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EVs Are Invading the ICEV Market

Higher efficiency 
Average 141 kWh for ICEVs and 20 kWh for EVs when drive 100 km 

Environmental friendliness + government promotion 
Quiet and comfort ride
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Limitation of EVs

EVs still cannot reach the territory of ICEVs  
Short driving range 

27 kWh battery pack (Soul EV) versus 514 kWh fuel tank (Soul) 

Long charging time 
5 hours with level 2 and 30 minutes with level 3 battery charging systems
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Driving ranges from Los Angeles

Toyota RAV4 (166 km)

Tesla Model S (350 km)

tia.ucsb.edu



Energy-Efficient EV

Energy consumption is reduced by 50% with optimal driving and by 
20% with optimal vehicle design 

Then, how to find the optimal vehicle driving and design?
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Fig. 2. (a) A campus mail delivery route and (b) road elevation change and
driving cycle.

Table 3

Note Battery 
pack

Motor power 
(kW)

Gear ratio 
(times)

Energy 
consumption (kJ)

Battery size 
(kWh)

Energy 
consumption (kWh)

Energy 
consumption (%)

Driving 
cycle

Driving 
range (%) Issue

Optimal 700 10 1 2479 17.64 0.688 100% 26 100.0%

×0.5 battery 
size

300 10 1 2256 7.56 0.627 91% 12 47.1%

500 10 1 2367 12.6 0.657 95% 19 74.8%

600 10 1 2424 15.12 0.673 98% 22 87.6%

1000 10 1 2618 25.2 0.727 106% 35 135.3%

×2 battery 
size

1400 10 1 2773 35.28 0.770 112% 46 178.8%

×3 battery 
size

2100 10 1 2909 52.92 0.808 117% 65 255.6%

×0.5 motor 
size with 2 
gear ratio

700 5 1 2429 17.64 0.675 98% 26 102.1%

×0.8 motor 
size

700 8 1 2372 17.64 0.659 96% 27 104.5%

×2 motor 
size

700 20 1 2564 17.64 0.712 103% 25 96.7%

×3 motor 
size

700 30 1 2617 17.64 0.727 106% 24 94.7%
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Fig. 3. Example electric vehicle setups and energy consumption comparison.

should be recharged during mail delivery, and it also makes
battery depreciation faster due to a more charging cycles.
Such design-time optimization shows lots of opportunities for
application-specific electric vehicle optimization.

Now the question is how to find the optimal setup in
a more systematic way. Previous work finds the minimum-
energy electric vehicle specifications from a set of batteries
and motors for a given route profile using Genetic algorithm.
This is a multi-variable optimization problem that evaluates
the total energy consumption for the given route. The Genetic
algorithm generates a large number of powertrain specification
setups [11]. We illustrate the existing framework to find the
optimal electric vehicle configuration in Fig. 4. This method
derives the specification of an electric vehicle that results in
the minimum energy consumption for a given route while
satisfying the vehicle performance such as the driving range
as well as the maximum acceleration and velocity. However,
this method should run a vehicle simulator in the inner-loop
for each iterative search. This is because the traction force,
curb weight, power consumption and driving range are all
dependent among each other.

V. A RAPID SYNTHESIS OF ENERGY-EFFICIENT ELECTRIC
VEHICLES

Nowadays, customers can build a vehicle by their preference
such as the color, exterior, interior, entertainment, safety

Yes

No

Vehicle simulator

Target driving profile
- Velocity/acceleration 
  over time
- Road slope by distance

Pareto set update

Drivetrain 
components library

End of 
generation?Genetic algorithm

Electric vehicle 
new candidate 

generation
- Motor size
- Battery capacity

Solution set
- Vehicle performance
- Driving range
- MSRP

Vehicle performance
- Maximum velocity/
  acceleration
Energy consumption
- Battery SoC

Iterative search loop

Fig. 4. Existing electric vehicle design-time optimization dedicated to a
driving mission.
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Fig. 5. An example of graphical user interface of the rapid energy-aware
electric vehicle synthesis.

features as well as the types of the engine via a web interface.
However, they can just confirm the MSRP (mean suggested
retail price) after they build their vehicle. The same is true for
computer purchase. Customers can only compare the price,
but non-tech-savvy people do not have a concrete idea what
the right configuration is for their purpose.

A rapid energy-aware electric vehicle synthesis helps cus-
tomers to find a right electric vehicle configuration for their
own purpose. The synthesis time should be shorter than a
second not to challenge the user’s patience as well as not to
cause misperception of service interruption. Unfortunately, the
existing method cannot afford instant evaluations, which are
commonly required in Web environments.

Fig. 5 shows a new electric vehicle selection function for
non-tech-savvy customers. Customers are supposed to pick an



System-Level Approach for EV Optimization

Low-power electric vehicle system-level approach
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IT Technology Inspired EV Design Framework

Electric vehicle power consumption simulation
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IT Technology Inspired EV Design Framework

ADvanced VehIcle SimulatOR (ADVISOR) works well to estimate  
1) vehicle powertrain and 2) battery SoC
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IT Technology Inspired EV Design Framework

ADvanced VehIcle SimulatOR (ADVISOR)
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EV Power Consumption Characterization

ADVISOR is a fast simulator BUT not proper to run in the inner loop of 
the optimization algorithms
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Not acceptable for online loop-based  
optimization methods



EV Power Consumption Characterization

Need to implement very simple but accurate power model using 
ADVISOR
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Fig. 1: Validation of the model coefficient extraction.

(a) Range-speed experimental data.

Logging

25 mile driving 65 mile driving 75 mile driving 93 mile driving

Time 
 (s)

ess_pwr_r  
(W)

Energy  
(Ws)

ess_pwr_r  
(W)

Energy  
(Ws)

ess_pwr_
r  
(W)

Energy  
(Ws)

ess_pwr_r  
(W)

Energy  
(Ws)

0 3678.94 3678.94 15706.27 15706.27 21262.37 21262.37 34795.05 34795.05

1 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

2 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

3 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

4 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

5 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

6 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

7 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

8 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

9 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

10 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

11 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

12 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

13 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

14 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

15 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

16 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

17 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

18 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

19 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

20 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

21 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

22 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

23 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

24 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

25 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

26 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

27 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

28 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

29 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

30 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

31 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

32 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

33 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

34 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

35 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

36 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

37 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

38 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

39 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

40 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

41 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

42 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

43 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

44 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

45 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

46 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

47 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

48 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

49 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

50 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

51 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

52 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

53 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

54 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

55 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

56 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

57 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

58 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

59 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

60 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

61 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

62 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

63 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

64 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

65 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

66 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

67 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

68 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

69 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

Time 
 (s)

Summary

Sum (25 mile) 1325930.16

Energy total (kWh) 0.37

Used (%) 0.64%

Sum (65 mile) 5669894.31

Energy total (kWh) 1.57

Used (%) 2.74%

Sum (75 mile) 7681551.19

Energy total (kWh) 2.13

Used (%) 3.72%

Sum (91 mile) 12582801.56

Energy total (kWh) 3.50

Used (%) 6.09%

Vehicle specification

Variable

Battery energy 
(kWh)

57.4

GM Bolt (use accumulated power)

Constant driving 
(mile)

25 65 75 93

Constant driving (km/
h)

40 105 121 150

Driving distance (km) 4.02 10.46 12.1 14.5

SoC (%) 99.36% 97.26% 96.28% 93.91%

Range (km) 626.97 381.22 325.50 238.13

Range (mile)

CD = 0.200 % 0.67% -5.17% 6.45% -7.52%

Reference range (km) 622.816 402 305.775 257.5
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m
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Simulation results
Real vehicle experiment results
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(b) Range comparison with simulation results.

Fig. 2: (a) Range-speed experimental data for Chevrolet
Bolt [36] and (b) comparison with simulation results of the
proposed EV power model.

derived power models are close enough to the real vehicle
measurement data [32], [33], [34], [35], [36]. We refine the
coefficients until all the available data values match well.
As a result, the derived EV power model well matches with
the range-speed experimental data as shown in Fig. 2(b)
as well as the top speed and maximum acceleration setting
the aerodynamic resistance, rolling resistance, curb weight,
etc. with the known values. The errors in the range-speed
simulation is merely 1.4%, the time for 0-to-100 km/h error
is 7.8%, and the top speed error is 3.0%, respectively.

