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1. Background and Motivation 

Data fusion is one of the main applications of data preprocessing. It is also the primary research 
direction of Feature Engineering [1]. Different data fusion definitions exist in many scientific 
literatures. The Joint Directors of Laboratories (JDL) defines data fusion as a multi-level, multi-
faceted process that automatically detects, correlates, estimates, and combines information and 
data from multiple sources [2]. 
 
In recent decades, many well-known researchers have applied data fusion technology to the 
research of autonomous vehicle [3] [4] [5]. It plays an important role in coordinating data fusion 
from multi-information sources, multi-platforms, and multi-user systems, and ensure the 
connectivity and timeliness of each sensor in the data processing system. The vehicle system 
can effectively understand the essential meaning of deep future spatiotemporal information, 
which describes the target location, movement, and its intentions. This technique provides 
sufficient and support information for autonomous vehicle in Level 3 and makes 
comprehensive automatic decisions in the Level 5. The data fusion was applied in many fields, 
such as signal processing, information theory, statistical estimation, reasoning, and artificial 
intelligence researches (machine learning and deep learning-based applications) [6][7]. As a 
consequence, we propose a Machine Learning and Deep Learning based learning framework, 
and combining the fusion data (Cameras, LIDARs, Radars, and other Fused Sensors) to 
forecast the spatiotemporal change information. 
 
 
2. Research Objectives 

At present, artificial intelligence algorithms are developing rapidly, and these new technologies 
play a more critical role in computer vision. Similarly, data fusion is widely used for intelligent 
video surveillance, man-machine interaction, automatic driving, and so on. The processing of 
data fusion is also a good basis for decision-making. In the next two phases (Leve 3 to Level 
5), the learning model analyzes and predicts the fusion data, which is to make a judgment on 
the overall data and predict the subsequent operations to solve the practical problems of 
autonomous vehicle in our life [8]. All sensor data is transformed into structured data by the 



 

 

data fusion manner for the final decision-making in the control system. This proposal focuses 
on research objectives through the following six aspects: 
 
1) Positioning and judgment operations for the pavement targets 
Through the clustering analysis of the real-time monitoring data of the road surface, the target 
area of the road surface is found. Be quickly to check whether the area is human, animal, or 
moving object, analyze the recorded data and report to the relevant decision-making 
components. 
 
2) Correlation analysis 
Compare and analyze different types of data to find out if they are related. For example, how 
do real-time video and sensor data affect each other. 
 
3) Dynamic change and road surface prediction 
In order to predict the dynamic change of the autonomous vehicle, the most influencing factors 
should be analyzed as comprehensively as possible, and a real-time data of the road surface 
change should be recorded, such as a video or picture sequences. 
 
4) Detection of incorrect data 
By comparing real-time data with forecast data. If there is a big difference between them, or if 
the real-time data shows a jump, then it would indicate whether there is a problem with the 
monitoring sensor or whether there is an unusual situation to monitor. The cognition system 
can report problems and analyze the causes. 
 
5) Advance warning of road conditions 
This function is to estimate the behavior and direction of various road targets based on road 
conditions and warn of possible threats. For example, a fast-moving football on the highway, 
or a car that suddenly performs a U-turn, which are relative to the action detection and 
recognition researches. 
 
6) The decision-making of autonomous driving  
The decision classifier is used to make predictions, recommendations and driving operations 
based on road conditions, which finds the best decision for allowing the car to complete and 
continue the next operation. At the same time, the monitoring system is to make corrections or 
updates based on real-time road data. 
 
 
3. Methodology and Algorithms 

Base on the data fusion level, the processing methods can be divided into three levels: 1). data 
level, 2). feature level and the 3). decision level. In this research, we also focus on the Feature 
Level and the Decision Level for improving the Automation Level from conditional automation 
(level 3) to full automation (level 5) [21] [22]. 
 
First, feature level includes the parameter-based classification and cognitive-based model 
according to the different measurements. Currently, the best solution to autonomous driving is 
parameter-based classification methods, which cover the research field of the statistical method 
and information technology [9]. Among those methods, machine learning-based Bayesian 



 

 

inference and deep learning-based convolutional neural network (CNN) are representative. 
Likewise, decision level-based data fusion also adopts machine learning and artificial neural 
network methodologies for the making-decision of autonomous driving [20]. 
 
