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Abstract

Perception Testing technologies are widely applied in various scenarios, like industrial

and academic research applications for autonomous driving systems. Accurate and ro-

bust autonomous driving simulation perception is pivotal for safety-guidance autonomous

vehicles (AV). The autonomous vehicle system is facing the main challenges of a complex

real-world environment with multi sensors’ performance and their neighborhood view with

an uncertain environment. The perception module exploits deep learning models to detect

surrounding obstacles, including their types, positions, and velocities. However, the issue

of LiDAR performance, which is the prediction of multi obstacle properties based on their

deep learning model, remains unresolved. In addition, autonomous Vehicle systems rely

on deep learning models to collect and modify raw point cloud data. It’s crucial to check

autonomous vehicles’ robustness in several scenarios to generate automotive vehicles more

safety and reliable. At this stage, it is easier to perform sensor integration to simulate

sensors’ performance for Autonomous Driving at various levels of verification. This thesis

utilizes a realistic LiDAR point cloud and compares the difference between real-world

and simulation environments to test perception modules for autonomous driving plat-

form systems. This thesis proposes a simulation-based testing platform for autonomous

vehicles to discover the potential shortage of perception by analysing huge scenarios and

testing the suitable sensor performance in multi particular levels of the automated driv-

ing platforms. Additionally, this thesis introduces a simulation-based testing method,

which involves multi-sensor configurations and includes virtual environment testing with

various scenarios. To deal with real-time traffic scenarios, an effective way is utilized to

search for the closest scenarios. Also, the proposed method has been tested in popu-

lar autonomous vehicle platforms and simulators . To utilize the existing methodology,

we perform industry platforms on Baidu Apollo and guide it to assess the quality and

enhance the perception system based on a simulation-based testing platform.

v
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Chapter 1

Introduction

The autonomous vehicle perception module is widely used by the industrial and govern-

ment due to its high accuracy. The safety-oriented autonomous driving platform requires

a more accurate and robust autonomous driving environment for the perception mod-

ule [2]. At this moment, the perception performance affects with simulation environment

for real-world raw data. In many cases, an open-source autonomous driving system such

as Autoware and Apollo platform is used to identity perception and derive estimates of

the accurate obstacles’ type, a position as well as velocity. Out of these tasks, obstacle

classification is considered one of the challenges, given the possible velocity through deep

learning modules. In addition, the autonomous driving system platform (ADS) involves

valuable machine learning-powered systems for the automotive platform. IT relies on

various hardware to acquire necessary road conditions data and acquires deep learning

modules to make real-time decisions during experiments [3]. To understand and analyze

the perception module with performance and explore the relationship between the real

world and scenario cased perception module [2]. The public transportation system is ex-

posed to the autonomous vehicle, whose information is acquired and applied in majority

by industrial and academic research. Hence, the robust and accurate perception mod-

ules is a key component and pay more and more attention, in addition, some complex

autonomous driving system through simulation testing and collecting data to understand

road scenarios. Moreover, digital twin technology transfers the real-world environment

into the digital world to implement, evaluate and study the autonomous vehicle percep-

tion’s approach and comprehensive study.

1



Chapter 1. Introduction 2

1.1 Autonomous Driving Level 4

For the experiment, we import Baidu Apollo 6.0 open-source code with an autonomous

vehicle level 4 1.1 system to perform object detection tasks. In Autonomous Driving

level 4, the vehicle can operate in self-drying mode within a limited distance. And they

do not require humans all the time, however, a human still has the option to manually

overtake the vehicles. The main difference between ADAS (Advanced Driving Support

System) and Autonomous Driving levels is the location of safety, security, and responsi-

bility during situations. The Apollo perception module outputs include 1) Traffic light

status. The localization of the traffic light is first detected by the detection network, af-

terward recognized by the classification model name RTNet. 2) the 3D obstacle tracking

information, which includes the obstacle heading, velocity, and classification information.

In addition, ADAS is part of the big idea of the Autonomous Driving framework. Baidu’s

Apollo autonomous driving cars have been tested for over 7.5 million miles by June 2021

in the real-world road and highway.

Figure 1.1: Apollo Autonomous Driving Level 4

1.2 Confidence issue statement

Although deep learning systems have been highly developed, it shows that deep learning

systems for obstacle prediction regarding their type, position, and velocity use a decimal

number between 0 and 1, which can be interpreted as a percentage of confidence for

the obstacles detecting systems. When we integrate the deep learning model to build a



Chapter 1. Introduction 3

prediction that contributes to a decision. To better understand the predictions module,

it dives into three metrics used for object detection issues: accuracy, recall, and preci-

sion [4]. We apply a modern deep learning model to estimate the performance of the

perception module, test and update different confidence values with various scenarios.

It meets the efficient data generation for urban driving scenes to augmented reality for

autonomous vehicle driving platforms [5]. We collect the Baidu Apollo sensor data, im-

plement confidence value from Apollo deep learning module, limit the usage of perception

module for object detection tasks in their autonomous platform. It’s likely to have similar

concerns for autonomous vehicles to detect multi obstacles in the application of decision

and prediction research.

1.3 Related work in scenario-based testing

In the field of scenario-based test and analysis, it involves the evaluate method and

update the sensor perception modules for autonomous vehicle [2] and recent research work

has studied scenario-based test architecture during enhancement performance, which is

commonly used to detect the type, position, and velocity of the obstacles. With the

development of automotive intelligent vehicle task, which is commonly measured by the

absolute error of predicting obstacles in the deep learning system. In the end, the scenario-

based perception testing method has coming important research topics for evaluating the

autonomous vehicle’s performance and testing features. Some research papers involve

testing scenario methods to understand the real environment [6]. Some research paper

involves route coverage testing for an autonomous vehicle to find the corn cases [7] and

applies collision avoidance testing methods to test the autonomous vehicle driving system

[8]. However, some research direction involves the autonomous driving perception method

to verify the safety, robustness, and complexity of various sensors.

1.4 Overview of the method

This work is structured in two parts with presented areas. First of all, we conduct

a comprehensive study to integrate the most recent works in academia [9] as well as

evaluate the main industry services provides by the Apollo platform. We further integrate

a software study as a comparison, which integrates many scenarios. And we collect point
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clouds raw data from LiDAR devices and acquire image raw data from camera modules

within various scenarios to predict obstacles properties. We investigate to simulate the

environment and formulate the following research questions.

• RQ1: Compared GA and random testing, which method can discover perception

issues more efficiently? assesses how well-related work performs in various scenarios

for autonomous vehicle testing platforms.

