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Abstract – Improving fuel economy and lowering emissions are key societal goals. 10 

Standard driving cycles, pre-designed by the US Environmental Protection Agency 11 

(EPA), have long been used to estimate vehicle fuel economy in laboratory-controlled 12 

conditions. They have also been used to test and tune different energy management 13 

strategies for hybrid electric vehicles (HEVs). This paper aims to estimate fuel 14 

consumption for a conventional vehicle and a HEV using personalized driving cycles 15 

extracted from real-world data to study the effects of different driving styles and vehicle 16 

types on fuel consumption when compared to the estimates based on standard driving 17 

cycles. To do this, we extracted driving cycles for conventional vehicles and HEVs from 18 

a large-scale U.S. survey that contains real-world GPS-based driving records. Next, the 19 

driving cycles were assigned to one of three categories: volatile, normal, or calm. Then, 20 

the driving cycles were used along with a driver-vehicle simulation that captures driver 21 

decisions (vehicle speed during a trip), powertrain, and vehicle dynamics to estimate fuel 22 

consumption for conventional vehicles and HEVs with power-split powertrain. To further 23 

optimize fuel consumption for HEVs, the Equivalent Consumption Minimization 24 

Strategy (ECMS) is applied. The results show that depending on the driving style and the 25 

driving scenario, conventional vehicle fuel consumption can vary widely compared with 26 

standard EPA driving cycles. Specifically, conventional vehicle fuel consumption was 13% 27 

lower in calm urban driving, but almost 34% higher for volatile highway driving 28 

compared with standard EPA driving cycles. Interestingly, when a driving cycle is 29 

predicted based on the application of case-based reasoning and used to tune the power 30 

distribution in a hybrid electric vehicle, its fuel consumption can be reduced by up to 12% 31 

in urban driving. Implications and limitations of the findings are discussed.  32 

 33 

Keywords: driving cycle, fuel consumption, Hybrid Electric Vehicle (HEV), optimal energy 34 

management, Equivalent Consumption Minimization Strategy (ECMS).  35 

 36 

1. INTRODUCTION 37 

Stronger governmental regulations regarding automotive fuel-efficiency and greenhouse-gas 38 

(GHG) emissions along with environmental concerns are critical factors fostering new challenges 39 

for the automotive industry (Schrank et al., 2015). Reduction of fuel consumption and emissions 40 

is essential in creating the momentum toward Alternative Fuel Vehicles (AFV), which are 41 

broadly defined as any vehicle powered by a fuel different than gasoline or diesel or a vehicle 42 

with an advanced powertrain system that uses more than one fuel type (e.g. hybrid electric 43 

vehicle).  Furthermore, increasing the penetration of electrified vehicles, i.e., battery electric 44 
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vehicles (BEV), hybrid electric vehicles (HEV), etc., in the automotive industry is seeing as a 1 

path with potential to help reaching the CO2 targets by 2020 and beyond. 2 

The current U.S. market offers an increasing variety of AFVs, with about 4 million plus 3 

HEVs on the road (compared with about 250 million vehicles in USA) and 2% to 3% of new 4 

vehicle sales (Cobb, 2016a, 2016b). Providing consumers with more information about AFVs can 5 

help them make informed vehicle purchase and use decisions. Currently, the Environmental 6 

Protection Agency  (EPA) provides the fuel economy ratings that are included on the fuel 7 

economy label for all new cars and light duty trucks (U.S. Environmental Protection Agency, 8 

2016a). The EPA has designed different driving cycles for fuel economy and emissions testing, 9 

such as the Federal Test Procedure (FTP), Highway Fuel Economy Driving Schedule (HWFET), 10 

Supplemental Federal Test Procedure (SFTP), US06, SC03 and C-FTP, to represent different 11 

driving scenarios (Berry, 2010; Davis et al., 2009; U.S. Environmental Proteccion Agency, 2017). 12 

While this method has been widely used and appears to be useful to obtain a “fair comparison” of 13 

the performance across different vehicle types, it has limited usefulness in real-life situations 14 

when AFVs are involved.  AFV owners/users tend to enhance their driving behavior, driving in a 15 

more eco-friendly way to obtain even better fuel economy (Toyota, 2014; U.S. Environmental 16 

Protection Agency, 2006), i.e., they tend to have a less volatile driving style than those of 17 

conventional engine-powered vehicles (Lin and Greene, 2011).  Higher volatility implies higher 18 

variations in acceleration as well as higher acceleration values which lead to higher power request 19 

to the vehicle powertrain to satisfy the driver demand. Thus, even for similar driving conditions, 20 

different driving styles may have significantly different fuel consumption, and this implies that 21 

the driving cycle choice influences the subsequent comparison in terms of fuel consumption. 22 

Having realistic fuel economy improvements is key to providing more accurate estimates of an 23 

individual fuel consumption and to support the market penetration of AFVs.   24 

This study seeks to answer the following questions:  25 

1) How much will fuel consumption vary with real-world driving cycles for conventional 26 

vehicles vis-a-vis HEVs, compared with standard driving cycles?  27 

2) What is the potential improvement in HEV performance when predicted driving cycles are 28 

used to optimize fuel consumption? 29 

To answer these questions, our methodology is divided into two parts. First, we extract 30 

illustrative cycles of HEV and conventional vehicles from real-world data and categorize them 31 

into one of three driving styles: normal, calm, and volatile for urban and highway driving. Second, 32 

we develop a driver-vehicle simulation to estimate the fuel consumption of HEVs and 33 

conventional vehicles for the three driving styles (normal, calm and volatile). Furthermore, urban 34 

and highway driving scenarios were considered. The customized fuel consumption estimations 35 

based on simulation results, are compared with the results obtained for standard driving cycles. 36 

Additionally, we analyzed the extent of fuel consumption reduction if an HEV optimal energy 37 

management strategy is followed. 38 

In this paper personalized fuel consumption means providing individual drivers with tailored 39 

information, based on their own characteristics and their driving style preferences. Also, “volatile 40 

driving” refers to a driving profile or cycle that contains substantial variability of speeds and 41 

accelerations, and the term – “volatility” to characterize a driving profile’s variability of speed 42 

and acceleration. Note that volatile driving is partially due to the aggressive or reckless driving 43 

styles; and it is also related to many other factors, such as the road and traffic conditions (e.g., 44 

traffic congestion). Therefore, large variability in driving speed and acceleration may not fully 45 

represent how aggressive a driver is when operating a vehicle. 46 
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2. LITERATURE REVIEW 1 

To provide information of vehicle fuel economy to consumers or regulate the fuel 2 

consumption and emissions of automobile manufacturing, a set of standard driving cycles have 3 

been introduced and pre-designed as key inputs for simulating how a vehicle is driven in various 4 

contexts. These driving cycles are used for conventional vehicles and for AFVs including HEVs, 5 

Battery Electric Vehicles (BEVs) and plug-in hybrid electric vehicles (PHEVs). Markel et al. 6 

used Urban Dynamometer Driving Schedule (UDDS) designed to represent the urban driving 7 

conditions, and HWFET simulating driving trajectories in free flow conditions on highways to 8 

estimate the fuel use of  three vehicle types including a conventional gasoline vehicle, an HEV 9 

and a PHEV (Markel and Simpson, 2006). Using these two cycles, they found that, relative to 10 

conventional gasoline vehicles, HEVs and PHEVs are able to help users save some of the cost of 11 

traveling. Delucchi et al. looked into the Federal Urban Drive Schedule (FUDS) that integrates 12 

EPA driving cycles, to compare the energy efficiency of conventional vehicles and BEVs. The 13 

results showed that BEVs have greater energy efficiency (Delucchi and Lipman, 2001). Fontaras 14 

and Samaras conducted vehicle fuel economy estimations using the New European Driving Cycle 15 

which consists of four repeated urban driving cycles (UDC) and one Extra-Urban driving cycle 16 

