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Various sensors are different in terms of time synchronization, data dimension, and sampling frequency, which makes the deep fusion of heterogeneous
data difficult. In addition, the existing high-precision fusion algorithms rely heavily on computational resources and cannot meet the needs of
lightweight robots with limited computing power. To address these issues, this research work applies a fusion method based on a multimodal
convolutional neural network (2D-ResNet-50 + 3D-CNN) and a cross-modal attention mechanism to ensure the synchronization and unified format
of multi-sensor data by means of data preprocessing and time alignment technology. Then, a convolutional neural network is used to extract features
from visual image data, laser radar point cloud data, and inertial measurement unit (IMU) data, and the information from different sensors is fused
through a cross-modal attention mechanism. A modular architecture is used to optimize the computational efficiency of the system. The system is
divided into multiple independent modules, each responsible for a specific task. The event trigger mechanism is used to dynamically activate and
schedule related modules to enhance the system’s intelligence. This method is deployed on NVIDIA’s Jetson Xavier NX platform, and the experiments
are conducted under the Robot Operating System framework. Experiments show that the robot’s control error does not exceed 0.25 when performing
path tracking tasks. The path planning time in various environments does not exceed 150 milliseconds. This method can improve perception precision
while maintaining high real-time performance and efficiency with limited computational resources, significantly optimizing the robot’s navigation
performance in complex dynamic environments.
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1. INTRODUCTION

In recent years, robots have been widely used in intelli-
gent manufacturing, smart logistics, urban inspection, etc.,
especially in dynamic and complex environments where
the demand for high-precision, intelligent perception and
autonomous navigation continues to rise [1–2]. According to
Statista data, the annual growth rate of the global service robot
market exceeds 25%, and the requirements for environmental
perception precision and system real-time performance are
increasing simultaneously. Traditional robot systems that
rely on a single sensor (such as a camera or laser radar)
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often have perception blind spots or error accumulation when
faced with lighting changes, obstructions, uneven terrain,
etc., which seriously affects the reliability and efficiency
of task execution [3–4]. For example, robots often rely
on laser radar for positioning and obstacle detection in
logistics and warehousing scenarios. However, the ranging
precision of laser radar sensors is affected by ambient light.
In environments with intense light, the laser radar cannot
effectively reflect light back to the sensor, causing the robot
to lose accurate environmental data and thus fail to position
itself. Therefore, integrating multiple heterogeneous sensors
to improve information completeness and robustness has
become a key direction for research on robot intelligent
perception and navigation [5–6].
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The current research on multi-sensor fusion systems faces
two core issues. The first is the difficulty of strong
collaboration due to sensor heterogeneity. Different sensors
(images, point clouds, inertial data) have natural differences
in regard to sampling frequency, data structure, and time
synchronization [7–8]. Traditional filtering or simple con-
catenating methods cannot achieve truly effective data fusion
[9–10]. Second, the algorithm computing power bottleneck
limits the practicality of the fusion system [11–12]. For
example, although the extended Kalman filter and graph
optimization algorithm perform well in terms of precision,
they have high requirements for central processing unit (CPU)
or graphics processing unit (GPU) resources. They cannot
be deployed in real time on resource-constrained lightweight
mobile robots [13–14]. These problems make it difficult
for existing systems to balance stability and deployment
efficiency in complex environments, becoming a core obstacle
to their engineering implementation [15–16]. Although
existing research has made some progress, there is still a
discrepancy between lightweight and high precision. That is,
under high precision requirements, the system often requires
a large number of computational resources, which makes it
impossible to apply it in scenarios with high requirements
for low power consumption and real-time performance.
Reducing the algorithm’s demand for computational resources
while ensuring fusion precision is a significant challenge in
current research.

To address the above challenges, academia and industry
have proposed various multimodal data fusion methods [17–
18]. For example, some studies use deep learning to
build fusion perception models, such as fusion convolutional
neural networks to extract image and point cloud features or
Transformer structures to achieve cross-modal information
alignment [19–20]. Tao et al. [21] combined visual and
inertial information for precise positioning through a graph
optimization framework. Although these methods have made
some progress in specific scenarios, they still have problems
such as complex structure, low inference efficiency, and
weak model generalization ability [22–23]. In particular, in
embedded deployment scenarios that require low delay and
high real-time performance, there is still a lack of general,
efficient, and lightweight solutions [24–25]. Therefore, it is
urgent to build a fusion perception framework that can balance
precision, real-time performance, and resource efficiency
[26–27]. Specifically, it can meet robots’ perception and
navigation needs in dynamic and complex environments while
maintaining high performance despite limited computational
resources [28–29].

