
JOURNAL OF LATEX CLASS FILES, VOL. 18, NO. 9, SEPTEMBER 2020 1

Multi-Modal Attention Perception for Intelligent
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Learning
Zhenyu Li, IEEE Member, Tianyi Shang, Pengjie Xu, Wenhao Pei

Abstract—In this paper, we propose a new framework for
collision-free intelligent vehicle navigation, aiming to successfully
avoid obstacles using Deep Reinforcement Learning (DRL). The
navigation system separates perception and control and utilizes
multi-modal perception to achieve reliable online interaction with
the surroundings. This allows for direct policy learning to gen-
erate flexible actions and avoid collisions. Our navigation system
establishes a connection between the virtual environment and the
real world, allowing learning policies in the virtual environment
to be implemented in real-world environments through transfer
learning. Our approach aims to integrate camera, Lidar, and
IMU data to construct a multi-modal perception-based environ-
ment model, which is a state input for reinforcement learning. In
this process, we utilize a series of Cross-Domain Self-Attention
(CDSAttention) layers to enhance visual and LiDAR perception,
promoting significant improvements in perception. We also intro-
duce the Recurrent Deduction (RD) to facilitate global decision-
making based on local perception. Additionally, we introduce
the Self-Assessment Gradient model (SAGM) into the DRL
process to further optimize the learning policy. The experimental
results demonstrate the proposed approach reduces the disparity
between the virtual environment and the real world, highlighting
its superiority over other state-of-the-art methods. Our project
page is publicly available at https://github.com/CV4RA/MMAP-
DRL-Nav.

Index Terms—Autonomous navigation, Multi-modal visual per-
ception, Cross-domain attention mechanism, Deep reinforcement
learning.

I. INTRODUCTION

OVER the past years we have seen the unprecedented
growth of automatic driving applications in the fields of

intelligent transportation, ride-sharing, and unmanned trans-
portation. A long-term goal of automated driving applications
is to build an intelligent system that can perform various tasks
without human intervention. However, the smooth realization
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of this goal is full of challenges, among which the changes
in light and perspective will be the key factors affecting
the successful completion of navigation tasks. The existing
autonomous navigation schemes can be adopted including the
vision-based method [1], the Lidar-based method [2], and
the multi-sensor fusion method [3]. However, general multi-
sensor fusion approaches are designed to simply and brutally
integrate the sensing information of each sensor to complete
the acquisition of redundant information that forms the lower
discriminative features. We propose to use a series of self-
attention models to make the navigation system pay more
attention to the important clues.

Existing research, such as [4], focuses on path planning
using local maps but overlooks the interaction between the
vehicle and the environment. In recent years, deep reinforce-
ment learning (DRL) has gained rapid traction in the field
of autonomous driving due to its high level of environmental
interactivity, which has led to significant improvements in
interaction relations. DRL stands for Deep Reinforcement
Learning, which is a type of machine learning (ML). Com-
pared with traditional supervised learning [5] and unsupervised
learning [6], DRL has the characteristic of learning from
interactions and does not require a large amount of labeled
data. Previous studies have primarily concentrated on Deep
Q-Network (DQN) for Deep Reinforcement Learning (DRL),
which allowed the agent to combine deep learning (DL) with
decision-making DRL for the first time [7], [8]. To further
facilitate interaction, the deep deterministic policy gradient
(DDPG) is presented as a solution to handle continuous and
high-dimensional actions [9], [10].

However, we all know that training agents using reinforce-
ment learning involves a continuous cycle of exploration,
trial and error, and further exploration. This process can be
very dangerous to implement in a real-world environment
where real people and vehicles are present. Therefore, the
optimal approach is to train agents in virtual environments
by creating various types of scenarios, and then transferring
the learned policy from the virtual environments to the real
environment for vehicle navigation [11], [12]. In our work,
we propose a novel recurrent deduction deep reinforcement
learning model to mitigate the disparity between the virtual
and real environments during the policy transition process.
The contributions of the proposed approach are summarized
as follows: 1) We propose a multi-modal perception-based
approach to promote the performance of vehicle navigation
by a recurrent deduction model. 2) We introduce the Cross-
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Domain Self-Attention mechanism into the data encoding
process that enables intelligent vehicles to obtain more delicate
environmental clues and perform better navigation. 3) We
introduce the Recurrent Neural Network (RNN) into the RL-
agent training to enable intelligent vehicles to output the global
behavior decision with local observation. 4) We propose a Self-
Assessment Gradient Model (SAGM) to evaluate the policy in
each state to deal with the suboptimal problem of policy in
the process of agent training.

II. RELATED WORK

Autonomous navigation has been extensively researched in
the field of vehicles. The existing navigation methods used
for vehicles to travel complex and unpredictable environments
can be classified as single-modal navigation and multi-modal
navigation.

A. Vehicle Navigation based on a Single-modal Perception

Single-modal perception offers certain benefits, such as sim-
plicity, low cost, and ease of implementation. However, it also
has drawbacks, including limited information, susceptibility
to interference, and difficulty in adapting to complex and
changing situations.

Chen et al. [13] proposed a method for obstacle avoidance
using a single camera and deep neural network. Rao et al. [14]
developed an autonomous navigation system using a single-
camera sensor and investigated essential technologies. Liu et
al. [15] proposed a vehicle obstacle avoidance method that
relies on a single camera and convolutional neural network
(CNN). Wang et al. [16] proposed a method for obstacle
avoidance using a single camera and DRL.

However, obstacle avoidance based on single-modal vi-
sion perception has limitations such as restricted information,
susceptibility to interference, and difficulty in adapting to
complex and changing environments. In this paper, we propose
a multimodal visual perception method for vehicle navigation
in complex environments.

B. VehicleNavigation based on a Multi-modal Perception

Multi-modal perception is the process of collecting environ-
mental data using a variety of sensors, offering the advantages
of rich information, and strong robustness.
Liu et al. [17] proposed a method for obstacle avoidance based
on multi-sensor fusion and DRL, aimed at generating suitable
obstacle avoidance strategies. Wang et al. [18] proposed an
obstacle avoidance method that utilizes multimodal fusion and
a graph neural network (GNN) to effectively identify and
localize various types of obstacles outdoors. Xiao et al. [19]
proposed a method for autonomous navigation based on DRL
and multimodal fusion. Yu et al. [20] proposed a cross-scene
place recognition framework that relies on multi-modal deep
features.