• RQ2: What kinds of issues have been discovered in Apollo’s perception module and

how can they cause collisions? motives the analysis of commonly used in obsta-

cles avoidance and perception scenario-based testing during real-time autonomous

running system on multi roads.

• RQ3: What are the main differences of perception errors between normal and col-

lision executions? builds on different findings of perception types, position, and

velocity to enhance study to academic and factory areas.

• RQ4: Can the perception module recognize various objects with multi shapes on

roads? enlarges research studies for autonomous vehicles platform in the roads

with various unexpected shapes and tests existing in the majority in collecting and

acquiring test sets.

• RQ5: What benefits or experience can AV developers gain from the study? motives

Apollo’s development teams to learn from corn cases and reflect similar network

architecture with respect to main defects of scenarios perception.

Benefits from the latest research advancements in the deep learning network, our work

uses a detection algorithm to acquire confidence value from the Apollo system and change

scenarios based on detecting environment for checking model feedback. Our results ac-

quire various corn cases towards sensors detection for perception modules in the industries

area, with Apollo sensors for applying sensor fusion techniques to integrate perception

modules and to improve safety and accuracy. We find that Apollo open-source platform

involves the high definition map for their complicated functions and it integrates de-

tecting dynamic traffic lights, predicting static obstacles, knowing estimation position in

global GPS with localization based on real-time LiDAR sensors to create a 3D real-time

map. In addition, Apollo developers build different machine learning modules using var-

ious deep learning models and maintain the source codes from various corn cases. Our

studies may assist developers to reduce maintenance by providing a better abstract of
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different machine model networks. These findings give us strong motivation to develop a

new approach to detect unfair behavior and create high-standard deep learning modules

for detecting LiDAR real-time 3D obstacles with some unexpected weather conditions.

First, we present an algorithm to detect autonomous vehicle perception modules and de-

tect their obstacles’ type with real-time confidence value from a complex environment.

Second, we optimize the random and genetic algorithm to compare various scenarios

through the simulated environments for dynamic vehicles with road junctions.

Further studies might support perception modules evaluation and comparison manage-

ment. As we found in Apollo, developers might integrate corn cases in their autonomous

vehicles with the driving environment. Moreover, future research studies might involve

assistance for developers to select machine learning modules and assists developers to

maintain variants of different models.

In this work, this thesis involves the following parts:

• We propose a simulation-based testing framework for the Apollo driving platform,

which involves confidence based on their perception modules.

• We find that improve perception performance such reduce the horizontal velocity

effects, reduce horizontal type error, and shows fairness score compared to their

related work

• We evaluate simulation performance and acquire confidence value within the simu-

lation and identify differences in predicting among static vehicles, dynamic vehicles,

and pedestrians.

Paper Structure: Chapter 2 involves a background on autonomous vehicles comparing this

work with related work. Chapter 3 provides a comprehensive study for a methodology

for enhancement. Chapter 4 studies and evaluates the perception model in the Apollo

platform. Chapter 5 describes results and discusses overall research guidance. Chapter 6

concludes this work.



Chapter 2

Background

2.1 Obstacles Avoidance Algorithm

Autonomous Vehicles (AV) are popular in both research platforms and industrial areas.

To ensure a robust and accurate autonomous vehicle driving system, perception is one of

the key important components to detect surrounding obstacles in road scenarios. Lever-

aging the use of sensors such as LiDAR, Camera, and Radar, surrounding obstacles in

road scenarios can be detected [10]. To achieve the obstacle detection algorithm, many

researchers have studied the security of autonomous vehicles to attack multi-sensors in

various fields [11], or shooting lasers to LiDAR sensor[12]. It is crucial to have a robust

obstacle detecting algorithm to achieve higher accuracy from various perception sources.

Overall, various progress has been made when integrated features can be given in the

deep learning modules, which are not detected for various obstacle detecting algorithms.

Therefore, the reliability of the previous method is questioned and called a novel approach

based on the high performance of the LiDAR sensor system.

2.2 Sensor Simulation Analysis

Generally, the most robust and accurate are crucial for autonomous driving systems,

especially deep learning detection perception modules for the virtual simulation environ-

ment. In another study, LiDARsim sensor [4] studies the better understanding related

to the realistic sensor simulation in closed-loop settings under safety-critical sensors with

6
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autonomous vehicle platforms. Similar to initial approaches, Gu [13] introduces a deep

learning strategy to acquire 3D shapes with given observation with various distances.

Simon [14] proposes a traffic simulation environment, a multi-agent behavior perception

module to leverage real-world data for learning directly from human explanation. Kelvin

[15] presents a comprehensive study to simulate the perception’s performance to test the

safety and robustness in the simulation environment. Gusmo [16] introduced a method

to calibrate the LiDAR sensor based on ray casting perception algorithm and compare

with the physical measurements[17]. Some works present a novel simulation-based within

the perception layer to obtain the performance of sensors [18]. Yuan [19] introduces an

innovative perception method with deep learning technologies. In many cases, sensors

consist of thousands of raw data from sensors to check their diversity manually. There-

fore, it calls for a systematic approach to analyze the overall confidence value, position,

and velocity of multi obstacles from point cloud raw data.

2.3 Point Cloud Integration

Many research works had been generated with various tools for the point cloud gener-

ation. It consists of transforming the 3D dataset into a point cloud shape with noisy

samples through Generative Adversarial Attack technologies. Mazen [20] introduces ad-

versarial attack for their LiDAR sensor to improve realizable scenarios to test respective

outcome[21]. Lin [22] introduces a localization method to acquire point cloud data and

build up the maps with dense visual point data. The development of research studies

involves object detection methods to test autonomous vehicle perception [23]. This work

proposes an object detection method to compare various methods to examine the sensor

performance for autonomous vehicle environment and some studies have been introduced

methods to compress point cloud data to reduce the object detection algorithm dataset.

Tu [24] proposes a novel method to format point clouds for reducing the temporal point

cloud data redundancy. The vulnerability of the deep learning module is too adversarial

attack algorithm has been heavily investigated in the Point Cloud raw data.



Chapter 2. Background 8

2.4 Data Fusion

An important application of simulation is the validation for multi-sensor fusion func-

tionality, extended Kalman Filter is used in this field[25] and this work introduces an

extended Kalman Filter Algorithm to improve the harmonic distortion scenarios. Farag

[26] introduces a novel method to fuse LiDAR sensor and radar data for autonomous

vehicle simulation environment to improve tracking performance compare with various

sensors. Yang [27] proposes a method to fuse the multi-sensor for autonomous vehi-

cles platform to acquire the data fusion algorithm. Zhan [28] proposes a driving system

based on data fusion to collect surround-view algorithms to perform the tracking robot

movements. Han [29] introduces a methodology to detect lane following scenarios to test

autonomous vehicle systems for anomaly detection.

