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ABSTRACT 

To date, there is not a standardized method for consistently quantifying the performance of 

an automated driving system (ADS)-equipped vehicle (AV). The purpose of this 

dissertation is to contribute to a framework for such an approach referred to throughout as 

the operational safety assessment (OSA) methodology. Through this research, safety 

metrics are identified, researched, and analyzed to capture aspects of the operational safety 

of AVs, interacting with other salient objects. This dissertation outlines the approach for 

developing this methodology through a series of key steps including: (1) comprehensive 

literature review; (2) research and refinement of OSA metrics; (3) generation of MATLAB 

script for metric calculations; (4) generation of simulated events for analysis; (5) collection 

of real-world data for analysis; (6) review of OSA methodology results; and (7) discussion 

of future work to expand complexity, fidelity, and relevance aspects of the OSA 

methodology. 

The detailed literature review includes the identification of metrics historically used in both 

traditional and more recent evaluations of vehicle performance. Subsequently, the metric 

formulations are refined, and robust severity evaluations are proposed. A MATLAB script 

is then presented which was generated to calculate the metrics from any given source 

assuming proper formatting of the data. To further refine the formulations and the 

MATLAB script, a variety of simulated scenarios are discussed including car-following, 

intersection, and lane change situations. Additionally, a data collection activity is 

presented, leveraging the SMARTDRIVE testbed operated by Maricopa County 

Department of Transportation in Anthem, AZ to collect real-world data from an active 

intersection.  
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Lastly, the efficacy of the OSA methodology with respect to the evaluation of vehicle 

performance for a set of scenarios is evaluated utilizing both simulated and real-world data. 

This assessment provides a demonstration of the ability and robustness of this methodology 

to evaluate vehicle performance for a given scenario. At the conclusion of this dissertation, 

additional factors including fidelity, complexity, and relevance are explored to contribute 

to a more comprehensive evaluation. 
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PREFACE 

One of the biggest challenges facing the advancement of AVs1 today is the determination 

and validation of operational safety,2 as well as agreement on the level of safety that AVs 

must exhibit. There are numerous possible ways to quantify safety ranging from 

comparison to the operational safety performance of a human-driven vehicle, to the 

evaluation of a given criteria for specific scenarios similar to the driving test humans are 

required to take before receiving a license. Unfortunately, the answer to this safety 

evaluation is not as straightforward as the latter situation since vehicles utilizing artificial 

intelligence (AI) could be trained to pass a regulated test without being capable of safely 

navigating scenarios for which the AI was not specifically trained. At the same time, 

unlimited time and resources are not available to complete the necessary amount of testing 

to consider the infinite number of scenarios an AV could face in the real world. Although 

there have been significant advancements as of late in AV development, there is not yet an 

agreed-upon standard that can be used to consistently and quantitatively measure the 

operational safety performance of an AV. To date, all guidelines proposed in the U.S. by 

regulators such as the National Highway Traffic Safety Administration (NHTSA), as well 

as standards development organizations (SDOs) such as SAE International, ISO, and IEEE 

are only voluntary, not regulatory, and most importantly, are incomplete. The operational 

safety assessment (OSA) methodology described here is thought to be a critical step toward 

 
1 Automated vehicles, abbreviated AVs throughout this paper will encompass all automated driving system (ADS)-
equipped vehicles in addition to connected and automated vehicles (CAVs). AVs is used throughout for simplification. 

2 The term “operational” is used in describing the OSA methodology; however, it should be noted that there are 
operational aspects not included here. For instance, aspects of passenger securement, pickups/drop-offs, and other 
logistical operations are not the focus of this work. Throughout, “operational” describes the behavioral evaluation of the 
subject vehicle in conducting a given scenario. 



xxii 

quantifying vehicle performance to assist in the safe deployment and commercialization of 

AVs.  

The Institute of Automated Mobility (IAM), created by Executive Order in Arizona in 

order to assist the AV industry through research into policy and technology, has initiated a 

multi-phase project to develop the OSA methodology as part of the overall safety assurance 

framework. The first phase of the project involved the development of the metrics to be 

used to quantify safety, including a literature review of existing metrics such as traditional 

surrogate safety measures used commonly in traffic engineering to analyze roadway use 

and other more recently proposed metrics that are more specific to AVs [1]. Next, an 

algorithm was developed to measure the parameters needed to quantify the proposed safety 

metrics from existing infrastructure in the form of traffic cameras [2]; temporary sensors 

were utilized to understand the need for different collection modalities. Data collection was 

performed to evaluate the performance of the algorithm and assess the results in the real 

physical environment. Parallel work was conducted to evaluate the use of these metrics in 

simulation utilizing various driving simulation software [3], [4]. The metrics project was 

expanded into additional phases which included the further refinement of these metrics and 

much of the efforts discussed throughout this dissertation. 

In the context of this work, it is first important to understand the four key components of 

an overall safety case for the development of AVs: 1) Test Methods, 2) Metrics, 3) 

Evaluation Methodologies, and 4) Evaluation Criteria. Test methods are first needed to 

establish consistent testing for AVs, most likely including some combination of simulation, 

closed course testing, and public road testing with a proper balance of fidelity for validation 
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and efficiency of testing. To optimize these testing efforts, a set of metrics should be 

established to measure important data during testing which are capable of providing insight 

into the successful operation of the vehicle. Once testing methods have been determined to 

collect the necessary data for a set of defined metrics, an evaluation methodology must be 

put in place to interpret the measured metrics’ values and determine the level of success 

the vehicle has achieved for the designed scenario. The evaluation methodology piece will 

be the center of the proposed work, leveraging the previous work conducted by the IAM 

surrounding OSA metrics and test methods. Finally, the evaluation criteria component will 

rely on some level of best practices, standards, and eventually, legislation to truly answer 

the questions “how safe is the vehicle?” and “how safe is safe enough?”.  

Beyond the scope of this research, an overarching safety case could be constructed to 

demonstrate the safe operation of a vehicle prior to deployment on public roads. This safety 

case would extend beyond the scope of the OSA methodology by utilizing the described 

methodology to contribute to the display of safety, but also utilizing a combination of 

methods listed in Figure 1. While the OSA methodology quantifies safety for a single 

scenario, the safety case would require a demonstration of safety throughout the operational 

design domain (ODD) of the vehicle. The three legged stool in the below figure utilizes 

known design tools and strategies to methodically establish safety consisting of: 1) Safety 

Management System and Safety Culture; 2) Scenario-Based Testing; and 3) Design and 

Development Methods [5]. The scope of this research focuses on the quantification of the 

Scenario-Based Testing to construct the OSA methodology approach, although elements 

of the Design and Development  and Safety Management System categories are important 

considerations to incorporate as the research progresses.  
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Figure 1. Possible Construction of a Safety Assurance Case [5] 

The focus of the dissertation herein encompasses the research, development, and testing of 

the OSA methodology. Validation and refinement will be left for future work as these 

activities will require a significant amount of data for a variety of ODDs. The goal of this 

research is to provide the foundation for the framework of the OSA methodology that could 

be further developed into an evaluation tool for AV performance to facilitate original 

equipment manufacturers (OEMs) in test evaluations, assist the government and SDOs in 

the development of standards and regulations surrounding AV operations, and build trust 

with the public by increasing the transparency of AV performance prior to and during 

deployment on public roadways. 
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1. OVERVIEW OF AV EVALUATION TECHNIQUES 

1.1 Review of Existing Safety Metrics for Vehicle Evaluations 

In Phase I of the IAM metrics project, a list of proposed safety metrics was compiled based 

on the results of the review of over 50 published papers. The complete list of safety metrics 

identified in the literature review as well as a detailed formulation of the proposed metrics 

were published in [1]. As previously discussed, the safety evaluation of AVs will likely 

depend on a combination of simulation, closed-course, and on-road testing techniques; 

however, in order for this testing to be meaningful, operational safety must be quantified 

through metrics such as the proposed list, to evaluate vehicle performance in any given test 

scenario. This quantification also should be universal for comparison across AV platforms 

and even to human driven vehicles (for those applicable). As such, the OSA methodology 

seeks to establish a procedure for interpreting these metrics. A complete list of the OSA 

metric formulations from [1] is presented in Table 1. 

