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Abstract—In response to the limitations of traditional
obstacle avoidance algorithms for unmanned vehicles in
dealing with unknown obstacles and complex dynamic
environments, this paper proposes Q Mixing Network
and Video Delivery Network reinforcement learning
algorithms, specifically for the research of obstacle
avoidance decision-making for unmanned vehicles. By
constructing a mapping relationship between local
function values and global function values, it is possible
to guide obstacle avoidance decisions for unmanned
vehicles based on the decomposed function values.
Experimental verification was conducted on a simulation
platform based on ROS+Gazebo, and compared with the
Quantile Regression for Reinforcement Learning
algorithm in the same testing environment. The results
showed that QMIX and VDN algorithms were more
adaptable to complex map environments during training,

with obstacle avoidance success rates increased by 16.9%

and 18.1%, respectively, effectively improving the
obstacle perception and avoidance capabilities of
unmanned vehicles.

Keywords-Reinforcement Learning; Unmanned
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I. INTRODUCTION

With the advent of the intelligent era, people's
lifestyles have gradually become more convenient.
In 2010, in order to prevent traffic accidents, the
basic use mode of cars was changed, and
unmanned cars, namely autonomous vehicle,
emerged[1][2]. Autonomous vehicles are not only
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widely used in the transportation industry, but also
in various fields such as automated logistics

transportation, park patrols, and intelligent
agriculture[3][4]. However, existing obstacle
avoidance algorithms still lack emergency

handling capabilities, which affects the safety of
unmanned vehicles[5][6]. Therefore, in complex
and unknown obstacle environments, how
unmanned vehicles can effectively avoid obstacles
and ensure smooth operation has become a key
issue that urgently needs to be addressed.

Regarding obstacle avoidance for autonomous
vehicles, existing research primarily falls into two
categories: traditional planning algorithms and
learning-based algorithms. Traditional methods
such as A* algorithm, ant colony optimization
(ACO), and dynamic window algorithm (DWA)
demonstrate mature performance in static path
planning but exhibit significant limitations when
confronting complex dynamic environments. For
instance, A* algorithm exhibits exponential
computational complexity in intricate maps,
failing to meet real-time requirements; DWA often
gets stuck in local optima in densely obstructed
scenarios, unable to generate optimal paths.
Furthermore, these algorithms typically rely on
precise prior maps, lacking adaptability in
unknown environments and struggling with path
optimization in continuous action spaces.
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With the advancement of deep learning, end-to-
end obstacle avoidance methods have emerged as
a hot research topic[7]. Although deep neural
networks enhance feature extraction capabilities,
they often require massive labeled datasets,
involve lengthy training cycles, and suffer from
limited real-time responsiveness. In contrast,
reinforcement learning (RL) optimizes policies
through trial-and-error interactions between agents
and environments[8], making it better suited for
complex sequential decision-making problems.
However, traditional RL algorithms exhibit
computational inefficiency and struggle to capture
long-term dependencies when handling multi-
agent collaboration or high-dimensional state
spaces[9] leading to response delays in emergency
obstacle avoidance scenarios.

To overcome the limitations of both traditional
and existing RL algorithms in complex dynamic
environments, this paper proposes a reinforcement
learning (RL) based obstacle avoidance decision
method for autonomous vehicles. By establishing
a mapping relationship between local and global
Q-values and incorporating LSTM to enhance
temporal feature extraction, this approach
effectively addresses the curse of dimensionality
in high-dimensional states. This paper compares
the performance of QTRAN, QMIX, and VDN
algorithms on the ROS+Gazebo simulation
platform to validate the proposed algorithm's
advantages in enhancing the flexibility and safety
of autonomous vehicle obstacle avoidance.
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Figure 1. Reinforcement learning decision-making process
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Il. ALGORITHM PRINCIPLE

A. Obstacle avoidance algorithm for unmanned
vehicles based on QTRAN

The goal of quantile regression for
reinforcement learning (QTRAN) is usually to
optimize the Q-value function so that the agent can
adopt the optimal behavioral strategy in a specific
environment, thereby maximizing long-term
returns[10]. The Q-value function essentially
represents that when taking a certain action in a
certain state, the agent continuously perceives the
environmental state, selects the appropriate action,
and adjusts the strategy based on the reward signal,
ultimately achieving obstacle avoidance for
unmanned vehicles.