In complex environments, different sensing modalities may
produce different features, which may lead to a degradation
in model performance. Currently, researchers are exploring
various methods to solve this problem, such as multi-task

learning, attention mechanisms, etc. These methods can help
models better describe features in complex environments,
thereby improving performance. However, this is still an active
area of research, and more research is needed to resolve this
issue. In our work, we build a cross-attention mechanism based
on the attention mechanism and apply it to the multi-modal
model to enhance the representation of salient features.

C. Vehicle Navigation based on Policy Learning
DRL-based vehicle navigation is a technique that uti-

lizes reinforcement learning methods to train vehicles to
autonomously plan and execute navigation behaviors based
on environmental observations and goal instructions, without
depending on pre-existing maps.

Akmandor et al. [21] proposed a DRL-based navigation
approach that defines the occupancy observations as heuristic
evaluations of motion primitives, rather than relying on raw
sensor data. Quillen et al. [22] conducted an extensive study
on the vision-based vehicle grasping problem, comparing
four off-policy deep reinforcement learning algorithms: DQN,
DDPG, NAF, and D4PG. Wang et al. [23] introduced a hier-
archical deep reinforcement learning framework with notable
sampling efficiency and sim-to-real transfer from simulation to
real-world scenarios, enabling fast and safe navigation. Yasser
et al. [24] proposed a novel multi-modal fusion framework
with latent DRL to enhance urban autonomous driving. Li
et al. [25] proposed a recurrent deduction deep reinforce-
ment learning model for multimodal vision-vehicle navigation.
Wang et al. [26] proposed an enhanced cross-modal matching
(RCM) method that enforces cross-modal navigation locally
and globally through RL, aiming to guide embodied agents to
perform natural tasks in real three-dimensional environments.
In addition, DRL also plays an important role in the field of
machine intelligence, and its application has an important ref-
erence role for the research of this paper. For example, Zhao et
al. [27] constructed realistic vehicle operation scenarios using
physics-based sound simulations and proposed the Intrinsic
Sound Curiosity Module (ISCM), which provides feedback
to reinforcement learners to learn robust representations and
reward more effective exploratory behaviors. Intelligent ve-
hicles must achieve autonomous steering in various changing
navigation environments. Wu et al. [28] proposed a novel end-
to-end network architecture to achieve autonomous learning
steering of vehicles through DRL. Burhan Hafez et al. [29]
proposed to continuously learn control tasks by DRL that
performs unsupervised learning of behavioral embeddings by
incrementally self-organizing demonstration behaviors.

However, because the decision-making model lacks long-
term dependence on data association, it is difficult to achieve
global behavioral decisions with local observations. To solve
this problem, we introduce the RD model and SAGM into the
recurrent neural network (RNN) in the DRL process to obtain
the long-term dependencies of decision-making associations.

III. MULTI-MODAL PERCEPTION-BASED DRL NAVIGATION
FRAMEWORK

We aim to introduce a visual perception-based DRL ap-
proach with high training efficiency and generalization abil-
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Fig. 1. The visual perception-based DRL navigation framework. The perception module is used to extract visual clues, the cross-domain attention module is
responsible for selecting significant and salient information, and the decision-making module is aimed at high-level and safe obstacle avoidance.

ity for fast and safe navigation in complex environments,
adaptable to various surroundings and vehicle platforms. To
achieve this goal, a three-stage end-to-end vehicle navigation
framework, as shown in Fig. 1, is constructed. The proposed
DRL framework offers exceptional global decision-making
and reasoning capabilities, applicable to diverse environments
and various vehicle platforms for the following two reasons:
1) It incorporates a Recurrent Deduction (RD) model based on
LSTM, which integrates previous observations into the current
decision-making process; 2) It integrates a Self-Assessment
Gradient Model (SAGM) into the RD process, evaluating the
deductive reasoning of each unit and the overall deduction
process based on the overall reward.

A. Problem Formulation

In obstacle-dense environments, intelligent vehicles require
the ability to navigate, making decisions about obstacle avoid-
ance and goal-reaching based on their state and the surround-
ing information collected by attached sensors. We define a
DRL problem as a Partially Observable Markov Decision
Process (POMDP) and present it as a tuple (S, A, P , R, Ω,
O, γ), wherein S is a set of states with partially observable
elements, A is a set of actions of the agent, P is transfer
function (S×A→ S), R is the reward function (S×A→ R),
Ω = {o} represents a set of observable data o relied on the
probability distribution o ∼ O(s), and γ represents discount
factor (γ ∈ [0, 1]).

For each time t, the vehicle agent can recieve observation
ot ∈ Ω at current state st ∈ S, and output the current action
at according to the learned policy (πt = π(St)). For next time
t+ 1, the vehicle will receive a reward r(st, at), transition to
the next state st+1, and will receive a new observed informa-
tion ot+1 from the environment. In this process, the reward
received by the vehicle from the current state ot is a kind of
long-term cumulative reward Vπ(S) =

∑T
k=t γ

k−tR (sk, ak)
under the condition of discount factor γ. The goal of RL
is to maximize the reward value obtained from the initial
state by optimizing strategies. According to the Bellman
Equation (BE), an expected reward can be described as an
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Fig. 2. The overview of the proposed VIO framework. Our method utilizes
a stage-wise training approach. In the initial stage, both the first and second
layers of the ConvLSTM module are trained simultaneously. In the second
stage, only the second layer of the ConvLSTM module is being fine-tuned.

Action− V alue function, i.e. Q value function:

Qπ (st, at) = Ert,st∼E [r (st, at) + γQπ (st+1, π (st+1))]
(1)

B. Multi-modal Perception Model

Figure 1 presents a high-level overview of the proposed
multi-modal perception-based DRL navigation system. The
figure provides a detailed description of the perception module.
The odometer, semantic segmentation, and radar perception
are the three components of the built-in perception module.

1) Pose estimation: We build a Visual-Inertial Odometry
(VIO) system in our work, inspired by [30], to estimate the
vehicle’s motion trajectory and pose. Our system comprises
an end-to-end two-stage pose network consisting of two pose
prediction heads, a two-layer LSTM module, and a FlowNet
backbone [31]. In the two-layer recurrent architecture, the
first layer focuses on predicting the movements of subsequent
frames, while the second layer refines the estimates made by
the first layer. The proposed VIO framework is shown in Fig.
2.

