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A Discrete Soft Actor-Critic Decision-Making
Strategy with Sample Filter for Freeway

Autonomous Driving
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Abstract—Autonomous driving is a promising technology to
reduce traffic accidents and improve driving efficiency. Although
significant progress has been achieved, existing decision-making
systems of autonomous vehicle still cannot meet the safety and
driving efficiency requirements in highly dynamic environments.
In this work, we design a discrete decision-making strategy based
on the discrete soft actor-critic with sample filter algorithm
(DSAC-SF) to improve driving efficiency and safety on freeways
with dynamics traffic. Specifically, we first propose a sample
filter method for discrete soft actor-critic, which improves the
sample efficiency and stability of the algorithm via enhancing
the utilization of effective samples. Subsequently, we construct
the discrete decision-making strategy for autonomous driving
based on the DSAC-SF algorithm, and further design the area
observation method and the multi-objective reward function
to improve the driving safety and efficiency. Finally, we carry
out comparison and ablation experiments on the the scalable
multi-agent reinforcement learning training school (SMARTS)
simulation environment. Experimental results indicate that our
strategy obtains a high success rate and a fast vehicle speed in
the decision-making tasks on freeways. Moreover, our DSAC-
SF algorithm also achieves improved performance in training
efficiency and stability compared to the commonly used discrete
reinforcement learning algorithm.

Index Terms—Discrete decision-making, autonomous driving,
deep reinforcement learning, soft actor-critic

I. INTRODUCTION

THE revolution of modern vehicles brings us not only great
convenience but also traffic accidents. Statistics show that

about 90% of traffic accidents are caused by driver’s improper
operation [1]. Autonomous driving is a promising solution to
reduce traffic accidents and improve traffic efficiency [2–5]. As
the brain of autonomous driving, decision-making is critical to
the study of autonomous driving technologies [6–8]. Although
some significant achievements [9–12] have been obtained in
decision-making on various scenarios in recent years, there is
still a long way to go for a safe and efficient decision-making
strategy for autonomous driving.

The sequential decision properties of reinforcement learning
(RL) algorithms are consistent with the decision-making pro-
cess of autonomous driving. Therefore RL has been widely
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studied in the decision-making task of autonomous driv-
ing [13]. However, there are still many deficiencies in the
previous research on autonomous driving decision-making
tasks based on RL. In particular, to explore the optimal action
sequence, randomness needs to be added to the policy explo-
ration process [14, 15]. This results in the collected transitions
containing a mass number of redundant cases, such as vehicles
crashing into the same place consecutively. These duplicated
redundant samples reduce the sample efficiency and stability of
the algorithm. The priority experience replay strategy improves
the stability of the algorithm and the utilization of favorable
samples via selective replay experience [16, 17], but this
setting tends to cause the algorithm to converge to a local
optimum. In addition, The value distribution RL [18, 19]
replaces the maximization of the Q-value via maximizing the
Q-value distribution function, which effectively eliminates the
local optimum caused by the Q-value estimation, however it
does not eliminate the problem of sample inefficiency caused
by repeated redundant samples. The above algorithms improve
the performance of the algorithm via various settings, but they
do not solve the problems of sample inefficiency and algorithm
instability caused by repeated redundant samples.

To solve the problem of sample inefficiency and algorithm
instability caused by repeated redundant samples, we propose
a discrete soft actor-critic strategy with sample filter algo-
rithm (DSAC-SF). Furthermore, we design a discrete decision-
making strategy for autonomous driving based on DSAC-SF to
improve driving efficiency and safety. The main contributions
of this work are listed as follows:

• We establish two sample pools to store the current
episode and training samples respectively. Based on this,
we propose a discrete soft actor-critic with sample filter
algorithm to eliminate the problem of sample inefficiency
caused by repeated redundant samples.

• We propose an area observation method to improve the
accuracy of traffic information observation via dividing
multiple areas to extract and automatically supplement
default information.

• We design a decision-making strategy based on the
DSAC-SF, and extensive simulation experiments indicate
that our strategy can provide competitive performance
under both sparse and dense traffic flows.

II. PRELIMINARIES AND PROBLEM FORMULATION

Before we introduce the decision-making strategy based
on DRL, we first briefly describe the reinforcement learning

This article has been accepted for publication in IEEE Transactions on Vehicular Technology. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TVT.2022.3212996

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Anhui Normal University. Downloaded on January 18,2023 at 03:58:25 UTC from IEEE Xplore.  Restrictions apply. 



IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY 2

and decision-making of autonomous driving, and clarify the
problem that this study needs to address in this section.

Reinforcement Learning. We consider the environment
formulation as a Markov Decision Process (MDP) to be
defined by the tuple (S,A,P,R, γ), where S is the state
space, A is the action space, P : S ×A×S → [0, 1] denotes
the state transition probability, R : S × A → R represents
the reward function, and γ ∈ (0, 1] is the discount factor,
A policy π is a mapping S × A → [0, 1]. The objective
of standard RL is to maximize the expected sum of reward
Gt = max

∑∞
i=0γ

ir(st+i, at+i). This objective can be modi-
fied to maximize the entropy αH(π(·|st)) = −αlogπ(·|st) by
augmenting the expected entropy of policy over τπ:

π∗ = argmax
π

T∑
i=0

E(st,at)∼τπ

[
γi
(
r(st+i, at+i)− αlogπ(·|st)

)]
(1)

where α is the temperature parameter that determines the
relative importance of the entropy term versus the reward.

The advantage of the maximum entropy is that it can
encourage a wider exploration [20], capture a variety of
near-optimal behavior with equally attractive, and meanwhile
give up promising avenues. Therefore, the performance of
maximum entropy RL is often more robust and better than
traditional RL methods.

Decision-making of autonomous driving. The decision-
making of autonomous driving is to make reasonable decisions
based on the traffic environment information within a certain
range around the ego vehicle. The mathematical formula can
be written as:

d = f(o1, · · · , oi) (2)

where d is the decision order, oi is the observed traffic
environment information, including vehicle speed, pose, road
curvature, etc.

The sequential decision properties of RL are consistent
with the decision-making process of autonomous driving.
Therefore, RL is widely adopted for the decision-making
task of autonomous driving. However, previous studies over-
simplified the scenario in the process of extracting observa-
tion information, and they seldom considered the problem
of default information supplementation for special scenar-
ios [21, 22]. Furthermore, prior RL algorithms are sample in-
efficient. Therefore, this work aims to provide a RL algorithm
with high sample efficiency, and design a discrete decision-
making strategy based on the algorithm to improve the driving
efficiency and safety of the decision-making model.

III. DRL-BASED DECISION-MAKING STRATEGY

In this section, the DSAC-SF algorithm is proposed. Fur-
thermore, we present the discrete decision-making strategy
based on the proposed algorithm for autonomous driving.

A. Discrete Soft Actor Critic with Sample Filter Algorithm

1) Sample Filter Method.: To explore optimal action se-
quences, randomness needs to be added to the policy explo-
ration process. This results in the sampled transitions contain-
ing a mass of redundant failure cases, such as the vehicle

crashing into the same place consecutively. Redundant failure
samples can easily reduce the convergence speed and stability
of the strategy. Oversampling of high value instances has been
shown to accelerate training in a variety of gym and Atari
video game environment. This Conclusion can be calculated
by the Bellman equation of the Q value:

Q(st, at) =
∑

st+1∼p

p(st+1|st, at)

[
r(st, at, st+1)

+ γ
∑

at+1∼π

π(at+1|st+1)Q(st+1, at+1)

] (3)

We assume
∑

st+1∼p
p(st+1|st, at) =

∑
st+1∼ph

ph(st+1|st, at) +∑
st+1∼pl

pl(st+1|st, at), then Equation. 3 can be written as:

Q(st, at) =
∑

st+1∼ph

[
ph(st+1|st, at)r

h(st, at, st+1)
]
+

∑
st+1∼pl

[
pl(st+1|st, at)r

l(st, at, st+1)
]
+ γ

∑
st+1∼p
at+1∼π

Q(st+1, at+1)

(4)
where ph(st+1|st, at) is the transition probability correspond-
ing to a high reward of action reward value rh(st, at, st+1),
and pl(st+1|st, at) is the transition probability corresponding
to a low-value reward of action reward value rl(st, at, st+1).
Equation. 4 shows that increasing the sampling probability
ph(st+1|st, at) of high value instances can improve the Q-
value estimate for the dominant action, thereby accelerate
strategy training. However, unbalanced sampling can easily
lead to network over-fitting. Therefore, in the process of
improving the sampling of high-value instances, it is necessary
to ensure that low-value transitions are sampled.