The traditional Q-Learning method reflects the
reward values of different states and actions by
directly updating the Q-value table[11], but in
complex environments, changes in Q-values are
often not only dependent on the current state and
action, but also influenced by historical behavior.
Therefore, the QTRAN algorithm introduces a
concept of "trajectory decomposition”, which not
only focuses on Q-value estimation under a single
state, but also considers the global influence of the
agent's behavior trajectory, making the Q-value
estimation more refined. However, applying the
QTRAN algorithm to the practical application of
obstacle avoidance in unmanned vehicles may
result in some shortcomings.

Firstly, obstacle avoidance tasks for unmanned
vehicles typically require high levels of dynamism
and real-time performance. In  complex
environments, autonomous vehicles must quickly
respond to changes in the surrounding
environment, such as the sudden appearance of
obstacles or the behavior of other road users. The
trajectory modeling method of QTRAN algorithm
may result in lower computational efficiency of
the algorithm. Especially in complex environments,
QTRAN needs to comprehensively consider the
impact of historical behavior in multi-step
decision-making. This computationally intensive
process may lead to reaction delays and cannot
meet the high standards of real-time requirements
for unmanned vehicles.
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Furthermore, the QTRAN algorithm has high
requirements for state and action space. In the
obstacle avoidance task of unmanned vehicles, the
state space and action space can be very large and
complex, especially in dynamic and highly
uncertain environments. How to effectively
represent the state and select actions becomes a
challenge. The QTRAN algorithm may face a
curse of dimensionality when dealing with high-
dimensional state spaces, causing the learning
process to become slow and even unable to
converge. In obstacle avoidance for autonomous
vehicles, agents typically need to complete
learning and make decisions in a very short
amount of time, and the computational burden of
QTRAN may cause the learning process to lag far
behind real-time requirements.

Therefore, in response to the poor dynamic and
real-time performance, as well as slow learning
process of the QTRAN algorithm, this paper
proposes a flexible, non-linear Q-value mixing and
fast convergence QMIX and VDN, which can help
unmanned vehicles make more flexible decisions
to ensure efficient avoidance of obstacles.

B. Obstacle avoidance algorithm for unmanned
vehicles based on QTRAN

In this article, QMIX approximates the Q-value
function by training a neural network based on
information such as the position, velocity, and
distance of obstacles. Each time a decision is made,
the algorithm selects the action with the highest Q
value, such as turning, accelerating, decelerating,
etc., to avoid obstacles and move towards the
target. The process of updating the Q-value
depends on a reward function, which rewards the
vehicle based on its behavior. If the obstacle is
successfully avoided, a positive reward is given; If
there is a collision or deviation from the target, a
negative reward will be given. By constantly
interacting with the environment, the algorithm
can gradually learn the optimal strategy for
obstacle avoidance.

QMIX adopts a distributed strategy by using a
nonlinear hybrid network to ensure monotonicity,
and the same results can be obtained for the joint
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action value function Q,, and the value function
Q, of asingle agent[12].

n

Qut (T:1) :ZQi (ti1:6;)

t=1

(1)

Among them, 7; is the observation sequence of
intelligent agent i, which . is the joint action of
intelligent agent i.

In order to ensure the monotonicity of the value
function to make formula (1) hold, a constraint is
required between a joint action value function Q,,

and a single agent action value function Q, :

2Q,

C. Obstacle avoidance algorithm for unmanned
vehicles based on VDN

The VDN algorithm evaluates how to avoid
each obstacle by assigning a local Q-value to it. In
a multi obstacle environment, VDN decomposes
the decision-making process and gradually
optimizes each step of the decision. This not only
improves the efficiency of convergence, but also
effectively avoids collisions. Autonomous vehicles
analyze each local Q value and integrate them to
select the most suitable obstacle avoidance action
for the current situation.

)

VDN adopts a backpropagation method to
decompose the global value function into
individual agents and linearly sum them, achieving
good performance under centralized training[13].

Its joint action value function Q,, is obtained by
accumulating the value functions of each agent:

Q((0,,0,,+++,04),(8;,8,,7++,84)) & ZQ| (Oi ’ai) 3)

Among them, b represents b intelligent agents, o,
is the historical sequence of intelligent agent i, a,

is the selected action of intelligent agent, and Q,

is obtained from partial observation information of
each intelligent agent.
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I11. NETWORK ARCHITECTURE DESIGN

A. QTRAN algorithm

The QTRAN algorithm decomposes the global
Q-value into the local Q-values of each agent and
a transformation function as the network structure.
In order to make the local Q-function values of the
unmanned vehicle depend on its own local actions,
QTRAN introduces an additional transformation
process:

Q(r, H)ZZQi (T ) +A (T W) 4)

Among them, A;(t,p) is an additional term
learned by the QTRAN network for adjusting local

Q values.