(EUDC) (Fontaras and Samaras, 2007). Their results implied substantial fuel savings and 17 

emissions reduction of HEVs relative to conventional vehicles. These standard driving cycles are 18 

greatly useful in some regards, e.g., regulating the automobile manufacturing technologies. The 19 

fuel consumption and emission estimates based on standard driving cycles in a well-controlled 20 

laboratory condition are comparable across manufacturers, vehicle types, fuel types and model 21 

years. However, in regard to getting accurate fuel consumption and emission information, or 22 

improving fuel economy, real-world driving cycles will be more useful, as they can largely 23 

represent how a vehicle is likely to be driven in real-world road networks. Further, different 24 

drivers under different conditions behave discrepantly. As noted in all new vehicles’ window 25 

stickers, actual fuel economy results vary for many reasons including driving conditions and the 26 

driver behaviors (Markel and Simpson, 2006). With modern information technologies, increasing 27 

amount of driving records are being collected and analyzed to explore real-world patterns of 28 

driving (Liu and Khattak, 2016; Wang et al., 2014).  29 

 Lin et al. developed driving cycles for different level-of-service using Los Angeles’ local 30 

driving data (Lin and Niemeier, 2003, 2002). Hung et al. produced representative Hong Kong 31 

driving cycles by accessing parameters (e.g., speed and accelerations) in various driving cycles 32 

representing  Hong Kong’s driving conditions (Hung et al., 2007). André et al. proposed a set of 33 

driving cycles for European cities by collecting driving data in France, the UK, Germany and 34 

Greece (André et al., 2006). Liu et al. took advantage of large-scale driving data collected in 35 

California through GPS devices during regional travel surveys, to develop driving cycles that can 36 

be personalized for specific driver groups, or vehicle types, or even driving styles e.g., calm or 37 

volatile (Liu et al., 2016). Such personalized driving cycles allow estimations of vehicle fuel 38 

economy and emissions given all possible combinations of relevant factors. Furthermore, it has 39 

been shown that there are significant differences between driving cycles for conventional vehicles 40 

and HEVs because of the different dynamics playing a role in each vehicle type. 41 

Increasing concerns about dependence on fossil fuels may have encouraged the gradual 42 

adoption of HEVs (Cobb, 2016a, 2016b) given the advances of HEV technologies. Depending on 43 

the powertrain configuration, an HEV combines an internal combustion engine (ICE), one or 44 

more electric motors (EM) and one or more electric storage systems (commonly batteries) 45 

(Guzzella and Sciarretta, 2013). The ICE efficiency commonly ranges from 14% to 38%, while 46 

the EM efficiency can vary from 75% to 90% (Onori et al., 2016a; Sciarretta and Guzzella, 2007; 47 

U.S. Environmental Protection Agency, 2015). This higher efficiency of the EM compared with 48 

ICE, benefits the vehicle’s efficiency and reduces emissions. In addition, EM can assist the 49 
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engine during the starting periods and regenerate a portion of the brake energy increasing the 1 

overall vehicle efficiency. Given that more components are part of the vehicle powertrain, an 2 

energy control strategy is required to decide how to combine the energy sources to satisfy the 3 

vehicle energy demand. This decision can be made by implementing an energy management 4 

strategy based on optimal control theory to minimize the fuel consumption and satisfy the driver’s 5 

power demand and the constraints of the vehicle system. Several control strategies have been 6 

proposed in the past and they can be broadly classified into rule-based and optimization-based 7 

strategies (Malikopoulos, 2014). The rule-based control is achieved by defining a set of heuristic 8 

rules according to the driving conditions (Balazs et al., 2012; Salisa et al., 2011) but they do not 9 

guarantee optimality and strongly depend on the powertrain configuration. The optimization-10 

based strategies can be sub-divided into global optimization and local optimization 11 

(Malikopoulos, 2014). The global optimization requires accurate knowledge of the future driving 12 

profile and aims to reduce the overall fuel consumption along the trip. Dynamic Programming 13 

(DP) is commonly used to solve the global optimization problem (Lin et al., 2004; Ngo et al., 14 

2010). Although the results guarantee optimality, it is a computationally heavy technique, a 15 

drawback limiting its capability for real-time implementation. It is also possible to find a 16 

suboptimal solution by converting the global optimization problem into a local one. For this case, 17 

in addition to the chemical energy of the fuel, the electrical energy utilized is included into the 18 

cost function to guarantee a near to optimal solution. Two main approaches can be identified: the 19 

Pontryagin’s minimum principle (Kim et al., 2011; Serrao et al., 2011; Stockar et al., 2011)  and 20 

the ECMS (Onori et al., 2010; Rios and Pisu, 2012; Serrao et al., 2009), and both require accurate 21 

knowledge of the future driving profile to guarantee improvement of the vehicle fuel 22 

consumption. Using inaccurate predictions can increase the fuel consumption. 23 

In this study, we propose a framework to obtain more realistic estimates of fuel consumption 24 

for conventional vehicles and HEVs. We also propose a combination of HEV driving cycle 25 

prediction and detailed vehicle-specific fuel consumption model to optimize fuel/energy 26 

consumption and explore the potential benefits of having personalized driving cycle prediction 27 

for HEVs. 28 

 29 

3. METHODOLOGY 30 

The pathway for developing personal driving cycles and estimating vehicle fuel use over 31 

those driving cycles for light-duty conventional and HEVs is shown in Figure 1.  32 

Real-world driving cycles for HEV and conventional vehicles are extracted from a behavioral 33 

survey with GPS data on trips undertaken by individuals. These cycles are then further 34 

categorized as calm, normal and volatile driving on urban roads and highways and used to obtain 35 

personalized estimates of fuel consumption for a conventional vehicle and a HEV. We used a 36 

generalized driver-vehicle simulation model capturing driver decisions, powertrain, and vehicle 37 

dynamics to estimate the fuel consumption for each case. Next, the study develops an innovative 38 

optimum personalized fuel consumption estimate for drivers of HEVs based on: 1) prediction of 39 

personal driving cycles, where we identify to which user group an individual who wants a 40 

personal fuel consumption estimate belongs, according to his or her socio-demographic 41 

characteristics and, 2) estimation of the potential fuel use reduction when an energy management 42 

strategy based on optimization is implemented in the vehicle. The optimized power distribution 43 

strategy used for this study is the ECMS. The optimum personal fuel consumption provides an 44 

estimate of how much fuel consumption can be reduced, if we are able to accurately predict 45 

individual driving cycles. The components of this framework are explained in more detail below.  46 

 47 
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 1 

Figure 1. Methodological Framework of Current Study. 2 

3.1. Personalized Drive Cycle Prediction 3 

A key motivation for personalizing driving cycles is that driving profiles, which can be used 4 

to estimate/simulate the fuel consumption, are related to various factors including driver 5 

behaviors, vehicle attributes, and driving contexts. The study by Liu et al. (Liu et al., 2016) did 6 

not show the results about fuel economy, but compared the driving profiles of AFVs and 7 

conventional vehicles. The results showed significant differences between AFVs and 8 

conventional vehicle users.  For example, BEVs have a statistically lower total average speed and 9 

driving average speed compared with HEVs and conventional vehicles. BEV trips show higher 10 

average acceleration compared with HEVs, but lower than conventional vehicles. BEV drivers 11 

spend similar times on idling compared with HEVs and conventional vehicles but spend more 12 

time on stable driving. 13 

The real-world driving cycles were also compared with the existing driving cycles, and none 14 

of them can adequately represent real-world BEV and HEV driving characteristics well. The 15 

detailed data for these comparisons are available in Table 3 from Liu et al. (2016). The goal of 16 

personalizing driving cycles is to provide several driving cycles that can represent the cycles 17 

within certain group of drivers, vehicle types, or even driving contexts. The driving cycle 18 

prediction is done through case-based reasoning that uses a large-scale database of real-world 19 

driving data coupled with the information of drivers, vehicles and environments (Liu et al., 2016). 20 