To address the above problems, this paper studies a
perception and navigation system that integrates a mul-
timodal convolutional neural network and a cross-modal
attention mechanism to solve the problems of difficulty in
coordinating heterogeneous sensor data and high computing
power dependence. This paper first unifies the multi-source
information format through data preprocessing and a time
alignment mechanism to ensure the temporal consistency of
input data. Then, the visual convolutional neural network
(CNN), PointNet point cloud network and the long short-
term memory network (LSTM) inertial network are used to
extract sensor features, and the deep collaborative fusion of

heterogeneous information is achieved by means of the cross-
modal attention mechanism. Finally, a dynamic scheduling
system is constructed by combining a modular architecture
and an event-triggering mechanism to reduce the number
of invalid calculations. Experimental verification shows
that this method can maintain high real-time performance
and efficiency despite limited computational resources while
improving perception precision. The engineering application
of this technology can promote the widespread application
of robotics in multiple industries, such as intelligent manu-
facturing, smart logistics, and urban inspection, and provide
a feasible solution for autonomous robotic navigation in
complex dynamic environments.

2. MULTI-SOURCE SENSOR DATA
ACQUISITION AND
SPATIOTEMPORAL
SYNCHRONIZATION
PREPROCESSING

2.1 Multi-Source Sensor Data Acquisition

The system integrates three types of heterogeneous sensors:
camera, laser radar, and IMU, which are used to obtain
visual images, spatial point clouds, and inertial motion
information, respectively. Each sensor is asynchronously
connected through the robot operating system (ROS) node,
and a multi-threaded asynchronous mechanism is used to
complete parallel acquisition. The camera obtains image
frames through GStreamer combined with OpenCV, with a
sampling rate of 30 fps and a resolution of 640 × 480. The
image frames are accompanied by hardware timestamps for
subsequent alignment. The laser radar is set to scan at
a frequency of 10Hz, and the output format is a standard
point cloud data (PCD) frame, which is accessed in real time
through the device driver in the form of an event callback.
The IMU sensor acquires acceleration and angular velocity
at a frequency of 200Hz, and transmits data using serial
communication. All data is accompanied by sampling clock
information. Various sensor data are cached in a shared
queue and accessed by the processing module according to
the timestamp index, achieving a high-throughput and low-
coupling data scheduling mechanism.

Table 1 shows the data acquired from the inertial measure-
ment unit. The timestamp shows the time when the data
was acquired, which is based on the time when the event
occurred in the robot system. It helps to synchronize and
align the data from different sensors. The acceleration data
(ax, ay, and az) indicates the acceleration of the robot in
three directions. The acceleration of the Z-axis is closely
related to gravity. If the robot is stationary, the acceleration
of the Z-axis is approximately equal to 9.81m/s2. The
accelerations in the other two directions help determine the
robot’s movement state. The angular velocity data (gx,gy, and
gz) describes the robot’s rotation rate on each axis. Through
these angular velocity data, the robot’s posture changes (roll,
pitch, and yaw) can be calculated. These data are crucial
for dynamic navigation and path planning, helping the robot
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Table 1 Data acquired from the IMU sensor.

ID Timestamp
(ms)

Acceleration
ax (m/s2)

Acceleration
ay (m/s2)

Acceleration
az (m/s2)

Angular
Velocity gx
(rad/s)

Angular
Velocity gy
(rad/s)

Angular
Velocity gz
(rad/s)

1 1000 0.12 0.05 9.81 0.02 0.01 0
2 1005 0.1 0.04 9.82 0.03 0.01 0.01
3 1010 0.11 0.05 9.8 0.02 0 0.01
4 1015 0.1 0.06 9.82 0.03 0.01 0
5 1020 0.09 0.05 9.81 0.01 0 0.02
6 1025 0.12 0.05 9.81 0.02 0.02 0
7 1030 0.13 0.06 9.8 0.01 0.01 0.01
8 1035 0.11 0.05 9.83 0.02 0 0
9 1040 0.1 0.04 9.82 0.01 0.01 0.01
10 1045 0.09 0.05 9.81 0 0 0.02

understand its motion state in three-dimensional space in real
time.