For a single intelligent agent to have an action
value function, the following relationship must be
satisfied:

argmax Q (Tlvul)
argmax Q (t,u)= '
argmax,,, Q, (t,.u,)

()

During the training process, the autonomous
vehicle calculates the expected return Q value

(Ql(Tl,Ml)’ Qz(rz’uz)""’ QN(IN’MN))
for taking a specific action in a specific state
based on the observed environmental state
(tp T 1y) and the action (py, pp-o py)
taken. Calculate the loss of joint action value by

comparing the joint action value of unmanned
vehicles with the target value.

B. QMIX algorithm

QMIX uses a nonlinear mixture to calculate the
global Q-value function, and introduces a neural
network to calculate the local Q-value function for
unmanned vehicles:

Qv 1)=2 o (Qrm)) (6)

Among them, w; is the weight learned from a
nonlinear function.
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QMIX learns the strategy of unmanned vehicles
by minimizing the loss function of the joint action
Q function end-to-end[14].

b

37| (o ma, Qua (2450 )-Que (160)) | 7

i=1

L(6)

Among them, b represents the number of samples
sampled, r,,, is the actual reward value of all agents,

0 is the target parameter, and Q, (t,u;07) is the

target network.

The architecture of the entire QMIX algorithm
is shown in Figure 4. In Figure 4 (a), the expected
return of a specific action taken by the unmanned
vehicle in a given state based on its Q-value
function is calculated by weighting the Q-value
function with weights , to calculate the expected

return of the joint action of the unmanned vehicle.
Part (b) of Figure 4 integrates the hybrid network
based on the Q-value function and state of the
unmanned vehicle, reflecting the expected return
of the joint action of the unmanned vehicle. Part (c)
of Figure 4 provides an in-depth display of the
internal structure of an unmanned vehicle,
including a Multilayer Perceptron (MLP) and a
Gated Re current Unit (GRU). Observation of
MLP processing agents o; and previous actions

u,, extract features and provide a basis for

decision-making. At the same time, the GRU layer
processes time-series data to capture long-term
dependencies of environmental states and outputs
hidden states h? . Subsequently, the output h? of

GRU is combined with the extracted features of
MLP to select action a, through a network with an

epsilon greedy strategy. In network design,
specific activation functions are used for different
functional modules. Within the GRU hidden layer,
when encountering obstacles, the Sigmoid
activation function is used, with an output range of
[0,1]. The output range of Tanh activation function
is [-1,1], with a mean close to 0, which enables the
unmanned vehicle to distinguish the temporal state
changes of acceleration and deceleration, thereby
enhancing the modeling ability of motion trends.
The fully connected layer uses ReLU activation
function, mainly used to process sparse sensor data
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and improve network training efficiency. This
design significantly improves the decision
robustness of obstacle avoidance scenarios through
the scene adaptation of activation functions and
the fusion mechanism of spatiotemporal features.

Single Agent Network
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|
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Figure 2. QMIX Independent Network Architecture Diagram.

C. VDN algorithm

The network structure of the VDN algorithm
mainly relies on the sum of global Q values and
local Q values to calculate the Q value of
unmanned vehicles. Unmanned vehicles have their
own observation spaces Obsl and Obs2, and
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collect the speed and road conditions of the
surrounding environment through sensors[15]. The
decision-making process of autonomous vehicles
is implemented by a neural network, which
includes linear layers Linear and ReLU activation
functions, as well as a long short-term memory
network LSTM layer. The LSTM unit receives the
observation space of the current time step and the
hidden state generated by the LSTM layer of the
previous time step. The input gate, forget gate, and
output gate within the LSTM layer are filtered,
updated, and integrated to ultimately output a new
hidden state that contains all the temporal
information required to understand the current
scene. Specifically, LSTM can accurately learn
whether obstacles and unmanned vehicles are
accelerating, decelerating, or moving at a constant
speed by continuously analyzing the velocity
components in the observation space. Based on the
motion trend and historical trajectory information
encoded in this hidden state, the fully connected
layer located after the LSTM can more accurately
predict the possible location distribution of
obstacles in the short term in the future.
Furthermore, by integrating these predicted results
with the planned trajectory of the vehicle, the
system can more accurately determine the correct
decision to avoid obstacles.
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Figure 3. Structure diagram of the QMIX algorithm. (a) Hybrid network architecture. It is a fully connected network. (b) The overall architecture of QMIX.
(c) Proxy network structure. For a single intelligent agent, it is necessary to learn an independent value function.