In this approach, micro-trips are clustered and joined to create the driving cycles and use them as 21 

input for vehicle fuel consumption estimation for individuals. This way, it is possible to identify 22 

to which user group an individual who wants a personal fuel consumption estimate belongs to, 23 

according to his or her social characteristics and driving patterns that are already available, and to 24 

provide more precise information regarding their fuel consumption. 25 

The real-world driving cycles were extracted from  large-scale driving records in 2012-2013 26 

California Household Travel Survey (CHTS) (Caltrans, 2013). This regional survey is very 27 
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comprehensive and provides details on many factors of interest. Unfortunately, some critical 1 

information from the survey is not known due to privacy concerns, e.g., the geo-codes for the 2 

trips are not available. Missing geographically referenced information for trips prevents us from 3 

extracting some of the contextual factors, e.g., whether the roadway used on a particular trip is a 4 

major arterial, a collector or a local road. Although this is a limitation, driving performance is a 5 

function of both, the driving environment and the driving style and hence, it can partially reflect 6 

the information from geo-data. The driving data was collected by in-vehicle Global Positioning 7 

System (GPS) as well as On-Board Diagnostic (OBD) sensors in 58 counties across the State of 8 

California. Data coupled with information for drivers, households and trips. There are 54 million 9 

seconds of speed trajectories from 65,652 trips made by 2,908 vehicles. Vehicle types surveyed 10 

include conventional vehicles (n=2,253) consuming gasoline, HEVs (n=364), BEVs (n=109), 11 

diesel vehicles (n=110) and a small number of vehicles consuming other alternative fuel types, 12 

such as natural gas and biofuels. Summary statistics about the survey data are available in 13 

previous studies.  (Liu et al., 2017, 2015). 14 

All trips (defined as an individual’s move from an origin to a destination) were separated into 15 

236,403 micro trips (defined as continuous driving between two stops or idling states). Each 16 

micro-trip represents a continuous driving activity, showing more homogeneous driving 17 

characteristics than an entire vehicular trip. Micro-trips are regarded as cases of the base elements 18 

of a driving cycle. A trip often goes through various driving roadways (e.g., a local road segment 19 

to a freeway section); thus, different types of micro-trips can be chained sequentially to build a 20 

complete driving cycle. The chaining processing involves micro-trip clustering to construct a 21 

micro-trip database that stores micro-trips in categories. Five categories were identified and 22 

characterized by Liu et al.: from low speed driving (with great and frequent 23 

accelerations/decelerations) in local or urban roads to high speed driving (with few 24 

accelerations/decelerations) on major arterials including freeways (Liu et al., 2016). The creation 25 

of micro-trip categories allows driving conditions inputted from users who want to build a 26 

personalized driving cycle mimicking various driving conditions in a trip.   27 

To generate  personalized driving cycles based on user inputs such as demographics, 28 

commute trip information, vehicle fuel type and model year, a computer-aided machine learning 29 

tool, called  Case Based System for Driving Cycle Design (CBDCD) was developed by Liu et al. 30 

as shown in Figure 2 (Liu et al., 2016). Key procedures include:  31 

1) Establishing a micro-trip library through clustering;  32 

2) Receiving user inputs;  33 

3) Searching for micro-trips that match the user inputs;  34 

4) Chaining micro-trips according to the user inputs about the sequence of driving 35 

conditions;  36 

5) Ranking candidate driving cycles by similarity scores that are calculated based on the 37 

sum of relative error between the parameters (e.g., speeds and accelerations) of the 38 

candidate cycles and mean values of these parameters of all candidate cycles.  39 

6) Providing the most illustrative cycle (largest similarity score) as the personalized driving 40 

cycle. The cycle contains second-by-second trajectory data that can be used for fuel 41 

consumption and emissions estimation.  42 

For the present study, a set of driving cycles were generated using CBDCD tool, with the user 43 

inputs of vehicle fuel types, driving contexts and the driving style. All other information was set 44 

to be the same for all driving cycles according to the majority of surveyed drivers/vehicle/motor 45 

trips, such as driver age (45-50 years), gender (male), vehicle body type (4-door sedan), and trip 46 

durations (15 ~ 20 minutes). It is important to note that the driving style is characterized by the 47 

driving volatility scores, defined as the percentage of driving seconds with extremely large 48 

vehicular jerk values over the duration of one entire trip (Wang et al., 2014). Larger values imply 49 
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greater variability of instantaneous driving decisions. The driving volatility score can be 1 

calculated as:  2 

 
  "Vehicular Jerk"    

  %  100
    

Seconds of Threshold
Volatility Score

Seconds of EntireTrip

>
= ´   (1) 3 

Where, threshold = µ (mean) +/-  σ (standard deviation) of vehicular jerk values within a 4 

speed range k. 5 

2 3

2 3
 ,  

d d d
Vehicular Jerk j

dt dt dt
= = =
a v r

  (2) 6 

Where the vehicular jerk, j ,  is the first derivative of acceleration (a) with respect to time, 7 

the second derivative of speed (v) and the third derivative of distance (r). Driving volatility is a 8 

relatively new concept, and equation (1) explains how it can be calculated from a driving profile, 9 

defined as the percentage of driving seconds with extremely large vehicular jerk values over the 10 

duration of one entire trip. More details about the driving volatility score calculation are available 11 

in previous papers (Liu et al., 2016; Wang et al., 2014). Volatile driving is partially due to the 12 

aggressive or reckless driving styles; and it is also related to other factors, such as the road and 13 

traffic conditions (e.g., level of incident induced congestion). Therefore, greater variability of 14 

driving speed and acceleration may not fully represent how aggressively a driver is when 15 

operating a vehicle, e.g., he or she may be in a situation that requires hard braking or acceleration. 16 

In this paper, volatile driving refers to a driving profile or cycle that contains substantial 17 

variability of speeds and accelerations, and the term – volatility is used to characterize variability 18 

of speed and acceleration in a driving cycle. 19 

 20 

Figure 2. Case Based System for Driving Cycle Design by Liu et al. 2016. 21 

This study considers three driving styles: calm, normal and volatile. To choose the cycles, 22 

this study scored the volatility of all driving cycles (n=65,652) in the database, according to 23 

Equation (1). Ranges defined at other percentiles can also be explored. The mean volatility score 24 
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for all collected driving cycles  is 5.0, and the median score is 3.9. There are 5% of driving cycles 1 

with a score less than 0.6, and 5% of driving cycles with a score above 13.0, the remaining 90% 2 

of driving cycles have arrange between 0.6 and 13.0. Therefore, the volatility score ranges for 3 

calm, normal and volatile driving are 0 ~ 0.6, 0.6 ~ 13, and 13 ~ 100, respectively. Given the 4 

distributions of all available scores, the driving cycles whose score is at 5%, 50%, and 95% 5 

percentile is chosen as the calm, normal, and volatile driving cycle respectively. Driving cycles 6 

with a score that are smaller than 5% or greater than 95% are seem to be extreme cases, and can 7 

hardly represent the majority of the driving scenarios. 8 

This study generated 12 driving cycles by inputting information of vehicle fuel type (hybrid 9 

and conventional gasoline), driving style (5
th
, 50

th
, and 95

th
 percentile of all scores), and driving 10 

scenarios (urban and highway driving).  The resulting cycles are discussed later in the paper.   11 