Algorithm 1 Discrete Soft Actor-Critic with Sample Filter
1: Initialize θm,1, θm,2, ϕ, θt,1,θt,2,α
2: Initialize Dte, Dtr

3: for each episode do
4: for each environment step do
5: at ← πϕ(at|st) ; st+1 ← p(·|st, at) ; rt ← r(at, st)
6: Dtr ← Dtr ∪ {st, at, rt, st+1}
7: end for
8: if ((m%Nf == 0) ∪ (m < nf )) ∩ (Equation 5) then
9: for j ∈ environment step do

10: if i > Dn,max then
11: i← i%Dn,max

12: end if
13: Dte [i]← Dtr [j] ; i← i+ 1
14: end for
15: end if
16: for each gradiant step do

17: JQ (θ)← ED∼Dte

[(
Qθm,i(st, at)− Q̂ (st, at)

)2]
18: Jπ (ϕ)← πϕ(·|st)T

[
α log (πϕ (·|st))−Qθm,i(st, at)

]
19: J(α)← π(·|st)T

[
−α

(
log (πt (·|st)) +H

)]
20: θm,i ← θm,i − λQ▽̂θm,i

J (θm,i); i ∈ {1, 2}
21: ϕ← ϕ− λπ▽̂ϕJπ(ϕ)

22: α← α− λ▽̂ϕJπ(ϕ)

23: Q̂t,i ← τQm,i + (1− τ)Q̂t,i; i ∈ {1, 2}
24: end for
25: end for
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Fig. 1. The system framework of discrete decision-making strategy for autonomous driving. The system includes three modules: environment observation
module, discrete decision-making model module and intelligent vehicle module.

According to the above analysis, we propose a sample filter
method to improve the utilization of effective samples for
DRL-based decision-making strategy, thereby improving the
learning efficiency and stability of the model. Two sample
pools are constructed, and then a sample filter strategy is
established in this method. Specifically, a temporary sample
pool and a permanent sample pool are built, with the temporary
sample pool is used to collect samples of the current episode,
and the permanent sample pool is used to store training
samples for the DRL model. Furthermore, the sample filter
strategy is used to determine whether the current episode
sample can be added to the permanent sample pool.

As shown in Algorithm 1, we store the collected samples
{st, at, rt, st+1} of the current episode into the temporary
sample pool Dtr. After the end of the current episode, the
following conditions are used to determine whether the sam-
ples of the temporary sample pool Dtr need to be added to
the permanent sample pool Dte. The judgment condition can
be written as:

E (rep)Dtr
> kepE(rep)Dte ∪ E (rst)Dtr

> kstE (rst)Dte
(5)

where kep and kst are the relaxation factors of the judg-
ment condition, and kep, kst ∈ (0, 1]. E (rep)Dte

, E (rst)Dte

denote the average expected reward of each episode and
step of permanent sample pool Dte, respectively. E (rst)Dtr

,
E (rst)Dtr

represent the average expected reward of each
episode and step of temporary sample pool Dtr, respec-
tively. In addition E (rep)Dtr

=
∑n

i=1 γ
i−1ri, E (rst)Dtr

=
1
n

∑n
i=1 γ

i−1ri, E (rep)Dte
= 1

m

∑m
j=1

[∑n
i=1 γ

i−1ri

]
j
,

E (rst)Dte
= 1

m·n
∑m

j=1

[∑n
i=1 γ

i−1ri

]
j
. where the n is the

number of steps in the current episode, m is the number of
episodes.

To prevent overfitting, we add samples from the temporary
pool to the permanent pool every mf episodes without filter-
ing. In addition, samples need to be collected quickly in the
early stage of model training, so the samples of the samples
of the first nf episodes when the model start sampling does
not need to be filtered.

2) Discrete Soft Actor-Critic Algorithm.: The DSAC al-
gorithm is based on the Soft Actor-Critic (SAC) algorithm
to change the mean µ and variance σ of the output of the
policy network to the probability of discrete actions. In the
process of strategy training, we apply the categorical distribu-
tion sampling method instead of the epsilon-greedy strategy.
Since the uncertainty of the categorical distribution, the ac-

tion exploration ability of the strategy is improved and the
hyperparameters of the strategy are reduced. If the variable X
obeys the categorical distribution and the probability vector of
the variable X in the action spaces is P = [α1, α2, · · · , αk]

T ,
then the probability of the variable X in the sampling can be
written as:

p(X = xi) = αi; xi ∈ {1, 2, · · · , k} (6)

where xi ∈ {1, 2, · · · , k} is the action spaces of the Variable
X , and the probability vector of the variable X satisfies∑k

i=1 αi = 1.
Since DSAC is based on the SAC algorithm, it has an

actor-critic network framework and includes three processes:
actor update process, critic update process and temperature
coefficient update process.