TABLEIL.  LSTM PARAMETER CONFIGURATION
Parameter Value

LSTM hidden layer dimension 128

Time window length 10

Input feature dimension 20

time step 0.2s

At each time step, the autonomous vehicle
calculates the state values V1 and V2 and the
advantage values ADV1 and ADV2 based on its
own observations. The state value represents the
expected return in a specific state, while the
advantage value measures the additional return of
taking a certain action relative to other actions in a
specific state. These values together constitute the
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Q-values 1 and 2 of the autonomous vehicle,
where the Q-value is the total reward for
evaluating the specific actions taken in a given
state.

The autonomous vehicle determines its behavior
1 and 1 by selecting the action that maximizes the
Q value. This strategy allows the agent to choose
the action with the highest expected return while
considering the current environmental state and
possible actions. Under obstacle avoidance by
autonomous vehicles, this means that they will
choose the path that is most likely to avoid
collisions and safely reach their destination.

oy = argr‘ndx(jl az = urgrndx(j’l

A I 3

Q(o1,02|fa1,a20) I

f f

| Q1 (01, a1) | | Q2 (02, al) |
i
[ @]
f f f
| LSTM+RelLU l I LSTM+RelLU I
f 1
| Linear+RelU I I Linear+RelU I
t f

[ Obsy Environment Obs2 I

Figure 4. VDN independent intelligent agent network.

In order to verify the impact of temporal
modeling capability on obstacle avoidance
decision-making of unmanned vehicles, this study
designed two sets of ablation experiments for
comparative analysis. The experiment focuses on
comparing two methods: the baseline method uses
a fully connected network as the local Q-network
of the agent, which only processes observations at
the current time; The improvement method
replaces the local Q-network with a structure of
LSTM and fully connected network. In the
experiment, the relevant parameters, training steps,
and environment settings of the two algorithms
were completely consistent, with only the local Q-
network  structure  being changed. The
experimental results show that, as shown in Figure
6, in the first 50 training iterations, both VDN base
and VDN-LSTM algorithms had a win rate of 0,
indicating that both algorithms failed to effectively
avoid obstacles in the initial stage. As the training
progresses, both algorithms show performance
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improvement. When the number of training
iterations reaches 110, the win rate of VDN base
algorithm reaches 100% and enters a stable state.
In contrast, VDN-LSTM has higher learning
efficiency, reaching its maximum win rate and
entering a stable state after 80 iterations. By
comparing the maximum win rate when the two
reach a stable state, it can be found that the VDN-
LSTM algorithm has achieved significant
performance improvement compared to the VDN
base algorithm, with a learning efficiency increase
of 11.9%. This result clearly demonstrates that
introducing the LSTM module into the VDN
algorithm framework has a positive effect on
improving the success rate of obstacle avoidance
tasks.

—— VDN-base (ELSTH)
1.0 —— VON-LSTM (#LSTH)

10 125 18 s )
VIR

Figure 5. Comparison chart of ablation experiment performance.

IV. ALGORITHM ADAPTIVE OPTIMIZATION

A. GRU layer design

In the obstacle avoidance of unmanned vehicles,
a single-layer GRU network is used as the core
architecture. The input layer of the network
receives feature vectors composed of the current
frame LiDAR point cloud dimension, position and
velocity state dimension, and previous time action
dimension. By using a single-layer GRU unit for
timing processing, the update gate dynamically
adjusts the proportion of historical hidden states
flowing into the current state, achieving selective
retention and forgetting of historical information;
The reset gate is responsible for filtering the
relevance of the current input features and
ultimately outputting a 128 dimensional hidden
state h-t containing the temporal context of
obstacle avoidance decisions. The hidden state is
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then mapped to a 4-dimensional Q-value output
through a fully connected layer. This design fully
utilizes the adaptive characteristics of GRU gating
mechanism, enabling it to dynamically adjust the
dependency weights on historical memory based
on the current input and scene, thereby efficiently
capturing and  processing key temporal
dependencies in dynamic environments while
maintaining low computational complexity. The
specific GRU structure design is shown in Figure
1.

Input Layer

\J
GRU Unit

A
Update Gate

| 4
Reset Gate

State Fusion

.

Hidden State h;

.

Output Layer

:

Q-value Output

4

Figure 6. GRU structure design.