Given two input data frames (images: It, It+1; imu:
I

′

t , I
′

t+1), we utilize a recurrent network structure with a
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CNN-LSTM (ConvLSTM ) model to construct a pose es-
timator. Previously, the pose network directly outputs a 6-
degree-of-freedom (6-DoF) pose by concatenating two con-
tinuous frames. When predicting the outcome after adding the
ConvLSTM module, the pose network also incorporates the
data from the previous estimation, which can be described as:

Ft = PoseNet{(It, It+1)} (2)

Ot, Ht = ConvLSTM(Ft, Ht−1) (3)

T̂t−1→t = L1(Ot) (4)

Where PoseNet is the feature encoder, Ot, Ht present the
output and the hidden state of at time t, and L1(·) is a
linear layer to predict the 6-DoF motion T̂ . By doing this, the
network implicitly picks up the ability to combine temporal
data and learn motion patterns.

In the sequential modeling setup above, the pose network
estimates the relative pose of every two consecutive frames.
However, the motion between consecutive frames is often
small, making it difficult to extract good features for relative
pose estimation. Therefore, self-supervised long-term odome-
try predicting poses from non-adjacent frames to the current
frame (i.e., frame processing across time periods, e.g. 0→T)
may be a better choice.

Therefore, we also compute the pose features for the first
frame (t=0) and the current visual frame and additional imu
frame (t=T) as input to the second-layer ConvLSTM :

F
′

t = PoseNet{(I0, It), (I
′

0, I
′

t)} (5)

O
′

t, H
′

t = ConvLSTM
(
F

′

t ,Mt, H
′

t−1

)
(6)

T̂
′

t−1→t = L2(O
′

t) (7)

Where O
′

t, H
′

t present the output and the hidden state of the
ConvLSTM from the second layer at time t, Mt is the read-
out memory, and L2(·) is a another linear layer to predict the
6-DoF motion T̂

′
.

To train the second layer ConvLSTM, we utilize the pho-
tometric error Xp between the first frame and the other
frames of the input snippet to achieve cycle consistency of the
poses of the two layers. It should be noted that we calculate
the weighted average of all memory slots in the memory
buffer when reading data from it. We also have an additional
constraint to ensure consistency between the first and second
layers, based on the transferability of sensor transformations.

XP =
1

N − 1

N−1∑
t=1

∥∥∥T̂0→t −
(
T̂t−1→tT̂0→t−1

)∥∥∥2
2

(8)

where N is the number of frames for the input snippet, which
is set as 5 in our work.

After completing the first stage of training, we run this
model separately on each sequence in the dataset to extract
and store the input ConvLSTM required for the second layer.
After that, we only fine-tuned the lightweight ConvLSTM in
the second layer, eliminating the need for a deep network and
labor-intensive feature extraction. As a result, we can now train
the network using longer sequences, which helps it become

more proficient at utilizing temporal context. Therefore, the
training loss for the entire stage can be described as:

Lloss =
1

M

M−1∑
m=0

1

N − 1

m(N−1)+N−1∑
t=m(N−1)+1

χ
(
Im(N−1), Ît→m(N−1)

)
(9)

Where N is the number of frames of each input group, M is
the number of groups of each input sequence, Ît→m(N−1) rep-
resents a function of pose that encodes long-range constraints
by the use of ConvLSTM .

To facilitate the expression of the subsequent calculation
process, we describe the output pose of the vehicle at time t
as:

fpt
= T̂

′

t−1→t (10)

2) Semantic Segmentation: We train a lightweight seg-
mentation model (improved based on ENet [32]) to segment
images into semantic parts with predicted high-quality pose
configurations fpt

. Except for the initial score map, we defined
two pose feature maps from fpt

: a joint label map and a
skeleton label map, and used them as input segmentation
networks for the semantic segmentation thread. We joint the
2-D feature map of the estimated pose with the original
segmentation fractional map to generate multi-dimensional
inputs and stack three additional convolutional layers. The
kernel size is 7, the kernel dimension is 128, and Relu is the
Activation function. Then use the Argmax value in the output
score map to derive our final segmentation result fs that is
consistent in time with the input frame in the pose estimation.

3) LiDAR Perception: We first preprocess the received data
P before feeding it to the network. We remove the ground
points from the point cloud P and then convert it into a voxel
grid with a resolution of 72 × 72 × 48 voxels along the X, Y,
and Z dimensions respectively.

We keep track of the planes and lines in the respective
candidate sets Cp and Cl over time. Similar to feature tracking
techniques, which involve tracking features in the immediate
region around their expected location. The tracking planes and
lines from the previous scan are first obtained. To facilitate
local tracking, we segment Cp and Cl around the expected
feature position by utilizing the maximum point-to-model
distance. After that, we remove outliers using Euclidean clus-
tering and standard plane feature filtering. Finally, we utilize
the robust fitting algorithm (PROSAC) [33] to fit the model
to the segmented point cloud. Finally, we need to check if the
predicted and detected boundaries are sufficiently similar. Two
planes, pi and pj , are considered matched when the difference
between their unit normal vectors n̂i, n̂j and the distance from
the origin are smaller than a threshold [34].

We define that two boundaries li and lj are considered to
match if their direction and center distance are less than the
following threshold:

η
′

n = ∥ arccos(v̂i · v̂j)∥ < αl (11)

η
′

d = ∥(di − dj)− ((di − dj) · v̂i)v̂i∥ < βl (12)

Where v̂ represents the normal of a boundary, and αp = αl =
0.38rad, βp = βl = 0.55m.

The process is repeated for the remaining boundaries after
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a feature has been tracked, removing its inner line from the
corresponding candidate set. After completing the tracking, we
identify new boundaries in the remaining candidate clouds.
The line is initially segmented into point clouds using Eu-
clidean clustering, and the plane is segmented into point clouds
using region growth based on normals. Next, to determine new
boundaries within each cluster, we use the same technique
as boundary tracking. Finally, the boundary features extracted
from point clouds are represented as:

fl = Euclid{(ηn, ηd), (η
′

n, η
′

d)} (13)

C. Cross-domain Attention Model (CDSAttention)

The CDSAttention consists of two identical cross-attention
modules. The first module focuses on integrating pose in-
formation and semantic scene information, while the second
module addresses the further fusion of the output of both
fusions with LiDAR scanning. The overview of the proposed
CDSAttention model is shown in Fig. 3.