Filtering algorithms are designed to remove acquisition
errors and sensor noise from the three types of raw data. Edge-
preserving adaptive bilateral filtering is used for image data,
and the filter kernel is dynamically adjusted in combination
with the local gradient statistical characteristics to effectively
suppress background noise while maintaining key structures.
The point cloud data is first downsampled by VoxelGrid voxel
filtering (with a voxel size of 0.1m) to reduce the number of
points, and then the statistical outlier removal algorithm is
applied. The minimum number of neighbors is set to 20, and
the standard deviation threshold is set to 1.0. Isolated invalid
points are removed. The IMU data input six-dimensional
vector is processed by a third-order Butterworth low-pass filter
with a cutoff frequency set to 20Hz to filter out jitter and
high-frequency electromagnetic interference. The filtering
operation is preprocessed in the data acquisition thread, and
the single processing delay is controlled within 2ms.

2.2 Spatiotemporal Synchronization
Preprocessing

All sensor data needs to be standardized to unify the numerical
scale of various modal features. Image features are nor-
malized independently using RGB channels. The mean and
variance use ImageNet statistics μ = [0.485, 0.456, 0.406]
and σ = [0.229, 0.224, 0.225] to maintain consistency with
the pre-training model. The point cloud coordinates are
normalized by the unit sphere; that is, each frame of the
point cloud uses the center of mass as a reference, and all
coordinates are mapped to the range of [ − 1, 1] to keep the
geometric shape unchanged. A sliding window normalization
strategy is used for the IMU data, and the mean and standard
deviation of each dimension in the last second are counted
to perform dynamic normalization to eliminate the numerical
jump caused by sudden changes in movement.

The temporal consistency of the sensor data is ensured by
the following strategy: the image frame timestamp (30Hz)
is used as the main alignment reference. Within the time
window corresponding to each frame of the image, the most
recent laser radar point cloud frame is selected. If the deviation

exceeds 33ms, linear interpolation is used to reconstruct the
key points in time [30–31]. For IMU data, 5 data points are
acquired during the time window corresponding to the image.
Bilinear interpolation and then sliding average are performed
to generate the inertial state at the corresponding moment.
If any modal deviation exceeds the threshold of 50ms, the
data frame discard mechanism is triggered, and the cache
queue is automatically polled to pull the next batch of data.
The alignment operation is completed based on the message
synchronization filter in ROS. The interpolation and window
matching logic uses time as the unique index to ensure that
multi-source data is precisely matched in semantic time.

3. MULTIMODAL FEATURE LEARNING
AND CROSS-MODAL FUSION

3.1 Multimodal Feature Extraction

After normalization, the input image is sent to the deep
convolutional neural network Residual Network-50 (ResNet-
50). The network adopts a five-level residual structure. The
first four levels of convolution blocks are used for low-level
feature extraction (edge, texture, and contour), and the fifth
level outputs 1024-dimensional semantic features. Global
average pooling is used instead of the fully-connected layer
to reduce parameter redundancy and improve generalization
ability. The output features are L2-normalized in the channel
dimension to suppress local strong responses and ensure
global consistency. The feature tensor dimension is finally
B × 1024, where B is the batch size. Figure 1 presents image
feature extraction.

Figure 1 shows the process of image input being processed
by the ResNet-50 deep convolutional neural network. First,
the original image is input into the network. The image is
normalized before entering the network, scaling the pixel
values to a certain range so that the neural network can
better process the data. The normalized image enters the
ResNet-50 network. ResNet-50 is a 50-layer convolutional
neural network that uses a residual structure to help avoid
the gradient vanishing problem when training deep networks.
Convolutional layers 1 to 4 comprise the low-level feature
extraction stage. Through multiple convolution operations,
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Figure 1 Deep convolutional neural network processing.

the network extracts different low-level features in the image,
such as edges, textures, and contours.

The point cloud data is first sampled and reordered,and then
divided into a fixed number of points N (N = 1024) per frame.
The PointNet++ architecture is used for three-stage spatial
feature learning. The Set Abstraction module constructs a
local point set through farthest point sampling (FPS) and Ball
Query grouping. The PointNet subnetwork extracts geometric
features within the region. The Feature Propagation module
performs feature upsampling and fusion between different
scales. Finally, the global semantic representation of each
frame point cloud is output with a dimension of B × 1024.
During the feature extraction process, the spatial relationship
between points is preserved, and the boundary expression is
enhanced, thereby improving the robot’s ability to model the
shape and spatial distribution of objects in sparse structures
[32–34]. The IMU data is divided into fixed-length sequences
according to the time window (T = 100 frames), and the
input dimension is B × T × 6 (three-axis acceleration and
three-axis angular velocity). The bidirectional gated recurrent
unit (bidirectional GRU) network is used to model the time
series. After the two hidden states of the forward and
backward directions are merged, they are compressed into
B × 256 dynamic state features through the fully connected
layer. Dropout (p = 0.2) is used to prevent overfitting.
LeakyReLU is used for the activation function. This structure
enhances the time perception ability of the inertial mode and
effectively characterizes the continuous action characteristics
of the robot, such as acceleration and steering.