In addition, the monitor system identifies the real-time robot movements, recognizes the

types with the surrounding environment. Simulators are applied to optimize the sensor

integration with a baseline for the perception detection module. Some testing scenarios

experiments are conducted on open source platform and outcome involves the filtering

method presented a performance in object detection and obstacle prediction modules[30].

In conclusion, this experiment integrates PTS (Perception Testing System) platform in

various obstacles avoidance algorithm and perception testing domains which enable mod-

ern deep learning modules to learn from prediction data and various scenes to validate

prediction such scenes similar among protected features. Furthermore, We explore a

scenario-based testing simulation to acquire the intensity of collecting LiDAR point cloud

given specific sensors and 3D dataset.



Chapter 3

Methodology

3.1 Overview

Our objective is to develop a useful tool to simulate complex scenes with obstacles and an-

alyze perception performance in a realistic environment. We can introduce a comprehen-

sive study to evaluate how the accuracy and robustness of obstacle avoidance algorithms,

which are used in autonomous vehicle driving platforms, on different types of obstacles

in various scenarios. Toward this goal, we separate this work into two parts. First of all,

we need to generate multiple scenes of both static and dynamic obstacles to generate a

simulation environment. Based on experiment findings, the next part addresses identified

issues with weakness and proposes different enhancement and validation techniques to

analyze perception module performance with multiply backgrounds and dynamic object

detection modules.

This proposed workflow involves the perception module process flow from data collection

from simulation ground truth values that are from real perception module from Apollo

platform), data processing( Apollo platform), and data analysis to perform the perception

module. The module collects ground truth data from an environment simulation that

is LGSVL open source code based on obstacles environments. The virtual scenarios

Figure 3.1: Workflow of Perception Module

9



Chapter 3. Methodology 10

consist of a traffic light with complex scenarios. We integrate the source code to build

up a simulate tool for the environment application and it integrates with the data fusion

algorithm. One of the main findings in related work is that various obstacles are can’t

detect in the perception module and they treat stone-like static vehicles which are used

to train and evaluate deep learning module performance. After that, we import a data

fusion module to enhance the approach towards simulated sensor data and it consists

of a fusion data module, which depends on the Kalman Filter Algorithm and feeds into

the deep learning module. Hence, the improvement purposes an algorithm approach to

simulate and fuse raw sensor data from the initial ground truth environment for the data

fusion algorithm. Then we evaluate the PTS module to validate the perception system

on target data similarly among point cloud features.

Figure 3.2: Apollo Software Structure

Although LiDAR acquires high-quality point clouds with raw data, some obstacles may

have less representative point clouds due to occlusion or distance issues. Therefore, we

import an attention layer for the encoder module to improve the specific features and We

identify that even with best efforts, a perfect point cloud data among the certain distance

with limited features and perception component cannot be given the available which is

a common issue in the real simulation world. Then, we propose the data evaluation

part as the next enhancement to detect obstacles in the Apollo platform with GA and

Random algorithms. Furthermore, we study the relationship with multi parts of filtering

specifications in the evaluation element.

3.2 LiDAR-based Object Detection

The perception module integrates the capability to recognize obstacles and obtain an

object detection algorithm. This sub-module involves the functions to detect obstacle
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motion and position information (heading and velocity). Tesla imports the Camera-

based vision object detection for autonomous driving with 2D images. However, the

LiDAR-based object detection to detect 3D obstacles with depth information. Based

on the images, we might not collect accurate depth information for the obstacles. The

perception module outputs are the 3D obstacle track with the heading and velocity (cy-

ber channel/apollo/perception/obstacles) and the output of traffic light detection and

recognition (cyber channel/apollo/perception/traffic light).

Figure 3.3: Apollo Software Structure

LiDAR-based involves three popular methods to detect obstacle modules.

3.2.1 Bird’s-eye view-based

First of all, it is Bird’s-eye view (BEV) to obtain a 3D point cloud for LiDAR-based

object detection. Here are many existing works that convert LiDAR points cloud with

3D object detection in the AD system [31] [32] [33] [34].

And it conducts the projection and transformation into the top-down view and utilizes

the convolution neural network (CNN) to perform the final detection.
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3.2.2 Voxel-based

Voxel Net is the important model that slices Voxel Net to shift point clouds position

and intensity into voxels and a PointNet analyzes specific features to the detection layer

[35] [36] [37] [38]. Many researchers work together to build up this voxel-based object

detection. The experiments import the architecture of PointPillars to transform the point

cloud into pillars for the detection module.

3.2.3 Point-wise

Instead of transforming point clouds to various voxels for extracting features. Many

researchers study [39] [40] [33] various methods to operate on points for object detection

algorithm. Recently studies propose to convert the high-quality into 3D space and regress

the bounding box for classifying the detection objects.

3.3 Study Design

This section shows the general experiment of the comprehensive study. We evaluate the

performance of the perception and evaluation algorithm and identify its fitness and con-

fidence towards obstacles’ type to acquire the performance under the testing scenarios.

This experiment consists of relevant research questions to understand the virtual environ-

ment for the autonomous vehicle perception module. The comprehensive study follows

five research questions:

RQ1: Compared random and GA search algorithm, which method can dis-

cover perception issues more efficiently? The work look through the various

methods to detect the individual perception type and confidence value to compute the

gradient from the deep learning module. Therefore, we identify certain simulation en-

vironments with various testing scenarios. After that, we understand the relationship

between the comprehensive study among the Apollo perception modules and the simula-

tion baseline.
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RQ2: What kinds of issues have been discovered in Apollo’s perception mod-

ule and how can they cause collisions? We take a look at the approaches for

the perception prediction module to compute fitness value and understand the region of

interest (ROI) value to retrieve from specific maps. In addition, it requires a Look-Up

table to check the quantization of the region around the vehicle to detect the collision

types. We utilize the collision datatype to build up the perception system to understand

raw data with specific topics to check collision reasons.

RQ3: What are the differences of the perception errors between normal and

collision executions? To sufficiently and profoundly demonstrate the framework’s

effectiveness and import search algorithms on the various scenarios. We aim to analyze the

normal and collision executions by extending the study to the platform, including Apollo,

as well as the simulation, which is considered as baseline. Furthermore, the controller

can efficiently compare the simulation base and perception module. To understand the

testing performance, the experiments are repeated 20 times to reduce the experiment

error.