B. Action model adjustment

Unmanned vehicles predict particle pose
updates by decomposing motion into a "rotation
translation re rotation" process, and combine
Gaussian noise models to reflect motion errors.
The core parameters are shown in Table 2.
Odom_alphal to Odom_alpha4 respectively
control the uncertainty of translation and rotation:
alphal and alpha2 quantify the translation error
caused by geometric constraints during robot
rotation, while alpha3 and alpha4 represent the
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drift of rotation angle during translation. For each
particle, the new pose x'=(x,y,8) is calculated

based on the old pose x=(x,,y,,6,) and odometer

measurement Value & = (6, St Sror ) -
I—
X _XO +5trans ' COS(HO +5rot1) (8)
" .
y _yO +§trans ’ Sm(go +5rot1) (9)
I
6 _90 +5rotl+5rot2 (10)
TABLE II. PARAMETER CONFIGURATION OF MOTION MODEL
Parameter Description
odom_alphal Rotation component of
translational noise
odom_alpha2 Translation component of
translation noise
odom_alpha3 The rotational component of
rotational noise
odom_alpha4 Translation component of

rotational noise

C. Action model adjustment

In the obstacle avoidance scenario of unmanned
vehicles, a reward function with a three-layer
structure was designed to effectively guide the
learning of efficient obstacle avoidance navigation
strategies while ensuring safety, as shown in Table
3. The core of the security layer lies in applying
significant negative incentives to collision
behavior, setting the collision penalty to -10, in
order to clearly highlight the serious consequences
of collisions and encourage agents to prioritize
avoiding collision risks in any situation. The
efficiency layer aims to optimize the path selection
and time efficiency in the obstacle avoidance
process, and its design includes two key elements:
one is to provide a positive+3 dynamic distance
reward when the unmanned vehicle moves
towards the target point and shortens the distance;
The second is to impose a small -0.05 time step
penalty to encourage faster navigation. The design
of this layer ensures that, under the premise of
successful obstacle avoidance, the cumulative
reward of the unmanned vehicle on the path is
always greater than zero, guiding it to choose a
better path. The target layer is used for the
completion of the final navigation task, and a
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reward of +15 is given when the target point is
successfully reached. At the same time, in order to
accurately determine the arrival status, a threshold
area with a radius of 0.5 around the target point is
defined. Once the unmanned vehicle enters this
area, it is considered to have successfully arrived.
The reward value of the target layer is
significantly higher than the punishment of the
security layer and the possible small consumption
of the efficiency layer, ensuring that the final total
reward value obtained by successfully completing
the entire navigation task is greater than 10,
thereby strongly motivating the unmanned vehicle
to safely and effectively reach the target point.

TABLE Ill.  REWARD FUNCTION PARAMETER CONFIGURATION
Parameter Value
Collision penalty -10
Target reward 20
progress coefficient 1
Minimum obstacle avoidance reward 3
Time penalty coefficient -0.05

V. EXPERIMENTAL RESEARCH AND SIMULATION

A. Experimental study

This article uses the StarCraft Multi Agent
Challenge(SMAC) environment composed of
PyCharm and StarCraftll for reinforcement
learning  training. Choose  3m.SC2Map,
8m.SC2Map, and 2s3z.SC2Map three maps were
used to train QTRAN, QMIX, and VDN
reinforcement learning algorithms respectively.

The evaluation of reinforcement learning
algorithms in this article is based on the frequency
of successful training for three different maps with
the same number of training iterations and in the
same virtual environment SMAC. In order to
clearly demonstrate the win rate achieved by the
three algorithms, curve graphs were drawn after
the training of the three maps. The curve
represents the trend of the frequency of successful
interaction between the intelligent agent and the
map environment during the training process.
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Figure 7. QTRAN algorithm's win rate curves.

After the training of QTRAN algorithm, the
win rate curve is shown in Figure 5. Compared
with the other two maps, the training success rate
of 3m map is higher and it will reach stability
earlier. Therefore, this algorithm performs well for
3m map. However, due to the high complexity of
the 8m and 2s3z environments, the algorithm has a
low frequency of interaction between these two
maps. On the 8m map, the success rate only
reaches 100% a few times, and finally stabilizes at
around 80%. On the 2s3z map, with this number
of training iterations, the success rate has not



International Journal of Advanced Network, Monitoring and Controls

reached 100%, nor has it reached a stable value. It
is still very unstable during early training and the
effect is not very good. Secondly, it indicates that
the fewer obstacles on the map, the higher the
success rate of obstacle avoidance under the same
number of training iterations. It also suggests that
in order to achieve a higher success rate of
obstacle avoidance, continuous training or the use
of more effective algorithms is necessary.

