameter 
of gear, weight and surface-area-to-weight ratios influence 
the behavior and extent of HT changes during the manufac-
turing process. The results obtained during this study can be 
used to evaluate the target sizes during pre-heat-treatment 
machining processes, which can provide products with bet-
ter process capability in the finished operations and produce 
parts in a consistent and capable manner.  

 
In product development and manufacturing process setup 

for pre-HT-tolerance selections, the correlational infor-
mation would be a useful tool to have. It can reduce scrap 
cost and save a lot of time for experimentation. The predic-
tion equations from the data can be used to evaluate the 
predicted change for any particular shape and raw material 
for the features of interest. Equation 1 is an example of how 
to predict the percentage change in HT for DOB change in a 
range gears made of steel grade 8620. 
 
 
 
 

(1) 
 
 
 
 

Material*Feature; LS Means

Current effect: F(4, 591)=2.8335, p=.02394

Effective hypothesis decomposition

Vertical bars denote 0.95 confidence intervals
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 0.0155 S/W ratio  0.00292 module
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Table 6. Regression analysis of features vs. geometrical factors. Table 7. Regression analysis of module size vs. critical features of 
gears. 

If the values for gear OD, S/W ratio, face width, helix 
angle, and module size are plugged into Equation 1, the 
predicted HT change in percentage for DOB size can be 
calculated. It is important that inspection data from before 
and after heat treatment be collected over a period for the 
current production parts in order to establish the prediction 
models for features of choice. The aim of this study was to 
provide insight into the development of new products using 
the collected data. Actual predictions depend upon many 
variables including, but not limited to, methods of HT, load-
ing of parts in the furnace, type of material used, methods 
used for the quenching process, and the range of parts being 
processed in that particular industry.  
 

Optimization of Manufacturing and 
Pre-Heat-Treatment Tolerance: 
A Hypothetical Case Study  
 

The case study presented now is to illustrate how one can 
optimize the targets in green machining by creating a re-
sponse optimization model. A hypothetical example is 
demonstrated in this case study for optimization of manu-
facturing / pre-HT tolerances. For simplicity, only one fea-
ture, internal spline DOP size, was selected for evaluation. 
The flow diagram of Figure 8 illustrates the procedure 
adopted for optimization of the tolerance. In this example, 
the feature has no post-HT operation, so the size after HT is 
a finished size. However, if there had been a post-HT opera-
tion, such as grinding, then one would have to have added 
grind stock into the calculation. The response-optimization 
model ran with the following independent variables from 
the existing data. 

1. S/W ratio (%) 
2. Gear module size 
3. Helix angle (deg)  
4. Face width of gear (mm) 
5. Material grade 
5. Part family 

Model Summary 

S R-sq R-sq(adj) R-sq(pred) 

12.8961 0.65% 0.33% 0.02% 

Coefficients 

Term Coef SE Coef T-Value P-Value 

Constant 2.25 1.67 1.35 0.178 

Module -0.620 0.402 -1.54 0.123 

Feature     

Helix Slope -1.83 1.04 -1.76 0.079 

PD Runout 0.52 1.05 0.50 0.617 

Profile slope 0.18 1.05 0.17 0.864 

TT -0.18 1.40 -0.13 0.900 

Model Summary 

S R-sq R-sq(adj) 

0.104125 16.11% 14.21% 

Coefficients 

Term Coef SE Coef T-Value P-Value 

Constant 0.483 0.400 1.21 0.228 

Helix (Deg) -0.057 0.160 -0.36 0.719 

Face Width -0.0415 0.0396 -1.05 0.294 

Gear OD (mm) -0.0893 0.0301 -2.97 0.003 

S/W Ratio -0.06046 0.00979 -6.17 0.000 

Feature     

External Spline DOP -1.324 0.873 -1.52 0.129 

 Gear DOB -0.686 0.124 -5.52 0.000 

 Helix Slope -0.3536 0.0925 -3.82 0.000 

 PD Runout -0.4871 0.0930 -5.24 0.000 

 Profile slope -0.3470 0.0925 -3.75 0.000 

 TT -0.886 0.158 -5.62 0.000 

Part Family     

Broached Bore Gear -0.067 0.407 -0.17 0.869 

Gear with spline 2.357 0.471 5.00 0.000 

Helix (Deg)*Feature     

External Spline DOP 0.4161 0.0509 8.18 0.000 

Gear DOB 0.0282 0.0159 1.77 0.076 

Helix Slope 0.0625 0.0120 5.20 0.000 

PD Runout 0.0635 0.0124 5.11 0.000 

Profile slope 0.0631 0.0120 5.24 0.000 

TT 0.0605 0.0215 2.81 0.005 

Face Width*Feature     

External Spline DOP 0.0947 0.0373 2.54 0.011 

Gear DOB 0.0402 0.0177 2.27 0.023 

Helix Slope 0.0009 0.0165 0.06 0.955 

PD Runout 0.0267 0.0163 1.64 0.100 

Profile slope 0.0016 0.0165 0.10 0.924 

TT 0.0980 0.0275 3.57 0.000 

Gear OD (mm)
*Feature 

    

External Spline DOP 0.3068 0.0996 3.08 0.002 

Gear DOB 0.1406 0.0218 6.45 0.000 

Helix Slope 0.0914 0.0192 4.75 0.000 

PD Runout 0.1049 0.0194 5.42 0.000 

Profile slope 0.0889 0.0192 4.62 0.000 

TT 0.1416 0.0286 4.94 0.000 

S/W Ratio*Feature     

External Spline DOP -6.50 1.98 -3.27 0.001 

Gear DOB 0.872 0.138 6.30 0.000 

Helix Slope 0.0549 0.0129 4.27 0.000 

PD Runout 0.0614 0.0133 4.63 0.000 

Profile slope 0.0539 0.0129 4.19 0.000 

TT 0.0921 0.0149 6.18 0.000 
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Figure 8. Process flow for prediction and optimization of pre-HT 
tolerance. 

 
The response variable selected for this case study was 

internal spline DOP size percent change during the HT pro-
cess. The R-Squared value of the model in Table 8 indicates 
that the model fit the data well and was adequate.  

 
Table 8. Model summary for this case study. 

In the first step, the model was run for the minimum HT 
change. Table 9 shows the predicted values for HT changes 
and the details of the variables. Figure 9 shows the corre-
sponding model variables and the predicted response 
(internal spline DOP size %) of y = -0.0486%.  
 
Table 9. Prediction for internal spline DOP size change (%). 

Figure 9. Optimization plot for internal spline DOP (%). 

 
Figure 9 represents the optimization model with the se-

lected variables and a response of -0.00487, based on the 
selected values of each variables. In the next step, the exper-
imenter uses these optimization parameters to find the HT 
change for the hypothetical new part. Assume that the new 
gear to be developed has the following print specifications: 

1. S/W ratio (m2/Kg expressed in %) = 30% (0.30) 
2. Module = 3.0 
3. Helix = 20 Deg 
4. Face width = 20 
5. Material = Grade 8620 
6. Family = Range gear  

 
Now the optimization process will be run again with the 

new set of values in the model to get the updated response 
that will be used to adjust the manufacturing tolerance of 
the selected feature for the part with the new specifications. 
Figure 10 shows the updated graphical representation of the 
response, based on the new values of the gear. The red verti-
cal lines in the optimization plot of Figure 10 can be set 
according to the desired parameters from the new product 
specifications, and the corresponding percentage of the re-
sponse, y, can be seen on the left side of the plot. The pre-
dicted change in internal DOP size is -0.0363% and will be 
used to compensate for the pre-HT size. Assume that the 
finished internal spline DOP specification is 50mm            
+/- 0.040 mm. Since the size gets smaller during the HT 
process, 0.0363% must be added to the finished size in or-
der to compensate for the HT change; therefore, the pre-HT 
size will be 50.018 mm for the DOP size.  

Figure 10. Updated response with revised print specifications. 

 
As reported by Montgomery (1996), Taguchi imposes a 

quadratic loss function, represented by Equation (2): 
 

(2) 
 
where, L is the loss function, y is the actual size of the de-
sign characteristic, T is the target value, and k is the quality 
loss coefficient.  

S R-sq R-sq(adj) R-sq(pred) 

0.0019175 90.49% 90.13% 88.71% 

Subtract Pre-Grind Material Stock if Necessary 

Compensate the Change in Pre-HT / Green Machining Size 

Run the Regression Model  to Optimize the Response with Selected 

Independent  and Categorical Variables

Finished Feature Size in Engineering Drawing

Investigate and

 Predict  the HT Change Using Prediction Model

Multiple Response Prediction 

Variable Setting 

S/W Ratio 0.597453 

Module 5 

Helix (deg) 30.882 

Face Width 20 

Material Grade 8620 

Part Family Range Gear 

Response Fit SE Fit 95% CI 95% PI 

Int. Spline 
DOP size 
Change (%) 

-0.0486 0.00358 
(-0.05572, -

0.04160) 
(-0.05667, 
-0.04065) 

   
2

L y k y T 
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According to Taguchi philosophy operation on target is 
more important than conformance to the specifications, 
Montgomery (1996). Figure 11 represents quality loss in 
terms of dollar amount with respect to the specification. 
Now, how much economic impact/loss is associated with 
producing this part, if the re-targeting due to distortion is 
not compensated in pre-HT tolerance? 

Figure 11. Loss function. 

 
Total Scrap / Machine Cost, L = $150 / part 
 
Total Tolerance, T = 0.08 mm (+/- 0.040) 
 
 k =  (L) / (Tolerance)2 = 150 / (0.04)2 = 93,750 ($/mm2) 
 

Figure 11 also shows that, if the target is not compensated 
for HT change, the parts will be 0.018mm below the nomi-
nal value and the corresponding loss per part will be $37.5. 
Nonetheless, with the conventional approach, parts may 
well be within specifications. Another aspect of this is deg-
radation in the process capability if the process is not retar-
geted. Process capability is defined by Equations 3 or 4: 
 

(3) 
 
 

(4) 
 
 

Equations 3 and 4 are the mathematical representations of 
the process capability, where Cp and CpK are process capa-
bility indices, U and L are the upper and lower specifica-
tions, respectively, σ is the standard deviation of the pro-
cess, and µ is the process mean (Kotz & Johnson, 2002). 
Assuming that the standard deviation for this process is 
0.01, the process capability index (CpK) at the target value of 
50.00 mm will be 1.33; however, if the target is moved 
0.018 towards the lower side of tolerance, the CpK index will 
be 0.73 and the process will no longer be viable, according 
to most industry standards.  

Using this model allows us to target the values within a 
certain confidence level so that the quality loss is mini-
mized. The prediction model jointly optimizes a single re-
sponse and accommodates several variables at once, which 
is cost-effective, as it reduces the experimental runs for op-
timization in order to predict a feature’s size for the new 
products, and the precision of the target also allows parts to 
be produced with better process capability. If there is a need 
to optimize multiple responses, the model can be run sepa-
rately for each response. The knowledge of previous experi-
ments can be used to create a comprehensive approach for 
optimization of manufacturing tolerances that can save time 
for the new product-development process.  
 

Conclusions 
 

In this investigation, the authors explored and demonstrat-
ed many aspects for predicting heat-treatment distortions of 
several important features in different part families, pro-
duced with similar or different raw materials. From the liter-
ature review, it was acknowledged that heat-treatment dis-
tortions are unavoidable; however, understanding the key 
relationships of variables in different geometrical shapes 
and the changes critical to quality features help us to under-
stand and predict the changes, and further compensate for 
projected distortional effects. The predicted changes play a 
critical role in setting up manufacturing tolerances for well-
targeted and capable processes.  

 
The authors used inspection data from a number of previ-

ous studies to find the heat-treatment changes and the im-
portant relationships that can affect distortion due to heat 
treatment: for example, the surface-to-weight ratio affects 
PD runout in all part families. Additionally, gear-face width 
affects all selected features to a certain extent except tooth 
thickness. The authors also found some interesting relation-
ships between the raw material and some important gear 
features, such as helix slope, PD runout, and profile slope 
variations. Using different grades of raw material can com-
pletely reverse changes in these features. 
 

Finally, the authors developed a statistical model and il-
lustrated it, using a case study to develop the target size for 
manufacturing tolerance and to produce parts in a capable 
and cost-effective manner. The model, once established, can 
be used to create relationship plots for future references. In 
the next steps and for future studies, the authors recommend 
that an inspection database of features be created in order to 
construct statistical models based on the variety of geomet-
rical shapes and types of gears, and heat-treatment methods 
with different choices of features that could be used for 
wide application in the industry, where several raw materi-
als and geometrically shaped parts are heat treated and ma-
chined. 
 
 
 

  )/ 6(–pC U L 

    }– / 3 ,  /{ (3( ) )pKC min U µ µ L  
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Abstract  
 

Concrete is one of the most-used manmade materials 
around the world. Many factors affect the strength of con-
crete. A dataset of 1030 points was used in this current 
study to develop a prediction equation for concrete strength 
in order to determine which factors are most significant in 
changing concrete strength. In this paper, the authors pre-
sent the development of the prediction equation as well as 
an evaluation of the parameters affecting the strength of 
concrete. The process for this study included analysis of 
variance (ANOVA), regression, and residual analysis. Outli-
ers were identified using scatter plots and Mahalanobis dis-
tance. The authors present here the progress in equation 
development and the enhancement achieved at each step 
along the way. The enhanced model yielded a very high R2 
value. The final model was developed using a randomly 
selected part of the data whose fit was then evaluated using 
the rest of the data. The fit of the model was compared to an 
artificial neural network (ANN) model from the literature. 
The results showed that using all of the significant variables 
in the development of a regression model can yield better 
prediction results when compared to an ANN model using 
fewer variables. The model can be used as a preliminary 
estimation tool for the strength of concrete during the mix-
ture design process, but it needs further calibration on more 
datasets. 

 

Introduction 
 

Concrete is a material that is widely used worldwide. 
Concrete strength can be evaluated confidently only after 
testing, which requires time after concrete placement. The 
use of prediction equations is a tool that can give users some 
confidence in the expected performance of concrete. The 
equations  can also be used in tweaking the design in the 
early stages. The use of such equations will never replace 
the laboratory and field testing but can add confidence in 
the expected results. The use of statistical regression models 
and neural networks in predicting concrete strength was 
done previously by some researchers. In this paper, the au-
thors present the steps in the development of a simple pre-
diction equation that can be used to predict with accuracy 
the strength of conventional concrete or concrete that has fly 
ash or blast furnace slag in it. This equation was used to 
identify the significance of the different components and 
their contribution to concrete strength. A potential use of 
this equation is to evaluate the effect of a change in the con-
stituents on the strength of concrete. The prediction accura-
cy of the equation was compared to that of an artificial neu-

ral network prediction equation from the literature that was 
developed using the same dataset.  

 
Models that can predict the strength of concrete are classi-

fied as conventional models, which are based on statistical 
analysis and artificial intelligence models (Liu & Zheng, 
2019). Some researchers used neural networks to predict   
28-day concrete strength (Ni & Wang, 2000). Neural net-
works were used to predict the compressive strength of con-
crete after being subjected to a sulphate attack (Diab, El-
yamany, ElMoaty, & Shalan, 2014). A model done by 
Kostiæ and Vasoviæ (2015) used 75 concrete samples to 
develop an artificial neural network model with varying  
numbers of hidden nodes and learning algorithms. The high-
est R2 value achieved was 0.87. The strength of lightweight 
concrete was also predicted using neural networks (Alshihri, 
Azmi, & El-Bisi, 2009). Regression was used to predict the 
strength of concrete in the case of accelerated curing 
(Shelke & Gadve, 2016). Some researchers developed a 
regression model to predict the strength of concrete from 
non-destructive test results (Luis, Zulima, & Denys, 2018).  

 
A regression model was developed to predict the proper-

ties of concrete made using demolished concrete, recycled 
concrete, and recycled aggregate (Tam, Wang, & Tam, 
2008). Multiple linear regression was used to predict the 
compressive strength of concrete; in that study, the authors 
used nine specimens that were prepared in the laboratory 
(Nikoo, Zarfam, & Sayahpour, 2015). Another model was 
developed by Sayed-Ahmed (2012) that could predict the 
strength of concrete with different constituents at a fixed 
age. Zain and Abd (2009) developed a model that could 
predict the strength at different ages of concrete using the 
concrete constituents as the predictors. This model gave a 
very high correlation, but it had a major drawback in that 
the coefficients to be used in the equation were different for 
each age of the sample.  

 
Shafieyzadeh (2013) used 95 samples in a regression 

model to predict the compressive strength of concrete that 
had different quantities of silica fume and styrene-butadiene 
rubber (SBR); that model yielded an R value of 0.95.     
Aggregate is a major constituent of concrete and accounts 
for 70-80 percent of the volume of concrete. Aggregate is 
considered an inert filler in concrete and is not a major con-
tributor to concrete strength. On the other hand, aggregate 
has a significant effect on the workability, durability, cost, 
and dimensional stability of concrete (Katiyar & Singh, 
2019). Atici (2011) conducted a study in which the results 
from laboratory testing of samples with blast furnace slag 
and fly ash were used to develop prediction models. The 
prediction models included multiple regression analysis and 
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artificial neural networks. The results showed that the use of 
multiple regression was better in the case of non-destructive 
testing. On the other hand, for compressive strength, artifi-
cial neural networks performed best, due to the nonlinear 
relationship. Chithra, Kumar, Chinnaraju, and Ashmita 
(2016) used multiple regression analysis and artificial neural 
networks to predict the compressive strength of high-
performance concrete. The additives used in this concrete 
were nano-silica and copper slag. The samples had different 
percentages of additives and different testing ages. The re-
sults showed that the prediction using artificial neural net-
works was more accurate than those using multiple regres-
sion, due to multi-collinearity. 

 
It can be seen from the literature review that most of the 

studies used artificial neural networks to develop the predic-
tion models. The authors found only a limited number of 
studies that used regression in predicting concrete strength. 
And, the regression models developed in those studies had 
either a limited number of data points or limited applica-
tions to specialized concrete. The main objective of this 
current study was to develop a prediction equation that 
could accurately predict the compressive strength of con-
crete that included mineral admixtures. In addition, the re-
sults were compared to the results of an artificial neural 
network model that was developed by another researcher 
using the same data. The key hypothesis tested here was that 
a regression model implementing all of the significant varia-
bles would be more accurate than an artificial neural net-
work model containing a limited number of variables.  

 

Methodology 
 

In order to have a sufficient number of data points to de-
velop the statistical model, a dataset published by Yeh 
(1998), which is available on the UC Irvine Machine Learn-
ing Repository, was used. The same dataset was fitted be-
fore using the artificial neural network by Yeh (1998) and 
Khashman and Akpinar (2017). The dataset included 1030 
data points. The main advantage of this dataset was that it 
had a large number of data points, which can help in achiev-
ing a good fit for the model. This helped in overcoming the 
gap found in the literature, due to the limited number of data 
points. In addition, the number of data points allows for the 
separation of the dataset into training and testing sets. An-
other advantage of the selected dataset was the use of differ-
ent pozzolanic admixtures, which helped in achieving a 
more versatile model that can be used in predicting the 
strength of different concrete types. This dataset was statis-
tically analyzed using SPSS software. The samples were 
made using ordinary Portland cement and were cured under 
normal conditions (Yeh, 1998). Table 1 presents the constit-
uents of the mixes, their ranges, and their average values. 
 

The dataset was comprised of a set of eleven predictor 
variables that were initially used to predict the response 
variable, compressive strength of concrete in Mega Pascals 
(MPa). The predictors were weight of cementitious materi-

als (kg/m3), water (kg/m3), concrete age (day), coarse aggre-
gate (kg/m3), fly ash (kg/m3), fine aggregate (kg/m3), super-
plasticizer (kg/m3), cement quantity (kg/m3), and blast fur-
nace slag (kg/m3), in addition to two calculated values to 
study the combined effect of some variables. The two calcu-
lated variables, the water-to-cement ratio, and the weight of 
the cementitious materials were eliminated, because of their 
strong collinearity with other variables—the other variables 
were found to be more statistically significant. A test of 
linearity was conducted to determine if there was a linear 
relationship between the response and predictor variables. 
Once that condition was satisfied, multiple linear regression 
was used as a main tool for the analysis. Dubin-Watson and 
case-wise diagnosis with outliers outside three standard 
deviations were used for the residual analysis. A normal 
probability plot was used for the standardized residual plot.  
 
Table 1. Constituent quantities. 

