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ABSTRACT: Complexity controllable road network generation is pivotal for accelerated virtual simulation testing of autonomous vehicles (AVs), 

enabling the implementation of progressively challenging test scenarios through incrementally complex road networks, facilitating continuous 
evaluation of the target autonomous driving algorithms to expose functional flaws and performance boundaries. To this end, this study proposes 
a complexity controllable road network generation approach via optimized combination of realistic road elements. First, real-world urban road 
networks are decomposed into diverse road elements. Among these, elements with high potential collision risks (e.g., T-junctions, 
merging/diverging zones) are abstracted into parameter-configurable graph models defined by node and edge parameters. Then, the 
instantiation of these road element models is achieved using real-world cartographic data, followed by complexity assessment via a metric 
quantifying potential collision risk. Concurrently, a complexity evaluation function for road elements is formulated to assign complexity labels to 
each road instance. A complexity-tunable road network optimization model is developed. Taking the realism and compactness of the generated 
road networks as optimization objectives, the model selects road elements instance of varying complexity for optimal assembly in a non-
intersecting and non-overlapping manner, yielding virtual road networks with controllable complexity while preserving real-world characteristics. 
Finally, experimental validation was conducted using Xi’an cartographic data, generating 4,500 virtual road networks across 15 distinct complexity 
levels through combination of road elements with different complexity. To validate the effectiveness of the generated road networks, 
comparative virtual simulation experiments are conducted on both the generated networks and real-world road networks. Experimental results 
demonstrate that: (1) The mean relative error between the geometric parameters of road elements in the generated networks and the expected 
values derived from real-world cartographic data clustering is less than 1.5%, confirming superior environmental reconstruction fidelity; (2) Lane-
change test scenarios constructed using the generated road networks successfully identified performance limits of the target autonomous driving 
algorithm and functional deficiencies under lateral approach conditions; (3) The complexity of the generated road networks shows a strong 
correlation (absolute correlation coefficients exceeding 0.84) with the uncomfortable driving duration and average vehicle speed in continuous 
free-driving scenarios, which confirms that higher-complexity road networks correspond to more rigorous testing challenges; (4) Compared to 
real-world road networks, the generated road networks achieve 32.4% average mileage compression when traversing an equivalent number of 
road elements, significantly enhancing testing efficiency.  
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1 Introduction 
The accelerating development of high-level automated driving 

functionalities has rendered the replacement of human drivers by 

automated driving in specific dynamic driving tasks from theoretical 

possibility to operational reality (Xu et al., 2018; Liu et al., 2024; Xu et al., 

2025). Yet the rapid advancements introduce increasingly severe 

challenges on testing and validation. Recent open-road trials revealed 

that despite undergoing relatively comprehensive testing, 

commercially mature autonomous vehicles (AVs) still exhibit 

significant performance limitations in typical scenarios (Opletal, 2025). 

Yet the rapid advancements introduce increasingly severe challenges 

on testing and validation. Recent open-road trials revealed that despite 

undergoing relatively comprehensive testing, commercially mature 

autonomous vehicles (AVs) still exhibit significant performance 

limitations in typical scenarios (Opletal, 2025). The infeasibility of on-

road testing that requires millions of kilometers to achieve statistical 

significance has been proven (Kalra & Paddock, 2016; Xu et al., 2017). 

Virtual simulation testing substantially enhances testing efficiency 

(Sang et al, 2024), but it requires the creation of challenging test 

scenarios to pinpoint functional blind spots and performance 

limitations. 

A test scenario is formally defined as the holistic integration of static 

road environments and dynamic interactions among traffic 

participants (Ulbrich et al., 2015; Elrofai et al., 2016; De Gelder & 

Paardekooper, 2017). The road environment imposes deterministic 

constraints on movable participants and their spatial-temporal 

relationships (Weber et al., 2019; Chen et al., 2021). Despite the growing 

sophistication of dynamic traffic modeling, the road environment 

construction remains an underdeveloped aspect of test scenario 

generation (Yang et al., 2024). Traditional approaches relies on labor-

intensive manual modeling (Zhu et al., 2022; Zhu et al., 2024), which is 

incapable of generating road networks for continuous multi-scenario 

testing, while precluding the requirements for quantitative iterative 

adjustments of road environments.  
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Current mainstream automated road network generations are 

primarily categorized into the data-driven approach and procedural 

content generation (PCG) -based approach. Data-driven approaches 

enable the generation of road networks, achieving alignment with real-

world statistics and perceptual realism (Muktadir et al., 2022). It 

exploits multi-modal real-world information that is extracted from 

digital maps (Nishida et al., 2016), vehicle GPS trajectories (Li et al., 

2022), unmanned aerial vehicle-acquired data (Kong et al., 2023), and 

satellite remote sensing imagery (Zhang et al., 2019; Zao et al., 2024). 

Data-driven approaches fall into two generation paradigms. The direct 

paradigm extracts and geometrically deforms road elements from real 

world to assemble novel road networks (Aliaga et al., 2008). The 

alternative paradigm involves an end-to-end road network generation 

(Hartmann et al., 2017), discovering latent spatial patterns in real world 

to synthesize topologically coherent road networks.  

However, real-world road networks contain abundant non-conflict 

elements (e.g., repetitive straightaways), which leads to inflation of test 

mileage, reducing testing efficiency. 

Decoupling from data dependencies, PCG-based approaches 

synthesize road networks through algorithmically defined rules that 

interconnect manually designed road elements (Muktadir et al., 2022). 

Related studies (Beneš et al., 2014; Ikram et al., 2023; Tang et al., 2023; 

Yang et al., 2024) systematically elaborated on generating road 

elements, and proposed a endpoint connection strategy to ensure 

geometric continuity between contiguous elements (Aliaga et al., 2008). 

To mitigate unintended intersections and overlaps during assembly, 

block incremental generation (BIG) with backtracking mechanism 

emerges as the dominant paradigm (Gambi et al., 2019a; Li et al., 2021). 

It executes an iterative workflow "block (element) addition – conflict 

detection – conflict resolution". Conflict resolution leverages a 

backtracking mechanism. Upon encountering road elements 

intersections or overlaps, the conflicting road elements are substituted 

with freshly generated ones until a valid road is produced.  

The backtracking mechanism suffers from inherent scalability 

constraints. As network scale increases, the probability of unintended 

intersections and overlaps during expansion rises exponentially, 

leading to a surge in backtracking iterations and stochastic fluctuations 

in road network expansion, which necessitate additional effort for 

subsequent screening in practical applications.  

To address scalability challenges, recent studies have incorporated 

optimization algorithms in PCG-based approaches (Xing et.al., 2021), 

and conducted comparative analyses of multiple optimization 

algorithms, evaluating their performance in generating intersection- 

and overlap-free networks with respect to optimal solution and 

convergence dynamics(Chen et al., 2018). 

PCG-based approach prioritizes the creation of long-tail 

configurations that are statistically rare in real world (e.g., irregular 

intersections), but neglects compliance with real-world 

representativeness and road engineering specifications, thereby 

limiting the ecological validity of generated scenarios. 

Notably, certain studies have assimilated road engineering 

specifications(Chen et al., 2008; Becker et al., 2020) and AV testing 

requirements (Chen et al., 2020) into road environment. Nevertheless, 

these latent constraints remain unincorporated into systematic road 

network generation approaches and are prone to neglect in practical 

implementations. 

 
Fig.1. Flowchart of road network generation 

To address the aforementioned issues, this study proposes a road 

network generation approach based on the optimized combination of 

realistic road elements, which integrates the current mainstream data-

driven and PCG-based approaches. Fig.1 illustrates the proposed three-

stage workflow. First, real-world urban road networks are 

decomposed into heterogeneous road elements. Elements with high 

potential risks (e.g., T-/Cross-junctions, merging/diverging zones) are 

abstracted into graph models characterized by tunable node and edge 

parameters. 

Subsequently, road element models are instantiated with real-world 

cartographic data, adhering to road engineering specifications and 

testing requirements. A complexity quantification metric is established 

based on potential path conflict counts, enabling complexity labeling of 

instantiated elements. A network-level complexity evaluation function 

is then formulated to quantify global complexity. 

Then, a road network optimization generation model with tunable 

complexity is developed. By selecting road element instances with 

predefined complexity labels, network complexity is systematically 

controlled. Optimization algorithms are introduced to guide instance 

interconnection, taking the realism and compactness of the road 

network as the optimization objectives, avoiding unintended 

intersections and overlaps between instances and minimizing the 

spacing among them. Finally, the synthesized networks are 

automatically compiled into OpenDRIVE-compliant high-definition 

(HD) maps for AV simulation testing. Specifically, the contributions of 

this work are summarized as follows: 

1. A complexity control method for test road networks is proposed, 

generating test road networks with expected complexity through 

combinatorial assembly of road elements with quantitative complexity 

evaluation labels. It establishes a correlation between test road 

complexity and scenario challenge levels, addressing the limitations of 

existing road network generation methods that primarily focus on 

geometric morphology assembly without the capability to batch-

generate multi-level, diversified test road networks according to 

specific scenario construction requirements, significantly enhancing 
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both the efficiency and coverage scope of road network generation 

2. A road element model instantiation approach is developed based 

on real-word cartographic data, incorporating road engineering 

specification and practical testing requirements. This approach ensures 

that generated road networks maintain high fidelity to real-world 

conditions, comply with engineering standards, and align precisely 

with testing objectives. It effectively circumvents the limitations of 

existing PCG-based approaches that predominantly emphasize rare 

road structure generation, thereby expanding the applicability and 

practical utility of generated road networks across diverse testing 

scenarios. 

3. An optimization-based road network synthesis mechanism is 

constructed, which realizes the non-intersecting and non-overlapping 

interconnection of road instances while compressing redundant 

mileage in the road networks. This mechanism eliminates excessive 

low-risk redundant testing mileage that compromises testing efficiency; 

and overcomes the inefficiencies inherent in existing road network 

generation methods that rely on iterative trial-and-error combinations 

to avoid unintended intersections and overlaps, which typically result 

in inconsistent network scales and suboptimal computational 

performance. 

The rest of the paper is organized as follows: Section 2 presents the 

proposed road network generation approach. Section 3 establishes 

experimental case studies to validate the proposed approach. Section 4 

analyses the results of the validation experiments. Finally, Section 5 

concludes the study and provides recommendations for future 

research directions. 

2 Methodology 
This section presents the complete methodology for generating test 

road networks. As visualized in the Fig. 2, the proposed approach 

systematically integrates road elements modeling, quantitative 

complexity assessment, realistic and specification-compliant 

instantiation, optimization-driven network synthesis, and scenario 

map construction. Each step of this unified workflow is elaborated in 

the subsequent subsections.

 
Fig.2. Overview of road network generation 

2.1.  Road element modeling 

A road element constitutes the fundamental building block of test 

roads, with any complex road amenable to conceptualization as a 

sequence or network formed by the interconnection of multiple such 

elements.  

The hierarchical paradigm (Parish & Müller, 2001; Li & Shi, 2010; 

Zhang et al., 2015; Zhao et al., 2023) is adopted for road element 

modeling. By leveraging the road classification provided in 

cartographic data, road elements are categorized into four 

hierarchical levels: expressways, trunk roads, feeder roads, and 

internal roads. In terms of structural attributes, road elements are 

further categorized into two categories: intersecting and non-

intersecting elements. Intersecting elements constitute the core of 

road networks in test scenarios, as evidenced by statistical reports 

indicating that most accidents and high-risk scenarios occur at 

intersections (Moosavi et al., 2019). Building on prior researches 

(Kelly & McCabe, 2007; Gambi et al., 2019b), intersecting elements are 

modeled into four types: T-junctions, cross junctions, merges, and 

diverges.
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(a) Merge (b) Diverge 

 

 

(d) Non-intersecting 

 
(c) Cross-junction (e) T-junction 

Fig.3. Schematic diagram of road element models. 