Table 1. OSA Metric Formulations (Source: [1]) 

Minimum 
Safety 
Envelope 
(MSE)3 

𝑑௠௜௡
௟௢௡௚ ൌ ൥𝑣ଵ

௟௢௡௚𝜌ଵ ൅
ଵ

ଶ
𝑎ଵ,௠௔௫,௔௖௖௘௟
௟௢௡௚ 𝜌ଵ

ଶ ൅
ቀ௩భ

೗೚೙೒ାఘభ௔భ,೘ೌೣ,ೌ೎೎೐೗
೗೚೙೒ ቁ

మ

ଶ௔భ,೘೔೙,೏೐೎೐೗
೗೚೙೒ െ

ቀ௩మ
೗೚೙೒ቁ

మ

ଶ௔మ,೘ೌೣ,೏೐೎೐೗
೗೚೙೒ ൩ 

(1)     
 

𝑑௠௜௡
௟௔௧ ൌ 𝜇 ൅ ቈ

ଶ௩భ
೗ೌ೟ାఘభ௔భ,೘ೌೣ,ೌ೎೎೐೗

೗ೌ೟

ଶ
𝜌ଵ ൅

൫௩భ
೗ೌ೟ାఘభ௔భ,೘ೌೣ,ೌ೎೎೐೗

೗ೌ೟ ൯
మ

ଶ௔భ,೘೔೙,೏೐೎೐೗
೗ೌ೟ െ

ቆ
ଶ௩మ

೗ೌ೟ିఘమ௔మ,೘ೌೣ,ೌ೎೎೐೗
೗ೌ೟

ଶ
𝜌ଶ െ

൫௩మ
೗ೌ೟ିఘమ௔మ,೘ೌೣ,ೌ೎೎೐೗

೗ೌ೟ ൯
మ

ଶ௔మ,೘೔೙,೏೐೎೐೗
೗ೌ೟ ቇ቉                                                (2) 

 

 
3 This metric was defined as the Minimum Safe Distance (MSD) in the original reference but has since been updated to 
the Minimum Safety Envelope (MSE) and other related metrics have been updated accordingly. 
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Proper 
Response 
(PR) 

𝑃𝑅 ൌ ቐ1    𝑖𝑓 𝑀𝑆𝐷𝑉ᇱ ൌ 1 ∧ ൭
𝑎௟௔௧ ∈ ൣ𝑎௠௜௡,௔௖௖௘௟

௟௔௧ ,𝑎௠௔௫,௔௖௖௘௟
௟௔௧ ൧ ∨

𝑎௟௢௡௚ ∈ ൣ𝑎௠௜௡,௔௖௖௘௟
௟௢௡௚ ,𝑎௠௔௫,௔௖௖௘௟

௟௢௡௚ ൧
൱

0     𝑒𝑙𝑠𝑒                                                                                      

                   (3) 

Minimum 
Safety 
Envelope 
Factor 
(MSEF) 

𝑀𝑆𝐸𝐹௟௔௧ ൌ
ௗ೗ೌ೟

ௗ೘೔೙
೗ೌ೟                                                                                                (4) 

 

𝑀𝑆𝐸𝐹௟௢௡௚ ൌ
ௗ೗೚೙೒

ௗ೘೔೙
೗೚೙೒                                                                                             (5) 

Minimum 
Safety 
Envelope 
Calculation 
Error 
(MSECE) 

𝑀𝑆𝐸𝐶𝐸௟௢௡௚ ൌ
ቚௗ೒೟,೘೔೙
೗೚೙೒ ିௗ೘೔೙

೗೚೙೒ቚ

ௗ೒೟,೘೔೙
೗೚೙೒                                                                                (6) 

 

𝑀𝑆𝐸𝐶𝐸௟௔௧ ൌ
ቚௗ೒೟,೘೔೙
೗ೌ೟ ିௗ೘೔೙

೗ೌ೟ ቚ

ௗ೒೟,೘೔೙
೗ೌ೟                                                                                   (7) 

 

𝑀𝑆𝐸𝐶𝐸 ൌ ට𝑀𝑆𝐸𝐶𝐸௟௢௡௚
ଶ ൅ 𝑀𝑆𝐸𝐶𝐸௟௔௧

ଶ                                                                  (8)  

Collision 
Incident (CI) 

𝐶𝐼 ൌ ൜1     𝑖𝑓 𝑑௟௔௧ ൌ 0 ∧ 𝑑௟௢௡௚ ൌ 0
0     𝑒𝑙𝑠𝑒                                     

                                                                    (9) 

Traffic Law 
Violation 
(TLV)4 

𝑇𝐿𝑉 ൌ ቄ1     𝑖𝑓 𝐿𝑎𝑤 𝑉𝑖𝑜𝑙𝑎𝑡𝑒𝑑
0     𝑒𝑙𝑠𝑒                       

                                                                            (10) 

Distance to 
Stop (Dstop) 

𝐷𝑠𝑡𝑜𝑝 ൌ
௩భ
೗೚೙೒

ଶ௔భ,೘೔೙,೏೐೎೐೗
೗೚೙೒                                                                                                              (11) 

Time to 
Collision 
(TTC) 

𝑇𝑇𝐶 ൌ
௑మି௑భ

௩భ
೗೚೙೒ି௩మ

೗೚೙೒                                                  

(12) 
Modified 
Time to 
Collision 
(MTTC) 

MTTC ൌ
ି∆௏ሬሬ⃑ േඥ∆௏ሬሬ⃑ మାଶ∆஺⃑஽ሬሬ⃑

∆஺⃑
                                             

(13) 

Post 
Encroachment 
Time (PET) 

𝑃𝐸𝑇 ൌ 𝑡ଶ െ 𝑡ଵ                                                     
(14) 

Time 
Headway 
(THW) 

𝑇𝐻𝑊 ൌ
௑మି௑భ

௩భ
೗೚೙೒                                                                                                (15) 

Human 
Traffic 
Control 

𝐻𝑇𝐶𝐷𝐸𝑅 ൌ
ீ்ூି஼஽ூ

ீ்ூ
                                                

(16) 

 
4 This metric was previously defined in [1] as Rules of the Road Violation (RRV); but was updated to Traffic Law 
Violation (TLV) at a later date to remove ambiguity. 
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Detection 
Error Rate 
(HTCDER) 
Human 
Traffic 
Control 
Violation 
Rate 
(HTCVR) 

𝐻𝑇𝐶𝑉𝑅 ൌ
஼஽ூି஼஼ூ

஼஽ூ
                                                  

(17) 

Predictable 
Acceleration 
(PA)5 

𝑃𝐴 ൌ

൜ 1     𝑎௟௔௧ ൒ |0.47𝑔| ∨ 𝑎௟௢௡௚, ൒ |0.43𝑔| ∨ 𝑎௟௢௡௚,ௗ௘௖௘௟ ൒ |0.61𝑔|
0     𝑒𝑙𝑠𝑒                                                                                                           

          (18) 

Achieved 
Behavioral 
Competency 
(ABC) 

ቄ1     𝑖𝑓 𝑦𝑒𝑠
0     𝑒𝑙𝑠𝑒    

                                                       

(19) 

ADS Active 
(ADSA) 

ቄ1     𝑖𝑓 𝑦𝑒𝑠
0     𝑒𝑙𝑠𝑒    

                                                       

(20) 

Measured 
Variables 

𝑣ଵ
௟௢௡௚ ൌ 𝐹𝑜𝑙𝑙𝑜𝑤 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑙𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑖𝑛𝑎𝑙 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 

𝑣ଶ
௟௢௡௚ ൌ 𝐿𝑒𝑎𝑑 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑙𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑖𝑛𝑎𝑙 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 

𝑑௟௢௡௚ ൌ 𝐿𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑖𝑛𝑎𝑙 𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠 
𝑑௟௔௧ ൌ 𝐿𝑎𝑡𝑒𝑟𝑎𝑙 𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠 
𝑎௟௢௡௚ ൌ 𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑙𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑖𝑛𝑎𝑙 𝑎𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 

𝑎௟௔௧ ൌ 𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑙𝑎𝑡𝑒𝑟𝑎𝑙 𝑎𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 
𝑑௚௧,௠௜௡
௟௢௡௚

ൌ 𝐿𝑜𝑛𝑔𝑖𝑡𝑢𝑑𝑖𝑛𝑎𝑙 𝑔𝑟𝑜𝑢𝑛𝑑 𝑡𝑟𝑢𝑡ℎ 𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠 
𝑑௚௧,௠௜௡
௟௔௧ ൌ 𝐿𝑎𝑡𝑒𝑟𝑎𝑙 𝑔𝑟𝑜𝑢𝑛𝑑 𝑡𝑟𝑢𝑡ℎ 𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠 

𝑋ଵ ൌ 𝐹𝑜𝑙𝑙𝑜𝑤 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑔𝑙𝑜𝑏𝑎𝑙 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 
𝑋ଶ ൌ 𝐿𝑒𝑎𝑑 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑔𝑙𝑜𝑏𝑎𝑙 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 

𝑡ଵ ൌ 𝐹𝑜𝑙𝑙𝑜𝑤 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑡𝑖𝑚𝑒 𝑡𝑜 𝑟𝑒𝑎𝑐ℎ 𝑡𝑎𝑟𝑔𝑒𝑡 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 
𝑡ଶ ൌ 𝐿𝑒𝑎𝑑 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑡𝑖𝑚𝑒 𝑡𝑜 𝑟𝑒𝑎𝑐ℎ 𝑡𝑎𝑟𝑔𝑒𝑡 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 
𝐺𝑇𝐼 ൌ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑔𝑟𝑜𝑢𝑛𝑑 𝑡𝑟𝑢𝑡ℎ 𝑖𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛𝑠 

𝐶𝐷𝐼 ൌ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 𝑖𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛𝑠 
𝐶𝐶𝐼 ൌ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑜𝑚𝑝𝑙𝑖𝑒𝑑 𝑖𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛𝑠 