Distances between observations were checked using 
Cook’s and Mahalanobis distances to check for cases of 
possible outliers alongside DfFit to check for influential 
outliers, which served as a guide to determine which data 
should be removed from the dataset. The correlation be-
tween all of the variables was also checked to determine 
possible cases of multi-collinearity. Analysis of variance 
(ANOVA) was used to determine the significant and insig-
nificant predictor variables. The insignificant predictor vari-
ables were eliminated from the final regression model. The 
remaining variables were used in fitting a strength-
prediction equation. The equation fit was then enhanced by 
identifying the outliers and eliminating them. Finally, an 
enhanced prediction equation was achieved and the most 
significant predictor variables were identified. 

 

Statistical Analysis 
 

The model was first analyzed using the 11 variables pre-
sented in the methodology. Blast furnace slag was excluded, 
because there was a strong correlation between blast furnace 
and weight cementitious. The remaining predictors for the 
model were weight of cementitious materials, water, con-
crete age, coarse aggregate, fly ash, fine aggregate, super-
plasticizer, and cement. The model had an R value of 0.785, 
an R2 value of 0.615, and an adjusted R2 value of 0.612. The 

——————————————————————————————————————————————–———— 

Development of a Regression Equation for Predicting Concrete Strength                                                                 17 

Constituent Range (kg/m3) 
Average Value 

(kg/m3) 

Cement 71-600 232.2 

Fly ash 0-175 46.4 

Blast furnace slag 0-359 79.2 

Water 120-238 186.4 

Superplasticizer 0-20.8 3.5 

Coarse aggregate 730-1322 943.5 

Fine aggregate 486-968 819.9 
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standard error of the estimate was 10.4. Table 2 shows the 
results of the ANOVA. Table 3 shows the coefficients of the 
predicted variables and their corresponding level of signifi-
cance (p-value). The significance value should be below the 
tolerable level of significance for the study, which was be-
low 0.05 for the 95% confidence interval. Based on the sig-
nificance value, the null hypothesis would be rejected if the 
value was greater than 0.05. It can be seen that coarse and 
fine aggregates were found to be statistically insignificant 
with p-values > 0.05 and, therefore, removed from the mod-
el. This means that these two factors did not have a signifi-
cant effect on the strength of concrete. These are major 
components and must be part of the concrete for other pur-
poses, as presented in the literature review. Table 4 shows 
the correlations between the different variables, including 
blast furnace slag in order to show its correlation with 
weight cementitious. A value higher than 0.7 means they 
have the same predictive effect and which is also an indica-
tion of multi-collinearity. 

Table 2. Analysis of variance (ANOVA). 

Further analysis of the variables showed that there was 
multi-collinearity between blast furnace slag and weight 
cementitious. As a result, weight cementitious was dropped 
from the model, due to its lower relationship in predicting 
concrete compressive strength when compared to blast fur-
nace slag. Weight cementitious material was a variable that 
included all of the cementitious materials added together to 
determine if this variable would lead to a better model or the 
fitting should be done using each of the cementitious con-
stituents. It was found that it was better to use each constitu-

 
Sum of 

Squares 
Df 

Mean 

Square 
F p-value 

Regression 176744.87 8 22093.11 204.269 0.000 

Residual 110428.16 1021 108.157   

Total 287173.03 1029    

 
Unstandardized 

Coefficients 
B 

Std. Error 
Standardized 
Coefficients 

Beta 
t p-value 

(Constant) -23.164 26.588  -0.871 0.384 

Cement 0.120 0.008 0.749 14.110 0.000 

Fly Ash -0.016 0.006 -0.061 -2.506 0.012 

Water -0.150 0.040 -0.192 -3.741 0.000 

Superplasticizer 0.291 0.093 0.104 3.110 0.002 

Coarse Aggregate 0.018 0.009 0.084 1.919 0.055 

Fine Aggregate 0.020 0.011 0.097 1.883 0.060 

Age 0.114 0.005 0.432 21.046 0.000 

Weight Cementitious 0.104 0.010 0.555 10.245 0.000 

Table 3. Significance of the different variables. 

 
Concrete 

comp. 
strength 

Cement 
Blast Furnace 

Slag 
Fly Ash Water Superplasticizer Age 

Weight 
Cementitious 

Concrete comp. strength 1.000 0.498 0.135 -0.106 -0.290 0.366 0.329 0.055 

Cement 0.498 1.000 -0.275 -0.397 -0.082 0.093 0.082 -0.551 

Blast Furnace Slag 0.135 -0.275 1.000 -0.324 0.107 0.043 -0.044 0.735 

Fly Ash -0.106 -0.397 -0.324 1.000 -0.257 0.377 -0.154 0.404 

Water -0.290 -0.082 0.107 -0.257 1.000 -0.657 0.278 -0.081 

Superplasticizer 0.366 0.093 0.043 0.377 -0.657 1.000 -0.193 0.312 

Age 0.329 0.082 -0.044 -0.154 0.278 -0.193 1.000 -0.153 

Weight Cementitious 0.055 -0.551 0.735 0.404 -0.081 0.312 -0.153 1.000 

Table 4. Correlations between the different variables. 
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ent separately. The cementitious materials’ constituents 
were weight of cement, weight of fly ash, and weight of 
blast furnace slag. This should increase the prediction capa-
bility of the model, due to the differences in the effects of 
each of these components. Table 5 presents the descriptive 
statistics of the seven predictors that were used in the re-
maining part of the model analysis. The model has an         
R value of 0.784,  R2 value of 0.614, and an adjusted  R2 
value of 0.612. The standard error of the estimate was 
10.41. The scatter plot indicates that there was a linear rela-
tionship between the response and predictor variables. It 
was also found that there were cases of outliers.  

 
Table 6 presents the results from the ANOVA. The results 

in Table 6 determine whether the model was significant 
enough to predict the outcome. Generally, the 95% confi-
dence interval or 5% level of the significance level was cho-
sen for the study. Thus, the p-value should be less than 0.05; 
in Table 6, it is 0.000. Therefore, the result is significant. 
The F-ratio offers an improvement in the prediction of the 
variable by fitting the model after considering the inaccura-
cy present in the model. A value greater than 1 for the         
F-ratio yields an efficient model. In Table 6, the value is 
271.181, which is good. Table 7 presents the model coeffi-
cients and their significance. It also gives an idea of the 
maximum, minimum, and spread of the model values to the 
actual values. 
 
Table 5. Descriptive statistics of predictors. 

Table 6. Analysis of variance (ANOVA). 

To further evaluate the results, Table 8 shows the residual 
statistics of the model after selecting the significant varia-
bles. Figure 1 shows the frequency of the regression model 
standardized residual. Figure 2 presents a scatter plot that 
shows the regression standardized residual versus the re-
gression standardized predicted value. 

Table 7. Significance of the different variables. 

Table 8. Residual Statistics. 

Looking at Figures 1 and 2, it can be concluded that the 
data had some outliers that need to be identified and re-
moved in order to enhance the model. Residual analysis, 
scatter plots and Mahalanobis distance with its correspond-
ing chi-square value at 0.001 with six degrees of freedom 
(number of predictor variables) were employed for detecting 
cases of outliers in the data set. The outliers were identified 
to be 100 points of the 1030 points analyzed and were re-
moved to enhance the model’s accuracy. Table 9 shows the 
descriptive statistics of the dataset after removing the outli-
ers. 

Figure 1. Histogram of the frequency of the regression standard-
ized residual. 

Variable Mean Std. Deviation 

Concrete Compressive Strength 35.82 16.706 

Cement 281.17 104.507 

Blast Furnace Slag 73.90 86.279 

Fly Ash 54.19 63.997 

Water 181.57 21.356 

Superplasticizer 6.20 5.974 

Age 45.66 63.170 

 
Sum of 
Squares 

Df 
Mean 

Square 
F Sig. 

Regression 176317.06 6 29386.177 271.181 0.000 

Residual 110855.97 1023 108.364 
 
 

 
 

Total 287173.03 1029    

 
Unstandardized 

Coefficients 
B 

Std. 
Error 

Standardized 
Coefficients 

Beta 
t Sig. 

(Constant) 29.030 4.212  6.891 0.000 

Cement 0.105 0.004 0.660 24.821 0.000 

Blast Furnace 
Slag 

0.086 0.005 0.447 17.386 0.000 

Fly Ash 0.069 0.008 0.263 8.881 0.000 

Water -0.218 0.021 -0.279 -10.332 0.000 

Super- 
plasticizer 

0.239 0.085 0.085 2.826 0.005 

Age (day) 0.113 0.005 0.429 20.987 0.000 

  Minimum Maximum Mean 
Std. 

Deviation 

Predicted 
Value 

10.413 78.840 35.818 13.090 

Residual -29.014 34.726 0.000 10.379 

Std. 
Predicted 
Value 

-1.941 3.287 0.000 1.000 

Std. 
Residual 

-2.787 3.336 0.000 0.997 
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Figure 2. Regression standardized residual versus regression 
standardized predicted value. 

 
Table 9. Descriptive statistics of dataset after removing outliers. 

Results 
 

The result of this analysis was the development of the 
enhanced model using the modified dataset. The model had 
an R value of 0.899, R2 value of 0.809, and an adjusted  R2 
value of 0.808. The standard error of the estimate was 7.3. 
Table 10 presents the residual statistics of the model. It can 
be seen in Table 10, compared to Table 8, that there was a 
reduction in the residual, which means that the model fit the 
data better. Table 11 presents the correlations between the 
predictors used in this model. The data in Table 11 show 
that there is no correlation between the different predictors. 
For this model, all of the correlations were less than 0.7, 
which means that there was no multi-collinearity. Table 12 
presents the model coefficients. It can be seen from Table 
12 that all of the predictors had very high significance val-
ues, as they had p-values less than 0.005. The only predictor 
that was not highly significant was the superplasticizer; the 
authors, however, chose to include it in the model, because 
it enhanced the model’s prediction. Figures 3 and 4 shows 
the residual analysis for the enhanced model. It can be seen 
in the figures that the enhancement of the model and the 
removal of the outliers yielded better results. Figure 5 
shows the normal P-P plot of regression standardized resid-

ual for concrete strength as the dependent variable. Figure 5 
also shows how the model enhancement affected the results 
and that the results were very close to the line of equity. 
 
Table 10. Residual statistics of the enhanced model. 

Figure 3. Histogram of the frequency of the regression standard-
ized residual. 

Figure 4. Regression standardized residual versus regression 
standardized predicted value. 

 

Variable Mean Std. Deviation 

Concrete Compressive Strength 35.2523 16.6362 

Cement 275.255 103.4026 

Blast Furnace Slag 72.587 85.2276 

Fly Ash 58.350 64.6106 

Water 180.408 19.7981 

Superplasticizer 6.428 5.8181 

Age 33.83 30.4200 

 Minimum Maximum Mean Std. Dev. 

Predicted 
Value 

5.277 86.780 35.252 14.962 

Residual -17.416 19.216 0.000 7.272 

Std.  
Predicted 
Value 

-2.003 3.444 0.000 1.000 

Std. 
Residual 

-2.387 2.634 0.000 0.997 



——————————————————————————————————————————————–———— 

 

Figure 5. Normal P-P plot of regression standardized residual. 

 
The derived prediction equation is shown by Equation 1: 

 
(1) 

 
where, 
σ  = Concrete compressive strength (MPa) 
C = Cement weight (kg/m3) 
BFS = Blast Furnace Slag weight (kg/m3) 
FA = Fly Ash weight (kg/m3) 
W = Water weight (kg/m3) 
SP = Superplasticizer weight (kg/m3) 
A = Concrete age (days) 

From the equation, it can be inferred that, excluding wa-
ter, all of the other predictors had a direct, positive relation-
ship in predicting concrete compressive strength. The equa-
tion can also be used to calculate each marginal effect of the 
predictor variables on concrete compressive strength.  
 

Model Adjustment 
 

The presented model shows good fit with the results. But, 
in order to enhance the model, the authors checked for areas 
of enhancement: course aggregate, fine aggregate, and   
superplasticizer were found to be insignificant, so skewness 
was checked to see if there might be a need for transfor-
mation to make it significant. Age and superplasticizer were 
highly skewed to the right. Log transformation was done on 
age and a square-root transformation on superplasticizer. 
Cases of influential outliers were identified and removed 
from the model to improve its predictive power. Also, in 
order to check the capability of the prediction of this equa-
tion, the fitting was limited to 600 data points that were ran-
domly selected from the available dataset. This led to the 
development of Equation 2: 
 
 

(2) 
 

 Concrete comp. strength Cement Blast Furnace Slag Fly Ash Water Superplasticizer Age 

Concrete comp. 
strength 

1.000 0.516 0.153 -0.077 -0.393 0.440 0.507 

Cement 0.516 1.000 -0.266 -0.395 -0.126 0.102 -0.008 

Blast Furnace Slag 0.153 -0.266 1.000 -0.339 0.121 .035 -0.010 

Fly Ash -0.077 -0.395 -0.339 1.000 -0.212 0.374 0.022 

Water -0.393 -0.126 0.121 -0.212 1.000 -0.641 0.004 

Superplasticizer 0.440 0.102 0.035 0.374 -0.641 1.000 0.043 

Age (day) 0.507 -0.008 -0.010 0.022 0.004 0.043 1.000 

Table 11. Correlations between the different variables. 

Variable 
Unstandardized Coefficients 

B 
Std. Error 

Standardized Coefficients 
Beta 

T p-value 

(Constant) 23.189 3.241  7.154 0.000 

Cement 0.116 0.003 0.720 36.566 0.000 

Blast Furnace Slag 0.093 0.004 0.476 24.921 0.000 

Fly Ash 0.073 0.006 0.283 12.787 0.000 

Water -0.228 0.016 -0.271 -14.064 0.000 

Superplasticizer 0.137 0.064 0.048 2.146 0.032 

Age 0.279 0.008 0.510 35.387 0.000 

Table 12. Enhanced model coefficients. 

  0.116  0.093  0.073

– 0.228  0.137  0.279  23.189

C BFS FA

W SP A

   

  

  0.106   0.079  0.047 

 0.945  0.200  21.056    3.337

C BFS FA

SP W Log A
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The model had an R value of 0.909, R2 value of 0.826, 
and an adjusted  R2 value of 0.824. The standard error of the 
estimate was 6.86.Table 13 presents the results of the  
ANOVA. Table 14 shows the residual statistics, while Table 
15 shows the coefficients of the final model. Figure 6 shows 
the importance of the factors in affecting the compressive 
strength of the concrete. 
 
Table 13. Analysis of variance (ANOVA). 

Table 14. Residual statistics of the final model. 

Table 15. Final model coefficients. 

It can be seen from the results that transformation done to 
the predictors enhanced the prediction capability of the 
model. The increase in the F value (see again Table 13) 
shows an enhancement in the correction of fit, as compared 
to the previous models. Looking at Table 14, it can be seen 
that the p-value of the superplasticizer decreased, which 
means that the transformation made it more significant. 

Figure 6. Importance of the different factors in predicting concrete 
compressive strength. 

 

Model Testing 
 

To verify the capability of the model in predicting the 
compressive strength of concrete samples that were not used 
in the development of the model, the remaining 430 samples 
were used as a test group. The fit of the sample was evaluat-
ed. The fit of the test data had an R value of 0.901, an R2 
value of 0.812, and an adjusted  R2 value of 0.811. The 
standard error of the estimate was 7.35. This shows that the 
model had a very good fit for the data that were not used in 
the training. Figure 7 shows a comparison between the test-
ed and predicted results. 

Figure 7. Comparison between the tested and predicted strength 
for the testing group. 

 
The fit of the model for the entire dataset was then evalu-

ated. The fit of the entire population had an R value of 
0.913, an R2 value of 0.816, and an adjusted  R2 value of 
0.816. The standard error of the estimate was 7.17. This 
shows that the model had a very good fit for the entire da-
taset. Figure 8 presents a comparison between the tested and 
predicted results. 
 

 
Sum of 
Squares 

Df 
Mean 
Square 

F p-value 

Regression 127970.876 6 21328.48 453.450 0.000 

Residual 26904.587 572 47.036 
 
 

 
 

Total 154875.462 578    

 Minimum Maximum Mean Std. Dev. 

Predicted Value -3.0581 81.44 34.92 14.88 

Residual -21.855 26.902 0.000 6.823 

Std. Predicted 
Value 

-2.552 3.127 0.000 1.000 

Std. Residual -3.187 3.923 0.000 0.995 

Variable 
Unstandardized 

Coefficients 
B 

Std. 
Error 

Standardized 
Coefficients 

Beta 
T p-value 

(Constant) 3.337 3.914  0.852 0.000 

Cement 0.106 0.004 0.678 28.156 0.000 

Blast Furnace 
Slag 

0.079 0.004 0.422 18.350 0.000 

Fly Ash 0.047 0.007 0.184 6.334 0.000 

Water -0.200 
 

0.020 
-0.242 -10.206 0.000 

Log (Age) 21.056 0.602 0.619 34.986 0.000 

Square root 
(Super-
plasticizer) 

0.945 0.308 0.091 3.071 0.002 



——————————————————————————————————————————————–———— 

 

Figure 8. Comparison between the tested and predicted strength 
for the entire population. 

 

Comparison to ANN Model 
 

The owner of the dataset used it to develop and publish an 
artificial neural network model (Yeh, 1998). In that article, 
the author presented several models. In order to compare the 
model created in this study to one of the models developed 
by Yeh (1998), the authors chose the one that had the high-
est R2 value, or R3. The fit of the entire population to the 
ANN model had an R value of 0875, an R2 value of 0.766, 
and an adjusted R2 value of 0.766. The standard error of the 
estimate was 8.086. This result shows that the regression 
model had better prediction compared to the ANN model. 
The main reason why the prediction of the regression model 
was better than the artificial neural network is that the pre-
dictors in the ANN model were limited to age-of-test and 
water-to-binder ratios. It is worth noting that the ANN mod-
el training and testing sets had a total of 727 samples and 
the rest of the samples were eliminated by Yeh (1998), be-
cause they were considered outliers. In the final regression 
model developed in this current study, the entire dataset was 
used for model development and testing purposes. Figure 9 
presents a comparison between the tested and predicted re-
sults. Looking at the figure, it can be seen that the ANN 
model tended to overestimate the strength of the samples 
with higher compressive strength, which was not the case 
for the regression model. 
 

Conclusions 
 

In this paper, the authors presented the development of a 
prediction equation for concrete strength using a dataset of 
1030 points. From the regression equation, results showed 
that there was an inverse relationship between water content 
and concrete compressive strength. There was also a strong 
correlation between quantity of cementitious materials and 
concrete compressive strength. The results showed that the 
use of blast furnace slag had more of an effect on the com-
pressive strength of concrete than fly ash. The equation 
gives the weight of each, which can be used during mix 

design modification for replacement. The equation also in-
cluded the use of superplasticizer and the age of the sample 
as prediction factors. These two factors were transformed in 
order to provide the best fit for the equation. The results 
confirmed what was presented in the literature; that is, that 
the quantities of coarse and fine aggregate essential to con-
crete performance are not significant in the determination of 
concrete compressive strength.  

Figure 9. Comparison between the tested and predicted strength 
for the testing group. 

 
Also in this paper, the authors show the development pro-

cess and how the accuracy of the regression model can in-
crease with some changes. The developed regression equa-
tion can be used in preliminary estimation of concrete 
strength during the mix design process. The model can also 
be used to adjust the strength prediction, due to the addition 
of fly ash, blast furnace slag, or superplasticizers, and to 
adjust their replacement quantities in order to achieve a de-
sired strength. The use of this model does not eliminate the 
need for testing concrete strength. The use of this model is 
limited to mixes with ordinary Portland cement. The mixes 
can have additives like superplasticizer, fly ash, and blast 
furnace slag. For other additives, the model has to be 
changed to include parameters for these additives.  
 