B. Energy consumption comparison between ICEV and EV

We compare power consumption behavior of EV and ICEV
in this section. As most previous fuel economy analysis

TABLE I: Model coefficients for Chevrolet Bolt.

a 0.06 b 9.5549 g 1.0013
d 0.00012 C0 1000 C1 10.588

C2 8.11 C3 0.00032 e 0.6633
z 5813.6
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Fig. 3: (a) Fuel economy of a Ford Escort [37] and (b) energy
consumption of a custom EV [2] on various road slopes and
vehicle velocities.

work is done by energy (fuel) consumption, we compare
energy consumption instead of power consumption for easy
comparison.
Fig. 3(a) shows the fuel economy (range with a liter of fuel
energy) versus ICEV velocity on various road slopes [37]. Red
stars denote the minimum-energy velocity by the average road
slope. The minimum-energy velocity is reduced as the road
slope increases. For example, the vehicle has the highest fuel
economy at 90 km/h on a �6 degree road slope and 40 km/h on
a 2 degree road slope. Fuel economy on a downhill (negative
road slope) is not meaningful due to fuel cut of modern ICEVs.
Compared with the flat road (zero degree), we see the fuel
economy drops if the road slope is steeper than 2 degree due
to downshift of the transmission.
Fig. 3 demonstrates a very interesting EV-specific energy
behavior such that the least-energy velocity increases as the
road slope increases. Such energy behavior is completely
opposite to that of ICEV. The efficiency maps of an engine
and an electric motor (Fig. 4) show that the motor exhibits the
maximum torque over the wide range of RPM while the engine
exhibits the maximum fuel efficiency only at near 2,000 RPM.
Therefore, an engine should be incorporated with a transmis-
sion that makes it possible to run the engine at close to the
most efficient region, independent to the vehicle velocity. The
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EV Power Consumption Characterization

Need to implement very simple but accurate power model using 
ADVISOR
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Fig. 1: Validation of the model coefficient extraction.

(a) Range-speed experimental data.

Logging

25 mile driving 65 mile driving 75 mile driving 93 mile driving

Time 
 (s)

ess_pwr_r  
(W)

Energy  
(Ws)

ess_pwr_r  
(W)

Energy  
(Ws)

ess_pwr_
r  
(W)

Energy  
(Ws)

ess_pwr_r  
(W)

Energy  
(Ws)

0 3678.94 3678.94 15706.27 15706.27 21262.37 21262.37 34795.05 34795.05

1 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

2 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

3 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

4 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

5 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

6 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

7 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

8 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

9 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

10 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

11 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

12 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

13 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

14 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

15 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

16 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

17 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

18 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

19 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

20 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

21 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

22 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

23 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

24 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

25 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

26 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

27 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

28 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

29 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

30 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

31 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

32 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

33 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

34 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

35 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

36 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

37 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

38 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

39 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

40 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

41 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

42 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

43 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

44 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

45 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

46 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

47 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

48 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

49 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

50 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

51 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

52 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

53 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

54 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

55 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

56 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

57 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

58 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

59 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

60 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

61 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

62 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

63 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

64 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

65 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

66 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

67 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

68 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

69 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

Time 
 (s)

Summary

Sum (25 mile) 1325930.16

Energy total (kWh) 0.37

Used (%) 0.64%

Sum (65 mile) 5669894.31

Energy total (kWh) 1.57

Used (%) 2.74%

Sum (75 mile) 7681551.19

Energy total (kWh) 2.13

Used (%) 3.72%

Sum (91 mile) 12582801.56

Energy total (kWh) 3.50

Used (%) 6.09%

Vehicle specification
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(kWh)
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Constant driving 
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(b) Range comparison with simulation results.

Fig. 2: (a) Range-speed experimental data for Chevrolet
Bolt [36] and (b) comparison with simulation results of the
proposed EV power model.

derived power models are close enough to the real vehicle
measurement data [32], [33], [34], [35], [36]. We refine the
coefficients until all the available data values match well.
As a result, the derived EV power model well matches with
the range-speed experimental data as shown in Fig. 2(b)
as well as the top speed and maximum acceleration setting
the aerodynamic resistance, rolling resistance, curb weight,
etc. with the known values. The errors in the range-speed
simulation is merely 1.4%, the time for 0-to-100 km/h error
is 7.8%, and the top speed error is 3.0%, respectively.

B. Energy consumption comparison between ICEV and EV

We compare power consumption behavior of EV and ICEV
in this section. As most previous fuel economy analysis

TABLE I: Model coefficients for Chevrolet Bolt.

a 0.06 b 9.5549 g 1.0013
d 0.00012 C0 1000 C1 10.588

C2 8.11 C3 0.00032 e 0.6633
z 5813.6
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Fig. 3: (a) Fuel economy of a Ford Escort [37] and (b) energy
consumption of a custom EV [2] on various road slopes and
vehicle velocities.

work is done by energy (fuel) consumption, we compare
energy consumption instead of power consumption for easy
comparison.
Fig. 3(a) shows the fuel economy (range with a liter of fuel
energy) versus ICEV velocity on various road slopes [37]. Red
stars denote the minimum-energy velocity by the average road
slope. The minimum-energy velocity is reduced as the road
slope increases. For example, the vehicle has the highest fuel
economy at 90 km/h on a �6 degree road slope and 40 km/h on
a 2 degree road slope. Fuel economy on a downhill (negative
road slope) is not meaningful due to fuel cut of modern ICEVs.
Compared with the flat road (zero degree), we see the fuel
economy drops if the road slope is steeper than 2 degree due
to downshift of the transmission.
Fig. 3 demonstrates a very interesting EV-specific energy
behavior such that the least-energy velocity increases as the
road slope increases. Such energy behavior is completely
opposite to that of ICEV. The efficiency maps of an engine
and an electric motor (Fig. 4) show that the motor exhibits the
maximum torque over the wide range of RPM while the engine
exhibits the maximum fuel efficiency only at near 2,000 RPM.
Therefore, an engine should be incorporated with a transmis-
sion that makes it possible to run the engine at close to the
most efficient region, independent to the vehicle velocity. The
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We do not consider the acceleration/deceleration occurring
in correspondence to speed changes. Such approximation is
not critical however, because the acceleration energy is small
compared with the total energy consumption of each segment:
acceleration/deceleration seldom last more than a few seconds.

IV. SIMULATION RESULTS

We implemented a powertrain model of a BYD K9 bus
from the vehicle specification and experiment results [4], [22],
[23]. The gross vehicle weight of BYD K9 is 18,000 kg, and
the facial area of K9 is 2.55 by 3.36 m. K9 includes two elec-
tric motors that the maximum motor torque and power are 350
Nm and 90 kW. The motor type is in-wheel BYD-TYC90A
Brushless Permanent Magnet Synchronous Motor. Maximum
RPM is 7,500, and gear box ratio is 17.7:1. Manufacturers
unveiled driving range of K9 as average 250 km based on
their experience. Battery size is 320 kWh, and the maximum
road slope to climb is 15%.

A. Vehicle Parameter Extraction
We use [24] to set parameters of the electric motor that the

institute tested BYD electric bus more than eight months (from
August 29, 2013 to May 13, 2014). They reported acceleration
test including top speed (43 mph), zero to 10 mph, 20 mph,
30 mph, 40 mph and top speed. We extract (a) the maximum
motor torque map and (b) maximum motor power by RPM as
shown in Figure 5 with repeated ADVISOR simulations.

MC PM 100kW motor in Advisor library

mc_map_spd [RPM] 0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300 1400 1500 1600 1700 1800 1900 2000 2100 2200 2300 2400 2500 2600 2700 2800 2900 3000 3100 3200 3300 3400 3500 3600 3700 3800 3900 4000 4100 4200 4300 4400

mc_map_spd [rad/s] 0 10 21 31 42 52 63 73 84 94 105 115 126 136 147 157 168 178 188 199 209 220 230 241 251 262 272 283 293 304 314 325 335 346 356 367 377 387 398 408 419 429 440 450 461

mc_max_trq [Nm] 551 551 551 551 551 551 551 551 551 551 551 551 550 549 550 551 543 529 512 497 482 458 439 421 404 385 364 344 326 309 295 286 276 265 254 243 236 231 225 220 212 203 201 194 190

Power [kW] 0 6 12 17 23 29 35 40 46 52 58 63 69 75 81 86 91 94 97 99 101 101 101 101 102 101 99 97 96 94 93 93 92 92 91 89 89 89 90 90 89 87 89 87 88
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(a) Maximum motor torque map. (b) Maximum motor power.

Figure 5. Motor parameter extraction results. (a) is the maximum motor
torque map and (b) is maximum power map.

We specified the detailed vehicle parameters as shown in
Figure 6, which shows ADVISOR user interface for parameter
setting. The motor, efficiency and battery models are imported
into ADVISOR, and based on the simulation results, we
set the parameters so that the simulation results follow the
experimental results. Figure 7 shows the difference between
experimental results and simulation results of driving range.
We set the parameters for drivatrain efficiency to follow the
trend of driving range by vehicle speed. There are about 200
km range difference between two lines. However, the range
trend by the speed is similar enough. Also, the range difference
is resolved by updating battery model in the following section.

B. Vehicle powertrain modeling
Then, we extracted the coefficients of (1), (2) and (3) with

a number of ADVISOR simulations. Table I summarizes the
model coefficients of BYD K9. Figure 8 shows the difference

Figure 6. ADVISOR simulation setup.

Vehicle specification

Battery energy (kWh) 324

wh_1st_rr 0.015

Maximum current (A) 300

Total weight (kg) 18000

Trial 1

Speed (mile/hour) 4.35 17.4 31.7 39.8

Speed (km/h) 7.0 28.0 51.0 64.1

Const. Power (W) 8151.28 27852.43 55299.21 77990.54
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Difference (%) 57% 53% 52% 53%
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Figure 7. Driving range validation under efficiency parameter setting.

between the estimation of power consumption by the vehicle
simulator and the powertrain models; the normalized root-
mean-square error is 9.12%.