 12 

3.2. Personalized Fuel Consumption Estimation 13 

Given a particular driving cycle, the fuel consumption of a vehicle can be estimated 1) 14 

through tests in a chassis dynamometer (Andre, 2004; Delucchi and Lipman, 2001; Fontaras et al., 15 

2008; Lave and MacLean, 2002; Markel and Simpson, 2006) and 2) by using vehicle 16 

simulation/fuel consumption models (Frey et al., 2007; Kamal et al., 2011; Skog and Handel, 17 

2014; Song et al., 2013; Wang et al., 2008; Wipke et al., 1999; Zhai et al., 2008). In this work we 18 

use personalized driving cycles along with the fuel consumption model proposed by Kamal et al. 19 

(Kamal et al., 2011) to estimate the fuel consumption of a conventional engine powered light duty 20 

vehicle as well as a simulation model for a light duty HEV to estimate its equivalent fuel 21 

consumption.  22 

3.2.1. Conventional engine-powered vehicle 23 

The fuel consumption in a conventional vehicle is a function of several factors, i.e., engine 24 

speed, torque, efficiency, temperature, gear efficiency, fuel type. Therefore, an exact derivation of 25 

the fuel consumption equation could be very complex. However, simplified engine models can 26 

approximate the real engine performance with significant precision and reduce the complexity of 27 

the vehicle’s fuel consumption equation (Guzzella, 2009).  28 

The fuel consumption model proposed and validated by Kamal (Kamal et al., 2011, 2013), 29 

takes advantage of the relation between the fuel consumption and engine speed and torque, to 30 

derive a polynomial model to estimate the vehicle’s fuel consumption as a function of the driving 31 

cycle and the acceleration. As illustrated in Figure 3, the fuel consumption, torque and speed 32 

relation is often represented through static engine maps obtained from experimental engine data 33 

(U.S. Environmental Protection Agency, 2016b). These maps do not account for the engine 34 

transient operations but they can represent the fuel consumption with an acceptable accuracy 35 

(>95%) and are commonly used in energy management simulators (Onori et al., 2016b).  36 

To obtain the polynomial model, Kamal et al., obtained the fuel consumption data for 37 

different combinations of speed and acceleration values and performed a curve-fitting to match 38 

the known fuel consumption for a particular vehicle. The equivalent mass for the utilized vehicle 39 

is 1,200vM =  kg, the drag coefficient is 0.32DC = , the air density is 1.184aρ =  km/m
3
, the frontal 40 

area is 2.5fA =  m
2
 and the rolling resistance coefficient is 0.015µ = . For this vehicle, the 41 

polynomial model yields the vehicle fuel consumption in /ml s  as a function of the speed, v  and 42 

the acceleration, u : 43 

 ( , ) ( ) ( , ),v cruise accelf v u f v f v u= +& & &   (3) 44 

 
2 3

0 1 2 3( ) ( ) ( ) ( )cruisef v w w v t w v t w v t= + ⋅ + ⋅ + ⋅&   (4) 45 
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2

0 1 2( , ) ( ) ( ( ) (t))accelf v u u t r r v t r v= ⋅ + ⋅ + ⋅&   (5) 1 

Where ( )cruisef v&  estimates the fuel consumed when the vehicle is traveling at a constant speed, 2 

( , )accelf v u&  is the additional fuel consumption when the vehicle accelerates and t  is the time. The 3 

model assumes that the vehicle fuel consumption when the driver is braking, i.e., when ( ) 0u t < , is 4 

zero. The polynomial coefficients used in this study correspond to those reported by Kamal et al.:  5 

, , , , , , 6 

and .   7 

 8 

Figure 3. Example of an engine fuel consumption map for a diesel engine. 9 

According to the validation results provided by Kamal et al., the fuel consumption of the 10 

vehicle for the 10-15 driving cycle was 17.16 km/l while the known fuel consumption rate of the 11 

vehicle was 17.2 km/l. Figure 4 shows the fuel consumption for different speed and acceleration 12 

values and the approximation curves generated by the polynomial model. Additional details of the 13 

polynomial model generation and its validation can be found in (Kamal et al., 2011).  14 

 15 

Figure 4. Vehicle fuel consumption for different speed and acceleration values and 16 

approximation curves generated by using the polynomial model (source: (Kamal et al, 2011)) 17 

A limitation of this study is that real-world fuel economy may differ from the modeled fuel 18 

consumption. Notably, the on-average, the bias in field tested and dynamometer tested fuel 19 

economy was found to be negligible (Greene et al. 2017). 20 

 21 

  
w
0

= 0.1569
  
w
1

= 2.45×10−2

  
w
2

= −7.415×10−4

  
w
3
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r
0
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r
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r
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3.2.2. Hybrid Electric Vehicle 1 

HEVs differ from conventional engine-powered vehicles in that they contain at least two 2 

different energy sources, commonly a gasoline/diesel engine and an electrical energy 3 

source/storage (battery). In general, there are three types of HEVs: parallel, series and combined 4 

HEV (also known as series-parallel or power-split HEV) (Guzzella and Sciarretta, 2013). In a 5 

parallel HEV, the engine and the electric motor are mechanically coupled which allows their 6 

combined or isolated operation, i.e., they can operate in parallel to supply the requested power 7 

(allowing to choose different power flows and distribution ratios for increased operation 8 

efficiency), or it can be provided either by the engine alone or by the electric motor alone, 9 

depending on their own power limitations. In a series HEV, the engine is connected in series with 10 

the electric motor, in such a way that it can only indirectly output power to the wheels by 11 

charging the battery. In this study we used a combined HEV, which despite having a more 12 

complex configuration, allows the vehicle to operate either in series or parallel making it possible 13 

to achieve higher operational efficiencies when a proper energy management strategy is 14 

implemented. 15 

As opposed to Plug-in Hybrid Vehicles (PHEVs) that can be plugged in to the electric grid to 16 

recharge the battery, a conventional HEV do not allow external charging of the battery, i.e., the 17 

battery serves as an energy storage device that allows recovery of vehicle kinetic energy through 18 

regeneration or assist the main vehicle power source to satisfy the driver power demand ( Onori et 19 

al., 2016b). This battery mode of operation is known as the charge sustaining mode as it is used to 20 

maintain the battery state of charge (SOC) over each trip and is the principle of operation of the 21 

conventional hybrid vehicles (Böhme and Frank, 2017).  In this mode, the battery state of charge 22 

is allowed to fluctuate around a reference value without exceeding two previously established 23 

SOC limits. The main idea is to allow the battery to provide “extra” energy when needed or 24 

storage some energy when the energy management strategy finds more efficient to do so.  When 25 

the battery assists the engine to power the vehicle, this “extra” electrical energy provided should 26 

be later replenished either by operating the engine at higher efficiency points (powered by 27 

chemical fuel) or by means of regeneration (Jong-Seob Won et al., 2005; Paganelli, 2001; Zhang 28 

et al., 2016).  29 

The HEV model used for this study was implemented using a forward-looking approach and 30 

contains three main blocks, i.e., 1) driver model, 2) powertrain and 3) vehicle dynamics (Figure 31 

5).   In a forward model the driver commands are taken as inputs and the vehicle performance is 32 

generated as output by simulating the physical model of each component (Onori et al., 2016a). In 33 

general, the computed torque and force for each powertrain component inside the powertrain 34 

block, i.e., engine and electric motor, flows from the power generators to the vehicle dynamics 35 

block to compute the vehicle speed. The latter is used as a feedback signal to the driver model 36 

block.  37 

 38 

Figure 5. Driver-Vehicle Simulation Model. 39 

The driver model block describes the driver behavior through implementation of a PID 40 