RQ4: Can the perception module recognize various objects with different

shapes on roads? To answer this research topic, the experiment acquires a compre-

hensive understanding of perception testing system model performance and the individ-

ual performance regarding the type, position, and velocity. Given various shapes, apollo

builds a birds-eye view that is a 2D grid in the local coordinate system. Each point within

a predefined range concerning the origin is quantified into one cell of the 2D grid based on

its coordinates. Thereby, we could study the various shapes to formulate the conclusive

perspective on the evaluation module with the current Perception Testing System(PTS)

platform.

RQ5: What benefits or experience can AV developers gain from the study?

the test sampling matches to obtain value concerning the perception module performance

and update the CNN-based obstacle prediction with deep learning modules. Furthermore,

it generates efficiently detecting results for developers to understand the scenarios more

reliable.
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3.4 Enhancement Approach

Regarding obstacle avoidance algorithms in Chapter 2 As described in Chapter, the im-

portance of related work is to improve the performance of detecting obstacles in an un-

certain environment. To generate multi obstacle objects test cases, the issue of obstacles

prediction is mostly neglected. Based on the findings of the comprehensive study, we

propose algorithmic approaches to (1) improve type confidence, regarding perception de-

tecting module (2) optimize the efforts with data simulation. For both enhancements, we

further introduce confidence-awareness using detection as validate skill and data collec-

tion technique. Therefore, we acquire the confidence value and select enhancement from

a data-driven perspective, and evaluate testing techniques with the proposed benchmark.

3.4.1 Confidence Feedback

To systematically generate the guidance inputs, prior works generally acquire specific

approaches, which consist of high effectiveness. Since the confidence generation involves

many integration iterations, it is easier to test autonomous vehicles on road to acquire

LiDAR point cloud raw data and update the situation. Thus, we need to digital synthesize

the impacts of the class probability for obstacles. For example, for overtaking roads, some

point clouds are negligible for the more styles of shapes and sizes. We hypothesis that too

similar and difficult data testing in respect to training sets. We could utilize the ground

detector to acquire the ground surface detector’ type. Furthermore, we integrate object

height with point cloud are filtered in the post-processing step.

The main purpose of the PTS requirement is to collect confidence values and utilize

searching space in a simulation environment. In this thesis, the PTS searching algorithm

integrates space by acquiring relevant domain knowledge to select the representation

of vehicle attributes for the target obstacles. Therefore, the PTS algorithm integrates

the traditional testing method to understand deep learning algorithms with a better

description and subscribe confidence values to eliminate the need for features for accurate

and robust properties. We propose to illustrate the obstacles issue by building up with

detecting algorithm and find the gap with extensive comparison providing implementing

details.
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3.4.2 Simulation-base

The ground truth for this experiment is the output topic in the simulation and We

acquire the simulation ground truth data and compare the error between ground truth

and autonomous driving platform with the Apollo perception module. The simulation

environment covers the entire scope of challenges including pedestrian detection, lane

changing, lane detection, road sign recognition, traffic light, and various obstacles. Hou

introduced a simulation-based study and it integrates the perception technologies [41]

and it integrates with flexible virtual environment with driving scenarios. In addition,

simulation development is a crucial area for research community and it provides baseline

for perception module to test autonomous vehicle platform. Apollo open source platform

integrating with new machine learning models to improve the effectiveness and accuracy

for the perception module[42]. In addition, it provides the open-source code to acquire

continuous research and experiments towards an autonomous vehicle for the failure of

components and behavior in perception algorithms.

3.5 Testing Method

Accurate and robustness of sensors requires to be tested in the autonomous vehicle sim-

ulation environment in various conditions with different scenarios. It also involves a

sensor fusion algorithm under the simulation-based environment for autonomous vehicle

perception modules [42].

3.5.1 Random Algorithm

In the random algorithm, this thesis focuses on testing autonomous vehicle scenarios with

different methods and it involves a random algorithm to acquire case cases and build the

autonomous vehicle with road coverage specifications. What’s more, the module inte-

grates with perception issues in various scenarios. Autonomous vehicles are in a research

and development state, and these system targets to import of the current technology in

the future. To test and understand the boundary case scenarios, automated test gen-

eration approach and unitize the random algorithm to generate the testing cases [43].

Then, it takes a much longer time to update test cases and generate scenarios to update
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the testing cases. Traditional driving simulator experiments test components with the

autonomous vehicle system.

3.5.2 Genetic Algorithm

In this part, many existing research scenarios are discussed for autonomous vehicle per-

ception. Some testing methods import a Genetic Algorithm to generate testing cases in a

simulation environment. GA acquires search algorithms and it consists of the evaluation

criterion for various scenarios.

We hypothesize the confidence value with high scores enhances the performance in classi-

fication modules and may be considered unreal towards real-world scenarios. To test our

hypothesis, we import a benchmark dataset which is from LGSVL with a trained model.

In the end, the module consists of obstacles to validate the model’s ability to generate

unrealistic data from various scenarios and settings [44].

The experimental data are recorded from three scenarios including intersection, inter-

change, and lane change. We compare the errors between the ground truth obtained

from LGSVL and obstacle perception outputs from Apollo, to analyze the impact of dif-

ferent parameters. There are three steps to generate GA test cases. 1) We selected the

initial location, target lanes, and obstacle positions of the ego vehicle in the HD map. 2)

We mutated the ego vehicle and target vehicle’s relative location and velocities to collect

confidence feedback for the deep learning module. 3) We recorded the respective velocity,

position, and type for next-generation until collision happens.
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Evaluation

We separate the evaluation module into two parts based on the proposed methodology. In

the first section, the experiment collects ground truth data from the simulation environ-

ment based on objects details. Then we conduct a comprehensive study of the existing

state-of-art to analyze module performance. In the end, we conclude various relative

experiments in a simulator environment.

4.1 Experiment Establish

Simulation Environment This work presents simulation-based perception testing for

autonomous vehicles to evaluate perception object detection systems [1]. This work in-

troduces a comprehensive study to evaluate closed-loop simulation testing for autonomous

driving models that include deep learning detection modules learning [1] .

Figure 4.1: LGSVL Road Scenarios [1]

17
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In addition, the perception system imports object detection algorithms to simulate the

testing scenarios. In the meantime, it involves an evaluation suite to describe scenarios

in a virtual environment. The environment involves the ground truth data for testing

scenarios to generate the evaluation scenarios and it combines the analysis of the PTS

module in a setting with an evaluation environment. LGSVL simulator involves the

static road connection, intersection, lights, signal, cones, and other parts to improve the

perception module around the roads for a simulation driving environment.