Table I. MODEL COEFFICIENTS FOR BYD K9.

↵ 0.098 � 9.7562 � 1.2016 � 0.0001
C0 1000.0 C1 1378.2 C2 0.00001 C3 0.000015
✏ 0.4095 ⇣ 2178.5

C. Vehicle Simulation Setup
In our experiment, we followed the battery pack configura-

tion provided by BYD to build our battery model. The battery
is LiFePO4 (Lithium Iron Phosphate) with 540 V battery pack
voltage. The battery pack consists of three battery modules,
which has 108 kWh capacity. We assumed that each battery
cell in the pack is ideally balanced in the following experi-
ments, then built battery pack model as section III-A indicated.
Concerning the regenerative braking phase, we assume that
charging efficiency is 20%, which means that 20% of the
kinetic energy is converted to electric energy and transferred
into the pack.

D. Case study 1: Fast Driving Energy Estimation
We extract a route going to Technische Universitat

Munchen (TUM) and another one returning from TUM as
shown in Figure 9. Table II summarize information of the
routes: distance, average slope along the route and average
vehicle speed.

Vehicle Simulator Model

BYD K9 bus of 18 tons curb weight 
We implemented a new sub-model of each vehicle component 
Estimate motor efficiency based on driving experimental results
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Vehicle Simulator Model

Motor 
Includes two brushless permanent magnet synchronous motors 
Maximum 350 Nm and 90 kW performance 

Performance (by ref. experimental results) 
43 mile per hour top speed 
6.5 second 0–100 km/h time 

Gearbox 
17.7:1 

14

We do not consider the acceleration/deceleration occurring
in correspondence to speed changes. Such approximation is
not critical however, because the acceleration energy is small
compared with the total energy consumption of each segment:
acceleration/deceleration seldom last more than a few seconds.

IV. SIMULATION RESULTS

We implemented a powertrain model of a BYD K9 bus
from the vehicle specification and experiment results [4], [22],
[23]. The gross vehicle weight of BYD K9 is 18,000 kg, and
the facial area of K9 is 2.55 by 3.36 m. K9 includes two elec-
tric motors that the maximum motor torque and power are 350
Nm and 90 kW. The motor type is in-wheel BYD-TYC90A
Brushless Permanent Magnet Synchronous Motor. Maximum
RPM is 7,500, and gear box ratio is 17.7:1. Manufacturers
unveiled driving range of K9 as average 250 km based on
their experience. Battery size is 320 kWh, and the maximum
road slope to climb is 15%.

A. Vehicle Parameter Extraction
We use [24] to set parameters of the electric motor that the

institute tested BYD electric bus more than eight months (from
August 29, 2013 to May 13, 2014). They reported acceleration
test including top speed (43 mph), zero to 10 mph, 20 mph,
30 mph, 40 mph and top speed. We extract (a) the maximum
motor torque map and (b) maximum motor power by RPM as
shown in Figure 5 with repeated ADVISOR simulations.

MC PM 100kW motor in Advisor library
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(a) Maximum motor torque map. (b) Maximum motor power.

Figure 5. Motor parameter extraction results. (a) is the maximum motor
torque map and (b) is maximum power map.

We specified the detailed vehicle parameters as shown in
Figure 6, which shows ADVISOR user interface for parameter
setting. The motor, efficiency and battery models are imported
into ADVISOR, and based on the simulation results, we
set the parameters so that the simulation results follow the
experimental results. Figure 7 shows the difference between
experimental results and simulation results of driving range.
We set the parameters for drivatrain efficiency to follow the
trend of driving range by vehicle speed. There are about 200
km range difference between two lines. However, the range
trend by the speed is similar enough. Also, the range difference
is resolved by updating battery model in the following section.

B. Vehicle powertrain modeling
Then, we extracted the coefficients of (1), (2) and (3) with

a number of ADVISOR simulations. Table I summarizes the
model coefficients of BYD K9. Figure 8 shows the difference

Figure 6. ADVISOR simulation setup.

Vehicle specification

Battery energy (kWh) 324

wh_1st_rr 0.015

Maximum current (A) 300

Total weight (kg) 18000

Trial 1

Speed (mile/hour) 4.35 17.4 31.7 39.8

Speed (km/h) 7.0 28.0 51.0 64.1

Const. Power (W) 8151.28 27852.43 55299.21 77990.54

Distance/energy (mile/Wh) 0 0 0 0

Range (sim) (mile) 173 202 186 165

Range (exp.) (mile) 403 434 387 348

Difference (%) 57% 53% 52% 53%

Range (sim) (km) 278 326 299 266

Range (exp.) (km) 648 698 624 560

Ra
ng

e 
(m

ile
)

0

125

250

375

500

Speed (mph)
0 5 10 15 20 25 30 35 40

Range (sim) (mile) Range (exp.) (mile)

Vehicle specification-1

Battery energy (kWh) 324

wh_1st_rr 0.015

Maximum current (A) 250

Total weight (kg) 14465

Trial 2

Speed (mile/hour) 4.35 17.4 31.7 39.8

Const. Power (W) 6773.68 23231.45 47509.01 66711.57

Distance/energy (mile/Wh) 0.00064 0.00075 0.00067 0.00060

Range (sim) (mile) 208 243 216 193

Range (exp.) (mile) 403 434 387 348

Difference (%) 48% 44% 44% 44%

Ra
ng

e 
(m

ile
)

0

125

250

375

500

Speed (mph)

0 5 10 15 20 25 30 35 40

Range (sim) (mile) Range (exp.) (mile)

Vehicle specification-1-1

Battery energy (kWh) 324

wh_1st_rr 0.010

Maximum current (A) 250

Total weight (kg) 14465

Trial 3

Speed (mile/hour) 4.35 17.4 31.7 39.8

Speed (km/h) 7.0 28.0 51.0 64.1

Const. Power (W) 4963.89 16804.69 36566.19 52112.01

Distance/energy (mile/Wh) 0 0 0 0

Range (sim) (mile) 284 335 281 247

Range (exp.) (mile) 403 434 387 348

Difference (%) 29% 23% 28% 29%

Range (sim) (km) 457 540 452 398

Range (exp.) (km) 648 698 624 560

Ra
ng

e 
(m

ile
)

0

175

350

525

700

Speed (mph)
0.0 8.8 17.5 26.3 35.0 43.8 52.5 61.3 70.0

Range (sim) (km) Range (exp.) (km)

Ra
ng

e 
(k

m
)

0

250

500

750

1000

Speed (km/h)
0.0 10.0 20.0 30.0 40.0 50.0 60.0 70.0

Simulation results
Experimental results

Figure 7. Driving range validation under efficiency parameter setting.

between the estimation of power consumption by the vehicle
simulator and the powertrain models; the normalized root-
mean-square error is 9.12%.

Table I. MODEL COEFFICIENTS FOR BYD K9.

↵ 0.098 � 9.7562 � 1.2016 � 0.0001
C0 1000.0 C1 1378.2 C2 0.00001 C3 0.000015
✏ 0.4095 ⇣ 2178.5

C. Vehicle Simulation Setup
In our experiment, we followed the battery pack configura-

tion provided by BYD to build our battery model. The battery
is LiFePO4 (Lithium Iron Phosphate) with 540 V battery pack
voltage. The battery pack consists of three battery modules,
which has 108 kWh capacity. We assumed that each battery
cell in the pack is ideally balanced in the following experi-
ments, then built battery pack model as section III-A indicated.
Concerning the regenerative braking phase, we assume that
charging efficiency is 20%, which means that 20% of the
kinetic energy is converted to electric energy and transferred
into the pack.

D. Case study 1: Fast Driving Energy Estimation
We extract a route going to Technische Universitat

Munchen (TUM) and another one returning from TUM as
shown in Figure 9. Table II summarize information of the
routes: distance, average slope along the route and average
vehicle speed.

“Federal Transit Bus Test,” The Larson 
Institute, Tech. Rep., 2014. 

Extract detailed motor torque map 
based on performance experimental results
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320 kWh battery capacity 
Average 250 km driving range (by ref. experimental results)
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We do not consider the acceleration/deceleration occurring
in correspondence to speed changes. Such approximation is
not critical however, because the acceleration energy is small
compared with the total energy consumption of each segment:
acceleration/deceleration seldom last more than a few seconds.

IV. SIMULATION RESULTS

We implemented a powertrain model of a BYD K9 bus
from the vehicle specification and experiment results [4], [22],
[23]. The gross vehicle weight of BYD K9 is 18,000 kg, and
the facial area of K9 is 2.55 by 3.36 m. K9 includes two elec-
tric motors that the maximum motor torque and power are 350
Nm and 90 kW. The motor type is in-wheel BYD-TYC90A
Brushless Permanent Magnet Synchronous Motor. Maximum
RPM is 7,500, and gear box ratio is 17.7:1. Manufacturers
unveiled driving range of K9 as average 250 km based on
their experience. Battery size is 320 kWh, and the maximum
road slope to climb is 15%.