To emphasize geometric features, each element is abstracted as a 

polyline model, as illustrated by the red lines in Fig.3, and modeled 

as a graph 𝑔(𝑁, 𝐸). 𝑁 denotes the centroid and endpoints. Both are 

defined by positional parameters 𝑝𝑁  and attribute parameters 𝑎𝑁 . 

The centroid establishes the spatial reference of the road element, 

serving as the origin of a local coordinate system. Endpoints are 

defined relative to this origin, while attribute parameters encode 

hierarchical levels and connectivity relationships of road elements. 𝐸 

represents the diverging edges from the centroid. Each edge is 

characterized by a length parameter 𝑙𝐸  and an angular parameter 

𝑎𝐸 ∈ [0,2𝜋], which is defined as the counterclockwise angle between 

adjacent edges, capturing the relative rotational positioning of edges. 

2.1.1. Road models instantiation 

The geometric configuration of road elements is governed by 

multiple factors. Significant regional heterogeneity arises from 

geographic environments (Badhrudeen et al., 2022). Road 

engineering specifications impose explicit regulatory constraints, 

while practical testing requirements may necessitate specific 

adaptations. Accordingly, these factors must be explicitly embedded 

into the instantiation of road element models to ensure 

environmental realism and testing efficacy. 

In the road model instantiation, the edge angular parameters 𝑎𝐸  

are initialized based on their statistical distribution extracted from 

real-world cartographic data of predefined regions to ensure 

geometric fidelity. The edge length parameter 𝑙𝐸  are calibrated 

through a dual-driven formulation, integrating regulatory road 

engineering specifications with testing tasks requirements.  

(1) Merge 

A merge element is structured into three components, pre-merging 

𝐸𝑚𝑝 , post-merging 𝐸𝑚𝑎 , and ramp 𝐸𝑚𝑟 , as depicted in Fig.3(a). For 

potential test scenarios around the centroid, the length of 𝐸𝑚𝑝 should 

satisfy two critical requirements: (1) enabling velocity transition of 

the VUTs to the intended test speed, and (2) complying with the 

minimum sight distance 𝑙1 ahead of the merging nose (China Road 

and Bridge Corporation, 2021). Similarly, for potential test scenarios 

within the speed-change lane, the ramp length must fulfill dual 

constraints: (1) ensuring sufficient distance for 

acceleration/deceleration, and (2) maintaining the prescribed sight 

distance 𝑙2 while reserving adequate length 𝑙𝑐  to the transition curve 

required for road element interconnection. 

Within the critical zone from the merge nose to the transition 

section in 𝐸𝑚𝑎  where high-risk scenarios are spatially concentrated 

(Ye et al., 2023), VUTs should maintain the intended test speed. 

Accordingly, while complying with specifications for the lengths of 

speed-change lanes and transition sections, additional length 

allocation must be explicitly incorporated to enable speed transitions 

from the test speed to the predefined terminal velocity. 

𝑙𝐸𝑚𝑝
= 𝑚𝑎𝑥 (

𝑣1
2 − 𝑣0

2

2𝑎
+ 𝑣1𝑡ℎ , 𝑙1) (1) 

𝑙𝐸𝑚𝑟
= 𝑚𝑎𝑥 (

𝑣′
1
2 − 𝑣′

0
2

2𝑎
+ 𝑣1

′ 𝑡ℎ , 𝑙2 + 𝑙𝑐 ) (2) 

𝑙𝐸𝑚𝑎
= 𝑙𝑠𝑐 + 𝑙𝑡𝑠 +

𝑣2
2 − 𝑣1

2

2𝑎
 (3) 
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Fig.4. Schematic diagram of merging nose 

The initial speed is denoted as 𝑣0, the intended test speedas 𝑣1, and 

the predefined terminal velocity as 𝑣2. The initial speed in ramp is 

designated as 𝑣0
′ , with the intended exit speed specified as 𝑣1

′ . The 

duration of potential test scenarios is defined as 𝑡ℎ , and the 

acceleration of VUTs is denoted as 𝑎. Specifically, 𝑙𝑠𝑐  corresponds to 

the length of the speed-change lane, 𝑙𝑡𝑠  to the length of the transition 

section, and 𝑙𝑐  to the reserved length for the ramp transition curve. 

(2) Diverge 

The area preceding the diverging point forms a critical zone with 

high-risk scenarios (Ye et al., 2023). A diverge element is subdivided 

into three components: pre-diverging 𝐸𝑑𝑝 , diverging 𝐸𝑑𝑟 , and post-

diverging component 𝐸𝑑𝑎 . For potential test scenarios before the 

diverging point, 𝐸𝑑𝑝  should facilitate speed adjustment to the 

intended test speed 𝑣1  before the transition section. For non-

diverging vehicles, 𝐸𝑑𝑎  should enable deceleration to the predefined 

terminal velocity 𝑣2 . Regarding the diverging component 𝐸𝑑𝑟 , in 

addition to the speed-change lane, adequate length 𝑙𝑐  should be 

allocated for the ramp transition curve. 

𝑙𝐸𝑑𝑝
=

𝑣1
2 − 𝑣0

2

2𝑎
+ 𝑣1𝑡ℎ + 𝑙𝑡𝑠 (4) 

𝑙𝐸𝑑𝑟
= 𝑙𝑠𝑐 + 𝑙𝑐  (5) 

𝑙𝐸𝑑𝑎
= 𝑣1𝑡ℎ +

𝑣2
2 − 𝑣1

2

2𝑎
 (6) 

Furthermore, the diverging element should comply with the exit 

recognition sight distance 𝑙𝑖𝑑  requirement stipulated in the 

specifications, which is mathematically expressed as follows. 
𝑙𝐸𝑑𝑝

+ 𝑙𝑠𝑐 ≥ 𝑙𝑖𝑑  (7) 

(3) T/Cross -Junction 

A T- and Cross-junction element is centered at the intersection 

point, with the component approaching this center denoted as 𝐸𝑖𝑛 

and departing from it denoted as 𝐸𝑜𝑢𝑡 . 

For 𝐸𝑖𝑛, testing requirements mandate speed adjustment from the 

initial speed 𝑣0  to the intended test speed 𝑣1 , with maintenance of 

this velocity until entering the intersection. 𝐸𝑜𝑢𝑡  should enable VUTs 

to adjust their speed to predefined terminal velocity 𝑣2  upon 

completing the test. Additionally, 𝐸𝑖𝑛  should comply with the 

stopping sight distance 𝑙𝑠𝑡  requirement stipulated in road 

engineering specifications. 

 
Fig.5. Schematic diagram of intersection sight distance 

Furthermore, unlike merge and diverge, junction elements operate 

bidirectionally. To satisfy testing requirements, the lengths of 

approach and departure are standardized within the model. 

𝑙𝐸𝑗
= 𝑚𝑎𝑥 (

𝑣1
2 − 𝑣0

2

2𝑎𝑖𝑛

+ 𝑣1𝑡ℎ , 𝑙𝑠𝑡 ,
𝑣2

2 − 𝑣1
2

2𝑎𝑜𝑢𝑡

+ 𝑣1𝑡ℎ) (8) 

The acceleration of VUTs within 𝐸𝑖𝑛  is defined as 𝑎𝑖𝑛, within 𝐸𝑜𝑢𝑡  

as 𝑎𝑜𝑢𝑡 . 

(4) Non-intersecting 

For non-intersecting element, the primary constraint arises from 

testing requirements that dictate edge-length parameters. Analogous 

to the intersecting element, the testing workflow is systematically 

partitioned into three sequential phases, entry, interaction, and 

termination. During the entry phase, the VUTs undergo velocity 

regulation from the initial velocity 𝑣0 to the intended test velocity 𝑣1. 

Throughout the interaction phase, the VUTs sustain velocity stability 

over the duration of potential scenarios. In the termination phase, it 

executes velocity adjustment to the predefined terminal velocity 𝑣2. 

𝑙𝑛 =
𝑣1

2 − 𝑣0
2

2𝑎𝑒𝑛

+ 𝑣1𝑡ℎ +
𝑣2

2 − 𝑣1
2

2𝑎𝑡𝑒

 (9) 

2.1.2. Complexity assessment 

As a factor exerting a deterministic influence on test scenarios, the 

road environment is required to be controllably adjusted to align with 

the dynamic shifts in test scenario challenge levels. The core 

hypothesis is that road elements with higher complexity can 

accommodate test scenarios featuring higher collision risks and more 

challenging interactions. Specifically, in the absence of consideration 

for dynamic interactions, such road networks should inherently 

contain a higher number of potential path conflicts, which can be 

adopted as a quantitative complexity metric for road elements.  

Potential path conflicts stem from merging, diverging, and path 

intersections. For intersecting road elements, building upon existing 

studies (Fischerson, 1984) the complexity index 𝐶𝐸𝐽  is defined as 

𝐶𝐸𝐽 = 𝑁𝑀 + 𝑁𝐷 + 𝑁𝐽  (10) 

where 𝑁𝑀  is the number of merging points, 𝑁𝐷  is the number of 

diverging points, and 𝑁𝐽  is the number of path crossing points. 

Obviously, for merge and diverge, potential path conflicts are 

concentrated at the merging/diverging points themselves., whereas 

T/Cross-Junction prioritize cross-path interactions among traffic 

participants. 

 
Fig.6. Path crossing points of cross -junction 

As shown in Fig.6, in a standard four-way Cross-Junction, the 

number of same-direction input/output paths at each end is denoted 

as 𝑛𝑖 . T-junction can be treated as a special case where 𝑛𝑖 = 0 for any 

pair of input and output ends. 

1l

2l

stl
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The input path 𝐴𝑖  splits into a straight path 𝑃𝑡 , a left-turn path 𝑃𝑙 , 

and a right-turn path 𝑃𝑟 . Within the cross-junction, the number of 

diverging points 𝑁𝐷  is 

𝑁𝐷 = ∑ (𝑐𝑎𝑟𝑑(𝑃𝑡
(𝑖)

∪ 𝑃𝑙
(𝑖)

∪ 𝑃𝑟
(𝑖)

) − 𝑐𝑎𝑟𝑑(𝐴𝑖))

𝑖

 (11) 

Similarly, paths with different travel directions merge into the 

output path 𝐸𝑖 , the number of merging points 𝑁𝑀  is  

𝑁𝑀 = ∑ (𝑐𝑎𝑟𝑑(𝑃𝑡
(𝑖)

∪ 𝑃𝑙
(𝑖)

∪ 𝑃𝑟
(𝑖)

) − 𝑐𝑎𝑟𝑑(𝐸𝑖))

𝑖

 (12) 

Crossing points are classified into straight-path crossing points 𝐶𝑡  

and left-turn-induced path crossing points 𝐶𝑙 , such that the total 

number of crossing points 𝑁𝐽  is defined as follow. 

𝑁𝐽 = 𝑐𝑎𝑟𝑑(𝐶𝑡) + 𝑐𝑎𝑟𝑑(𝐶𝑙) (13) 

𝐶𝑡 = ⋃ 𝐶𝑡,𝑡
(𝑖,𝑗)

𝑖,𝑗∈𝐴,𝑖≠𝑗

 (14) 

𝐶𝑙 = ⋃ 𝐶𝑙,𝑡
(𝑖,𝑗)

𝑖,𝑗∈𝐴,𝑖≠𝑗

⋃ 𝐶𝑙,𝑙
(𝑖,𝑗)

𝑖,𝑗∈𝐴,𝑖≠𝑗

 (15) 

𝐶𝑡,𝑡
(𝑖,𝑗)

、𝐶𝑙,𝑡
(𝑖,𝑗)

、𝐶𝑙,𝑙
(𝑖,𝑗)

 represent the counts of path crossing points. 