Actor update process. This process explores the policy by
maximinzing the reward value. For this reason, the soft Q-
function value is employed to guide changes to the policy. So
the policy loss function Jπ(ϕ) can be written as:

Jπ (ϕ) = πϕ(·|st)T
[
α log (πϕ (·|st))− min

i=1,2
Qθm,i(st, at)

]
(7)

where πϕ(·|st)T is the vector transpose of the πϕ(·|st).
Critic update process. This process sets up the mean-

squared Bellman error (MSBE) loss for each Q-functions using
this kind of sample approximation for the target. As a result,
the loss functions JQ (θ) for the Q-networks and the parameter
method can be written as:

JQ (θ) = E(st,at,rt,st+1)∼D

[(
Qθi
i=1,2

(st, at)− Q̂ (st, at)

)2]
(8)

Q̂ (st, at) = r (st, at) + γ(1− d)Est+1∼p(·|st,at)

[
V̂ (st+1)

]
(9)

V̂ (st+1) = π (·|st+1)
T
[
min
i=1,2

Qθt,i (st+1, at+1)− α log (π (·|st+1))
]

(10)

where D is the sample buffer. Qθm,i(st, at) is the action value
of at action in state st. θm,i,θt,i are the main and target Q
network parameters, respectively.

The temperate parameter update process. The temperate
parameter α as a hyper-parameter is hard to set. Thus, an
optional way of learning the parameter which refer to the
research provides by the study [20]. The loss function of J(α)
can be written as:

J (α) = π(·|st)T
[
− α

(
log (πt (·|st)) +H

) ]
(11)

The above DSAC with sample filter algorithm is given by
algorithms 1.
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B. Decision-making Strategy for Autonomous Driving
In this subsection, we construct an autonomous driving

decision model based on our DSAC-SF algorithm.

R

Fig. 2. Schematic diagram of dynamic observation environment with area
observation method.

1) Autonomous Driving Decision-making Framework: As
shown in Fig. 1, it is the framework of our autonomous
driving decision-making model based on the DSAC-SF algo-
rithm. This framework includes three modules: environment
observation module, discrete decision-making module and
intelligent vehicle module. The environment observation mod-
ule includes an environmental information extraction method,
which extracts the structured information around the ego
vehicle depending on the decision-making requirements of the
intelligent vehicle. The discrete decision-making module is an
autonomous driving decision-making model designed based on
the above DSAC-SF algorithm. The intelligent vehicle module
is to receive the decision-making commands and perform
related actions. We will clarify in detail the environment
method and the decision-making model.

2) Environment Observation: The environmental observa-
tion method extracts the structured information of the traffic
environment via sub-region as the observation state of the
decision-making model. We first divide the traffic environment
into six areas for observation via the lane lines and the virtual
line that passes through the center and is perpendicular to the
longitudinal axis of the ego vehicle. The six observation areas
are contained in a circle with the ego vehicle as the center and
R as the radius, as shown in Fig. 2. Subsequently, we extract
dynamic observation information from each area separately,
and improve the accuracy of observation status via supple-
menting default values. In addition, we combine dynamic
and static observation information to form the observation
state, enhancing the integrity of the observation state. The
dynamic traffic environmental information includes the relative
coordinates dei, relative speed vei and relative headway time
tei to the vehicle closet to the ego vehicle in each observation
area. Furthermore, we add an attribute flag li for each area to
distinguish the observation area in special cases. In addition,
we set the average radius rp of a segment of trajectories in
front of the ego vehicle as the road curvature radius and as
static traffic information. The parameters li, dei, vei, tei for
each region can be written as:

li =


−1, area i is not exist
0, area i is exists but without vehicles
1, area i is exists and has some vehicles

(12)

dei =
[
sgn((li − 1)) + 1

]
∥Pe − Pi∥2 −

[
sgn(|li| − 1)

]
R (13)

vei = sgn(li + 1)ve −
[
sgn(li − 1) + 1

]
vi + (i%2)

sgn(|li| − 1
)
vmax

(14)

where Pe(xe, ye) is the coordinates of the ego vehicle.
Pi(xi, yi) is the coordinates of the surrounding vehicle in the i
area. The time headway tei =

dei

ve
. R is the maximum distance

of observation. vi is the speed of the vehicle closet to the
ego vehicle in the area i. vmax is the maximum speed of the
scenario. ve is the speed of the ego vehicle.