 

Assumed 
Parameters 

𝜌ଵ ൌ 𝐹𝑜𝑙𝑙𝑜𝑤 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑟𝑒𝑎𝑐𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒 
𝑎ଵ,௠௔௫,௔௖௖௘௟
௟௢௡௚ ൌ 𝐹𝑜𝑙𝑙𝑜𝑤 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑎𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 

𝑎ଵ,௠௜௡,ௗ௘௖௘௟
௟௢௡௚ ൌ 𝐹𝑜𝑙𝑙𝑜𝑤 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑑𝑒𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 

𝑎ଶ,௠௔௫,ௗ௘௖௘௟
௟௢௡௚ ൌ 𝐿𝑒𝑎𝑑 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑑𝑒𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 

𝜇 ൌ 𝐿𝑎𝑡𝑒𝑟𝑎𝑙 𝑓𝑙𝑢𝑐𝑡𝑢𝑎𝑡𝑖𝑜𝑛 𝑚𝑎𝑟𝑔𝑖𝑛 
 

 
5 This metric was previously defined in [1] as Aggressive Driving (AD); but was updated to Predictable Acceleration 
(PA) for a more concise description. 
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The SAE On-Road Automated Driving (ORAD) Verification and Validation (V&V) Task 

Force is in the process of generating a recommended practice compiling a list of OSA 

metrics to quantify vehicle performance [6]. While the industry and corresponding 

documents are constantly in flux as the technology evolves, one way to portray the 

taxonomy for these metrics is broken down into five data classes as shown in Figure 2. The 

data source level identifies the data which must be supplied in order to calculate the 

associated metrics. Class 0 references data related to static scenario elements such as 

roadway markings and signage as well as dynamic elements such as VRUs. Class 1 

includes data related to the pose and/or motion of the subject vehicle. Class 2 involves data 

originating in the ADS of the subject vehicle related to its status. Class 3 and 4 relates to 

data originating within the ADS with Class 3 referencing processed data such as the output 

of the perception module while Class 4 includes unprocessed raw data. Black Box metrics 

may be calculated without any access to the ADS of the vehicle, allowing for increased 

versatility for independent calculations; Grey Box metrics require information in the form 

of messages from the ADS, while White Box metrics require processed data from the ADS; 

and Clear Box metrics require raw, unprocessed information from the ADS. Since an actual 

ADS was not available for evaluation, the black box metrics are explored in detail 

throughout this document. At the classification level, the metrics can be broken down into 

safety envelope, behavioral, component, and ADS module related metrics. The safety 

envelope metrics describe the safe boundary surrounding the vehicle which may be 

calculated without any access to the ADS including metrics such as the TTC, MSE, and 

PET. The behavioral, component, and ADS module level metrics require some amount of 

ADS data consisting of metrics such as HTCVR, ABC, and ADSA.   
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Figure 2. OSA Metrics Taxonomy (Source: [6]) 

The current list of OSA metrics being considered in this recommended practice are 

summarized in Table 2. This dissertation focuses on the Black Box metrics because an 

actual ADS was not available for evaluation. The Black Box metrics only require Class 1 

and Class 2 data elements which were accessible for the evaluations presented herein. 

Table 2. Current List of OSA Metrics Considered in Recommended Practice (Source: [6]) 

 Metric 
Class 

0 
Class 

1 
Class 

2 
Class 

3 

Black 
Box 

Safety Envelope Metrics X X   
Collision Incident X X   
Lane Stability X X   
Traffic Law Violation X X   
Predictable Acceleration  X   

Grey 
Box 

ADS DDT Execution   X  
Feature Level of Automation   X  
Takeover Request to Fallback-Ready 
User 

  X  

White 
Box 

Achieved Behavioral Competency X X  X 
Human Traffic Control Direction 
Identification Error Rate 

X X  X 

Compliance Error Rate to Human 
Traffic Controller Directions 

X   X 

Safety Envelope Ratio X X  X 
ODD Recognition X X  X 
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An important aspect of the proposed safety metrics is the assumption of parameters needed 

for their calculation. To best characterize these parameters, naturalistic driving studies can 

be evaluated. Zhang et al. conducted a study which gathered naturalistic driving data by 

analyzing the effects of a dedicated AV lane while calculating surrogate safety measures 

such as time-to-collision (TTC), time-exposed TTC (TET), time-integrated TTC (TIT), 

rear-end crash risk index (RCRI), among others [7]. This study introduces an interesting 

approach to isolating AVs to operate within the same lane to enable the use of connectivity 

while understanding the impacts of a dedicated CAV lane on existing traffic patterns. 

Studies such as this one are important to help identify nominal driving performance 

parameters to be assumed in metrics calculations for AV safety evaluations. Additional 

studies have been conducted to calibrate the parameters of different metrics and even road 

designs using naturalistic driving data to better represent actual driving scenarios [8], [9], 

[10], [11]. By utilizing known driving data, important parameters for safety metric 

calculations can be better informed, helping to refine and improve the resolution of these 

calculations for specific scenarios. The more data which can be known in any given 

environment, the more accurate the assumptions can be surrounding the analyzed 

scenarios, thus providing higher fidelity when evaluating a vehicle using such data. 

Although the use of available data can help inform estimated driving behaviors, drivers do 

not always comply with “expected” driving performance and limitations in these 

predictions should be noted as such. Additionally, driving behaviors may vary drastically 

across ODDs and even in differing regions with similar ODDs. When utilizing naturalistic 

data to inform driving behavior estimations, it is important to consider all possible 

limitations. 
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In an approach attempting to characterize vehicle safety all within a single metric, Weng 

et al. proposed the Model Predictive Instantaneous Safety Metric (MPrISM) with the goal 

of measuring vehicle safety given any traffic snapshot in time considering the dynamic 

nature of vehicle safety [12]. This is an interesting approach which could be combined with 

the concepts presented in [13] in which a complete hazard analysis is conducted to assess 

the risks associated with an automated protected construction vehicle. Such an approach 

could be used to determine instantaneous safety of a given vehicle at any specific time on 

a system level. Although this approach could be implemented to help identify points of 

failure for the system, some level of scenario library generation must be utilized in the 

overall safety assessment in order to evaluate vehicle capability in the context different 

situations. As much of the literature repeats, the rarity of conflict events in general would 

require too much time and resources to validate the ability of an AV simply utilizing 

metrics such as the MPrISM, or any safety envelope related metric for that matter, for a 

given vehicle collecting miles; thus, relying on the supplementation of simulation for 

vehicle assessment. 

Similar to the MPrISM, Mobileye has developed a principle of safety defined as 

Responsibility-Sensitive Safety (RSS) which seeks to computationally model safety for 

AVs based on the kinematic equations of motion [14]. In order to convey the safety model, 

Mobileye demonstrated how a vehicle following the principles of RSS would respond to 

scenarios contained within NHTSA’s established list of 37 pre-crash scenarios. In a similar 

manner to that of the MPrISM, RSS attempts to formalize a model of safety by establishing 

safe following distances, avoiding dangerous situations, and enacting proper responses 

when necessary. Further studies have since been conducted to demonstrate the uses of RSS 
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and refine the assumed parameters through the aforementioned technique of applying 

naturalistic driving data to calibrate the model in various situations and environments [11], 

[9], [10]. 

While many different approaches to the safety envelope-related metrics exist in the 

literature, [6] proposes characteristics of a good safety envelope metric. This list includes: 

1. Definition needs to be transparent (i.e., not proprietary) 

2. Allows for a good balance between safety and usefulness 

3. Is comprehensive of the kinematic components of the dynamic driving task (DDT) 

4. Is dynamic and adjusts based on the unfolding scenario 

5. Useful in all scenarios within the ODD and in multiple ODDs 

6. Needs to be implementable (i.e., doesn’t require intensive compute, doesn’t require 

proprietary IP or data (e.g., ADS data)) 

7. Minimizes False Positives (i.e., incorrectly indicates an unsafe situation) and False 

Negatives (i.e., fails to identify an unsafe situation) 

8. Minimizes subjectivity 

In 2019, Ren et al. explored another unique modeling approach which focuses on 

“empathy” for AVs. In this study, rather than using offline datasets to train vehicles to 

behave in a particular manner, this methodology introduces “social gracefulness” into the 

ego vehicle, allowing it to infer possible actions of surrounding vehicles [15]. One of the 

common critiques for AVs is that the social norms of driving are not easily achieved 

through the use of Deep Neural Networks (DNNs) and AI such as hand gesturing and 

drivers making eye contact to facilitate the expression of their intentions. This approach 
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attempts to bridge the gap by integrating this “social gracefulness” into the driving model 

to better accommodate such driving behaviors. Although this concept is interesting, the 

approach is human factors driven and further exploration was outside of the scope of this 

dissertation. 