We aim to utilize cross-attention modules to integrate
pose representations and semantic representations within the
scene. The cross-attention module is trainable, and it can
be intuitively understood that the learned fusion strategy is
superior to the manually crafted orthogonal fusion strategy.The
CDSAttention is constructed by stacking M cross-attention
functions T : (R1×C1 ,R1×C2) → R1×C that integrates the
two short one-dimensional vector of pose fp and vector of
segmentation information fs into a long one-dimensional fused
vector of output f<p,s>, wherein the C1, C2, and C represent
length of encoded binary data. Formally, we encode pose data
and segmentation to be fp ∈ R1×C1 and fs ∈ R1×C2 , and the
final one-dimensional descriptor fp,s can be represented by:

fm
<p,s> = Tm(f (m−1)

p , f (m−1)
s ),m ∈ {1, 2, ...,M} (14)

The cross-attention function is illustrated in detail in Fig. 3
and can be calculated as:

Tm
(
f
(m−1)
p , f

(m−1)
s

)
=

FFNm

(
MCAm

(
f
(m−1)
p , f

(m−1)
s

)
∥f (m−1)

p

)
+ f

(m−1)
p

(15)

Where FFNm(.) represents the training of a two-layer feed-
forward network, MCAm is a multi-head attention module

that aggregates information between pose data fp and segmen-
tation data fs, and ∥ represents concatenation process. Specifi-
cally, fp and fs are first processed by LSTM for spatiotempo-
ral consistency and then fused by MCAm(f

(m−1)
p , f

(m−1)
s ) =

(CA1
m∥, ..., ∥CA

(nh)
m )W (m), where CAi

m represents the ith

output from cross-attention module, nh denotes the number
of attention heads, and W (m) represents projection matrix.
Regarding the calculation method of self-attention, CAm can
be calculated by the follows:

CAm = Softmax

(
fp(m−1)W

(m)
Q (fsW

(m)
K )T√

C/nh

)
fsW

(m)
V (16)

Where fp(m−1)W
(m)
Q is the query, fsW

(m)
K is the key, and

fsW
(m)
V is the value projection matrix, respectively.

Similar to the first cross-attention process, we continue
to perform the second cross-attention to fuse f<p,s> with
fl. We first describe the second cross-attention function as:
T ′

: (R1×C ,R1×C3) → R1×C′
that integrates the one-

dimensional vector of pose-segmentation f<p,s> and vector
of Lidar information fl into a long one-dimensional fused
vector of output f<p,s,l>, wherein the C, C3, and C

′
represent

length of encoded binary data. Similarly, we also encode
pose-segmentation data and Lidar to be f<p,s> ∈ R1×C and
fl ∈ R1×C3 , and the final one-dimensional descriptor f<p,s,l>
can be represented by:

fm
<p,s,l> = T

′
m(f<p, s >(m−1), f

(m−1)
l ),m ∈ {1, 2, ...,M} (17)

The second cross-attention function T ′
can be calculated as:

T ′
m

(
f
(m−1)
<p,s> , f

(m−1)
l

)
=

FFN
′
m

(
MCA

′
m

(
f
(m−1)
<p,s> , f

(m−1)
l

)
∥f (m−1)

<p,s>

)
+ f

(m−1)
<p,s>

(18)

Finally, the CA
′

m in the process of the second cross-attention
module can be calculated as:

CA
′
m = Softmax

 f< p, s >(m−1)W
(m)

′

Q (flW
(m)

′

K )T√
C/nh

 flW
(m)

′

V (19)

Where f< p, s >(m−1)W
(m)

′

Q is the query, flW
(m)

′

K is the

key, and flW
(m)

′

V is the value projection matrix in the second
cross-attention process, respectively.

D. Decision-making Model

Deductive reasoning enables the agent to predict future
driving trajectories by learning the environmental model. Since
the simulated environment is used for policy learning and the
learned policy is applied to the real environment, the environ-
ment model is obtained by training on tuples (ot, at, rt, ot+1)
sampled from replay experiences..

The agent processes the environmental parameters input
by the perception module and continuously updates the
action-environment state through recurrent deductive reason-
ing (RDR). The LSTM is integrated into the agent’s strategy
learning for global behavior decision-making in motion plan-
ning for vehicles. It continuously inputs local observation data
into the network and updates the environment states to perform
global behavior decisions in the local environment, which is
outlined in Fig. 4.

Constructing a transition model to move from the current
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Fig. 4. The overview of the proposed deductive reasoning-based decision-
making model.

state at to the next state at+1 is necessary when learning the
environment model ot = (f<p,s,l>t

, oobst) to update the state
and strategy. The transition model first takes in the current
observations ot and action at before making predictions about
the environment state ot+1 at the following instant. The
transition model is characterized as:

õt+1 = T (ot, at) (20)

Where õt+1 is the state of the next moment, T is the state
transition function. The loss function can be expressed as:

Lξ

(
θξ
)
= ∥rt − ξ (ot, at, ot+1)∥2 (21)

Where θξ is the strategic function, rt is the obtained reward
at time t. The reward value ξ(ot, at, õt+1) of the moment t
can be obtained by the reward function ξ(.).

Then, the RDR model based on LSTM imports the cur-
rently learned strategy, the environment state, and the reward
obtained based on the strategy into the LSTM model to obtain
the output at the next moment. The current observation and
history observation of the input of the LSTM model input gate
can be expressed as xt = (õt, rt) and ht−1 = (õt−1, rt−1).

LSTM-based DR achieves the selective transfer of historical
memory by incorporating the cell state into the recurrent unit,
distinguishing them from traditional recurrent neural networks
(RNNs). Updates to memory cells are necessary during this
process:

ct = ft ·ct−1+it ·(Tanh (wc (õt, rt) + uc (õt−1, rt−1))) (22)

Where Tanh(·) is a nonlinearized activation function, wc and
uc are the weight matrix at time t and time t− 1.

The purpose of updating the memory unit is to utilize the
selected memory information ct as a ”mask” to derive the
output state. According to the DR of LSTM in Fig. 4, the
output of the final unit is determined by the input. The value
of going out is combined with the currently selected memory
information to obtain:

ht = yt · Tanh (Tanh (wc (õt, rt) + uc (ot−1, rt−1))) (23)

While LSTM-based DR can make global decisions during
state updates, the complexity and variability of the environ-
ment, as well as the unpredictability of the vehicle’s state,
may lead to inaccurate reasoning at specific points. This, in
turn, can impact the task of motion planning for vehicles.

To address this issue, we construct a SAGM to implement
decision-making corrections. When the vehicle receives an
observation ot at time t, the DR model learns a strategy πt

and predicts the vehicle’s behavior at based on the strategy πt.
Then, the environment model will predict the next observation
õt+1, obtain a reward rt at the same time of prediction, and
then obtain a reward rtn at the nth time step tn after RDR.

