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Abstract Autonomous vehicle is a kind of typical complex artificial intelligence system. In current research
of autonomous driving, the most widely adopted technique is to use a basic framework of serial information
processing and computations, which consists of four modules: perception, planning, decision-making, and
control. However, this framework based on data-driven computing performs low computational efficiency,
poor environmental understanding and self-learning ability. A neglected problem has long been how to
understand and process environmental perception data from the sensors referring to the cognitive psychology
level of the human driving process. The key to solving this problem is to construct a computing model
with selective attention and self-learning ability for autonomous driving, which is supposed to possess the
mechanism of memorizing, inferring and experiential updating, enabling it to cope with traffic scenarios
with high noise, dynamic, and randomness. In addition, for the process of understanding traffic scenes,
the efficiency of event-related mechanism is more significant than single-attribute scenario perception data.
Therefore, an effective self-driving method should not be confined to the traditional computing framework of
‘perception, planning, decision-making, and control’. It is necessary to explore a basic computing framework
that conforms to human driver’s attention, reasoning, learning, and decision-making mechanism with regard
to traffic scenarios and build an autonomous system inspired by biological intelligence. In this article, we
review the basic methods and main progress in current data-driven autonomous driving technologies, deeply
analyze the limitations and major problems faced by related algorithms. Then, combined with authors’
research, this study discusses how to implement a basic cognitive computing framework of self-driving with
selective attention and an event-driven mechanism from the basic viewpoint of cognitive science. It further
describes how to use multi-sensor and graph data with semantic information (such as traffic maps and a
spatial correlation of events) to realize the associative representations of objects and drivable areas, as well
as the intuitive reasoning method applied to understanding the situations in different traffic scenarios. The
computing framework of autonomous driving based on a selective attention mechanism and intuitive reasoning
discussed in this study can adapt to a more complex, open, and dynamic traffic environment.
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1

Introduction

In recent years, with the development of science and society, many research groups around the world
have started exploring related technologies in the field of autonomous driving. In 2004, the Defense
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Figure 1 Data-driven computing framework of self-driving cars. The scene perception obtained by the sensors is used in
localization, after planning and decision-making step, the control signal received by the self-driving control unit is utilized
to control the self-driving cars. Meanwhile, environments like road conditions are feedback into the perception module for
further processing.

Advanced Research Projects Agency (DARPA) pioneered ‘DARPA Grand Challenge’, but no vehicle was
able to complete the mission of crossing a desert. In 2005, the Stanford team won the ‘DARPA Grand
Challenge’ [1]. They proposed a computing framework for autonomous driving based on ‘perception,
planning, decision-making, and control’ and verified its feasibility for the first time. Subsequently, Google
followed the same framework but introduced more advanced perception algorithms and differential GPS
positioning technologies into self-driving vehicles. It has laid the foundation for current technical route
of autonomous vehicles, namely, the data-driven computing framework, as shown in Figure 1. This
framework may generate a approximate model of the scene through a large number of data descriptions
of the environment, then accordingly adjust the decision of the intelligent system and realize autonomous
driving in a simple traffic scene or for a specific driving task.
However, the existing data-driven computing framework based on ‘perception, planning, decisionmaking, and control’ is showing increasing problems of low computational efficiency, poor adaptability to
the environment, and insufficient self-learning ability. In data-driven mode, the correlations among the
perceived results are ignored. The calculation of a large amount of data has caused a huge increase in the
redundancy and complexity of the system, reducing the efficiency of intelligent systems. Owing to the
inconsistencies between observed and actual scenes, which are caused by sensor noise and errors of the
perception algorithm, the reliability of current autonomous vehicles needs to be guaranteed through the
simplicity of the scene. At the same time, the description of a traffic scene based on the modeling method
cannot express the spatio-temporal continuity of the scene, which reduces the early-warning capability
of autonomous vehicles and the reliability of the driving path planning, and as a result, the vehicle is
unable to adapt to open traffic scenes.
Although the data-driven computing framework can safely realize autonomous driving in a specific
environment, to a certain extent, such ‘autonomous cars’ can only be regarded as automatic systems
to complete a specific task, rather than intelligent systems with highly autonomous performance. An
autonomous car based on the ‘perception, planning, decision-making, and control’ framework basically
relies on the positioning system and the predetermined route. Similar to an industrial robot system that
relies on sensor information to avoid obstacles, it is difficult to conduct a logical reasoning analysis or
achieve situational cognition regarding its environment. Too much reliance on sensor data and neglect
of the cognitive processes also make current self-driving cars unable to adapt to open traffic scenarios
with high dynamic and strong randomness, which may even lead to traffic accidents and other serious
consequences. It is therefore necessary to explore a new computing framework for current self-driving
cars.
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Traffic scenes have their own unique complexity and dynamics. In general, traffic scenes include roads,
traffic signs, static and dynamic objects, and climatic conditions, among other factors. Because the road
conditions and climate are usually complicated and varied, the traffic scenes faced by a self-driving vehicle
are open. If a self-driving vehicle is expected to achieve fully autonomous driving in a complex traffic scene,
it must have the ability to learn and make predictions. The cognitive process of human brain is supposed
to be well referred to the autonomous vehicle’s environmental understanding. It helps the vehicle possess
the abilities of self-learning and self-referring in different environments, so as to build models which can
understand and explain the world. Meanwhile, the vehicle can expand its knowledge during the process of
continuous learning and evolution, and capture and build new models and knowledge extremely quickly
to adapt to traffic scenarios of different characteristics. Autonomous vehicles face many different scenes
and road conditions, such as high-speed scenes, low-speed urban roads, and unstructured roads. Under
different scenarios, the requirements of the vehicle regarding its understanding of the environment are
also different. For example, in a high-speed scene, the road environment is relatively structured, and
the perception requirements for a complex environment are not high. Thus, we do not need to construct
complex models to understand the environment. However, owing to the high speeds of autonomous
vehicles, the complexity and real-time performance of the algorithm used need to be sufficiently high.
Similarly, in urban roads, although a vehicle will not drive too quickly, it is necessary to construct a more
complex model to accurately identify and estimate vehicle and pedestrian targets that may appear in an
urban area. Nevertheless, merely using a large number of annotated scene data to perform special model
design and training on different scenarios that may be encountered is not realistic (especially that the
training for self-driving requires a large number of negative samples). Therefore, self-driving cars need
a model that can learn independently under different road conditions and build the most suitable model
for the corresponding traffic scenes on its own.
In summary, to achieve autonomous driving under all types of scenes, the following three points are
necessary. First, a self-driving system must be an artificial intelligence system that cannot make mistakes
and can respond safely to changing scenarios. Second, a self-driving system must be able to understand
pre-actions and understand the driving intentions contained in the behavior. Third, a self-driving system must be capable of abstracting the situational information contained in the scene. Therefore, the
realization of a fully autonomous self-driving system requires solving the following two basic scientific
problems:
(1) How to make self-driving vehicles understand and remember traffic situations like a human being,
such that they can possess the mechanism of memorizing, reasoning, and experiential updating, by which
to cope with high dynamic and strong random traffic scene changes.
(2) How to develop an evolutionary and developing learning system for self-driving, where the learning
process is similar to the training process of a human driver and can extend the generalized knowledge
learned to new scenes that were previously unknown.
The key to solving the above two problems lies in how to introduce the human cognitive model into
the framework of the current self-driving system. It is necessary to use multi-sensor data and graph data
with semantic information to map the relationship between the objects and drivable area, as well as carry
out intuitive reasoning for an understanding of the traffic scenarios, and eventually construct a cognitive
computing framework for self-driving cars with selective attention and an event-driven mechanism.
In recent years, new discoveries and an unprecedented amount of data on the biological science of the
brain and neural system have emerged. Meanwhile, the concepts of modern physics and computations
have been widely applied to an analysis of cognitive processes. These developments [2–4] provide us with
a biological and psychological basis for understanding “how the brain perceives the environment”. It
also provides important insight, allowing us to explore human-like intelligent driving. Human driving is a
continuous process accompanied with a constant perception and understanding of the traffic scenes, which
can be divided into two parts. The first is to extract the events in the scenes of continuous time segments
and obtain semantic information. The second uses the internal relationship between different events to
construct the cognition of the scenarios, and then form the graph data of the semantic information. It
is optimal and complete to describe a space with events rather than data. Therefore, replacing a data-
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Figure 2 Cognition and understanding of traffic situation based on the information from the results of multi-sensor fusion.
Using a variety of sensors to obtain data of different feature spaces and using different algorithms for analysis, and finally
get cognitive results for the situation.