In addition to the extensive literature that has been developed and reviewed surrounding 

operational safety metrics for AVs, the SAE International ORAD V&V task force is in the 

process of developing a recommended practice considering various OSA metrics. This task 

force consists of stakeholders from OEMs, government agencies, and academia and aims 

to establish a set of OSA metrics that may be used to understand the driving performance 

associated with an AV [6]. Among the discussions surrounding the OSA metrics, 

presentations and research have been shared highlighting key aspects such as risk models, 

good qualities for effective metrics, and an evaluation of different conflict indicators 

through naturalistic studies [16], [17], [18]. These presentations highlight important 

considerations for the OSA metrics which may be leveraged to comprehensively examine 

AVs and human driven vehicles alike, for any given scenario.   

1.2 Testing Methodologies and OSA ODD 

Once the review of OSA metrics and traditional surrogate safety measures was completed, 

another comprehensive literature review was conducted to understand the different 

methodologies being used to test operational safety in AVs. To accomplish this task, peer-

reviewed articles, textbooks, and standards were reviewed pertaining to library scenario 

generation; safety assessments utilizing closed-course testing, public road testing, and 

simulation; industry standards; and even safety assessments from other industries (e.g., 
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aerospace, locomotion, etc.). Exploring contributions in both the AV industry and other 

prominent industries requiring high levels of confidence such as aerospace provides 

context for work currently being performed but also stems insight into how the AV industry 

can utilize existing techniques to adequately solve the challenging issue of operational 

safety assurance. Examination of other industries provided useful insights for hazard 

approaches in other areas; however, all of the industries reviewed demonstrated much 

simpler ODDs than what could be faced by an AV. While others are considering methods 

for evaluating AVs, the OSA methodology is unique in that it is a comprehensive approach 

to establishing a unified assessment for AVs in any given scenario. The development of 

this methodology is a major step towards proving operational safety as AVs are developed 

and providing a groundwork to facilitate regulation across the industry. This work aims to 

bridge a major gap in the industry to connect the aspects of metrics measurements and 

interpretation of such metrics to quantify performance. Furthermore, other important 

aspects of the OSA methodology are introduced to connect the performance metrics to the 

fidelity of the testing by which these data were captured in addition to the relevance and 

complexity of the tested scenarios, thereby creating a complete assessment of a vehicle in 

a given scenario. 

Comparable to the concept that an AV may only be designed for a specific ODD, certain 

metrics may only be useful for certain scenarios. Similarly, specific information may be 

unavailable for certain metrics calculations in some cases. These limitations should be 

considered in the selection of metrics for use in the OSA methodology as well as the 

feasibility of collecting data elements within a reasonable measurement uncertainty (i.e., a 

determination based on accuracy, precision, and resolution of the measurement method). 
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Fewer all-inclusive metrics capable of evaluating an AV in any given scenario will help to 

simplify the OSA formulation for a vehicle; however, sufficient metrics must be included 

to ensure completeness and robustness of the vehicle evaluation. Techniques reviewed in 

the literature associated with scenario library generation were applied to the assessment of 

the robustness of the OSA for the determination of scenarios; although, future validation 

efforts may introduce scenarios that have not been encompassed within the proposed 

methodology and it may be refined to expand the range for evaluation. Once the OSA 

methodology was formulated, it was tested and refined through similar methods to those 

explained in this section. 

Feng et al., explored a process for scenario library generation, using four key constituent 

components including: scenario description, metric design, library generation, and CAV 

evaluation tasks [19]. In a follow-on paper, Feng et al. applied the proposed scenario library 

generation methodology to specific case studies including a cut-in scenario, highway exit 

scenario, and car following scenario [20].  The difficulty in evaluating AVs from a scenario 

generation perspective is the challenge of capturing all possible scenarios which, as 

mentioned previously, is not feasible. An important factor when considering scenario 

generation is the evaluation of corner, edge, and long tail cases which are in the process of 

being defined by the SAE International taxonomy and definitions document for terms 

related to V&V of AVs [21]. Although it is important to ensure difficult scenarios are 

tested, Feng et al. discuss the consideration of not overweighting these instances to the 

point where AVs are always being designed for worst-case scenarios which can begin to 

degrade the comfort, drivability, and usefulness of the vehicle. 
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Fremont et al. took Feng’s scenario library generation approach a step further by creating 

scenarios on a closed-course test track to evaluate AV performance. They utilized the 

GoMentum test track in California to conduct testing of scenarios which were also 

simulated [22]. This technique implemented an intriguing solution to what Ridemaier et al. 

consider to be one of the major gaps in the research which is that of the microscopic versus 

macroscopic assessments [23]. The project carried out by Fremont et al. involved 

generating a digital twin of the GoMentum facility so as to validate the fidelity of the 

simulation environment. Combining this approach with the statistical methodology of 

Riedmaier et al. may potentially bridge the gap between the microscopic scenario 

evaluation and macroscopic operational safety assessment. Riedmaier et al. explored a 

statistical higher-order model which considers the use of rapidly exploring random trees 

(RRTs) in order to assess scenarios with greater computational efficiency [23]. The 

combination of these approaches could facilitate the rapid generation of numerous 

scenarios that can be validated through real-world testing of a much smaller subset 

improving the efficiency of testing while maintaining the fidelity of the results. This 

approach is comparable to an automated iteration technique detailed in Chapter 6 in which 

the CARLA simulation was utilized to conduct a sensitivity study to changing variables 

from a baseline scenario. Saigol et al. took a similar approach in a project which utilized a 

digital twin of a proving ground to test sensors in conjunction with simulation of adaptive 

scenarios with pass/fail criteria [24]. Rather than requiring the high-fidelity environment 

needed to validate sensors within simulation, this project utilized physical testing for sensor 

validation while relying on simulation for efficiently varying parameters for rapid scenario 

generation. One of the difficulties with this method lies in the fact that the sensor validation 
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and decision-making are not being performed at the same time since the simulation model 

does not rely on a photorealistic environment, thus perfect sensor function must be assumed 

for the simulation while perfect decision-making must be assumed for the physical testing 

of sensors. 

Conversely, the method discussed by Pinter and Engelstein detailing the work of AImotive 

discusses how simulation can be used as a technique to evaluate AVs efficiently in many 

different scenarios. In this work, they stress the importance of photorealistic environmental 

data to adequately capture the detail required for a validated assessment [25]. Although it 

is important to simulate the vehicles and environment (including actor appearances and 

movements, lighting, signage and marking conspicuity, etc.), the use of previously 

mentioned techniques could potentially reduce the need for such a high-fidelity simulation 

environment which can be computationally expensive and laborious. In their discussions 

of photorealistic simulations, Pinter and Engelstein highlight the need to utilize lessons 

learned from other industries such as the advanced simulation techniques found in the 

aerospace industry. The importance of this research as it relates back to the OSA 

methodology work is in the quantification of fidelity. The highest fidelity is achieved 

through demonstration of the ability to replicate real-world scenarios with high accuracy; 

however, sensitivity to differences should be quantified in order to define the fidelity as it 

relates to the scenario outcome. 

Although photorealistic simulation environments can be useful in improving the efficiency 

of testing through simulation, Tuncali et al. discuss the importance in validating simulation 

to ensure accuracy of assessments. This work utilized falsification and simulated annealing 
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to efficiently detect issues within the simulation and locate corner cases [26]. Much of the 

current research is considering simulation approaches utilizing machine learning (ML) 

techniques; however, without proper validation, the results of simulation are meaningless. 

This concept ties in directly with the fidelity aspect of the OSA methodology discussed in 

Chapter 8. In a similar way which corner cases exist for vehicles, corner cases exist for 

simulation where ML struggles to accurately evaluate components such as sensors, 

perception systems, etc. As such, it is important to employ the strengths of simulation to 

increase the efficiency of testing while utilizing the ground truth, physical evaluations of 

hardware where necessary to validate the accuracy of the results. A combination of 

approaches can be achieved through augmented reality (AR) as is being done at Mcity’s 

test track, yet the challenges of verifying and validating the test results remain important 

for such testing [27]. 

Earlier in 2020, Wen et al. proposed a unique methodology within the scenario library 

generation approach to incorporate convoluted neural networks (CNNs) to choose agents 

to interact with the ego vehicle and each other including other vehicles, pedestrians, and 

animals at scenario specific nodes [28]. By incorporating CNNs to choose agents based on 

positions and trajectories within the environment, this approach can efficiently simulate a 

wide variety of scenarios. The usefulness of this approach is depicted within the ability of 

AI to generate varying scenarios rather than the more tedious and expensive traditional 

technique of manually generating scenarios. This addition to the scenario generation 

pipeline could improve the efficiency of scenario generation, although it is important to 

consider the ability of AI to generate both relevant scenarios as well as corner and edge 

cases. 
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1.3 Safety Assessment Methodologies 

Once the methodology for testing the operational safety of an AV is decided, whether that 

includes closed-course testing, public road testing, simulation, or likely, a combination of 

the three, the operational safety still must be quantified in a consistent manner. Kusano and 

Gabler discuss utilization of three major government crash databases for scenario library 

generation choosing from the Fatality Analysis Reporting System (FARS), General 

Estimates System (GES), and National Automotive Sampling System (NASS) 

Crashworthiness Data System (CDS) databases in which severity is denoted by the 

Abbreviated Injury Scale (AIS) [29]. The difficulty with evaluation of these databases is 

the subjectivity in how some quantifications such as change in velocity (delta-v), crush 

energy, injury potential, and the like are determined based on the amount of available data. 