(proportional–integral–derivative) controller that calculates the appropriate accelerator and brake 41 
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pedal positions for a particular driving cycle. The PID controller calculates and uses the error 1 

between the desired speed described by the driving cycle given as input and the actual output 2 

speed from the vehicle dynamics block to compute the outputs of the block, i.e., the accelerator 3 

and pedal position values that minimize the error.  4 

The powertrain model uses the output from the driver model, i.e., accelerator ( )tα  and brake 5 

( )tβ pedal positions, to compute the power required ( reqP ) to minimize the error between the 6 

desired and actual speed as indicated below: 7 

 

( )( ) ( )( ), , ,

0 ( ) 1

1 (t) 0

( ) eng max el max brak aeq e m xr t P P tP t P

t

α β

α

β

+ +

<

− <

=

<

<

  (6) 8 

Where ,maxbrakeP  is the maximum braking power, ,eng maxP  is the maximum engine power and 9 

,el maxP  is the maximum power of the electric motor.  10 

The power request ( )reqP t  is given as input to a power distribution optimization module to 11 

decide the optimal contribution of the power generators in the vehicle, i.e., the engine and EM. 12 

The power distribution used for this study is based on the ECMS, a local minimization strategy 13 

that accounts for the engine fuel consumption as well as an equivalent fuel consumption related to 14 

the electrical energy used/recharged in the system. 15 

3.2.3. Energy management Strategy 16 

The energy management strategy (EMS) for an HEV aims at determining the power 17 

distribution between the engine (eng ) and the electrical machine (em ) while minimizing the 18 

fuel consumption and satisfying the driver’s power demand. Several EMS have been proposed in 19 

the past and, they can be broadly classified into: rule-based and optimization-based strategies 20 

(Malikopoulos, 2014; Sciarretta and Guzzella, 2007) . The rule-based strategies consist of  a set 21 

of heuristic rules that are designed according to the driving conditions and a-priori knowledge of 22 

the vehicle performance (Balazs et al., 2012; Salisa et al., 2011). This type of EMS can be 23 

implemented in real-time and are commonly used in the conventional HEVs (Jinming Liu and 24 

Huei Peng, 2008; Yamaguchi, 1999). The optimization-based strategies can be sub-divided into 25 

global optimization and local optimization strategies (Malikopoulos, 2014; Salmasi, 2007; 26 

Sciarretta and Guzzella, 2007) .  27 

The global optimization is a non-causal approach, i.e., it requires accurate knowledge of the 28 

future driving profile. The optimization problem aims at minimizing the fuel mass flow rate along 29 

the entire trip and it can be mathematically formulated as the minimization of the engine fuel 30 

consumption, 
f

m&  in (7), (8) (Onori et al., 2016a). 31 

 
0

( )
ft

global f
t

J m t dt= ∫ &   (7) 32 

 { } { }* *, argmineng em globalP P J=   (8) 33 

  Where 
global
J  is the cost function from the initial time 

0
t  to the final time

f
t , 

f
m& [ /g s ] is 34 

the fuel mass flow rate consumed and * *,eng emP P  are the optimal engine and electric machine power 35 

respectively. The optimization problem described in references (7) & (8), is subject to different 36 

constraints related to the limitations of the powertrain components, the battery capacity and 37 
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respective SOC limits. One common approach to solve this global optimization problem is 1 

Dynamic Programming (DP), but its computational load is very high and this becomes a major 2 

drawback limiting its potential for real-time implementation. To overcome the computational load 3 

problem, the global optimization problem can be translated into a local (instantaneous) 4 

optimization problem aimed at minimizing the instantaneous equivalent fuel mass flow rate. In 5 

this case, the battery charging and discharging processes are associated to an equivalent fuel 6 

consumption, i.e., if the battery is charged (gains energy) there is a fuel saving or gain and, if the 7 

battery is discharged (losses energy) there is additional fuel consumption.  8 

The ECMS is based on this local optimization approach and it assumes that a present use of 9 

the battery energy corresponds to a future fuel consumption that will be required to recharge it so 10 

that the battery charge is sustained i.e., any energy used from the battery has to be recovered at 11 

some time (ideally during the current trip). For the case of a HEV there are two means to recharge 12 

the used battery energy: by regenerative braking or by operating the engine at a higher power than 13 

what is requested by the driver, i.e., satisfying the driver demand and using the excess power to 14 

recharge the battery. Similarly, any energy gain that results from recharging the battery either by 15 

regeneration or direct use of the engine is considered a fuel saving as that energy will be available 16 

to replace the fuel in the future. This commonly happens when the control strategy finds it more 17 

efficient to use the electrical energy stored in the battery instead of the chemical fuel to power the 18 

engine. Note that a charge sustaining HEV will allow the battery State of Charge (SOC) to 19 

fluctuate around a reference SOC value and some previously established upper and lower bounds. 20 

In the ECMS the optimization problem can be formulated as the minimization of the equivalent 21 

fuel consumption, 
,f eq

m&  in (9), (10) (Guzzella and Sciarretta, 2013; Onori et al., 2016a) . 22 

 
,
( )

local f eq
J m t= &   (9) 23 

 { } { }* *, argmineng em localP P J=   (10) 24 

  Where  
local
J  is the cost function and 

,f eq
m&  is the equivalent fuel consumption [ /g s ] that, 25 

for the ECMS case, is computed according to equation (11). 26 

 , , ,( ) ( ) ( )f eq f f eq emm t m t m t= +& & &   (11) 27 

 Where 
f

m& [ /g s ] is the engine fuel mass flow rate and , ,f eq emm&  is the fuel mass flow rate 28 

equivalent to the electric motor power. This equivalent fuel mass flow rate is computed by 29 

converting the electric motor power into an equivalent fuel consumption [ /g s ] as described in 30 

equation (12).   31 

 
, ,

batt

f eq batt

lhv

P
m s

Q
= ⋅&   (12) 32 

Where s  is the equivalence factor, battP [ /kJ s ] is the battery power and lhvQ  [ /kJ kg ] is 33 

the fuel lower heating value, a parameter that allows the conversion of power into an equivalent 34 

fuel consumption value.   35 

The equivalence factor s  is an optimization parameter that depends on the average 36 

powertrain efficiency over the entire trip and its optimal value will change for different driving 37 

profiles, meaning that an s  value that assures a close to optimal use of the battery energy for a 38 

particular driving cycle, can lead to poor use of the battery in others –and poor fuel economy, i.e., 39 

increased fuel consumption, as a consequence (Rios and Pisu, 2012). Notably, while the optimal 40 

power distribution is formulated as a local problem and could be solved in real time, the tuning of 41 
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the s coefficient is actually considered a global optimization problem because it depends on the 1 

entire speed profile, thus the tuning is commonly performed offline (Rios and Pisu, 2012). For 2 

models similar to the one we used in this study, s  commonly ranges between 2 and 3 (Liu and 3 

Peng, 2008). In this study, “ s ” is tuned offline for each predicted driving profile and the 4 

optimization problem is solved to find the optimal power distribution between the engine and the 5 

electric motor. Additional details regarding the tuning of the equivalence coefficient can be found 6 

in (Rios and Pisu, 2012). 7 

The computed optimal power required from each component is fed as input to each of the 8 

energy generators models to obtain their “actual” simulated output speed and torque. With these 9 

outputs, the “actual” tractive force is computed and used to calculate the actual vehicle speed that 10 

will close the loop in the simulator. The equivalent fuel consumption eqfc , in [g/s] in this model 11 

is computed by adding the engine fuel consumption engfc , (a function of the engine speed and 12 

torque) and the battery equivalent fuel consumption ,eq batfc  (which is a function of the battery 13 

power) at the end of the trip (13).  14 

 ,( , ) ( ),eq eng eng eng eq bat batfc fc T fc Pω= +  (13) 15 

Where engw , engT , batP  are the engine speed, engine torque and the battery power 16 

respectively. 17 

 18 

4. RESULTS  19 

To analyze how the fuel consumption changes for personalized driving cycles when 20 

compared to the standard driving cycles, a total of 12 driving cycles were generated and were 21 

used as inputs to the fuel consumption models presented in the previous sections. The 22 

personalized driving cycles represent six drivers of conventional vehicles (Figure 6) and six 23 

drivers of hybrid electric vehicles (Figure 7) with different driving styles traveling either on an 24 

urban road or on a highway. The calm and volatile driving are categorized based on cycle-based 25 

volatility score, the ranges that were chosen for calm, normal and volatile driving are 0~0.6%, 26 