driven computing framework with the event-driven computing framework can enable self-driving cars to
drive safely in open scenarios. The core of the event-driven computing framework lies in finding the
intrinsic relations between the diverse data descriptions of the scenes in a continuous time segment and
abstracting these descriptions, thereby accordingly adjusting the upper decision-making module.
Implementing a self-driving framework in event-driven mode may improve the efficiency and robustness
of the system, thereby helping self-driving cars adapt to various scenarios and achieve an efficient response
to a variety of circumstances. In this way, the driving tasks in complex traffic scenes can be complete
with safety and reliability, which means that autonomous vehicles can achieve human-level intelligence
when driving. This is a significant step toward a transition from “autonomous driving” to “self-driving”.
The second part of this study mainly discusses the current progress and existing problems of the datadriven computing framework, and introduces the basic implementation methods of each module within
this framework. As shown in Figure 2, in the third part of this study, we start from the basic viewpoints of
cognitive science and a human driving behavior analysis, and further discuss how to transform the scene
perception of multi-source information fusion into the cognition of the scenario and an understanding of
the event-relation analysis. Then, combined with research conducted by the authors’ team, the fourth
part explores how to implement selective attention to the perception of complex traffic scenes and an
intuitive reasoning of traffic scene understanding on a computer. In addition, the cognitive computing
framework for self-driving cars based on a selective attention and event-driven mechanism is also given
at the end of Section 4.

2

Classic computing framework of autonomous vehicles

The classic computing framework of autonomous vehicles relies on a serial information processing model
based on ‘perception, planning, decision-making, and control’, which is called a data-driven computing
framework for self-driving. The data-driven computing framework is the mainstream direction of the
current self-driving research, which uses perception as the underlying module of the vehicle, and utilizes
autonomous vehicle sensors including cameras, LiDAR, millimeter wave radar, and ultrasonic radar as
information sources to understand traffic scenarios, such as dynamic and static objects detection, traffic
identification, scene semantic understanding, and positioning through different perception algorithms.
Planning is based on the realization of the environmental perception to find a set of drivable paths that
meet the vehicle’s kinematic constraints through search, prediction, trajectory generation, and other
algorithms. As the core of autonomous driving system, the decision-making module is based on the
results of the scene perception and motion planning to judge all drivable routes and determine the action
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to take for vehicles. Control is used as the interface between the computing framework and the physical
system, which guides the autonomous vehicle to drive according to the predetermined trajectory and speed
through classic control theory and vehicle model construction. The data-driven computing framework
for autonomous driving takes data as the guide and analyzes the characteristics and patterns of the
data to implement the algorithms. Therefore, the framework takes data processing as the core, which
has shown satisfactory results in structured traffic scenarios and autonomous driving of specific tasks
with a continuous enrichment of the computing resources and data volume. Nevertheless, this computing
model for autonomous driving cannot achieve an understanding or response to open, dynamic, and fragile
complex traffic scenarios.
2.1

From sensation to perception

It is necessary for autonomous vehicles to constantly interact with their surroundings and adjust their
behavior based on changes in the environment. The realization of this process is inextricably linked to the
environmental perception of the vehicles, enabling them to recognize different parts of the environment,
attaining an understanding of the scene in which they are located, and make decisions based on this
understanding. Therefore, an accurate perception of the surrounding environment and detection of the
drivable area are of significant importance to the safe and efficient driving of autonomous vehicles in
complex and dynamic traffic scenarios.
According to the basic idea of neuroscience, the formation process of perception is as follows: A pulse
signal in a neural network is formed through a stimulation of the external environment to the sensory
organs, which is transmitted to the brain and interacts with the memory block to generate a feedback
that is called perception, as shown in Figure 3. Abstractly, perception is a shallow understanding of
a scene produced through both the sensation and cognitive effects. Because the memory blocks of the
brain are diverse, the same sensory information produces different perceptions under different cognitive
effects, which also leads to a diversity of human perception regarding the environment. In addition,
the multi-aspect shallow understanding of the environment constitutes an exhaustive perception of the
environment. Following the concept of perception, it can be concluded that the sensor data processing
in an autonomous vehicle system is the perception of self-driving cars, including object detection, image
segmentation, localization, and drivable area detection. Sensor data are information of the scene provided
to autonomous vehicles, and different data processing algorithms are similar to a sensor interaction
with a different memory block, which ultimately provides a variety of perception results. Through
diverse perception methods, autonomous vehicles are capable of understanding different aspects of the
environment.
Object detection is the extraction and classification of objects in a scene including 2D and 3D object
detection. Here, 2D object detection obtains the scene data from visual sensors and analyzes the data
using digital image processing algorithms to obtain 2D bounding boxes of the objects and their categories
in the image. The classic 2D object detection algorithms apply HOG [5] or LBP [6, 7] features for
calculation, whereas Ref. [8] used the stereo image and neural network for pedestrian detection, which
contain a large amount of uncertainty. Except these methods, Ref. [9] proposed an incremental framework
for traffic sign detection based on temporal constraint. The current state-of-the-art 2D object detection
methods are based on deep learning, including methods with the region proposal [10–12] represented
by the Faster-RCNN [12] and end-to-end methods [13–16] represented by SSD [13] and YOLO [14, 15],
as shown in Figure 4. The former proposes some candidate boxes in the original image and extracts the
features by applying a convolutional neural network. The features contribute to the filtering and optimization of the candidate boxes and the determination of the objects categories, which leads to the
final results. The methods using the region proposal achieve high accuracy at the cost of low speed. The
latter divides an image into grids of the same size. Each grid corresponds to diverse fixed-size anchors and
is associated with specific features owing to the spatial invariance of the convolutional neural network,
which determines whether there are objects in the relevant grid and what categories they belong to. If
objects are in the grid, the bounding boxes will be calculated through a regression with its corresponding
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Figure 4 Objects detection and image segmentation in traffic scenarios. Three types of traffic scene perception algorithms
are listed here, the input of which is mainly images and LiDAR point cloud. Different types of algorithms have different
outputs for specific tasks, and these outputs will also play different roles in the perception of autonomous driving systems.