A. Vehicle Parameter Extraction
We use [24] to set parameters of the electric motor that the

institute tested BYD electric bus more than eight months (from
August 29, 2013 to May 13, 2014). They reported acceleration
test including top speed (43 mph), zero to 10 mph, 20 mph,
30 mph, 40 mph and top speed. We extract (a) the maximum
motor torque map and (b) maximum motor power by RPM as
shown in Figure 5 with repeated ADVISOR simulations.

MC PM 100kW motor in Advisor library

mc_map_spd [RPM] 0 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300 1400 1500 1600 1700 1800 1900 2000 2100 2200 2300 2400 2500 2600 2700 2800 2900 3000 3100 3200 3300 3400 3500 3600 3700 3800 3900 4000 4100 4200 4300 4400

mc_map_spd [rad/s] 0 10 21 31 42 52 63 73 84 94 105 115 126 136 147 157 168 178 188 199 209 220 230 241 251 262 272 283 293 304 314 325 335 346 356 367 377 387 398 408 419 429 440 450 461

mc_max_trq [Nm] 551 551 551 551 551 551 551 551 551 551 551 551 550 549 550 551 543 529 512 497 482 458 439 421 404 385 364 344 326 309 295 286 276 265 254 243 236 231 225 220 212 203 201 194 190

Power [kW] 0 6 12 17 23 29 35 40 46 52 58 63 69 75 81 86 91 94 97 99 101 101 101 101 102 101 99 97 96 94 93 93 92 92 91 89 89 89 90 90 89 87 89 87 88
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MC PM 180kW BYD K9 motor
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mc_map_spd [rad/s] 0 18 36 54 71 89 107 125 143 161 178 196 214 232 250 268 286 303 321 339 357 375 393 411 428 446 464 482 500 518 535 553 571 589 607 625 643 660 678 696 714 732 750 768 785
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(a) Maximum motor torque map. (b) Maximum motor power.

Figure 5. Motor parameter extraction results. (a) is the maximum motor
torque map and (b) is maximum power map.

We specified the detailed vehicle parameters as shown in
Figure 6, which shows ADVISOR user interface for parameter
setting. The motor, efficiency and battery models are imported
into ADVISOR, and based on the simulation results, we
set the parameters so that the simulation results follow the
experimental results. Figure 7 shows the difference between
experimental results and simulation results of driving range.
We set the parameters for drivatrain efficiency to follow the
trend of driving range by vehicle speed. There are about 200
km range difference between two lines. However, the range
trend by the speed is similar enough. Also, the range difference
is resolved by updating battery model in the following section.

B. Vehicle powertrain modeling
Then, we extracted the coefficients of (1), (2) and (3) with

a number of ADVISOR simulations. Table I summarizes the
model coefficients of BYD K9. Figure 8 shows the difference

Figure 6. ADVISOR simulation setup.

Vehicle specification

Battery energy (kWh) 324

wh_1st_rr 0.015

Maximum current (A) 300

Total weight (kg) 18000

Trial 1

Speed (mile/hour) 4.35 17.4 31.7 39.8

Speed (km/h) 7.0 28.0 51.0 64.1

Const. Power (W) 8151.28 27852.43 55299.21 77990.54

Distance/energy (mile/Wh) 0 0 0 0

Range (sim) (mile) 173 202 186 165

Range (exp.) (mile) 403 434 387 348

Difference (%) 57% 53% 52% 53%

Range (sim) (km) 278 326 299 266

Range (exp.) (km) 648 698 624 560
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Vehicle specification-1

Battery energy (kWh) 324

wh_1st_rr 0.015

Maximum current (A) 250

Total weight (kg) 14465

Trial 2

Speed (mile/hour) 4.35 17.4 31.7 39.8

Const. Power (W) 6773.68 23231.45 47509.01 66711.57

Distance/energy (mile/Wh) 0.00064 0.00075 0.00067 0.00060

Range (sim) (mile) 208 243 216 193

Range (exp.) (mile) 403 434 387 348

Difference (%) 48% 44% 44% 44%
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Battery energy (kWh) 324

wh_1st_rr 0.010

Maximum current (A) 250

Total weight (kg) 14465

Trial 3

Speed (mile/hour) 4.35 17.4 31.7 39.8

Speed (km/h) 7.0 28.0 51.0 64.1

Const. Power (W) 4963.89 16804.69 36566.19 52112.01

Distance/energy (mile/Wh) 0 0 0 0

Range (sim) (mile) 284 335 281 247

Range (exp.) (mile) 403 434 387 348

Difference (%) 29% 23% 28% 29%

Range (sim) (km) 457 540 452 398

Range (exp.) (km) 648 698 624 560
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Figure 7. Driving range validation under efficiency parameter setting.

between the estimation of power consumption by the vehicle
simulator and the powertrain models; the normalized root-
mean-square error is 9.12%.

Table I. MODEL COEFFICIENTS FOR BYD K9.

↵ 0.098 � 9.7562 � 1.2016 � 0.0001
C0 1000.0 C1 1378.2 C2 0.00001 C3 0.000015
✏ 0.4095 ⇣ 2178.5

C. Vehicle Simulation Setup
In our experiment, we followed the battery pack configura-

tion provided by BYD to build our battery model. The battery
is LiFePO4 (Lithium Iron Phosphate) with 540 V battery pack
voltage. The battery pack consists of three battery modules,
which has 108 kWh capacity. We assumed that each battery
cell in the pack is ideally balanced in the following experi-
ments, then built battery pack model as section III-A indicated.
Concerning the regenerative braking phase, we assume that
charging efficiency is 20%, which means that 20% of the
kinetic energy is converted to electric energy and transferred
into the pack.

D. Case study 1: Fast Driving Energy Estimation
We extract a route going to Technische Universitat

Munchen (TUM) and another one returning from TUM as
shown in Figure 9. Table II summarize information of the
routes: distance, average slope along the route and average
vehicle speed.

The simulation result follows the trend 
of the experimental result
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Fig. 1: Validation of the model coefficient extraction.

(a) Range-speed experimental data.

Logging

25 mile driving 65 mile driving 75 mile driving 93 mile driving

Time 
 (s)

ess_pwr_r  
(W)

Energy  
(Ws)

ess_pwr_r  
(W)

Energy  
(Ws)

ess_pwr_
r  
(W)

Energy  
(Ws)

ess_pwr_r  
(W)

Energy  
(Ws)

0 3678.94 3678.94 15706.27 15706.27 21262.37 21262.37 34795.05 34795.05

1 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

2 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

3 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

4 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

5 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

6 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

7 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

8 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

9 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

10 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

11 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

12 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

13 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

14 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

15 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

16 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

17 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

18 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

19 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

20 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

21 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

22 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

23 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

24 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

25 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

26 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

27 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

28 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

29 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

30 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

31 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

32 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

33 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

34 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

35 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

36 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

37 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

38 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

39 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

40 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

41 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

42 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

43 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

44 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

45 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

46 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

47 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

48 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

49 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

50 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

51 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

52 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

53 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

54 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

55 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

56 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

57 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

58 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

59 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

60 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

61 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

62 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

63 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

64 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

65 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

66 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

67 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

68 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

69 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

Time 
 (s)

Summary

Sum (25 mile) 1325930.16

Energy total (kWh) 0.37

Used (%) 0.64%

Sum (65 mile) 5669894.31

Energy total (kWh) 1.57

Used (%) 2.74%

Sum (75 mile) 7681551.19

Energy total (kWh) 2.13

Used (%) 3.72%

Sum (91 mile) 12582801.56

Energy total (kWh) 3.50

Used (%) 6.09%

Vehicle specification

Variable

Battery energy 
(kWh)

57.4

GM Bolt (use accumulated power)

Constant driving 
(mile)

25 65 75 93

Constant driving (km/
h)

40 105 121 150

Driving distance (km) 4.02 10.46 12.1 14.5

SoC (%) 99.36% 97.26% 96.28% 93.91%

Range (km) 626.97 381.22 325.50 238.13

Range (mile)

CD = 0.200 % 0.67% -5.17% 6.45% -7.52%

Reference range (km) 622.816 402 305.775 257.5
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(b) Range comparison with simulation results.

Fig. 2: (a) Range-speed experimental data for Chevrolet
Bolt [36] and (b) comparison with simulation results of the
proposed EV power model.

derived power models are close enough to the real vehicle
measurement data [32], [33], [34], [35], [36]. We refine the
coefficients until all the available data values match well.
As a result, the derived EV power model well matches with
the range-speed experimental data as shown in Fig. 2(b)
as well as the top speed and maximum acceleration setting
the aerodynamic resistance, rolling resistance, curb weight,
etc. with the known values. The errors in the range-speed
simulation is merely 1.4%, the time for 0-to-100 km/h error
is 7.8%, and the top speed error is 3.0%, respectively.