𝐶𝑡,𝑡
(𝑖,𝑗)

= 𝑃𝑡
(𝑖)

∩ 𝑃𝑡
(𝑗)

，𝐶𝑙,𝑡
(𝑖,𝑗)

= 𝑃𝑙
(𝑖)

∩ 𝑃𝑡
(𝑗)

，𝐶𝑙,𝑙
(𝑖,𝑗)

= 𝑃𝑙
(𝑖)

∩ 𝑃𝑙
(𝑗)

. For the 

example in Fig. 6, 𝑁𝑀 = 8，𝑁𝐷 = 8，𝑁𝐽 = 36 . 

For non-intersecting elements, in the absence of explicit path 

crossings, conflicts arise from the merging and diverging during lane-

changing maneuvers. The complexity index is dependent with 

number of lanes. It is assumed that no lane changes occur in a single-

lane road, whereas a multi-lane road may exhibit multiple conflicts 

induced by lane changes. The complexity index for non-intersecting 

road elements 𝐶𝐸𝐶  is defined as 
𝐶𝐸𝐶 = 2(𝑛𝑙 − 1) (16) 

𝑛𝑙  denotes the number of lanes available for unidirectional travel. 

2.2.  Road network synthesis 

Continuous scenario testing provides a more accurate reflection of 

autonomous vehicle performance compared to isolated scenario testing 

(Zhu et al., 2025). To enable multi-scenario continuity, road elements 

must be interconnected into cohesive road networks that support 

sequential scenario testing.  

The road network synthesis is realized by sequential connecting two 

road instances within the set of road instances 𝐺𝑠 = {𝑔𝑠
(1)

, . . . , 𝑔𝑠
(𝑁𝑅)

} 

via connecting instances 𝑛𝑐 , gradually forming a road network. 

The road instance interconnection employs an enhanced 

backtracking-free BIG paradigm. After sequentially integrating all road 

instances into the network, an optimization algorithm is introduced to 

guide the fine-tuning of their relative positions, involving slight 

adjustments to endpoint positions and rotations of the road instances 

themselves, thus avoiding unintended intersections and overlaps 

within the generated road network. 

Connecting instances, akin to non-intersecting road instances, exhibit 

no inherent cross-path conflicts, with their complexity metric derived 

from lane-change-induced merging/diverging maneuvers. 

Consequently, such instances support fewer test scenarios. To 

minimize the redundant test mileage introduced by connecting 

instances, road instances should be arranged in a compact spatial 

configuration.  

The optimization objective function 𝑓 is composed of three distinct 

components. The first component 𝑓1  is defined as the sum of errors 

between actual and target parameters 𝑙𝐸  and 𝑎𝐸  within each road 

instance, aiming to minimize deviations induced by random positional 

fine-tuning of endpoints. The second component 𝑓2 is the total length 

of all connecting instances, which serves to minimize redundant 

mileage. The third component 𝑓3  is a penalty term arising from the 

degradation of optimal solutions caused by unintended intersections or 

overlaps in the network. 

To this end, the road instance interconnection can be formulated as 

an optimization. 
𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒

𝑃𝑁,𝑁𝑐

 𝑓 (17) 

𝑓 = 𝑓1 + 𝑓2 + 𝑓3 (18) 

𝑓1 = ∑
𝛿𝑙

(𝑖)

𝑙𝐸
(𝑖)

𝑖

+ ∑
𝛿𝑎

(𝑖,𝑗)

𝑎𝐸

(𝑖,𝑗)

𝑖,𝑗

 (19) 

𝑓2 = ∑ 𝑙𝑛𝑐

(𝑘)

𝑁𝑐

𝑘=1

 (20) 

𝑓3 = ∑ 𝛼0𝐼𝐴(𝑣(𝑒, 𝑒′))

𝑒,𝑒′

+ ∑ 𝛼1𝐼𝐴(𝑣(𝑒, 𝑛𝑐))

𝑒,𝑛𝑐

+ ∑ 𝛼2𝐼𝐴(𝑣(𝑛𝑐 , 𝑛𝑐
′))

𝑛𝑐,𝑛𝑐
′

 
(21) 

𝛿𝑙  and 𝛿𝑎  encapsulate errors of length and angular parameters 

introduced during fine-tuning of endpoints. 𝛼 = {𝛼0, 𝛼1 , 𝛼2}  is 

specified as a set of sufficiently large values, such that the objective 

function undergoes a significant increase when edges or connecting 

instances within the network intersect or overlap. 𝐼𝐴  is an indicator 

function, and 𝑣  is an intersection/overlap check. If edge 𝑒  and 𝑒′  are 

mutually non-intersecting, 𝑣(𝑒, 𝑒′) > 0.  

For high-dimensional, nonlinear optimization problems such as the 

interconnection of road instances, heuristic algorithms exhibit distinct 

advantages in terms of feasibility and computational efficiency. This 

work explores multiple heuristic optimization algorithms to synthesize 

road networks, including Particle Swarm Optimization (PSO), 

Simulated Annealing (SA), and Monte Carlo (MC) stochastic algorithm, 

to investigate the trade-off between solution quality and computational 

runtime. 

In the Particle Swarm Optimization (PSO) algorithm, each road 

network composed of road instances is represented as a particle within 

the search space. Through information exchange among particles, both 

personal bests pbest and global best gbest are iteratively updated. A 

comprehensive description of the algorithm is available in reference 

(Eberhart & Kennedy, 1995). 

Notably, transmission of gbest across particles with distinct 

connection configurations may trigger erratic oscillations in the optimal 

solution. To address this issue, 𝑁𝑤  mutually independent particle 

swarms are initialized in parallel. Within each swarm, a uniform 

connection configuration is deployed, and optimization operates 

independently with a unique gbest.  

Each swarm has 𝑁𝑝  particles, wherein each particle contains 

instances capable of forming an integrated road network. Particles are 

parametrically characterized by 𝑹𝜏 = {𝒙𝜏, 𝒂𝜏} , where 𝒙𝜏  denotes the 

position of each instance, and 𝒂𝜏  represents the cumulative 

counterclockwise rotation throughout optimization. The subscript 𝜏 

signifies the uniform connection configuration. 

During the optimization, the objective function is designed to 

decrease iteratively to identify an optimal road network, in which road 

instances are tightly interconnected, while remaining mutually free of 

intersections and overlaps. The optimization terminates upon reaching 

a predefined maximum iteration count. 
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Given the intrinsic propensity of the PSO to converge to local optima, 

the Simulated Annealing (SA) algorithm is deployed for road network 

construction. A key advantage of SA lies in its capacity to 

probabilistically accept suboptimal solutions, precluding entrapment 

in local optima (Kirkpatrick et al., 1983). 

For SA algorithm, a critical objective in road network generation is to 

preserve the intrinsic capacity to escape local optima while mitigating 

convergence impairment caused by accepting suboptimal solutions. To 

this end, a global optimal solution nbest is introduced. Upon stochastic 

acceptance of suboptimal solutions, an auxiliary decision-making 

mechanism is integrated to preclude suboptimal solutions from 

supplanting nbest. The retention of nbest guarantees a monotonically 

decreasing objective function throughout the optimization, regardless 

of whether suboptimal solutions are accepted. 

After 𝑁𝑤  independent optimizations, the set of optimal road 

networks encompasses 𝑁𝑤
′ (𝑁𝑤

′ ≤ 𝑁𝑤 )  optimal road networks with 

distinct connection configurations, from which the global optimal 

solution 𝑟𝑠  is selected. In practice, a larger swarm size and multiple 

search iterations are employed to enhance the coverage of feasible 

connectivity configurations and broaden the exploration scope of the 

optimization search breadth. 

Moreover, after interconnection, road instances form a tree 

topological structure, in which a set of endpoints remains unconnected. 

Additional direct connections may be instituted between these dead-

ends, expanding the tree-like topology into a full-connected road 

network. The establishment of such connections is governed by the 

following criteria: 

(1) Additional connections are established in accordance with the 

hierarchy of trunk roads, feeder roads, and internal roads. 

(2) Preference is given to establishing connections with other 

unconnected endpoints in proximate distance. 

(3) Additional connections shall neither intersect nor overlap with 

edges of the extant road network. 

The Monte Carlo (MC) stochastic algorithm is adopted as a 

comparative benchmark against the two algorithms. During 

optimization, MC exclusively accepts solutions with lower objective 

function values, without inter-solution information exchange. In the 

absence of a local optima evasion mechanism, MC is constrained to 

relying on the premise that when one solution is trapped in a local 

optimum, multiple concurrent road networks within the same group 

will endeavor to identify a superior solution.  

Given that continuous scenario testing better reflects the real-world 

performance of VUTs compared to isolated scenarios, it is also 

imperative to conduct quantitative holistic complexity assessments of 

synthesized road networks formed through road element selection. 

This ensures that the synthesized networks enable quantitative 

adjustment of structural diversity and challenge levels to validate 

autonomous vehicle performance in multi-scenario continuous testing. 

The complexity index 𝐶𝐸 of a generated road network consisting of 

intersecting instances 𝑔𝐽 , non- intersecting instances 𝑔𝑛𝐽  and 

connecting instances 𝑔𝑛𝑐  is 

𝐶𝐸 = ∑ 𝐶𝐸𝐽

𝑔𝐽

+ ∑ 𝐶𝐸𝑐

𝑔𝑛𝐽

+ ∑ 𝐶𝐸𝑛

𝑔𝑛𝑐

 (22) 

Due to structural similarity, the complexity labels of connecting 

instances 𝐶𝐸𝑛  are computed using the same formulation as defined in 

Equation (16). 

2.3.  Scenario map construction 

To leverage generated road networks for constructing virtual 

simulation test scenarios, road networks represented in a topological 

graph should be converted into high-definition maps compatible with 

virtual simulation platforms. 

Given that simplified polyline-based models of road elements were 

employed in road network generation, reconstruction into complete 

models bounded by multi-set boundary and lane lines is prerequisite 

to high-definition map generation. While preserving the dimensional 

lengths of all constituent components, supplementary road geometric 

parameters (e.g., number of lanes, road width) and auxiliary attributes 

(e.g., directionality, lane marking) must be incorporated.  

Connecting instances are reconstructed via the curve model to 

ensure geometrically smooth transitions between adjacent road 

elements. As visualized in Fig.7, for two directly interconnected road 

instances 𝑔𝑠
(1)

 and 𝑔𝑠
(2)

, blue lines represent the edge within 𝑔𝑠
(1)

, black 

lines represent the edge within 𝑔𝑠
(2)

, and green line denotes the straight-

line connection 𝑙𝑔  between the edge endpoints of the two road 

instances. Arrows indicate the driving direction of VUTs. Three distinct 

planar positional configurations between 𝑔𝑠
(1)

 and 𝑔𝑠
(2)

 are considered: 

(a)intersection of extended edges (IEE); (b) intersection of single 

extended edge and opposing edge (IEOE); (c) intersection of extended 

edge and the opposing reverse extended edge (IEORE). 

For configuration (a), the connecting instance is reconstructed as a 

curved turning linking the endpoints of the two edges. For (b), it is 

reconstructed as a curved turning between the endpoint of 𝑔𝑠
(1)

's edge 

and an internal point on 𝑔𝑠
(2)

's edge. For (c), it is reconstructed as an S-

shaped curved turning traversing a via point on 𝑙𝑔 . 