anchors. In addition, the final results can be obtained by merging overlapping bounding boxes. The endto-end methods achieve both high accuracy and speed. The 3D object detection fuses and processes the
LiDAR point cloud and the image to acquire 3D bounding boxes and categories of objects in the boxes,
as shown in Figure 4. The state-of-the-art algorithms for 3D object detection include MV3D [17] and
AVOD [18], both of which generate 3D candidate boxes by RPN [12], and then merge the bird-eye view
of the LiDAR point cloud and image data to extract features through a convolutional neural network.
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Bounding boxes are obtained by filtering and optimizing the candidate boxes according to the features
and so do the categories. However, these algorithms achieve an unsatisfactory level of accuracy (the test
accuracy rates on the KITTI dataset [19] are 62.35% and 71.88%), which indicates that further research
is needed.
Image segmentation is used to distinguish pixels belonging to different parts of an image in order
to separate the observed scene. Classic image segmentation algorithms mainly divide the regions in
the image by using edge operator, cluster analysis, and wavelet transform. However, because an image
segmented by classic algorithms is not clearly divided, and the divided parts of the image lack attributes,
the current mainstream traffic scene image segmentation methods are semantic segmentation and instance
segmentation, as shown in Figure 4. Semantic segmentation judges the category of each division when
segmenting pixels. As a typical semantic segmentation algorithms, FCN [20] applies fully convolutional
networks for feature extraction, and then deconvolutes to obtain the final result and category information,
which proves the effectiveness of deep learning in the field of image semantic segmentation. Based on this,
the follow-up algorithms are divided into two parts according to their architectures: algorithms based
on the codec architecture, and an expanded convolution architecture. The former, including SegNet [21]
performs feature extraction through the convolutional layer and encodes through the pooling layer with
the encoding information recorded. Finally, it decodes through an unsampling process according to the
encoding information to obtain the semantic segmentation result. The latter, including Deep Lab [22,23],
convolutes by introducing an expanded convolution kernel and discarding the pooling layer, and finally
reuses the conditional random field to obtain a semantic segmentation result. Wang et al. [24] also
proposed a joint method of priori convolutional neural networks at superpixel level and soft restricted
context transfer for scenes labeling, whereas Oliveira et al. [25] utilized a customized and efficient CNN
for road segmentation. Instance segmentation distinguishes the instances of the division in the image.
Compared with the classic image segmentation, instance segmentation segments each individual object
in an image. The current instance segmentation algorithms include MNC [26], Mask-RCNN [27], and
FCIS [28]. By introducing the bounding boxes proposed by object detection into the image segmentation
model, the final instance segmentation result is obtained by combining boxes with fully convolutional
networks.
The localization information of a self-driving car is usually obtained by receiving satellite signals of the
global positioning system (GPS). Nevertheless, in order to avoid the problem in which positioning cannot
be performed when the satellite signal is lost, the fusion of GPS and a perception-based positioning system
has become the mainstream of vehicle localization. The method of localization through environmental
perception is usually to initialize the positioning information according to the inertial navigation unit,
and then performs key points extraction on the visual or LiDAR sensor data, which are matched within a
certain range of the map according to the initial positioning information to obtain the accurate localization
of autonomous vehicles [29–31]. However, it is of high cost and large computation for the key points
matching methods to be applied in a large-scale scene. Therefore, how to use the perceptual data for
localization in highly dynamic scenarios is still an unsolved problem.
Drivable area detection is the basic guarantee for the safe driving of autonomous vehicles. As shown
in Figure 5, Liu et al. [32] proposed an unsupervised algorithm for drivable area detection, which mainly
fuses the image information of the camera and point cloud information of the LiDAR for detection.
During the process of information fusion, the algorithm considers the topological structure and geometric
relationship between different modal data obtaining good test results of the drivable area without relying
on the training data, which realizes an unsupervised method for drivable area detection with fast speed
and high adaptability. In particular, due to the existence of traffic rules in structured roads, the problem
of the drivable area is also transformed into a road detection problem. By extracting the lane boundaries
in the LiDAR point cloud and images, or segmenting the senor data, the drivable area can be obtained.
Traditional methods extract lane boundaries by Hough transform [33], which shows a relatively low level
of accuracy. Therefore, the current mainstream method of lane boundary extraction is to obtain the
bird-eye view of the road by inverse perspective transformation of the scene image, and then use a deep
learning algorithm to perform lane boundary discrimination. Finally, lane boundaries are calculated by
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Figure 5 Unsupervised method for drivable area detection. The scene is analyzed in different feature spaces, and the
different features obtained are merged. Finally belief propagation is used to analyze the fused features to obtain probability
of the drivable area.

regression [34–36]. Compared with the classical road detection algorithms which only use images [37],
nowadays, road extraction is usually implemented by using a fusion algorithm with LiDAR point cloud
and camera images [38–41].
2.2

Motion planning and decision-making

2.2.1 Motion planning – trajectory generation of autonomous vehicles
As the upper structure of the perception module, the motion planning module of an autonomous driving
system aims at finding a drivable path from the current position to the target based on knowledge of the
environment. A drivable path means that the kinematics module of vehicles should be satisfied and that
collisions should be avoided when self-driving cars follow the path. The mainstream approach to motion
planning consists of search, prediction, and trajectory generation. Search is to find a path from the start
to the goal on the given map in order to navigate the autonomous vehicle in complicated environments.
Prediction is to forecast the objects’ movement in the environment aiming at the improvement of autonomous vehicles’ reliability and safety. In addition, trajectory generation is to construct a path that
satisfies the vehicle kinematics model on purpose of meeting the demand of the executive agency.
Currently, A* [42–44] is one of the most widely spread algorithms for searching, which discretizes the
environment into a grid map in which each grid is labeled by a value related to whether the grid is
occupied by obstacles, the cost of moving from the start to the grid, and the heuristic function of the
grid (the heuristic function is a custom function that measures the distance from the grid to the target
in the map). As the grid map is constructed, the final result is generated by searching the path from the
start to the target with the least cost in the map. Furthermore, A* algorithm always finds the best path
in the map for its completeness and optimality. Compared to the discrete search algorithm represented
by A*, rapidly exploring random tree (RRT) [45, 46] is also widely applied in the self-driving car as one
of the classic continuous search algorithm. The RRT algorithm regards the start as the root to generate
a tree by randomly sampling the drivable areas in the environment as leaf nodes. When the goal is
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included by the tree, tree search makes sense to draw the route from the start to the goal. However, the
path searched by RRT algorithm is a feasible solution rather than an optimal one. Besides, probabilistic
roadmap (PRM) [47], artificial potential field [48], and neural network [49] are also applied for search.
Because paths obtained by search algorithms are not kinematically constrained, it is impossible to input
them into an executive agency directly, which highlights the necessity of trajectory generation.
The prediction module forecasts whether the autonomous vehicle will collide with other objects in the
environment when driving along a planned path, contributing to an improvement of vehicle safety and the
avoidance of emergency braking. Based on the environmental perception, the motion state of each object
is modeled as a finite state machine. By detecting the states of the objects in the continuous time segment
as an input, the Bayesian model is applied to calculate the possibility of objects’ next motion states [50].
In addition to the methods of prediction by probability models, methods based on deep learning and
reinforcement learning directly forecast the motion of objects by detecting their intention [51–53]. Also
Kim et al. [54] used the LSTM for trajectory prediction over occupancy grid map. The results of the
prediction ultimately function to the decision-making module to provide discriminative information for
planned path selection.
Trajectory generation aims to construct curves that satisfy the kinematic constraints from the start
to the target. Quintic spline curve generation and its optimization methods [55, 56] are classic trajectory
generation methods that generate curves by fitting the quintic polynomial based on the vehicle’s position,
velocity, and acceleration at the start and goal. The Quintic spline generation algorithm achieves expected
results in vehicle following, lane changing, and overtaking on the structured roads for self-driving cars. In
addition, B-spline curve generation [57] and G3 curve generation [58] are also common methods similar
to the quintic spline curve generation. Otherwise, the hybrid A* algorithm is also one of the most
important methods in trajectory generation [59], which regards the environment as a continuous space
and performs a cost map search under the constraints of the kinematic model. Compared with the
classic A* algorithm, the hybrid A* algorithm meets the executive agency’s demand at the expense of
completeness and optimality.
The motion planning module of autonomous vehicles proposes a plurality of drivable path plans from
the start to the goal based on the environmental perception, allowing decision making module to make
a selection, which provides all of the appropriate ways to solve the driving mission with the premise of
ensured safety.
2.2.2 Decision-making – optimal control of driving behavior
When the autonomous vehicle completes its perception of a traffic scene, it can obtain the driving
intentions through a motion planning algorithm. Based on the combination of the perception results, the
current position of the autonomous vehicle, and the driving intention obtained from the motion planning,
the self-driving system makes the most reasonable driving choice for an autonomous vehicle. This process
is defined as behavior decision. According to the behavior of human drivers, decision-making behavior
can be divided into several categories such as the state maintenance, lane change, acceleration and
deceleration, waiting, and U-turn, among other factors. In a real traffic scene, the movement of vehicles
and pedestrians participating in the traffic has a certain uncertainty, which requires high demands on
the autonomous vehicle to accurately determine the traffic situation and make reasonable decisions. The
decision-making module of the autonomous vehicle directly affects the control module, determines the
movement and driving state of the autonomous vehicle, and is therefore directly related to the driving
safety of the autonomous vehicles. How to make decisions effectively and accurately while ensuring
safety is the key to the decision-making module of autonomous vehicles. The decision-making algorithm
for self-driving can be divided into rule-based decision model and statistical information-based decision
model [60].
From the perspective of human driving behavior, the decision-making module can be regarded as
a discrete state transition. The rule-based decision-making algorithm uses the behavioral reasoning
mechanism to take the autonomous vehicle’s perception results and motion planning as input, and outputs
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Figure 6 Illustration of decision-making finite state machine. The finite state machine is consist of several driving
behavioral states. With the different input information, it defines the transition relationships of the current and the next
behavioral state.