3) Decision-making model: We design a discrete decision-
making model for autonomous driving based on our DSAC-SF
algorithm. The model takes the observation matrix extracted
via the above-mentioned environmental observation method as
the observation method as the observation state of the model.
Discrete actions serve as control instructions for the model.
Furthermore, we define a multi-objective reward function to
improve the safety and efficiency of the decision-making
model for autonomous driving. The rewards rt can be written
as:

rt = ke

∫ t+T

t

vxdt+ kc(1− d)Cc + kdrd (15)

where ke, kc and kd are the weight coefficients of each reward.
T is the simulation period. vx is the component of vehicle
speed in the forward direction of the road. d is the flag used
to record whether the vehicle collide or rush out the road
d ∈ {0, 1}. Cc is the constant penalty for collide or rush out
the road. rd is the reward for hazardous working conditions,
which can be written as:

rd =


0, (th > ts)

− 1

th
, (tc < th ≤ ts)

Ct, (th ≤ tc)

(16)

where th is the relative TH between the leading vehicle and
the ego vehicle. ts is the threshold of safety relative TH . tc is
the threshold of hazard relative TH . Ct is the constant penalty
of the hazardous working conditions, and Ct < 0.

Fig. 3. Test reward of episode of DSAC-SF, PPO,DDQN, DDQN-PER, A3C,
rule-based and random-action decision-making strategy. The curves describe
in the figure represent the average values of multiple tests, and the shaded
boundaries represent the maximum and minimum values. To ensure sample
balance, DSAC-SF strategies is only randomly adopted without training for
the first 100 episodes in the training process, thus the reward curve of the
DSAC-SF strategy starts from 100 episodes.

IV. EXPERIMENT EVALUATION

In this section, we compare the DSAC-SF to rule-based and
prior RL methods in the SMARTS simulation platform. In
addition, we performed ablation experiments on sample filter
strategy and area observation method.
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TABLE I
PERFORMANCE COMPARISON OF DISCRETE DECISION-MAKING

STRATEGIES UNDER DIFFERENT TRAFFIC FLOW DENSITIES

Traffic Methods Success Speed v TH
rate Ps(%) ↑ µ(m/s) ↑ σ ↓ µ ↓ σ ↓ 2s(%) ↓

Dense

DSAC-SF 92.75 12.23 1.45 4.27 0.79 0.2
PPO 72.7 11.21 1.66 5.05 0.82 0.01

DDQN 57.78 11.32 2.64 3.49 0.98 6.42
DDQN-PER 88.96 11.59 2.33 3.42 0.91 5.93

A3C 90.86 11.34 2.05 4.38 0.88 0.34
Rule-based 93.47 10.64 1.19 6.67 0.63 0

Random 30.85 4.91 3.05 10.9 5.45 5.12

Sparse

DSAC-SF 95.76 13.72 1.81 4.47 0.83 0.16
PPO 85.26 12.12 1.92 5.12 0.92 0.03

DDQN 88.75 12.41 2.91 3.76 1.05 4.69
DDQN-PER 91.29 12.69 2.51 3.65 0.95 4.12

A3C 92.38 12.73 2.35 4.44 0.93 0.43
Rule-based 96.68 10.94 1.38 6.75 0.7 0

Random 35.77 4.46 3.09 11.83 5.31 3.21

A. Experiment Setup

We evaluate our proposed strategy on the SMARTS simula-
tion platform. Currently, SMARTS is recognized as the most
prevalent simulation platform in decision-making and motion-
control for the autonomous driving experiments [23], which
supports the setting of vehicle agents, simulation scenarios
and traffic flow. We choose a multi-lane loop scenario without
intersection for this experiment to evaluate the performance
of our decision-making strategy on freeways. In addition,
we set up simulation scenarios of sparse and dense traffic
flow to experiment the performance of the decision-making
strategy under different traffic flow densities. Five surrounding
vehicles per second are generated under spare traffic flow,
and ten surrounding vehicles per second are generated under
dense traffic flow. Since the surrounding vehicles do not
automatically disappear until they collide, the traffic density
increases as the simulation time of each episode increases.