 
(a) IEE 

 
(b) IEOE 

 
(c) IEORE 

Fig.7 Positional configurations between adjacent elements. 

Through Matlab scripts, the reconstructed road network is able to be 

translated into OpenDRIVE formats required by autonomous driving 

systems. This scripting is executed automatically, requiring no 
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additional manual intervention for varying road network inputs. 

3 Experiment 
We presented a case study-based analysis to demonstrate the feasibility 

of the proposed road network generation approach and evaluate its 

performance through virtual simulation testing. 

3.1.  Road network generation 

For road element instantiation, the OpenStreetMap (OSM), an openly 

accessible global cartographic database, was utilized as the foundation 

for geometric modeling. Specifically, cartographic data from Xi’an, 

China, were selected to enable data-driven instantiation. The selected 

area encompasses the region within the Xi'an Ring Expressway, 

including 21,078 merges/diverges and T-junctions, and 11,665 Cross-

junctions. The angle parameter 𝑎𝐸  was designated as the value 

corresponding to the center of clustering within the value domain (see 

Table1) to preserve spatial representativeness across the target region. 

Table 1. Instantiation of road element model 

Element 𝑎𝐸 (𝑟𝑎𝑑) 𝑙𝐸(𝑚) 𝐶𝐸 

Merge 

Exp. (0.11, 3.03, 3.14) (143.2, 90, 327.6) 1 

Trk.(Exp.r) (0.21, 2.93, 3.14) (102.5, 90, 134.4) 3 

Trk. (0.25, 2.90, 3.13) (102.5, 90, 134.4) 3 

Diverge 

Exp. (0.28, 2.85, 3.15) (223.2, 140, 122.0) 1 

Exp.(Trk.r) (0.94, 2.25, 3.09) (142.5, 50, 87.6) 3 

Trk. (0.64, 2.52, 3.12) (142.5, 50, 87.6) 3 

T-Junction 

Trk. (1.42, 1.76, 3.10) (102.5, 102.5, 102.5) 9 

Trk.(Fed.) (1.50, 1.65, 3.13) (102.5, 64.5, 102.5) 11 

Trk.(Int.) (1.51, 1.64, 3.13) (102.5, 24.8, 102.5) 11 

Fed. (1.52, 1.64, 3.12) (64.5, 64.5, 64.5) 9 

Fed.(Int.) (1.53, 1.62, 3.13) (64.5, 24.8, 64.5) 9 

Int. (1.54, 1.62, 3.12) (24.8, 24.8, 24.8) 9 

Cross-Junction 

Trk. (1.42, 1.52, 1.62, 1.72) (102.5, 102.5, 102.5, 102.5) 52 

Trk.(Fed.) (1.48, 1.54, 1.60, 1.66) (102.5, 64.5, 102.5, 64.5) 40 

Trk.(Int.) (1.46, 1.53, 1.62, 1.67) (102.5, 24.8, 102.5, 24.8) 40 

Fed. (1.50, 1.54, 1.60, 1.64) (64.5, 64.5. 64.5, 64.5) 32 

Fed.(Int.) (1.52, 1.55, 1.59, 1.62) (64.5, 24.8, 64.5, 24.8) 32 

Int. (1.52, 1.55, 1.59, 1.62) (24.8, 24.8, 24.8, 24.8) 32 

Non-intersecting 

Exp. - 354.0 2 

Trk. - 256.5 6 

Fed. - 164.3 2 

Int. - 68.6 2 

Exp., Trk., Fed., and Int. correspond respectively to expressways, 

trunk roads, feeder roads, and internal roads. "Trk.(Exp.r)" of Merge 

designates the merging of expressway ramps into trunk roads. Length-

related parameters were determined in adherence to the road 

engineering specifications (China Road and Bridge Corporation, 

2021)(see Table2). 

With respect to testing requirements, a streamlined testing protocol 

was considered. Within a single road element, the VUT starts the test at 

a low initial velocity 𝑣0 , accelerates to the intended test speed 𝑣1 , 

maintains it for a defined duration, and thereafter decelerates to the 

terminal velocity 𝑣2. Divergent velocity profiles across road categories 

were delineated in Table3. 

Table 2. Road engineering specification-driven instantiation 

Parameter 𝑙𝑠𝑐  𝑙𝑡𝑠  𝑙1 𝑙2 𝑙𝑐  𝑙𝑠𝑡  

Exp.(m) 
Merge 180 70 100 60 

30 - 
Diverge 110 80 - 

Trk.(m) 
Merge 40 40 100 60 

30 75 
Diverge 20 40 - 

Fed.(m) 
- - - - - 

40 

Int.(m) 20 

Table 3. Test requirement-driven instantiation 

Parameter(𝒌𝒎/𝒉) Exp. Trk. Fed. Int. 

𝑣0 60 40 20 0 

𝑣1  80 60 40 20 

𝑣2 60 40 20 0 

𝑣0
′  20 - - 

𝑣1
′  40 - - 

It was postulated that the test speed persists for 𝑡ℎ = 2𝑠  in 

intersecting elements, whereas non-intersecting elements require a 

𝑡ℎ = 8𝑠 sustained test speed. Acceleration parameters were delineated 

based on the 85th percentile of drivers' acceleration and deceleration 

under conditions that minimize external confounding effects (Liu & 

Zhang, 2022), with 𝑎𝑎𝑐𝑐 = 1.1𝑚/𝑠2 and 𝑎𝑑𝑒𝑐 = −1.4𝑚/𝑠2. 

The lane count used in road element complexity assessment, along 

with the lane width and inner radius parameters in T-/Cross junctions 

applied in scenario map construction, were summarized in Table4. 

Table 4. Parameters for complexity assessment and scenario map 

construction 

Road element 
Number of 

lanes 

Lane 

width(m) 

Radius of inner 

edge 

Exp. 2 3.75 \ 

Exp.(r) 1 3.75 \ 

Trk. 4(bi.) 3,75 25 

Trk.(r) 1 3.75 \ 

Ter. 2(bi.) 3.5 20 

Res. 2(bi.) 3 15 

In Table4, ‘r’ denotes a ramp, and ‘bi.’ indicates bidirectional travel. 

Table 5. Parameters used for road network synthesis 

PSO SA 

Parameter Value Parameter Value 

Inertia Weight(𝜔) 0.4 Initial temperature (𝑡𝑠) 1000 

Self-learning factor(𝑐1) 0.3 Final temperature (𝑡𝑓 ) 899.86 

Global-learning 

factor(𝑐2) 
0.2 Cooling rate (𝑐𝑟) 0.99 

Maximum 

iterations(𝑇𝑚𝑎𝑥) 
200 Pre-set iterations (𝑁𝑡) 100 

Number of particles in 

each swarm(𝑁𝑝) 
200 

Number of road 

networks in each 

group(𝑁𝑝) 

200 

Number of particle 

swarms(𝑁𝑤) 
500 

Number of road network 

groups(𝑁𝑤) 
500 

As an example, 15 road networks with varying complexity levels are 

synthesized by incrementally selecting 8 to 22 distinct road elements. 

For each complexity levels, Particle Swarm Optimization (PSO) and 

Simulated Annealing (SA) algorithms were independently executed to 

generate 100 networks with distinct connection configuration. The 

Monte Carlo (MC) algorithm was adopted as the baseline for 

comparison. 

The parameters used for road network synthesis are summarized in 
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the Table5. 

3.2.  Virtual testing in lane-change scenario 

The generated networks are then utilized to construct testing scenarios 

for virtual simulations of autonomous vehicle. Regarding single-

scenario testing, we constructed a typical high-risk lane-change testing 

scenario in the two-lane expressway non-intersecting element.  

Both the lane-changing vehicle and the VUT utilized the built-in 

Tesla Model 3 model from the CARLA virtual simulation software, 

which incorporates a complete vehicle dynamics model and a high-

fidelity appearance model, with dimensions of 4.720 m in length and 

1.848 m in width. 

The lane-change testing scenario is illustrated in Fig.8, with the lane-

changing vehicle serving as the reference vehicle. 

 
Fig. 8. Schematic diagram of lane-change testing scenarios 

Prior to the testing, the reference vehicle travels ahead of the VUT on 

the left side. During the testing, the reference vehicle gradually 

approaches the target lane along a predetermined trajectory. At the 

moment of cut-in, it enters the target lane, creating a path conflict with 

the VUT following behind. A collision risk arises when the velocity of 

the reference vehicle is lower than that of the VUT following behind. It 

is expected that the rear VUT will detect the collision risk and initiate 

braking response to avoid collision. 

Upon entering the target lane, the reference vehicle continues to 

travel along the predetermined trajectory while maintaining its 

position within the target lane. 

The trajectories of both vehicles were generated using the algorithm 

proposed in existing research (Zhu et al., 2022), with a sampling 

frequency of 25 Hz and a trajectory duration of 6 seconds. 

The collision risk between two vehicles was characterized by the 

Time-to-Collision (𝑇𝑇𝐶) at the moment of cut-in. 

𝑇𝑇𝐶 = −
𝐷

𝑉𝑟𝑒𝑓

 (23) 

The distance between two vehicles is denoted as 𝐷 , while their 

relative velocity is 𝑉𝑟𝑒𝑓 . Nine categories of test scenarios were selected 

with 𝑇𝑇𝐶 within the interval (0s, 30s] and summarized in Table 6. 

Table 6. Categories of test scenarios 

Test scenario 1 2 3 4 5 6 7 8 9 

𝑇𝑇𝐶(𝑠) 0.5 1 1.5 2 3 5 10 15 30 

As shown in Table7, in each category of test scenarios, the velocity 

of the reference vehicle was set from 6 m/s to 50 m/s, with a step size 

of 4 m/s.  

Table 7. Velocity of the reference vehicle in test scenarios 

Pa

ra. 

1 2 3 4 5 6 7 8 9 10 11 12 

𝑣𝑐(𝑚
/𝑠) 

6 10 14 18 22 26 30 34 38 42 46 50 

A total of 108 test scenarios were selected under the condition of 𝐷 ≤

50𝑚 , covering all combinations of 𝑇𝑇𝐶  and 𝑣𝑐 . For each parameter 

configuration, 100 sets of vehicle trajectories were generated to 

establish 100 test cases. 

Three autonomous driving intervention strategies were 

implemented during testing: the aggressive strategy, the moderate 

strategy, and the proactive strategy. Under the aggressive strategy, 

both vehicles followed their predefined trajectories until the 𝑇𝑇𝐶 

reached the preset threshold specified in the test scenario, at which 

point the autonomous driving algorithm assumed control of the VUT 

and responded based on the instantaneous positional relationship 

between the two vehicles. For the moderate strategy, in the test 

scenarios with 𝑇𝑇𝐶 < 3𝑠 , the autonomous driving algorithm 

immediately took control when the 𝑇𝑇𝐶 reached 3 s and executed the 

appropriate response. The proactive strategy further employed the 

intervention threshold of 𝑇𝑇𝐶 = 5𝑠. 

3.3.  Virtual testing in free-driving scenario 

For continuous scenario testing, we employed generated road 

networks to conduct continuous free-driving tests, with the following 

test protocol: 

In section 3.1, 15 road networks with varying complexity levels were 

synthesized by incrementally selecting 8 to 22 distinct road elements. 

For each complexity level, 100 road networks with different connection 

configurations were generated.  