the behavior decision of the autonomous vehicle. Finite state machine [61] is a classic representation of
the rule-based algorithm, and is a mathematical model that exhibits a set of finite states and state
transitions. State transition is determined by the input information and the current state of the state
machine. The use of the finite state machine for autonomous vehicle behavior decision-making not
only conforms to the logic of human driving, but also achieves high computational efficiency and allows
decisions to be made in real time. Montemerlo et al. [62] divided the driving state of autonomous vehicles
into 13 categories and formed a finite state machine to switch between different normal driving scenes and
states, and effectively prevented the autonomous vehicle from falling into an abnormal state. Figure 6
shows a finite state machine that makes driving behavior decisions consisting of driving behavior states
and transition relationships. Rule-based decision-making algorithms like finite state machine show the
promising performance in most of the scenarios, yet they still need some improvement in spacial occasions.
Because the motion state of vehicles and pedestrians in real traffic scenes has particular uncertainties,
the statistical-based decision-making model often uses the Markov decision process [63] to deal with the
behavior decision-making problem of autonomous vehicles. The Markov decision process is applicable to
the decision-making process with a limited set of actions in a partially random and partially controllable
state. It is the process of making decisions on stochastic dynamic systems with the Markov property
through current state observations. Markov property, also known as the state transition probability with
no aftereffect, can be interpreted as the conditional probability distribution of the future state, which is
only related to the current state, and is independent of the past state. Ulbrich et al. [64] used the partially observable Markov decision process (POMDP) to make real-time decisions on autonomous vehicles,
ensuring the real-time predictability of the decision-making modules. Brechtel et al. [65] proposed a combination of the Markov decision process and continuous state hierarchical Bayesian transformation model
to solve the self-driving behavioral decision-making by considering the time prediction, environmental
perception, sensor noise and uncertainty of partial occlusions. Because the Markov decision process is
optimized using the reward function, combined with reinforcement learning, the Markov decision process
can be solved by gaining the optimal reward function value [66]. Except this, Morton et al. [67] proposed
a LSTM for the modeling of driver behavior.
Autonomous vehicle control needs to follow the designed motion planning trajectory at the expected
longitudinal and lateral speeds according to the results of the behavior decision-making. The control
module serves as the interface between the “perception, planning, decision-making, and control” data-
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driven framework and the physical model of the autonomous vehicle. A smooth and precise control
is a guarantee for the safe and comfortable driving of an autonomous vehicle. The control module is
composed of lateral and longitudinal control. The former controls the steering of the autonomous vehicle
through the steering wheel angle. The latter controls the speed of the autonomous vehicle by adjusting
the throttle and brake. According to different control schemes, autonomous vehicle control is mainly
divided into proportional-integral-differential (PID) control, pure pursuit and model predictive control
algorithms.
The PID control algorithm is a classical algorithm used in the control field. It consists of a proportionalizer (P), an integrator (I), a differentiator (D), and a feedback structure. Beyond the proportional
sub-module, the PID control eliminates the static deviation through the integrator and the differentiator
accelerates the response speed of the system, which allows the controller to achieve a real-time performance. In general, the lateral and longitudinal control of the autonomous vehicle adopt two independent
PID controllers. The lateral controller controls the lateral deviation through the steering wheel angle,
and the longitudinal controller controls the longitudinal deviation through the driving speed of the autonomous vehicle. PID-based autonomous vehicle control has a wide range of applications owing to its
low resource consumption and relatively simple architecture. Because these methods do not consider the
road or kinematics model of the vehicle, they are prone to oscillation. As shown in Figure 7, Xu et al. [68]
integrated multiple typical and effective controllers, proposed a control computing framework, which uses
the adaptive parameter method reducing the sensitivity of the controller’s parameters.
By imitating the driving behavior of a human driver, the pure pursuit algorithm [69] acquires the
control signal by setting a lookahead distance and calculating the deviation between the current position
of the autonomous vehicle and the desired position, which allows the autonomous vehicle to track the
path through the pursuing point. The algorithm takes the midline of the rear axle of the autonomous
vehicle as the tangent point, and the longitudinal direction of the vehicle body as the tangent line to
control the steering angle of the autonomous vehicle, which enables the autonomous vehicle to track a
curved path to the pursuing point. Through a continuous iteration of the two steps of the pursuing point
selection and the autonomous vehicle following, the pure pursuit algorithm can complete the control of
the autonomous vehicle in a smooth manner. The lookahead distance create the key parameters of the
pure pursuit algorithm, which is generally a fixed value, the flexibility of the algorithm needs to be further
improved.
Model-based control [70,71] uses system state prediction, online optimization, and feedback correction
to further improve the robustness and stability of autonomous vehicle control. The model predictive
control predicts the state change in state of the autonomous vehicle within a certain period of time
according to the current speed, pose and other states of the autonomous vehicle, and uses the optimization
to adjust the input control signal during the period to allow the deviation between the real autonomous
vehicle motion state and the expectation of the motion state to achieve the smallest value. During
the next period, the control algorithm re-executes the autonomous vehicle motion state estimation and
optimization process. Model predictive control has better robustness and control effect, and the algorithm
can effectively deal with the constraints of controlled variables and carry out nonlinear programming.
Therefore, model predictive control is also the mainstream algorithm of current autonomous vehicle
control.