The three types of features—image, point cloud, and
IMU—are projected to a unified dimension (D = 512)

by means of a linear layer. During this transformation,
the semantics of the features remain unchanged, and only
dimension compression and channel unification are completed

to facilitate subsequent aggregation. The projection layer
parameters participate in back propagation during the training
phase to ensure that the projection results maintain high
information density in the shared representation space. The
three types of features are set to rm f img, fpc, fimu ∈ R

B×512,

which are represented as f̃img, f̃pc, f̃imu, respectively, after
linear mapping.

3.2 Dynamic Allocation of Cross-modal
Attention Weights

The cross-modal attention mechanism is used to weight the
three types of features through learnable weights. The specific
process is as follows: each modal feature is used as Query (Q),
and the other two are used as Key (K) and Value (V).

The scaled dot-productattention is executed to calculate the
attention distribution:

Attention(Q, K , V ) = softmax

(
QK T

√
dk

)
V (1)

where dk = 512 is the dimension of the Key vector. A three-
modal fusion operation is performed on each modality to form
enhanced feature representations f ∗

img, f ∗
pc, and f ∗

imu.
Using the gated fusion strategy, the three enhanced features

are concatenated and sent to the gated network (two layers of
full connection + Sigmoid), and the final fusion weight vector
ω ∈ R

3 is output, satisfying
∑

i ωi = 1.
The final fusion feature is expressed as:

ffusion = ωimg · f ∗
img + ωpc · f ∗

pc + ωimu · f ∗
imu (2)

The attention mechanism is adopted in cross-modal depen-
dency modeling, and the contribution of different modalities
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Figure 2 Comparison of execution time with parallel inference optimization.

is dynamically evaluated in a task-driven manner to achieve
information reconstruction and difference compensation.

4. LIGHTWEIGHT ARCHITECTURE
DESIGN AND EVENT-DRIVEN TASK
SCHEDULING

4.1 Lightweight Architecture Design

The overall operation of the robot comprises four indepen-
dently running functional sub-modules: the data acquisition
module, the data alignment module, the inference module,
and the navigation module. Each module communicates
asynchronously through a unified interface to avoid operation
blockage caused by coupling between modules, and supports
on-demand parallel scheduling. The data acquisition module
is responsible for encapsulating various sensor drivers and
receiving camera, laser radar, and IMU data streams in parallel
using multi-threading. Each type of data is initially cached
and timestamped in an independent thread and communicates
with downstream modules through a ring buffer. The
data alignment module is responsible for denoising and
standardizing the data after it is acquired. Then, according
to the unified timestamp under the master clock, a linear
interpolation strategy is used to complete the heterogeneous
data alignment. The module has a fixed operation cycle and is
decoupled from the acquisition frequency to ensure that time
synchronization is not affected by frame rate fluctuations. The
inference module is responsible for receiving preprocessed
data and scheduling parallel inference of three types of neural
networks in the GPU environment. Through compute unified
device architecture (CUDA) flow control, each type of model
is executed in an independent flow to improve hardware
resource utilization. Figure 2 presents specific effects.

Figure 2 shows the time difference before and after parallel
optimization. The X-axis represents the task cycle, showing
the time from task commencement to execution. The Y-axis
represents in milliseconds the execution time of each task.
The left sub-figure shows the results before optimization,
and the execution time of the system is relatively long.
Each module needs to be completed in sequence during
execution, and there is a strong sequence dependency between
tasks, which results in a longer completion time for each
task. The execution time of all tasks is greater than or
equal to 45 milliseconds. Without parallel processing, the
waiting and dependencies between modules significantly
extend the overall execution cycle. The right sub-figure
shows the optimized results, with shorter execution time.
The execution time of the third task is reduced from 47
milliseconds to 42 milliseconds. This is due to the application
of parallel inference that allows multiple neural network tasks
to be performed simultaneously, thus speeding up the overall
inference process. When multiple modules are executed
in parallel, the waiting time between tasks is significantly
reduced. The optimized execution time shows a more
balanced time distribution, and hardware resources are used
more efficiently.