SAGM evaluates the performance of the entire inference
process by integrating rewards over multiple time steps. The
total reward QSAGM (ot) represents the evaluation value at
the current observation state, with a discount factor β used to
balance short-term and long-term rewards:

QSAGM (ot) =

n∑
k=1

βk−1rt+k−1 + βnV (õt+n) (24)

Where V (õt+k) is the state value under environment state
õt+k, β is the discount factor.

In policy learning, the model uses an ”experience replay”
strategy, optimizing the policy parameters using historical
samples. The Q-function is updated by minimizing the Bell-
man loss, where the target value yt depends on experience
replay samples:

L(θQ) = Eot,at,rt,st+1∼B(yt −Q(st, at|θQ)) (25)

Where yt is the target value. The Actor network learns an
optimized driving policy and optimizes the policy parameters
using sampled policy gradients:

▽θπJ ≈ Eot,at,rt,st+1∼B [▽aQ(s, a|θQ)|s=st,a=π(st)

z▽θπ π(s|θπ)|s=st ]
(26)

To make the training process more stable and reliable,
a target Actor network and a target Critic network are
introduced, and the target network is updated with the strategy
learning:

θ
′
← τθ + (1− τ)θ

′
(27)

Where τ is the update rate of the network.
The state evaluation from the Critic network is combined

with the self-assessment results from SAGM through weighted
summation, producing a combined Q-value:

Qtotal(st, at) = Qcritic(st, at) + γQSAGM (ot) (28)

Where γ is the weight parameter of the SAGM. Finally, The
strategy will be further optimized through the strategy gradient
model:

▽θπJ = ▽θπJcritic + ω▽θπ JSAGM (29)

Where Jcritic and JSAGM represent the gradient learned from
the Critic network and the SAGM, respectively.

SAGM refines autonomous decision-making by combining
immediate observations with long-term outcome evaluations.
At each step, the model predicts future states, assesses short-
term rewards, and calculates cumulative value using a discount
factor to balance immediate and future rewards. Through ex-
perience replay, SAGM optimizes Critic network Q-values and
Actor network policy gradients, then integrates self-assessment
feedback with Critic evaluations to produce a combined Q-
value. This approach enables adaptive policy adjustments,
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(SAGM).

allowing for effective self-correction and enhanced stability
in dynamic environments. The complete process is detailed
in Fig. 5. It should be noted that the environment model
(T, st+k, rt, Gt) mainly includes state transition functions and
reward functions.

IV. EXPERIMENTAL VERIFICATION

We carry out experiments on vehicle navigation in both
simulated and real-world environments to demonstrate the
superiority of the proposed model over the baseline methods.

A. Experiment Setting

The proposed navigation framework is an end-to-end
trainable model comprising a perception module with three
parallel sub-perception threads and a decision-making module.
We train and test our automated vehicle using a CARLA
simulator, which offers a high-fidelity driving environment
with diverse traffic conditions [35]. For a fair comparison
with other baseline methods, we train the proposed model
and baseline models in the same scenes, following identical
environment settings. Extreme weather conditions in the
training set include rainy days, rainy nights, foggy days,
and cloudy days, while clear nights and clear days are not
utilized in the training stage. The proposed navigation model
is trained for 15k episodes with a batch size of 128 and all
images are resized to 64× 64. The model is optimized using
an ADAM optimizer with an initial learning rate of 0.0001.
The I7-12700 CPU and 12G 3060 GPU of the Ubuntu
18.04 hardware platform are used to run the entire simulated
experiment.

In our work, the multi-modal perception model and the
sensors on the simulation platform both contribute to one
of the two components that make up the state observation
(ot = (ost , oobst)) of RL. The measurement as the part-state
ost=(vft , vlt , φt, d0t , d1t , d2t , d3t , d4t ) is obtained using
the sensor from the CARLA simulator, where vf and

vl represent forward speed and lateral speed, φ is the
related angle, d0, d1, d3, and d4 represent road width, the
distance to lane, the distance to other vehicles, and the
distance to pedestrian, respectively, d2t = d0t/2 − d1t .
The observation from environment as another part-state
oobst = f<p,s,l>t = (fpt , fst , flt) is obtained using the
proposed multi-modal cross-domain model. Therefore, the
explicit form of the reward function r̃ = ξ(.) in equations
(23) and (24) can be defined as the sum of the above six terms:

r̃ = rvft + rvlt + rφt
+ rd2t

+ rd3t
+ rd4t

(30)

Considering the importance of driving safety, the model
is trained by setting reward conditions in automatic vehicle
navigation:
Conditions 1 & 2:

rvft =

{
vft , vft ≤ 30
60− vft , vft ≥ 30

rvlt =

{
vlt , vlt ≤ 10
10− vlt , vlt ≥ 10

(31)

Conditions 3:

rφt =

{
rφt , rφt ≤ 90
180− rφt , rφt ≥ 90

(32)

Conditions 4 & 5 & 6:

rd2t
=

{
0, d2t ≥ d0t/2
d2t , d2t ≤ d0t/2

(33)

Conditions 5 & 6:

rd3t/d4t
=

{
0,≤ d3t/d4t ≥ 0.2
d3t/d4t , d3t/d4t > 0.2

(34)

During training and inference, the robot has a set of avail-
able actions (Action Set) at each step, including: Forward,
Backward, Turn Left, Turn Right, emergency halts. Each
directional action can be executed at different speed levels
(e.g., low, medium, high) for fine-tuning in various situations.

For continuous control, the action space A can be repre-
sented as a multi-dimensional vector, where each dimension
corresponds to a control variable, such as speed v and θ:

A = {(v, θ) | v ∈ [vmin, vmax] , θ ∈ [θmin, θmax]} (35)

During inference, the policy function, π selects the optimal
action at based on the robot’s current state s (including multi-
modal perception data).

During training, we optimize the policy network using
DDPG with SAGM optimization. The goal of the policy
network is to maximize the expected cumulative reward: Gt,
which represents the total expected reward from the initial
state s0:

Gt = E

[
T∑

k=t

γk−tr̃k

]
(36)

Where γ is the discount factor used to balance short-term and
long-term rewards.

This reward design effectively directs the model to learn
obstacle avoidance while keeping the navigation goal-oriented.
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B. Model Compression and Parameter Freezing in Sim-to-
Real Transfer

To enable efficient transfer of the intelligent vehicle
navigation model from simulation to real-world environments,
we employed model compression and parameter freezing
techniques to enhance computational efficiency and stability.