When utilizing these types of sources for evaluations of severity, crash type, and other 

naturalistic data driven parameters, the subjective nature and reliance on expert analysis to 

interpret these data are important considerations. For this reason, Wardzinski proposed four 

risk levels attempting to unify this somewhat subjective process. These risk levels ranged 

from RL-A with one other vehicle within a specified distance to RL-D being an accident 

at the highest risk level [30]. Pending any type of federal standards or regulations, research 

continues to explore the most effective way to consistently quantify operational safety 

throughout the industry. Other studies have also utilized the NASS CDS database for Event 

Data Recorder (EDR) information providing context of vehicle dynamics information 

relating to actual collisions. Since crashes are infrequent events (and waiting for a crash to 

occur is not a suitable or ethical method of evaluating AVs) historical crash data can be 

utilized to evaluate vehicle performance in a similar scenario. Historical EDR data related 
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to crash events have been utilized to evaluate crash severity and driver behavior [31], [32]. 

More recently, studies have employed EDR data to directly evaluate AVs and the metrics 

used to assess their performance. For example, Waymo considered numerous fatal 

collisions for which historical crash data existed and compared the actual outcome with 

that of a simulated Waymo vehicle, demonstrating the collisions that could have been 

avoided by employing their driving model [33]. Como et. al., use a similar approach to 

examine the safety envelope violation severity for vehicles involved in historical crashes 

by considering available pre-crash data [34]. These types of approaches allow for the 

testing and contextualization of the evaluation of the OSA metrics using existing datasets; 

however, each individual study tends to focus on a single metric such as the collision 

incident metric for [33] and the MSE for [34]. The uniqueness of the proposed OSA 

methodology is the use of multiple metrics along with their interpretation in the form of 

violation severities and contextualization within the fidelity of the test method and 

relevance and complexity of the scenario to provide a comprehensive operational safety 

assessment rather than focusing on a single metric which may lead to an incomplete or 

inconclusive analysis.  

[35], [13], and [36] all explore various risk assessment techniques as applied to vehicles 

ranging from level 0 to level 5 according to the SAE International definitions. Stolte et al. 

provides a detailed hazard analysis and risk assessment (HARA) conducted by industry 

experts evaluating an L4 unmanned protected vehicle used on the shoulders of German 

highways in accordance with ISO 26262 [13]. Although this is one of few published articles 

containing an in-depth HARA for an AV, the ODD for this vehicle is extremely limited 

making this approach much more manageable than what would be required for a typical 
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L4 or L5 AV operating in complicated ODDs. In a separate article, Stolte et al. discuss this 

challenge proposing a system-theoretic accident model and processes (STAMP) 

methodology to evaluate AVs on a system level [36]. This approach is unique in that rather 

than focusing on specific scenarios as many researchers are, this work discusses the 

importance of thinking on a system level, ensuring that the actuation and behavior of the 

vehicle is appropriate in any given situation. Rather than detailing the scenario for which 

the vehicle must correctly maneuver, this paper details the potential failures the vehicle 

may face. 

In addition to all of the innovative research being conducted by OEMs, simulation software 

companies, and academia, government organizations such as NHTSA are leading AV 

studies in contribution to industry developments. [37] demonstrates a list of 37 pre-crash 

scenarios statistically evaluated by the United States Department of Transportation 

(USDOT). This list was compiled utilizing information from the GES crash database in 

which all accidents were categorized and statistically reviewed. As previously mentioned, 

it is not possible to evaluate an infinite number of scenarios for AVs and therefore, 

information pertaining to the relevance and severity of known scenarios provides great 

insight for this work. In a similar approach, NHTSA conducted severity analyses in a more 

detailed manner relating to the injury severity and corresponding injury mechanism for 

occupants in the context of the pre-crash scenario, category of impact, and restraint usage 

by the vehicle occupants [38]. In a more recent report, NHTSA evaluated the ways in which 

simulation will be a crucial aspect to the operational safety assessment of AVs in 

conjunction with physical testing [39]. This work included a literature review of existing 

projects which have previously used simulation, standards which have guided simulation 
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implementation, and fidelity of simulation results. Although it is commonly agreed upon 

that some level of physical testing is required to prove safety for AVs, it has similarly been 

recognized that simulation will play a role in efficiently conducting a large variety of 

testing to help build a safety case in an assortment of scenarios.  

Significant work has been conducted to date in efforts to test and prove operational safety 

of AVs as they continue to be deployed on public roads; however, there is not yet an 

established, unified methodology to measure and quantify vehicle operational safety for a 

given scenario. The scope of this dissertation is to propose such a methodology to ensure 

a consistent quantification of operational safety across vehicle platforms for any given 

scenario. This methodology focuses on metric violations and corresponding severity 

evaluations for interpretation of the metrics results. Additional discussion is incorporated 

to suggest ways in which the fidelity of testing as well as complexity and relevance of a 

scenario can be further explored to contribute a comprehensive assessment methodology.  
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2. OSA METHODOLOGY 

2.1 OSA Methodology Motivation 

While the concept of vehicle performance metrics is not novel, the interpretation of these 

metrics is less obvious. The incorporation of ML and AI in vehicles makes the automation 

of tasks possible, but also adds complexity when trying to test the performance of such a 

vehicle due to its ability to “learn” how to pass a standardized test. For this reason, the task 

of testing AVs prior to deployment on roadways is both important and challenging. The 

intent of the OSA methodology is to provide a solution to establishing a baseline approach 

to evaluating the performance of a vehicle, either human-driven or automated, across 

scenarios in a consistent manner allowing for direct comparison. With such information, 

regulatory and standards bodies may be given the insight needed to generate more 

standardized guidelines surrounding the implementation of AVs in the public domain; 

OEMs will receive feedback on the strengths and potential weaknesses of their vehicles; 

and the general public can rest assured that their safety is being considered whether they 

are riding in a robo-taxi or driving alongside one on public roads.  

2.2 General Formulation 

The proposed OSA methodology is composed of four primary components including the 

severity of a metric violation (if present), the complexity of the test scenario, the relevance 

of the scenario, and the fidelity of the test method. These four components are the 

foundation for the OSA methodology and are discussed at length throughout this 

dissertation. The general equation for the score of a vehicle in a given scenario generated 

by the OSA methodology is as follows [5]: 
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𝑂𝑆𝐴 𝑆𝑐𝑜𝑟𝑒 ൌ  ቌ𝐶𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦 ∗  𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒 ∗  𝐹𝑖𝑑𝑒𝑙𝑖𝑡𝑦 ∗  ൭ 1

െ෍ሺ𝑆𝑒𝑣𝑒𝑟𝑖𝑡𝑦௜ ∗  𝑀𝑒𝑡𝑟𝑖𝑐௜ሻ
௜

 ൱ቍ𝑥100% 

( 1) 

  

Where 𝑂𝑆𝐴 𝑆𝑐𝑜𝑟𝑒 is the score of a vehicle evaluated through the OSA methodology for 

the specific scenario tested (0 to 100%), 𝐶𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦 is the level of difficulty of a given 

scenario attempted by the vehicle, 𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒 is the relative frequency which the vehicle 

is likely to experience the attempted scenario over the duration of its lifetime, 𝐹𝑖𝑑𝑒𝑙𝑖𝑡𝑦 is 

the confidence in the measurement of the outcome of a scenario, and 𝑆𝑒𝑣𝑒𝑟𝑖𝑡𝑦௜ is the 

criticality of a violation of 𝑀𝑒𝑡𝑟𝑖𝑐௜ for which a violation is present. 

The process for calculating the OSA Score based on the proposed methodology is illustrated 

in Figure 3. The first level is comprised of collection of the necessary data elements to 

perform the metrics calculations. These data elements may be collected through a 

combination of closed-course, public road, and simulation-based testing. Based on the 

collection methods, measurement uncertainty for each data element should be considered 

within the calculation of the metrics. Upon calculation of the metrics for a scenario, 

violations may be identified, and a severity score may be assigned. At the scenario level, 

the complexity, relevance, and fidelity may be considered to generate a Scenario Score. 