During testing, one road network was randomly selected from the 

100 generated networks for each complexity level to serve as the test 

road. The virtual test vehicle randomly selected one endpoint of the test 

road as the starting point, and then executed continuous free-driving 

testing within the selected road network, randomly performing 

maneuvers including merging, diverging, straight driving, turning, 

and U-turns along the road network until traversing every endpoint of 

every road element. The test vehicle adopted the following speed 

configurations for different types of road segments. 

(1) Merge: For main line driving, the test vehicle accelerates from a 

low initial velocity 𝑣0 to the test speed 𝑣1, maintains it until passing the 

centroid, then decelerates to the to the terminal velocity 𝑣2; for merging 

maneuvers, the vehicle accelerates from initial speed 𝑣0
′  on the ramp to 

the test speed 𝑣1 via the transition lane, and subsequently decelerates 

to the terminal velocity 𝑣2. 

(2) Diverge: For main line driving, the test vehicle adopted the 

identical velocity profile to mainline driving in merging elements; for 

diverging maneuvers, the vehicle decelerates to the terminal velocity 

along the transition lane and then enters the ramp. 

(3) T-/Cross junction: According to the branch type, the test vehicle 

first accelerated from the corresponding initial velocity 𝑣0  to the test 

speed 𝑣1. Regardless of straight driving or steering, it then adjusts to 

the initial velocity required for the subsequent branch. After entering 

the subsequent branch, the vehicle re-accelerates to the test speed and 

then decelerates to the terminal velocity. For U-turn, both the terminal 

velocity of current branch and the initial speed of the subsequent 

branch are set to 0. 

(4) Non-intersecting: A acceleration-deceleration profile is applied, 

mirroring the main line driving in merge/diverge. 

(5) Connecting instances: The test vehicle transitions from the 

terminal velocity of the preceding road instance to the initial velocity of 

the succeeding one. 

An illustrative example of the speed configuration is presented in 

Table 3. Following the above test procedure and employing the Monte 

Carlo testing methodology, 100,000 free-driving tests were conducted 

for each of the 15 complexity levels of generated road networks. 

4 Results and analysis 
4.1.  Generated road networks 

Ju
st

 A
cc

ep
te

d



  

The generated road networks are compiled into high-definition (HD) 

map files for simulation platforms through the scenario map 

construction. As illustrated in Fig. 9, representative example of road 

networks synthesized with 8–16 distinct elements demonstrate the 

progressive increase in complexity. To explicitly visualize complexity 

evolution, all networks are depicted in tree-like topologies directly 

derived from optimized interconnection of road elements. 

In the experiment, low-complexity elements, such as merge and 

diverge of expressways and highway and trunk road were prioritized 

to construct ring-like structures. These configurations minimize 

network complexity while supporting multi-scenario continuous 

testing. Subsequent incremental connections were implemented by 

taking trunk road as road skeleton and integrating T-/Cross junction 

elements into the road network.  

This incremental connection mechanism ensures that road networks 

at identical complexity levels share similar topological features while 

exhibiting significant diversity in placement of elements and 

connectivity patterns, providing flexible options for simulation testing. 

   
(a) 8 elements (b) 9 elements (c) 10 elements 

   
(d) 11 elements (e) 12 elements (f) 13 elements 

   
(g) 14 elements (h) 15 elements (i) 16 elements 

Fig.9. Examples of HD maps with distinct road elements 

Fig. 10 presents an illustrative example of a full-scale generic road 

network with 22 distinct road elements, with magnified insets 

highlighting detailed configurations of selected intersecting elements. 

Red bounding boxes delineate expressway road elements, blue 

bounding boxes identify trunk road elements, and green bounding 

boxes represent feeder road elements. 

 
Fig.10. Example of a generated road network with local magnification 

insets 

Furthermore, we analyze the topological similarity and structural 

diversity across 300 synthesized instances of this full-scale generic road 

network. 

A full-scale generic road network with 22 distinct road elements is 

selected as a representative case to demonstrate the topological 

similarity and structural diversity among 300 synthesized test 

networks. 

Convex hulls are employed to characterize the spatial extent of road 

instances across all three hundred generated networks. As illustrated 

in Fig.11(a), the blue convex hull delineates the extremal spatial 

envelope of synthesized networks with distinct topological 

configurations. The overall distribution of road instances exhibits an 

elongated pattern aligned approximately with the x-axis. 

  
(a) Convex Hulls of Generated 

Road Networks 

(b) Convex Hulls of 

Heterogeneous Road Elements 

Fig.11. Spatial Distribution of Road Instances. 

The heatmap within the convex hull highlights the frequency 

patterns of road element spatial distribution. Regions rendered in 

deeper red indicate locations consistently covered across a large 

majority of the generated networks, whereas near-white areas 

correspond to peripheral zones that appear only under specific 

topological configurations. The majority of road instances are 

concentrated within high-frequency zones. In Fig.11(b), nested convex 

hulls of varying colors represent the extremal spatial extents of different 

road categories. Expressway and trunk road instances exhibit tightly 

clustered distributions, forming the structural backbone of the road 

network. Feeder and internal instances access roads extend outward, 

expanding the overall spatial coverage of the network. 

To quantitatively assess the spatial discrepancy between any two 

generated road networks, we analyze the distribution of road instances 

within convex hulls. Specifically, the positional Chamfer Distance 

between the centroid of road instances is adopted as a metric. 

𝑑𝑐(𝑅𝐴 , 𝑅𝐵) =
1

𝑁𝑅

∑ 𝑚𝑖𝑛
𝑔𝐵∈𝑅𝐵

‖𝑔𝐴 − 𝑔𝐵‖

𝑔𝐴∈𝑅𝐴

+
1

𝑁𝑅

∑ 𝑚𝑖𝑛
𝑔𝐴∈𝑅𝐴

‖𝑔𝐴 − 𝑔𝐵 ‖

𝑔𝐵∈𝑅𝐵

 
(24) 

𝑔𝐴  and 𝑔𝐵  denote the normalized coordinates of road elements in 

networks 𝑅𝐴  and 𝑅𝐵 . 𝑁𝑅  represents the number of road instances 

within a given network. 

𝑑𝑐  close to zero indicates high similarity in the spatial distributions 

of the two point sets, whereas larger values signify greater dissimilarity. 

Given that all coordinates are normalized, the upper bound approaches 

√2. 

Fig.12 presents the distribution of 𝑑𝑐  across all generated networks. 

The 𝑑𝑐  among uniformly distributed point sets with equivalent 

cardinality is illustrated for comparative analysis. The average Chamfer 

Distance among generated networks was 0.33, comparable to that of 

the uniformly distributed point sets (0.30). However, the standard 

deviation reached 0.19, which is four times greater than that of uniform 

distributions. The 𝑑𝑐  distribution exhibited pronounced positive 

skewness, with an expanded range (0.067–1.38) exceeding that of 

uniform distributions (0.16–0.51). The coefficient of variation ratio 

between two distributions was approximately 3.6. 
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Fig.12. Distribution of chamfer distance 

The relatively low average Chamfer Distance indicates structural 

similarity among networks. However, the presence of outliers with 

markedly elevated values reveals substantial positional discrepancies 

of road instances within certain networks. 

The Gamma index 𝛾 ∈ [0,1]  quantifies the density of a road 

network’s topology, defined as the ratio of existing edges to the 

maximum possible edges. 

𝛾 =
𝑁𝑐

𝑁𝑐𝑚𝑎𝑥

 (25) 

Where 𝑁𝑐  represents the number of connecting elements, and 𝑁𝑐𝑚𝑎𝑥  

denotes the maximum number of connecting elements theoretically 

possible for the same network. 

  
(a) Gamma index (b) JSC 

  
(c) 𝑁𝐷  (d) 𝐴𝐸 

Fig.13. Connectivity metrics of road network. 

Fig.13(a) illustrates the Gamma index distribution across all 

generated networks, showing a narrow normal distribution centered at 

𝜇 = 0.38, with 𝜎 = 0.020 and a coefficient of variation of 5.3%. This 

tight clustering suggests minimal topological density variation, with 

most networks approaching the theoretical upper bound under edge-

crossing/overlap constraints. 

Despite similar Gamma indices, adjacency matrices reveal subtle 

topological differences. Let 𝐽 denote the adjacency matrix where 𝑗𝑖𝑘 =

1 if road instance 𝑔𝑠
(𝑖)

 and 𝑔𝑠
(𝑘)

 are directly connected, and 0 otherwise. 

The Jaccard Similarity Coefficient 𝐽𝑆𝐶 ∈ [0,1]  quantifies pairwise 

adjacency matrix dissimilarity, which is defined as the ratio of the 

number of identical elements at all corresponding positions in two 

matrices to the total number of elements in their union. A value closer 

to 1 signifies higher similarity between the matrices. 

𝐽𝑆𝐶(𝐴, 𝐵) =
|𝐽𝐴 ∩ 𝐽𝐵|

|𝐽𝐴 ∪ 𝐽𝐵|
 (26) 

Fig.13(b) shows the JSC distribution of generated networks, with 𝜇 =

0.18 , 𝜎 = 0.082 , significantly higher than random networks with 

identical Gamma indices (𝜇 = 0.051, 𝜎 = 0.023). This confirms non-

random topological structural consistency, while the large standard 

deviation indicates inter-individual topological heterogeneity. 

Number of dead-end 𝑁𝐷  further characterizes connectivity. In 

Fig.13(c), the approximately normal distribution of 𝑁𝐷  shows 𝜇 =

14.02 dead-ends per network, 20.6% of total endpoints, with a range of 

14. This variability reinforces the presence of divergent topological 

structure across networks. 

An improved reachability matrix 𝑅 = [𝑟𝑖𝑗]  quantifies connectivity 

between any two road instances, where 𝑟𝑖𝑗  represents the number of 

distinct paths between road instances 𝑔𝑠
(𝑖)

 and 𝑔𝑠
(𝑗)

. Undoubtedly, any 

two instances within a road network are mutually connected. The 

mean value of elements in 𝑅  serves as a connectivity metric 𝐴𝐸 . A 

higher 𝐴𝐸  denotes a larger number of inter-element paths, reflecting 

enhanced connectivity. 

𝐴𝐸 =
∑ 𝑟𝑖𝑗𝑖≠𝑗

𝑁𝑅 (𝑁𝑅 − 1)
 (27) 

Fig.13(d) reveals bimodal distributions, which attests to strong 

structural heterogeneity in the topology. Statistical analyses 

demonstrate that the maximum 𝐴𝐸  reaches 9.66 that is significantly 

higher than the mean value of 3.15. This finding indicates that certain 

road networks feature meshed grids with abundant path redundancy. 

In contrast, the network associated with the minimum 𝐴𝐸  exhibits a 

tree-like topology with limited path options. 

The aforementioned analysis demonstrates that the proposed road 

network generation approach balances structural stability and 

parametric diversity. While enforcing structural coherence, it permits 

systematic variations across extended parameter spaces, enabling the 

generation of diverse yet valid road network configurations. 

4.2.  Optimization performance 
To prevent unintended intersection or overlap, minor stochastic 

adjustments to endpoints were permitted in optimization. Although 

the objective function incorporates error constraints, such 

perturbations risk compromising similarity between road instances 

and their expected parameter values. A similarity error metric 𝐹𝐸 was 

defined as Eq. 28 to quantitatively assess this deviation. 

𝐹𝐸 = ∑

∑ (1 − 𝛿𝑖
(𝑙)

/𝑙𝑖)𝑖 + ∑ (1 −
𝛿𝑖𝑗

(𝑘)

𝑎𝑖𝑗

(𝑘))𝑖,𝑗

𝑁𝑔
(𝑘)

𝑁𝑅𝑘∈𝐺𝑔

 
(28) 

where 𝐺𝑔 represents the road instances in network, 𝑁𝑔
(𝑘)

 is the number 

of endpoints for the k-th road instances, 𝑁𝑅  denotes the total number of 

road instances in 𝐺𝑔. 

