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Abstract: Incorrect autonomous driving decisions on highways can lead to traffic congestion and accidents. Therefore, accurate decision-
making in highways is essential. However, decision-making in highways is a challenging task due to the complexity of traffic situations.
Thus, reinforcement learning is an appropriate approach for decision-making in highways. However, a domain gap often arises between the
training and testing environments due to differences in them. Therefore, a curriculum-based domain randomization approach is applied,
which progressively adjusts the level of random parameters. The RL model is trained using the SUMO simulator and tested in the MORAI
simulator, where white noise is added to simulate real-world conditions. Consequently, applying curriculum domain randomization has the
lowest collision rate.
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Algorithm 1 : Highway Decision-Making Algorithm

Input: All vehicle state initialization values
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Table 5. The training hyperparameters for D3QN.

kel #*
Discount facctor 0.99
Learning rate 0.0005
Initial exploration constant 1
Final exploration constant 0.05
Max episode 80000
number of Vehicle 20
batch size 32
Number of Conv layer 2
Number of FC layer 2
Sensor Resolution 2

B)
19 6. SUMO A& °]H (A)2F MORAI A E&°]H (B).
Fig. 6. SUMO simulator (A) and MORAI simulator (B).
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Table 6. Experiment scenario.
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Fig. 7. Noise distribution by relative distance (A) and episode (B).
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Table 7. Result of SUMO simulator.

Scenario 1 Scenario 2

58| W ST | 5EE | WSS
©) | s | ) |
Only D3QN[22] | 5.71 2571 25.71 2522
DR-D3QN[10] | 17.14 14.28 14.28 15.52
CDR-D3QN 11.42 24.61 17.14 24.01

o{w

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6
A &8 o E SUMO SUMO MORAI MORAI MORAI MORAI
A o]= 9 0 [-1.5,1.5] 0 [-1.5,1.5] [-2.0,2.0] [-2.5,2.5]
S A= 20 20 50 50 50 50
g A &5 W 29)(mjs) [0, 35] [0, 35] [0, 30] [0, 30] [0, 30] [0, 30]
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Fig. 8. Overtaking sequence.
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Fig. 9. Overtaking sequence for a vehicle in a merging situation.
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Table 8. Result of MORAI simulator.

Scenario 3 Scenario 4 Scenario 5 Scenario 6
TEE | BT EE TEE Pt &= TEE | BT &= TEE Pt &=
(%) (/s) (7o) (y/'s) (%) (/s) (%) (my/s)
Only-D3QN [22] 20.00 19.87 30.00 20.72 36.66 20.08 26.66 19.62
filter-D3QN 6.66 21.19 13.33 20.90 23.33 20.92 13.33 20.03
CDR-D3QN 0.00 20.07 3.33 20.29 10.00 20.17 6.66 19.67
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