0.6%~13%, and 13% ~ 100%, respectively.  27 

Note that these cycles are used as examples in this paper to demonstrate the method for 28 

estimating fuel consumption based on personalized driving cycles, and they are not necessarily 29 

representative of driving cycles in the survey region.  30 

The baseline fuel consumption in each of the two scenarios, i.e., urban road and highway, 31 

was obtained by using two of the standard driving cycles proposed by EPA (Figure 8) as inputs 32 

into the models: 1) the Federal Urban Driving Schedule (FUDS) and, 2) the Federal Highway 33 

Driving Schedule (FHDS).   34 

The summary attributes for all the driving cycles are included in Table 1. While distances and 35 

average speeds can vary widely for each
1
 driving cycle, it is the average acceleration that will 36 

define the driving style category of the driving profile. In all the cases reported in Table 1, calm 37 

driving style will have the lowest average acceleration for its particular group (Urban or 38 

Highway). This is of course associated to the methodology used to generate driving profiles, i.e., 39 

                                                      

1 In this paper the term personalized means providing individual drivers with tailored information, based on their 

own characteristics and their driving style preferences. 
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using case-based reasoning, real-world driving profiles and particularly, volatility scores, to 1 

obtain realistic driving profiles. 2 

 3 

Figure 6. Realistic driving profile cycles representing three different driving styles in two 4 

scenarios, i.e., urban and highway for a conventional light duty vehicle. 5 

 6 

Figure 7. Realistic driving profile cycles representing three different driving styles in two 7 

scenarios, i.e., urban and highway for a hybrid electric vehicle. 8 

The distances for the cycles are different because the cycles were selected from a group of 9 

cycles with similar backgrounds (e.g., driver age, gender, vehicle type); the distance of selected 10 

cycles is the mean distance of trip cycles in this group. Volatile urban driving trips are slightly 11 

longer than normal or calm cycles partly because the volatility score is time-based. More time is 12 

spent on stopping or idling for normal and calm cycles defined in this study. For stopping or 13 

idling moments, the vehicular jerk is zero, resulting in a less volatile driving profile. Note that the 14 
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volatility does not only refer to the driver’s aggressiveness of vehicle operation, but also relates to 1 

the driving conditions. 2 

Table 1. Summary attributes for EPA driving cycles and customized driving cycles 3 

Vehicle type Driving Cycle 
Distance 

[km] 

Av. Speed 

[mph] 

Max Speed 

[mph] 

Max Accel 

[m/s2] 

Max Decel 

[m/s2] 

- Standard 
FUDS 12.12 19.7 56.7 3.3 -3.3 

FHDS 16.50 47.9 59.8 3.3 -3.3 

Conventional 

Vehicle 

Urban 

Normal 7.99 20.6 45.2 5.6 -3.9 

Calm 8.27 20.7 41.7 3.9 -3.3 

Volatile 11.00 26.9 57.0 6.5 -4.8 

Highway 

Normal 21.26 56.3 78.4 5.6 -4.5 

Calm 18.67 46.4 69.5 3.3 -3.3 

Volatile 19.52 48.1 76.4 6.0 -3.9 

Hybrid 

Electric 

Vehicle 

Urban 

Normal 9.90 27.3 46.6 5.2 -4.6 

Calm 7.03 20.0 39.0 5.2 -3.8 

Volatile 11.04 25.7 56.2 6.3 -5.1 

Highway 

Normal 16.27 41.4 67.3 5.1 -4.2 

Calm 19.23 48.2 69.7 5.2 -4.0 

Volatile 17.17 45.5 80.0 5.4 -5.0 

 4 

 5 

Figure 8. Standard driving cycles (a) Federal Urban Driving Schedule, (b) Federal Highway 6 

Driving Schedule 7 

4.1. Personal Fuel consumption results for conventional vehicles and non-optimized 8 

HEVs 9 

The fuel consumption results for the conventional vehicle and the HEV are summarized in 10 

Table 2.  11 

Conventional Vehicle. For the case of an urban road, when compared to the fuel efficiency 12 

obtained by following the FUDS (Base 1), only a calm driving style will use 13.06% less fuel 13 
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than the baseline case (FUDS) while a normal or a volatile driving style will spend more fuel than 1 

the baseline case. 2 

For highway driving, the fuel efficiency is underestimated with the FHDS, i.e., the fuel use is 3 

actually higher than the baseline case. However, the fuel consumption result for a calm driving 4 

style is only slightly larger than the baseline case while the volatile driver will have the worst fuel 5 

efficiency, at almost 34%, compared with the baseline (FHDS).  6 

When the normal driving cycle (Base 2) is taken as the baseline to compare the fuel 7 

efficiency of the other two personalized driving cycles, i.e., calm and volatile driving style, in 8 

both cases (urban and highway) the results show that the calm driving style achieves reduced fuel 9 

consumption, while the volatile driving style uses more fuel. The last outcome becomes even 10 

more significant in the highway case. 11 

Hybrid Electric Vehicles. In this case the value of the equivalence factor “ s ” was set to 1. 12 

For urban driving (Table 2), the normal and the calm driving styles consume less fuel compared 13 

with the baseline case—a calm driving style shows slightly better fuel consumption (i.e., less fuel 14 

consumed) than a normal driving style. This result is different from the conventional vehicle 15 

results, and it is attributed (at least in part) to the higher efficiency of the electric motor (in 16 

contrast to conventional engines’ low efficiency) and the possibility that HEVs recover energy 17 

from hard braking events. However, as the driving styles become volatile, hard accelerations can 18 

be a source of excessive power use and that will translate into increased fuel consumption. For 19 

highway driving, fuel consumption for all driving styles is underestimated, i.e., the fuel use is 20 

actually higher than the baseline case (FHDS). The fuel consumption of the volatile driving style 21 

is significantly higher than the baseline FHDS. The normal and calm driving styles also show 22 

increased fuel use compared with the baseline. When the “normal” driving style is taken as the 23 

baseline, having a calm driving style does not show a substantial improvement in fuel 24 

consumption for HEVs. However, in contrast, having a volatile driving style increases 25 

significantly the fuel consumption, especially in highway driving with a 43.22% increment. 26 

Overall, the general trend is similar for both vehicle types (conventional and HEV) when the 27 

standard FHDS (Base 1) is used as the baseline in the highway driving case, i.e., the fuel 28 

consumption is higher in the three driving scenarios-with the calm driving style having the 29 

smallest increment. However, for urban driving the trends are different, i.e., the HEV consume 30 

less fuel in the personalized driving cycles than in the standard FUDS, while for the conventional 31 

vehicle only a calm driving style will achieve reduced fuel consumption. It is important to 32 

highlight that, due to their regeneration capabilities, HEVs get more benefits in urban driving as 33 

the stop-and-go operation allows them to recover some energy that can be translated into fuel 34 

savings (Onori et al., 2016a). Finally, when the normal driving cycle (Base 2) is taken as the 35 

baseline the trend is similar for both vehicle types, i.e., the calm driving style achieves reduced 36 

fuel consumption while the volatile driving style uses more fuel. 37 

Notably, while the main goal of this study was to be able to compare the fuel economy 38 

difference between personalized driving cycles and the standard driving cycles, the fuel 39 

consumption was also estimated for the FUDS and the FHDS cycles for both, the conventional 40 

and the HEV model. For the two driving cycles the fuel consumption was less for the HEV 41 

compared to the conventional vehicle with 28% decrement in the FUDS and 35% decrement in 42 

the FHDS. A similar trend is observed if we compare the personalized driving cycles (normal, 43 

calm, volatile) for both the conventional and the HEV models, i.e., the HEV consumes less fuel. 44 