Table 1. indicates different methodologies on the different component in cognition system.  

Component Methodology Functions 
For unstructured data: 

Customized Mask R-CNN 
Architecture  

Region Proposal Networks  
（Region of Interest） 

Detection / Classification 

Coordinate Transformation Segmentation / Adaptive cruise control  
Temporal Correlation Target Tracking 

For structured data: 
XGBoost Computing 

Framework 

XGBoost regression Prediction  
Boosting Decision-making for autonomous driving 

 

Finally, this research attempts to propose a multimodal method based on deep learning and 
statistical machine learning to integrate a learning framework by using data fusion, which 
achieves a flexible and stable autonomous vehicle monitoring system. Contributions and 
improvements of this proposed research are expected as: 
 
   The learning model for the unstructured data (Images, Current frame, Video 

streaming from cameras): 
A. Adopting a deep learning-based learning model is more practical and efficient to 

deploy in the automatic driving system, this also can refer to my previous research 
works based on the deep learning approaches [10] [11]. The Mask R-CNN is a multi-
task learning architecture, which can implement different computer vision 
applications, such as classification, segmentation, detection on the current frame. Most 
importantly, the improved Mask R-CNN architecture can detect and identify multiple 
target objects for further segmentation and classification operations. 
 

B. How to improve the Mask R-CNN model execute quickly on the autonomous driving 
system, which is also one of the innovations of this research [12]. This study will use 
the quantitative method to quantify the learning model to generate a stable and fast 
learning model. Recently, many neural network models have been put into practical 
use. The computational training demand grows linearly with the number of target 
objects, whereas the time period required for prediction is directly proportional to the 
number of targets, this means that the calculation efficiency becomes a crucial issue. 
The quantified learning model allows that hardware calculations simplify 
multiplication into simple accumulation operations as well as significantly reduce 
storage space in the mobile terminal. Quantifying the learning model can help device 
run the learning model faster and consume less power when executed on mobile 
computing devices, such as Google Tensor Processing Unit (TPU) and Nvidia Jetson 
Nano. 

 



 

 

The learning model for structured data (The continuous and variables data from on-
car sensors [22]): 

A. In the Signal Processing, we need to convert the decision result into a digital signal 
in the final step. We propose to use the TXT or CSR data format in XGBoost[13] for 
the decision-making. Table 1 illustrates a summary of the most relevant options and 
training parameter for the learning model.   

 
Table 2. illustrates the collected data mapping from different on-board sensors like 
camera, LiDAR, Radar and other Sonars. 

Frame ID Cameras LiDAR Radar and Sonar 

Information 

source 

Information 

of objectives. 

（The number, size, and 

classifications, etc.） 

3D coordinate data of 

points, density  

Distance, velocity 

Data 

structure 

a:b:c:d:e x, y, z: d Meters: Mile/h 

Video Frame 

From ID 1  

to 

ID 100,000 

3:2:3:4:5 3562023.324, 

532633.113, 

198.734: 80 

28: 15 mile/h 

 

Cameras: Cameras are mostly used for object recognition and object tracking tasks 
such as lane detection, traffic light detection, and pedestrian detection. We can use 
cameras to detect, recognize, and track objects in front of, behind, and on both sides 
of the vehicle [19]. 
LiDAR: LiDAR is used for mapping, localization, and obstacle avoidance. Due to its 
high accuracy, LiDAR can be used to produce HD maps, to localize a moving vehicle 
against HD maps, to detect obstacle ahead. 
Radar and Sonar: The signal simulation of radar and sonar is mainly used to 
simulate the signal of the target and its condition. For example, the data generated by 
radar and sonar show the distance as well as velocity from the nearest object in front 
of the vehicle’s path. 
 