The output feature vectors are uniformly entered into the
shared representation space and, after being fused by the cross-
modal attention mechanism, they are stored in the shared
memory area for the navigation module to call. The navigation
module is responsible for running perception updates and path
replanning at a fixed frame rate based on the fused features.
The improved A* algorithm is used to implement incremental
path updates, and the deep reinforcement learning strategy
network is integrated to adjust the control signal in real time.
This module monitors the changes in the front-end perception
results through state subscription and triggers the activation
of replanning.
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4.2 Event-driven Task Scheduling

An event-triggered mechanism is used instead of the con-
tinuous operation mode to reduce energy consumption and
computing load. The specific strategies are as follows:
each type of perception result is bound to a specific change
indicator, and the corresponding threshold is set for state
change detection. When the structural similarity between
two consecutive frames of images is lower than 0.85, it is
assumed that the scene has changed significantly; when the
mean change rate of the Euclidean distance between point
cloud frames is greater than 15%, it is indicative of a change
in the obstacle structure; when the angular velocity or linear
acceleration exceeds the set threshold (3σ), it is judged as a
sudden change in posture. The detection process is completed
inside the perception module, which smooths historical
features by means of a sliding window, and generates an
event signal when the change exceeds a threshold. After
receiving the event signal, the controller allocates module
execution permissions according to the event type and priority
through the task scheduler: high-priority events (such as path
blocking) trigger the path module to interrupt the current
execution flow and insert emergency replanning; medium-
priority events (such as IMU abnormalities) schedule the
perception module to reacquire short-term feature sequences;
low-priority events (such as slow changes in image scenes)
only update the perception cache and do not trigger the
inference process. The scheduler maintains the event
queue and thread pool resource state internally, dynamically
allocates computational resources based on event priority,
controls the number of concurrent executions, and avoids
competition for resources. To avoid false triggering, a cooling
time window is set. Repeated triggering of the same type of
event within the window is discarded, and only the first valid
event is retained. After the task is completed, the context
resources are recycled. GPU memory, thread pool handles,
and temporary cache are released to ensure task scheduling
stability and resource control. In addition, a module lifecycle
monitoring mechanism is added. The execution time limit
of each task is monitored by Watchdog. If the timeout is
exceeded, it automatically terminates and logs to prevent
unresponsive processes from blocking global scheduling.

5. PERCEPTION-DRIVEN PATH
PLANNING AND NAVIGATION
DECISIONS

5.1 Perception-driven Path Planning

The fusion features output by the perception module are first
mapped to an occupancy grid map. Based on this map,
a dynamic passable area identification is constructed. The
improved A* algorithm is used as the main engine for path
planning, and the core optimization strategies include heuris-
tic function adjustment, cost function weighting, and adjacent
extension restriction. The heuristic function adjustment is
reflected in the Manhattan distance of the classic A*, adding
an obstacle density penalty and direction offset factors to
make the heuristic function more consistent with the path

coherence and steering stability in complex environments.
The cost function weighting comprehensively considers three
indicators: grid risk weight (degree of obstacle proximity),
path curvature change (for smooth control), and platform
motion characteristics (minimum turning radius limit). Each
item participates in the path cost accumulation through a
weighted coefficient to form a non-uniform cost model.
The adjacent extension restriction adds dynamic obstacle
occlusion detection when the path node is extended. If
there is a high-density point cloud in the target direction, the
direction is automatically skipped to reduce redundant node
expansion and improve planning efficiency. Map updates are
maintained in real time using a sliding window. Every time
new perception information is received,the local sub-map area
is refreshed, and only the local path containing the changed
area is reconstructed to avoid the computational overhead
caused by global replanning. For real-time calls, the path data
is cached in the priority queue by the control strategy module.