QMIX (3m)

Win Rate

0 » P & ®
Traning Steps (77)

(a)winning rate curve at 3m on map

QMIX (8m)

Win Rate
o o
o ®

o
IS

o
~

o
o

0 20 4 & 80
Traning Steps (/7)

(b)winning rate curve at 8m on map

QMIX (2s32)

Win Rate
o °o
~ s

o
~

o
o

o

20 40 @ 80
Traning Steps (77)

(c)winning rate curve at 2s3z on map
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Figure 8. QMIX algorithm's win rate curves on different maps.

After the QMIX algorithm training is
completed, as shown in Figure 6, the training
success rate of the 3m map is higher compared to
the other two maps, and it will reach stability
earlier. Therefore, this algorithm performs well for
3m maps. However, due to changes in the local
environment of 8m and 2s3z or issues with the
algorithm itself, the frequency of interaction
between these two maps is relatively low. In the
3m map, a stable 100% success rate is achieved
first. However, in the 8m map, there was a trend of
decreasing success rate in the middle stage. After
the training ended, the success rate did not reach
100%, nor did it reach a stable value. In the 2s3z
map, there was no significant decrease in success
rate, and eventually there was a situation where the
success rate was 100%, but it did not reach
stability. Therefore, these two maps still need a
long time of training to reach a stable high success
rate value. Secondly, it also indicates that the
fewer obstacles on the map, the higher the success
rate of obstacle avoidance under the same number
of training iterations. It also suggests that in order
to achieve a higher success rate of obstacle
avoidance, continuous training or the use of more
effective algorithms is necessary.
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o
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=)
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Figure 9. VDN algorithm's win rate curves on different maps.

After the VDN algorithm training is completed,
as shown in Figure 7, the training success rate of
the 3m map is higher compared to the other two
maps, and it will reach stability earlier. Therefore,
this algorithm performs well for 3m maps.
However, due to the high environmental
complexity of 8m and 2s3z, the frequency of
interaction between the two maps using this
algorithm is relatively low. In the 3m map, the
success rate appeared and stabilized at 100%
during the later training process. In the 8m map,
the success rate almost did not reach 100%. Only
by increasing the number of training times can the
success rate be stabilized at a higher value. In the
253z map, there was no 100% success rate, so it is
also necessary to increase the number of training
times to make the success rate close to the higher
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value. Secondly, it also indicates that the fewer
obstacles on the map, the higher the success rate of
evasion under the same number of training
iterations. It also suggests that in order to achieve
a higher success rate of obstacle avoidance,
continuous training or the use of better performing
algorithms is necessary, demonstrating that the
algorithm performs very well in simulation
environments.

B. Experimental analysis and comparison

In order to compare the efficiency of QTRAN,
QMIX, and VDN algorithms in successfully
interacting  between intelligent agents and
environmental maps on 3m, 8m, and 2s3z maps,
curve graphs were drawn on the three maps.
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o
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Figure 10. Analysis curve chart under 3m map.
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Figure 11. Analysis curve chart under 8m map.
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Figure 12. Analysis curve chart under 2s3z map.

Overall, the fewer obstacles present in the map,
the easier it is for reinforcement learning
algorithms to capture optimal strategies, thereby
restoring  previous  success rates  sooner.
Conversely, as obstacle density increases, the
training cycles required for algorithmic
exploration and training become more demanding.
Such high-difficulty environments serve to more
clearly distinguish differences in efficiency and
applicability among various algorithms. In simple
environments with smaller state spaces and sparse
obstacles (3m maps), the QTRAN algorithm
demonstrates a certain advantage by executing its
linear hierarchical strategy with faster convergence,
achieving stable high success rates earlier than
other algorithms. QMIX and VDN, though
similarly present, ultimately achieve success rates
close to 100%. However, in complex
environments with increased obstacle density and
enhanced dynamics (8m and 2s3z maps), the
QTRAN algorithm's  performance noticeably
degrades, with its success rate barely maintaining
around 80%. In contrast, QMIX and VDN
algorithms demonstrate notable robustness in
complex training scenarios. As training iterations
increase, both algorithms converge to a higher and
more stable success rate earlier than QTRAN.
Quantitative data reveals that, at identical training
steps, QMIX and VDN achieve average obstacle
avoidance success rates 16.9% and 18.1% higher
than QTRAN on complex maps. Notably, the
VDN algorithm, benefiting from its mechanism of
decomposing global rewards into local rewards
and the introduction of LSTM-related modules,
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achieved a significant performance boost in the
253z scenario. This improvement is primarily
driven by QMIX's nonlinear hybrid network and
VDN's value concatenation mechanism, which
more accurately elucidate the joint action value
function in complex environments. Consequently,
these algorithms guide autonomous vehicles to
make optimal decisions in navigating narrow
spaces and dynamic obstacles.