Sensor Models LGSVL is the simulator to perform autonomous vehicles in a virtual

environment. It is a testing platform with open source code and generates the various

scenarios of the real-world environment and validates with various scales in a simulation

environment, for example, Robot Operating System (ROS), autonomous vehicle Apollo,

and Autoware Platform. The following table shows the scenarios for various sensors4.1.

Sensors LiDAR Camera Radar

Range Medium Short Long
Object detection Best Good Good

Accuracy High Medium Low
Night Vision Good Poor Good

Rain, snow, Dust Good Poor Good
Cost High Medium Medium

Road Signs Poor Best Poor
Fog Poor Poor Good

Table 4.1: Autonomous driving sensor performance analysis

Figure 4.2: Basic Scenario and Critical scenario
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The module involves the simulated sensor data in the fusion part, and it requires the

Kalman Filter to feed into the environment evaluation module. To further accelerate the

discovery of point cloud data, simulated data are integrated with initial raw data in the

evaluation elements. The following figure shows the autonomous vehicle overview. The

module includes LiDAR, RADAR, Camera, and IMU sensor[3]. For autonomous vehicles,

it consists of different sensors to perform multiple tasks, for example, autonomous vehicle

parking, lane changing, and overtaking scenarios.

The high-performance simulator involves the environment, sensor simulation for au-

tonomous vehicles. To enable vehicle manufactures and future mobility players to accel-

erate development using simulation, a digital twin method to convert the 3D environment

with point cloud and image to real-world scenarios. The project runs a simulation that is

accurate reflections of the autonomous driving system in real-world scenario Figure 4.1.

In the virtual testing platform, PTS imports virtual environment components includes

LiDAR and Radar sensors to fulfill perception functions and understand the potentially

outdated information about road signs and infrastructure. In addition, the component

involves the software interface to process the signal interfaces to perform safety purposes

in Figure 4.2 [42].

It generates systematic testing data for training in the virtual night environment to in-

vestigate vehicles’ performance in the special traffic situation to extract the typical sensor

to recognize object detection algorithm through the deep learning module Figure 4.3.

Perception The perception module involves multiple sensors for the autonomous ve-

hicle platform to detect obstacles. And it detects various objects in different scenarios to

achieve the obstacle avoidance algorithm with the position information, type, position,

and velocity. Besides, the module provides an online service for training PointPillars

models using collection real-time data. To improve the performance of the perception

detection module, the dataset is collected in the simulation environment. Collecting raw

data from LiDAR sensor in different scenarios covers the autonomous driving environ-

ment as much as possible in the city environment and the scenarios imports various types

of obstacles such as dynamic vehicle and pedestrians. To demonstrate results and analy-

sis for evaluation methods, the graph shows configurations with various different setups

in the simulation environment. Various city environment includes covering driving on a

rural road with random scenarios.

The perception module involves the following topics:
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16 channel LiDAR sensor data (cyber channel /apollo/sensor/lidar front, lidar rear li-

dar rear right) Radar data (cyber channel /apollo/sensor/radar front, radar rear) veloc-

ity and angular velocity of ego vehicle (cyber channel /apollo/localization/pose)

The following graphFigure 4.3 shows the perception segmented object topic with position

and type for predicting obstacle algorithm.

Figure 4.3: Cyber Channel Topic

The perception sensor module output includes the following topics and it involves the

types, position, and velocity topics in the (cyber channel/apollo/perception/obstacles)

and the output of traffic light detection and recognition (cyber channel/perception/traffic light)

with a final object with type, distance & velocity.

Practical Setup The experiment is conducted with Ubuntu 18.04 Linux operating

system with Intel CPU ES-2600 v4@2.00GHZ x 28 with 256GB equipped with GeForce

RTX 2080 Ti GPU to perform various scenario tasks. Baidu Apollo provides the au-

tonomous driving system and driving monitor system and visualization environment

called Dreamview. We import the Apollo module on the Ubuntu 18.04 operating system

to view the perception module output.

The following 4.4shows the various sensors in the LGSVL simulator. The left bottom

shows the image segmentation result ground truth for the simulator and the left middle
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part shows the LiDAR point. In the left top corner, it includes the RADAR sensor around

120 degrees for field of view.

Figure 4.4: Sensors in the LGSVL simulator

4.2 Evaluation

4.2.1 Confidence Feedback

For confidence feedback evaluation, this work imports the existing principles towards

obstacle avoidance scenarios. The metric is established in assessing to separate the traffic

cones, autonomous vehicles, and pedestrians. In detail, the confidence value provides a

deep learning model to compare how different protected features are predicted to protect

the autonomous vehicle for safety-critical applications.

4.2.2 Correlation Analysis

Pearson’s evaluation method uses to calculate the data correlation and analyze the sta-

tistical for point cloud data. The application module checks the scenario with correlation

possibilities for scenarios [45].
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r1 =

∑
i (ai − an) (bi − bn)√∑

i (ai − an)2
√∑

i (bi − bn)2
(4.1)

where a i is the ith intensity of point cloud data in the testing environment, b i is the

intensity of the ith of point cloud data in the testing environment, a n is the mean

intensity of the testing scenario one and b n is another mean intensity of testing scenario.

4.3 Comprehensive Study

In this section, we study the Apollo perception module and summarize relative analysis

for testing the platform with the LGSVL simulator.

To answer RQ1, we run either method 20 times on all scenarios. Each time, we compute

the average number of test cases generated and execution time to trigger a collision.

To answer RQ2, we give a detailed analysis of the discovered collisions and discovered

three kinds of issues on Apollo’s perception module. To answer RQ3, we divide the

perception error into 7 categories: shape error, ego vehicle distance error, ego vehicle

lateral distance error, ego vehicle longitudinal distance error, ego vehicle velocity error,

ego vehicle lateral velocity error, and ego vehicle longitudinal velocity error, then do

comprehensive statistical analysis and regression analysis. To answer RQ4, we set the

various height scale of pedestrians, various height scales of traffic cones, and import

sphere shape objects in the LGSVL simulator to detect the perception performance. To

answer RQ5, we focus on different sizes of traffic cones and mutations on a sphere and we

summarize our findings and discuss the knowledge that can benefit AV developers during

the whole software development life cycle.