The Scenario Score and metric violation results may then be combined according to the 

previously defined formula to generate an OSA Score.  
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Figure 3. Workflow for Calculating OSA Methodology 

2.3 Methodology for OSA Development 

The components for the OSA formulation are discussed in detail throughout the remaining 

sections of this dissertation. First, the proposed OSA metrics are defined in detail in 

addition to the severity formulations. Next, the evaluation of the metrics is performed 

utilizing a combination of simulation data and real-world data. A discussion of the results 

obtained for the metrics calculations of these datasets is included in addition to sensitivity 

studies and comparative analyses. Lastly, the scenario level components of the fidelity, 

relevance, and complexity are reviewed and suggested future work is presented to improve 

the construction of the OSA methodology framework.  
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3. OSA METHODOLOGY METRIC VIOLATION 

3.1 Proposed Metric Violation Definitions 

The purpose of the metrics proposed through the OSA methodology is to quantify vehicle 

performance throughout different scenarios. These metrics have been assigned violation 

thresholds for the purposes of developing a formulation for the OSA score. While these 

thresholds have been developed based on research and literature, they may not meet the 

needs of specific evaluations for a vehicle. These thresholds are proposed in the current 

formulation of the OSA methodology and may be adapted over time as more testing is 

conducted and additional data are considered. One example of how the thresholds could be 

adapted is to identify specific categories of scenarios. For instance, the definition of a near-

miss event could be used to formulate a minimum safety envelope trigger which identifies 

such an event.  

As is highlighted in the background section of this document, there is a wide variety of 

metrics that have been researched and studied over the years throughout the traffic 

engineering industry; and, more recently, for AV applications. Many of these metrics 

provide similar evaluations with differing levels of detail based on the number of 

parameters used to define such metric equations. The RSS formulation of the safety 

envelope as researched and detailed thoroughly by Intel is one example of a safety 

envelope-related metric proposed in the OSA methodology based on the comprehensive 

consideration of the kinematic equations of motion. Variations of the safety envelope-

related metrics include TTC, MTTC, PET, and THW amongst others. All of these safety 

envelope metrics rely on the fundamental equations of motion with varying levels of detail. 
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Additionally, the RSS based MSE considers a reaction time to account for realistic 

scenarios that do not follow idealized assumptions.    

While it is important to identify which metrics should be considered when evaluating the 

performance of a vehicle, these metrics have little meaning unless a quantitative measure 

of success is established. This chapter will define what a violation means for each of the 

proposed metrics as a basis for the OSA methodology. The following sections break the 

metric classes down into two primary categories: (1) Behavioral Metrics and (2) 

Measurement Uncertainty Metrics. 

3.2 Black Box Metric Definitions 

The Black Box metrics can be evaluated without access to any information from the vehicle 

itself. These metrics evaluate the performance of the vehicle acting within a specified 

scenario including items such as applying the proper response to the encroachment of a 

safety envelope, driving in a predictable manner, and obeying traffic laws utilizing either 

onboard or offboard data sources. These metrics focus on the physical aspects of the vehicle 

rather than evaluating things like the hardware and software components responsible for 

vehicle perception for instance. As an example, consider a scenario in which a pedestrian 

crosses the street at a crosswalk in front of the subject vehicle. Assuming the subject vehicle 

obeys the relevant traffic laws but fails to identify the pedestrian and hits it, the Black Box 

metrics would identify violations such as a traffic law violation, proper response violation, 

and a collision incident; yet, these physical metrics would not indicate a failure of the 

perception system to identify the pedestrian in the first place which would require access 

to data contained within the ADS.  
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3.2.1 Safety Envelope-Related Metric Violations 

The safety envelope metric for a vehicle can be expressed through a variety of traditional 

metrics such as TTC, MTTC, PET, and THW. These metrics are traditionally used in the 

traffic engineering industry as surrogate safety measures to evaluate roadway 

characteristics and promote safer designs. More recently, the MSE metric has been defined 

by Intel based on RSS as formulated by [40] for its comprehensive inclusion of the vehicle 

dynamics of both follow and lead vehicles in the determination of a safety envelope 

violation. The various safety envelope-related metrics are discussed in the following 

sections, including shortcomings and benefits of the different formulations.      

3.2.1.1 MSE Violation 

The MSE is one of the more comprehensive safety envelope-related metrics with a robust 

set of formulations for different scenarios as defined in [14] for NHTSA pre-crash 

scenarios. The MSE not only considers the current velocity of both vehicles but also 

assumes parameters for possible decelerations of the lead vehicle and a reaction time for 

the follow vehicle to respond to conservatively evaluate a given scenario. Additionally, the 

development of the MSE for a wide variety of scenarios ensures the metric can be applied 

to any situation while others are limited to specific events such as car-following scenarios. 

The disadvantage of this approach lies in the assumptions needed to calculate the MSE 

which may result in misinformation if the actual scenario does not follow the assumed 

parameters. The general formulations for the longitudinal and lateral components of the 

MSE violation (MSEV) are provided in Equations (2) and (3), respectively. 
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𝑴𝑺𝑬𝑽 ൌ 𝟏 𝒊𝒇 𝒅𝒄𝒍𝒐𝒔𝒊𝒏𝒈,𝒍𝒐𝒏𝒈 ൏ 𝒅𝒎𝒊𝒏
𝒍𝒐𝒏𝒈 ൌ ൥𝒗𝟏

𝒍𝒐𝒏𝒈𝝆𝟏 ൅
𝟏

𝟐
𝒂𝟏,𝒎𝒂𝒙,𝒂𝒄𝒄𝒆𝒍
𝒍𝒐𝒏𝒈 𝝆𝟏

𝟐 ൅

ቀ𝒗𝟏
𝒍𝒐𝒏𝒈ା𝝆𝟏𝒂𝟏,𝒎𝒂𝒙,𝒂𝒄𝒄𝒆𝒍

𝒍𝒐𝒏𝒈 ቁ
𝟐

𝟐𝒂𝟏,𝒎𝒊𝒏,𝒅𝒆𝒄𝒆𝒍
𝒍𝒐𝒏𝒈 െ

ቀ𝒗𝟐
𝒍𝒐𝒏𝒈ቁ

𝟐

𝟐𝒂𝟐,𝒎𝒂𝒙,𝒅𝒆𝒄𝒆𝒍
𝒍𝒐𝒏𝒈 ൩  (2) 

𝒂𝒏𝒅 𝒅𝒄𝒍𝒐𝒔𝒊𝒏𝒈,𝒍𝒂𝒕 ൏ 𝒅𝒎𝒊𝒏
𝒍𝒂𝒕 ൌ 𝝁 ൅ ቈ

𝟐𝒗𝟏
𝒍𝒂𝒕ା𝝆𝟏𝒂𝟏,𝒎𝒂𝒙,𝒂𝒄𝒄𝒆𝒍

𝒍𝒂𝒕

𝟐
𝝆𝟏 ൅

൫𝒗𝟏
𝒍𝒂𝒕ା𝝆𝟏𝒂𝟏,𝒎𝒂𝒙,𝒂𝒄𝒄𝒆𝒍

𝒍𝒂𝒕 ൯
𝟐

𝟐𝒂𝟏,𝒎𝒊𝒏,𝒅𝒆𝒄𝒆𝒍
𝒍𝒂𝒕 െ

ቆ
𝟐𝒗𝟐

𝒍𝒂𝒕ି𝝆𝟐𝒂𝟐,𝒎𝒂𝒙,𝒂𝒄𝒄𝒆𝒍
𝒍𝒂𝒕

𝟐
𝝆𝟐 െ

൫𝒗𝟐
𝒍𝒂𝒕ି𝝆𝟐𝒂𝟐,𝒎𝒂𝒙,𝒂𝒄𝒄𝒆𝒍

𝒍𝒂𝒕 ൯
𝟐

𝟐𝒂𝟐,𝒎𝒊𝒏,𝒅𝒆𝒄𝒆𝒍
𝒍𝒂𝒕 ቇ቉   

 
𝒆𝒍𝒔𝒆 𝑴𝑺𝑬𝑽 ൌ 𝟎 (3)      

3.2.1.2 Proper Response (PR) Violation 

The Proper Response metric evaluates the behavior of the vehicle when a safety envelope 

violation has occurred which may be the fault of the subject vehicle or another salient 

object. The safety envelope metrics consider the distance component of a safety envelope 

violation while the PR violation (PRV) is proposed to evaluate the reaction time of the 

subject vehicle. For consistency with the minimum safety enveloped-related metric 

violations, the same proper response assumed in the MSEV definition is proposed as the 

threshold for the PRV. Furthermore, a proper response does not just require the vehicle to 

apply a brake or steer maneuver; however, it requires a maneuver to be applied (to the best 

of the vehicle’s ability) to reestablish the minimum safety envelope. As such, a successful 

PR is defined as the vehicle’s application of a deceleration equal to or exceeding the 

Minimum Required Deceleration (MRD) for the subject vehicle or applying a steering 
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input that results in reestablishing the MSE within one second of an MSEV taking place as 

defined in Equation (4).  

𝒊𝒇 𝒂𝒔𝒖𝒃𝒋𝒆𝒄𝒕
𝑳𝒐𝒏𝒈 ൏ 𝑴𝑹𝑫 𝒂𝒏𝒅 𝑴𝑺𝑬 ൌ 𝟏 𝒘𝒉𝒊𝒍𝒆 𝑴𝑺𝑬𝑽𝑻𝒊𝒎𝒆 ൐ 𝛒,𝐏𝐑𝐕 ൌ  𝟏  

𝒆𝒍𝒔𝒆,𝑷𝑹𝑽 ൌ 𝟎 (4) 

It should be noted that the MSEV may be the fault of the subject vehicle or the other salient 

object. In the case that the other salient object initiated the MSEV, a proper response 

negates the MSEV and there would not be a corresponding MSEV counted against the 

subject vehicle in the overall evaluation. In contrast, if the MSEV was the fault of the 

subject vehicle, a corresponding MSEV severity would be applied to the evaluation of the 

subject vehicle; however, a proper response would avoid an additional penalization of the 

PRV and corresponding severity assignment.  