Validation across PSO, SA, and MC algorithms revealed that the 

mean similarity error 𝐹𝐸  across all generated networks remained 

approximately 1.5%, with maximum deviations bound below 2.4%. 

This demonstrates that, irrespective of optimization methodology, the 

generated network preserves high fidelity to expected configurations. 

The Latent Class Trajectory Model (LCTM) (Li et al., 2020)was 

employed to compare the convergence across different algorithms. 

Figure 14(a) illustrates the evolution of the objective function 

throughout 1000 iterations during the generation of road networks 

comprising 22 road elements. 
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(a)Evolution of 𝑂𝐸  in 

optimization convergence (22 

elements) 

(b)Evolution of 𝑂𝐸  in 

optimization convergence (8 

elements) 

  
(c)Evolution of 𝑂𝐸  in 

optimization convergence (14 

elements) 

(d)Evolution of 𝑂𝐸  in 

optimization convergence (19 

elements) 

Fig.14. Evolution of 𝑂𝐸 in optimization convergence 

The convergence trajectories of PSO were categorized into 3 latent 

classes. Class 1 rapidly converges to the optimal solution within 

minimal iterations and remains stable thereafter. Class 2 and Class 3 

exhibit a slower convergence and reach a significantly higher 𝑂𝐸 than 

that of Class 1, indicating entrapment in suboptimal local optima. The 

𝑂𝐸 decay of SA exhibited three distinct phases: sharp reduction within 

the initial phase, decelerated decline in the middle phase, and eventual 

stabilization at the minimum value after about 600 iterations. In 

comparison, the 𝑂𝐸 variation profile of MC resembled that of the SA 

algorithm with the slowest decay rate. After 1000 iterations, the 𝑂𝐸 of 

MC remained significantly higher than SA’s final value. 

Fig.14(b)-(d) illustrate the evolutionary trajectories during the 

generation of road networks comprising 8, 14, and 19 road elements, 

respectively, using the Particle Swarm Optimization (PSO) algorithm. 

To emphasize convergence patterns, only the results from the initial 200 

iterations are displayed. 

Comparative analysis reveals that the road element library 

fundamentally determines the characteristics of the optimized road 

network. When employing different road element libraries for PSO-

based optimized combination, the optimal solution's objective function 

(OE) values vary due to differences in the number of constituent road 

elements; however, the convergence remain largely consistent across 

libraries. Certain latent categories achieve rapid convergence to optimal 

solutions within a few iterations, while others exhibit slower 

convergence rates or yield suboptimal solutions with relatively higher 

objective function values. 

  
(a) PSO (b) SA 

Fig.15. Distribution of OE 

Fig.15 illustrates the distribution of optimal objective function values 

𝑂𝐸 with 22 road elements. Corresponding to the latent classes, the 𝑂𝐸 

of PSO formed three distinct clusters with proportions 0.64:0.21:0.15. 

The solution distribution of SA confirms robustness across diverse 

network configurations.  

Obviously, PSO enables the fastest establishment of an optimal road 

network. However, it carries a high risk of getting trapped in local 

optima. In contrast, SA requires more iterations but exhibits robust 

escape mechanisms from suboptimal basins, ensuring high result 

consistency. The MC algorithm lacks an optimization-oriented 

mechanism, resulting in significantly slower convergence rates.  

All experiments were conducted on a computing platform equipped 

with an Intel Core i7-12700 processor and 64 GB of RAM, utilizing the 

MATLAB environment for road network synthesis. Under these 

hardware and software configurations, the PSO algorithm required 

approximately 30 seconds per iteration in the combination of 22 road 

elements. The PSO algorithm demonstrated rapid convergence, 

typically achieving the optimal solution within several iterations. 

Consequently, the optimal road network could be obtained within a 

few minutes. This computational efficiency is suitable for non-real-time 

scenario construction applications, such as establishing candidate road 

network sets for testing scenario development. 

In contrast, the SA algorithm consumed less than one minute per 

iteration, with the complete optimization process requiring 

approximately 8 hours to execute 600 iterations. The MC algorithm 

exhibited substantially inferior computational efficiency, requiring 

more than 24 hours to complete the optimization task. 

Despite its relatively longer computational duration, the SA 

algorithm can be utilized to explore the objective function landscape for 

optimal solutions and further screen out local optimal solutions yielded 

by the PSO algorithm. 

At the current road network scale, the PSO algorithm demonstrates 

significantly faster convergence to optimal solutions compared to the 

SA. This performance disparity arises because SA relies on small 

translations and rotations of individual road elements within a single 

candidate network to explore the solution space. In contrast, PSO 

leverages population-level collaboration among particles, enabling 

rapid convergence toward the optimal solution within the search space. 

As network scale expands, the computational complexity of PSO grows 

approximately linearly with the number of road elements (O(n))(Iqbal 

et al., 2015), while SA exhibits a low‑order power‑law growth 

(Kirkpatrick, 1983). This stark difference highlights PSO’s superior 

scalability for large-scale road network synthesis. However, PSO’s 

susceptibility to premature convergence into local optima remains a 

critical limitation. This issue can be mitigated through further 

algorithmic improvements (Iqbal et al., 2015), or by a hybrid strategy: 

first using the SA algorithm to obtain promising objective function 

values, then filtering the solutions obtained by PSO. This two-stage 

strategy effectively combines SA’s robustness in escaping local optima 

with PSO’s efficiency, achieving both computational scalability and 

solution quality. 

4.3.  Virtual testing results  
4.3.1 Lane-change scenario 

Across the 108 test scenarios, comprising a total of 10,800 test runs, the 

probability of successful collision avoidance is presented in Table 8. 
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Table 8. Probability of successful collision avoidance 

Test scenario 

(𝑇𝑇𝐶(𝑠)) 

aggressive 

strategy 

moderate 

strategy 

proactive 

strategy 

0.5 0.77 0.94 0.94 

1 0.82 0.94 0.94 

1.5 0.93 0.94 0.94 

2 0.95 0.95 0.95 

3 0.96 - 0.96 

5 0.96 - - 

10 0.97 - - 

15 0.97 - - 

30 0.98 - - 

As indicated in Table8, under the aggressive strategy, the average 

probability of successful collision avoidance for the two high-risk test 

scenarios with TTC = 0.5 s and 1.0 s are 77% and 81% respectively. These 

values are significantly lower than those observed in test scenarios with 

TTC ≥ 1.5 s (exceeding 93%), revealing the performance limitations of 

the tested autonomous driving algorithm. 

However, even in the low-risk scenario with 𝑇𝑇𝐶 = 30𝑠, the tested 

autonomous driving algorithm still exhibits a 2% probability of 

collision occurrence, indicating functional deficiencies in certain 

specific scenarios. 

When employing the moderate and proactive strategies, the 

probabilities of successful collision avoidance demonstrate substantial 

improvement, exceeding 94% and maintaining relative stability across 

all test scenarios. This enhancement is attributed to the earlier 

intervention of the autonomous driving algorithm compared to the 

aggressive strategy, demonstrating the algorithm's capability to 

proactively perceive potential collision risks and execute appropriate 

avoidance responses. 

Table 9 presents the maximum deceleration values and their 

occurrence times for VUT in collision scenarios. 

Table 9. Maximum deceleration and occurrence times in collision 

scenarios 

Test 

scenario 

(𝑇𝑇𝐶(𝑠)) 

aggressive 

strategy 

moderate 

strategy 

proactive 

strategy 

𝑎𝑚 (𝑚
/𝑠2) 

𝜇𝑚  𝑎𝑚 (𝑚
/𝑠2) 

𝜇𝑚  𝑎𝑚 (𝑚
/𝑠2) 

𝜇𝑚  

0.5 -19.59 0.47 -19.61 0.12 -19.61 0.12 

1 -19.70 0.17 -19.72 0.12 -19.59 0.13 

1.5 -19.69 0.12 -19.67 0.11 -19.67 0.12 

2 -19.65 0.14 -19.65 0.14 -19.64 0.14 

3 -18.59 0.13 - -19.77 -0.14 

5 -16.93 0.13 - - 

10 -19.09 0.064 - - 

15 -16.67 0.084 - - 

30 -16.39 0.17 - - 

In Table9, 𝜇𝑚  denotes the normalized timing of maximum 

deceleration occurrence during the collision avoidance response. 

𝜇𝑚 =
𝑡𝑚

𝑡𝑐 − 𝑡𝑎

 (29) 

where 𝑡𝑚  represents the absolute time instant when the maximum 

deceleration occurs, 𝑡𝑐  denotes the collision time between the two 

vehicles, and 𝑡𝑎  indicates the time instant when the autonomous 

driving algorithm assumes control of the VUT. 

As observed from Table 9, regardless of the intervention strategy 

employed, the maximum deceleration value across all test scenarios 

exhibits remarkable consistency, consistently exceeding −16𝑚/𝑠2 and 

the maximum deceleration predominantly occurred during the early 

phase of the collision avoidance response. This observation indicates 

that the VUT could promptly identify potential collision risks in all 

scenarios and attempt to minimize vehicle speed as rapidly as possible 

to prevent collision. 

Table 10. Average deceleration and proportion of deceleration 

duration in collision scenarios 

Test 

scenario 

aggressive 

strategy 

moderate 

strategy 

proactive 

strategy 

(𝑇𝑇𝐶(𝑠)) 
𝑎̅(𝑚
/𝑠2) 

𝜇𝑑  𝑎̅(𝑚
/𝑠2) 

𝜇𝑑  𝑎̅(𝑚
/𝑠2) 

𝜇𝑑  

0.5 -6.08 0.96 -8.44 0.96 -8.44 0.97 

1 -7.64 0.97 -7,30 0.96 -7.79 0.96 

1.5 -7.45 0.96 -8.48 0.,96 -8.66 0.97 

2 -6.78 0.95 -7.35 0.95 -7.34 0.96 

3 -4.03 0.95 - -3.88 0.95 

5 -2.18 0.94 - - 

10 -2.84 0.94 - - 

15 -2.17 0.95 - - 

30 -1.74 0.87 - - 

Table 10 presents the average deceleration during collision 

avoidance responses and the proportion of deceleration duration 

relative to the total control duration of the autonomous driving 

algorithm in collision scenarios. The average deceleration generally 

exhibits a decreasing trend as the preset TTC of the scenarios increases.  

The parameter 𝜇𝑑  represents the proportion of deceleration duration 

relative to the total control duration of the autonomous driving 

algorithm, defined as: 

𝜇𝑑 =
𝑡𝑑

𝑡𝑐 − 𝑡𝑎

 (30) 

where 𝑡𝑑  denotes the deceleration duration. 

Except for the scenario with 𝑇𝑇𝐶 = 30𝑠, the deceleration accounts 

for more than 94% of the autonomous driving response duration.  

These findings demonstrate that the VUT exhibits greater average 

deceleration with more aggressive collision avoidance responses in 

higher-risk scenarios, whereas in lower-risk scenarios, the VUT tends 

to adopt a more moderate deceleration profile. 