RQ1: Compared random and GA search algorithm, which method can dis-

cover perception issues more efficiently? We record experiment results by con-

ducting testing cases for Baidu Apollo perception modules with an open-source LGSVL

simulator. The table 4.2shows that GA and Random algorithm finds the collision aver-

age time. GA and Random algorithms both can find perception limitations for vehicle

collision scenarios. However, the result shows that GA is faster to identify the perception
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errors in the table 4.2. In addition, we finalist the simulator environment and understand

the gap between the simulator and the real world.

Algorithm intersection lanechange overtake

GA 3.6 1.4 2.7
random 5.2 2.4 4.1

Table 4.2: Testing Cases Execution Timing Taken(hours)

The table 4.3shows the respective results for Levevne test and T-test between distance

and its distance error for perception with ground truth. The experiment consists of

Levene statistics and Levene P-value for testing results.

intersection GA Random

levene statistic 41.6371 801.9304
levene pvalue 4.9143e-10 2.0478

T statistic 155.3099 96.5506
T pavalue 1.0443e-18 2.945e-10

Table 4.3: GA and Random Leneve Test and T-test Result with distance error

Answer to Q1: We import the analysis of the scenarios that contain data with

largely different obstacles among type, position, and velocity within the detection

module. Hence, various scenarios are tested with significant difficulties when evaluat-

ing for application when comparing results with other modules. In addition, the GA

algorithm is faster to detect obstacle issues than the random algorithm for various

scenarios.

RQ2: What kind of issues have been discovered in Apollo’s perception module

and how can they cause collisions? Given that RQ1, the raw data are recorded in

the simulation platform and testing the perception module with deep learning system in

the Apollo platform. The first step is to analyze data from the recording files and PTS

analyses time stamps, raw data with point cloud output.

It shows the distance means and distance mean error for the intersection execution to

understand the distance parameter relationship during the perception module execution

for segmenting objects with predicting obstacles distance.

The table 4.4shows the execution errors for ten cases with various results about ex-

periments. The seven errors as shown in the figure for the autonomous vehicle testing
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platform. Similar patterns are observed for various scenarios. Here is the list of intersec-

tion scenarios with two algorithms to test module performance. From the table, we find

that lateral distance error and longitudinal distance error have big possibilities to make

the collision of the autonomous vehicle. From the table4.4, the experiment shows that

distance error and lateral distance error are 50% for collision scenarios.

intersection GA Random

shape error 2 3
dist error 3 2

lateral dist error 4 4
longitudinal dist error 5 4

velocity error 3 2
lateral velocity error 2 3

longitudinal velocity error 1 2

Table 4.4: Failed execution for intersection scenario

GA has the functionality to analyze the continuous and discrete functions and it inte-

grated a method to improve the time iteration. Furthermore, the GA algorithm is quite

useful to produce better results when the search space is very large. However, it is im-

portant to implement the algorithm correctly, it might fail to reach the optimal solution,

because it may not converge.

Answer to Q2: The system error has many types of data to acquire the intersection

scenario. It appears that Random Lateral distance error the testing system. Hence,

reported performance is mostly included she distance error and lateral distance error

for significant difficulties when evaluating the testing scenarios.

RQ3: What are the differences of the perception errors between normal and

collision executions RQ2 shows that various perception errors in the PTS experiment

to acquire the experiment data and experiment the ability to compare the related work

with the reported results with intersection scenarios. In addition, we compare the collision

respective with normal scenarios and find the gap for this experiment.

The table shows that the distance means and longitudinal distance mean to have a big gap

in a collision and normal scenarios. In addition, lateral velocity std and lateral velocity

mean almost has the same value for this experiment. In this intersection scenario, the

longitudinal distance has important to determine the collision scenarios.
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The table 4.5shows the following approach with various mean and standardization values

for GA and Random algorithm. In addition, the experiment to analyze the Levene test

and t-Test methods in selected intersection scenarios to analyze the environment in the

simulation platform. However, the GA algorithm has a slightly small value than the

random algorithm to perform the Levene Test outcome.

Algorithm mean std Levene Test t-Test

GA 1.026 0.096 p value: 0.20 p value: 2.563e-05
Random 1.764 3.542 p value: 0.48 p value: 3.578e-02

Table 4.5: Significance Testing between GA and Random algorithm in intersection
Scenarios

The table 4.6shows the relations with ego vehicles and various parameters to understand

the environment. The result shows that distance and distance in latitudinal have a greater

relationship based on this experiment than velocity parameter.

ego vehicle regression model

ego vs shape y = 0.0075x + 0.5232
ego vs D y = -0.0041x + 1.0297
ego vs Dx y = 0.0022x - 0.3479
ego vs Dy y = 0.0016x + 0.8101
ego vs V y = -0.0097x + 0.2961
ego vs Vx y = 0.0004x + 0.0189
ego vs Vy y = 0.0042x - 0.0758
D vs Dx y = -0.1648x - 0.1581
D vs Dy y = 1.2424x - 0.4502
V vs Vx y = 0.089x + 0.0037
V vs Vy y = -0.2896x + 0.0229

Table 4.6: Regression Model for ego vehicle

The Figure 4.5 shows collision status to detect probability with plotting in python plat-

form to acquire data from visualization part and the results show the deep learning mod-

ule outcome for distance with perception module. In Figure 4.5 shows the shape overlap

changes less than distance parameter with collision and normal situation 4.7 and 4.6. We

adjust the pedestrian scales to perform object detection tasks with various environments.

Having identified various shapes in performance when evaluating with the testing dataset,

this experiment acquires the deep learning module in Point Pillar module. The result is

shown in the table 4.8 to perform the correlation with various errors. The distance in
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(a) Shape Overlap (b) Distance

Figure 4.5: Boxplot for shape and distance estimation

intersection Collision Normal

shape mean 0.7935 0.5936
shape std 0.3089 0.1011

distance mean 1.0263 0.8916
distance std 0.1961 0.1669

lateral distance mean -0.3272 -0.3500
lateral distance std 0.1701 0.0849

longitudinal distance mean 0.8249 0.646
longitudinal distance std 0.1244 0.1988

velocity mean 0.2554 0.2129
velocity std 0.1896 0.112

lateral velocity mean 0.1222 0.0029
lateral velocity std 0.1235 0.0244

longitudinal velocity mean -0.1366 -0.0507
longitudinal velocity std 0.2316 0.0573

Table 4.7: Difference Mean and standard derivation value in normal and collision
executions

ego shape D Dx Dy V Vx Vy

shape 1 0.483 0.140 0.441 0.106 0.324 0.063
D 0.483 1 -0.224 0.959 0.307 0.198 -0.336
Dx 0.140 -0.22 1 -0.361 0.263 0.330 0.226
Dy 0.441 0.959 -0.361 1 0.159 0.143 -0.389
V 0.107 0.308 0.263 0.159 1 0.240 -0.421
Vx 0.324 0.197 0.330 0.143 0.239 1 0.006
Vy 0.061 -0.33 0.223 -.0389 -0.421 0.006 1

Table 4.8: Describe correlation coefficients for seven types of error
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longitudinal direction and distance has a large value in this experiment and it might cause

too closer for the vehicle detecting surroundings obstacles.