Dividing the model into a training set and a testing set 
afforded the authors the opportunity to test the effectiveness 
of the model with data that were not used in training. The 
model showed a very high ability in predicting the strength 
of the test set. This proves that the model has the ability to 
predict new samples. It is recommended that this model be 
checked against other datasets to confirm the validity of the 
results. It is also recommended that the model be calibrated 
using more data points to enhance its prediction capability. 
Compared to the models found in the literature, this model 
showed high prediction power and worked with convention-
al concrete as well as concrete with mineral admixtures. 
Another advantage of this model was the large number of 
data points used to fit it. The final regression equation yield-
ed a better prediction, when used on the full model as com-
pared to an ANN model from the literature, as it yielded a 
higher R2 value (0.816) and also had a smaller root-mean-
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squared error residual (7.17) to the ANN, which yielded 
values of 0.766 and 8.082 respectively. Using all of the pa-
rameters that were statistically significant had a major effect 
on the predictability of the regression model. On the other 
hand, using the ANN model with fewer parameters reduced 
its accuracy. 
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adopted more and more often, due to the rising cost of gaso-
line and the effects of emissions from gasoline-powered 
vehicles on the environment (EPA, 2018a; NHSTA, 2018; 
Lin & Greene, 2011; Thomas, Huff, West, & Chambon, 
2017; Wang, Fan, Zhao, Yang, & Fu, 2016; El- Sharkawy, 
Mourad, Salem, & Youssef, 2011; NRC, 2011). ). Plug-In 
America (2016) has laid down basic principles to be adopt-
ed by policymakers for charging infrastructure for plug-in 
vehicles, which includes battery electric vehicles (BEVs) 
and plug-in hybrid electric vehicles (PHEVs). Scientists and 
environmentalists mostly have been concentrating on emis-
sion aspects of conventional vehicles (CVs). However, con-
sumers always have a concern about the fuel economy (FE) 
and annual fuel cost (AFC) associated with EVs. They also 
expect to know more about the maintenance requirements 
and costs related to EVs, compared to those of gasoline-
powered CVs.  
 

Many previous studies were carried out on life-cycle as-
sessment, emission analysis, and industrial performance, 
which consistently offered some indication of better fuel 
economy for EVs (Feng & Figliozzia, 2012; Nordelöf, Mes-
sagie, Tillman, Söderman, & Mierlo, 2014). However, FE, 
AFC, and maintenance combined had rarely been studied 
using comparative statistical analysis in the industrial tech-
nology management area. Usually, the FE had been record-
ed and reported per vehicle make and model (Chen, 2015), 
but AFC and maintenance data were usually not identified 
for consumers on CVs and EVs. Moreover, most previous 
studies utilized small sample sizes, as they mainly used sim-
ulations or model vehicles (Mirchandania, Adlera, and Mad-
senb, 2014; Karaki, Dinnawi, Jabr, Chedid, & Panik, 2015; 
Wang et al., 2016).  
 

Research Problem 
 

The lack of assessment and comparative studies with sub-
stantial samples on the quality of real-world CVs and EVs 
in terms of FE, AFC, and maintenance has been a current 
research problem in the vehicle and transportation industry 
(Pelletier, Jabali, & Laporte, 2014). Therefore, the purpose 
of this study was to assess and compare the quality of CVs 
and EVs using FE, AFC, and maintenance data with large 
sample sizes. The specific objectives of the study were as 
follows: 

1. Determine if the FE of CVs improved from year to 
year, as the technology of vehicles advanced. 

2. Investigate whether or not the FE of EVs improved 
from year to year.  

Abstract 
 

In this study, the authors statistically compared conven-
tional vehicles (CVs) and electric vehicles (EVs) at the 95% 
confidence level in terms of fuel economy (FE), annual fuel 
cost (AFC), maintenance frequency, and maintenance inten-
sity. Electric Vehicles were hybrid electric vehicles, plug-in 
electric vehicles, fuel cell electric vehicles, and battery elec-
tric vehicles. The authors examined samples of 3028 CVs 
and 282 EVs models from 2016 to 2018 for FE and AFC 
assessments. Also, CVs with 65 maintenance events and 
EVs with 348 maintenance events from 2000 to 2016 were 
studied for maintenance frequency and intensity assess-
ments. The FE and AFC comparisons were based on con-
sumer-reported data from the US Department of Energy and 
Environmental Protection Agency. The maintenance data 
were obtained from the Idaho National Laboratory. 
 

The results showed that the means for the FE of CVs were 
not significantly different between 2016 and 2017, or be-
tween 2017 and 2018 models. For EVs, the mean 2017 FE 
was better than 2016, but the means for FE for the 2017 and 
2018 models were not significantly different. In addition, 
the mean FE of EVs was overall 74.19% higher than that of 
CVs. Moreover, the mean AFC of EVs was significantly 
lower (i.e., 47.68%) than that of CVs. In this study, the au-
thors also introduced a formula to compute miles-per-dollar 
(MPD) from miles-per-gallon (MPG) and miles-per-gallon-
equivalent (MPGe) values. Furthermore, the mean frequen-
cy and mean intensity of maintenance per year of EVs were 
found to be approximately the same as those of CVs. 
Maintenance intensity was a reflection of the maintenance 
cost. Although, the annual maintenance cost of EVs was 
1.236% and CVs was 1.707% of their respective MSRP, but 
the MSRP of EVs was higher than that of CVs. These find-
ings may be useful for the automotive industry in order to 
improve vehicle design and performance. 
 

Introduction 

 
Conventional vehicles (CVs) are vehicles with internal 

combustion engines. In the US, most of these vehicles use 
gasoline as fuel. These vehicles have been around for about 
140 years. Electrical vehicles (EVs) run with internal com-
bustion engines (ICEs) and/or electric motor engines with 
battery packs (Aasness & Odeck, 2015). Today, automotive 
industries and their consumers are demanding more infor-
mation on electric vehicles (EVs), because they are being 
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3. Determine if the AFC of EVs was less than that of 
CVs.  

4. Determine whether or not the maintenance frequency 
(f) of EVs was less than that of CVs.  

5. Determine if the maintenance intensity (I), in terms 
of cost of EVs, was less than that of CVs. 

 
The current study is significant as it used real-world, con-

sumer-reported data for fuel economy and annual fuel cost 
studies (see Fuel Economy Study, Annual Fuel Cost Study, 
and Inclusion and Exclusion Criteria sub-headings in the 
Methodology section). All reported data were used in order 
to create sufficiently large samples. For the maintenance 
study, a different data set was used. Vehicles with records 
of 1-4 years of accelerated driving, that were systematically 
tracked, were used. A novel and common consumer-friendly 
measuring unit of miles per US dollar (MPD) was used, 
which could be easily converted from both miles per gallon 
(MPG) and miles per gallon equivalence (MPGe). 
 

Methodology 

 
In this study, the authors collected open-access consumer-

reported fuel economy data from the US Department of 
Energy and US Environmental Protection Agency (DOE, 
2018), and maintenance data from the Idaho National La-
boratory (INL, 2018). The research population was passen-
ger vehicles released from domestic and foreign automotive 
manufacturers in the US to consumers. Three studies were 
designed for this current project: FE study, AFC study, and 
maintenance study. The FE study had two objectives: objec-
tive 1 for CVs and objective 2 for EVs. The AFC study had 
one objective (objective 3). The maintenance study had two 
objectives: objective 4 for maintenance (f) and objective 5 
for maintenance intensity (I). For the hypothesis testing 
(Bader & Badar, 2017), the following hypotheses were set. 
 
Fuel Economy (FE) study as per objective 1 
1a: H0: μCV2016 ‒ μCV2017 ≥ 0 

H1: μCV2016 ‒ μCV2017 < 0 
1b: H0: μCV2017 ‒ μCV2018 ≥ 0 

H1: μCV2017 ‒ μCV2018 < 0 
 
FE as per objective 2 
2a: H0: μEV2016 ‒ μEV2017 ≥ 0 

H1: μEV2016 ‒ μEV2017 < 0 
2b: H0: μEV2017 ‒ μEV2018 ≥ 0 

H1: μEV2017 ‒ μEV2018 < 0 
 
Annual Fuel Cost (AFC) study as per objective 3 
3: H0: μEV ‒ μCV ≥ 0 

H1: μEV ‒ μCV < 0 
 
Maintenance study 
4: Maintenance Frequency as per Objective 4 

H0: μf EV failures ‒ μf CV failures ≥ 0 
H1: μf EV failures ‒ μf CV failures < 0 

 

5: Maintenance Intensity as per Objective 5 
H0: μI EV failures ‒ μI CV failures ≥ 0 
H1: μI EV failures ‒ μI CV failures < 0 

 

Fuel Economy Study 
 

The samples for the FE study were the consumer-reported 
fuel economy data of model years 2016, 2017, and 2018 
conventional and electric vehicles (DOE, 2018). The target 
population of N2016 FE = 2585, N2017 FE = 2573, and N2018 
FE = 2648 was comprised of the following vehicle types: 
gasoline-run conventional vehicles (CVG), hybrid electric 
vehicles (HEV), plug-in hybrid electric vehicles (PHEV), 
fuel cell electric vehicles (FCEV), and all electric or battery 
electric vehicles (EVBEV). The open-access fuel economy 
data came from both DOE (2018) and the EPA are reliable 
and valid. The target population was with three FE esti-
mates: a city estimate, a highway estimate, and a combined 
estimate. Fuel economy estimates were measured in MPG 
or MPGe, as formulated by the EPA (DOE, 2018). The pop-
ulation did not include sport utility vehicles (SUVs) and 
passenger vans with a gross vehicle weight rating (GVWR) 
above 10,000 lbs. (i.e., vehicle weight plus carrying capaci-
ty (DOE, 2018). The inclusion and exclusion criteria were 
explained after the FE, AFC, and maintenance studies data. 

 
For the target populations of vehicles noted above, not all 

consumers reported their fuel economy data. Hence, the 
samples used in this study consisted of the consumer-
reported data for 973 CVs and 92 EVs from 2016, 1015 
CVs and 90 EVs from 2017, and 1,040 CVs and 100 EVs 
from 2018 for a total of 3028 CVs and 282 EVs. The sam-
ples were organized by model, type, size, class, mode, city 
FE, highway FE, and combined FE. Finally, CVs and EVs, 
in terms of combined FE for each of the three model years, 
were used for comparison in this study. Overall the data 
were comprised of the number of conventional and electric 
vehicles as follows: 

1. 2018 (CVG = 1040, EV = 100 = 
[HEV = 40+PHEV = 33+ FCEV = 4+EVBEV = 23]) 

2. 2017 (CVG = 1015, EV = 90 = 
[HEV = 37+PHEV = 19+FCEV = 5+EVBEV = 29]) 

3. 2016 (CVG = 973, EV = 92 =  
[HEV = 40+PHEV = 18+FCEV = 4+EVBEV = 30]) 

 
The FE for CVs was measured in miles per gallon 

(MPG), and for EVs in MPG and/or miles per gallon equiv-
alent (MPGe), depending on the mode of driving. In case of 
driving on an electrical charge, kWh per 100 miles was rec-
orded and converted to MPGe as per the EPA formula 
(EPA, 2018b). As the measurement units differed by type of 
vehicle, it was necessary to transform them into a common 
measurement unit, MPD. The average MPGe/MPG factor 
was first calculated from combined FE samples. The factor 
was then used to transform the MPG of EVs, if applicable to 
MPGe units. Finally, the MPG for CVs and MPGe for EVs 
were subsequently transformed to MPD using Equation 1
(Morgan, 2019). 
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(1) 

 
 

The fuel price was $2.86 per gallon, based on pricing in 
Arizona—additional details will be provided in the next 
section. Table 1 shows the MPGe/MPG factors for the 2016, 
2017, and 2018 data sets. For CVs, MPG divided by fuel 
price per gallon yielded MPD. For electric vehicles, two 
units—MPG and MPGe—were used, depending on the 
mode. For EVs, MPG was converted to MPGe by the factor 
in Table 1. 

 
Table 1. MPGe/MPG factors. 

The FE data measured in MPD were analyzed in Minitab 
18 for descriptive statistics, normality, outlier threat for dis-
tribution, equal variances, and two-sample t-test with hy-
pothesis testing at the 95% confidence level. A summary of 
the results of these analyses are shown in the results section. 
For in-depth results, including normality, outlier, and vari-
ance tests, refer to the study by Morgan (2019). In this cur-
rent study, the authors utilized the same samples described 
in the fuel economy study, where the combined highway 
and city FE values were converted to MPD. From the MPD, 
annual fuel cost (AFC) values for CVs and EVs for 2016, 
2017, and 2018 were obtained. The AFC data were then 
analyzed in Minitab 18 for descriptive statistics, normality, 
outlier threat for distribution, equal variances, and two-
sample t-test with hypothesis testing at the 95% confidence 
level. Also, average manufacturer suggested retail price 
(MSRP) and vehicle depreciation (VD) were calculated. A 
summary of the results of these analyses are shown in the 
results section. For in-depth results including normality, 
outlier, and variance tests, refer to the study by Morgan 
(2019). 

 
The samples were collected from the Idaho National La-

boratory (INL, 2018), which is a part of the DOE having 
CVs with 65 maintenance events and EVs with 348 mainte-
nance events between 2000 and 2016. Thus, maintenance 
incidents, n = 65 for CVs and n = 348 for EVs, were tracked 
under accelerated driving and normal environmental pat-
terns. The data were organized by model, type, size, class, 
frequency, and intensity, according to tracked years. The 
collected frequency (f) and intensity (I) data came from 
tracked maintenance of failures and costs of failures on ac-
celerated driven vehicles, where one accelerated-driven year 
was equal to three normally driven years. The frequency 
referred to the number of failures or maintenance events. 
The intensity referred to the impact of the failures or 

maintenance events on the vehicle’s system, measured by 
cost as cost is a better measure of failure (Guinot, Sinn, Ba-
dar, & Ulmer, 2017). The higher the cost of maintenance of 
a failure in a vehicle system, the higher the intensity or im-
pact of the failure is on that system.  

 

Inclusion and Exclusion Criteria 
 

Only CVs using gasoline as fuel, HEVs and PHEVs using 
gasoline and electrofuel, FCEVs using hydrogen fuel, and 
EVs (i.e., BEVs) using electrofuel were considered. Con-
ventional vehicles using diesel fuel (CVD); natural gas vehi-
cles (NGVs) using natural gas fuel, also known as com-
pressed natural gas (CNG); flexible fuel vehicles (FFVs) 
using ethanol; and, propane vehicles (PVs) using propane 
gas were not considered in the FE and AFC studies (DOE, 
2018). In the maintenance study, however, some of these 
types were included (INL, 2018). Only common-market 
vehicle classes for EVs and CVs were used in the FE and 
AFC studies, as they showed smaller standard deviations 
(DOE, 2018). The common-market vehicle classes were 
small cars, family sedans, upscale sedans, luxury sedans, 
hatch backs, coupes, convertibles, sports, station wagons, 
SUVs under 10,000 lbs., and minivans. The average fuel 
price used was $2.86/gallon for regular unleaded gasoline in 
the state of Arizona (DOE, 2018). 
 

For the maintenance study, data were obtained from Ad-
vanced Vehicle Testing (INL, 2018). The tracking period 
for maintenance and repairs varied from one to four years 
during the period 2000-2016. The vehicles went through 
accelerated driving (one year of accelerated driving was 
equivalent to three years of normal driving) with driven 
mileages from 36,000 to 225,740 miles, depending on the 
engine or battery system. Therefore, 1-4 years of systemati-
cally tracked, accelerated-driven cars’ maintenance data 
were equivalent to 3-12 years of normally driven cars’ 
maintenance data with 12,000-18,000 miles a year. 

 

Results 
 

In this study, the authors analyzed 3028 CVs and 282 EVs 
using self-reported data by consumers, adjusted by the EPA 
and DOE for 2016-2018 vehicle models. They also exam-
ined data from 65 maintenance events for CVs and 348 for 
EVs selected within accelerated driving and normal envi-
ronmental conditions that were tracked from 1 to 4 years by 
the Idaho National Laboratory from 2000-2016 for the 
maintenance study. Hypotheses 1-5 were tested at the 95% 
confidence level. Table 2 shows the results of the hypothe-
sis testing. 

 

 Hypotheses 1(a) and 1(b) tested whether there was 
significant improvement of mean FE in newer CV 
models over that of older CV models, comparing 
model years 2016 vs 2017 and 2017 vs 2018. The 
null hypotheses 1(a) and 1(b) were not rejected; the 

1
 MPG or MPGe    miles per dollar  MPD

 /fuel price gallon
  

Sample MPGe/MPG 

2016 2.3430 

2017 2.3938 

2018 2.4107 
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means for FE of CVs of older models were approxi-
mately the same or slightly greater than that of newer 
models with no statistically significant difference. 

 Hypotheses 2(a) and 2(b) examined whether there 
was significant improvement of mean FE in newer 
EV models over that of older EV models, comparing 
model years 2016 vs 2017 and 2017 vs 2018. Null 
hypothesis 2(a) was rejected; the mean FE of 2016 
EVs was significantly less than that of 2017. Howev-
er, null hypothesis 2(b) was not rejected; the mean 
FE of 2018 EV models was approximately the same 
or slightly greater than that of 2017 EV models with 
no statistically significance difference 

 Hypothesis 3 tested if the mean AFC of EVs was less 
than that of CVs from the customer perspective, with 
consideration of MSRP and vehicle depreciation. 
Null hypothesis 3 was rejected; the mean AFC of 
EVs was significantly lower than that of CVs. 

 Hypothesis 4 examined whether the failure modes of 
EVs and their effects were less frequent than those of 
CVs. Null hypothesis 4 was not rejected; the failure 
modes and their effects for EVs were relatively more 
frequent or equal to those of CVs. 

 Hypothesis 5 tested if the failure modes and their 
effects for EVs were less intense than those of CVs. 
Null hypothesis 5 was not rejected; the failure modes 
and their effects for EVs were more intense or equal 
in terms of repair cost to those of CVs. 

Tests of these hypotheses served to fulfill objectives 1 
through 5. Concerning objective 1, Figure 1 shows that the 
FE finding revealed that the means of CV FE displayed a 
slight positive trend from 2016 to 2017, and from 2017 to 
2018, though these were not significantly different (see Ta-
ble 2). In the case of objective 2 for EVs, Figure 2 shows 
that there was a significant positive trend in FE from 2016 
to 2017, followed by a non-significant negative trend from 
2017 to 2018. Comparing CV and EV in terms of FE: the 
MPD data from Table 3 demonstrate that the CVs averaged 
eight miles per dollar spent for fuel, whereas EVs averaged 
31 miles per dollar spent on fuel. In other words, CVs 
demonstrated only 25.81% of EVs’ fuel economy. [See Fig-
ures 3(a) and (b) for CVs, and Figures 4(a) and (b) for EVs.] 
 

The focus of objective 3 was to determine if the AFC of 
EVs was less than that of CVs. Hypothesis 3 tested whether 
the mean AFC of EVs was less than that of CVs, from a 
customer perspective, if MSRP and vehicle depreciation 
were considered. Null hypothesis 3 was rejected (see again 
Table 2); the mean AFC of EVs was significantly less than 
that of CVs (see Figure 5). The AFC finding further re-
vealed that EVs, on average, saved 47.68% of AFC when 
compared to CVs. Tables 4 and 5 show, however, that the 
average EV MSRP was 27.40% higher than that of the aver-
age CV MSRP, which also indicated that EVs would main-
tain the same percentage of vehicle value higher than CVs, 
even 10 years after the date of sale. 

Hypothesis P-Value Result Interpretation 

1a: FE 

H0: H0: μCV2016 ‒ μCV2017 ≥ 0 

H1: H1: μCV2016 ‒ μCV2017 < 0 
0.350 Not enough evidence to reject H0 Not significantly less 

1b: FE 

H0: H0: μCV2017 ‒ μCV2018 ≥ 0 
H1: H1: μCV2017 ‒ μCV2018 < 0 

0.473 Not enough evidence to reject H0 Not significantly less 

2a: FE 

H0: H0: μEV2016 ‒ μEV2017 ≥ 0 
H1: H1: μEV2016 ‒ μEV2017 < 0 

0.030 Enough evidence to reject H0 Significantly less 

2b: FE 

H0: H0: μEV2017 ‒ μEV2018 ≥ 0 
H1: H1: μEV2017 ‒ μEV2018 < 0 

0.845 Not enough evidence to reject H0 Not significantly less 

3: AFC 

H0: H0: μEV ‒ μCV ≥ 0 
H1: H1: μEV ‒ μCV < 0 

0.000 Enough evidence to reject H0 Significantly less 

4: Maintenance Frequency 

H0: H0: μf EV failures ‒ μf CV failures ≥ 0 
H1: H1: μf EV failures ‒ μf CV failures < 0 

0.752 Not enough evidence to reject H0 Not significantly less 

5: Maintenance Intensity 

H0:H0: μI EV failures ‒ μI CV failures ≥ 0 
H1: H1: μI EV failures ‒ μI CV failures < 0 

0.571 Not enough evidence to reject H0 Not significantly less 

Table 2. Summary findings of hypothesis testing using the t-test. 
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Figure 1. Line plot of mean CV FE trend. 

Figure 2. Line plot of mean EV FE trend. 

 
Table 3. Descriptive statistics for 2016, 2017, and 2018 CV and 
EV MPD. 