3
3.1

Multi-source information fusion and event-driven situational cognition
Multi-source information fusion

Multi-source information fusion combines and verifies the observation information of different data sources
in a certain manner, and finally obtains a consistent interpretation of the observed objects. For different
information sources, the form of the data and content are different, and some sources may even produce
contradictory representations of the observed objects. Therefore, organically combining the perceptual
results of various information sources to generate cognition of the observed objects is still a problem that
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Figure 7 Longitudinal and lateral control computing framework. (a) describes the longitudinal control computing framework, which consists of speed sub-controller and space sub-controller. Speed controller takes speed as the input and
transforms the command to the control of throttle and brake, whereas the space-sub controller acts as a basic distance
insurance (autonomous emergency braking). (b) shows the details of the lateral control computing framework. It uses the
sliding mode control and nonlinear feedback proportional control with an amplitude limited unit to obtain the steering
command, and the performance monitor is operated as the constraint of the longitudinal speed.

has not yet to be solved.
Autonomous vehicles need to process observations from different modalities and observation angles, and
then convert the observations into the perception of the traffic scenarios. Although there is an inevitable
correlation between such data, there are also large differences. How to integrate the information from
different sources and realize the complementary advantages between them is a key issue that needs to be
urgently solved. A real dynamic traffic scene is very complicated. The main problems of the autonomous
vehicles sensor in perceiving the traffic scene are as follows.
(1) Complex illumination and weather conditions. The various illumination conditions and corresponding scene changes, such as backlighting, darkness, mottled roads, and access tunnels, will produce
significant disturbances in the image obtained by the camera. Poor weather conditions, such as rain,
snow, and fog, will interfere with the reception of point cloud data of the LiDAR, which will cause the
LiDAR to fail.
(2) Distinguishing road scenes. Road scenes consist of structured and unstructured roads. The roads
with obvious boundaries and traffic signs are structural scenes, such as highways, urban roads and other
types, whereas unstructured road such as rural dirt roads has no clear boundaries. Allowing autonomous
vehicles to drive reasonably and legally according to the established lanes and traffic signs on structured
roads, or safely and smoothly on unstructured roads, is another challenge for self-driving cars.
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(3) Interaction with other driving vehicles and pedestrians. During the driving process, the autonomous
vehicles will have some interactions with other vehicles and pedestrians, such as transportation, overtaking, and pedestrian avoidance. The movement of other vehicles and pedestrians in open traffic scenes is
uncertain, and the accurate acquisition of the vehicle position and speed, and prediction of the pedestrian
position, have higher requirements for the perception of autonomous vehicles.
(4) Noise interference and loss of signal. The observation data obtained by a sensor are inevitably
interfered with noise, which results in data with low accuracy. For example, the vehicle inertial navigation
system (IMU) is often affected by noise and generate cumulative errors. The loss of observation data is
also a problem often encountered by autonomous vehicles, because GPS signals are affected by tunnels
and other occlusions, resulting in signal loss.
It can be concluded from the above discussion that the traffic scene perception of an autonomous
vehicle based on a single sensor has difficulty ensuring robustness of an autonomous vehicle in dynamic
and random traffic scene. However, as a system with extremely high security requirements, autonomous
vehicles are not allowed to make false judgments. Therefore, in the face of real complex traffic scenarios,
autonomous vehicles need to integrate multi-source information, and combine the observation data of
various information sources to check and calibrate with each other to complete the robust traffic scene
perception and cognition. Multi-source information fusion also provides redundant design for autonomous
systems, and thus when individual information sources fail, the system can still operate safely, which
increases its fault tolerance. Meanwhile, because the space observed by the information source is not
identical, multi-source information fusion can also increase the scope of the system’s observations [72].
Multi-source information fusion can not only combine the sensing results of multiple sensors to form
a more complete perception of a traffic scene, it can also obtain the understanding of the traffic scene
through mutual verification, and finally converts the observation data of the sensor into the interpretation
and description of the traffic scene. This process is consistent with human cognition.
3.1.1 Hierarchical fusion structure of multiple sensors
Perception is the description of a scene generated by current observations and prior knowledge, whereas
cognition is the secondary processing of the perceived results and obtaining a semantic understanding of
the observed information. As shown in Figure 8, the cognition process of a traffic scene can be divided into
three stages: obtaining the observation data of the environment and performing the corresponding preprocessing, extracting the features capable of characterizing the observed data, and using classification or
other operations to generate a description of the traffic scene and semantic cognition based on the features
of the extracted observation data and prior knowledge. According to the cognitive stage, multi-source
information fusion can be divided into three levels, namely data, feature and decision-level fusion [73].
Data-level fusion combines the observation data from multiple sensors to obtain a higher quality as well
as wider range of observations. Analogous to the cognitive process of human beings toward the environment, data-level fusion is similar to the cooperation between two eyes, and the spatial depth information
and the object texture information are finally acquired through the combination of homogeneous and
different content information. Therefore, data-level fusion requires strict spatio-temporal rectification,
and all observation data needs to be strictly synchronized with a good spatial correspondence. The information lost of observed data in data-level fusion is minimal, but the required computing resources are
relatively large. Owing to the strict spatio-temporal matching requirements of data-level fusion, general
data-level fusion is mainly used for the fusion of homogeneous sensors, such as image fusion, and LiDAR
point cloud stitching. Zhang et al. [74] summarized the multi-modality images and multi-focus images
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fusion through sparse representation, which is a great reference for data-level fusion.
Feature-level fusion combines the features of sensor observation data, that is, splicing the feature
vectors of all observation data to obtain a more complete feature description of the observations, and
then applying post-processing such as feature classification. An analogy of feature-level fusion is that
when a person obtains the color of an object through their eyes and combines it with the odor obtained
by the nose and then uses the brain to achieve the recognition of the object. This is a combination
and verification of different types of qualitative information. Feature-level fusion requires an efficient
use of the valid features of all observation data, removing redundant features and completing dimension
reduction. It requires a relatively low temporal and spatial registration of all observation data, and thus
is often used to deal with the fusion of heterogeneous sensors, such as camera and LiDAR fusion based
object detection.
Decision-level fusion combines the descriptions of the traffic scenes obtained by the feature extraction
and classification of each source. Decision-level fusion is a high-level fusion. This process is similar to
the process of comprehensively judging the description of objects obtained by the human brains through
various sensory organs. It is based on the perceptual results of observation data, and is synthesized and
verified, finally forming the cognition of the observed objects. Due to the inconsistency of the information
sources to the observation attributes of the observed objects, the contradiction and conflict of each
information source are problems that needs to be solved during the decision-level fusion. Decision-level
fusion requires the lowest temporal and spatial registration of the sensors, and can handle asynchronous
information of heterogeneous sensors, such as GPS and IMU fusion for localization. Liu et al. [75] utilized
the Adaptive Kalman Filter with attenuation factor for GPS and IMU fusion and Significantly reduce
the environmental noises, whereas Behrendt et al. [76] used the stereo images and vehicle odometry for
traffic sign detection and achieve the state of the art performance.
Based on the above three levels of multi-source information fusion, some methods have been proposed
based on multi-level fusion, which enriches the framework of multi-source information fusion. Haberjahn
et al. [77] and Scheunert et al. [78] proposed a multi-level multi-source information fusion structure that
combines different levels of fusion information to finally gain a perception of the traffic scenarios.
Multi-source information fusion has different requirements for temporal matching according to different
fusion levels. For example, decision-level fusion does not require the time of the observed data received by
all information sources to be fully aligned. However, spatial matching is a problem that must be solved
through multi-source information fusion for each fusion level. Spatial registration is also called spatial
calibration, which is the process of obtaining the transformation relationship between information source
coordinate systems by the coordinate deviation of the calibration objects under different information
sources. Through the use of spatial calibration, different information source coordinates can be unified
to a fixed coordinate. Rodrı́guez-Garavito et al. [79] and Park et al. [80] used the ground to solve the
spatial registration of the LiDAR and camera, Wang et al. [81] and Wang et al. [82] used perspective
transformation to solve the millimeter-wave radar and image spatial transformation relationship, and Zhu
et al. [83] used a reference plane to calculate the extrinsic parameter calibration of the LiDAR. Beyond
these methods, Jiang et al. [84] used the parallel features in the road scene and an online search algorithm
to solve the spatial geometric transformation of the LiDAR and camera.
3.1.2 Approaches to multi-source information fusion
There are different fusion methods used for multi-source information fusion, which can be divided into two
categories: methods based on statistics, reasoning and probability, and cognitive-based fusion methods.
The former mainly includes Kalman filter [85], particle filter [86], Bayesian theory [87], and DS evidence
theory [88–90]. Kalman filtering is an algorithm based on the linear system state equation for the
optimal estimation. It uses the current time observation data and the previous time prediction value for
the iterative estimation.
When the system is a linear dynamic system and the system noise can be represented by Gaussian white
noise, Kalman filtering can provide an optimal estimation in a statistical sense. Using the Kalman filter as
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the fusion method, the distributed fusion structure can be realized, thus there is no unnecessary connection
between the information sources, thereby enhancing the fault tolerance of the system. Particle filtering
implements a state estimation using non-parametric methods and is suitable for the state estimation in
nonlinear non-Gaussian environments. Multi-source information fusion based on Bayesian theory first
calculates the conditional probability of the observed attributes of each information source, and then
calculates the posterior probability of the event. As an extension of the Bayesian theory, D-S theory uses
the trust function and evidence synthesis algorithm to judge the possibility of established events.
The representative methods of cognitive-based fusion are fuzzy set theory based on fuzzy logic inference [91], and an artificial neural network [92] method. In recent years, with the rapid development of
deep learning, many data fusion algorithms based on convolutional neural networks have also received
extensive attention. Convolutional neural networks have powerful nonlinear expression capabilities, which
can simulate complex nonlinear mapping relationships. The convolutional neural network extracts the
feature descriptions of the observed objects in different information sources through the learning of the
network weights and completes the multi-source information fusion. Owing to its powerful feature representation, the fusion level of multi-source information fusion methods based on deep learning is often
on feature level. Chen et al. [17] used a front view camera and the bird-eye view and front view of the
LiDAR point cloud as the input data, as well as a fusion network to conduct the feature fusion of the
observation data, finally obtaining 3D object bounding boxes; Ku et al. [18] used a front view camera
and LiDAR in bird-eye view as input, and proposed an object detection algorithm based on feature-level
fusion. The multi-source information fusion based on deep learning obtains the spatial transformation
relationship between different information sources through learning, and does not require a strict spatial
registration, thereby greatly simplifying the processing steps of the information fusion.
3.2