C. Obstacle avoidance simulation experiment

Robot Operating System (ROS)[16] is a
software package that can be used to organize
code and provide simulation environments, such
as Gazebo[17]. Gzaebo supports various sensor
models, engines, and control systems, and can
simulate many intelligent agents, including drones,
unmanned vehicles, and mobile robots. Therefore,
this article uses ROS and Gazebo simulation
environments to train mobile robots based on three
algorithms, and tests them on different simulation
maps. To enhance the universality and validation
validity of experimental conclusions, Deep Q
Network (DQN) was specifically introduced as a
benchmark reference algorithm for rigorous
comparative analysis with three algorithms. The
specific parameter settings for the simulation
environment are shown in Table 4.

TABLE IV. REWARD FUNCTION PARAMETER CONFIGURATION
Parameter Value
Radar update frequency 5.5Hz
Radar bracket length 0.15m
Radar bracket radius 0.02m

maximum linear velocity 15m/s

acceleration 3m/s’_y3m/ s?

Maximum detection distance 30m
Gaussian noise 0.01
resolution width 360px
Camera update frequency 30Hz
Maximum steering angular 1.8rad/s
velocity

Minimum distance between 5m
obstacles

Maximum output torque 30N m

In order to quantitatively evaluate and visually
compare the training efficiency and performance
of DQN algorithm with the other three
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reinforcement  learning  algorithms in  the
simulation environment, the trend of the reward
values generated by each algorithm over time
during the entire simulation training cycle is
plotted as a learning curve graph. This curve graph
can clearly demonstrate the convergence speed,
learning stability, and ultimately achieved

asymptotic performance level of each algorithm,
providing a direct and visual basis for comparing
and

the efficiency effectiveness  between

algorithms.
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Figure 14. QTRAN algorithm training map.

The DQN algorithm, as a classic reinforcement
learning algorithm, can be compared horizontally
with these three algorithms. The training reward
curve shown in Figure 15 indicates that during the
algorithm initialization phase, due to sparse
environmental rewards, the performance of
unmanned vehicles fluctuates greatly, with
average reward values fluctuating within the range
of [5,15]. When the training cycle reaches about
120 times, the algorithm performance improves
and the reward value can quickly exceed 10.
However, the DQN algorithm is relatively
inefficient in dealing with such complex
environments, which results in the reward value
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not quickly converging to a higher and more stable
level. In addition, the evaluation data shows that
under this training state, the probability of the
unmanned vehicle successfully avoiding obstacles
is 72%.
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Figure 16. QTRAN algorithm training reward.

The map trained by QTRAN algorithm is
shown in Figure 16, and the reward values
generated are shown in Figure 17. The training
times are 200. In the early stages of training,
unmanned vehicles are not familiar with their
environment and are still in an observation stage,
so the reward value for learning is very low. At
around 100 times, there was a sharp decrease in
the reward value, which was due to the complex
environment near the car or the low reward value
caused by the reward mechanism of the QTRAN
algorithm. According to the reward function
settings, the reward value for collision is -10, the
reward value for successfully avoiding obstacles is
greater than 0, and the reward value for
successfully avoiding obstacles and reaching the
target point is greater than 10. When the number
of training sessions exceeds 110, the reward value
is generally greater than 10. In the end, the
probability of successfully avoiding obstacles in
200 training sessions was 77%.
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Figure 18. QMIX algorithm training reward.

As shown in Figure 19, the reward value curve
of QMIX algorithm exhibits high stability and
shows a continuous upward trend overall.
Observing the initial stage of training based on
Figure 18, due to the fact that the unmanned
vehicle is still in the stage of environmental
exploration and strategy learning, and is not
familiar with the simulation environment, its
reward value is relatively low. However, even at
this stage, the reward value of QMIX has
maintained a stable growth, indicating that its
learning process is relatively smooth. After more
than 40 training iterations, the performance of
QMIX algorithm significantly improves, and its
reward value remains stable at 10 or above. QMIX
exhibits significant advantages in key indicators of
obstacle avoidance performance: compared to
QTRAN algorithm, its obstacle avoidance success
rate has increased by 16.9% and convergence
speed has increased by 50.9%; Compared to the
DQN algorithm, its obstacle avoidance success
rate has increased by 17.3%. These data strongly
demonstrate the comprehensive superiority of
QMIX algorithm in training stability, convergence
speed, and final obstacle avoidance performance.
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Figure 19. VDN algorithm training map.
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Figure 20. VDN algorithm training reward.