It was described in the methodology section that the data 
from the maintenance study for the testing of hypotheses 4 
and 5 were different and taken from INL (2018). The mean 
MSRP for EVs was $28,482, according to the maintenance 
study data (see Figure 6). This study determined the mean 
EV maintenance cost to be $1056 per accelerated year (see 
Table 6, 2nd column, intensity converted to cost). Thus, the 
maintenance cost of EV presented 3.7076% of their invest-
ment value per one accelerated-driving year or 1.2359% per 

normal-driving year (see Figure 6). In 10 years, EVs would 
cost 12.359% of MSRP. Meanwhile, for CVs, mean MSRP 
was $23,530, with annual accelerated maintenance costs of 
$1205 (see Table 6, 2nd column). Thus, the maintenance cost 
per accelerated-driving year for CVs was 5.1211% of in-
vestment value or 1.7070% of investment per normal-
driving year (see Figure 7). In 10 years, a CV would cost 
17.070% of MSRP.  

(a) 2016 and 2017 

(b) 2017 and 2018 

 
Figure 3. Interval plot comparisons of CV MPD. It should be 
noted that individual standard deviations were used to calculate the 
intervals. 
 

Objectives 4 and 5 represented an investigation of the 
maintenance frequency and intensity of EVs in order to de-
termine if they were less than that of CVs. Hypothesis 4 
tested whether the failure incidents for EVs were less fre-
quent than those of CVs. Null hypothesis 4 was not rejected; 
the failure incidents for EVs were not less frequent than 
those of CVs (see Figure 8). Null hypothesis 5, concerning 
maintenance intensity or cost, was not rejected; the failure 
incidents for EVs were not less intense than those of CVs 
(see Figure 9). 
 

Variable 
Total 
Count 

Mean StDev Variance 

2016 CV MPD 973 8.0779 1.6905 2.8576 

2016 EV MPD 92 30.674 7.249 52.542 

2017 CV MPD 1015 8.1074 1.7245 2.9740 

2017 EV MPD 90 32.915 8.672 75.197 

2018 CV MPD 1040 8.1126 1.6756 2.8077 

2018 EV MPD 100 31.671 9.717 94.411 
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(a) 2016 and 2017 

(b) 2017 and 2018 

 
Figure 4. Interval plot comparisons of EV MPD. It should be 
noted that individual standard deviations were used to calculate the 
intervals. 

 

Figure 5. Interval plot of EV and CV AFC. 

 

Table 4. Descriptive statistics for EV and CV MSRP. 

Table 5. Descriptive statistics for EV and CV vehicle depreciation 
in 10 years. 

Table 6. Descriptive statistics for EV and CV frequency and 
intensity of failures. 

Figure 6. Pie chart of MSRP and maintenance costs for electric 
vehicles. 

 

Conclusions 

 
In this current study, the authors looked at real data re-

ported randomly by consumers on fuel economy and statis-
tically compared them across all available vehicle types. 
The samples were derived from the common market vehicle 
classes. The novel and common measuring unit, MPD, of-
fers consumers a clear understanding of their investment in 

Variable Total Count Mean StDev SE Mean 

EV MSRP 282 87734 593229 35326 

CV MSRP 3028 63697 103504 1881 

Variable Total Count Mean StDev SE Mean 

EV VD 10 yrs. 282 8773 59323 3533 

CV VD 10 yrs. 3028 6485 10583 192 

Variable 
Total 

Count 
Mean StDev CoefV 

EV Frequency (f) 

of Failures 
348 6.152 4.807 78.14 

CV Frequency (f) 

of Failures 
65 5.738 4.417 76.97 

EV Intensity (I) 

of Failures 
348 1056.2 1178.3 111.56 

CV Intensity (I) 

of Failures 
65 1205 1265 105.00 



——————————————————————————————————————————————–———— 

 

fuel per dollar and a great convenience in comparing CVs 
and EVs, as MPG and MPGe can now convert into a single 
unit. For the maintenance study, a different data set, made 
up of vehicles with records of 1-4 years of accelerated driv-
ing, were used.  

Figure 7. Pie chart of MSRP and maintenance costs for conven-
tional vehicles. 

Figure 8. Interval plots of EV and CV maintenance frequency. 
Individual standard deviations were used to calculate the intervals. 

Figure 9. Interval plots of EV and CV maintenance intensity. 
Individual standard deviations were used to calculate the intervals. 

Conventional vehicles have improved in fuel economy 
(FE) along with their improvement in vehicle technology, as 
reported by Gustafsson and Johansson (2015). The finding 
in that research, however, concluded that the FE did not 
improve in CVs. The fuel economy trend for CVs from 
2016 to 2018 increased overtime, but these increments were 
minor and not statistically significant. The FE of EVs was 
also expected to have improved with their technology 
(Galus, Zima, & Andersson, 2010). The results revealed that 
there was a significant increase in FE of EVs from 2016 to 
2017; however, the difference between 2017 and 2018 EV 
models was not statistically significant. Comparing EVs 
with CVs, it is important to note that EVs demonstrated a 
fuel economy benefit of 74.19% over CVs in miles per dol-
lar spent on fuel. With advancements in technology, both 
conventional and electrical vehicles should improve in fuel 
economy (i.e., should yield better miles per dollar) from one 
model year to the next.  

 
The findings based on the consumer-reported data in this 

current study for model years 2016 through 2018 were dif-
ferent and in disagreement with fuel economy improve-
ments reported by the EPA (2018a) and NHSTA (2018). 
This opens up the possibility for further study to investigate 
the causes. The data collected for this current study were 
reported randomly by consumers and may not be repre-
sentative of the two model year populations of vehicle driv-
ers. Also, self-reported fuel economy values are highly vari-
able, and at least some values may be suspect (Lin & 
Greene, 2011). Part of the variability could be differences in 
climate, terrain, city/highway fraction of distance driven, 
and/or difference in the mix of makes/models/trim levels. 
Average annual fuel cost (AFC) of EVs should be less than 
that of CVs (DOE, 2018). This current study confirmed that 
this expectation was statistically correct. EVs cost 47.68% 
less in terms of fuel for driving than CVs; in fact, this repre-
sented nearly half of CVs’ fuel expense. This finding is in 
agreement with the NRC (2011) that hybrids and plug-in 
vehicles are more efficient than comparable conventional 
vehicles powered by internal combustion engines.  

 
However, the authors of this current study observed that 

average MSRPs for EVs were 27.40% greater than that of 
CVs. Concerning the maintenance study, frequency of fail-
ures for EVs was expected to be less than that of CVs, due 
to a lack of ICE (internal combustion engine) in BEVs, or 
alternative use of ICE in HEVs or PHEVs. Previous studies 
have suggested that the intensity of failures of EVs might be 
greater than that of CVs, due to expensive high-voltage bat-
teries (Carroll, 2010). The research findings concluded that 
they were statistically as frequent and as intense as those of 
CVs. This may be because maintenance centers scheduled 
EVs at the same rate as CVs, or the greater number of elec-
tric control modules for EVs could create the same amount 
of complications as in CVs’ ICE. Previous studies have as-
sumed the maintenance cost for an EV to be 40% of the 
investment cost, and 30% less than that of CVs (Salisa, 
Walker, Zhang, & Zhu, 2015; Mitropoulos, Prevedouros, & 
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Kopelias, 2017). In this current study, the authors found that 
the maintenance cost of EVs was 1.2359% of the invest-
ment value per year. Meanwhile, for CVs, the maintenance 
cost per year was 1.7070% of the investment value per year. 
Accelerated annual maintenance cost for EV was $1056 and 
$1205 for CVs.  

 
In conclusion, overall, the average fuel economy of elec-

tric vehicles was 74.19% higher than that of conventional 
vehicles. The average annual fuel cost of electric vehicles 
was 47.68% less than that of conventional vehicles. Howev-
er, the average frequency and intensity of maintenance of 
electric vehicles were found to be approximately the same 
as those of conventional vehicles. This current study offered 
important findings that can benefit vehicle manufacturers, 
maintenance centers, vehicle dealerships, consumers, ap-
plied engineering and technology students and profession-
als, and quality programs. These findings can also help con-
sumer awareness and future transportation transitions from 
CVs to EVs (Jin & Slowik, 2017). 

 
In this current study, aggregate data were compared for 

fuel economy and annual fuel cost. The authors tried to ad-
dress an important research question concerning the mainte-
nance costs, too. However, in future studies, comparisons 
should be made in terms of highway, city, etc. for each class 
and model of vehicles separately. Also, it would be better to 
normalize in terms of MSRP and then compare. Compari-
sons between CVs, HEVs, and plug-in electric vehicles 
should be made pair-wise, comparing comparable CVs and 
HEVs, comparable CVs and PHEVs, comparable CVs and 
FCEVs, or comparable CVs and BEVs, at the make/model/
trim levels or within size class/body styles, not comparing 
averages of fuel economy, fuel costs or maintenance costs 
of CVs and HEVs, etc. The range of fuel economy and fuel 
costs between different makes/model/trims can be wider 
than the difference between averages. When comparing 
across model years, values for each individual make/model/
trim level (or size class/body style) should be compared 
across years, not averages of many makes/models/trims. 
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life was to reduce the power consumption of the computer’s 
display by reducing its brightness level. By way of full dis-
closure, Apple also noted that the brightness level should 
not be reduced to a level below that which is comfortable 
for the user, but rather should be kept at a level that still 
allows the user to see the screen image (Apple, Inc., 2013). 
Moreover, informal research conducted by Schmid and 
Roos (2010) and Palau (2012) endorsed this correlation be-
tween a display’s brightness level and battery life. Lastly, 
the current researcher’s observations corroborated this rela-
tionship.  

Figure 1. Energy usage per laptop component, idle system with 
DVS active, and full brightness. Total system power equals 
11.57W. 

 
In addition to a display’s brightness level, it has been hy-

pothesized and theorized that contrast and resolution levels 
also have an impact on personal computer power consump-
tion. Roberson et al. (2002) cited a personal communication 
with Chris Callwell of ECOS Consulting, who implied that 
contrast levels also influence energy usage. This study went 
on to conclude that further research was needed to validate 
the exact effect of display brightness levels and contrast 
levels, but also included resolution as a possible factor 
(Roberson et al., 2002). There is an abundance of anecdotal 
and informal evidence available on internet blogs and fo-
rums related to resolution and contrast levels affecting bat-
tery life and power consumption. However, these have com-
peting opinions. Lastly, formal research by Lai and Tsai 
(2008) examined combining adaptive backlight dimming 
and contrast enhancement to decrease display power con-
sumption.  
 

Abstract 
 

In this study, the author used a full, 23 factorial Design of 
Experiments methodology to determine the optimal combi-
nation of display parameter settings that lead to the lowest 
power consumption of a liquid crystal display (LCD). The 
factors considered in this experiment were display bright-
ness, contrast, and resolution. Each of these factors was 
chosen based on two criteria. The first was that each must 
comply with previous researchers’ recommendations as to 
which factors affect a display’s power consumption levels. 
The second was that each must be easy to implement and 
must incur minimal costs to the end-user. From the study, 
the author found that the independent variable, brightness, 
was the only factor that had a significant effect on the re-
sponse variable of display power consumption. The author 
also found that there were no significant interaction effects 
on the response variable, due to factor combinations. As a 
result of the findings of this study, the conclusion was 
drawn that brightness is the single most significant factor 
affecting an LCD’s power consumption levels, and has the 
potential to reduce the total power consumption of a com-
puter by at least 45%. 
 

Introduction 
 

Computer displays are significant contributors to the total 
power consumption of not only computer systems but also 
the environments in which they are located. According to a 
meta-analysis by Bray (2006), computers and monitors 
(along with lighting) are the highest consumers of electrical 
power in office-building environments. This is significant 
when considering that HVAC and chiller systems are other 
energy consumers that are often part of this equation. Simi-
larly, computer power management systems have been 
shown to lead to significant reductions in power consump-
tion by computer displays (Bray, 2006; Roberson et al., 
2002). Mahesri and Vardhan (2005) found that a laptop 
computer’s LCD is the most significant power-consuming 
component, when its backlight was set to full brightness and 
dynamic voltage scaling (DVS) was active. Figure 1 illus-
trates this, showing that the LCD accounted for 38% 
(~4.40W) of the total 11.57W of power consumption. Fur-
thermore, Anggorosesar, Rim, and Kim (2011) found that 
an LCD’s backlighting component contributes to between 
20% and 40% of total system power consumption.  

 
According to Apple, Inc. (2013), the brightness level of a 

laptop display can have the single most significant impact 
on battery life. Their recommendation for increasing battery 
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The purpose of this current study was to determine critical 
user-defined display parameters that can have a significant 
impact on personal computer power consumption. When 
choosing factors to include in the experiment, two stipula-
tions were paramount: 1) factors must be easy to implement 
by end users, and 2) factors should incur a minimal cost to 
end-users. By following these stipulations, the results of this 
study can maximize the end user’s power savings return on 
investment as well as reducing implementation roadblocks. 
A quantitative, full factorial Design of Experiments (DoE) 
model and Analysis of Variation (ANOVA) approach were 
used for this study. This allowed the efficient use of re-
sources without sacrificing multiple factor analysis 
(Montgomery, 2013). Specifically, the objective of this re-
search study was to answer the following research questions 
by testing the embedded null hypotheses: 

 Research Question #1: When considering an LCD’s 
brightness, contrast, and resolution levels, which of 
these parameters has the greatest impact on the over-
all power consumption of a computer? 

 Research Question #2: Is there an optimal combina-
tion between an LCD’s brightness, contrast, and reso-
lution level that results in the most efficient power 
consumption? 

 

Materials and Methods 
 

The study used a full 23 factorial DoE model, based on 
the ability of this design to simultaneously analyze multiple 
factors to obtain results for both main and interaction effects 
(Montgomery, 2013). Main effects were used to answer 
Research Question #1, whereas interaction effects were 
used to answer Research Question #2. The measured re-
sponse variable was power consumption in units of watts 
(W), whereas the independent factors of the DoE model 
were display brightness, contrast, and resolution.  
 

Response Variable 
 

Both research questions put forth in this study related to 
the power consumption of a computer. Therefore, the re-
sponse variable for this experiment was the power con-
sumption of a computer as measured in watts (W ). This 
response variable had a range of 4.17W–8.34W, and was 
measured with the computer’s internal System Report utility 
application. 
 

Independent Factors  
 

The independent factors of display brightness, contrast, 
and resolution were chosen, based on a review of the litera-
ture (Apple, Inc., 2013; Bray, 2006; Mahesri & Vardhan, 
2005; Roberson et al., 2002; Schmid & Roos, 2010) and the 
ease of implementation by an end user. The independent 
factor of display brightness level had a range of 0%–100% 
and could be changed in 6.25% increments. Because the 

display that was being used in the experiment was also the 
one being used to show the measurement tool’s readings, 
the brightness level was never set to 0% (completely dark). 
Also, the two treatment levels that were used were chosen 
by first coding all 16 possible percentage levels with a num-
ber from 1–16, where 1 equaled 0% and 16 equaled 100%. 
Next, two random values were generated and ranged from   
1–16. These values served as the high and low coded dis-
play brightness levels used in the experiment, and are indi-
cated in Table 1. Because these factor levels were randomly 
selected, inference about all levels of brightness could be 
drawn from the analysis of this experiment (Montgomery, 
2013). Once the factor levels were randomly chosen, they 
were converted into coded treatment values of -1 and 1, 
which allowed for a more efficient statistical analysis of the 
results. 

 
Table 1. Brightness levels determined at random. 

The second independent factor of the experiment was the 
display’s contrast level, which ranged from 0%–100%, with 
an incremental granulation of 16.67%. These factor levels 
were randomly selected in the same way the brightness lev-
els were selected. The only difference was the set of random 
numbers generated to determine the coded levels of con-
trast, which ranged from 1–6. Table 2 indicates the contrast 
levels that were randomly generated and used in the experi-
ment. Again, these treatment levels of contrast were ran-
domized so that the statistical analysis could be applied to 
all levels of contrast, not just those used in the experiment 
(Montgomery, 2013). Once the factor levels were randomly 
selected, they were converted into coded treatment values of 
-1 and 1, which allowed for a more efficient statistical anal-
ysis of the results. 
 
Table 2. Contrast levels determined at random. 

The third and final independent factor of the experiment 
was display resolution. Table 3 shows the nine levels asso-
ciated with this factor. The resolution levels were again de-
termined at random, with the same procedure—the bright-
ness and contrast levels were determined and for the same 
reason as analytical robustness. Table 4 illustrates the levels 
of resolution that were chosen for the factor levels of the 
experiment. One can also see that the native resolution of 
the experimental sample was 1440x900 pixels. 

Random # Treatment Level Coded Treatment # 

15 93.75%  1 

2 12.50% -1 

Random # Treatment Level Coded Treatment # 

6 100%  1 

2 40% -1 
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Table 3. Resolution (pixel) display levels. 

Table 4. Resolution (pixel) levels determined at random. 

Experimental Sample 
 

The study used a mid-2011 version of an Apple 13” Mac-
Book Air as the sample for the experiment. This sample 
laptop had a 1.7 GHz Intel Core i5 processor with 4GB 
1333 MHz DDR3 of memory and an OS version Mac OS X 
10.7.5. The display was a 13” Built-in Color LCD with an 
Intel HD Graphics 3000 384 MB graphics card and a native 
resolution of 1440x900. The approach used for picking this 
sample laptop was a convenience sampling approach (Leedy 
& Ormrod, 2013). This non-probabilistic approach was cho-
sen because the sample laptop was readily available for the 
study, would require minimal setup time, and because the 
majority of related research had not been conducted on  
Apple computers or displays (Bray, 2006). 
 

Measurement Tool 
 

The instrument used to measure the power consumption 
of the laptop computer was Mac OS X 10.7.5’s System In-
formation utility application. This utility was located under 
Applications/Utilities/System Information; inside this appli-
cation, the battery information could be displayed under the 
Power page from the Hardware drop-down menu tree.    
Selecting this page displayed the values of the computer’s 
battery voltage and current, which were then used to calcu-
late the power consumption of the computer using Equation 
1: 
 

(1) 
 

where, PC is the overall power consumption of the comput-
er, in units of watts (W ); I is current, in units of amperes 
(A); and E is voltage, in units of volts (V). It is important to 
note that negative values of current were observed from the 
System Information report. This indicated that the current 
was flowing out of the battery. Positive current values con-
versely indicated that current was flowing into the battery, 
as was the case when the battery was being charged. 
 

Data Collection 
 

A systematic process was used for collecting the experi-
mental data in this study. A simplified diagram of this pro-
cess is illustrated in Figure 2 and includes the steps of ex-
periment setup, factor level setup, data observation, and data 
documentation. These steps were performed for each indi-
vidual observation. Detailed procedures for each of these 
steps can be found in the appendices at the end of this paper. 

Figure 2. Data collection process. 

 

Experiment Setup 
 

Table 5 summarizes the eight experimental runs that were 
randomly ordered for this study. Three replications of each 
run were made, resulting in 24 total observations of the re-
sponse variable. These three replications were conducted in 
consecutive order (i.e., non-random), due to time constraints 
and the marginal impact that non-randomization was ex-
pected to have on observation error. Additionally, a specific 
setup procedure was performed before each run was execut-
ed, which can be referenced in Appendix A. This procedure 
ensured that controllable nuisance factors were held con-
stant for each run. 
 
Table 5. Experimental design matrix with power consumption 
results (in italics). 

Resolution Code # 

800 x 600 1 

800 x 600 (stretched) 2 

1024 x 640 3 

1024 x 768 4 

1024 x 768 (stretched) 5 

1152 x 720 6 

1344 x 840 7 

1280 x 800 8 

1440 x 900 (native) 9 

Random # Treatment Level Coded Treatment # 

8 1280 x 800  1 

4 1024 x 768 -1 

CP I E 

Run 
Random 

Order 

Treatments Replications (W) 

Bright
ness 

Con-
trast 

Reso-
lution 

1 2 3 

1 6 -1 -1 -1 4.98 4.17 4.62 

2 5 1 -1 -1 7.5 7.23 8.01 

3 2 -1 1 -1 4.7 4.93 4.2 

4 8 1 1 -1 7.6 7.86 7.18 

5 7 -1 -1 1 5.12 4.85 4.83 

6 1 1 -1 1 8.34 7.13 7.46 

7 4 -1 1 1 4.66 4.63 4.66 

8 3 1 1 1 7.59 7.91 7.61 
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Each factor’s level was set up prior to each run, based on 
the experimental design matrix of Table 5. Appendix B 
shows the specifics of this procedure that were used to en-
sure that each run was set up identically, again to ensure 
experimental control throughout the data collection process. 
The procedure of taking observations involved opening the 
System Information application and selecting the Power 
page from the Hardware drop-down menu tree. From this 
page, the voltage and current values were observed for the 
first replication of a run. Once the first replication was com-
pleted, the System Information application was closed and 
the factors were adjusted and reset to the same levels, as per 
the factor-level setup procedure in Appendix B. The next 
step was to reopen System Information and repeat the run 
for the second and third replications.  