Table 11. The relative positions of the two vehicles at the moment of 

collision 

Test 

scenario 

aggressive 

strategy 

moderate 

strategy 

proactive 

strategy 

(𝑇𝑇𝐶(𝑠)) 𝑥(𝑚) 𝑦(𝑚) 𝑥(𝑚) 𝑦(𝑚) 𝑥(𝑚) 𝑦(𝑚) 

0.5 3.49 1.75 2.48 1.92 2.51 1.92 

1 2.96 1.99 2.55 1.99 2.48 1.92 

1.5 2.84 1.96 2.53 2.03 2.49 2.04 

2 2.95 2.08 2.80 1.99 2.81 1.99 

3 2.83 2.02 - 2.06 2.00 

5 3.34 1.91 - - 

10 3.35 1.93 - - 

15 3.41 1.93 - - 

30 3.18 1.96 - - 

As shown in Table 11, regardless of the intervention strategy 

employed, the average spacing in x-direction between the two vehicles 

at the moment of collision remains below the reference vehicle's length 

but exceeds half of its length across all test scenarios. Except for the 

scenarios with 𝑇𝑇𝐶 = 0.5𝑠, the average spacing in y-direction between 
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the two vehicles at collision consistently slightly exceeds the reference 

vehicle's width. These results indicate that in the majority of collision, 

the two vehicles experience lateral collisions, with the collision point 

located on the rear side of the reference vehicle's lateral surface, 

approaching the geometric center. 

Table 12 The angular difference between the two vehicles at the 

moment of collision 

Test scenario 

(𝑇𝑇𝐶(𝑠)) 

aggressive 

strategy 

moderate 

strategy 

proactive 

strategy 

0.5 3.20° 3.37° 3.38° 

1 2.70° 2.68° 2.70° 

1.5 4.58° 4.49° 4.56° 

2 3.72 3.62° 3.59° 

3 3.09° - 2.89° 

5 3.77° - - 

10 2.92° - - 

15 4.65° - - 

30 3.96° - - 

Table 12 presents the angular difference between the travel directions 

of the two vehicles at the moment of collision. Across all test scenarios 

and all the intervention strategies, the average angular difference 

between the two vehicles' travel directions at collision consistently 

remains below 5°.  

The aforementioned analysis demonstrates that, irrespective of the 

intervention strategy implemented, the tested autonomous driving 

algorithm exhibits insufficient collision avoidance capability when 

confronted with the lateral approach condition between the two 

vehicles, as illustrated in Fig. 16. 

 

Fig.16. Schematic diagram of the lateral approach condition 

We proceed to analyze the collision avoidance responses in non-

collision scenarios, thereby exploring the performance boundaries of 

the autonomous driving algorithm. 

Table 13 presents the average 𝑇𝑇𝐶 margins in non-collision scenarios. 

Under three distinct intervention strategies, the 𝑇𝑇𝐶  margins 

consistently increase with the preset 𝑇𝑇𝐶 of the scenarios. 

Table 13. Average 𝑇𝑇𝐶 margins in non-collision scenarios 

Test scenario 
𝑇𝑇𝐶(𝑠) 

aggressive 

strategy 

moderate 

strategy 

proactive 

strategy 

0.5 0.10 1.01 1.29 

1 0.46 1.14 1.50 

1.5 0.82 1.39 1.80 

2 1.21 1.64 2.09 

3 1.99 - 2.67 

5 3.35 - - 

10 4.98 - - 

15 6.25 - - 

30 8.49 - - 

Under the aggressive intervention strategy, the collision time margin 

is minimal in the test scenario with 𝑇𝑇𝐶 = 0.5𝑠, nearing the limits of 

the autonomous driving algorithm's collision avoidance response 

capability. In lower-risk test scenarios with 𝑇𝑇𝐶 ≥ 10𝑠 , the 

autonomous driving algorithm permits the two vehicles to approach 

within 𝑇𝑇𝐶 < 10𝑠  to maintain a relatively tight spatial relationship 

between vehicles, ensuring traffic efficiency in realistic driving 

environments. 

When employing the moderate and proactive intervention strategy, 

the minimum collision time margin in comparable scenarios is 

significantly higher than that observed under the aggressive strategy, 

indicating that earlier takeover of vehicle control by the autonomous 

driving algorithm can enhance safety margins in high-risk scenarios.  

Table 14. Maximum deceleration and occurrence times in non-

collision scenarios 

Test 

scenario 

aggressive 

strategy 

moderate 

strategy 

proactive 

strategy 

𝑇𝑇𝐶(𝑠) 
𝑎𝑚(𝑚
/𝑠2) 

𝜇𝑚  𝑎𝑚(𝑚
/𝑠2) 

𝜇𝑚  𝑎𝑚(𝑚
/𝑠2) 

𝜇𝑚  

0.5 -19.77 0.18 -20.06 0.15 -19.61 0.14 

1 -19.80 0.19 -19.83 0.16 -19.83 0.14 

1.5 -19.76 0.21 -19.82 0.17 -19.83 0.15 

2 -19.90 0.22 -19.94 0.20 -19.98 0.15 

3 -19.78 0.23 - -19.87 0.16 

5 -19.80 0.17 - - 

10 -19.17 0.14 - - 

15 -19.14 0.14 - - 

30 -19.14 0.13 - - 

Table 14 presents the maximum deceleration and the corresponding 

occurrence time in non-collision scenarios. Compared to the test results 

from collision scenarios, the maximum deceleration values remain 

consistent. However, in non-collision scenarios, the occurrence time of 

maximum deceleration is delayed relative to collision scenarios. This 

temporal difference arises because collision scenarios terminate at the 

moment of impact, resulting in shorter overall scenario durations. 

Table 15 displays the average deceleration and the deceleration 

duration ratio in non-collision scenarios. Relative to collision scenarios, 

the variation trend of average deceleration remains consistent. 

Table15. Average deceleration and proportion of deceleration 

duration in non-collision scenarios 

Test 

scenario 

aggressive 

strategy 

moderate 

strategy 

proactive 

strategy 

𝑇𝑇𝐶(𝑠) 
𝑎̅(𝑚
/𝑠2) 

𝜇𝑑  𝑎̅(𝑚
/𝑠2) 

𝜇𝑑  𝑎̅(𝑚
/𝑠2) 

𝜇𝑑  

0.5 -4.69 0.88 -4.72 0.86 -4.60 0.87 

1 -4.89 0.88 -4.59 0.87 -4.48 0.87 

1.5 -4.97 0.87 -4.58 0.88 -4.36 0.88 

2 -4.79 0.87 -4.38 0.88 -4.05 0.89 

3 -4.17 0.90 - -3.86 0.92 

5 -3.79 0.91 - - 

10 -2.69 0.92 - - 

15 -2.66 0.91 - - 

30 -2.06 0.90 - - 

The comprehensive analysis of both collision and non-collision 

scenarios demonstrate that the tested autonomous driving algorithm 

consistently detects collision risks and executes deceleration-based 

collision avoidance maneuvers across diverse scenarios. Specifically, 

the algorithm first rapidly reduces vehicle speed through substantial 

deceleration, followed by fine-tuning the velocity via moderate 

deceleration to establish a car-following state. The safety limit of the 

algorithm approaches 𝑇𝑇𝐶 = 0.5𝑠 ; however, significant functional 

Reference 
Vehicle

VUT
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deficiencies are observed in lateral approach conditions, presenting 

considerable safety risks that warrant further investigation and 

algorithmic refinement. 

4.3.2 Free-driving scenario 

Fig. 17(a) illustrates the variation in complexity across 15 synthesized 

road networks as the number of selected road elements increases. As 

the count of road instances escalates from 8 to 22, the mean complexity 

exhibits a substantial increase from approximately 38 to over 364. 

Notably, the width of the 95% confidence interval remains significantly 

smaller than the mean values, indicating high consistency in 

complexity among the generated road networks. The linear regression 

and residual analysis results presented in Fig.18(a) and (b) demonstrate 

that the complexity of generated road networks can be effectively 

regulated with an approximately linear trend by controlling the 

number of road elements within the network. 

Fig.17(b) reveals that the testing mileage 𝐿𝑚  in continuous free-

driving scenarios increases because of the growing number of road 

elements in the network. As evidenced by Fig.18(c) and (d), a linear 

positive correlation exists between the testing mileage 𝐿𝑚  and the 

network complexity 𝐶𝐸. 

  
(a) 𝐶𝐸 (b) 𝐿𝑚 

  
(c) 𝑡𝑢 (d) 𝑣𝑡𝑒𝑠𝑡 

Fig.17. Results of continuous free-driving test 

 

  

(a) Fitted results of 𝐶𝐸 (b) Residual plot of 𝐶𝐸 

  
(c) Fitted results of 𝐿𝑚 (d) Residual plot of 𝐿𝑚 

Fig.18. Results of linear fitting and residual analysis of 𝐶𝐸 and 𝐿𝑚  

The duration of uncomfortable driving 𝑡𝑢  and the average vehicle 

speed 𝑣𝑡𝑒𝑠𝑡  serve as evaluation metrics for assessing the robustness of 

the test vehicle's control algorithm in continuous free-driving scenarios. 

Specifically, 𝑡𝑢 is defined as the cumulative duration during which the 

tested vehicle exceeds the comfort threshold (indicated by the red line 

in Fig. 19) for acceleration (ISO, 2018). 

  
(a) Comfort threshold in 

deceleration  

(b) Comfort threshold in 

acceleration  

Fig.19. Comfort threshold in free-driving test (ISO, 2018) 

Fig.17(c) and (d) reveal the correlation between network complexity 

and both the 𝑡𝑢  and 𝑣𝑡𝑒𝑠𝑡 . The narrow confidence interval width 

indicates high consistency across 100,000 Monte Carlo test results. 

A persistent upward trend is observed in the uncomfortable duration 

as road network complexity increases, indicating a positive correlation 

between these variables. During the initial phase, 𝑡𝑢  exhibits gradual 

growth, suggesting that the control algorithm demonstrates strong 

robustness in effectively suppressing abrupt acceleration/deceleration 

maneuvers. However, when the road network complexity exceeds 260, 

𝑡𝑢 experiences a sharp increase. 

Fig. 20 presents the fitting results between 𝑡𝑢  and 𝐶𝐸 , revealing a 

cubic polynomial nonlinear relationship. This indicates that the growth 

rate of 𝑡𝑢  significantly exceeds the rate of complexity increase during 

this phase. This phenomenon occurs because, when confronted with 

road networks featuring increasingly dense distributions and more 

diverse types of intersecting road elements, the control algorithm's 

robustness markedly deteriorates. Consequently, the VUT frequently 

executes aggressive maneuvers such as abrupt 

acceleration/deceleration and large-magnitude steering adjustments, 

leading to a sudden surge in uncomfortable duration. 

 

Fig. 20. Results of fitting of 𝑡𝑢 

Fig. 17(d) demonstrates a negative correlation between 𝑣𝑡𝑒𝑠𝑡  and 𝐶𝐸. 

Despite the presence of fluctuations and nonlinear characteristics, the 

overall trend indicates that test velocity decreases as network 

complexity increases. 

For road networks with fewer road elements, the topological 

structure is simple with low complexity, comprising ring-like 

structures formed by highways and trunk roads with high-speed 

configurations. Consequently, during this phase, the average velocity 

remains relatively stable at approximately 12 m/s. As additional 

intersecting road units are incorporated, 𝑣𝑡𝑒𝑠𝑡  exhibits distinct 

inflection points characterized by a sharp decline. 
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Beyond inflection points, the increasing network complexity 

significantly compromises the robustness of the test vehicle's control 

algorithm. This degradation manifests through frequent execution of 

turning and U-turn maneuvers, triggering repeated deceleration 

behaviors, which substantially reduce the average test velocity. 