B. XGBoost (Extreme Gradient Boosting) is an ensemble learning framework based 
on the Gradient Tree Boosting method. Its principle is to achieve accurate 
classification through the iterative calculation of weak classifiers [14]. XGBoost 
uses a tree set model, which is a set of classification and regression trees. Gradient 
enhancement is to construct a new regression tree to maximize the negative 
correlation with the gradient of the loss function, and further enhancing the flexibility 



 

 

of the enhancement algorithm [15]. In this study, all the collected information of the 
sensor devices (camera, lidar, and Radar) will be stored in the CSR file, which forms 
into a series of structured data set for the regression algorithm-based XGBoost 
framework. The reconstructed XGBoost framework reads every line dataset from the 
CSR file for the model learning (Because the regression algorithm can fit the training 
data set, see the example data in last line of Table 1) and prediction. The predicted 
result can be transferred into control signal and applied for automatic control 
system’s operations, such as starting engine, the brakes, and pre-tensioning the 
seatbelts. 

 
Advantages: 

1. The improved Mask R-CNN architecture can effectively detect multi-target objects 
with higher real-time in the video stream. (1). It has the ability to identify and observe 
multiple objects of different types in each frame, such as human faces, animals, and 
every motion. This structure uses good CNN's characteristics and performance of 
extraction and classification to achieve target detection by Region Proposal [16]. The 
improved algorithm can be divided into four steps: candidate region generation, 
feature extraction, segmentation, and classification. For the unstructured data, we can 
regard it as a computer vision research problem. (2). The quantifying of neural 
networks has become a research hotspot in recent years. To generate a more efficient 
network and can be deployed on mobile terminals, lightweight network design is 
mainly to design very simple but high-performance networks, such as the MobileNet 
neural network. 
 

2. It has the following advantages in dealing with the prediction problem: (1) XGBoost 
uses a parallel method to build a regression tree, and the CPU/GPU core of the 
computer during training has a higher computing speed [17]. (2) XGBoost is a 
general-purpose supervised machine learning method that achieves high-precision 
prediction in many practical applications [18]. Its high accuracy can be attributed to 
machine learning theory - Several weak classifiers construct one strong classifier, 
which can achieve better performance. It means that multiple weak learners can 
produce stronger learning than a single better model [17]. And the automatic 
summarization can be generated by using the proposed framework. For the structured 
data, we can regard it as a computer vision research problem. 

 
 
4. Deliverables   

Contributions and improvements of this proposed research are expected as:  
A. A fast and flexible Mask R-CNN based detection system can satisfy the need for 

real-time automatic detection. 
B. To quantify the learning model can get a greater performance to perform multi-

targets detect computation, which can increase the speed of 5-10 percentage. 
C. Using XGBoost can reconstruct the regression tree for predicting the continuous 

(variables) data. Regression trees can also cluster data and find the internal structure 



 

 

of the data and discover hidden associations. 
D. XGBoost offers interfaces for multiple languages, including C++ and Java. This 

provides a convenient interface for cognition system calls in automatic driving. For 
the decision data generated by the model, we can convert them into digital signals 
for connecting with the input and output hardware interface circuits and controlling 
autonomous vehicle.  

I will develop the above learning model and offer so-called assisted and autonomous 
driving technologies, which improve safety for the monitoring system in this research works. 

 
 

5. Conclusion 

Automatic driving is potential to alleviate pain and to have a broad societal impact by reducing 
the number of accidents, deaths, and injuries from traffic accidents. The core concept of 
automatic driving is to detect and analysis the movement trend based on the fusion information 
from multi objectives, which are collected from on-car sensors like cameras, radars and 
LIDARs. The study mainly introduces the idea of using the proposed methodologies to 
implement automatic driving. Research on the combination method of deep learning and 
machine learning to implement autonomous vehicles cognition system. The improved 
architecture of Mask R-CNN is to detect, learn and predict the intent of the target object's 
moving. Furthermore, the reason we use Gradient Tree Boosting is that many different 
classifiers trying to predict the same target variable do better than any single predictor. Gradient 
Tree Boosting is ideal for learning and predicting raw data collected by on-car sensors. We can 
use the proposed framework to implement a flexible and low-power cognition system in 
autonomous vehicle, which effectively retain the high steady-state precision and improve 
generalization performance.  
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