 
The factor levels were reset between each replication to 

ensure that each replication was unique. Also, every obser-
vation was made at least 90 seconds after factor levels were 
adjusted in order to allow the computer’s power consump-
tion levels to stabilize and System Information to take up-
dated readings of voltage and current. The final step of the 
data collection process was data documentation. This step 
involved first converting the observation of voltage (in mV ) 
and current (in mA ) values into watts (W ) values by enter-
ing them into an Excel file, which performed the power-
consumption calculation. Once the observed values were 
converted to watts, the second step was to transfer them into 
a Minitab software file, which was used to perform the sta-
tistical analysis of the study. 
 

Data Analysis 
 

The study followed generalized procedures for examining 
2k factorial designs in order to analyze and interpret the re-
sults of the experiment (Montgomery, 2013). This proce-
dure started with estimating the factor effects for a factorial 
fit for power consumption vs. brightness, contrast, and reso-

lution. Next, main and interaction effects were analyzed, 
with statistical significance set at a Type I risk of 5%         
(α = 0.05). Insignificant factors were removed from the 
analysis to refine the model. A final linear regression model 
was then generated to illustrate the relationship between 
display settings and power consumption. The results for the 
main effects of the model answered Research Question #1 
(i.e., which parameter had the most significant impact on 
power consumption), and the linear regression equation 
answered Research Question #2 (i.e., the optimal combina-
tion of display parameter settings). Finally, model diagnos-
tics (i.e., normal probability, cubed, and contour plots) were 
performed on the study’s 2k factorial design in order to de-
termine whether the data were linear, normally distributed, 
and exhibited consistent variance between factor levels 
(Montgomery, 2013). 
 

Results and Discussion 
 

As stated previously, the response variable of the comput-
er’s power consumption (W ) was measured. Table 5 shows 
the response variable values for all 24 replications. The fac-
tor-effect estimates for the initial model in Table 6 indicate 
that brightness had the single highest effect level at 2.92 
(coefficient = 1.46; standard error = 0.0732; p-value            
= 0.000), followed by resolution at 0.15 (coefficient = 0.08; 
standard error = 0.0732; p-value = 0.318), and contrast at     
-0.06 (coefficient = -0.06; standard error = 0.0732; p-value  
= 0.691). Based on these results, it was evident that bright-
ness had the greatest effect on the computer’s power con-
sumption (W ). 
 

Main and interaction effects of the experimental results 
were also analyzed from the factorial analysis in Table 6. 
Looking at the left column, labeled “Term,” the model’s 
main and interaction effects can be seen for each factor and 
each combination of factors. The author found that bright-
ness exhibited the greatest effect on the computer’s power 

Term Effect Coef SE Coef T P 

Constant  6.16 0.0732 84.12 0.0000 

Brightness 2.92 1.46 0.0732 19.96 0.0000 

Contrast -0.06 -0.03 0.0732 -0.40 0.6910 

Resolution 0.15 0.08 0.0732 1.03 0.3180 

Brightness*Contrasts 0.07 0.04 0.0732 0.50 0.6270 

Brightness*Resolution -0.04 -0.02 0.0732 -0.28 0.7840 

Contrast*Resolution -0.05 -0.03 0.0732 -0.36 0.7250 

Brightness*Contrast*Resolution 0.10 0.05 0.0732 0.68 0.5080 

S = 0.358562 PRESS = 4.6284     

R-Sq = 96.16% R-Sq(pred) = 91.36% R-Sq(adj) = 94.48%    

Table 6. Initial estimates of the effects of and coded coefficients for power consumption (W). 
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consumption. This conclusion is based on two criteria: 1) 
the level of brightness (2.92) being higher than any other 
factor’s effect, and 2) the p-value calculated for brightness 
was less than 0.05 (i.e., Type I risk level chosen for the ex-
periment). No other main or interaction effect scored a        
p-value less than 0.05; thus, no other main or interaction 
effects had a significant impact on the computer’s power 
consumption. All main and interaction effects that scored a 
p-value above 0.05 were removed from the model, as they 
did not meet the study’s level of statistical impact. Table 7 
illustrates the refined model of power consumption vs. 
brightness (effect = 2.92; coefficient = 1.46; standard error           
= 0.0665; p-value = 0.000). The results in Table 7 were ex-
tended to a linear regression relationship of power con-
sumption vs. display brightness, represented in Equation 2:  
 

(2) 
 
where, PC is the overall power consumption of the comput-
er, in watts (W ), and Br is the display brightness level 
(coded as -1 = 12.50% and 1 = 93.75%). 
 

For example, to find the value of power consumption, 
given a 12.50% brightness level, -1 was substituted for 
brightness. Interpolating and extrapolating power consump-
tion PC values per brightness level other than 12.50% or 
93.75% was determined using Equation 3: 
 

 (3) 
 
where, %Br is the brightness percentage ranging from      
0%–100%, based on the following relationship to coded 
brightness levels, Br , using Equation 4: 
 

 (4) 
 

This interpolation and extrapolation from the DoE mod-
el’s regression equation was valid, based on the a priori 
random selection of the experimental levels for each experi-
mental factor (Montgomery, 2013). Taking another perspec-
tive of the model in Equation 4, the study looked at the ex-
pected percentage reduction in power consumption, based 
on reductions in the display’s brightness level. To this end, 
Figure 3 and Equation 5 illustrate the relationship between 
display brightness levels (Br) and power consumption re-
duction percentage (%Pr). Visually, it is clear that the per-
centage of reduced power consumption was inversely pro-
portional to the brightness percentage level (0%–100%). 

While this model predicts more than a 45% maximum re-
duction in power consumption at a display brightness level 
of 0%, this would not be practical. A more reasonable ex-
pectation would be a 20%–25% reduction in power con-
sumption, based on a display brightness level setting of  
45%–55%. 

(5) 
 

Figure 3. Percentage reduction in power consumption vs. percent-
age brightness level, per refined model regression Equation 5. 

 
Furthermore, as indicated by the normal probability and 

residual vs. fit plots in Figures 4(a) and 4(b), the refined 
model’s residuals were normally and evenly distributed. 
This indicated that the refined model fit well into a normally 
distributed linear model. Lastly, an assessment of variance 
consistency between treatment levels of brightness was con-
ducted. This assessment was done in the same way as the 
residuals vs. fit analysis. The residuals vs. brightness plot 
was generated for power consumption (W ) residuals at high 
and low levels of brightness [see Figures 4(a) and 4(c)]. As 
evidenced by this plot, the variances between the two levels 
of brightness were consistent, thus confirming the assump-
tion of consistency of variance between factor levels and 
further supporting the validity of the refined model. 
 

An interpretation of the experimental results was conduct-
ed in order to answer research questions #1 and #2. Cube 
graphs and contour plots were analyzed, allowing for a de-
termination of the optimal combination of display parameter 
settings that led to the lowest computer power consumption 
level. 

Term Effect Coef SE Coef T P 

Constant  6.16 0.0665 92.65 0.0000 

Brightness 2.92 1.46 0.0665 21.99 0.0000 

S = 0.325553 PRESS = 2.77487     

R-Sq = 95.65% R-Sq(pred) = 94.82% R-Sq(adj) = 95.45% 

Table 7. Refined model effect estimates and coded coefficients for power consumption (W). 

 6.16 1.46C rP B 

 6.16 0.04 % 1.91C rP B    

 0.02 % 1.30r rB B 

 % 0.46 % 0.46r rP B  
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(a) Normal probability plot. 

(b) Normal probability versus fit. 

(c) Normal probability histogram. 

(d) Normal probability versus order. 

 
Figure 4. Refined model diagnostic output plots. 

Research Question #1  
 

Analysis of the initial model’s main effects provided an 
answer to the question of which parameter(s) had the most 
significant impact on the overall power consumption of the 
computer. Table 6 shows that, of the initial model’s main 
effects, brightness was the only independent variable with a 
p-value ≤ α. Therefore, based on the experimental results of 
the three parameters analyzed, only the computer’s bright-
ness level had a significant effect on power consumption. 
 

Research Question #2  
 

Similarly, analysis of the initial model’s interaction ef-
fects and refined model’s regression results provided an 
answer to the second research question. Tables 6 and 7 indi-
cate that there were no significant interaction effects be-
tween brightness, contrast, and resolution (i.e., all p-values 
were > α). Additionally, from the results of the main effects, 
brightness was the only significant variable to affect power 
consumption and, therefore, the only parameter included in 
regression Equations 3-5. While no statistically significant 
interaction effects were found, these results still allow for an 
answer to research question #2.  

 
Examining the cubed plot of the interaction effects for 

brightness, contrast, and resolution (see Figure 5), it was 
clear that the computer’s power consumption was directly 
proportional to the brightness level, with contrast and reso-
lution having no effect. The significant main effect of 
brightness and the insignificant main and interaction effects 
of contrast and resolution can also be seen in the two con-
tour plots of Figure 6. It was apparent that contrast did not 
have any effect on power consumption levels, as indicated 
by the straight vertical lines of gradation (W ).  

Figure 5. Cubed plot of power consumption vs. brightness,  
contrast, and resolution. 
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Figure 6 also indicates that resolution has no effect on 
power consumption. Even though the lines of gradation in 
Figure 6(b) have a slight slope, it is not significant and indi-
cates that resolution does not affect power consumption 
levels. Based on the cubed and contour plots, the second 
research question was answered as the optimal combination 
of brightness, contrast, and resolution was to have the 
brightness level set as low as possible, regardless of contrast 
and resolution levels. 

(a) Power consumption vs. brightness and contrast. 

(b) Power consumption vs. brightness and resolution. 

 
Figure 6. Contour plots of power consumption. 

 

Implications 
 

It is clear from the analysis of the data that this study sup-
ports the work of the previous researchers (Anggorosesar et 
al., 2011; Mahesri & Vardhan, 2005; Palau, 2012; Roberson 
et al., 2002; Schmid & Roos, 2010). All of these previous 
researchers pointed to brightness levels of an LCD screen as 
a significant factor related to a display and a computer’s 
power consumption. Because of the strong support of other 
studies, and because this factor is easy to implement at low 
cost, the hypothesis that brightness is a significant factor 
affecting power consumption was hypothesized at the outset 
of this study. This hypothesis was tested against the experi-
mental results and accepted with a Type I risk of 5%. This 
hypothesis of display brightness having a significant impact 

on power consumption levels is also illustrated and support-
ed by the experimental results in Figure 7(a). Looking at 
this figure of the main effect of brightness, the coded treat-
ment level of -1 on the x-axis corresponds to a 12.50% 
brightness level, whereas the level of 1 corresponds to a 
93.75% brightness level. The values along the y-axis are the 
power consumption levels in watts. What is interesting 
about this graph is that it indicates roughly a 40% (3W ) 
reduction in total energy usage by lowering the brightness 
level from 93.75% to 12.50%. It is important to note that 
this high percentage of energy reduction can be misleading. 
As previously stated, this graph does not take real-world 
factors (i.e., internet browsing or application system load) 
into account, but is a controlled, laboratory result that needs 
to be vetted in a real-world setting to determine actual ener-
gy-reduction percentages. Even so, this study provides sig-
nificant results illustrating a reduction in power consump-
tion for a computer by merely reducing display brightness 
levels. 

 

(a) Power consumption vs. brightness. 

(b) Power consumption vs. contrast. 

(c) Power consumption vs. resolution. 

 
Figure 7. Main effects of power consumption. 
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Furthermore, the this study makes a contradictory conclu-
sion to observations made by Chris Callwell of ECOS Con-
sulting, as cited by Roberson et al. (2002). While Callwell 
hypothesized that contrast and resolution affect power con-
sumption, he did not indicate statistically significant results 
supporting this claim. The experimental results of this cur-
rent study [see again Figures 7(b) and 7(c)] clearly illustrate 
that the mean power consumption level (y-axis) is not sig-
nificantly affected by a change in either the contrast or reso-
lution levels. Again, the values of -1 on the x-axis of the 
Contrast plot [Figure 7(b)]  correspond to a 40% contrast 
level, and 1 corresponds to a 100% contrast level. When 
looking at the Resolution plot [Figure 7(c)], the value of -1 
represents a resolution of 1024x768, and the value of 1 rep-
resents a resolution of 1280x800. This data raises clear 
questions as to the validity of the hypothesis that contrast 
and resolution levels have a significant effect on power-
consumption levels. 
 

Finally, the major implication of this current study is that 
a computer’s power consumption can be directly affected by 
the screen’s brightness level. This relationship has implica-
tions related to efforts to reduce the power consumption of 
computer systems. Changing a display’s screen brightness 
level does not require additional software or hardware to be 
purchased or installed. It merely requires the user to enter 
the display settings menu and change the brightness level. 
This ease of implementation should make it attractive to end 
users and increase the likelihood that this energy-reduction 
measure is implemented on a scale large enough to realize 
sufficient economies of scale. 
 

Study Limitations 
 

The first limitation of this study was that it only used one 
experimental sample: a mid-2011 version Apple 13” Mac-
Book Air LCD. This was due to the time constraints and 
resources available for this research project. Even so, this 
study offers a pilot validation of the significant impact that 
display brightness can have on a computer’s power con-
sumption. Future research should include other display vin-
tages, sizes, makes, and models, and should increase the 
power of the inferential analysis of the experiment. A sec-
ond limitation of the study was that it did not account for 
nuisance variables of internet browsing, video streaming, 
application system loading, display size, display technology, 
etc. Accounting for these real-world factors was not the 
intent of this experiment. Therefore, the results of this study 
cannot be generalized across other system software and 
hardware scenarios. They are, however, a stepping-stone to 
further research, which should be conducted to include these 
factors. This would allow for a more applied determination 
of actual power consumption, based on optimized display 
settings. 
 

Another limitation of this study was that it did not ac-
count for a minimal, allowable display brightness level, as 
required by the human eye’s ability to distinguish a dis-

played image adequately. It was assumed that a human eye 
could perceive the display image at any brightness level 
other than 0% (completely dark). This assumption is an ex-
plicit limitation to the optimization results of this study, as 
visual perception and eyestrain should be an essential factor 
associated with any meta-analysis of this topic. This limita-
tion, therefore, warrants further research and experimenta-
tion as a factor affecting optimal display parameter settings. 
 

Conclusions 
 

In summary, from this study, the author found that only 
brightness had a significant effect on a computer’s power 
consumption. Additionally, the optimal display-setting con-
figuration was to set the brightness as low as practically 
possible, regardless of contrast or resolution. This display 
parameter optimization can have a tangible impact on power 
consumption, which was found to be as high as 45%, based 
on the main effect of brightness, and as illustrated in Figure 
7(a). This reduction, however, is not practical, as this would 
result from a brightness level close to 0% (i.e., almost a 
black screen). A more reasonable expectation of power con-
sumption reduction would be 20%–25%. This would result 
from a 45%–55% brightness level. Furthermore, actual real-
world energy savings would be dependent on factors be-
yond brightness, contrast, and resolution. Therefore, further 
research is recommended to analyze the effects of these 
additional factors in a real-world environment in order to 
determine a more realistic efficiency increase. Even though 
further research is recommended, it is essential to leave the 
reader with the fact that the display-setting optimization 
presented in this study has the potential to be implemented 
with no software or hardware changes, and at minimal cost 
to the end user. This engenders real value to this energy 
reduction strategy, especially as economies of scale are aug-
mented. 
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Appendices  
 
Appendix A: Experimental Setup Procedure 
(This procedure was followed before all experimental runs.) 
 

1. The desktop image was set to the following: 

Figure A1. Desktop image used for the experimental setup. 

 
2. All running applications, except for System Infor-

mation, were ended. 
3. The battery charge was 75%, and the charger was 

disconnected. 
4. Bluetooth and Wireless connections were disabled. 
5. All hardwired connections or hardware were discon-

nected or disabled. 
 

6. Automatic Software Update was disabled 
(unchecking “Check for updates” and “Download 
updates automatically” in the Applications/System 
Preferences/Software Updates menu). 

 
Appendix B: Factor-Level Setup Procedure 
(This procedure was followed before all experimental runs.) 
 

1. Determine the run number and corresponding factor 
levels based on the experimental design matrix. 

2. Set the brightness level by pressing F1 or F2 as need-
ed until the appropriate percentage is set. Note: every 
bar of brightness level equals 6.25%. 

3. Set the contrast level by going to System Preferences/
Universal Access and setting to an appropriate level. 
Note: each tick mark between Normal and Maximum 
equals 16.67%. 

4. Set the resolution level by going to System Prefer-
ences/Display and select the appropriate level. 

5. Quit all running applications except System Infor-
mation. 

6. Proceed to data observation. 
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Abstract 
 

In this study, the authors looked at applications of polyno-
mial curve fitting for high-strength concrete mix optimiza-
tion by varying mix material proportions, both combined 
and individually, while solving for the optimized R2 coeffi-
cient. Currently, locations in the U.S. have varying abilities 
for obtaining high-strength concrete, due to differences in 
surrounding cities, mixing plants, and capabilities for creat-
ing higher-performance concrete. This limitation prevents 
regions of the U.S. from benefiting from material optimiza-
tion in terms of both concrete compressive strength and cost 
savings. The procedure outlined here is a more effective 
means of approximating the compressive strength of con-
crete mix design than standard ratios and rules of thumb that 
could be used to increase regional availability of high-
strength concrete. This process could be repeated with any 
combination of concrete trial batch mixes in order to in-
crease the achievable compressive strength of the material. 
For comparative purposes, water-to-cementitious materials 
(w/cm), cement-to-sand (c/s), silica fume-to-cement (sf /c), 
fly ash-to-cement (fa /c), and fibers-to-cement (f /c) were 
used. Material properties studied were limited to the con-
crete compressive strength and density. Results showed that, 
both individually and combined, the best method for poly-
nomial curve fitting was a second-order polynomial equa-
tion. High correlations were attainable for all tests compared 
to compressive strength, when fitting to originally obtained 
data.  
 

Introduction 
 

Concrete is typically made up of variations of Portland 
cement, water, coarse aggregate, and fine aggregate. In 
some cases, additives are used to meet special project re-
quirements. A few of the most common additives include 
fly ash, silica fume, and superplasticizers (Langley, Carette 
& Malhotra, 1989). Each has a specific benefit within a cer-
tain quantity, when used in a mixture; for example, super-
plasticizers can increase workability without reduction in 
compressive strength, and fly ash can work as a secondary 
reaction, increasing both density and compressive strength. 
Mix design companies often use rough quantity estimates, 
or ratios, for predicting compressive strength as well as 
slump, air entrainment, and other design parameters 
(Larrard & Sedran, 1994). Geographical locations in the 
U.S. have varying abilities for obtaining high-strength con-
crete, due to the differences in surrounding cities and their 
mixing plants and capabilities to create high-performance 
concrete (Zhang, Zou, Ji, Zhang, Tang & Wu, 2015).  

Specifications for a higher yield-strength concrete are less 
frequent in less-developed regions, due to a lack of under-
standing in mixing stronger concrete, thereby leading to 
increases in cost and weight of the concrete being ordered. 
Specifications for high-strength concrete are less common 
in less-developed regions. This is in part due to a lack of 
understanding of how to make stronger concrete and being 
unaware of the cost savings and weight reduction that can 
be achieved. This can lead to heavier and more expensive 
reinforced concrete structures (Nor, Ghazali, Ahmad, 
Yusof, Vikneswaran & Yahya, 2017). An easy-to-use and 
efficient method for choosing both mix ratios and additives 
could create a more unified knowledge base in mix design 
and decrease some barriers in high-performance concrete 
mix design. The ultra-high-strength concrete that one can 
readily purchase and obtain in Chicago today could soon be 
available in many of the rural areas around the world. In the 
1970s, material scientists predicted that the highest achieva-
ble values of ready-mix concrete compressive strengths 
would be 75.84 MPa (11,000 PSI). In the decades that fol-
lowed, many concrete providers exceeded this prediction, 
most notably two buildings in Seattle, WA, that reached the 
highest known specified compressive strengths at over 
131.00 MPa (19,000 PSI) (Larrard & Sedran, 2002). The 
focus of this current study was to investigate methods for 
optimizing concrete mixes for compressive strength when 
using a specific set of mix materials that allow for a more 
scientific approach than approximations and trial and error. 
 