3.2.1.3 Collision Incident (CI) Violation 

The Collision Incident (CI) metric simply identifies when a collision occurs with the 

subject vehicle. Similar to the MSEV, a collision may be the fault of the subject vehicle 

but could be that of another salient object. When evaluating an AV, one should differentiate 

these occurrences as it is possible, and even likely, that at times an AV will be in a situation 

where through no fault of its own, a collision will occur. It is expected that the available 

technology will help mitigate the severity of a collision in such case, but it may not always 

be possible to avoid (i.e., a driver cuts in front of the subject vehicle and brakes rapidly). 

While an AV may be designed to avoid a collision in reasonable and foreseeable scenarios, 

other salient objects do not always behave in a reasonable or foreseeable manner. When 

encountering such occurrences, the subject vehicle should not be penalized in the same 
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manner as if it caused the collision (assuming the subject vehicle was otherwise behaving 

appropriately). Therefore, a CI violation (CIV) is segmented into two possible instances.  

3.2.1.3.1  Subject Vehicle Fault Collision Incident 

As the name implies, a Subject Vehicle Fault Collision Incident (SVF-CI) is a case in which 

the subject vehicle is responsible for the collision. Similar to traditional methods in which 

fault is designated for a collision, the fault responsibility will require additional evaluation 

and may not always be straightforward. A collision scenario may prompt investigation to 

decide the at fault party and may not be obvious in all circumstances. Accident 

reconstruction techniques may need to be employed to evaluate the collision and similar 

methodologies to the traditional sense may be used to resolve the collision incident 

typology. Regardless, a collision incident metric will require further evaluation in the 

context of the scenario; but, the indication of a violation is binary as shown in Equation 

(5). 

𝑪𝑰𝑽 ൌ 𝟏 𝒊𝒇 𝒄𝒐𝒍𝒍𝒊𝒔𝒊𝒐𝒏 𝒊𝒏𝒄𝒊𝒅𝒆𝒏𝒕 𝒐𝒄𝒄𝒖𝒓𝒔 𝒂𝒏𝒅 𝒔𝒖𝒃𝒋𝒆𝒄𝒕 𝒗𝒆𝒉𝒊𝒄𝒍𝒆 𝒊𝒔 𝒂𝒕 𝒇𝒂𝒖𝒍𝒕  
𝒆𝒍𝒔𝒆,𝑪𝑰𝑽 ൌ 𝟎 (5) 

3.2.1.3.2 Other Entity-Fault Collision Incident  

Conversely to the SVF-CI, the Other Entity Fault Collision Incident (OEF-CI) categorizes 

instances in which the subject vehicle experienced a collision; however, was deemed not 

at fault. For an OEF-CI to occur, another salient object needs to be determined “at fault” 

which could be the result of numerous factors such as violation of the traffic law metric. 
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An example of an OEF-CI would be a vehicle failing to stop at a red light resulting in the 

subject vehicle striking the other vehicle in an intersection and is represented as CIV* to 

denote the difference from a subject fault collision as shown in Equation (6). 

 𝑪𝑰𝑽∗ ൌ 𝟏 𝒊𝒇 𝒄𝒐𝒍𝒍𝒊𝒔𝒊𝒐𝒏 𝒊𝒏𝒄𝒊𝒅𝒆𝒏𝒕 𝒐𝒄𝒄𝒖𝒓𝒔 𝒂𝒏𝒅 𝒐𝒕𝒉𝒆𝒓 𝒆𝒏𝒕𝒊𝒕𝒚 𝒊𝒔 𝒂𝒕 𝒇𝒂𝒖𝒍𝒕  
𝒆𝒍𝒔𝒆,𝑪𝑰𝑽∗ ൌ 𝟎 (6) 

In order to better visualize the relationship between the safety envelope metrics, proper 

response, and collision incident, the flow chart shown in Figure 4 was generated outlining 

the assignment of a violation and corresponding severity to be applied as defined in the 

next chapter. When the minimum safety envelope factor (MSEF) is greater than 1, there is 

no MSEV. Once an MSEV occurs, a determination must be made as to whether the 

violation was initiated by the subject vehicle or another salient object. If a PR is performed 

by the subject vehicle, the MSE is restored and only an MSEV is counted with a 

corresponding severity. When a PRV occurs, there is a possibility for a collision; however, 

it is also possible the subject vehicle has a delayed or interrupted response which results in 

a PRV but then reestablishes the MSE. If there is a delayed or interrupted response, the 

MSEV and PRV severities are attributed to the overall evaluation. The CI and associated 

severity would also be implemented if a collision occurs.  

A separate path is defined for an MSEV which was initiated by another salient object, 

denoted as MSEV*. Similarly, the options exist for a PRV to occur or the subject vehicle 

to make a PR. The difference in the alternative branch comes at the next step for which 

there is a determination of whether or not the MSEV* presented an unrecoverable event. 

An example of a non-recoverable event is one in which the other salient object initiated an 

MSEV* with an MRD immediately exceeding the capability of the subject vehicle. In such 
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an instance, an MSEV occurs, a PRV occurs, and a CIV occurs; however, the subject 

vehicle was not the initiator and was incapable of avoiding the collision from the start of 

the violation; thus, resulting in a non-foreseeable event. Conversely, if the event was 

recoverable, the flow chart follows the same progression as the subject induced MSEV. 

The primary difference of note between the paths is the lack of penalization for the 

scenarios in which the MSEV* leads to a CI* since the collision is not within the control 

of the subject vehicle.  

 

 

Figure 4. Flow Chart Defining Evaluation for an MSEV 

 

 

Collision No Violation 

Safety Envelope 
Encroachment 
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3.2.1.4 Traffic Law Violation 

Traffic laws help maintain order and structure on public roadways. There is a discrete 

number of traffic laws which are strictly defined for specific regions (i.e., ODDs); 

therefore, the traffic law violation metric has been defined to identify failure of the subject 

vehicle to obey established traffic laws. It should be noted that there are instances in which 

violating a traffic law is considered acceptable, and even required. An example scenario is 

one in which a construction zone requires a vehicle to cross over a solid yellow line and 

travel on the wrong side of the road. Just as human drivers are expected to obey all traffic 

laws, the same expectations will be established for AVs. These laws help to generate 

predictable behavior for drivers following a given set of rules and will help AVs predict 

the behavior of surrounding entities. Unless the subject vehicle is instructed to violate a 

traffic law (e.g., by a traffic cop), any other infraction would constitute a violation for this 

metric as expressed in Equation (7).  

𝑻𝑳𝑽 ൌ 𝟏 𝒊𝒇 𝒕𝒓𝒂𝒇𝒇𝒊𝒄 𝒍𝒂𝒘 𝒗𝒊𝒐𝒍𝒂𝒕𝒆𝒅  
𝒆𝒍𝒔𝒆,𝑻𝑳𝑽 ൌ 𝟎 (7) 

3.2.1.5 Predictable Acceleration (PA) Violation 

While aggressive driving may not be considered “illegal”, it can lead to higher risk 

situations, relating to nominal driving performance characteristics of the vehicle. For 

example, a vehicle that accelerates and decelerates at high rates may be more susceptible 

to being rear-ended or rear-ending another vehicle. Thus, when the specified acceleration 

and deceleration (either longitudinal or lateral) thresholds are exceeded, a Predictable 

Acceleration Violation (PAV) is generated. The thresholds utilized in Equation (8) are 
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examples of aggressive lateral and longitudinal accelerations as expressed in [41] and 

shown in Figure 5.  

 

Figure 5. Example Reference for Harsh Acceleration Values [41] 

The values displayed in Figure 5 are example values that could be employed for the OSA 

methodology framework; however, the exact values could be adapted. Varying thresholds 

could be used for the PA metric dependent on the vehicle type and specific use cases. For 

the purposes of this dissertation, these values were chosen to represent values above that 

of nominal driving and will be used for the evaluated scenarios in later sections. 

𝑷𝑨𝑽 ൌ 𝟏 𝒊𝒇 𝒂𝑳𝒐𝒏𝒈 ൒ 𝟎.𝟒𝟑𝒈 𝒐𝒓 𝒂𝑳𝒐𝒏𝒈 ൑ െ𝟎.𝟔𝟏𝒈 𝒐𝒓 |𝒂𝑳𝒂𝒕| ൐ 𝟎.𝟒𝟕𝒈  
𝒆𝒍𝒔𝒆,𝑷𝑨𝑽 ൌ 𝟎 (8) 

3.2.2 White Box Metric Definitions 

The White Box metric definitions evaluate vehicle performance at a component level. 