From data-driven perception to event-driven cognition

The current data-driven computing framework for autonomous driving adjusts other modules of an intelligent system through perception-aware clusters of the environment, which cannot fully adapt to highly
dynamic and open traffic scenarios with a limited ability to represent a scene. In addition, this computing
framework needs to process data from a different modality and different observation angles simultaneously, including plenty of redundant data and noise, which may lead to large computational complexity
and a high probability of error. Meanwhile, the current machine learning algorithms are an essential
process of optimizing the parameters of nonlinear functions and obtaining optimal parameters through
learning. What is found of the algorithm is the pattern correlation between data instead of the reasons
for the occurrence and effects of the events or the causality between the events. Therefore, the feature
extraction and cost calculation of machine learning are completely different from the concept formation
and internal analysis of the human cognition process, which is often based on a semantic interpretation.
To obtain cognitive results similar to those of a human, it is necessary for the machine learning model
to make the extracted feature capable of a mathematical and semantic explanation, matching the results
of a neurophysiological experiment. Based on this, there is an inevitable correlation between the data
obtained by multiple sensors because they are different observations of the same scene. And it can not
only improve the reliability and efficiency of the computing framework for autonomous driving, but also
promote the intelligence of the autonomous vehicle to extract an event model from the data and drive
the upper modules by the model. At the same time, the transformation process from a data-driven to
an event-driven framework is the process from perception to cognition, which is the result of thinking
based on perception as its upper structure for self-driving cars. According to cognition science, cognition
is the process of the brain’s secondary processing of perceptual information, which forms an abstract
description of a scene and an analysis of the information generating a deep understanding of the scene.
An autonomous driving system gains semantic information by analyzing the spatio-temporal and causal
correlation between the data. On this basis, an event is described, the graph data of the semantic information are constructed, and the transformation from a data-driven to an event-driven framework is
completed, as shown in Figure 9. The left side of the figure is the computational framework of the
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Figure 9 From data-driven scene perception to event-driven situational cognition. This is our assumption for an eventdriven model. The computing framework of the model is to extract the events among them through the correlation between
the data, and describe the scene through the events. It corresponds to the psychological cognitive process of humans as the
cognitive framework’s description.

event-driven model, and the right side is the corresponding cognitive process.
In the cognitive framework, the transformation from a data-driven to an event-driven framework is
equivalent to a change from scene perception to situational cognition. Different from the scene perception,
which represents concrete instances of traffic scenarios at a specific time and in a specific space, situational
cognition is a generalization of many specific events within a certain period of time and space, indicating
the intertwined factors that constitute and are contained in the scene, forming a cognitive map as an
abstraction and interpretation of each instance’s relationship in the scene [93]. Situational cognition
enables autonomous vehicles to fully and effectively recognize the scene in order to understand the
distribution and connection of objects in space and thus make optimal decisions [94,95], and Li et al. [96]
formed a driving situation graph cluster for the decision-making module. For example, the establishment
of a high-precision map is a manifestation of situational cognition, which is the result of the cognition
of traffic scenes. It abstracts and integrates information such as road boundaries, traffic signs, and
traffic lights to form an abstract representation of a traffic scene. This abstract representation contains
important information needed for autonomous driving, ignoring irrelevant information, and correlating
the information to generate prior knowledge. However, because the current high-precision maps are
created through manual labeling, autonomous vehicles can only understand static scenes. For dynamic
scenes, autonomous vehicles can characterize them through perceptual objects [3], as shown in Figure 9.
Perceptual objects are the basic unit of selective attention mechanism in cognitive psychology and one
of the basic units of spatial representation, which is defined as the concept of objects with specific
topological structures formed in the brain [97]. Figure 10 shows how autonomous vehicles can locate
themselves through the perceptual objects in the scene, the localization result is shown in Figure 11.
Traffic scenes are described through objects instead of features, which can reduce the noise and help
autonomous vehicles to better understand the environment. When decomposing a scene into separated
objects, interpreting and reasoning the relationship between them similar to human cognition [98] is the
only way for autonomous vehicles to intuitively understand the physical world and generate situational
cognition. In addition, through this method, we can greatly reduce the storage capacity of the point
cloud map, as shown in the Table 1. The number of point clouds originally used to describe the map is
huge. Through our method, only the point cloud after the sampling and the point cloud of perceptual
objects are used to describe the map, and the number of point clouds is reduced to about one-thirtieth
of the original.
3.3

Situational cognition based on multi-source information fusion

By using multi-source information fusion, the data on different modalities from various observation angles
in a traffic scene are correlated and abstracted, which can form a situational cognition of the traffic scene.
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Figure 11 Visualization of the localization results using perceptual objects. The purple point cloud is the map, and
the blue point cloud is the scene currently perceived by the vehicle. It can be seen that the two have a high degree of
coincidence, which proves the accuracy of the positioning.
Table 1

Number of point clouds for the original map, the sampled map, and the perceived object
Type

Number of points

Raw map

1344843

Sampled map

22483

Perceptual objects

17756

Multi-source information fusion has a wide range of application scenarios in autonomous vehicles, such
as object detection and tracking, scene segmentation, and vehicle localization. Through multi-source
information fusion, the data from different observation spaces of each information source are correlated
to construct an event model, which can achieve event-driven situational cognition.
Object detection and tracking in traffic scenes are significant aspects of the research in autonomous
driving. Commonly used sensors include the camera, LiDAR, millimeter wave radar and ultrasonic radar.
In recent research, multi-source fusion shows the promising results in the field of object detection. Figure 12 shows a framework of multi-source fusion-based object detection, where multi-source information
fusion enables a combination of perceptual results such as texture and category information of the image,
the distance and spatial information of the LiDAR point cloud, and the position, linear velocity, and
angular velocity information of the radar to obtain more complete and accurate object state information.
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Figure 12 Decision-level multi-source fusion-based object detection framework. It is made up of single source processing
and information fusion stages, where each single-source sensors obtain the object separately at the single source processing
step and followed by the fusing process which finally obtains the complete description of the scene.