Research Significance 
 

In this study, the authors identified several potential bene-
fits and problems with the process of curve fitting for opti-
mizing the compressive strength of high-performance con-
crete. As the authors of this project did not use superplasti-
cizers or any of a number of other commonly available ma-
terials, other results may vary, based on mix proportions 
used. Findings related to concrete performance are present-
ed with regards to the covariance of concrete materials used 
and the relative gain in each quantity shift of the resulting 
proportioned material. 
 

Materials, Proportioning, and Casting 
 

Five commonly used materials in concrete mix design 
that were also used in compressive testing in this study in-
clude fly ash, cement, sand, silica fume, and polypropylene 
fibers. The choice of these materials was based on material 
availability, cost, and known advantageous results in com-
pressive strength gains. In total, thirty-three mixes were 
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produced and tested for optimum mix proportions, where 
four cylinders per mix were cast. All coarse and fine aggre-
gates were sieved to ensure proper gradation with standard 
procedures in accordance with ASTM C136 (ASTM 
C136M/C136, 2019). Seven typical gradations were tested 
with all material ratios, held constant in order to observe the 
optimum gradation for maximum compressive strength 
gain. Table 1 lists the seven gradations used in this current 
study. 
 
Table 1. Aggregate size and concrete tested compressive strength. 

Of the thirty-three concrete batches produced, only one 
weight ratio per batch varied slightly to form a polynomial 
curve that could be fit by a linear regression equation for 
each material. Concrete batches were mixed in consecutive 
groups, A through E, with only one material varying per 
group. All concrete batches were mixed per ASTM standard 
C192 (ASTM C192M/C192, 2019). In batch group A, only 
water-to-cementitious ratio materials were varied, intervals 
for which were at a rate of 2% from 26% to 34% with all 
other materials at identical ratios to the ones shown in Table 
2. For this study, cementitious materials were taken to be 
cement, fly ash, and metakaolin. Metakaolin is a cheaper 
alternative to silica fume with similar material properties 
and effects on concrete; for this reason, it was used in place 
of silica fume. In batch group B, only silica fume-to-cement 
ratios were varied at a rate of 5% intervals from 0% to 25% 
with all other materials at identical ratios to the ones shown 
in Table 2. In batch group C, only cement-to-sand ratios 
were varied at a rate of 25% intervals from 50% to 150% 
with all other materials at identical ratios to the ones shown 
in Table 2.  
 
Table 2. Baseline mix material ratios. 

In batch group D, only fibers-to-cement ratios were varied 
at a rate of 0.5% intervals from 0% to 2.5% with all other 
materials at identical ratios to the ones shown in Table 2. In 
batch group E, only fly ash-to-cement ratios were varied at a 
rate of 5% intervals from 0% to 25% with all other materials 
at identical ratios to the ones shown in Table 2. 
 

Testing Results 
 

The compressive strengths, f’c, were determined per 
ASTM C39 and used to form curves that could be tested for 
linear fit using the correlation equation shown in Equation 1 
(ASTM C39M/C39, 2018). All tests, outside of those for 
Table 1, were done at 28 days from mixing. Table 1 results 
used 14-day mixes to accelerate the schedule for this study, 
as these data were not used in an equation fit. 
 
 

(1) 
 
 
 

Curves for batch groups A through E were fit to second-
order polynomial equations in order to analyze the compres-
sive strength results. Equation 1 shows how all batches were 
then analyzed by combining and iteratively optimizing the 
concrete mix for maximizing the R2 correlation using a 
combined second-order polynomial equation. Table 3 shows 
a combined comparison of 26 concrete batches following 
the typical gradation tests and ratios used as well as predict-
ed-versus-actual compressive strength values, f’c, tested. 
 

Figure 1 shows that batch group A was the first to be indi-
vidually curve fit to a second-order polynomial equation. 
The peak water-to-cement ratio was found to be 32% from 
tests and 33.6% from the polynomial equation. The water-to
-cement ratio affects the porosity, compaction, density, and 
viscosity of the concrete, and existing research indicates that 
lower values lead to higher strengths, when testing ratios of 
30% to 80% (Malaiskiene, Skripkiunas, Vaiciene & Kar-
pova, 2017). Figure 2 shows that batch group B was fit to a 
second-order polynomial equation. The peak metakaolin-to-
cement ratio was found to be 5% by tests and 5.8% from the 
polynomial equation. Silica fume improves particle packing 
in concrete and metakaolin is a lower-cost alternative to 
silica fume that yields the same effects of improved particle 
packing in concrete mixes (Khatib, 2007).  

 
Figure 3 shows that batch group C was fit to a second-

order polynomial equation. The peak fiber-to-cement ratio 
was found to be 0% from tests and 0% from the polynomial 
equation. These findings were expected, as fibers are known 
to increase flexural strength and ductility but not compres-
sive strength; however, the results quantify the reduction in 
compressive strength from their use. Figure 4 shows that 
batch group D was fit to a second-order polynomial equa-
tion. The peak cement-to-sand ratio was found to be 150% 
by tests and 126.6% from the polynomial equation. A stand-
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ard conventional concrete mix would use between 25% and 
50% cement-to-sand ratios in a 4:1 or 2:1 ratio for sand and 
cement. The higher the sand-to-cement ratio, the more brit-
tle the concrete, leading to lower compressive strength. Fig-
ure 5 shows that batch group E was fit to a second-order 
polynomial equation. The peak fly ash-to-cement ratio was 
found to be 20% by tests and greater than 25% from the 
polynomial equation. The addition of fly ash in any type of 
concrete has been found to improve performance 
(Yerramala, 2012).  
 

Once all of the batches were broken and analyzed within 
their groups, a combined equation using an expanded sec-
ond-order polynomial equation was formed and iteratively 

optimized for maximum correlation. The expanded polyno-
mial equation was selected based on the individual curve-fit 
equations, all having the highest correlation to the data with 
equations of the same form. This assumption was verified 
by comparing the data fit of the second-order polynomial 
equation to an exponential equation, a log equation, and a 
linear equation. The correlation using any other form was 
less than 60%. Equation 2 is the resulting equation. Equa-
tion 2 yields the actual compressive strength values, f’c, in 
units of MPa, which are summarized in Table 3. For units of 
PSI, Equation 2 is multiplied by 145.038. Weight was repre-
sented in grams by Wt in Equation 2, and R2 was found to 
be 91.50%, when compared to the four compressive 
strength averages for all 26 concrete batches produced.  

2nd Order Polynomial Fit Equation 

Mix No. w/cm m/c f /c c/s fa /c Wt (g) 
f’c Actual 
(MPa/Psi) 

f’c Predicted 
(MPa / Psi) 

Δ 
(MPa / Psi) 

∆ 
(%) 

A1 26 16 1 100 16 1,413 45.44 / 6,591 48.63 / 7,053 3.19 / 462 7.01 

A2 28 16 1 100 16 1,463 57.84 / 8,389 59.29 / 8,600 1.45 / 211 2.52 

A3 30 16 1 100 16 1,463 71.80 /10,413 66.49 / 9,644 -5.31 / -769 -7.38 

A4 32 16 1 100 16 1,450 80.50 / 11,675 73.18 / 10,614 -7.32 / -1061 -9.09 

A5 34 16 1 100 16 1,450 78.27 / 11,352 81.33 / 11,796 3.06 / 444 3.91 

B1 30 0 1 100 16 1,576 80.68 / 11,702 84.06 / 12,192 3.38 / 490 4.19 

B2 30 5 1 100 16 1,559 83.09 / 12,047 84.07 / 12,194 0.97 / 147 1.22 

B3 30 10 1 100 16 1,543 82.21 / 11,923 80.52 / 11,679 -1.69 / -244 -2.05 

B4 30 15 1 100 16 1,536 74.63 / 10,824 74.07 / 10,743 -0.56 / -81 -0.75 

B5 30 20 1 100 16 1,510 56.25 / 8,158 62.40 / 9,051 6.15 / 893 10.95 

C1 30 16 0 100 16 1,503 85.83 / 12,448 87.20 / 12,647 1.37 / 199 1.60 

C2 30 16 0.5 100 16 1,514 75.84 / 11,000 77.20 / 11,197 1.36 / 197 1.79 

C3 30 16 1 100 16 1,515 68.38 / 9,918 70.73 / 10,259 2.35 / 341 3.44 

C4 30 16 1.5 100 16 1,517 70.94 / 10,289 68.69 / 9,962 -2.25 / -327 -3.18 

C5 30 16 2 100 16 1,514 69.55 / 10,088 70.58 / 10,237 1.03 / 149 1.48 

D1 30 16 1 50 16 1,450 26.07 / 3,781 27.08 / 3,928 1.01 / 147 3.89 

D2 30 16 1 75 16 1,536 62.95 / 9,130 70.35 / 10,203 7.40 / 1073 11.75 

D3 30 16 1 100 16 1,518 75.75 / 10,986 70.97 / 10,294 -4.78 / -692 -6.30 

D4 30 16 1 125 16 1,513 79.48 / 11,527 75.87 / 11,004 -3.61 / -523 -4.54 

D5 30 16 1 150 16 1,502 79.98 / 11,600 83.48 / 12,108 3.50 / 508 4.38 

E1 30 16 1 100 0 1,542 73.71 / 10,691 74.22 / 10,766 0.51 / 75 0.70 

E2 30 16 1 100 5 1,535 68.28 / 9,903 70.29 / 10,195 2.01 / 292 0.93 

E3 30 16 1 100 10 1,526 75.21 / 10,909 68.89 / 9,991 -6.32 / -918 -8.42 

E4 30 16 1 100 15 1,525 73.00 / 10,588 70.82 / 10,272 -2.18 / -316 -2.98 

E5 30 16 1 100 20 1,526 82.28 / 11,934 76.63 / 10,967 -5.65 / -967 -8.10 

E6 30 16 1 100 25 1,518 81.85 / 11,871 82.36 / 11,945 0.51 / 74 0.62 

Table 3. Concrete mix batches and corresponding second-order polynomial-fit equation parameters. 
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Figure 1. Compressive strength versus water-to-cement. 

Figure 2. Compressive Strength versus silica fume-to-cement. 

Figure 3. Compressive strength versus fibers-to-cement. 

Figure 4. Compressive strength versus cement-to-sand. 

Figure 5. Compressive strength versus fly ash-to-cement. 
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Summary and Conclusions 
 

With all R2 correlations being greater than or equal to 
91.50% for all concrete batch mix ratios, except for the fly 
ash-to-cement, with a correlation of 70.95%, a second-order 
polynomial equation can be safely considered as an effec-
tive method for compressive strength prediction. Figure 6 
shows that all data points fit well inside the bounds of a 
20% error, with the largest deviation of any data point being 
11.75%. As fly ash-to-cement was the only material ratio 
that had an upward progression continuing past the data 
samples taken, it is likely that a better fit could have been 
obtained by increasing the fly ash mixes used to include 
data points with 30% and 35%.  

Figure 6. Second-order polynomial equation line of equality to 
data results. 

 
With the combined equation fitting to 91.5% correlation 

within the actual compressive strength test data and the ma-
jority of all predicted values being less than 6.895 MPa 
(1000 PSI) (see again Table 3), this procedure proved to be 
a more effective means of approximating concrete mix de-
sign compressive strength than standard ratios and rules of 
thumb. This process could be repeated with any combina-
tion of concrete trial batch mixes in order to increase the 
achievable compressive strength of the material. Multiple 
equations could be generated to allow mixing plants to gen-
erate equation outputs for slump, air content, and other fac-
tors in order to meet mix design criteria without running 
large quantities of samples.  
 

One limitation of this study was the absence of the use of 
aggregates in the mix samples; instead, sand was used for 
the 26 concrete batches that the equation was fit to. Adding 
in another variable to represent aggregates would increase 
the applicability of the equation. However, the results of the 
individual curve fits agree, in terms of deviation of recom-
mended optimum ratios of less than 18%, with existing re-
search that did use aggregates in the mixes (Khatib, 2007) 
(Malaiskiene et al., 2017).  
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Abstract 

 
In this study, the authors investigated the effects of feed 

rate and spindle speed on diamond abrasive machining of 
carbon fiber reinforced polymers. Rough and finish routing 
of composite fiber reinforced plastic (CFRP) plates was 
performed under dry conditions. Cutting forces, machining 
power, surface roughness, and workpiece temperature were 
measured, and an ANOVA test was performed. The authors 
found that feed rate had the most significant influence on 
machining power. In contrast, spindle speed significantly 
influenced surface roughness, cutting forces, and workpiece 
temperature. From this study, the authors provide recom-
mendations for optimum machining conditions with abra-
sive diamond cutters. 
 

Introduction  

 
Abrasive machining and grinding remove material via the 

motion of small, hard particles attached to a relatively rigid 
body. Particles commonly used for both processes are alu-
minum oxide, silicon carbide, cubic boron nitride, or even 
diamond particles. The scientific community has received 
much attention with the grinding process in the manufactur-
ing industry. Abrasive machining, on the other hand, is a 
relatively modern approach with lesser attention, as most 
people confuse it with the grinding process, since the simi-
larities between these two-machining processes in many 
scenarios are sufficient for bridging the gap in knowledge 
between the two (Malkin & Guo, 2008). Sheikh-Ahmad 
(2009) and Maegawa, Morikawa, Hayakawa, Itoigawa, and 
Nakamura (2016) showed that the aspects of abrasive ma-
chining are different from grinding. The main differences 
between abrasive machining and griding mainly fall into 
three process parameters: workpiece feed rate (which is the 
relative velocity at which the cutter is advanced to the work-
piece), cutter diameter (and the resulting velocity), and 
depth of the cut (the depth of the material layer removed 
from the workpiece material).  

 
Sheikh-Ahmad (2009) discussed the differences between 

surface grinding and abrasive resistance regarding the depth 
of cut and cutting speed. Depth of cut typically ranges from 
10 to 50 mm, while wheel velocities are roughly 1800 m/
min, though some velocities may to as high as 7000 m/min 
with surface grinding. Workpiece velocities are compara-
tively at lower wheel velocities, and grinding wheels have 
larger diameters than abrasive cutters and are primarily used 
for the lower material removal process (Malkin, & Guo, 
2008).  

 

The machining equivalent chip thickness is considerably 
larger in abrasive machining than the grinding process. The 
cutting speed and workpiece feed rate are considerably low-
er with a higher depth of cut (Soo, Shyhaa, Barnett, Aspin-
wall, & Sim, 2012). With fiber-reinforced polymers, instead 
of using edge cutters, some researchers used abrasive ma-
chining in edge trimming and bulk machining (milling) 
(Boudelier, Ritou, Garnier, & Furet, 2011; Colligan & Ram-
alu, 1991; Colligan & Ramalu, 1999; Niu & Yang, 2015; 
Niu, Su, Wang, Yang, & Sun, 2016). In this current study, a 
metallic bond of diamond grit of various sizes was attached 
to the tool shank. The main reason for using abrasive ma-
chining was to have a superior surface finish by eliminating 
the material delamination. The abrasive particles were dia-
mond grit of various sizes, depending on the finish required 
by the user. The 30-grit is a general-purpose cutter used for 
the roughing application, because of its wide grain spacing 
and larger diamond grains. An 80-grit cutter is used for fin-
ishing operations and have a denser concentration of the 
diamond particles with smaller sizes. 
 

Electroplating and brazing are two techniques used for 
bonding diamond grit to the tool shank and use a single lay-
er of diamond particles attached to the tool shank by a me-
tallic bond. Lee and Kim (2000) and Ahmad (2009) dis-
cussed the phenomenon of electroplating, where the tool 
shank is immersed into a nickel-plating solution with dia-
mond particles. The nickel ions build up on the steel shank 
between the diamond particles forming a single layer of 
particles on the tool surface. Finally, the tool is plated with 
nickel, covered by the bond matrix, covering 50%-70% of 
the surface with diamond particles. 
 

The heat build-up and rapid tool wear are due to the re-
duced clearance (electroplating results in high-density dia-
mond particles with low grain exposure) required for chip 
disposal. The brazing alloy (diamond grit and nickel-
chrome) bonds to the diamond particles and steel substrate 
during the brazing process. This technique individually sets 
the diamond particle and bonding to the shank, thereby al-
lowing greater control of the diamond particles’ density and 
distribution. Though the processes are different, the me-
chanics of cutting using abrasive particles and edge trim-
ming using multiple edge cutting tools are similar. Calculat-
ing the rate of material removal can be accomplished using 
Equation 1: 
 

(1) 
 
where, F is the feed rate; d is the radial depth of cut; and, t is 
the width of cut, which is the same as the thickness of the 
laminate. 
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Equivalent chip thickness (heq) is a kinematic parameter 
used to characterize uncut material size and can be deter-
mined using Equation 2,: 
 

(2) 
 
where, F is the feed rate; d is the depth of cut; and, V s is the 
wheel speed. 
 

Rowe (2009) noted that the equivalent chip thickness is 
much thinner than the actual thickness of chips removed by 
randomly spaced grains. However, since the actual uncut 
chip thickness in grinding is not easily defined or measured, 
the equivalent chip thickness is widely used instead in the 
empirical correlation of process response such as forces, 
temperature, and surface roughness. Table 1 shows that the 
material removal rates implemented in this study were much 
higher than typical material removal rates implemented in 
grinding (Girot, Dau, & Gutiérrez-Orrantia, 2017; Rowe, 
2009). 
 
Table 1. Chip thickness. 

 

Rowe (2009) found that, when edge trimming with a sin-
gle-edge cutter at the same cutting parameters, the maxi-
mum chip thickness obtained was significantly higher, and 
stated that: 

 
The specific cutting energy is power-law proportional 
to the reciprocal of the chip thickness, the specific cut-
ting forces in abrasive machining are significantly 
greater than those in edge trimming with an end mill. 
However, the cutting forces are distributed over many 
small abrasive particles that are engaged in the cut at 
the same time and the influence of each individual grit 
on the workpiece is minimized. This allows abrasive 
machining for less mechanical damage to the workpiece 
and better surface finish. (p.312) 

 
In this current study, the authors examined abrasive ma-

chining as a bulk material removal process and not as a fin-
ishing process. Most of the previous researchers were in-
volved in material removal rates and chip thickness. The 
authors of this current study wanted to evaluate the effects 
of process parameters on the machinability of CFRP in or-
der to establish optimum machining conditions. The varied 
process parameters were spindle speed, feed rate, and depth 

of cut. Machinability was assessed in terms of cutting forc-
es, specific cutting energy, machined surface temperature, 
and surface roughness. The choice of cutting parameters 
allowed high levels of material removal rates to be obtained. 
This is in view of abrasive machining being utilized as a 
bulk material removal process instead of milling. 
 

Materials and Methods 
 

In this current study, the authors used a 3-axis CNC verti-
cal milling machine equipped with a 7.5 KW spindle with a 
maximum spindle speed of 10000 rpm to conduct the 
CFRP’s edge-trimming experiment. Figure 1 shows that the 
cutting configuration was down milling. T1, T2, and T3 are 
the three thermocouples. The cutting parameters were spin-
dle speed (or cutting speed), feed rate, and radial depth of 
cut. The study used a full 2-level factorial design with two 
replications. There were two repetitions done for each of the 
factors. Table 2 lists the range of parameters used in the 
experiments.  

Figure 1. Down milling configuration. 

 
Table 2. Experiment matrix. 

 / sheq d F V

Type of process Process Parameter Chip thickness 

Abrasive cutter 

25 mm diameter 
Rotating at 5000 rpm 
Trimming 2 mm off of a 
    workpiece 
Feed rate of 2 m/min 

0.01 mm 

Edge trimming Similar process parameter 
More than 
0.217 mm 

Type 
F 

(m/min) 
N 

(rpm) 
Vs 

(m/s) 
d 

(mm) 

Corner 0.25 3000 2.00 3.18 

Corner 0.25 5000 3.33 3.18 

Corner 0.76 3000 2.00 3.18 

Corner 0.76 5000 3.33 3.18 

Corner 0.25 3000 2.00 12.70 

Corner 0.25 5000 3.33 12.70 

Corner 0.76 3000 2.00 12.70 

Corner 0.76 5000 3.33 12.70 

Center 0.51 4000 2.66 7.93 
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The feed per revolution represents the advancement of the 
center of the cutter during one revolution. The feed per 
tooth was obtained by dividing feed per revolution by the 
number of teeth, and was indicative of the uncut chip thick-
ness. As discussed earlier, abrasive cutters do not have well-
defined cutting edges; hence, feed per revolution was used 
to represent the size of chip. Material removal rates used in 
this study were higher than the rates used in grinding; 
hence, the feed per revolution values were also significantly 
higher. The higher material removal rates were achieved 
due to the high diamond grit exposure of the single-layer 
abrasives bonded to the tool shank, which left adequate 
space for chip disposal. Therefore, the authors recommend 
using abrasive diamond cutters at higher material removal 
rates to ensure adequate productivity levels. 
 