1) Model Compression:

• Weight Pruning: reducing model size by removing redun-
dant parameters from the network. Specifically, we define
the weight matrix of each network layer as W ∈ Rn×m,
where n and m are the input and output dimensions of the
layer, respectively. We use a threshold ϵ to prune weights,
setting those below the threshold to zero:

Wi,j =

{
Wi,j if |Wi,j | ≥ ϵ
0 if |Wi,j | < ϵ

(37)

Where Wi,j is the element of the weight matrix W at
row i and column j, representing the weight value for
that specific connection. By optimizing pruning threshold
ϵ, we effectively reduce the number of parameters with
minimal impact on performance. The pruned network
undergoes fine-tuning to recover any lost performance.

• Quantization: Model quantization converts floating-point
parameters to lower-precision integers, thus reducing
memory usage and computational complexity. We use 8-
bit quantization, converting 32-bit floats to 8-bit integers.
Assuming a weight range of [Wmax,Wmin], each weight
W is quantized as:

Wq = round

(
W −Wmin

Wmax −Wmin
×
(
28 − 1

))
(38)

Where Wq is the quantized weight value, (28 − 1))
represents the range for 8-bit quantization, from 0 to 255,
round(·) represents the rounding operation. Specifically,
round(·) rounds a floating-point number to the nearest
integer.

• Knowledge Distillation: Transferring knowledge from a
large pre-trained teacher model T to a smaller student
model S, For an input sample x, the loss between the
teacher’s output yT and the student’s output yS is defined
as:

Ldistill = α·LCE(yS , ytrue)+(1−α)·LKL(yS , yT ) (39)

Where LCE is the cross-entropy loss, LKL is the
Kullback-Leibler divergence, and α is a hyperparame-
ter balancing the two. Through knowledge distillation,
the student model efficiently learns the teacher model’s
representational capacity, maintaining performance while
reducing parameters.

2) Parameter Freezing:

• Layer-wise Freezing: In this study, we freeze the lower-
level feature extraction layers (e.g., convolutional layers)
in the perception module. Let the network’s layer weights
be θ = {θ1, θ2, . . . , θL}, with the first k layers layers

frozen, i.e.{θ1, θ2, ..., θk}. The parameter update rule for
frozen layers is:

θ
′
i=θi, ∀i≤k(40)

• CDSAttention Module Freezing: The Cross-Domain Self-
Attention (CDSAttention) module plays a key role in fus-
ing multi-modal data. We freeze this module to maintain
its robustness in integrating environmental cues. After
freezing, the update rules for weight matrices within the
module (e.g., query, key, and value matrices) are:

W
′

Q = WQ, W
′

K = WK , W
′

V = WV (41)

• Partial Freezing of RD and SAGM: To enhance stability
in navigation decisions, we partially freeze key memory
units in the Recurrent Deduction (RD) module and the
policy evaluation part of the Self-Assessment Gradient
Model (SAGM). Let the memory state in the RD module
be ht; after partial freezing, its update rule becomes
ht = f(ht−1, xt) (partial freezing). For the evaluation
function QSAGM in SAGM, the policy update rule under
freezing is:

Q
′

SAGM(s, a) = QSAGM(s, a), ∀(s, a) ∈ S ×A (42)

Where s and a representing the current environment state
and decision action in the navigation task, xt is the
observations from the perception module at time t, S and
A are the state space and the action space, containing all
possible combinations of states and actions.

C. Experiments based on Simulated Environments

We conduct experiments using the CARLA simulator to
assess the effectiveness of the proposed end-to-end and
perception-decision models, employing simulation-to-reality
transfer learning technology. CARLA, like many other au-
tonomous driving simulators, is model-based, in contrast to
our data-driven simulators. Despite great efforts to make the
CARLA environments as realistic as possible, there are still
simulation gaps. We found that end-to-end models trained
only in CARLA do not perform well in the real world.
Therefore, we utilize a highly challenging environment as a
virtual training scenario to tackle this issue. Additionally, we
incorporate a SAGM and a DR mechanism into the RL model
to bridge the gap between the virtual and real environments
through the transfer learning technology.

Figure 6 displays examples of scene perception generated
by the proposed multi-modal cross-domain module while
navigating the vehicle in the CARLA simulator. During the
automated driving experiment, we simulated a real environ-
ment by randomly introducing moving vehicles, pedestrians,
dynamic obstacles, and traffic lights. This allowed the trained
agent model to be applicable in real-world scenarios without
differentiation.

1) Results Analysis of Agent Training: Figure 7 illus-
trates the comparison of the training performance between
the proposed RD+SAGM and RD without SAGM. As the
number of training frames increases, the training strategy using
RD+SAGM is more efficient than using RD alone. This results
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Fig. 6. Perception results are generated by the proposed multi-modal cross-
domain module based on the CARLA simulator. From top to bottom, the
images show the original, semantic segmentation, LADIR perception, and
pose estimation results.
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Fig. 7. Comparison of the training performance between the proposed
RD+SAGM and RD without SAGM.

in a faster gradient decline of the learning rate, as shown
in Fig. 7(a). We use the standard deviation (σ2) of rewards
obtained by the agent to assess the impact of the SAGM
on the overall architecture. It can be seen from Fig. 7(b)
that the training effect using SAGM is superior. According
to the gradient descent of the training loss under the two
modes in Fig. 7(c), it can be observed that the training loss
decreases more rapidly when using SAGM, suggesting a more
effective training outcome. In addition, we utilize the Policy
Modification Index (PMI) to further investigate the real-time
impact of SAGM on the training process of agents. As shown
in Fig. 6(d), the fluctuation of PMI with the SAGM is smaller,
indicating a better effect compared to the one without the
SAGM.

2) Comparative Results with the State-of-the-art RL Meth-
ods: We conduct comparative experiments to validate the
effectiveness of the proposed method. We employ state-of-the-
art RL methods, including TD3, A3C, and A2C, commonly
used in autonomous navigation and decision-making tasks as
evaluation baselines. We select these baseline models for their
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(a)-(d): rainy day, cloudy day, rainy night, and foggy day.

maturity and performance in continuous and discrete action
spaces, establishing a standard for comparing our multimodal
navigation system. This comparison clarifies the advantages
of our proposed approach under different conditions. TD3
enhances DDPG with a dual Q-network structure to reduce
overestimation bias. A3C is an asynchronous policy gradient
method that accelerates training through multi-threading. A2C,
the synchronous version of A3C, uses single-threaded batch
updates and includes both an Actor and a Critic network.
Training results from Fig. 8 under four different weather
conditions show that the proposed agent training strategy based
on RD+SAGM outperforms other models. In addition, when
comparing the training results in different environments, it
can be observed that the more severe the weather, the lower
the reward degree (returns) of the agent, indicating a poorer
training effect. (average returns: rainy day > cloudy day >
rainy night > foggy day).