B. Energy consumption comparison between ICEV and EV

We compare power consumption behavior of EV and ICEV
in this section. As most previous fuel economy analysis

TABLE I: Model coefficients for Chevrolet Bolt.

a 0.06 b 9.5549 g 1.0013
d 0.00012 C0 1000 C1 10.588

C2 8.11 C3 0.00032 e 0.6633
z 5813.6
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Fig. 3: (a) Fuel economy of a Ford Escort [37] and (b) energy
consumption of a custom EV [2] on various road slopes and
vehicle velocities.

work is done by energy (fuel) consumption, we compare
energy consumption instead of power consumption for easy
comparison.
Fig. 3(a) shows the fuel economy (range with a liter of fuel
energy) versus ICEV velocity on various road slopes [37]. Red
stars denote the minimum-energy velocity by the average road
slope. The minimum-energy velocity is reduced as the road
slope increases. For example, the vehicle has the highest fuel
economy at 90 km/h on a �6 degree road slope and 40 km/h on
a 2 degree road slope. Fuel economy on a downhill (negative
road slope) is not meaningful due to fuel cut of modern ICEVs.
Compared with the flat road (zero degree), we see the fuel
economy drops if the road slope is steeper than 2 degree due
to downshift of the transmission.
Fig. 3 demonstrates a very interesting EV-specific energy
behavior such that the least-energy velocity increases as the
road slope increases. Such energy behavior is completely
opposite to that of ICEV. The efficiency maps of an engine
and an electric motor (Fig. 4) show that the motor exhibits the
maximum torque over the wide range of RPM while the engine
exhibits the maximum fuel efficiency only at near 2,000 RPM.
Therefore, an engine should be incorporated with a transmis-
sion that makes it possible to run the engine at close to the
most efficient region, independent to the vehicle velocity. The
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Fig. 1: Validation of the model coefficient extraction.

(a) Range-speed experimental data.

Logging

25 mile driving 65 mile driving 75 mile driving 93 mile driving

Time 
 (s)

ess_pwr_r  
(W)

Energy  
(Ws)

ess_pwr_r  
(W)

Energy  
(Ws)

ess_pwr_
r  
(W)

Energy  
(Ws)

ess_pwr_r  
(W)

Energy  
(Ws)

0 3678.94 3678.94 15706.27 15706.27 21262.37 21262.37 34795.05 34795.05

1 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

2 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

3 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

4 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

5 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

6 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

7 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

8 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

9 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

10 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

11 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

12 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

13 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

14 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

15 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

16 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

17 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

18 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

19 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

20 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

21 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

22 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

23 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

24 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

25 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

26 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

27 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

28 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

29 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

30 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

31 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

32 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

33 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

34 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

35 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

36 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

37 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

38 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

39 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

40 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

41 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

42 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

43 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

44 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

45 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

46 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

47 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

48 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

49 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

50 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

51 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

52 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

53 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

54 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

55 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

56 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

57 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

58 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

59 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

60 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

61 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

62 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

63 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

64 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

65 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

66 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

67 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

68 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

69 3683.15 3683.15 15749.83 15749.83 21337.85 21337.85 34952.66 34952.66

Time 
 (s)

Summary

Sum (25 mile) 1325930.16

Energy total (kWh) 0.37

Used (%) 0.64%

Sum (65 mile) 5669894.31

Energy total (kWh) 1.57

Used (%) 2.74%

Sum (75 mile) 7681551.19

Energy total (kWh) 2.13

Used (%) 3.72%

Sum (91 mile) 12582801.56

Energy total (kWh) 3.50

Used (%) 6.09%

Vehicle specification

Variable

Battery energy 
(kWh)

57.4

GM Bolt (use accumulated power)

Constant driving 
(mile)

25 65 75 93

Constant driving (km/
h)

40 105 121 150

Driving distance (km) 4.02 10.46 12.1 14.5

SoC (%) 99.36% 97.26% 96.28% 93.91%

Range (km) 626.97 381.22 325.50 238.13

Range (mile)

CD = 0.200 % 0.67% -5.17% 6.45% -7.52%

Reference range (km) 622.816 402 305.775 257.5
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m
)
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700

Speed (km/h)
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Simulation results
Real vehicle experiment results

�14

(b) Range comparison with simulation results.

Fig. 2: (a) Range-speed experimental data for Chevrolet
Bolt [36] and (b) comparison with simulation results of the
proposed EV power model.

derived power models are close enough to the real vehicle
measurement data [32], [33], [34], [35], [36]. We refine the
coefficients until all the available data values match well.
As a result, the derived EV power model well matches with
the range-speed experimental data as shown in Fig. 2(b)
as well as the top speed and maximum acceleration setting
the aerodynamic resistance, rolling resistance, curb weight,
etc. with the known values. The errors in the range-speed
simulation is merely 1.4%, the time for 0-to-100 km/h error
is 7.8%, and the top speed error is 3.0%, respectively.

B. Energy consumption comparison between ICEV and EV

We compare power consumption behavior of EV and ICEV
in this section. As most previous fuel economy analysis

TABLE I: Model coefficients for Chevrolet Bolt.

a 0.06 b 9.5549 g 1.0013
d 0.00012 C0 1000 C1 10.588

C2 8.11 C3 0.00032 e 0.6633
z 5813.6
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Fig. 3: (a) Fuel economy of a Ford Escort [37] and (b) energy
consumption of a custom EV [2] on various road slopes and
vehicle velocities.

work is done by energy (fuel) consumption, we compare
energy consumption instead of power consumption for easy
comparison.
Fig. 3(a) shows the fuel economy (range with a liter of fuel
energy) versus ICEV velocity on various road slopes [37]. Red
stars denote the minimum-energy velocity by the average road
slope. The minimum-energy velocity is reduced as the road
slope increases. For example, the vehicle has the highest fuel
economy at 90 km/h on a �6 degree road slope and 40 km/h on
a 2 degree road slope. Fuel economy on a downhill (negative
road slope) is not meaningful due to fuel cut of modern ICEVs.
Compared with the flat road (zero degree), we see the fuel
economy drops if the road slope is steeper than 2 degree due
to downshift of the transmission.
Fig. 3 demonstrates a very interesting EV-specific energy
behavior such that the least-energy velocity increases as the
road slope increases. Such energy behavior is completely
opposite to that of ICEV. The efficiency maps of an engine
and an electric motor (Fig. 4) show that the motor exhibits the
maximum torque over the wide range of RPM while the engine
exhibits the maximum fuel efficiency only at near 2,000 RPM.
Therefore, an engine should be incorporated with a transmis-
sion that makes it possible to run the engine at close to the
most efficient region, independent to the vehicle velocity. The
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P = F
ds

dt
= Fv

= (FR + FA + FG + FI + FB)v

⇡ (FR + FG + FI)v

⇡ (↵+ �sin✓ + �a)mv,

EV physical power consumption Motor energy loss

P = C0 + C1v + C2v
2 + C3Q

2

Q = P/! = (↵+ �sin✓ + �)mr

battery simulation working with EV driving simulation [16],
[17].

III. SYSTEM MODEL AND ESTIMATION

A. Powertrain Model
Power consumption of an EV depends on body shape

including facial area, curbweight, road slope and types of tires
as well as on speed and acceleration of the EV. Figure 1 shows
the dynamic power by a motor rotating with torque T and
angular velocity !. Four resistances acting on a vehicle, where
FR, FG, FI , and FA are respectively the rolling, gradient,
inertia and aerodynamic resistances.

Figure 1. Forces on an EV.

The power consumption at the EV powertrain is the fol-
lowing [17], [16]:

Pdyna = T! = F
ds
dt

= Fv = (FR + FG + FI + FA)v

FR / CrrW, FG / Wsin✓, FI / ma, FA / 1
2
⇢CdAv2

Pdyna ⇡ (↵+ �sin✓ + �a+ �v2)mv
(1)

where Crr, W , ✓, m, v, a, Cd, A are the rolling coefficient,
weight, road slope, vehicle mass, vehicle speed, acceleration,
drag coefficient, and vehicle facial area, respectively. This
relation is simplified as a function of four coefficients ↵, �, �
and �.

The powertrain efficiency of electric motor and drivetrain
is less than 100%. The efficiency depends on the operating
RPM (revolutions per minute) and torque when the EV drives.
On top of that, the drivetrain mechanical movement causes a
power loss while delivering power to the wheels. The following
EV specific power model considers power losses by the motor
and drivetrain [17]:

PEV = Pdyna + C0 + C1v + C2v
2 + C3T

2 (2)

where C0, C1, C2, and C3 are the coefficients for constant
loss, iron and friction losses, drivetrain loss, and copper loss,
respectively.

Unlike ICEVs, the electric motor works like power gen-
erator when when EV reduces its speed. This is done by
regenerative braking system, which converts kinetic energy on
the wheel to electric energy and sends to the battery. The power
generation by regenerative braking is modeled by a function
of the negative motor torque and vehicle speed, as follows:

Pregen = ✏Tv + ⇣ (3)

where ✏ and ⇣ are regenerative braking coefficients.