The response parameters were net cutting power, cutting 
forces, machined surface temperature, and surface rough-
ness. A universal power cell (load control) was used to con-
tinuously monitor spindle power consumption during the 
edge-trimming operation. The net cutting power was deter-
mined by subtracting the idle spindle power from the total 
spindle power during cutting. A 3-axes force dynamometer 
(Kistler 9257B) was used to measure the cutting forces 
along the feed, normal to the feed, and in the axial direc-
tions. Trimming of the edge of the laminate was done in one 
pass with a diamond abrasive brazed cutter DAC 30 P.B.S. 
This is a typical roughing cutter for composite materials. 
The cutter diameter was 12.7 mm and the grit size was 30. 
All trimming experiments were conducted without coolant. 
After trimming was finished, inspection of the machined 
surface was performed inside a scanning electron micro-
scope (SEM) and surface roughness was measured using a 
stylus profilometer. An ANOVA test with a significance 
level of 95% was performed in order to determine the indi-
vidual effects of the input parameters and their interactions. 
 

This material used in this study was a 9 mm-thick multi-
directional CFRP/Epoxy laminate, consisting of 32 plies of 
plain weave carbon fibers with the stacking sequence [(XW/
PW)16], where XW represents a single aligned at ±45º with 
the panel axes. PW is a single ply with the fiber directions 
aligned coincident with the panel axes. The fiber volume 
fraction was 0.60. The laminate was cut with a diamond saw 
into coupons measuring 150 mm x 100 mm. The fiber orien-
tation on the surface plies was XW. Figure 1 shows how the 
coupons were clamped on top of a 3-axis force dynamome-
ter using a special fixture, and trimming was performed 
along the 150 mm-long edge.  
 

Figure 1 also shows that the temperature of the CFRP 
laminate near the cutting region was measured by surface-
mounted thermocouples. Data from studies done by 
Yashiro, Ogawa, and Sasahara (2013) and Kerrigan, Thil, 
Hewison, and O’Donnell (2012) were used for temperature 
process monitoring. Three unsheathed fine-gage type-J ther-
mocouples, 0.25 mm wire diameter, were bonded to the 
surface of the laminate near the edge using OMEGA BOND 

400º high-temperature cement. The thermocouple beads 
were placed approximately 2.5 mm apart with the first bead 
being placed away from the edge by a distance that as 
slightly larger than the depth of cut. As the material was 
removed by the cutting tool, the first thermocouple bead 
indicated that there was less than 1 mm to the cutting region 
and recorded the highest temperature. The readings from the 
three thermocouples were sampled using data acquisition 
hardware. The machined surface temperature was estimated 
by linear extrapolation on a log-log scale of the maximum 
temperatures recorded by the three thermocouples. The 
maximum temperature was estimated at the intercept of the 
fitted line with the temperature axis at a distance of 0.1 mm.  
 

Roughness of the machined surface was measured with a 
surface roughness tester (Surftest SJ-400), manufactured by 
Mitutoyo. Rz was used for quantifying surface finish, since 
it is a better roughness indicator for composites. Surface 
roughness was measured both in a longitudinal direction 
(along the cutting direction) and a transverse direction 
(perpendicular to the cutting direction). The cut-off length 
was 0.8 mm and the traverse length was 4.0 mm, according 
to industry standards. Roughness measurements for both 
longitudinal and transverse directions were taken at five 
locations of the workpiece and the average was calculated. 
Surface roughness of the machined edge was measured in 
the longitudinal and transverse directions, as a function of 
the equivalent chip thickness. Low- and high-magnification 
SEM images of the machined surface at low and high equiv-
alent chip thickness values were taken. Surface roughness in 
the longitudinal direction was considerably smaller and de-
creased slightly with an increase in equivalent chip thick-
ness. The values of surface roughness obtained were compa-
rable to those of grinding. (Ra values typically less than       
5 mm were obtained.) Surface roughness in the transverse 
direction was considerably higher, due to the presence of 
longitudinal grooves and other machining defects, and it 
increased slightly with an increase in equivalent chip thick-
ness. The effect of depth of cut in both cases was not pro-
found, and surface roughness appeared to be independent of 
equivalent chip thickness. This was mainly due to fact that 
the grit size was fixed in the experiments, which was in gen-
eral agreement with the findings.  
 

Inspection of the machined surfaces inside the SEM re-
vealed that machined surfaces at low and high equivalent 
chip thickness values had similar characteristics. Both sur-
faces were characterized by parallel longitudinal grooves 
caused by the individual diamond grains blowing on the 
machined surface. The parallel grooves were almost of the 
same size. For lower equivalent chip thicknesses (finishing 
conditions), no visible damage could be seen inside the ma-
chined edge or at the surface. On the other hand, machining 
damage was visible for the cutting condition with high 
equivalent chip thickness (roughing conditions). Machining 
damage included delamination at the surface ply, due to 
lack of support, fiber pullout leading to deep pits, and fuzzi-
ness due to uncut fibers.  
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Results and Discussions 
 

Design of experiments was used for conducting the exper-
iments. The analysis was done using Minitab. Table 2 
shows the factors identified and their lower and upper lim-
its. Assessing the factors and their effects on the various 
responses (power, normal force, feed force, axial force, tem-
perature, longitudinal surface roughness, and transverse 
surface roughness) was carried out through: (i) response 
table and response graph; (ii) normal probability plot; (iii) 
analysis of variance technique (ANOVA). The levels were 
selected based on machine capability. Table 3 shows the 
influence of the different factor parameters on the various 
responses collected. Table 3 shows a full factorial design 
with a center point and two replications used in the model 
for a total of 18 full-factorial experimental design runs. 
 
Table 3. Control parameters and their levels. 

The influence of feed, speed, and depth of cut for the vari-
ous responses was studied. The test was conducted for the 
various ANOVA tests. The significant factors that affected 
the response power at the chosen level of α=0.05 were stud-
ied. Figure 2 shows the normal probability plots for the 
power responses. Residual plots were also conducted for the 
various responses to see if normality and equal variances 
where achieved.  

Figure 2. Normal probability plot. 

 
In the effects diagram, one can see that some of the factor 

effects were larger than the others, but one cannot assume 
that the results were real or chance. Normal probability is a 
graphical technique that is based on the central theorem, 

where the points that are closer to the fitted lines would 
demonstrate no significant effect on the response variable 
and the points that are far away from the fitted line would 
represent the real effects. Figure 3 shows the normalized 
plots for the various standardized effects. Figure 3 also 
shows that, in order to identify these real effects, a normal 
probability plot was used. From the normal probability plot 
it can be affirmed that A, B, C, and their interactions, AC 
and BC, were quite far away from the fitted line, which like-
ly represents the real factors on the response, power. 

Figure 3. Normalized plots of the standardized effects. 

 
The significant factors that affect the response power at 

the chosen level of α (0.05), are the ones that extend the red 
line on the Pareto chart shown in Figures 4-9 and ANOVA 
is done removing the non-significant factors. For each re-
sponse only the significant factors are considered and rest of 
them are eliminated, the red line in the Pareto chart shows 
the cut of point. The results have also been confirmed with 
the residual plots which includes the normal probability 
graph and the variance. For studying the responses based on 
the standardized effects, Pareto chart of the standardized 
effects were done. The Pareto chart shows the absolute val-
ues of the standardized effects from the largest effect to the 
smallest effect. The chart also plots a reference line to indi-
cate which effects are statistically significant.  

 
The reference line for statistical significance depends on 

the significance level. The pareto chart shows the standard-
ized effect. Pareto chart to determines the magnitude and 
the importance of the effects. On the Pareto chart, bars that 
cross the reference line are statistically significant. For ex-
ample, Figure 4 shows that the bars that represent factors A, 
B, C, AC, and BC cross the reference line at 2.23. These 
factors are statistically significant at the 0.05 level with the 
current model terms, which are the significant factors for P, 
where A denotes force, B denotes velocity, C denotes depth, 
and the other combinations relate to the interactions be-
tween the factors.  

Si. No Parameter Notation Unit 
Level 

Low High 

1 Speed Vs m/min 1.995 3.325 

2 Feed F m/min 0.254 0.762 

3 Depth of cut d µmm 3.175 12.70 2520151050-5
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Figure 4. Significant factors for P. 

Figure 5. Significant factors for T. 

Figure 6. Significant factors for Fx. 

Figure 7. Significant factors for Fy. 

Figure 8. Significant factors for Rzl. 

Figure 9. Significant factors for Rzt. 
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Figure 5 shows the significant factors for temperature, 
and that factor C was the only significant factor. Figure 6 
shows that the significant factors for force along the x-axis 
and factors A, B, C, and all of the dual interactions (AB, 
AC, and BC) were significant. Figure 7 shows that the sig-
nificant factors for force along y-axis and the factors C, B, 
BC, ABC, and AB were significant. Figure 8 shows that the 
factors for longitudinal surface roughness, BC, C, AC, B, 
ABC, and AB were the significant factors. Figure 9 shows 
that the factors for transverse surface roughness, BC and C 
were the only significant factors. 
 

For example, Figure 4 shows that the bars that represent 
factors A, B, C, AC, and BC cross the reference line at 2.23. 
These factors are statistically significant at the 0.05 level 
with the current model terms, which are the significant fac-
tors for P, where A denotes force, B denotes velocity,         
C denotes depth, and the other combinations relate to the 
interactions between the factors. Figure 5 shows the signifi-
cant factors for temperature, and that factor C was the only 
significant factor. Figure 6 shows that the significant factors 
for force along the x-axis and factors A, B, C, and all of the 
dual interactions (AB, AC, and BC) were significant. Figure 
7 shows that the significant factors for force along y-axis 
and the factors C, B, BC, ABC, and AB were significant. 
Figure 8 shows that the factors for longitudinal surface 
roughness, BC, C, AC, B, ABC, and AB were the signifi-
cant factors. Figure 9 shows that the factors for transverse 
surface roughness, BC and C were the only significant fac-
tors. 
 

Analysis of Variance 
 

The ANOVA results in Table 4 shows by how much an 
estimate must differ from zero in order to be judged statisti-
cally significant. This analysis was carried out at the confi-
dence interval of 95%. The main-effects plot and interaction 
plots also indicated significant factors and interaction ef-
fects. Table 4 shows the data means for the responses that 
were used. Factorial analysis of the results was conducted 
using Minitab software. This analysis resulted in Table 4 in 
terms of the standardized effects of the process parameters 
and their interactions. The results clearly showed that depth 
of cut is generally the most influential parameter in abrasive 
machining. It should also be noted that depth of cut was the 
main and only parameter that affected machining tempera-
ture. Surface roughness and feed force were also significant 
with the depth of cut, while the other parameters (normal 
force, specific cutting energy, and longitudinal surface 
roughness) were secondary. The interaction between speed 
and depth of cut seemed to be significant with most of the 
responses. Table 5 shows the estimated standardized effects 
for the responses, α = 0.05. 
 

For the power response, P, the main-effects plot showed 
the following:  

• A strong positive effect on feed and depth of cut to 
the power with some negative effects on speed. 

• The interactions between feed and speed do not affect 
the power and have strong interactions between depth 
of cut and feed. 

• There were small interactions between depth of cut 
and speed.  

 
Table 4. Data means Responses. 

Table 5. Estimated standardized effects for the responses, α = 0.05. 

From the ANOVA results, it was concluded that factors F, 
Vs, d, and their interactions F*d, and Vs*d had significant 
effects on power. For the temperature response, the main-
effects plot for T showed the following:  

• A strong positive effect on feed and depth of cut to 
power and some negative effects on speed.  

• The interactions between feed and speed did not af-
fect T but had strong interactions between depth of 
cut and feed as well as the interactions between depth 
of cut and speed. 

F Vs d Fx Fy P T Rzl Rzt 

0.25 2.00 3.2 98 6 100 77 5 57 

0.25 2.00 12.7 450 2164 1050 107 20 62 

0.76 2.00 3.2 351 38 300 50 7 64 

0.76 2.00 12.7 1257 1811 1766 270 10 56 

0.25 3.33 3.2 79 11 114 80 7 65 

0.25 3.33 12.7 219 296 626 77 7 44 

0.76 3.33 3.2 188 26 301 68 8 77 

0.76 3.33 12.7 431 724 1479 264 6.5 50 

0.51 2.66 7.9 614 488 843 226 - - 

  Standardized Effect 

Term Fx Fy P T Rzl Rzt 

F 345.0 30.4 489 28.86 -1.8 4.57 

Vs 309.9 -740 -174 -10.67 -3.7 -0.70 

d 410.1 1228 1027 159.74 4.1 -12.68 

F*Vs 185.0 191.3   17.39 2.3 4.40 

F*d 164.5 7.2 295 48.29 -3.7 -4.73 

Vs*d -218 -736 -181 -21.72 -4.7 -11.10 

F*Vs*d -112 199.5   9.87 2.7 1.91 

R2 (adj) 0.983 0.969 0.758 0.814 0.9 0.56 
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From the ANOVA results, it was concluded that the fac-
tors of speed, feed, and depth of cut had significant effects 
on workpiece temperature. A first-order regression model 
was predicted, based on the behavior of the response param-
eter. The model included the effects of process parameters 
and their interactions, as given by Equation 3. Table 6 lists 
the coefficients for this regression model for all responses.  
 

 
(3) 

 
 
 
Table 6. Regression model coefficients. 

Conclusions and Recommendations 
 
The effects of feed rate and spindle speed on diamond 

abrasive machining of carbon fiber reinforced polymers 
were studied. All of the rough and finishing routing of car-
bon fiber reinforced polymer were performed under dry 
conditions. ANOVA was used to predict the results. The 
workpiece’s machinability was assessed based on cutting 
force, temperature, energy, and surface roughness. The re-
sults of this study are as follows: 

• The most significant factor influencing the machina-
bility of composite fiber reinforced plastic laminate 
was the depth of cut, as there were multiple signifi-
cant responses associated with it. 

• For the low cutting speed, the effect of feed rate was 
not significant. 

• The high cutting speed and small depth of cut result-
ed in a low-level of cutting forces, cutting energy, 
and surface roughness. 
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Abstract 

 
The effort to reduce CO2 emissions has been a challenge 

for automakers to meet the technical regulations for the 
Worldwide Harmonized Light Duty Test Procedure 
(WLTP). In this present study, the authors focused on the 
friction factor in differential bearings, which are responsible 
for a great amount of energy loss due to friction. Bearing 
manufacturer Schaeffler proposed replacing the tapered 
roller bearing (TRB) with the tapered ball bearing (TBB), 
thereby allowing a 50% reduction in friction and reducing 
CO2 emissions by 1.5%. To understand the increase in dif-
ferential efficiency by replacing the TRB bearing with the 
TBB bearing, and using the friction calculation of rolling 
bearings, a computer simulation of the sliding frictional 
moment (Msfm) was performed; the authors found the TBB-
type bearings had a linear behavior with a progressive in-
crease in friction as a function of rotation, with a significant 
reduction in friction, when compared with the TRB-type 
bearing. The authors concluded that TBB-type bearings 
were more energy efficient than TBR bearings under the 
same operating conditions, contributing to increased me-
chanical efficiency and reduced CO2 emissions. 
 

Introduction 
 

Since the time when designers improved the use of the 
wheel by adding bearings, there was concern over wheel-
axle friction. Before the advent of the steam engine, this 
loss of energy reduced the capacity of human- or animal-
powered vehicles and caused a reduction in performance. 
This resistance to movement was the objective of studies 
carried out by ancient civilizations. Research has shown that 
rudimentary bearings were manufactured as early as 900 BC 
to 400 AD by Romans, Celts, Greeks, and the Chinese. Ar-
chaeological research from the end of the 19th century 
found an ancient ball bearing in Lake Nemi, located          
18 miles from Rome (Dowson & Hamrock, 1981; Jacobson, 
2011). Apparently, nothing was improved during the Middle 
Ages; however, the Renaissance genius Leonardo Da Vinci 
(1894) carried out studies in the field of tribology, establish-
ing the first laws on the interaction of surfaces in relative 
motion in 1493 (Hutchings, 2016) including the results of 
his studies in the Codex Atlanticus (Da Vinci, 1894). 

 
In his work, he concluded that the sliding friction coeffi-

cient was constant and equal to 1/4 for all materials 
(Dowson & Hamrock, 1981). His research served as a refer-

ence for Amonton’s studies (Persson, Sivebæk, Samoilov, 
Zhao, Volokitin, & Zhang, 2008) on tribology. With the 
advent of the Industrial Revolution, ball bearings came to 
take their place in the manufacture of machinery and equip-
ment; and from the beginning of the 20th century, ball bear-
ings were applied to automobiles and other vehicles 
(Dowson & Hamrock, 1981), playing an important role, 
because, in addition to reducing the friction of the rotating 
motion of the wheels, they are an integral part of the sus-
pension and support the weight of the vehicle (Park, Choi, 
& Kim, 2013). The model designed by Da Vinci was widely 
used until 1907, when Sven Wingquist patented the self-
aligning bearing, whose main benefit was to support greater 
loads without reducing its useful life, even with limited 
shaft misalignment (Jacobson, 2011).  
 

Friction and Losses 
 

Concerns related to loss of energy by friction are centu-
ries old. Despite the introduction of electric and hybrid cars, 
most of the fleets made up of such vehicles continue to use 
fossil-fuel energy sources. These vehicles operate both in 
the diesel cycle (Institute, 2017; Scoltock, 2010) and in the 
Otto cycle (Poulton, 1994) and have a common feature: low 
energy efficiency. Only 12% of the energy available in the 
fuel is made available to the traction wheels, of which 15% 
is lost due to friction (Comfort, 2003; Nakasa, 1995; Priest 
& Taylor, 2000). Only two factors must be considered re-
sponsible for fuel consumption: 

• Vehicle load—the work or energy required to move 
the vehicle and the functioning of its accessories 

• Energy efficiency of the engine plus transmission. 
 

In view of the ever-increasing number of vehicles in use, 
reducing fuel consumption becomes a priority (Ross, 1997). 
On this topic, the search for improving energy efficiency is 
not only of economic importance, but also environmental in 
the face of global warming (Mickūnaitis, Pikūnas, & 
Mackoit, 2007). The effort to reduce CO2 emissions in inter-
nal combustion vehicles, whether they are trucks, buses or 
automobiles, has been a challenge for automakers 
(Allmaier, Sander, & Reich, 2013; Kitamura, 2003). The 
environmental issue is being treated as a global issue and, in 
2014, the United Nations Economic Commission for Europe 
(UNECE) established technical regulations for the Light 
Services Test Procedure (WLTP) with a global scope 
(Tsokolis, Tsiakmakis, Dimaratos, Fontaras, Pistikopoulos, 
Ciuffo, & Samaras, 2016; Mickūnaitis et al., 2007). With 
the use of new technologies, Holmberg and his colleagues 
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(Holmberg, Andersson, Nylund, Mäkelä, & Erdemir, 2014) 
pointed to an expectation of savings in diesel consumption 
in trucks on the order of 75 billion liters and a reduction in 
emissions of 200 million tons of CO2 by 2022, totaling 
world-wide annual savings of $127 billion US dollars. The 
same authors also estimate that frictional energy losses in 
light vehicles are between 25% and 30%, an unnecessary 
emission of 25-30g of CO2 / km for a passenger car with a  
2-liter engine (Ligier & Noel, 2015).  
 

With a focus on environmental and financial issues, the 
search for the reduction of internal friction in internal com-
bustion engine vehicles has become a worldwide trend. The 
study of friction in moving parts of engines, transmission 
systems, gearboxes, differentials, and systems lubrication 
and lubricants are the subject of research in several works 
(Knauder, Allmaier, Sander, & Sams, 2020; Wong & Tung, 
2016; Yonggang, Xu, Jin, Braham, & Yuanzhong, 2020). 
Although there are several points in a vehicle where energy 
is dissipated in the form of friction (Comfort, 2003; Nakasa, 
1995; Priest & Taylor, 2000; Tung & Mcmillan, 2004), the 
focus of this current study was on the bearings of a trans-
mission differential. 
 

