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Action Constrained Deep Reinforcement Learning Based Safe Automatic Driving Method
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Abstract With the development of artificial intelligence, the field of autonomous driving is also growing. The deep reinforcement
learning (DRL) method is one of the main research methods in this field. DRL algorithms have been reported to achieve excellent
performance in many control tasks. However, the unconstrained exploration in the learning process of DRL usually restricts its
application to automatic driving. For example,in common reinforcement learning (RL) algorithms.an agent often has to select an
action to execute in each state although this action may result in a crash,deteriorating the performance,or even failing the task.
To solve the problem,this paper proposes a new method of action constrained with the soft actor-critic algorithm (CSAC) where
the ‘NO-OP’ (NO-Option) identifies and replaces inappropriate actions.and we test the algorithm in the lane-keeping tasks. The
method firstly limits the environmental reward reasonably. When the rotation angle of the driverless car is too large,it will shake,
then a penalty term will be added to the reward function to avoid the driverless car falling into a dangerous state as far as possi-
ble. The contributions of this paper are as follows: first, we incorporates action constrained function with SAC algorithm, which
achieves faster learning speed and higher stability; second, we propose a reward setting framework that overcomes the shaking

and instability of driverless cars,achieving a better performance;finally,we trains the model in the unity virtual environment for
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evaluating the performance and successfully transplant the model to a donkey driverless car.
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Table 1 Experimental environment hyperparameters
Parameter SAC-Value
optimizer Adam
discount ¥ 0.9

learning rate 0.0003
replay buffer size 300000
train frequency 3000
gradient steps 100
learning starts 1000
number of hidden units per layer 256
number of samples per minibatch 64
nonlinearity RelLU
target update interval 10
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Comparison experiments of angle control and maximum throttle parameters in automatic drive

simulator environment
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Fig. 8 Generated Road training performance

% 2 “Generated Road” #5381 #5151ty i 5k,

Table 2 Comparison of testing in Generated Road

Algorithm Success rate/ % Average Reward  Max Reward
SAC 76.9 2908 3169
CSAC 81.4 3061 3180
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Table 3 Comparison of testing in Generated Track

Algorithm Success rate/ % Average Reward  Max Reward
SAC 76.3 2012 3340
CSAC 79.1 2407 3362
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Fig. 10 Autonomous driving testing environment diagrams
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Table 4 Test in Donkey car

Road Success time/s Speed/(m/s)
1 12 1.2
2 28 2.8
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