B. Powertrain Modeling Process
There are several powertrain simulators in academia and

industry. ADvanced VehIcle SimulatOR (ADVISOR) is one
of well-organized vehicle simulators that takes into account
various factors of vehicles including engines, electric traction
motors, types of drivetrains, shape of chassis, etc. [18]. It is
possible to implement a certain type of vehicle in ADVISOR
by setting powertain parameters and simulate various vehicle
driving environments by changing its powertrain or driving
profile. Power consumption, battery state of charge and emis-
sion over time are simulated for a given driving cycle and
vehicle setup.

ADVISOR, however, is not suitable to simulate power
consumption in on-line manner because of its relatively long
runtime. ADVISOR considers overall vehicle dynamics and
energy flow from torque on the wheels to the engine or battery
pack. Overall vehicle simulation results show energy flow in
detail, and this is important for energy analysis. However, it
is not efficient to estimate current load in the battery point of
view and make a decision to find the optimal route or vehicle
velocity.

So, instead of using ADVISOR itself, we adopt the vehicle
powertrain models from (1) to (3) and use ADVISOR for the
extraction of model coefficients. Figure 2 shows overall pro-
cess for the electric bus characterization. The process consists
of three phases: i) parameter setting phase, ii) modeling phase
and iii) simulation phase.

1) Parameter extraction phase: First we choose a vehicle
for the ADVISOR simulation. ADVISOR requires several
parameters and models for the simulation (e.g. motor model,
vehicle chassis model and battery model). Vehicle manu-
facturers officially unveil their vehicle specifications on the
website, such as the maximum motor power and torque and
the time to reach 100 km/h. This information is used to
implement detailed parameters and models for ADVISOR. In
this parameter setting phase, we implement an electric motor
model and a drivetrain efficiency model, and a battery model
for the ADVISOR simulation. We implement a motor torque
map from the maximum motor torque/RPM, the time to reach
100 km/h and vehicle curbweight. We then implement a motor
efficiency map using the torque map, battery size and driving
range. The drivetrain efficiency model is obtained from driving
range and resistances acting on a vehicle where we calculate
resistances using vehicle body shape and type of tires. The
battery model is easily obtained from battery architecture and
the battery cell specification. These models are imported into
ADVISOR system and used to simulate complex energy flow.

2) Modeling phase: ADVISOR simulates energy flow with
an electric vehicle model obtained from Section III-B1 and
a driving cycle. We performs simulations to obtain plentiful
driving data with various vehicle speed and road slope. The
simulation results include power consumption by vehicle speed
and road slope over time. The driving cycles include driving on
flat road with various vehicle speed and acceleration on various
road slope. Test driving on various road slope by distance
is also performed. We use a multi-variable linear regression
method to extract coefficients of the powertrain models from
(1) to (3) [17].

3) Simulation phase: The equation form powertrain
model from (1) to (3) is used to extract power consumption
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EV power consumption model

FRB(regen. brake resistance) = constant

EV power harvesting model

Q = P/! = (↵+ �sin✓ + �)mr

Ptot = Qv + C0 + C1v + C2v
2 + C3Q

2

3

brake force provided by hydraulic brakes, respectively [27].
The coefficients a, b, g, and d correspond to the rolling resis-
tance, gradient resistance, inertia resistance, and aerodynamic
resistance, respectively.
The actual power consumption evaluation of ICEV, i.e., fuel
consumption rate, should take into account the powertrain
efficiency. A simplified model of ICEV fuel consumption
in [4] is written as follows:

PICEV =
Ptrac +Pstart

hICEV

(2)

where Pstart is power consumption of the engine during idling.
The engine efficiency, hICEV , is determined by the gear ratio,
engine speed and engine torque. The gear ratio generally dy-
namically changes by transmission shift. The engine efficiency
is generally not simple enough to explain by analytic functions
and often described as efficiency maps [4].
Adding a traction motor power model in (2) makes (1) and (2)
reflect more realistic EV power consumption characteristics.

PEV =
Ptrac

hEV

(3)

hEV =
Ptrac

Ptrac + kcT 2 + kiw+ kww3 +C

where kc, T , ki, w, kw, C represent a copper loss coefficient,
a motor torque, a coefficient by iron and friction loss, an
angular speed, a windage coefficient, and constant loss, re-
spectively [1].
EVs mostly use regenerative braking during deceleration,
which converts kinetic energy to electric energy except low-
cost golf carts. The harvested energy from regenerative braking
is closely related to the electromagnetic flux inside of the
motor, and the flux is proportional to the motor RPM. The
regenerative braking model of an EV can be simplified as (4)

Pregen = eT v+z (4)

where e and z are regenerative braking coefficients.
The power consumption model (3) is commonly used in
various analytical EV power managements [12], [15], [28].
However, there are still considerable sources of power loss
from the drivetrain. To make a long story short, (1) – (3) do not
accurately explain EV-specific power consumption in various
driving conditions according to our intensive measurement
with real EVs.
In this paper, therefore, we borrow an EV-specific power (EV

⇤)
modeling method considering the loss in EV drivetrain using a
multivariable regression method from the measured power data
and achieve a polynomial fitting [1]. However, we should not
directly use this power model because the model covers only
low-speed EVs, i.e., slower than 35 km/h. Thus, we derive our
own model coefficients in this paper.

PEV ⇤ =
Ptrac

hEV ⇤
(5)

hEV ⇤ =
Ptrac

Ptrac +C0 +C1v+C2v2 +C3T 2

where C0, C1, C2, and C3 mean coefficients for constant
loss, iron and friction losses, drivetrain loss, and copper loss,

respectively. Even if (5) has the same form as (3), the actual
coefficients become different if it reflects the characteristics of
electric powertrain.
ADVISOR is a vehicle simulator that takes into account
various factors of vehicles including engines, electric trac-
tion motors, types of drivetrains, shape of chassis, etc. [29].
ADVISOR is a fast simulator as it simulates a 700 second
vehicle driving in one second. DP is commonly used to derive
the energy-aware-velocity planning of vehicles [10], [12]. The
DP optimization repeatedly computes the vehicle energy in
each distance, velocity and acceleration step, and thus it is
not proper to run ADVISOR in the inner loop of the DP
optimization. For instance, it takes 15 minutes of computation
to derive a 10 minute driving velocity planning profile with a
30-step velocity resolution. This is absolutely not acceptable
for online recomputation that can be caused by unexpected
interrupts while driving. So, instead of using ADVISOR for
the speed optimization, we use ADVISOR for the model
coefficient extraction. In other words, we use the same form
of polynomial as (5) but derive the coefficients by running
ADVISOR.
The proposed methods allows us to produce an updated
solution in a reasonable amount of time if an unexpected
interrupt occurs. For example, if a vehicle accident occurs,
a GPS navigator may perform rerouting to detour the accident
area. The proposed velocity planning should be “recomputed”
for the modified route. After detouring, the new route will
be merged to the original route, and we can still reuse
the previously computed velocity planning for the rest of
travel. While the proposed methods can perform such online
“recomputation,” the previous method that uses ADVISOR in
the inner loop can hardly meet such requirement.
We choose Chevrolet Bolt (1,616 kg curb weight) for the
target vehicle, but our method does not restrict a particular
type of vehicles. Chevrolet Bolt has been produced since
November 2016. Total 26,000 cars have been delivered, and
Bolt is positioned as the third best-selling EV in the United
States. The top speed of Chevrolet Bolt is a 150 km/h. It is
capable of achieving a 6.5 second 0–100 km/h time with a 150
kW electric permanent magnet motor [30]. Chevrolet Bolt is
equipped with a 350 V and 57.4 kWh Lithium-ion battery pack
with 96-series and 3-parallel of 3.65 V cells [31]. Chevrolet
Bolt battery chemistry is Lithium Nickel Manganese Cobalt
Oxide from LG.
We use ADVISOR to extract the model coefficients of new
vehicles starting from known vehicle specifications such as the
aerodynamic resistance, rolling resistance, curb weight, and so
on. Such data is often published in the users’ manual, website
and so forth. We further use the vehicle performance data such
as the top speed, maximum acceleration, and so on, which are
also available on the manuals, commercials and websites. We
iteratively run ADVISOR and derive the model coefficients so
that all the known data values match among each other. The
model coefficient extraction result shows as in Fig. 1. The
normalized root-mean-square (RMS) deviation is 5.1%. Table
I summarizes the model coefficients of (5) for Chevrolet Bolt.
We further evaluate the model accuracy with the range-speed
real vehicle experiments as shown in Fig. 2(a) to confirm the
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new performance metrics for EV, energy-delay product (EDP),
energy-square-delay product (E2

DP) and energy-cubic-delay
product (E3

DP), which demonstrates a practically applicable
energy-aware-velocity planning. The proposed method results
in up to a 43.4% extended driving range without increasing
battery capacity, and a 51.7% improvement of EDP compared
with the least-energy-constant-velocity driving.
We summarize the paper structure as follows. Section II
describes related work for low-energy driving for both ICEV
and EV. Section III introduces analysis of power consumption
of ICEV and EV by the vehicle setup and driving conditions.
This section also compares power consumption characteristics
of EV with those of ICEV and demonstrates why ICEV eco-
driving results can hardly apply to EV. Section IV introduces a
framework to derive EV-specific energy-aware-velocity plan-
ning. In this section, we are first to introduce new performance
metrics and their solution methods to take into account both
driving energy and driving time: energy-delay product (EDP),
energy-square-delay product (E2

DP) and energy-cubic-delay
product (E3

DP). Section V demonstrates the experimental
results. We also visualize the impacts of the model fidelity on
the energy-aware-velocity planning in Section VI. Section VII
is a summary of major technical contribution of this paper.