However, the extend of the difference in those cases varies greatly with respect to the results for 45 

the standard driving cycles. For example, comparing the fuel consumption for the Urban Volatile 46 

driving cycles for the conventional (4.88 l/100 km) and the HEV (3.24 l/100 km), the HEV will 47 
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consume 35.20% less fuel than the conventional vehicle. The fuel savings using our predicted 1 

cycles that account for the driving style are higher than the savings predicted with the standard 2 

FUDS cycle (28%). 3 

One important aspect to mention is that the parameters of the two models are slightly 4 

different and this might make challenging to have a fair comparison between the different 5 

powertrains. However, this analysis might represent the common scene that customers/drivers 6 

face when making a purchase decision: they compare different makes/models. To be able to 7 

isolate the fuel benefits of HEV, it would be important to work with simulation models of 8 

vehicles with similar dynamic characteristics under the same driving cycles. 9 

Table 2. Fuel consumption results for conventional vehicle and non-optimized HEV using 10 

EPA driving cycles vs. customized driving cycles 11 

Vehicle type Driving Cycle 
Distance 

[km] 

Fuel 

Consumption 

(FC)  

[liters/100 km] 

% of FC 

compared to 

Base 1 

% of FC 

compared to 

Base 2 

Conventional 

Vehicle 

Urban 

FUDS 12.12 4.69 Base 1 __ 

Normal 7.99 4.99 6.53 Base 2 

Calm 8.27 4.08 -13.06 -18.39 

Volatile 11.00 5.00 6.75 0.21 

Highway 

FHDS 16.49 3.65 Base 1 

Normal 21.26 4.41 21.01 Base 2 

Calm 18.67 3.66 0.42 -17.02 

Volatile 19.52 4.88 33.67 10.46 

Hybrid 

Electric 

Vehicle 

Urban  

FUDS 12.12 3.36 Base 1  

Normal 9.90 2.63 -21.79 Base 2 

Calm 7.03 2.44 -27.36 -7.12 

Volatile 11.04 3.24 -3.59 23.27 

Highway 

FHDS 16.50 2.37 Base 1  

Normal 16.27 2.75 16.06 Base 2 

Calm 19.23 2.64 11.21 -4.18 

Volatile 17.17 3.39 43.22 23.41 

 12 

4.2. Optimized Personal Fuel consumption results 13 

When the HEV power distribution is optimized, depending on the driving style, the fuel 14 

consumption can be reduced by up to 12% for the personalized driving cycles (Table 3). Given 15 

the large variation of speed in the urban driving cycles (likely a consequence of the frequent 16 

stops), there is more potential for recuperation of energy through regeneration (given in the 17 

braking phases) and therefore, the optimization returns larger improvements in fuel consumption 18 

compared with highway driving. The results in Table 3 suggest that a driver with a normal 19 

driving style will gain higher benefits in fuel consumption as a result of an energy management 20 

based on optimization, especially when driving on urban roads. While jerky movements can 21 

decrease the efficiency of a vehicle due to high accelerations/power consumption, a calmer 22 
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driving style implies less intense deceleration and therefore, it may not take full advantage of the 1 

regeneration capabilities of a hybrid electric vehicle 2 

Table 3. Fuel consumption results for optimized HEV vs non-optimized HEV 3 

Driving Cycle 

Fuel Consumption 

(FC) not optimal HEV 

(Base) 

[liters/100 km] 

FC optimal HEV 

[liters/100km] 

% of FC compared to 

Base 

Urban 

FUDS 3.36 2.75 -18.28 

Normal 2.63 2.31 -12.27 

Calm 2.44 2.37 -3.04 

Volatile 3.24 3.12 -3.84 

Highway 

FHDS 2.37 2.37 -0.16 

Normal 2.75 2.65 -3.97 

Calm 2.64 2.63 -0.38 

Volatile 3.39 3.34 -1.63 

 4 

Most of the HEV energy management strategies based on optimization, rely on an accurate 5 

prediction of the driving profile (Balazs et al., 2012; Malikopoulos, 2014; Sciarretta and Guzzella, 6 

2007) to guarantee the optimality of the solution. This means that using inaccurate predictions of 7 

the driving profile could actually lead to a significant difference between the predicted and the 8 

actual fuel consumption over the entire trip.  The following examples provide insights to this 9 

issue.  10 

Let us assume that a driver with a calm driving style will drive on a normal road and the 11 

predicted driving profile corresponds to the standard FUDS. The energy management strategy is 12 

then tuned by using FUDS as input (Figure 8a) and the optimal equivalence coefficient “ s ” in 13 

equation (12) is found to be 2.6. The vehicle would have optimal fuel consumption of 2.749 14 

l/100km during the actual trip. Let us now assume that the driving profile followed by the driver 15 

in the actual practice corresponds to the one in Figure 7 (top center) with an optimal equivalence 16 

coefficient of 2.1. During the actual trip, the energy management algorithm will use 2.6 instead of 17 

2.1 based on the initial prediction of the driving profile. This change in the coefficient value, 18 

results in an actual fuel consumption of 2.419 l/100km which is 12% less than the initially 19 

predicted value (2.749 l/100km). While in this case the actual fuel consumption was less than the 20 

initially predicted value, the use of an inaccurate prediction could lead to a significant increment 21 

in fuel consumption as illustrated in the next example. 22 

Another extreme scenario considers the highway cycle. Let us assume that a driver with a 23 

volatile style will drive on a highway and the predicted driving profile corresponds to the 24 

standard FHDS. The energy management strategy is then tuned by using FHDS as input (Figure 25 

8b) and the optimal equivalence coefficient is found to be 2.2. The driver will then have an 26 

optimal fuel consumption of 2.369 l/100 km. Let us now assume that the driving profile followed 27 

by the driver in actual practice corresponds to this particular volatile driving style (see Figure 7–28 

bottom right). The optimal equivalence coefficient for this particular cycle is 2.6. During the 29 

actual trip, the energy management algorithm uses 2.2 instead of 2.6. This change in the 30 

coefficient value results in fuel consumption of 3.396 l/100 km, which is 43% higher than the 31 
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initially predicted value of 2.369 l/100 km). These examples show that it is important to have an 1 

accurate prediction for assuring the optimality of the results. 2 

5. VALIDATION 3 

The method used to estimate fuel consumption for the conventional vehicle was tuned using 4 

data from experiments in a chassis dynamometer. The model coefficients are estimated for the 5 

specific light duty vehicle used in the experimental tests, and have been used by different 6 

researchers to estimate fuel consumption   (Kamal et al., 2011, 2013).  For a model that uses 7 

ECMS as the energy management strategy, Liu and Peng (Liu and Peng, 2008) have recorded a 8 

fuel economy of 3.67 l/100 km while our model estimated 3.79 l/100 km which corresponds to an 9 

acceptable 3.3% error.  The results of the modeling framework are consistent with expectations.  10 

The main parameters for the two models used in this paper are included in Table 4.  Notably, 11 

the rolling resistance coefficient is lower for the HEV than for the conventional vehicle. Most of 12 

the HEVs offered in the market, use reduced rolling resistance tire technology. Low rolling 13 

resistance tires provide improved operating efficiency as the vehicle will face less road friction 14 

when the tires roll on the road, reducing the power required from the engine (Markel, 2007).  15 