Based on this, through the analysis of the state of the object, the motion trajectory and motion state of
the object over a certain period can be obtained, achieving a stable tracking of the object. An analysis of
motion information from a single-frame objects motion state to the objects state during a certain period
is the transition process from scene perception to situational cognition. Because decision-level fusion
requires the low transmission bandwidth and can handle the fusion of asynchronous and heterogeneous
information fusion, decision-level fusion has great advantages in the field of object detection and tracking.
For object detection and tracking, decision-level fusion is divided into object and tracking-level fusion.
Object level fusion uses a single source for object recognition, and then applies the fusion algorithm to
combine the object detection results of each information source for object tracking. The tracking-level
fusion is based on the perceptual results of object identification and tracking through a single information
source, and the tracking results of each information source are merged, finally forming the recognition of
the object.
Multi-source information fusion needs to analyze the association of each information source, that is,
the problems of observation data matching from different sources. Bar-Shalom et al. [99] and Svensson et
al. [100] proposed a joint probability model for the object data association, whereas Blackman [101] and
Kim et al. [102] proposed a data association algorithm based on multiple hypothesis tracking (MHT).
In addition, the Hungarian algorithm [103], which solves the problem of the linear assignment, is also a
common algorithm for solving data associations between information sources.
Object detection and tracking algorithms based on multi-source information fusion have been widely
used in the field of autonomous driving. Cho et al. [104] and Chavez-Garcia et al. [105] proposed a
multi-source information fusion object tracking algorithm based on LiDAR, radar and camera; Göhring
et al. [106] proposed a vehicle follow-up system based on the fusion of radar and LiDAR; Fayad et al. [107]
and Kim et al. [108] used a decision-level based multi-sensor fusion algorithm for pedestrian detection
and object tracking, and Govaers et al. [109] developed an object detecting and tracking algorithm based
on tracking level fusion and distributed Kalman scheme to obtain the optimal tracking results.
Scene segmentation distinguishes the observation data in the traffic scene to complete the distinction
between different objects within the scene, which is the key to understanding a traffic scene. The semantic
segmentation of traffic scenes is used to distinguish pixel category information of different categories in an
image. In recent years, instance segmentation has put forward new requirements for scene segmentation.
The instance segmentation needs to complete the object detection, semantic segmentation and classification tasks at the same time. It not only distinguishes the categories of objects in a traffic scene, it also
needs to distinguish different instances in the basic categories. Zhang et al. [110] performed instance segmentation using images and achieveed good results on the KITTI dataset. By fusing the image texture,
distance and reflectivity information of the LiDAR point cloud data can complete the description of the
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Figure 13 Cognitive computing framework of self-driving cars with selective attention mechanism and intuitive reasoning.
The cognitive process is divided into four parts. The first part is the feature extraction by convolutional neural network,
and the second part is the combination of features and prior knowledge to form a cognitive map. The third part is to filter
the cognitive map by implementing the attention mechanism through LSTM. The last part is to reflect the cognitive map
to the behavior space through the value iteration model, and output the final behavior decision.

traffic scene from a higher dimension, and thus a more accurate segmentation result can be obtained.
Also, this kind of fused RGB-D data has a promising future in the field of SLAM [111, 112].
Localization is the key to determining whether an autonomous vehicle can operate safely on a road.
Integrating information from GPS, IMU and wheel speed sensors can not only allow cumulative errors of
the wheel speed sensor and IMU to be avoided, it also enables an autonomous vehicle to drive smoothly
when the GPS signal is blurred or even completely lost, which greatly increases the robustness and fault
tolerance the localization of the autonomous vehicles. Caron et al. [113] used Kalman filter to combine
GPS and IMU to obtain more accurate localization information for autonomous vehicles. The spatial
information obtained from the fusion of GPS and IMU is global information, which only describes the
spatial location without describing the relationship with the traffic scene. By integrating the data of the
LiDAR point cloud and the camera image with GPS and IMU, the local localization can be completed by
obtaining the global positioning information, and the spatial correlation between the autonomous vehicles
and the perceptual objects in the traffic scene is then obtained. This forms a necessary component of
the scenario cognition of the traffic scene. Suhr et al. [114] used particle filtering to combine GPS, IMU,
wheel speed sensor, camera and digital map, and implemented a low-cost car positioning system on an
embedded platform. Wan et al. [115] used GNSS and IMU for integration with LiDAR information and
realized the localization of urban and highway roads, achieving state-of-the-art result.
Multi-source information fusion is used to simulate the human cognition process. By combining and
verifying the scene perception results of homogeneous and heterogeneous information sources, the situational cognition of traffic scenes is finally formed. Therefore, with multi-source information fusion,
the autonomous vehicle can not only fully and reasonably utilize the observation data from autonomous
vehicle sensors, it also obtains a deep understanding of the traffic scene.

4

Cognitive computing framework of autonomous vehicle based on selective
attention model and event-driven mechanism

The event-driven computing framework for autonomous driving includes a selective attention mechanism
and intuitive reasoning in different traffic scenarios. Based on this, the present study proposes a cognitive
computing model, as shown in Figure 13. In this model, the convolutional neural network extracts the
feature of the traffic scene to form a cognitive map. The cognitive map contains descriptions of various
objects in the traffic scene and prior information such as the vehicle states and traffic knowledge. Second,
a recurrent neural network is used to construct the attention model of the driving behavior, learn the
attention mechanism of human drivers on traffic scenes, and extract the necessary pivotal information
from cognitive maps. The proposed pivotal information is updated through reinforcement learning of the
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value map in the value iteration model [116], and a control signal of the vehicle actuator is finally formed
according to the value map.
4.1

Selective attention mechanism of traffic scene perception

Attention is a cognitive process that selectively focuses on gaining certain aspects of information to weaken
or ignore other aspects. The human brain has limited processing power and resources, but the amount of
information obtained through the sensory organs is enormous, and thus attention is a selective mechanism
for humans to efficiently manage the information they acquire. In the current research on data-driven
self-driving algorithms, the processing of data such as images and point clouds in a traffic scene generally
provides the same weight during the initial processing stage, which means processing the acquired data
indiscriminately. Although computers have powerful computing resources and sufficient capability to
process all received data, paying attention to all clues from a traffic scene may cause the “behavior” to
collapse. Thus, by introducing the attention model, it is possible to ignore irrelevant information or clues
and focus the calculations on information and clues associated with driving behavior decisions. Imitating
the human attention mechanism, the attention model gives different weights and attention to the data
through an analysis, thereby accomplishing the directional perception and processing of the received data.
This orientation perception and processing includes the semantic description of the perceptual results of
the traffic scene and is the basis for the “next” driving intention. It is reprocessed to form a part of the
perception of the traffic scene.
Attention is divided into bottom and top-down attention [117, 118]. Bottom-up attention is the direct
response to external information features such as color, shape, and other stimuli, driven by external events.
Top-down attention is based on the established goals and filtered information using prior knowledge, which
is driven by internal attention. General attention studies focus on the study of the bottom-up attention
mechanism, whereas research on the top-down attention mechanism is relatively rare owing to insufficient
recognition of the attention mechanism. Bottom-up attention research focuses on the study of salient
feature models. The human visual system can quickly capture a target with significant features in an
acquired image. Based on this, the salient feature detector constructs the visual attention algorithm by
constructing the salient features in the image. Itti et al. [119] proposed a visual structure significance
model, which divides an image into intensity, color, and direction channel, and generates feature maps by
different scale operators. The resulting feature maps are combined to obtain a significant visual feature
map. The local entropy model [120], multi-scale quaternion Fourier transform [78], and other significant
feature-based algorithms also effectively represent the visual attention model.
Attention mechanism has a wide range of applications in deep learning. Mnih et al. [121] used an
attention model to ignore unrelated objects, thereby enabling precise multi-object detection and classification tasks in the presence of noise. Hu et al. [122] considered the structure of the convolutional neural
network from the perspective of the feature channel, and proposed SeNet based on the Excitation and
Squeeze module. The network structure explicitly establishes the dependencies between feature channels
and uses a learning method to obtain the weight of each channel. It enhances the effective features
and suppresses invalid features according to the important features. Fu et al. [123] proposed a network
structure based on the recursive attention mechanism. The network realizes the judgment of multi-scale
discriminative regions through the attention model and enables the network to automatically find the
most discriminative regions and classify them. The network has achieved satisfactory results in the classification of refined objects. The video question and answer (VQA) problem takes the image and text
questions as input, and outputs the answer to the question. It requires a semantic level understanding
of the content of the images in the video. Jang et al. [5] used a temporal and spatial based attention
model to understand the semantics of video content and achieve satisfactory results. The traffic scene
where an autonomous vehicle is located is complicated and contains noise, whereas the information of
certain scenes, such as traffic signs and the preceding vehicles on the current lane are of more significance.
Through the attention model, the noise interference can be effectively avoided, and the robustness of the
significant area recognition can be increased.
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Therefore, introducing the attention mechanism in the self-driving computing framework can enhance
the processing of pivotal information in traffic scenarios and suppress the interference caused by noncritical information, which can greatly strengthen the robustness and accuracy of the perceptual results,
and form the cognition of a traffic scene.
4.2