In the early stages of training, the VDN
algorithm exhibits significant fluctuations in
reward values, as shown in Figure 21. This
phenomenon can be attributed to the use of sensors
by unmanned vehicles for intensive environmental
perception and exploration, as shown in Figure 20,
resulting in unstable behavior strategies and
significant fluctuations in reward feedback.
However, when the training iterations exceeded 40
times, the VDN algorithm combined activation
function and LSTM for training, and its
performance rapidly improved and tended to
stabilize, with the reward value consistently
maintained above 10. In the comparison of key
performance indicators, VDN exhibits significant
advantages: compared to QTRAN algorithm,
VDN's final average reward value has increased
by 18.1% and convergence speed has increased by
51.8%; Compared to the DQN algorithm, the
obstacle avoidance success rate of VDN has
increased by 19.5%. These results indicate that
although VDN experienced significant
performance fluctuations in the early stages of
exploration, it was able to quickly converge and
ultimately achieve excellent performance levels by
combining LSTM and learning mechanisms,
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especially surpassing QTRAN and DON
algorithms in obstacle avoidance tasks.
VI. CONCLUSIONS
This article focuses on the limitations of

traditional obstacle avoidance algorithms for
unmanned vehicles in dealing with unknown
obstacles and complex dynamic environments. A
reinforcement learning based obstacle avoidance
decision-making method for unmanned vehicles is
established on maps of different levels of
complexity. The reinforcement learning obstacle
avoidance algorithm and simulation system for
unmanned vehicle obstacle avoidance are used for
research.

This study employs the QTRAN reinforcement
learning algorithm, integrating factors such as the
perceptual capabilities of unmanned vehicles and
environmental complexity, to perform obstacle
avoidance tests in a simulated environment. The
simulation results demonstrate that the QTRAN
algorithm exhibits inferior dynamic performance,
inadequate real-time responsiveness, and a
sluggish learning process. To tackle these
drawbacks, the QMIX and VDN unmanned
vehicle obstacle avoidance algorithms are put
forward. In training experiments utilizing the
QMIX and VDN algorithms, the success rates of
obstacle avoidance are enhanced by 16.9% and
18.1% respectively. To address these issues,
QMIX and VDN unmanned vehicle obstacle
avoidance algorithms were proposed. In the
training experiments using QMIX and VDN
algorithms, the obstacle avoidance success rates
were improved by 16.9% and 18.1%, respectively.
When the training times reached about 60 times,
the two algorithms basically converged, and the
convergence speed increased by 50.9% and 51.8%,
respectively. In terms of resource consumption,
the algorithm reduced the memory usage by 39.5%
and 44.9%, respectively. On this basis, it has been
applied to the simulation environment of
unmanned vehicles, improving their safety and
efficiency.

When solving the obstacle avoidance decision-
making problem of unmanned vehicles, both
QMIX and VDN algorithms have significant
advantages over QTRAN algorithm in terms of
environmental complexity and convergence during

74

Volume 11, No.01, 2026

algorithm training, effectively improving the
obstacle perception and avoidance ability of
unmanned vehicles. The QMIX and VDN
algorithms  achieved  remarkable  obstacle
avoidance performance in simulated environments,
but transferring them to real-world physical
settings remains a significant challenge—a key
focus for future research. First, real-world
scenarios exhibit extreme complexity. Not only do
weather conditions like rain, snow, and fog
introduce dynamic variables, but sensor noise from
LiDAR and cameras is far more intricate than in
simulations. This complexity creates blind spots,
necessitating further research into robust state
estimation methods that integrate multiple sensors.
Second, prediction uncertainty is inherently high.
Unlike objects in simulations that follow
predefined rules, pedestrians and non-operational
entities on real roads exhibit strong randomness
and social interaction attributes. Future work must
incorporate early warning recognition modules to
enrich the state space of reinforcement learning
with predictions of surrounding traffic participants'
behaviors. Finally, given the limited computational
capacity of real truck computing platforms, while
RL models based on LSTMs and reinforcement
networks are expected to grow in complexity, the
next step involves lightweight pruning or
knowledge upgrading of obstacle models. This
will ensure real-time obstacle avoidance control
remains feasible in subsequent levels.
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