Answer to Q3: Tt has the perception error between normal and collision executions.

1) We validate seven experimental parameters have an impact on perception error

as shown in the 4.7. Seven parameter includes shape, distance, lateral distance,

longitudinal distance, velocity, lateral velocity, and longitudinal velocity. And each

parameter has two indicators mean and standard derivation to describe. 2) The

result shows that shape means to value and shape standard volatility are more in

the collision scenario than the normal scenario. 3) The lateral velocity mean varies

around 10 times in an intersection scenario during a collision than a normal scenario.

4) When the collision happened, the longitudinal velocity error great fluctuation than

normal scenarios.

RQ4: Can the perception module recognize various objects with different

shapes on roads? RQ3 shows the various collision and normal execution with various

parameters to describe the scenarios.

The perception module recognizes the various objects, like traffic cones, different heights

for pedestrians, and stones. To perform the accuracy and robustness of the perception

module, the experiment builds up to acquire various shapes in simulation roads.

Figure 4.6: Pedestrians in the LGSVL simulator with a 0.5 scale
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Figure 4.7: Pedestrians in the LGSVL simulator with a 0.3 scale

The experiment imports various sizes of traffic cones and multi mutations on different

shapes and the experiment shows the following result with range and perception type

confidence value. In the LGSVL simulation, we adjust the pedestrian scale table 4.9to test

the perception machine learning system. To test the confidence level for the perception

output, the module simulates the pedestrian with various ranges and perception types.

LGSVL Scale Detection Range Perception

0.3 [2, 200] No
0.4 [2, 10] Yes
0.6 [2, 36] Yes
0.7 [2, 58] Yes
1.0 [2, 128] Yes

Table 4.9: Pedestrian with different range

The following graph shows the LiDAR detection result with various heights for the object

detection modules. The figure 4.8 shows the system can detect the obstacles. However,

we shift the obstacles upwards around 2 meters and they disappear for the perception

detection system in figure 4.9.

The traffic cones with various shape results are shown in the table 4.10 and it shows the

perception system could detect the obstacle as pedestrians with 0.7 scale of the original

height.

In addition, the experiment builds autonomous vehicles with traffic cones. Here is the

point cloud detected in the point cloud bin file as shown in the table. It includes the
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Figure 4.8: Object in the LGSVL simulator with an unknown type

Figure 4.9: Object in the LGSVL simulator with higher height

Scale Range Perception Type Height

0.3 [5, 10] No No No
0.4 [5, 10] Yes Unknown 0.44m
0.6 [5, 10] Yes Unknown 0.75m
0.7 [5, 10] Yes Pedestrian 0.88m
1.0 [5, 10] Yes Pedestrian 1.58m

Table 4.10: Traffic Cone Performance Results for perception module

point cloud in the robot operating system visualization platform. The result shows the

various traffic cone height and detection range distances are important parameters for

the perception detection system.
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Traffic Cone Detection Range Perception LiDAR number of Points

0.2 [0, 3] No 0
0.6 [3, 5] Yes around 100
0.8 [5, 7] No around 150
0.6 [7, 10] Yes around 90
0 [10, infinity] No 0

Table 4.11: LiDAR Detection results with traffic cone various scale and range

Answer to RQ4: Yes, we provide three experiments to perform a Perception module

that can recognize various objects with different shapes. 1) We place various scales

of pedestrians in the LGSVLas shown in Figures 4.7 and 4.6. 2) We adjust various

scales of traffic cones as shown in Figures 4.11 and 4.10. We detect traffic cones

as unknown type with limited scale in the 4.10 3) We import shape objects in the

LGSVL simulator in Figure 4.4. We manually added a sphere object and it is detected

with an unknown type by the LiDAR-based object detection module.

RQ5: What benefits or experience can AV developers gain from the study?

RQ4 shows the various shapes and pedestrians in the simulation environment to perform

the perception module robustness and accuracy for the autonomous vehicle platforms.

There are multiply scenarios in the Apollo platform and we import several scenarios for

testing autonomous vehicles. Based on the experiment, this work finds that lane change

and overtake scenarios are easier to find collision-based with Apollo testing platform

compared with lane follow scenario.

Figure 4.12 presents the various vehicles and testing perception modules with various sce-

narios. It has the distance limitation for testing performance of sensors and to determine

the perception module robustness and accuracy, the experiment builds limitations for a

testing system with distance to test over leaping effectiveness. The experiment involves a

truck, SUV vehicles to test performance with a certain range and it affects distance and

overlapping. The outcome results show that a certain range will detect two vehicles as

one vehicle. The following graph shows the traffic cone detection results in the simulator

environment 4.10 and 4.11.
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Figure 4.10: Traffic Cone in LGSVL simulator

Figure 4.11: Traffic Cone in LGSVL simulator

Answer RQ5: This RQ5 benefits the developer to propose the autonomous vehicle

perception algorithm to acquire the confidence value. To test the real scenarios in the

real world, the experiment builds up various scenarios to find the corn cases. It assists

developers to understand the testing platform with a certain range in the autonomous

vehicle platform.
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(a) Two (b) Three

(c) Truck

Figure 4.12: Apollo Testing scenario for various vehicles
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Discussion and Research Guidance

• Evaluation The comprehensive study indicates that commonly required perception

and decision modules towards obstacles’ type, position, and velocity for the autonomous

driving system. The reported results of related work when the dataset tested in multi

roads with diverse scenarios. When enlarging the study to compare baseline with

ground truth data from LGSVL simulation and we conclude a root cause that different

shape sizes of different obstacles with various performance with low-diversity train-

ing sets, which makes it difficult to recognize obstacles in several scenarios and the

most related work are less performance as reported in the analysis setting when facing

unexplored and diverse data input.