II. RELATED WORK

Low-energy driving is proposed for ICEVs to assists drivers in
order to save fuel consumption and reduce emissions [3], [4],
[5], [6], [7], [8]. The fuel consumption model is a polynomial
form based on a general vehicle dynamics model and takes
into account the transmission shift position.
There has been low-energy driving research for EVs as well,
but previous research relies on the vehicle dynamics models
such as rolling resistance, gradient resistance, aerodynamic
resistance, and so forth [9], which ignores a loss of energy
transformation from electricity to mechanical energy. Such
simplification makes it impossible to count on the powertrain
efficiency at all, regardless of ICEV or EV.
It has been reported that even EV power models that consider
the motor loss [10], [11], [12] can hardly reproduce correct
EV drivetrain power consumption [1]. This paper demonstrates
how incorrect EV power model can mislead the energy-aware-
velocity planning in Section III.
There have been previous practices that demonstrate how
EVs should change the vehicle velocity to reduce energy
consumption under a given road and traffic conditions. Such
work commonly formulates an offline optimization problem
and uses a dynamic programming (DP) to derive the globally
optimal solution [10], [12], [13], [14]. However, once again,
such work usually uses the vehicle dynamics model for the
EV power model. It borrows the parameters from commercial
vehicles such as the vehicle curb weight, aerodynamic resis-
tance from the vehicle specifications and the rolling resistance
from the tire specifications [10].
An empirical modeling has a potential to achieve more ac-
curate power model of a particular target EV. Related work
fabricates a custom EV, collects the GPS tracking, battery
voltage and battery current and constructs an EV power

consumption model with several parameters [12]. However,
this power model still has important parameters missing that
significantly affect the model fidelity such as friction loss,
iron loss and windage loss in the motor, loss in the drivetrain
and regenerative braking. Inaccurate EV power consumption
model misleads the energy-aware-velocity planning. A more
recent work fabricates a low-speed custom EV and derived
an accurate power model. The power model reflects various
EV-specific factors including regenerative braking and even
for drivetrain loss by regression analysis of a large amount
of driving data. However, the power model is limited to low-
speed EVs and hard to accommodate production EVs [1].
Some work attempts to accommodate more realistic driving
conditions such as traffic signals and stop signs. However,
the results are lack of practicality due to the assumption of
a constant road slope and a constant cruising velocity with
highly simplified EV power models [9], [15], [11].
We recently see a new initiative that attempts to reduce
the energy consumption of cyber-physical systems using
application-aware cross-layer management. Such approaches
apply algorithms, tools and methodologies relevant to de-
sign automation and embedded low-power systems [16]. Just
naming several for instance, energy management for EV
also considers drivers’ behaviors and related EV power con-
sumption to extend range [17], [18]. Electric vehicle battery
packs consist of a large number of battery cells, and it is
crucial to optimize the battery pack architectures in terms
of capacity, cost and reliability [19], [20]. Electric vehicle
battery management systems must be able to accommodate
multi-power sources, provide a good scalability, and mitigate
cell-to-cell variability [21]. Electric vehicles consume a non-
negligible amount of battery energy for non-driving power
components. The related study tries to optimize energy for
heating, ventilation and air conditioning (HVAC) systems
equipped with electric vehicles [22], [23]. A renewable energy
aware pricing scheme minimizes both the community-wide
electricity bill and individual electricity bill [24]. A hybrid
energy storage systems improve efficiency and lifetime without
significant increase of the cost [25], [26].

III. VEHICLE POWER AND ENERGY CONSUMPTION
ANALYSIS

A. The least-energy-constant velocity for cruising

A commonly used vehicle power consumption model is from
the vehicle dynamics equation (1). This model considers
the traction force only assuming a 100% efficiency of the
powertrain (engines, electric motors or both.) Therefore, this
model is applicable to any sort of vehicles but not able to
explain EV-specific power consumption.

Ptrac = F
ds

dt
= Fv = (FR +FG +FI +FA)v

FR µ CrrW, FG µ Wsinq, FI µ ma, and FA µ 1
2

rCdAv
2

Ptrac ⇡ (a+bsinq+ ga+dv
2)mv

(1)

where FR, FG, FI , FA, and FB denote the rolling resistance, gra-
dient resistance, inertia resistance, aerodynamic resistance, and
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brake force provided by hydraulic brakes, respectively [27].
The coefficients a, b, g, and d correspond to the rolling resis-
tance, gradient resistance, inertia resistance, and aerodynamic
resistance, respectively.
The actual power consumption evaluation of ICEV, i.e., fuel
consumption rate, should take into account the powertrain
efficiency. A simplified model of ICEV fuel consumption
in [4] is written as follows:

PICEV =
Ptrac +Pstart

hICEV

(2)

where Pstart is power consumption of the engine during idling.
The engine efficiency, hICEV , is determined by the gear ratio,
engine speed and engine torque. The gear ratio generally dy-
namically changes by transmission shift. The engine efficiency
is generally not simple enough to explain by analytic functions
and often described as efficiency maps [4].
Adding a traction motor power model in (2) makes (1) and (2)
reflect more realistic EV power consumption characteristics.

PEV =
Ptrac

hEV

(3)

hEV =
Ptrac

Ptrac + kcT 2 + kiw+ kww3 +C

where kc, T , ki, w, kw, C represent a copper loss coefficient,
a motor torque, a coefficient by iron and friction loss, an
angular speed, a windage coefficient, and constant loss, re-
spectively [1].
EVs mostly use regenerative braking during deceleration,
which converts kinetic energy to electric energy except low-
cost golf carts. The harvested energy from regenerative braking
is closely related to the electromagnetic flux inside of the
motor, and the flux is proportional to the motor RPM. The
regenerative braking model of an EV can be simplified as (4)

Pregen = eT v+z (4)

where e and z are regenerative braking coefficients.
The power consumption model (3) is commonly used in
various analytical EV power managements [12], [15], [28].
However, there are still considerable sources of power loss
from the drivetrain. To make a long story short, (1) – (3) do not
accurately explain EV-specific power consumption in various
driving conditions according to our intensive measurement
with real EVs.
In this paper, therefore, we borrow an EV-specific power (EV

⇤)
modeling method considering the loss in EV drivetrain using a
multivariable regression method from the measured power data
and achieve a polynomial fitting [1]. However, we should not
directly use this power model because the model covers only
low-speed EVs, i.e., slower than 35 km/h. Thus, we derive our
own model coefficients in this paper.

PEV ⇤ =
Ptrac

hEV ⇤
(5)

hEV ⇤ =
Ptrac

Ptrac +C0 +C1v+C2v2 +C3T 2

where C0, C1, C2, and C3 mean coefficients for constant
loss, iron and friction losses, drivetrain loss, and copper loss,

respectively. Even if (5) has the same form as (3), the actual
coefficients become different if it reflects the characteristics of
electric powertrain.
ADVISOR is a vehicle simulator that takes into account
various factors of vehicles including engines, electric trac-
tion motors, types of drivetrains, shape of chassis, etc. [29].
ADVISOR is a fast simulator as it simulates a 700 second
vehicle driving in one second. DP is commonly used to derive
the energy-aware-velocity planning of vehicles [10], [12]. The
DP optimization repeatedly computes the vehicle energy in
each distance, velocity and acceleration step, and thus it is
not proper to run ADVISOR in the inner loop of the DP
optimization. For instance, it takes 15 minutes of computation
to derive a 10 minute driving velocity planning profile with a
30-step velocity resolution. This is absolutely not acceptable
for online recomputation that can be caused by unexpected
interrupts while driving. So, instead of using ADVISOR for
the speed optimization, we use ADVISOR for the model
coefficient extraction. In other words, we use the same form
of polynomial as (5) but derive the coefficients by running
ADVISOR.
The proposed methods allows us to produce an updated
solution in a reasonable amount of time if an unexpected
interrupt occurs. For example, if a vehicle accident occurs,
a GPS navigator may perform rerouting to detour the accident
area. The proposed velocity planning should be “recomputed”
for the modified route. After detouring, the new route will
be merged to the original route, and we can still reuse
the previously computed velocity planning for the rest of
travel. While the proposed methods can perform such online
“recomputation,” the previous method that uses ADVISOR in
the inner loop can hardly meet such requirement.
We choose Chevrolet Bolt (1,616 kg curb weight) for the
target vehicle, but our method does not restrict a particular
type of vehicles. Chevrolet Bolt has been produced since
November 2016. Total 26,000 cars have been delivered, and
Bolt is positioned as the third best-selling EV in the United
States. The top speed of Chevrolet Bolt is a 150 km/h. It is
capable of achieving a 6.5 second 0–100 km/h time with a 150
kW electric permanent magnet motor [30]. Chevrolet Bolt is
equipped with a 350 V and 57.4 kWh Lithium-ion battery pack
with 96-series and 3-parallel of 3.65 V cells [31]. Chevrolet
Bolt battery chemistry is Lithium Nickel Manganese Cobalt
Oxide from LG.
We use ADVISOR to extract the model coefficients of new
vehicles starting from known vehicle specifications such as the
aerodynamic resistance, rolling resistance, curb weight, and so
on. Such data is often published in the users’ manual, website
and so forth. We further use the vehicle performance data such
as the top speed, maximum acceleration, and so on, which are
also available on the manuals, commercials and websites. We
iteratively run ADVISOR and derive the model coefficients so
that all the known data values match among each other. The
model coefficient extraction result shows as in Fig. 1. The
normalized root-mean-square (RMS) deviation is 5.1%. Table
I summarizes the model coefficients of (5) for Chevrolet Bolt.
We further evaluate the model accuracy with the range-speed
real vehicle experiments as shown in Fig. 2(a) to confirm the
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November 2016. Total 26,000 cars have been delivered, and
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aerodynamic resistance, rolling resistance, curb weight, and so
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and so forth. We further use the vehicle performance data such
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that all the known data values match among each other. The
model coefficient extraction result shows as in Fig. 1. The
normalized root-mean-square (RMS) deviation is 5.1%. Table
I summarizes the model coefficients of (5) for Chevrolet Bolt.
We further evaluate the model accuracy with the range-speed
real vehicle experiments as shown in Fig. 2(a) to confirm the