5.2 Navigation Decision

In the control stage, the perception-estimation joint state
is used as input to make navigation decisions. The core
inference module uses a pre-trained deep reinforcement
learning network, and the strategy structure is implemented
based on the deep deterministic policy gradient (DDPG)
algorithm, with the ability to output continuous actions. The
state representation is constructed. The current state includes
the position coordinates, orientation angle, velocity vector,
historical path residual (the deviation trajectory between
the current position and the expected path), and dynamic
obstacle characteristics in the local perception area. Each
state quantity is normalized and concatenated into a unified
vector input to the strategy network. Action output structure:
the strategy network consists of a two-layer fully connected
structure, and the output action is a three-dimensional control
instruction: linear speed, angular velocity, and emergency
stop weight. The angular velocity part uses tanh compression
activation to constrain the steering range and ensure smooth
control. The emergency stop weight is normalized by a
sigmoid and used to determine control interruption. In the
strategy execution mechanism, the control module performs
feedforward inference at a frequency of 20Hz. The decision
results of each frame are converted into specific motor control
commands in combination with the proportional-integral-
derivative (PID) adjustment mechanism. In the case of
historical residual deviation exceeding the threshold or close
intrusion of obstacles, the strategy weight is shifted in the
direction of obstacle avoidance or deceleration to achieve
adaptive control switching.

Three types of safety constraint mechanisms are deployed
to avoid path conflicts and control anomalies. These are
1) the speed limiter: when the perception result shows that
the obstacle approach distance is less than the set threshold
(0.5m), the linear speed is actively reduced to 0 according
to the exponential decay function to prevent collision due to
inertia; 2) the heading deviation corrector: when the heading
angle deviates from the expected path direction by more
than the set threshold (15◦), the heading priority control is
enabled, and the linear speed is frozen. Only the angular
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Figure 3 Safety constraint mechanism triggering.

speed is adjusted until the direction is consistent; and 3)
the strategy fuse: when the DDPG output is inconsistent
with the historical control instructions for three consecutive
frames, or the sudden change amplitude of state input exceeds
the learning range (angular velocity suddenly increases by
more than 2 rad/s), the strategy network is immediately fused
and switched to the static emergency braking module to
prevent the strategy network from outputting out-of-control
instructions under abnormal conditions. The control process
combines the event trigger signal of the perception module to
respond to dynamic environmental changes in real time. Path
reconstruction and control update are independent threads,
and a shared state buffer is used for asynchronous reading and
writing to ensure the real-time performance and robustness
of the control process. Figure 3 shows the safety constraint
mechanism.

Figure 3 shows the triggering state of different safety
constraint mechanisms in each cycle. The horizontal axis
represents the different time periods of system operation.
The left Y-axis represents the value of continuous data,
obstacle distance, heading deviation, and sudden change of
angular velocity. The right Y-axis uses binary values (0 or
1) to represent the triggering state of the safety mechanism
(speed limiter, heading deviation corrector, and strategy
fuse), with 1 representing that the mechanism is triggered,
and 0 representing that it is not triggered. If the obstacle
is too close, the speed limiter is triggered to reduce the
robot’s speed to avoid collision. In the T3-T6 period,
the speed limiter is triggered to reduce the running speed.
When the heading deviation is greater than the set threshold,
the heading deviation corrector is triggered to adjust the
robot’s heading angle. In the T5-T7 cycle, the heading
deviation corrector is triggered, indicating that the heading
deviation is greater than the set threshold. If the control
instructions for three consecutive frames are inconsistent
with the historical instructions, or the angular velocity surge
exceeds the threshold, the strategy fuse is triggered and
switches to emergency braking mode.

6. EXPERIMENTAL EVALUATION

The experimental process includes data acquisition, sensor
synchronization, path planning and control, and evaluation.

The experiment is conducted in a semi-open environment that
contains dynamic obstacles (such as pedestrians, other robots,
and movable objects) and complex terrain (such as curves,
ramps, narrow passages, etc.). All sensor devices, including
cameras, laser radar, and IMU, are started to ensure that all
sensors are working properly. The robot platform and its
control module are initialized, and initial parameters (speed
limit, heading control angle, IMU data sampling frequency,
etc.) are configured. The data collection frequency and
resolution of each sensor are set: the camera resolution is
640 × 480; the laser radar scanning frequency is 10Hz; the
IMU sampling frequency is 200Hz, etc. Additionally, the
event trigger threshold of the perception module is configured,
including the threshold of the obstacle approach distance and
the threshold of the heading deviation angle.

6.1 Control System Performance Evaluation

The purpose of the control error experiment is to determine
the deviation between the current position of the robot and
the desired target when performing the path tracking task. A
fixed target trajectory is set, and the robot’s path planning and
tracking control modules are enabled. The robot starts to run
along the set path. The control system receives sensor data
(IMU, odometer, laser radar, etc.) in real time and performs
path tracking. Sampling is performed at a fixed point in
time, and multiple experiments are performed on the same
trajectory.