The Differential Gearbox 
 

The differential is a highly complex gearbox that compen-
sates for the differences in rotation of the drive wheels, al-
lowing them to turn at different speeds in a curve, where the 
distance traveled by the inner wheel is shorter than the dis-
tance traveled by the outer wheel. For full-drive vehicles, it 
acts similarly between the front and rear drive axles (Toke, 
Kurkure, Waghumbare, & Jejurkar, 2018). Excluding spe-
cial cases, the concept of bevel gears is preferred for axle 
and wheel differentials, as these gears act as scale dashes 
establishing the torque balance between the right and left 
wheels. (Antoni, 2014; Ribbens, Heisler, Blundell, Harty, 
Brown, Serpento, & Davies, 2009).  
 

In association with the transmission, the differential is 
responsible for the greatest amount of energy loss due to 
friction (Sharma & Goyal, 2019; Tsokolis et al., 2016). 
Even though the greatest friction loss within a differential 
box occurs in its gears (Patil, Shevade, Gund, Utage, 
Patane, & Patel, 2017), this fact is largely minimized using 
lubricants (Tung & Mcmillan, 2004; Wong & Tung, 2016); 
the input and output torque of the entire differential system 
is supported by bearings, which also contribute to friction 
loss (Holmberg et al., 2014).  

 
Although the gears are mainly responsible for the loss of 

energy due to friction, in a research study carried out by the 
German-based bearing manufacturer Schaeffler (2014) and 
published by SAE International (Plank & Schwarzenthal, 
2010), the replacement of the tapered roller bearing (TRB) 
by the tapered ball bearing (TBB) type could lead to a 50% 
reduction in the differential’s internal friction. The replace-
ment could also provide a 1.5% reduction in the vehicle’s 

total CO2 emissions; however, the manufacturer does not 
specify the vehicle model used in the software simulation 
(Niederbacher, 2016).  
 

This statement was evaluated by Pilot Systems Interna-
tional, which identifies in its AWD component analysis 
(Niederbacher, 2016 report, a considerable reduction in fric-
tion in the differential, due to the replacement of TRB-type 
bearings with the TBB type. Although the result of this sub-
stitution is positive, other manufacturers claim that there are 
alternatives available at lower costs (Niederbacher, 2016). 
To understand the increase in differential efficiency by re-
placing the TRB bearing with the TBB bearing, a brief re-
view of the physical phenomena related to bearings is nec-
essary. These concepts are used for the elaboration of sever-
al software packages for systems performance evaluation, 
based on bearings and gears (Geonea, Dumitru, & Dumitru, 
2017; Gynning Olofsson, 2017; Otter, Dempsey, & Schle-
gel, 2000). 
 

Taking as a reference the model designed by SKF (2014) 
to calculate the frictional moment, it is possible to observe 
that it has numerous variables for its determination. Bearing 
friction is not constant and depends on certain tribological 
phenomena that occur in the lubricating film between the 
rolling elements, the raceways, and the cages (Khonsari & 
Booser, 2017; Yonggang et al., 2020). 
 

The Total Frictional Moment 
 

To calculate the total frictional moment of a bearing, the 
following variables were adopted: 

• The frictional moment and the possible effects of 
high-speed exhaustion 

• The moment of sliding friction and its effect on the 
integrity of lubrication 

• The frictional moment of the sealing system 
• The moment of friction of drag losses 

 
Based on this, the equation that best approximates the real 

behavior of a bearing is represented by Equation 1. 
 

(1) 
 
where, 
M  =  moment of total friction – [Nm] 
Mrfm  =  rolling frictional moment – [Nm] 
Msfm  =  sliding frictional moment – [Nm] 
Mfms =  friction moment of the seals – [Nm] 
Mfmd = frictional moment of drag losses, agitation – [Nm] 
 

Although this equation is relatively simple, its variables 
result from complex calculations, according to the type of 
bearing analyzed, lubrication, load, temperature of the lubri-
cating fluid, rotation of the bearing, viscosity of the lubri-
cant, and its drag factor. The model for calculating the fric-
tional moment (SKF, 2014) provides a tutorial on how to 
calculate the total frictional moment. SKF subsidiary 

rfm sfm fms fmdM M M M M   
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Schaeffler International (2014) makes available and online, 
free of charge, calculation module for the detailed friction 
calculation of rolling bearings that go by the name of Bear-
inx (Schaeffler, 2014). This software allows for the calcula-
tion of all the friction forces of the bearing’s surfaces, con-
sidering rolling friction as well as sliding friction in the sol-
id body friction, mixed friction and fluid friction ranges, 
losses in the load-free zone, splashing losses from the lubri-
cant, and seal friction components. 
 

To assess the variation in friction in the differential result-
ing from the replacement of TRB-type bearings by TBB-
type bearings (Niederbacher, 2016; Plank & Schwarzenthal, 
2010), the Bearinx computational tool was used, allowing 
analysis while considering the behavior conditions of non-
linear elastic bending of the bearings, elasticity of the shafts, 
preload or operating clearance of the bearing, profile of roll-
ers and raceways, as well as oscillation, in ball bearings, 
loading correlated with the change in the contact angle, ac-
tual pressure of contact, and taking into account the inclined 
position and profile of the rolling element, influence of 
notches (reliefs) in contact regions, influence of lubrication 
conditions, contamination, and real contact pressure on the 
fatigue resistance. In the computational analysis of the TRB 
and TBB bearings, only the sliding frictional moment 
(Msfm) defined by Equation 2 was considered. Table 1 
shows the results obtained with the aid of the computational 
tool. 

(2) 
 
where, 
Msfm  = sliding frictional moment [Nm] 
Gsl  = variable that depending on the type of bearing, the 

radial load Fr [N]  and the axial load Fa [N]  
Msfc  = sliding friction coefficient 
 

For computer simulations of both the TBB-type and TRB-
type bearings, the defined contour variables were: 

• Temperature: 50⁰C 
• Axial load (frictional torque): 1000N, 2000N and 

3000N 
• Radial load: 0N 
• TRB bearing rotation: 50 rpm, 100 rpm, 250 rpm, 

and 500 rpm 
 
Table 1. Friction torque (Newton meter) applied to the TRB-type 
bearing. 

These results show a significant increase in the torque at 
low speeds (50 rpm) and at high speeds (500 rpm). Figure 1 
shows us, however, that the system was more efficient at 
100 rpm. 

Figure 1. Friction torque simulation in the TRB bearing. 
 

Table 2 shows the values obtained for the TBB bearing 
under the same conditions adopted for the TRB bearing. 
The graph of Figure 2 shows that the TBB-type bearing has 
a linear behavior with a progressive increase in friction as a 
function of rotation. Table 3 shows a relative comparison 
between the two simulations. Figure 3 indicates that, for all 
computer simulations, the TBB bearing showed a signifi-
cant reduction in friction when compared to the TRB bear-
ing. 
 
Table 2. Friction torque (in Newton meters) applied to the TBB-
type bearing. 

Figure 2. Simulation of the friction torque in the TBB bearing. 
 
Table 3. Friction reduction (%) between TRB and TBB bearings. 
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sfm sl sfcM G  

rpm 50 100 250 500 

TRB: 1000N 0.166 0.157 0.226 0.352 

TRB: 2000N 0.269 0.218 0.266 0.415 

TRB: 3000N 0.381 0.271 0.293 0.453 

rpm 50 100 250 500 

TBB: 1000N 0.026 0.030 0.045 0.068 

TBB: 2000N 0.042 0.048 0.063 0.084 

TBB: 3000N 0.064 0.066 0.084 0.114 

rpm 1000N 2000N 3000N 

50 15.66 15.61 16.84 

100 19.11 22.02 24.54 

250 19.91 23.68 28.67 

500 19.32 22.17 25.17 
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Figure 3. Comparison of friction reduction between TRB and TBB 
bearings. 

 
Figure 4 shows the performance differences between TRB 

and TBB bearings under the same operating conditions. 

Figure 4. Graphical comparison of friction reduction (%) between 
TRB and TBB bearings. 
 

Software Validation 
 

Before the existence of computers and software for analy-
sis, bearing manufacturers used empirical calculation mod-
els that enabled estimations based on the type of bearing, 
the supported load, speed, and the viscosity of the lubricant. 
Using equations based on the results of laboratory bench 
tests (Dudziak & Krome, 2015), the Palmgren equations 
(Lundberg & Palmgren, 1947) were used most often (which 
served as the basis for ISO 15312). A bench test was made 
up of a physical model, where the bearing was experimen-
tally subjected to a test in order to determine the friction 
torque. This testing device was equipped with sensors that 
could capture certain variables from the behavior of a spe-
cific bearing, obtaining its friction torque curve once it was 
subjected to a progressive series of radial loads. In contrast 
to bench tests, there is an analytical method that uses a me-
chanical and tribological model of the bearing; the mechani-
cal model is used to map the application of forces, load dis-
tribution and other variables. The tribological model associ-

ated with the mechanical model describes the behavior of 
different tribological phenomena (Geonea et al., 2017). The 
analytical method, when transformed into an algorithm, 
allows the in-silico study of the behavior of the bearings, 
and the validation of the software is performed with the help 
of other similar computer packages, bench tests, and mod-
els, including frictional torque, kinematics, and cage loads 
(Schaeffler, 2014). Unfortunately, further details about this 
validation process performed by manufacturers are difficult 
to access, as they are deemed industrial secrets. 
 

Conclusions 
 

From this current study, the authors demonstrated that 
TBB-type bearings are more energy efficient than TBR 
bearings under the same operating conditions. Considering 
that the generation of CO2 is directly related to fuel con-
sumption, which is subject to the mechanical efficiency of 
the vehicle’s subsystems, the replacement of TRB bearings 
by TBB bearings in the differential could result in a reduc-
tion of emissions. Within this context, it is possible that the 
extension of this reasoning to all other subsystems of a mo-
tor vehicle will result in emission rates and energy efficien-
cy in line with current environmental standards. The results 
encourage the creation of “in silico” tools from physical 
models that can contribute to the solution of economic and 
environmental challenges. 
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A MATLAB-Based, Free-Space Radio-Frequency  
Propagation-Loss Simulator with Graphical 

User Interface 
——————————————————————————————————————————————–———— 

Gene L. Harding, Purdue University; Matthew Engstrom, Purdue University 

Abstract 

 
In this paper, the authors present a software tool created 

to simulate free-space radio-frequency (RF) signal propaga-
tion loss between transmit and receive antennas. It was ini-
tially created using the MATLAB R2017 App Designer. 
The tool provides both graphical and textual interfaces for 
user input, and both graphical and textual depictions of the 
spatial relationship between the two antennas (or antenna 
systems, as applicable). The user enters information on an-
tenna gains and spatial geometry, then the tool determines 
the dominant propagation mode and calculates the propaga-
tion loss between the two antennas.  
 

One of the authors teaches a course that offers RF propa-
gation, among several other topics. The simulation tool was 
developed to provide rapid propagation-loss estimates for 
use in that course. For context, the authors first provide here 
a brief overview of the course in which the simulator is 
used, along with its requirements and the mathematical 
foundation used to do its calculations. Next is a description 
of how MATLAB’s App Designer was chosen as the tool 
for software development, followed by a detailed descrip-
tion of the program and its development, including appro-
priate screenshots of the tool in operation. The source code 
for the simulator may be obtained by contacting the authors. 
 

Introduction 

 
One of the authors teaches a course in Military RF Elec-

tronic Applications (Harding, 2014). The course covers both 
military-focused topics, such as processing issues with elec-
tromagnetic warfare signals and locating hostile emitters, 
and generally applicable topics such as antenna analysis and 
design, radar operating principles, and radio frequency (RF) 
propagation. The latter topic is what led to the simulator 
described in this paper. The goal of the simulator was to 
create an interactive tool that would allow quick and easy 
estimates of signal propagation loss between a transmitter 
and receiver. The requirements were:  

1. Allow typed or graphical entry of relevant system 
configuration parameters, such as antenna height, 
signal frequency, and distance between antennas. 

2. Provide a graphical representation of the system’s 
physical configuration. 

3. Determine the Fresnel-Zone distance and relevant 
propagation model. 

4. Compute the estimated signal loss. 
 

This simulator implements deterministic models, based on 
definitions presented in EW102: A second course in Elec-
tronic Warfare (Adamy, 2004). Simulations were used for 
comparison against limited empirical measurements taken 
in courses taught by one of the authors. The two propaga-
tion models used in this simulator were free space, aka line-
of-sight, and two-ray. The Fresnel-Zone (FZ) distance is the 
demarcation point between the two. Knife-edge propagation 
was not considered for this simulator. The Fresnel-Zone 
distance is given by Equation 1 (Adamy, 2004):  
 
 

(1) 
 
where, 
ht  = height of transmitting antenna in m 
hr = height of receiving antenna in m 
λ = signal wavelength in m 
c = speed of light in m/s 
f = signal frequency in Hz 
 

The line-of-sight model applies to distances shorter than 
the FZ distance. The loss for line-of-sight propagation is 
given by Equation 2 (Adamy, 2004):  
 
 

(2) 
 
 
where, 
d = propagation distance in m 
λ = signal wavelength in m 
c = speed of light in m/s 
f = signal frequency in Hz 
 

The two-ray model applies to distances longer than the FZ 
distance. The loss for two-ray propagation is given by Equa-
tion 3 (Adamy, 2004):  
 
 

(3) 
 
where, 
d = propagation distance in m 
ht = height of transmitting antenna in m 
hr = height of receiving antenna in m 
 

The simulator was developed by an undergraduate student 
doing a one-credit directed project over the course of a sin-
gle semester. 
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Development Software Selection 
 

Three software tools were considered for the simulator: 
MATLAB/Simulink (Mathworks, 2020), LabVIEW 
(National Instruments, 2020), and Java (Java, 2020). 
MATLAB is a specialized programming environment de-
signed for mathematics-related applications and designs. 
The programming language is similar in structure to C++ 
and is easy to use. Of its many features, MATLAB can im-
port external resources to expand upon its own functionali-
ty. A graphical extension of MATLAB, known as Simulink, 
uses a node-based system in which functions/operations 
take the form of blocks having inputs and/or outputs. Both 
the student and his advisor were already familiar with 
MATLAB, so it was deemed to have the easiest learning 
curve. LabVIEW is a systems engineering programming 
environment and is often used in industrial applications, 
because it can be used to visualize data and controls. Much 
like Simulink, this programming environment is node-based 
and has a graphical user interface (GUI) development tool. 
This program was judged to be both easy to use and capable 
of meeting the objectives of the project, but neither the stu-
dent nor professor had experience with it. 
 

Java is a script-based programming environment and is 
visually similar to C++, much like MATLAB. Graphical 
extensions for GUI development are not integrated into the 

programming language, so they must be downloaded for 
use. This appeared to be a straightforward process, and 
many tutorials exist for getting started with Java and its 
graphical implementations. Nevertheless, neither the student 
nor the professor had experience with using Java’s graphical 
extensions, so its use would likely have entailed a substan-
tial learning curve. Thus, MATLAB was chosen as the best 
programming environment to use for this project. Not only 
was it already familiar to the authors, but it is also opti-
mized for mathematical procedures and has good data visu-
alization tools. The simulator is currently implemented in 
MATLAB version R2020a. 
 

Simulator Graphical User Interface and 
Operation 
 

The calculations performed by the simulator were 
straightforward, so the bulk of the work in its construction 
involved construction of the GUI. To meet requirement 2, 
graphical representation of the system’s physical configura-
tion, the interface was set up into five areas. Figure 1 shows 
these five areas for a system transmitting at 300 MHz and 
using a transmit antenna at a height of 60m, a receive anten-
na at a height of 5m, and a horizontal separation of 150m. 
Antenna heights are depicted proportionally to provide an 
intuitive representation to the user. 

Figure 1. Simulator run, where ht = 60m, hr = 5m, d = 150m, and f = 300 MHz. 
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The area on the left side is used to input information for 
the transmit antenna. The “Units” dropdown menu allows 
for selection of meters, kilometers, feet, statute miles, nauti-
cal miles, or yards. The “Range” dropdown menu includes 
ranges of 0-10m, 0-100m, 0-1000m, 0-10 km, and               
0-100 km. Once the appropriate range is selected, the user 
can enter a numeric value directly, or adjust the height dy-
namically using the vertical slider. Figure 2 shows a 
zoomed-in screenshot of the transmitter information area, 
which also shows the “Range” dropdown menu. 

Figure 2. Transmit antenna area and “Range” dropdown menu. 

 
The area on the right represents the receive antenna, and 

is set up the same as the left side, except that the receive 
antenna is depicted in red instead of blue. The horizontal 
separation of the antennas is entered in the area at bottom 
left of the display. Although the slider is horizontal instead 
of vertical, as shown in Figure 3, this section is otherwise 
similar to the antenna-height entry areas. 

Figure 3. Horizontal separation entry area. 

 
The user enters signal frequency information at the bot-

tom right of the display area. Figure 4 shows that it is set up 
similarly to the “Horizontal Separation” area, except that 
options for units are kHz, MHz, and GHz. 

Figure 4. Signal frequency entry area. 

Finally, the results are displayed in the center of the 
screen. Figure 5 shows that they include the slant distance 
between the two antennas in meters, d, the Fresnel-Zone 
distance in meters, Fz, the loss in dB, Ls, and the model 
used, either line-of-sight or two-ray. The software recalcu-
lates these values each time any of the inputs changes, so 
the user can quickly get comparative estimates of transmis-
sion loss for a variety of configurations. 

Figure 5. Computation results. 

 

Software Structure  
 

When using MATLAB’s App Designer software, there 
are two different views for the code: “Design View” and 
“Code View.” Though Code View shows all of the code 
required to run the application, some of the code is locked 
for modifications (only the code shown in white boxes can 
be modified). If the user needs to make changes to the 
greyed out code, this is done through the Design View of 
the App Designer, but the changes one can make are lim-
ited. The flowchart in Figure 6 illustrates the layout and 
flow of the simulator program. The simulator code begins 
by declaring properties for all of the elements in the GUI, 
including sliders, axes, dropdown menus, labels, and numer-
ic entry boxes. It then declares defaults for each of the user 
input variables and defines program calculation variables 
that will be used throughout the simulator program. 
 

Following the GUI element declarations is a function to 
define the GUI components, followed by a set of function 
definitions to execute key simulator operations: updating the 
display, performing calculations, reading inputs, initializing 
the GUI at startup, and special functions called “callbacks” 
that monitor the GUI elements for changes. If any of the 
controls are changed, the corresponding callback function is 
run. Typically, when a control is changed in the program 
and the callback function is run, the program recalculates 
the results and updates the GUI. The function “FetchInputs” 
reads values from the four sliders into the four correspond-
ing dynamic variables used in computations: “HorDist” for 
antenna horizontal separation distance, “SigFreq” for signal 
frequency, “TxHeight” for transmit antenna height, and 
“RxHeight” for receive antenna height. Each of these varia-
bles has four associated input mechanisms on the GUI: a 
slider, a numeric input box, a Range dropdown to define the 
parameter’s limits, and a Units dropdown to define its units. 
All of the input elements are monitored for changes. When 
one of them changes (i.e., the user enters a different parame-
ter value, unit, or range), the simulator pulls the values from 
the sliders and then recalculates the output values and up-
dates the display. Table 1 shows the four monitoring func-
tions associated with each dynamic input variables.  
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Figure 6. Program flowchart. 

 
The “startupFcn” function defines the list of values for 

each of the dropdown menus and initializes the values for 
the sliders and the numeric input boxes. If users need to add 
more units, more range options, or frequency options, they 
may add custom options to the lists used to initialize the 
distance, frequency, and range dropdown options. For ex-
ample, if the user wants to add a terahertz option to the fre-
quency dropdown options, they may add “THz” to the 
“frequencyDropDownOptions” list and “1e6” to the 
“frequencyDropDownEqValue” list. All distance units are 
converted to meters and all frequencies are converted to 
MHz in the calculations, so the user must provide conver-
sion factors that convert to meters and MHz. 

Table 1. Monitoring functions for each input variable. 

Finally, there is a function called “createComponents” 
that is run before everything else (confusingly, the first 
functions run are at the end of the “Code View” page). This 
function sets up the user interface figure with the MATLAB 
App Designer, after which the “startupFcn” function is 
called. This function is modification-locked in the “Code 
View.” If the user needs to make changes to this function, it 
must be done under the “Design View” of the App Designer 
program. Some of the components initialized in this func-
tion are overridden in the “startupFcn” function, where the 
latter defines things such as the distance units, frequency 
units, and range option dropdown boxes. 
 

Conclusions 
 

The simulator described in this paper was developed for 
use as a tool in a course that offers RF electronics and phe-
nomena, including RF propagation. It provides quick and 
intuitive estimations of propagation loss for a variety of 
configurations, and is planned for use in the course for the 
first time in fall 2020. Readers who wish to acquire the code 
for their own use may obtain it by contacting the authors. 
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