Table 4. Main parameters for the models used in this paper 16 

Vehicle Parameter Symbol Conventional HEV 

Vehicle mass [Kg] m 1200 1330 

Aerodynamic drag coefficient C� 0.32 0.26 

Vehicle frontal area [m�] �� 2.5 2.16 

Rolling resistance Coefficient µ   0.015 0.007 

Tire radius [m] - N.D. 0.3175 

Engine 

Rated Power [kW] P�
� N.D. 57 

Torque [N.m] T�
� N.D. 111 

Generator 

Continuous Power Output [kW] P��,��� - 15 

Max Torque Output [N.m] T��,��� - 153.5 

Max Speed [rpm] ω��,��� - 10000 

Electric Motor 

Continuous Power Output [kW] P��,��� - 25 

Max Torque Output [N.m] T��,��� - 400 

Max Speed [rpm] ω��,��� - 6700 

Battery 

Rated Voltage  [V] V - 201.6 

Capacity  [A. h] Q#��� - 6.5 

 17 

Key assumptions:  18 

• The fuel consumption is zero when acceleration is less than zero for the conventional 19 

vehicles 20 

• Drivers in the same or similar demographic groups (e.g., similar age, gender, etc. ) 21 

behave similarly when driving on roads 22 
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• Driver behavior is represented by implementing a PID controller aimed to reduce the 1 

error between a desired second-by-second speed profile and the actual vehicle speed of the 2 

vehicle 3 

 4 

6. LIMITATIONS 5 

This study is reliant on the predicted driving profiles through a case-based reasoning tool, 6 

CBDCD. The tool provides a database of real-world driving cycles and outputs driving cycles 7 

that match the user input information. One limitation of CBDCD is that it is increasingly difficult 8 

to locate reasonably similar cases as the level of matching stringency increases. In the current 9 

CBDCD database, HEVs (n=364) and BEVs (n=109), have much less driving records than 10 

conventional gasoline vehicles (n=2,253). Therefore, when the matching criteria are many, it will 11 

be harder to find similar cases in HEVs and BEVs, than it is to find cases on conventional 12 

vehicles. Further, whether historical driving cases can represent the current driving performances 13 

is uncertain, as the vehicular technologies advance fast. This uncertain results can be the sources 14 

of inaccurate fuel consumption estimations that could lead to decreased fuel economy instead. It 15 

is assumed that drivers in the same or similar groups (e.g., similar age, gender, household income) 16 

behave similarly on roads. A limitation of this methodology is that unobserved factors (such as 17 

the instantaneous traffic conditions, which are not available in the travel surveys) can 18 

significantly affect driving profiles may not be able to adequately capture heterogeneity. 19 

Another limitation is related to the database used for the prediction. A year-long survey was 20 

conducted from 2012 to 2013. Unfortunately, some critical information from the survey is 21 

unknown to the researchers due to privacy concerns, e.g., the geo-codes for the trips are not 22 

available. Missing geographically referenced information for trips prevents the researchers from 23 

extracting some contextual factors, e.g., whether the roadway used on a particular trip is a major 24 

arterial, a collector or a local road. Two more limitations of this study are related to the model 25 

assumed in the HEV simulator to represent the driver decisions and the absence of road grade in 26 

the fuel consumption calculation for conventional vehicles.  While using a PID controller to 27 

represent the driver behavior has been an accepted practice to simulate vehicle dynamics, this 28 

assumption limits the realism of the methodology. Additionally, road grade can become a critical 29 

factor for the fuel consumption of a vehicle. It has been shown in the past that conventional 30 

vehicles are more impacted by this parameter than other vehicle types (Boriboonsomsin and 31 

Barth, 2009; Burgess and Choi, 2003; Frey et al., 2008; Travesset-Baro et al., 2015) and thus, the 32 

absence of road grade in our driving cycle predictions and fuel consumption estimations, limits 33 

the realism of the results being those only valid for plain terrains.  34 

 35 

7. CONCLUSIONS AND FUTURE WORK 36 

This study contributes by answering research questions about how fuel consumption will 37 

vary when using realistic HEV driving cycles compared with standard driving cycles and what 38 

is the potential improvement in HEV performance when predicted (real-world) driving cycles 39 

are used to optimize energy management in HEVs. The study explores three different driving 40 

styles, i.e., normal, calm and volatile, in urban and highway driving, to quantify potential 41 

improvements in fuel consumption. The methodology is based on the prediction of driving 42 

cycles along with optimization to create a new tool that can provide personalized fuel 43 

consumption estimates. A significant effort went into programming the simulation model and 44 

the development of behaviorally-based driving cycles using a large-scale travel database. 45 

Unique aspects of the study are how real-world driving cycles for conventional vehicles and 46 

HEVs are integrated in a simulation framework to generate information that can potentially 47 
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support vehicle purchase and use decisions. This study shows that by using power distribution 1 

optimization strategies, it is possible to achieve more efficient operation of HEVs. It can assist 2 

researchers who will have access to quantified fuel consumption benefits from optimization of 3 

powertrain performance.   4 

The empirical results show that depending on the driving style and the driving scenario, fuel 5 

consumption can vary widely compared with standard EPA driving cycles. The fuel 6 

consumption for conventional vehicles can be 13% lower in calm urban driving, but almost 34% 7 

higher in volatile highway driving compared with standard EPA driving cycles. Furthermore, 8 

when a driving cycle is predicted based on application of case-based reasoning and used to tune 9 

the power distribution in HEV, their fuel consumption can improve substantially by up to 12% 10 

in urban driving. The feasibility of generating personal driving cycles and simulating fuel 11 

consumption helps identify situations where improvements in fuel consumption for individual 12 

drivers can be achieved.  13 

In the future, the tool and methodology can be improved by working in two different 14 

directions, 1) by clustering the travel data used to create the personalized driving cycles by 15 

regions and seasons in addition to demographics; this way it will be possible to, at least in part, 16 

account for the effects of geography and weather on fuel consumption. 2) by designing more 17 

flexible simulation tools for different types of vehicles, e.g., conventional and AFVs, so that 18 

personalized driving cycles can be used as input to fuel consumption calculations for different 19 

vehicles and manufacturers. Thus, the methodology can be further developed as a decision 20 

support tool to provide valuable information to those considering purchasing a new vehicle or to 21 

optimize the use of currently owned vehicles. Official tests can be used to quantify the fuel 22 

reduction potential for HEVs. However, we showed that HEVs can consume more fuel than 23 

what is officially reported, depending on the driving style. The tool (to be developed based on 24 

the proposed methodology) can be implemented in practice by auto dealers selling AFVs to 25 

address this issue and to help their customers make more informed vehicle purchase decisions. 26 

We also plan to expand our analysis to include other types of AFVs such as HEVs (series and 27 

parallel configurations) and EVs. 28 

With the advent of connected vehicles, there is an increased opportunity to collect 29 

information in real time that can be used to predict traffic conditions in the near term (during a 30 

trip). This information can be provided to the energy management module/engine control unit 31 

(ECU), that will select the fuel-optimal operating speed and torque for the engine in a hybrid 32 

powertrain system (Saerens et al., 2008).   33 

Another pathway for further improvements is the development of a driver assistance system 34 

that allows individuals to assess the additional potential fuel savings from their adoption of a 35 

more efficient driving style. Such a driver assistant system can aid calmer driving by providing 36 

alerts and warnings in real time. Finally, accurate fuel consumption estimates can ultimately 37 

encourage increased investments in energy efficient technologies both by vehicle manufacturers 38 

and consumers. 39 
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