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Abstract. Sensor fusion technology plays a crucial role in autonomous driving and intelligent
transportation systems by integrating data from multiple sensors to achieve more accurate, reliable,
and comprehensive environmental perception. Radar and cameras are commonly used sensors,
each with its own advantages and limitations. Radar detects the position and velocity of objects
through electromagnetic waves, offering all-weather operational capability but with low spatial
resolution. Cameras capture high-resolution images using light signals, suitable for detailed object
recognition, but their performance is significantly affected by lighting conditions. Sensor fusion
technology can combine the strengths of radar and cameras, compensating for the shortcomings of
individual sensors, and enhancing the accuracy and robustness of environmental perception. Data-
level fusion processes and combines raw data to retain maximum information, improving the
system's perception accuracy. Feature-level fusion extracts and combines features to reduce data
volume and improve efficiency. Decision-level fusion independently processes sensor data to
generate decisions, which are then fused together. Despite the significant advantages of sensor
fusion technology, practical applications still face challenges such as data synchronization and
calibration, uncertainty and noise, computational complexity, algorithm robustness, data
transmission bandwidth limitations, and standardization issues. The forthcoming trend involves the
convergence of deep learning algorithms with sensor fusion, multi-modal data fusion, online
calibration technology, and the proliferation of low-cost, high-performance sensors, which will be key
areas for technological breakthroughs. Continuous technological advancements and innovations will
further enhance the safety and reliability of autonomous driving and intelligent transportation systems,
bringing revolutionary changes to the transportation sector.
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1. Introduction

Sensor fusion technology plays a crucial role in autonomous driving and intelligent transportation
systems by integrating data from multiple sensors to achieve more accurate, reliable, and
comprehensive environmental perception. Radar detects the position and velocity of objects by
emitting and receiving electromagnetic waves, which allows it to operate in all weather conditions
but has low spatial resolution. Cameras capture light signals through lenses and image sensors,
providing high-resolution images suitable for detailed object recognition, but their performance is
significantly affected by lighting conditions [1, 2]. Fig. 1 shows the working principles of the camera
and radar respectively.

Sensor fusion technology leverages the strengths of both radar and cameras to offset the limitations
of single sensors, leading to greater accuracy and robustness in perceiving the environment [3]. Data-
level fusion processes and combines raw data to retain maximum information, enhancing the system's
perception accuracy. Feature-level fusion extracts and combines features to reduce data volume and
improve efficiency. Decision-level fusion independently processes sensor data to generate decisions,
which are then fused together, suitable for pattern recognition and classification tasks [4].

This research focuses on the application of sensor fusion technology in autonomous driving and
intelligent transportation systems, exploring the mechanics of radar and cameras, and assessing their
respective advantages and disadvantages for environmental perception. This study explores three
central fusion methods—data-level, feature-level, and decision-level—and their distinct application
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characteristics. It also summarizes the advantages of sensor fusion technology and deeply analyzes
the challenges it faces in practical applications. Future technological trends include the integration of
deep learning with sensor fusion, multi-modal data fusion, online calibration technology, and the
proliferation of low-cost, high-performance sensors. This research has studied and implemented data-
level, feature-level, and decision-level sensor fusion methods and verified their effectiveness in
autonomous driving environments through experiments. A deep learning model-based multi-sensor
data fusion method for environmental perception has been proposed. Additionally, an efficient real-
time sensor data processing framework has been designed and developed to achieve the real-time
performance and high reliability necessary for autonomous driving systems.

9 *

Image Capture | Transmission of Radio Waves

v v

Image Preprocessing | Propagation of Radio Waves

v v '

| Image Segmentation and Feature Extraction | Reflection of Waves by Object |

’ v

Object Detection and Classification Reception of Reflected Waves
v I

Object Tracking Signal Processing |
v v
Environmental Modeling Measurement of Distance and Velocity |

v , v

Decision Making and Planning | Target Detection and Identification

Real-Time Processing | é

Figure 1. Workflow of Camera and Radar

2. Methods and Materials

2.1. Working Principles and Characteristics of Radar and Cameras

Radar detects the position and velocity of objects by emitting and receiving electromagnetic waves.
Its working principle involves emitting electromagnetic waves, receiving the echoes reflected by
objects, and calculating the distance, speed, and angle of the objects by analyzing the time delay and
frequency changes of the echoes. Radar has all-weather operational capability, able to function
normally in conditions such as rain, fog, and snow, with a detection range of up to several hundred
meters, making it suitable for long-distance applications like highways. Additionally, radar utilizes
the Doppler effect to accurately measure the relative speed of objects, but it has low spatial resolution
and is not suitable for identifying smaller targets [5].