3) Importance Analysis of Key Component: The impact
of vehicle training will vary depending on the perception
methods used. To assess the significance of various perception
components within the overall framework, we conducted com-
parative experiments. The experimental results show that the
proposed multi-modal perception method (Pos. + Seg. + Lid.)
outperforms other methods (Seg., pos. + Seg., and Pos. + Lid.),
which is shown in Table I. In addition, when comparing the
results of single-modal perception and two-modal perception,
it can be observed that the training effect of the agent is based
on two-modal perception (pos. + Seg. and Pos. + Lid.) is better
than that of single-modal perception (Seg.). Therefore, we
can conclude that increasing environmental cues can enhance
agents’ effectiveness in RL. The rationale behind this is that
when a vehicle navigates in a challenging environment and
one of its sensors malfunctions, it can use data from other
sensors to compensate for the gaps.

4) Stability Evaluation of Autonomous Driving: Further-
more, we utilize the degree of dispersion of the driving
position to assess the driving stability of the trained agent.
The deviation (standard deviation δ2) between the vehicle’s
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TABLE I
AVERAGE REWARD OF THE VARIOUS PERCEPTION COMPONENTS, WHERE
SEG., POS. + SEG., POS. + LID. AND POS. + SEG. + LID. RESPECTIVELY,

THESE INDICATE THAT THE PERCEPTION MODULE USES ONLY
SEGMENTATION INFORMATION, POSE + SEGMENTATION INFORMATION,

POSE + LIDAR INFORMATION, AND POSE + SEGMENTATION + LIDAR
INFORMATION.

Methods Weather conditions
Rainy day Cloudy day Rainy night Foggy day

Seg. 89.44 69.54 54.76 4.87
Pos. + Seg. 124.39 82.31 62.90 6.07
Pos. + Lid. 130.80 94.66 66.47 6.54

Pos.+ Seg. + Lid. 133.56 98.75 73.82 8.86

Fig. 9. Degree of off-center driving position. (a)-(d) represents four training
scenes: rainy day, cloudy day, rainy night, and foggy day.

position and the center driving position of the road is a metric
of the driving stability. By comparing the average standard
deviation (average std) of the agent in the four scenarios, it
is evident that the complexity of the environment significantly
impacts the driving stability of the trained agent. The results
in Fig. 9 indicate that training agents on foggy and rainy
nights are more challenging than on rainy and cloudy days.

Although both RD models such as A2C, A3C, TD3, and
the proposed RD+SAGM can achieve normalized rewards by
agent training, the policies they learned are very different from
each other. From Table II, we can see that the success rate of
the RD+SAGM agent in each of the two environments (day
& night) is higher than 90%, and achieves 95.7% by average,
around 10%−20% higher than other RD methods. Besides, the
collision rate and off-lane rate of the RD+SAGM agent also
are far below other RD methods. Therefore, although both
four RD methods are designed to address partially observable
Markov decision processes (POMDPs), our RD+SAGM is
more efficient.

5) Ablation Study: We conduct ablation experiments by
varying the number of stacking cross-domain attention blocks
in the Transformer to investigate their impact on navigation
performance. (a) and (b) in Fig. 10 summarize the results. We
found that increasing the number of stacks can further improve
the navigation performance of the vehicle in two main ways:
1) enabling the vehicle to find a more effective path to the

destination while avoiding collisions (resulting in a shorter
driving path); 2) enabling the vehicle to minimize violations
and improve the success rate of reaching the destination.

(a) (b)
Fig. 10. Experimental results with various stacking cross-domain attention
blocks. (a): Average trajectory length with various stacking cross-domain
attention blocks. (b): The success rate of autonomous driving using various
stacking cross-domain attention blocks.

6) Comparison with SOTA Navigation Approaches: To
validate the effectiveness and general applicability in various
scenarios, we perform vehicle navigation tests in six scenarios
with dynamic obstacles using the CARLA platform. We also
compare the approach with existing SOTAs such as manual
control [34], DQN-Waypoints [35], DQN-CNN [36], and
OGM [37] trained under the same conditions. As shown in Fig.
11, six routes have been established in CARLA’s six maps.
The pre-trained model follows these routes and records the
trajectory while navigating. All agents can follow the path
correctly, and all of them completed the designated route.
However, the outcome is mixed due to collisions along the
way. Table III presents the quantitative results of agents trained
using different models. The proposed multi-modal attention
perception model (presented in RD+SAGM ) achieves better
results in terms of RMSE and navigation time. It should be
noted that in the navigation tests, the proposed approach shows
greater improvement than the ”DDPG + RD”-only and ”DDPG
+ SAGM”-only models, respectively. however, ”A3C/TD3 +
RD + SAGM” schema also present strong performance, as
shown in Table III (↑ x, y, where x is the improvement
compared with RD, y represents the improvement compared
with SAGM).

V. TESTS ON REAL-WORLD ENVIRONMENTS

In this section, we provide physical vehicle tests to verify
the effectiveness and practicality of our approach in real-world
scenarios. As shown in Fig. 11, our experiments consider
large-scale outdoor environments and illumination conditions
(including day and night tests), which is also the most
representative application scenario of vehicles in practice.
Including static obstacles (static vehicles, artificial roadblocks,
etc.) and dynamic objects (pedestrians, vehicles) existing in
the environment. The vehicle is equipped with 3D LiDAR,
cameras, a low-level motion control system, and Jetson Xavier
NX for model calculations. To implement the application of
large models on hardware platforms, we use transfer learning
technology to successfully apply the trained model to the
physical vehicle platform through model compression and
parameter freezing. During the model transfer process, we use
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TABLE II
STABILITY EVALUATION OF A2C, A3C, TD3, AND THE PROPOSED RD+SAGM IN DIFFERENT TEST ENVIRONMENTS.

Environments Success rate (%) Collision rate (%) Off-lane rate (%)
A2C A3C TD3 RD+SAGM A2C A3C TD3 RD+SAGM A2C A3C TD3 RD+SAGM

Clear night 69.34 80.77 81.69 94.52 3.28 2.50 2.45 1.28 4.16 3.70 3.68 3.32
Clear day 72.58 84.16 84.38 96.87 2.44 1.96 1.78 0.96 2.49 2.08 1.91 1.76
Average 70.96 82.47 83.04 95.70 2.86 2.23 2.12 1.12 3.33 2.89 3.75 2.54

TABLE III
VALIDATION METRICS FOR THE PROPOSED APPROACH AND EXISTING SOTA NAVIGATION APPROACHES. THE GROUND TRUTH IS USED AS THE BASELINE

FOR ALL COMPUTING RESULTS.