In Figure 4, the deviation between the target trajectory and
the actual trajectory is analyzed through the control errors
of six different experiments, and the control precision of the
robot in each experiment is further shown through the error
vector. The black plus sign represents the target path, and
the robot should walk along this trajectory. The target path
is made up of points with fixed x and y coordinates. The
blue dots represent the actual trajectory. When the robot is
executing movements, due to control errors (such as sensor
errors, calculation errors, etc.), its movement path deviates
from the target trajectory. Each target trajectory point has
an error vector that indicates the deviation between the target
point and the actual position. The error vector points from
the target position to the actual position. The length of the
arrow represents the magnitude of the error, and the direction
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(a) (b) (c)

(d) (e) (f)

Figure 4 Control errors. Figure 4(a): First experiment with an average error of 0.1. Figure 4(b): Second experiment with an average error of 0.12. Figure 4(c):
Third experiment with an average error of 0.25. Figure 4(d): Fourth experiment with an average error of 0.18. Figure 4(e): Fifth experiment with an average
error of 0.2. Figure 4(f): Sixth experiment with an average error of 0.15.

Figure 5 Sensor fusion error distribution.

of the arrow represents the direction of the error. Different
error margins reflect the control error in each experiment.
A smaller error margin (such as 0.1) means that the actual
path of the robot is closer to the target path, and a larger
error margin (such as 0.25) means that the robot deviates far
from the target path. In this experiment, the error margins
are relatively small, with average errors of [0.1, 0.12, 0.25,
0.18, 0.2, 0.15], which are relatively close and none of them
exceeds 0.25.

6.2 Data Fusion Error

The data fusion precision of different sensor combinations
(such as camera + laser radar, IMU + laser radar, camera +
IMU, etc.) is evaluated. The raw data is collected from each

sensor (laser radar, camera, IMU, etc.). The collected sensor
data is preprocessed to ensure that the timestamps of each
sensor data are aligned. According to the fusion algorithm,
the data from the camera, IMU, and laser radar are fused
to obtain a global positioning estimate or environment map.
The fusion error metric is used to evaluate the quality of data
synchronization and fusion.

In Figure 5, the X-axis shows the size of the fusion error,
which is the difference between the estimated value and the
actual value after the data from multiple sensors (camera,
IMU, and laser radar) are fused. The error is measured in
meters. The Y-axis shows the frequency of each error value
interval. Most data points are concentrated within a small
range (for example, between 0 and 0.1 meters), indicating
that the fusion error of most sensors is small and the fusion
effect of the system is relatively stable.
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Figure 6 Smoothness of the generated path.

Figure 7 Planning time for different task cycles.

6.3 Path Planning Performance Evaluation

6.3.1 Path Smoothness

The smoothness of the paths generated by different path
planning strategies is evaluated to determine whether there
are sharp turning angles, sudden changes in curvature, etc.
These phenomena may cause unstable robot motion, increased
energy consumption, and difficult control. Different starting
and end task combinations are set. Point sequences are
extracted at equal intervals. The angle formed by every three
points is calculated as the turning angle sequence.

In Figure 6, the X-axis indicates the number of 10
consecutive key points in the path. The robot starts from
P1 along the path and passes through P2, P3, …, in sequence.
The Y-axis indicates the turning angle of the path at the current
point. The larger the value, the sharper the turn at the current
point. The broken line connects the turning angle values
of each point, and its “smoothness” is observed. The red
dot marks the maximum turning angle position. At P6, a
30◦ turning angle appears, showing that the path undergoes a
large change in direction in this section, resulting in control
difficulties.

6.3.2 Planning Time Assessment

The real-time performance and computational efficiency of
path planning in different test scenarios are assessed. The
time of each path planning operation is recorded. To ensure
the reliability of the experiment, the path planning operation
is repeated multiple times during each task cycle, and the time
of each calculation is recorded.

Figure 7 shows the distribution of path planning time for
different task cycles. The task cycle corresponds to the
test scenario. Multiple experiments are conducted on the
same task cycle. The X-axis shows different task cycles,
and each cycle corresponds to a set of path planning time
data. The Y -axis represents the time required for path
planning; that is, the time required to calculate the path in
each cycle. The maximum planning time is at T8, with a
time of 146 milliseconds, and the minimum planning time is
at T5, with a time of 98 milliseconds. Although there are
various task cycles and test scenarios, the planning time is not
much different, wiht the median being between 115 and 125
milliseconds.

vol 34 no 2 March 2026 281



ROBOT INFORMATION INTELLIGENT PERCEPTION AND NAVIGATION BASED ON MULTI-SENSOR FUSION

Table 2 Safety performance.