In contrast, cameras capture light signals through lenses and image sensors, which are then
processed into digital images or video signals. Cameras can capture high-resolution images, making
them suitable for detailed object recognition and classification, thereby enhancing the object
recognition capabilities of autonomous driving systems. With computer vision algorithms, cameras
can perform complex visual perception tasks such as object detection, classification, and tracking.
However, the performance of cameras is significantly affected by lighting conditions and weather,
and monocular cameras cannot directly obtain the depth information of objects. By combining the
strengths of both, sensor fusion technology can achieve more accurate and reliable environmental
perception, compensating for the shortcomings of individual sensors [6].

2.2. Theoretical Basis and Methods of Sensor Fusion Technology

Sensor fusion technology is crucial in autonomous driving systems. This research primarily
analyzes and discusses data-level fusion, feature-level fusion, and decision-level fusion.
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2.2.1 Data-Level Fusion

Data-level fusion is a method that directly processes and combines raw data from different sensors
to achieve more accurate environmental perception. Its main advantage lies in maximizing the
retention of original information provided by the sensors, thereby enhancing the system's perception
accuracy and robustness [7]. However, this method also faces several challenges in practical
application, including data synchronization, data format differences, and noise processing. Data
synchronization issues arise due to the different sampling frequencies and timestamps of various
sensors, requiring precise time alignment. Data format differences necessitate converting the data
from different sensors into a unified format. Noise processing requires the use of filtering and
denoising techniques to improve data quality. Common data-level fusion methods include weighted
averaging, interpolation, and Kalman filtering. Weighted averaging involves combining sensor data
based on the signal-to-noise ratio or confidence of the sensors. Interpolation refines the spatial or
temporal resolution of sensor data. Kalman filtering is a recursive algorithm that estimates system
states through prediction and update steps, suitable for scenarios with Gaussian noise [8].

2.2.2 Feature-Level Fusion

Achieving more accurate environmental perception through the extraction and combination of
feature data from different sensors, feature-level fusion differs from data-level fusion by
concentrating on extracting significant features from raw data. These features are then combined or
processed further to produce a comprehensive feature representation. This method primarily reduces
the amount of data to be processed, enhances fusion efficiency, and improves the system's perception
capability by leveraging feature complementarity.

The primary advantages of feature-level fusion are the reduction in data volume and the increased
processing speed and efficiency achieved through feature extraction. By combining features from
multiple sensors, the shortcomings of a single sensor can be compensated for, thereby improving the
overall perception capability of the system. Additionally, feature-level fusion offers high flexibility,
allowing for the selection of appropriate feature extraction and fusion methods based on the
characteristics of different sensors and application requirements. Effective feature extraction
algorithms need to be designed and implemented to ensure the accuracy and validity of features.
Features from different sensors may have spatial and temporal inconsistencies that need to be aligned
and matched. Moreover, the choice of fusion strategy should be based on the application scenario to
maximize the utilization of feature information.

Common methods include:

Feature Concatenation: This method involves concatenating features extracted from different
sensors to form a comprehensive feature vector. For example, in the fusion of image processing and
point cloud processing, edge information from images and distance information from LiDAR can be
concatenated to form a multi-dimensional feature vector used for object detection and classification.

Feature Selection: This method involves selecting the most representative and distinctive features
from the features extracted by different sensors for fusion. This approach can reduce redundant
information, improve fusion efficiency, and enhance accuracy.

Deep Learning Models: Neural networks and other deep learning models can be used to
automatically learn and fuse features from different sensors. Deep learning can handle complex
feature extraction and fusion tasks, making it suitable for processing large-scale data and high-
dimensional features.