Models Town 1 Town 2 Town 3 Town 4 Town 5 Town 6
RMSE (m) ↓ Times (s) ↓ RMSE (m) ↓ Times (s) ↓ RMSE (m) ↓ Times (s) ↓ RMSE (m) ↓ Times (s) ↓ RMSE (m) ↓ Times (s) ↓ RMSE (m) ↓ Times (s) ↓

Manual control [28] 0.79 45.7 0.84 43.1 0.92 63.4 0.79 55.2 0.75 63.0 0.81 59.4
DQN-Waypoints [29] 0.73 38.9 0.72 36.5 0.77 57.8 0.64 40.1 0.67 56.2 0.69 54.5

DQN-CNN [30] 0.68 35.3 0.61 24.7 0.74 52.5 0.59 39.7 0.58 48.8 0.52 52.9
OGM [31] 0.24 25.2 0.22 24.8 0.26 43.7 0.24 34.2 0.30 38.4 0.33 44.7

A3C + RD + SAGM 0.23 24.5 0.21 24.1 0.27 43.9 0.25 36.5 0.32 40.3 0.34 42.7
TD3 + RD + SAGM 0.21 22.4 0.19 22.0 0.25 42.3 0.23 34.8 0.30 37.8 0.31 41.2

DDPG + RD 0.29 30.8 0.25 30.3 0.33 49.6 0.25 39.2 0.37 44.8 0.40 44.7
DDPG + SAGM 0.24 26.4 0.23 26.1 0.29 48.4 0.28 39.6 0.37 42.7 0.39 45.2

DDPG + RD + SAGM (our) 0.18(↑ 61%, ↑ 33%) 20.3 0.16(↑ 56%, ↑ 44%) 19.9 0.24(↑ 38%, ↑ 21%) 41.6 0.22(↑ 14%, ↑ 27%) 34.2 0.28(↑ 32%, ↑ 32%) 35.6 0.28(↑ 43%, ↑ 39%) 39.8
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Fig. 11. Multi-scenario tests and comparisons of state-of-the-art (SOTAs) vehicle navigation based on CARLA. (a)-(b) represent simulated scenes, specifically
Town 1 to Town 6. The cyan box represents the ground truth of the vehicle navigation without obstacles. Since all dynamic and static obstacles are manually
avoided, the path becomes smoother.

the mxnet framework to encapsulate the offline trained model.
We plot the real trajectory of the vehicle and the observed

local trajectory of each surrounding static and dynamic obsta-
cle in Fig. 12. Our approach can well understand the motion
trend of each dynamic obstacle by learning object-to-vehicle
and vehicle-to-object interactions (as shown in the middle
example of Fig. 11), and then generate a more reasonable
motion strategy to achieve high-efficiency navigation.

We first demonstrate our generalizability to various en-
vironments. Then, we evaluate the trained model in unseen
scenes with obstacles as shown in Table IV. The results show
that: 1) Increased obstacles reduce the navigation success rate;

2) Low illumination reduces the navigation success rate since
cameras are susceptible to illumination.

VI. CONCLUSIONS

In this study, we develop a multi-modal deep reinforcement
learning (DRL) framework to facilitate smooth and safe nav-
igation for a mobile vehicle in challenging environments. We
employ a multi-modal vision fusion strategy to create a locally
observable model to address the issue of navigation failure
caused by inadequate visual cues in complex environments.
More importantly, the model is equipped with RD and SAGM,
which enable the intelligent vehicle to make global behavior
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Fig. 12. The intelligent vehicle platform used in our physical experiments for real-world tests. The top of the figure represents the LiDAR scanning thread,
the middle represents the real-world environment navigation on the observable ROS platform, and the bottom represents the visual observation thread and
current vehicle position. (a) and (b) are the daytime and nighttime navigation tests.

TABLE IV
GENERALIZABILITY OF OUR APPROACH TO A VARIETY OF

ENVIRONMENTAL STYLES. THE PARAMETERS IN THE ENVIRONMENT TYPE
REPRESENT THE ENVIRONMENT SIZE/STATIC OBSTACLE
DENSITY/DYNAMIC OBSTACLE DENSITY. FOR EXAMPLE,

150× 4.6/10%/RANDOM MEANS THAT THE VEHICLE IS TESTED IN AN
ENVIRONMENT WITH A LENGTH AND WIDTH OF 150 METERS AND 4.6

METERS RESPECTIVELY. THERE ARE 10 RANDOMLY PLACED OBSTACLES
IN EVERY FIVE-METER PATH IN THE TEST ENVIRONMENT, AND THE

DYNAMIC OBSTACLES ARE RANDOM.

Illumination conditions (total 54 tests) Environmental styles ( 18 tests for each) Success rate Standard Deviation

Daytime scenes
150×4.6/10%/random 88.9% 3.076 (±0.011)
50×4.6/15%/random 77.8% 3.366 (±0.017)

150×4.6/20%/random 72.2% 3.798 (±0.009)

Nighttime scenes
150×4.6/10%/random 83.3% 4.226 (±0.004)
150×4.6/15%/random 61.1% 4.762 (±0.012)
50×4.6/20%/random 44.4% 5.83 (±0.003)

decisions based on limited local observations. We conduct
comprehensive experiments, including simulations and real-
world tests, to evaluate the effectiveness of the proposed
navigation method. Additionally, we conduct further ablation
studies and component analysis to assess the significance of
model parameters and key components of the proposed DRL
model.

Potential limitations: Our approach faces challenges in
extreme lighting conditions, such as nighttime, and in envi-
ronments with many dynamic obstacles. Although the multi-
modal fusion mechanism improves robustness, visual sensors
struggle in low-light, reducing navigation success rates. In
high-density obstacle environments, the success rate drops to
44.4%.

Future work: These failure cases reveal opportunities for
improvement. First, using night-adapted visual algorithms,
like infrared sensing or low-light enhancement, may address
low-light limitations. Additionally, precise sensing of obsta-
cle speed and trajectory within the multi-modal framework

could enhance navigation in crowded or dynamic environ-
ments. Finally, while the cross-domain self-attention mecha-
nism (SAGM) has improved adaptability, challenges remain in
transferring capabilities from simulation to real-world scenar-
ios. Integrating more real-world data in future training could
further strengthen the model’s robustness.
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