Fig.21 presents the Pearson correlation coefficients among 𝐶𝐸, 𝐿𝑚 , 𝑡𝑢, 

and 𝑣𝑡𝑒𝑠𝑡 . The correlation coefficient between 𝐶𝐸 and 𝐿𝑚  is 0.992. The 

significance test confirms 𝑝 < 0.001 , indicating extremely high 

statistical reliability of this correlation. The 95% confidence interval (CI) 

is [0.976, 0.9973], which falls within the range of high positive values, 

indicating nearly perfect positive correlation. The correlation coefficient 

between road network complexity and discomfort duration is 0.838 

( 𝑝 < 0.001) , with a 95% CI of [0.572, 0.945], indicates a strong 

statistically significant positive association. For 𝐶𝐸  and 𝑣𝑡𝑒𝑠𝑡 , the 

correlation coefficient of is -0.886, with a 95% CI of [-0.962, -0.685], 

establishes a strong statistically significant inverse relationship (𝑝 <

0.001). The significant correlations observed among 𝑡𝑢, 𝑣𝑡𝑒𝑠𝑡 , and 𝐶𝐸 

further substantiate that road network complexity can serve as a 

quantitative metric for assessing the challenge level of test scenarios, 

thereby facilitating the evaluation of control algorithm robustness. 

 
Fig. 21. Pearson correlation coefficient among 𝐶𝐸, 𝐿𝑚, 𝑡𝑢, 

and 𝑣𝑡𝑒𝑠𝑡. 

To evaluate the testing mileage compression capability of 

synthesized road networks, real-world road networks in Xi’an are 

employed for comparative continuous free-driving tests. In real world 

map, the VUT initiated free-driving testing from randomly selected 

road element, recording trajectories and travel distances. Experimental 

conditions matched generated road network testing to ensure 

comparability. The mileage compression ratio 𝑅𝑐  was calculated as: 

𝑅𝑐 = −
𝐿𝑔 − 𝐿𝑟

𝐿𝑟

× 100% (31) 

where 𝐿𝑟  and 𝐿𝑔  denote average travel distances for homogeneous-

element trajectories in real and generated networks, respectively. 

Fig.22 presents the average compression ratio 𝑅𝑐  for trajectories 

ranging from 1 to 23 hops, where higher 𝑅𝑐  indicate more significant 

test mileage reduction. Single-hop trajectories achieve an average 

compression ratio of approximately 80%, demonstrating substantial 

mileage compression effectiveness. From a statistical perspective, the 

utilization of generated road networks significantly reduces test 

mileage, with an average compression ratio of 32.4%. The compression 

ratio exhibits a trend of initial decline followed by stabilization. When 

the hop count exceeds 16, the compression ratio stabilizes at 

approximately 17%, indicating that efficiency optimization can be 

consistently achieved even for longer trajectories. 

Real-world roads are not constrained by the road engineering 

specifications or testing requirements considered in this study, 

featuring shorter edge lengths and denser spacing of road elements. 

This results in negative single-hop compression ratios for certain 

trajectory samples. As trajectory length increases, the probability of 

encountering such samples rises, consequently affecting the mileage 

compression ratio for longer trajectories. 

Confidence interval analysis reveals that shorter trajectories exhibit 

narrower confidence interval widths for 𝑅𝑐  with lower data dispersion, 

indicating stable mileage compression performance. In contrast, longer 

trajectories demonstrate increased confidence interval widths due to 

greater trajectory diversity, resulting in elevated statistical dispersion of 

mileage compression effectiveness. 

 
Fig.22. The mileage compression ratio and confidence interval 

4.4. Limitations  
Despite the encouraging performance demonstrated in this work, 

several limitations of the proposed method deserve to be discussed. 

First, although our constructed intersecting road element models 

cover 92.99% of actual intersection types within the Xi'an Ring 

Expressway (inclusive), several specialized road elements remain 

unaccounted for, such as roundabouts, interchanges, and multi-branch 

intersections (with more than four branches). This limitation primarily 

stems from the relatively low occurrence frequency and substantial 

geometric variations of these road elements, which pose challenges in 

abstracting them into representative road element models. This gap 

will be addressed in our future researches. 

Second, in the road network generation, complex road elements from 

real-world networks are simplified into polyline representations, 

which are subsequently reconstructed into multi-lane roads during 

scenario map construction. This simplification-reconstruction pipeline 

inevitably neglects certain geometric details inherent to actual road 

elements, such as road curvature, abrupt variations in lane count and 

width, and non-parallel lane configurations. The adoption of average 

relative error (𝐹𝐸) as the sole evaluation metric enables assessment of 

geometric similarity between generated and real road elements, but 

fails to quantify fidelity at the lane scale. Future work will incorporate 

these factors into the scenario map construction, which is expected to 

enhance both the geometric fidelity and structural diversity of 

generated road networks, thereby facilitating the creation of more rare 

test roads. 

Third, the complexity metric is quantified based on the number of 

potential path conflicts among traffic participants within road elements, 

under the premise that inherent path conflicts contribute to collision 

risks. For instance, in a Cross-junction element, left-turning trajectories 

inherently conflict with opposing through movements, presenting 

collision risks. However, traffic participant trajectories are defined 

based on normal traffic flow patterns prescribed by road design 
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standards, without accounting for anomalous movement behaviors 

observed in real-world traffic, such as wrong-way driving, reversing 

maneuvers, or illegal pedestrian crossings. Path conflicts resulting from 

these anomalous trajectories are excluded from the complexity metric 

computation. 

Finally, the proposed road complexity metric quantitatively 

characterizes one critical factor influencing the challenge level of test 

scenarios at the road layer. The overall challenge level of test scenarios 

may also be influenced by road facilities and temporary road 

modifications (layers 2 and 3 of the 5-layer scenario model) as well as 

dynamic interactions among traffic participants. These factors and their 

interrelationships will be investigated in our subsequent researches. 

5 Conclusion 
This study proposes a complexity controllable road network 

generation approach based on the optimized combination of realistic 

road elements for virtual simulation testing. First, real-world urban 

road networks are decomposed into heterogeneous road elements, in 

which twenty-two high-risk road elements across five categories 

abstracted into parameterized graph models. Road element 

instantiation is performed under engineering specifications and testing 

requirements using real-cartographic data, ensuring geometric fidelity 

to real-world counterparts. Subsequently, a complexity-controllable 

road network generation strategy is introduced. The number of 

potential path conflicts in each road instance is adopted as the 

quantitative metric for evaluating its complexity. The complexity of 

road networks is regulated by selecting road instances with varying 

complexity. Then, a network optimization model is formulated. With 

the realism and compactness of the road network set as optimization 

objectives, the selected road instances are interconnected in a non-

intersecting and non-overlapping manner to generate road networks 

that meet the expected complexity levels. Finally, 4,500 synthetic road 

networks across 15 complexity levels are generated using Xi’an 

cartographic data. The effectiveness of the generated road networks is 

validated through comparative virtual simulation tests performed on 

both the generated road networks and Xi’an’s real-world counterparts. 

Experimental results demonstrate that (1) The generated road network 

exhibit high environmental fidelity. The mean relative error between 

the geometric parameters of road elements in the generated networks 

and the expected values derived from real-world cartographic data 

clustering is less than 1.5%, confirming capability of faithfully 

replicating the geometric features of real-world; (2) Multi-risk-level 

testing scenarios constructed based on generated road networks reveal 

functional deficiencies and performance boundaries of the target 

autonomous driving algorithm. In lane-change scenarios, virtual 

simulation tests leveraging the synthesized road networks successfully 

capture both the collision avoidance performance limits of the 

algorithm and its functional defects under lateral approach conditions; 

(3) A strong correlation exists between the complexity of the generated 

road networks and testing challenge intensity. Network complexity 

shows an absolute Pearson’s correlation coefficient r>0.84 with 

uncomfortable driving duration and the average vehicle speed in free-

driving scenarios. This finding confirms that higher-complexity road 

networks correspond to more rigorous testing challenges, which aligns 

with the scenario challenge adjustment trend; (4) The generated road 

networks significantly enhance the efficiency of continuous scenario 

testing. Compared to real-world road networks, the generated road 

networks achieve 32.4% average mileage compression when traversing 

an equivalent number of road elements, significantly improving 

continuous scenario testing efficiency. 

Future research will focus on expanding the road element sets to 

include complex topologies such as roundabouts, grade-separated 

interchanges, and bridges. 
 

Nomenclature  

PCG procedural content generation 

VUT vehicle under test 

BIG block incremental generation 

LCTM Latent Class Trajectory Model 

𝑔(𝑁, 𝐸) 

Road element model, 𝑁  denotes the 

centroid and endpoints, 𝐸  represents 

the edges 

𝑝𝑁  
positional parameters of centroid and 

endpoints(m) 

𝑎𝑁 
attribute parameters of centroid and 

endpoints 

𝑙𝐸  length parameter of edges(m) 

𝑎𝐸  angular parameter of edges(rad) 

𝐸𝑚𝑝 
pre-merging component of merge 

element 

𝐸𝑚𝑎  
post-merging component of merge 

element 

𝐸𝑚𝑟  ramp component of merge element 

𝑙1 
sight distance ahead of merging nose in 

𝐸𝑚𝑝(m) 

𝑙2 
sight distance ahead of merging nose in 

𝐸𝑚𝑟(m) 

𝑣0 initial speed(km/h) 

𝑣1 intended test speed(km/h) 

𝑣2 predefined terminal velocity(km/h) 

𝑣0
′  initial speed in ramp(km/h) 

𝑣1
′  intended exit speed in ramp(km/h) 

𝑡ℎ duration of potential test scenarios(s) 

𝑎 acceleration of VUTs(m/s2) 

𝑙𝑠𝑐  length of speed-change lane(m) 

𝑙𝑡𝑠 length of transition section(m) 

𝑙𝑐 length for the ramp transition curve(m) 

𝑛𝑐  connecting elements in road network 

𝑙𝐸𝑚𝑝
 length of 𝐸𝑚𝑝(m) 

𝑙𝐸𝑚𝑟
 length of 𝐸𝑚𝑟(m) 

𝑙𝐸𝑚𝑎
 length of 𝐸𝑚𝑎(m) 

𝐸𝑑𝑝 
pre-diverging component of diverge 

element 

𝐸𝑑𝑟 
diverging component of diverge 

element 

𝐸𝑑𝑎 
post-diverging component of diverge 

element 

𝑙𝐸𝑑𝑝
 length of 𝐸𝑑𝑝(m) 

𝑙𝐸𝑑𝑟
 length of 𝐸𝑑𝑟(m) 

𝑙𝐸𝑑𝑎
 length of 𝐸𝑑𝑎(m) 

𝑙𝑖𝑑  exit recognition sight distance(m) 
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𝐸𝑖𝑛 
approaching component of T/Cross -

junction 

𝐸𝑜𝑢𝑡 
departing component of T/Cross -

junction 

𝑙𝑠𝑡 
stopping sight distance in T/Cross -

junction(m) 

𝑙𝐸𝑗
 

length of component of T/Cross -

junction(m) 

𝑎𝑖𝑛 acceleration of VUTs within 𝐸𝑖𝑛(m/s2) 

𝑎𝑜𝑢𝑡 acceleration of VUTs within 𝐸𝑜𝑢𝑡(m/s2) 

𝑎𝑒𝑛 
acceleration of VUTs within entry phase 

of non-intersection element(m/s2) 

𝑎𝑡𝑒 

acceleration of VUTs within 

termination phase of non-intersection 

element(m/s2) 

𝑔𝑠 road element instance 

𝛿𝑙 error of length parameter of edges(m) 

𝛿𝑎  
error of angular parameter of 

edges(rad) 

𝑁𝑅  
number of road elements in road 

network 

𝐺𝑠 road instances set  

𝑒 edge in road network 

𝑁𝑐  number of 𝑛𝑐  
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