Intuitive reasoning for traffic situation understanding based on reinforcement learning
and transfer learning

It is necessary for autonomous vehicles to achieve the ability of intuitive reasoning. Intuitive reasoning
and logical reasoning are two important ways for humans to make cognitive decisions regarding the
objective world, which complement each other and can greatly improve the event response and decisionmaking ability of autonomous vehicles. Kahneman et al. [4] proposed the two-system theory in 2002,
arguing that intuition and logical reasoning are two different cognitive systems. Intuitive reasoning has
the characteristics of simplicity, spontaneity, rapid parallelism and skill, whereas the characteristics of
logical reasoning are controllable, complex, deductive, slow, continuous and regular. The characteristics of
intuition and logical reasoning make the former more suitable for solving empirical problems, whereas the
latter is suitable for dealing with logical problems and correcting when intuitively cognitive impairment
occurs. Kuo et al. [124] showed that the neurons in the insula and anterior cingulate cortex of the
brain are more active during intuitive reasoning, wheras the median, inferior parietal, and anterior torso
are more active in logical reasoning, demonstrating the independence of intuition and logical reasoning
systems from the perspective of neuroscience. Zheng et al. [125] also pointed out that a human’s intuitive
reasoning is closely related to the abstract ability and strong generation ability of the human brain
to prior knowledge, rather than simple mechanical memory. It was further pointed out that human
intuition can rapidly allow decisions to be made with regard to risk avoidance based on the world model
of the human brain owing to this high degree of generalization. The authors [125] also provided a basic
method of computational realization of intuitive reasoning. In conclusion, it is insufficient to rely on
logical reasoning for autonomous vehicles to drive in open traffic scenarios, and intuitive reasoning must
therefore be introduced into the computing framework of self-driving cars.
Human intuitive reasoning can be seen as the initial iteration position to find the global optimal solution
in the problem solution space. Because the solution space is always complex, non-convex, or even unable
to be structurally described in practical problems, the selection of the initial iteration position is critical,
and directly determines whether the final iteration result is globally optimal. Therefore, a traditional
machine learning algorithm tends to converge to a local minimum in this case.
In order to realize intuition in intelligent systems, methods based on reinforcement learning have
been proposed and have had a significant impact on the field of artificial intelligence. Reinforcement
learning feeds back the decision-making of the agent through a reward and punishment mechanism, and
continuously strengthens the correctness of the agent’s decision-making through training in order to form
an intuitive response to a specific task. In the case of ignoring the neuron activity process of intuition in
the brain, the framework of reinforcement learning is constructed directly according to the formation of
intuition and has shown expected results. Figure 14 shows the method of vehicle following implemented
through reinforcement learning [126]. This method enables autonomous vehicles to follow their front
vehicle according to the output of reinforcement learning model.
On this basis, there has been a huge breakthrough in the artificial intelligence field, which is called
deep reinforcement learning. Deep reinforcement learning strengthens the experience buffer for the corresponding scene through the reward mechanism to analyze and understand a similar scene. The key
to deep reinforcement learning is to adjust the parameters of the deep network through the experience
in the memory buffer to obtain the optimal strategy. Mnih et al. [127] proposed a deep reinforcement
learning framework named DQN, which successfully achieved expert-level performance on the Atari2600
video game. In addition, Silver et al. [128] designed a system that defeated human players in the game
‘Go’ with a similar framework in 2016, which fully proves that deep reinforcement learning can achieve
human-level intelligence when the state space is limited. In 2017, Gupta et al. [129] proposed a method
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module to achieve vehicle following.

for indoor robot mapping and navigation through deep reinforcement learning, showing the adaptability
of deep reinforcement learning in semi-open scenes. In an open scene, optimizing the decision-making
of autonomous vehicles through the deep reinforcement learning framework is an important orientation
of current autonomous driving technology research. It is essential for autonomous vehicles to achieve
universal intuition in open traffic scenarios.
In addition, studies on artificial intelligence have also been inspired by the way in which intuitive
reasoning is applied to solve problems. Humans usually apply the general knowledge gained in certain
environments to new, previously unknown fields. This way of reasoning through relevance is called transfer
learning in the field of artificial intelligence. The current research on transfer learning frameworks for
strong generalization capabilities is ongoing. One type of architecture called progressive network, can use
the knowledge gained in one game for other games, greatly reducing the learning time [130]. It has been
successfully applied to the quick transfer of the knowledge of agents in a simulated environment to real
robotic arms, with progress made in the transfer learning of intelligent systems [131]. Transfer learning
has two areas of significance for autonomous vehicles. First, transfer learning can apply the knowledge
learned by the vehicles in a simulation environment to an actual scene, thus simplifying the learning
process and improving the learning efficiency. Second, transfer learning can help autonomous vehicles
achieve perception with a strong generalization ability and adapt to high dynamic scenarios. Extending
the model trained by deep learning in a simulation environment to a real scene based on transfer learning
is one of the methods used to realize intuitive reasoning for autonomous vehicles, which is shown in
Figure 15. Through this framework, autonomous vehicles can adapt what they learn in the simulation
environment to the real traffic scenarios and better update their knowledge.

5

Conclusion

Artificial intelligence is profoundly changing the world, and autonomous vehicles will become close companions of human in the future. It is an important and promising direction to explore the brain-inspired
self-driving technology for the new generation of artificial intelligence. To process and understand the
data from sensors with reference to the cognitive psychological level of human driving process can greatly
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Figure 15 The generation of autonomous vehicle’s intuition based on “reinforcement-transfer” learning. The autonomous
driving model is trained in the simulation environment using the deep reinforcement learning, and then the model is
transplanted to autonomous vehicles through migration learning.

improve the cognizing ability, decision-making ability and adaptability to complex situations of selfdriving system. A self-driving system based on cognitive construction enables autonomous vehicles to
push themselves to higher levels of intelligence through intuitive reasoning and empirical learning. Based
on a review of the development of current self-driving technology and challenges it faces, this study
deeply discusses some basic scientific issues of the self-driving approach based on cognitive construction,
as well as the methods, computing models and technical routes to solve these problems. Furthermore,
we expound the important role of selective attention and event-driven mechanism in the realization of
robust cognitive computing in complex traffic situation. And the intuitive reasoning self-driving method
based on reinforcement learning and transfer learning is also discussed in this study. It is no doubt that
realizing autonomous driving is an exciting but daunting challenge. We hope that industry and academia
may work together to enrich the development and practice of the self-driving technology and advance it
greatly.
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