B. Performance comparison experiment

To evaluate the performance of the proposed DSAC-SF and
decision-making strategy, we not only compare the episode
rewards in the training process of DSAC-SF, PPO [24],
DDQN [25], DDQN-PER [26], A3C [27], rule-based [28]
and random-action, but also experiment the decision-making
performance of these strategies in the same simulation envi-
ronment. The episode reward tested during training is shown
in Fig. 3. It can be seen that the reward curve of the DSAC-SF
strategy grows slower than strategies such as DDQN, DDQN-
PER, A3C and PPO, but the reward value of DSAC-SF is
higher than these strategies after the training is stable. The
higher the reward value after the training is stabilized under the
same experimental conditions, the better the efficiency of the
algorithm. Therefore, the DSAC-SF strategy has better training
efficiency than algorithms such as DDQN, PPO, DDQN-PER
and A3C.

The result in Table I shows that the success rate of DSAC-
SF strategy with area observation method is higher than that of
DDQN, DDQN-PER, A3C, PPO and random-action strategies
in both sparse and dense traffic flow. In addition, it can be seen
from the table that the probability of the DSAC-SF strategy’s

TH is smaller than DDQN, DDQN-PER, A3C and random-
action strategies. The higher the strategy success rate, the
greater the probability of reaching the end point safely, and the
better the safety of the vehicle. Therefore, we can concluded
that the vehicle safety based on DSAC-SF strategy is higher
than the vehicle based on DDQN, DDQN-PER, A3C, PPO
and Random-action strategies.

1) Ablation Study: The decision-making performances of
DSAC-SF with area observation method, DSAC-SF with dis-
tance observation method, and DSAC with area observation
method strategies are shown in Table II. As shown in the
table, the success rate of DSAC-SF with area observation
strategy in both sparse and dense traffic flow is improved
than DSAC-SF with distance observation and DSAC with
area observation strategies. In addition, the probability that
the TH of the DSAC-SF with area observation method is less
than 2 seconds in both parse and dense traffic flow, which is
lower than the DSAC-SF with distance observation method
and DSAC with area observation method. The higher the
success rate and smaller the probability that TH is less than
2s, the higher the security of the decision-making strategy.
Therefore, we can conclude that the area observation method
and sample filter approach in this work can improve the
safety of decision-making. In addition, it can be seen from
Table II that the mean µ of the average speed of DSAC-
SF strategy with area observation method in both parse and
dense traffic flow is higher than that of DSAC-SF strategy with
distance observation method and DSAC with area observation
method. The higher the speed, the higher the efficiency of
the agent vehicle. Thus, the area observation method and
sample filter approach proposed in this paper can improve the
driving efficiency of the decision-making. In summary, the

TABLE II
ABLATION STUDY FOR THE SAMPLE FILTER STRATEGY AND AREA

OBSERVATION METHODS.

Traffic Methods Success Speed ve TH

Rate Ps(%) ↑µ(m/s) ↑ σ ↓ µ ↓ σ ↓ <2s(%) ↓
DSAC-SF 92.75 12.23 1.45 4.27 0.79 0.2(Area-obs)

Dense DSAC-SF 75.49 12.07 1.51 4.08 0.78 0.38(Distance-obs)
DSAC 90.26 12.11 1.53 3.78 0.66 0.35(Area-obs)

DSAC-SF 95.75 13.72 1.81 4.45 0.83 0.16(Area-obs)
Spare DSAC-SF 80.98 12.88 1.85 4.29 0.81 0.23(Distance-obs)

DSAC 93.08 12.91 1.92 4.08 0.73 0.21(Area-obs)

performance and stability of the DSAC-SF decision-making
strategy can be improved through the area observation method
and sample filter strategy. The DSAC-SF decision-making
strategy proposed in this paper has better safety, efficiency,
and stability than PPO and random strategy.

V. CONCLUSION

In this work, a DSAC-SF algorithm is proposed to improve
the sample efficiency and stability of the algorithm. Fur-
thermore, an decision-making strategy of autonomous driving

This article has been accepted for publication in IEEE Transactions on Vehicular Technology. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TVT.2022.3212996

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Anhui Normal University. Downloaded on January 18,2023 at 03:58:25 UTC from IEEE Xplore.  Restrictions apply. 



IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY 6

is designed based on the algorithm to improve the driving
efficiency and safety of the vehicle. Specifically, we propose
a sample screening strategy that includes two sample pools
to improve the DSAC algorithm. Subsequently, we design
a discrete decision-making strategy for autonomous driving
based on the DSAC-SF algorithm. The strategy constructs a
multi-objective reward function to improve driving efficiency
and safety. In addition, we propose a area observation method
to enhance the accuracy of extracting structured information.
Finally, we experiment our decision-making strategy on the
SMARTS simulation platform, and the results indicate that our
strategy can provide competitive performance in both sparse
and dense traffic flows.
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