Experiment ID Collisions Min
Distance
(m)

Unsafe
Distance
Count

Avg
Response
Time (ms)

Speed
Limiter
Triggers

Heading
Deviation
Corrector
Triggers

Strategy
Fuse
Triggers

Strategy
Triggering
Rate (%)

1 0 0.62 3 35 2 1 0 100
2 0 053 5 48 3 2 1 83.3
3 0 0.56 1 30 1 1 0 100
4 0 0.57 4 42 2 3 0 91.6
5 0 0.55 3 37 2 1 0 100
6 0 0.6 1 34 1 0 0 100

Figure 8 Perception delay and path planning time in different environments.

6.4 Safety Performance

The safety of the robot system is measured by means of a
series of key indicators, including the number of collisions,
safety distance, safety policy response time, and policy
effectiveness. The simulation environment of the robot and
obstacles is configured to ensure that the robot can move in the
environment and encounter obstacles. The robot’s navigation
system is set up to ensure that the robot has the ability to avoid
obstacles, plan paths, and control. Safety strategies, including
speed limiters, heading deviation correctors, etc., are set up
to trigger safety mechanisms. Data such as the number of
collisions, safety distance, triggering of safety strategies, and
response time are recorded. The results of each experiment
are organized, and indicators such as average response time
and strategy triggering rate are calculated,as shown in Table 2.

In all experiments, the number of collisions is 0, indicating
that the obstacle avoidance system can successfully avoid
collisions in most cases. The minimum value of the safety
distance is greater than 0.5 meters, proving that the robot
maintains a good safety distance during driving. The
safety strategy response time in each experiment is within
a reasonable range, and the strategy triggering rate of most
experiments is close to 100%, indicating that the system can
trigger the safety strategy in time and effectively execute it.

6.5 Environmental Adaptability

The robot system is started, and the navigation, perception,
and path planning modules are loaded. A unified navigation
task goal (such as navigating from the starting point to the end
point) is configured, and the path length is kept consistent.
The experiment is repeated 5 times in each environment
(with statistics on average performance and fluctuations).
During each run, the delay from the perception module
receiving sensor data to outputting obstacle state and the time
taken by the planning module from receiving environmental
information to completing path generation are recorded.

The X-axis of Figure 8 contains five typical test environ-
ments: 1) Indoor lighting: normal bright indoor environment.
2) Low light environment: such as night or insufficient
lighting. 3) Complex terrain: such as ramps and uneven
surfaces. 4) Dynamic obstacles: such as pedestrians and
moving obstacles. 5) Multiple obstacles: such as narrow
passages and dense obstacles. The Y-axis represents the
time consumption in terms of two types of key performance
indicators. The blue column shows the perception delay
(the time from sensor input to perception result output), and
the orange column shows the path planning time (the time
from receiving perception data to generating a path). The
perception delay is lowest under indoor lighting conditions
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(35ms), indicating that the system runs smoothly under
standard conditions. It rises slightly in low light and complex
terrain (42ms and 48ms). It is highest in dynamic obstacles
and multiple obstacles (55ms and 60ms), probably due to
the need to process more targets or more complex point
cloud data. The path planning time also increases with the
complexity of the environment. The time consumption is
the highest when there are dynamic obstacles and multiple
obstacles (140ms and 150ms respectively), indicating that the
obstacle avoidance strategy and path reconstruction burden
are increased. In simpler environments where there is,
for example, indoor lighting and low light, it remains at
around 80ms–90ms, which meets the real-time performance
requirements.

7. CONCLUSION

This paper focuses on the needs of lightweight robots for
efficient perception and navigation in complex environments.
It adopts a fusion method based on multimodal feature
extraction and cross-modal attention mechanism, builds a
modular architecture, and applies an event trigger mechanism
to achieve efficient preprocessing of multi-sensor data, deep
feature fusion, and path planning control. By improving
the A* algorithm and linking the DDPG strategy network
control, the perception precision, navigation stability, and
system real-time performance are significantly improved.
Although the method performs well in terms of computational
efficiency and perception robustness, it still has problems
such as response lag and insufficient strategy generalization
ability in extreme dynamic environments. Future work
can further expand the application scenarios of the method
proposed in this paper. In multi-robot systems, improving
the overall performance of the system through the sharing of
perception information and collaborative planning, especially
the navigation and obstacle avoidance capabilities in complex
environments, needs further exploration.
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