Ptot = Qv + C0 + C1v + C2v
2 + C3Q

2

We do not consider the acceleration/deceleration occurring
in correspondence to speed changes. Such approximation is
not critical however, because the acceleration energy is small
compared with the total energy consumption of each segment:
acceleration/deceleration seldom last more than a few seconds.

IV. SIMULATION RESULTS

We implemented a powertrain model of a BYD K9 bus
from the vehicle specification and experiment results [4], [22],
[23]. The gross vehicle weight of BYD K9 is 18,000 kg, and
the facial area of K9 is 2.55 by 3.36 m. K9 includes two elec-
tric motors that the maximum motor torque and power are 350
Nm and 90 kW. The motor type is in-wheel BYD-TYC90A
Brushless Permanent Magnet Synchronous Motor. Maximum
RPM is 7,500, and gear box ratio is 17.7:1. Manufacturers
unveiled driving range of K9 as average 250 km based on
their experience. Battery size is 320 kWh, and the maximum
road slope to climb is 15%.

A. Vehicle Parameter Extraction
We use [24] to set parameters of the electric motor that the

institute tested BYD electric bus more than eight months (from
August 29, 2013 to May 13, 2014). They reported acceleration
test including top speed (43 mph), zero to 10 mph, 20 mph,
30 mph, 40 mph and top speed. We extract (a) the maximum
motor torque map and (b) maximum motor power by RPM as
shown in Figure 5 with repeated ADVISOR simulations.

MC PM 100kW motor in Advisor library
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(a) Maximum motor torque map. (b) Maximum motor power.

Figure 5. Motor parameter extraction results. (a) is the maximum motor
torque map and (b) is maximum power map.

We specified the detailed vehicle parameters as shown in
Figure 6, which shows ADVISOR user interface for parameter
setting. The motor, efficiency and battery models are imported
into ADVISOR, and based on the simulation results, we
set the parameters so that the simulation results follow the
experimental results. Figure 7 shows the difference between
experimental results and simulation results of driving range.
We set the parameters for drivatrain efficiency to follow the
trend of driving range by vehicle speed. There are about 200
km range difference between two lines. However, the range
trend by the speed is similar enough. Also, the range difference
is resolved by updating battery model in the following section.

B. Vehicle powertrain modeling
Then, we extracted the coefficients of (1), (2) and (3) with

a number of ADVISOR simulations. Table I summarizes the
model coefficients of BYD K9. Figure 8 shows the difference

Figure 6. ADVISOR simulation setup.
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Figure 7. Driving range validation under efficiency parameter setting.

between the estimation of power consumption by the vehicle
simulator and the powertrain models; the normalized root-
mean-square error is 9.12%.

Table I. MODEL COEFFICIENTS FOR BYD K9.

↵ 0.098 � 9.7562 � 1.2016 � 0.0001
C0 1000.0 C1 1378.2 C2 0.00001 C3 0.000015
✏ 0.4095 ⇣ 2178.5

C. Vehicle Simulation Setup
In our experiment, we followed the battery pack configura-

tion provided by BYD to build our battery model. The battery
is LiFePO4 (Lithium Iron Phosphate) with 540 V battery pack
voltage. The battery pack consists of three battery modules,
which has 108 kWh capacity. We assumed that each battery
cell in the pack is ideally balanced in the following experi-
ments, then built battery pack model as section III-A indicated.
Concerning the regenerative braking phase, we assume that
charging efficiency is 20%, which means that 20% of the
kinetic energy is converted to electric energy and transferred
into the pack.

D. Case study 1: Fast Driving Energy Estimation
We extract a route going to Technische Universitat

Munchen (TUM) and another one returning from TUM as
shown in Figure 9. Table II summarize information of the
routes: distance, average slope along the route and average
vehicle speed.
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Figure 9. Routes from home to TUM and vice versa.

Table II. A ROUTE INFORMATION.

Route Distance (km) Avg. slope (degree) Avg. speed (km/h)
Home to TUM 31.2 -0.1728 24.67
TUM to Home 26.2 0.2221 22.24

The simulation results for the routes are performed in
Figure 10. The first two figures show the road altitude from
home to TUM and the speed profile that we obtained the profile
from road speed limit and Google Maps traffic information.
The third figure shows the corresponding power and energy
consumption over time. The power consumption is low in the
first half compared with another half because the degree of
negative slope along the road is high. Fourth and fifth figures
show the road altitude and speed profile from TUM to home.
The sixth figure shows the power and energy consumption.
The road slope is positive in this case. Therefore, energy
consumption is higher than the energy consumption to go to
TUM. The driving distance going to TUM is longer than the
route returning from TUM. However, the energy consumption
to go to TUM (27.4 kWh) is nearly 10% lower than the energy
consumption to return from TUM (30.8 kWh) because of road
slope. The proposed equation-form energy model helps us to
estimate the energy consumption along the road slope and
traffic immediately and to decide which route is economic
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Figure 10. Simulation result from home to campus (first to third figures) and
from the campus to home (fourth and sixth figures).

based on the fast simulation results.

E. Case Study 2: Battery Size Analysis
One important merit of the proposed power model is to

estimate energy consumption in a short time, which is useful to
iteration-based parameter sizing. For example, we can find the
optimal battery size using iterative vehicle simulation. Short
simulation time is mandatory in this approach. We perform
driving simulation on flat 100 km distance with different
battery pack size. We assume that the vehicle speed is 50 km/h,
which is average bus speed in suburb of the city. We assume
that the battery pack voltage is the same, and additional battery
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The optimal battery size is derived using the iteration-based problem 
solver 
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Estimate below for the same driving profile 
Driving range 
Energy consumption and driving efficiency (Wh per meter)
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modules attached in parallel. We assume that the battery pack
is ideally balanced during battery charging and discharging.

We performed the vehicle simulations by changing the
battery size from 70% of nominal battery size of BYD K9
to to 130%. Figure 11 shows the simulation results. As we
increase battery size, the driving range also increase. However,
the driving efficiency (energy consumption per unit distance)
decreases because of the increase in battery weight. The driv-
ing range increases nearly 28% if we increase the battery size
by 30%. On the other hand, the driving efficiency decreases up
to 21%. Therefore, we should carefully decide the battery size
with the consideration of cost of electricity per unit distance
(efficiency) and bus service time (driving range with a fully
charged battery).
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Figure 11. Simulation results by battery size.

V. CONCLUSION

We have proposed an improved EV range estimator in-
corporating (i) the parameter extraction for complex EV sim-
ulation, (ii) equation-form powertrain modeling by coefficient
extraction and (iii) fast vehicle energy simulation with a traffic-
and altitude-aware driving cycle. We introduce two case studies
as application of the proposed range estimator: (i) fast energy
consumption estimation along the route information and (ii)
bus battery sizing considering driving efficiency and range.

The estimator can work either offline, by estimating the
range upfront without intermediate updates like a traditional
GPS navigator, or online, refining the estimate at the cost
of a route re-calculation. Our range estimator is meant as a
“plug-in” for traditional or traffic-aware (e.g., Google Maps)
GPS navigators, allowing route decisions besides traditional
information based on travel time and route distance.
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We can pick the best battery size 
for the electric bus’s purpose



Conclusion

Electric bus powertrain modeling 
Conventional vehicle estimator is accurate but slow for online 
estimation or optimization problem 
We suggest fast but accurate powertrain modeling  

Extract vehicle component parameters 
Use simulation results 
Extract coefficients of powertrain model  

Case studies with the fast powertrain model 
Estimate power/energy consumption online manner  
Show the range/energy/efficiency by the battery size 
Fast powertrain model can be utilized for the various area! 
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