Kalman Filter Prediction Steps:

P =F Pk—]Jk—leT +Qy (1)
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Kalman Filter Update Steps:
R = Rgea + K (2 —H R 1) 3)
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2.2.3 Decision-Level Fusion

Decision-level fusion is a multi-sensor data fusion method in which each sensor independently
processes its data and generates decisions, which are then fused to form the final decision. This
method is suitable for pattern recognition and classification tasks, where feature vectors are processed
and labeled. The main advantage of decision-level fusion is that by combining multiple decisions, the
system's robustness and accuracy can be enhanced, especially in complex and dynamic environments.

The advantages of decision-level fusion include reducing the potential errors caused by a single
sensor, thereby improving the overall system reliability. Decision-level fusion also offers high
flexibility, allowing the use of different fusion strategies and algorithms to adapt to various
application needs. Additionally, since each sensor processes data independently, it reduces the load
on the central processing unit, making it suitable for real-time applications. However, decision-level
fusion also presents several technical challenges, such as the potential for conflicting decisions from
different sensors, which require effective conflict resolution mechanisms. Combining multiple
decisions may increase processing delays, necessitating the optimization of fusion algorithms to meet
real-time requirements. The fusion effectiveness depends on the accuracy and robustness of each
individual sensor model. Common decision-level fusion methods include voting, Bayesian inference,
Dempster-Shafer theory, and fuzzy logic.

3. Case Studies

In practical applications, many autonomous driving systems have adopted sensor fusion
technology to improve the accuracy of environmental perception and the robustness of the system.
For example, Tesla's Autopilot system utilizes data from multiple cameras, combining them through
feature extraction and deep learning algorithms to achieve high-precision object detection and path
planning. Waymao's autonomous driving technology employs multi-sensor fusion of LIDAR, cameras,
and millimeter-wave radar to enhance the system's perception capabilities in complex urban
environments. By integrating data from multiple sensors, these systems can provide safer and more
reliable autonomous driving experiences under various driving conditions [9].

4. Current Technology Status and Future Developments

4.1. Advantages of Sensor Fusion

Sensor fusion technology integrates data from multiple sensors to achieve more accurate, reliable,
and comprehensive environmental perception and information acquisition. Its advantages mainly lie
in improving perception and accuracy, enhancing robustness, expanding perception range, increasing
information redundancy, enhancing decision-making capability, and supporting multi-level
information processing. Firstly, sensor fusion can combine data from different sensors, offsetting the
limitations of individual sensors, thus boosting the overall accuracy of system perception. For
example, cameras provide high-resolution visual information but are limited by lighting conditions,
while radar can provide reliable distance information under various weather conditions. Combining
the two can achieve more accurate target detection and recognition.

4.2. Major Challenges and Existing Solutions

Despite the great potential and advantages of sensor fusion technology in autonomous driving and
intelligent transportation systems, its implementation still faces a series of significant difficulties and
challenges. Firstly, multi-sensor systems require precise temporal and spatial alignment of data from
different sensors. Both intrinsic and extrinsic calibration of sensors are fundamental to achieving
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high-precision data fusion. However, due to the different sampling rates and timestamps of various
sensors, as well as installation position errors, data synchronization and calibration become extremely
complex. For example, the time synchronization and spatial calibration of LIDAR, cameras, and radar
must achieve sub-second and sub-millimeter precision, posing extremely high requirements for
hardware and algorithms.

Secondly, sensor data usually contain a large amount of noise and uncertainty. These interferences
may come from environmental factors, limitations of the sensors themselves, or external physical
disturbances. Effectively filtering out noise and extracting useful information remain major
challenges in sensor fusion.

Fusion algorithms need to maintain high robustness in various complex and dynamic environments.
The performance of different sensors varies significantly under different environmental conditions
(e.g., adverse weather, low light, high-speed movement). Fusion algorithms must adapt to these
changes to ensure system stability and reliability. For instance, the performance of visual sensors
significantly decreases under strong light and shadow conditions, while radar may produce multipath
interference around metallic objects.