Research guidance: This task integrates an important step towards a diverse and

simulation dataset with a baseline among protected features for comparing related

work. We identify a large gap between simulation and real-world environment. For

example, the simulator raw sensor data are filtered in various sensor fusion modules,

which involves in extend the Kalman Filter algorithm and feeds into the prediction

modules for a complex simulation environment. Thus, a possible direction is to identify

gaps between simulate and real-world environment when evaluating the perception

module whether it relies on the possibilities of perception component with unrealistic

effect. Another possible direction is to establish a common obstacle dataset benchmark

for evaluating and comparing detection modules and algorithms. In addition, it is

possible to integrate multi-sensor data to perform perception search algorithms, which

greatly reduces confidence value and reduces physical testing costs in a simulation

environment.

33



Chapter 5. Discussion and Research Guidance 34

• Confidence Value In the experiment, our result indicates simulation perception sys-

tems have a significant meaning towards the performance of detecting numerous obsta-

cles within the open-source Apollo autonomous vehicle platform. Moreover, the deep

learning model predicts uncertain confidence value from input data point cloud data

and learns from the preset environment data, then it generates a relative confidence

value to predict obstacle types, position, and velocity with a converter to understand

the simulation environment. In some cases, we observe various obstacles with dynamic

velocity varies out offset value in changing lane scenarios.

Research Guidance: various standards might be developed to prove that obstacle

avoidance systems meet specification requirements and classify various scenarios to

follow velocity guidance research direction. To further integrate fusion module towards

simulation research guidance, feedback and acquire the obstacle outlines might be easier

to access, which are developed on obstacles simulation environment. In the autonomous

vehicle domain, we import this work to utilize perception limits and acquire useful raw

data to acquire detection modules usefully. Using Perception Testing System tools to

generate the most effective detection can be identified to improve obstacle avoidance

algorithm. Finally, we make automotive vehicles to meet performance with various

datasets and it integrates a slight decrease in performance of various autonomous vehicle

detection algorithms. In particular, the perception module reflects the distribution of

the perception dataset with respectively evaluating and testing modules. Thereby, the

relevance of confidence value should be high in the deep learning training and testing

module and it is sufficiently addressed in academic and industry platforms.

• Effectiveness of enhancement the experiment explores the training data within the

detection module. Furthermore, the effectiveness of distribution-awareness using PTS

techniques is integrated with the autonomous vehicle platform. Thereby, PTS servers

as a control and validation measure for data diversity and deep learning perception

module. In addition, this work analyzes and identifies the distribution with various

scenarios to improve scenarios generation and increase the safety to generalize with

unrealistic data. A possible direction to link with an effective platform in a sensor point

cloud environment[46], presents an efficient learnable clustering module, for varying

instance sizes and a dynamic environment that integrates object detection algorithms

for various scenarios.

Research guidance: A possible direction is to import the PTS score with confi-

dence value and reconstruct the filter data as a guiding mechanism, which controls the
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diversity of the perception module and integrates a direct deep learning module for feed-

back and approach module. Another possible direction is that demonstrates multiple

methodologies contain complementary information and improve the safety and robust-

ness of the perception module. The experiment involves a generated platform around

vehicle interconnection networks, which secures the object detection for robustness to

hand complex applications and safety-critical platforms[47].

• Industry guidance: While autonomous vehicle systems may rely on one module to

another, the testing platform is a complex system that involves many sub-components.

The significant sensor parameter with various locations, points of view, might affect

the autonomous vehicle detection results. The Apollo system consists of hardware and

software components to discuss the perspective blocks required within the system from

collecting data and exporting various data fusion results. Developers might focus on the

complex scenarios to detect obstacles with complex maps, for example, when changing

lanes and overtaking scenarios, it detects the stone as a vehicle and does not affect

the perception system platform. However, it misses detecting the traffic cones with

various shapes to make collision with cones. The intersection and interchange scenario

is relevant to reversal the performance difference in various setups in the platform.

Another it exposed by learning the position error with various LiDAR hardware in the

sensor simulation environment and the simulation show that the perception module

miss detecting the pedestrians and autonomous vehicle still moving forward towards

the target.



Chapter 6

Conclusion

In this work, we analyze the performance of the introduced method and discuss the safety

and robustness of integrating modules and experiments relying more on perception 3D

obstacle detection tasks. We proposed a simulated-based testing platform for evaluating

various scenarios with autonomous vehicles for various sensors integrating, configuring,

and analyzing for the autonomous driving platform system. It is urgent marketing de-

mand for simulation progress that involves reliable sensor data in a virtual testing en-

vironment with random and genetic algorithm methods. The evaluation suite is a key

component that assists autonomous vehicle systems during vehicle development and as-

sists the performance overview with various scenarios. We identify the lower bound of

the performance of the simulation environment and build the autonomous driving system

more reliable and secure.

We conduct a simulation-based testing on the state-of-the-art Apollo autonomous vehicle

platform and we focus on where a physics-based simulation method that extends the

evaluation methodology by considering physical effects. We import the modules for the

autonomous driving system in various modules with high noise and variability and our

results show that the existing Apollo system varies in performance with the perception

error on the obstacle’s type, position, and velocity error. What is more, we are able to

enhance the simulation-based environment for predicting the velocity with absolute error.

This work points out the important step to discover the autonomous vehicle system for

the simulation-based platform, which enables the confidence of the obstacles for deep

learning training modules.

36



Chapter 6. Conclusion 37

In the future, we will focus on where a physics-based simulation method that extends

our evaluation methodology by considering physical environment effects and it protects

various modules for the autonomous driving system in multiple scenarios with high noise

and variability to collaborate the obstacles of the type, position, and velocity properties.

Simulation-based perception testing integrates an important role in developing accurate

and robust software to generate huge testing cases to acquire perception module perfor-

mance.
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Appendix

Table 1: Difference Mean value in collision and normal executions

intersection Collision Normal

shape mean 0.5935 0.5846
shape std 0.0389 0.1011

distance mean 1.0263 0.8916
distance std 0.0961 0.1669

lateral distance mean -0.3272 -0.3500
lateral distance std 0.0701 0.0849

longitudinal distance mean 0.8249 0.646
longitudinal distance std 0.1244 0.1988

velocity mean 0.2054 0.2129
velocity std 0.0896 0.112

lateral velocity mean 0.0222 0.0029
lateral velocity std 0.0335 0.0244

longitudinal velocity mean -0.0366 -0.0507
longitudinal velocity std 0.0616 0.0573

Table 2: LiDAR Detects Traffic Cone Range

Traffic Cone Detection Range Perception LiDAR number of Points

0.2 [0, 3] No 0
0.6 [3, 5] Yes around 100
0.8 [5, 7] No around 150
0.6 [7, 10] Yes around 90
0 [10, infinity] No 0
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