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Environmental issues have become a global concem recently. Countries worldwide are making efforts for carbon neutrality.
In the automotive industry, focus has shifted from internal combustion engine vehicle to eco-friendly vehicles such as
Electric Vehicles (EVs), Hybrid Electric Vehicles (HEVs), and Fuel Cell Electric Vehicles (FCEVs). For driving strategy,
research on vehicle driving method that can reduce vehicle energy consumption, called eco-driving, has been actively
conducted recently. Conventional cruise mode driving control is not considered an optimal driving strategy for various
driving environments. To maximize energy efficiency, this paper conducted research on eco-driving strategy for EVs-based
on reinforcement learning. A longitudinal dynamics-based electric vehicle simulator was constructed using MATLAB Simulink
with a road slope. Reinforcement learning algorithms, specifically Deep Deterministic Policy Gradient (DDPG) and Deep Q-
Network (DQN), were applied to minimize energy consumption of EVs with a road slope. The simulator was trained to
maximize rewards and derive an optimal speed profile. In this study, we compared learning results of DDPG and DQN
algorithms and confirmed tendencies by parameters in each algorithm. The simulation showed that energy efficiency of EVs
was improved compared fto that of cruise mode driving.
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Fig. 1 EV simulator with battery, motor, final drive, vehicle and driver model for eco-driving
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Table 1 Vehicle specification

Component Value
Vehicle mass 1,644.3 [kg]
Max 295 [N-m ],
Motor Max 11,000 [RPM],

Max 100 [kW]

Final drive Efficiency: 96%, Gear Ratio: 7.4
Battery Li-ion, Capacity: 118 [Ah]
Road load fo : 53.90
coefficient fi:0.21
f,:0.02
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Table 2 DQN algorithm parameter with respect to number of action

Parameter Value
Learn rate 10
Weighting coefficient, o 0.01
Number of minibatch size 64
Number of action 500, 1000, 1500
Number of episode 1000
Number of action SOC [%] Cruise speed [km/h]
500 -0.55 60.1
1000 -0.47 59.7
1500 -0.38 (53185

(a) Cruise speed and improved SOC of DQN algorithm

Altitude [m]
Current Speed [km/h]

Time [sec]

(b) Speed profile for 500 Actions

Fig. 7 DQN algorithm parameter with respect to number of action

Table 3 DQN algorithm parameter with respect to learn rate

Parameter Value
Learn rate 102~10°
Weighting coefficient, o 0.01
Number of minibatch size 64
Number of action 500
Number of episode 1000
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Fig. 8 DQN algorithm parameter with respect to learn rate

Table 4 DQN algorithm parameter with respect to weighting
coefficient ¥

Parameter Value
Learn rate 10
Weighting coefficient, o 0.01
Coefficient of y, ¢ 1, 10, 50, 100, 1000
Number of minibatch size 64
Number of action 500
Number of episode 1000
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Coefficient, ¢ SOC [%] | Cruise speed [km/h]
1 -44.7 61.1
10 -0.47 59.7
50 -0.25 59.7
100 1.23 54.4
1000 3.17 52.7

(a) Cruise speed and improved SOC of DQN algorithm
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Fig. 9 DQN algorithm parameter with respect to weighting
coefficient y

Table 5 DDPG algorithm parameter with respect to critic learn rate

Parameter Value
Critic learn rate 10%~10¢
Actor learn rate 10"
Weighting coefficient, o 0.01
Number of minibatch Size 64
Number of episode 1000
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Fig. 10 DDPG algorithm parameter with respect to critic learn rate

Table 6 DDPG algorithm parameter with respect to actor learn rate

Parameter Value
Critic learn rate 10*
Actor learn rate 10%~10°
Weighting coefficient, o 0.01
Number of minibatch size 64
Number of episode 1000
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Actor learn rate | SOC [%] | Cruise speed [km/h] Coefficient,a SOC [%] | Cruise speed [km/h]
10-3 -0.41 60.8 0.01 +0.03 60.1
104 +0.03 60 1 0.02 +0.62 59.5

0.03 +1.22 59.4
1075 -0.19 60.6
- 0.04 +0.08 60.5
10 +1.12 64.8 0.05 -0.31 59.5
(a) Cruise speed and improved SOC of DDPG algorithm 0.06 +0.69 60.4
‘ 0.07 +0.13 59.1
oo 0.08 -0.30 60.2
0.09 -0.17 60.6
0.1 +0.38 60.1
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Fig. 11 DDPG algorithm parameter with respect to actor learn rate é %
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Table 7 DDPG algorithm parameter with respect to weighting 5
coefficient a
Parameter Value ‘ ‘ Time"[sec]
Critic learn rate 10" () Speed profile at .= 0.06
-4 . . . C .
Actor learn rate 10 Fig. 12 DDPG algorithm parameter with respect to weighting
Weighting coefficient, o 0.01-0.1 coefficient o
Number of minibatch size 64
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