In multi-sensor systems, the large amount of data generated by each sensor poses an important
challenge for efficient data transmission and processing. Bandwidth limitations and data transmission
delays may lead to data loss or delays, affecting the real-time and reliability of the system. This is
particularly critical in autonomous driving systems, where responses need to be made within
milliseconds, imposing extremely high demands on data transmission and processing capabilities.

Moreover, current multi-sensor systems lack unified standards and protocols. Data formats and
communication protocols between different sensors and suppliers are not compatible, increasing the
complexity of system integration. To achieve effective sensor fusion, it is necessary to develop
unified standards and protocols to ensure interoperability and data compatibility between different
Sensors.

4.3. Technological Trends and Potential Breakthroughs

Sensor fusion technology plays a critical role in autonomous driving and intelligent transportation
systems. Despite the challenges it faces, future development trends and potential breakthroughs offer
promising prospects for this field. Firstly, the rapid advancement of deep learning has significantly
propelled the progress of sensor fusion technology. Utilizing fusion methods based on Convolutional
Neural Networks (CNN) and Recurrent Neural Networks (RNN) enables the handling of complex
perception tasks, such as object detection and environmental understanding, which are particularly
important in autonomous driving systems.

The application of deep learning in sensor fusion has revealed substantial potential. Algorithms
like You Only Look Once (YOLO) and Single Shot Multi-Box Detector (SSD) allow for real-time
object detection and classification. As an example, the recent YOLOv4 algorithm achieved a speed
of 65 FPS with an average precision (AP) of 43.5% on the MS COCO dataset [7].

Multi-modal data fusion is one of the important development directions for sensor fusion in the
future. By fusing data from different types of sensors, such as LiIDAR point clouds and camera images,
the accuracy and reliability of environmental perception can be significantly improved. For example,
research has shown that using multi-modal fusion methods for 3D object detection can significantly
enhance detection performance [10].

The development of online calibration technology is another important breakthrough in the field
of sensor fusion. Sensors are subject to mechanical vibrations and thermal changes during actual
operation [11], which cause calibration parameters to change. Researchers have developed deep
learning-based online calibration methods, such as CalibNet, which can achieve automatic calibration
of sensors without the need for retraining.
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5. Conclusion

Sensor fusion technology is crucial in autonomous driving and intelligent transportation systems.
By integrating data from multiple sensors, it achieves more accurate, reliable, and comprehensive
environmental perception. Radar detects the position and velocity of objects by emitting and receiving
electromagnetic waves, offering all-weather operational capability but with low spatial resolution.
Cameras capture high-resolution images using light signals, suitable for detailed object recognition,
but their performance is significantly affected by lighting conditions. Sensor fusion technology
combines the strengths of radar and cameras, compensating for the shortcomings of individual sensors,
and enhancing the accuracy and robustness of environmental perception.

Data-level fusion processes and combines raw data to retain maximum information, improving the
system's perception accuracy. Feature-level fusion extracts and combines features to reduce data
volume and improve processing efficiency. Decision-level fusion independently processes sensor
data to generate decisions, which are then fused together, suitable for pattern recognition and
classification tasks. Each of these methods has its advantages and disadvantages: data-level fusion
needs to address data synchronization and noise processing issues, feature-level fusion requires
effective feature extraction algorithms, and decision-level fusion needs to resolve decision conflicts
and processing delays.

Despite the significant advantages of sensor fusion technology, practical applications still face
challenges, including data synchronization and calibration, uncertainty and noise, computational
complexity, algorithm robustness, data transmission bandwidth limitations, and standardization
issues. Future trends encompass the integration of deep learning with sensor fusion, multi-modal data
fusion, online calibration technologies, and the rise of low-cost, high-performance sensors. Deep
learning approaches, including CNN and RNN, exhibit significant potential in sensor fusion. Multi-
modal data fusion greatly enhances the accuracy and reliability of environmental perception, online
calibration technology enables automatic calibration of sensors, and low-cost, high-performance
sensors make multi-sensor systems more widespread and affordable.

Continuous technological advancements and innovations will further enhance the safety and
reliability of autonomous driving and intelligent transportation systems, bringing revolutionary
changes to the transportation sector.
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