Rather than evaluating a system level violation, the White Box metrics are related to the 

underlying components that may explain why a system level violation occurred. These 

metrics help define the resolution of the hardware and software components needed to 

ensure safety for the occupants and surrounding entities. In most cases, the White Box 

metrics will depend on the sensor technology employed within the AV. The limitations of 

the sensors should be considered through the evaluation of the White Box metrics to verify 

adequate safety factors are incorporated into the metrics calculations. Since these metrics 
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are dependent on internal vehicle information, they require Class 3 data and cannot be 

achieved without some level of access to vehicle data.  

3.2.2.1 Minimum Safety Envelope Calculation Error (MSECE) Violation 

Rather than identifying whether or not a safety envelope violation occurred, the Minimum 

Safety Envelope Calculation Error (MSECE) evaluates the uncertainty in determining the 

MSE for the subject vehicle. For a high-level accuracy localization system, the vehicle will 

require less buffer to ensure avoidance of a conflict (e.g., a vehicle with 1cm error in the 

determination of the safety envelope needs a smaller buffer for uncertainty than a vehicle 

with 1m error). The measurement uncertainty can be thought of as a sphere around the 

subject vehicle in which it is possible that the vehicle inhabits at any given time. Unlike 

the behavioral metric definitions, specified thresholds are not identified for the 

measurement uncertainty metrics. The manufacturer should account for the uncertainty in 

their system through the implementation of their decision-making algorithms, although 

larger uncertainties may lead to less “useful” vehicles given larger required safety factors. 

A violation occurs when the actual distance (lateral or longitudinal) of the subject vehicle 

falls within the range of uncertainty for the MSE as follows in Equation (9): 

𝑴𝑺𝑬𝑪𝑬𝑽 ൌ 𝟏, 𝒊𝒇 𝒅𝒄𝒍𝒐𝒔𝒊𝒏𝒈 ൑ 𝑴𝑺𝑬 ൅𝑴𝑺𝑬𝑪𝑬  
𝒆𝒍𝒔𝒆,𝑴𝑺𝑬𝑪𝑬𝑽 ൌ 𝟎 (9) 

3.2.2.2 Achieved Behavioral Competency (ABC) Violation 

The California PATH program identified 24 behavioral competencies for testing AVs to 

ensure they are capable of maneuvering in most generic situation types [42]. Additionally, 

the AVSC developed a best practice document for the evaluation of behavioral 

competencies for AVs [43]. These behavioral competency documents address the 
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importance of establishing the ability of an AV to navigate common, generalized scenarios 

as a baseline. This metric focuses on intent as the subject vehicle may perfectly navigate a 

left turn through an intersection; however, if the instruction was given for the vehicle to 

make a right turn, the behavioral competency would be failed. Again, without knowing the 

intent of the vehicle, this metric cannot be evaluated and therefore requires data from the 

vehicle for the assessment. The achieved behavioral competency violation (ABCV) 

formulation is given in Equation (10).  

𝑨𝑩𝑪𝑽 ൌ 𝟏,
𝒊𝒇 𝒊𝒏𝒔𝒕𝒓𝒖𝒄𝒕𝒆𝒅 𝒃𝒆𝒉𝒂𝒗𝒊𝒐𝒓 𝒊𝒔 𝒏𝒐𝒕 𝒑𝒆𝒓𝒇𝒐𝒓𝒎𝒆𝒅 𝒐𝒓 𝒑𝒆𝒓𝒇𝒐𝒓𝒎𝒆𝒅 𝒊𝒏𝒄𝒐𝒓𝒓𝒆𝒄𝒕𝒍𝒚  

𝒆𝒍𝒔𝒆,𝑨𝑩𝑪𝑽 ൌ 𝟎 (10) 

3.2.2.3 Human Traffic Control Direction Identification Error Rate (HTCDIER) 

Violation  

Human traffic controllers (HTCs) are commonly found in construction zones where lane 

closures demand the violation of a normal traffic law. Failure of an AV to identify and 

follow instruction from a HTC may result in undesirable behavior for the subject vehicle. 

HTCs are assumed to be synonymous to traffic laws as they serve the same purpose to 

ensure all road users are operating under the same set of rules. Failing to stop at a red light 

and failure to obey a traffic cop signaling the vehicle to stop would have similar results. 

The human traffic control direction identification error rate (HTCDIER) metric can be 

compared to the ABC metric with the behavioral competency being relayed by the HTC 

rather than the vehicle planning module. For evaluation purposes, it is necessary to 

understand whether the vehicle saw and understood the HTC for a given scenario or if it 

happened to be performing the maneuver signaled by the HTC but did not recognize the 
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instruction, again requiring some level of access to the vehicle data. The HTCDIER 

violation (HTCDIERV) is expressed in Equation (11). 

𝑯𝑻𝑪𝑫𝑰𝑬𝑹𝑽 ൌ 𝟏,
𝒊𝒇 𝑯𝑻𝑪 𝒏𝒐𝒕 𝒅𝒆𝒕𝒆𝒄𝒕𝒆𝒅 𝒐𝒓 𝑯𝑻𝑪 𝒅𝒆𝒔𝒊𝒈𝒏𝒂𝒕𝒆𝒅 𝒃𝒆𝒉𝒂𝒗𝒊𝒐𝒓𝒂𝒍 𝒄𝒐𝒎𝒑𝒆𝒕𝒆𝒏𝒄𝒚 𝒇𝒂𝒊𝒍𝒆𝒅  

𝒆𝒍𝒔𝒆,𝑯𝑻𝑪𝑫𝑰𝑬𝑹𝑽 ൌ 𝟎 (11) 

As demonstrated in this section, the behavioral metrics provide a means to evaluate the 

vehicle performance at a system level in the context of a given scenario, while the 

measurement uncertainty-related metrics focus on the ability of the hardware and software 

of the vehicle to perform at a component level. Both sets of metrics are important in 

establishing the overall performance of the vehicle; however, require different levels of 

data access. The behavioral metrics can be evaluated without having access to the ADS 

and as such, are the primary focus of this dissertation since an ADS was not accessible for 

evaluation. The measurement uncertainty metrics require varying levels of access to ADS 

information and are included for theoretical application. 
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4. METRIC VIOLATION SEVERITY 

The proposed OSA metrics provide context to help identify behaviors by the subject 

vehicle that may be considered unsafe. Establishing a severity6 for these violations goes a 

step further by better determining the extent of a hazard presented by such behaviors. More 

importantly, the severity formulation provides a more granular evaluation of performance 

across vehicle platforms for a given scenario. For example, for two vehicles experiencing 

an MSEV, a simple determination of a metric violation would indicate the same assumed 

performance for both vehicles. However, once a severity is assigned to the MSEV, a 

vehicle that exceeds the MSE by 1 m could be scored to perform better than a vehicle that 

exceeds the MSE by 10 m. In this chapter, the severity formulation for each metric violation 

will be detailed and explained.  

4.1  MSEV Severity (Car-Following) 

The MSE for a vehicle as referred to in this work is defined by RSS [40], [14]. When the 

MSE for a vehicle is encroached upon, a violation occurs. In order for an MSEV to occur, 

both the longitudinal and lateral components of the safety envelope must be violated. For 

instance, a vehicle driving parallel and adjacent to another vehicle would not necessarily 

experience an MSEV whereas a vehicle traveling within the longitudinal boundary that 

suddenly cuts into the path of the other vehicle would result in an MSEV. The violation 

severity has been formulated based on reasonable assumptions about the physical 

limitations of the involved vehicles. A reorganization of the MSE formulation and removal 

 
6 It should be noted that “severity” used throughout discusses the extent of a metric violation and does not necessarily 
correspond to injury risk or harm levels.  
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of the reaction time results in the minimum required deceleration (MRD) as defined in 

Equation (12): 

              𝐌𝑹𝑫 ൌ

⎣
⎢
⎢
⎢
⎡

ቀ𝒗𝟏
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𝟐∗𝒏∗𝒂𝟐,𝒎𝒂𝒙,𝒅𝒆𝒄𝒆𝒍
𝒍𝒐𝒏𝒈 ⎦

⎥
⎥
⎥
⎤

 (12)                                    

Where 𝑣ଵ
௟௢௡௚ is the follow vehicle longitudinal velocity, 𝑑௖௨௥௥௘௡௧

௟௢௡௚,௦௔௠௘ is the minimum 

distance between the lead and follow vehicle, 𝑣ଶ
௟௢௡௚ is the lead vehicle longitudinal 

velocity, 𝑎ଶ,௠௔௫,ௗ௘௖௘௟
௟௢௡௚  is the maximum assumed longitudinal deceleration for the lead 

vehicle, and n is a percentage applied to the lead vehicle deceleration indicating a 

proportion of the maximum assumed deceleration for a given scenario (from 0 to 100%). 

This formulation allows for the consideration of not only the particular scenario being 

evaluated, but also more or less aggressive decelerations for the lead vehicle. The reason 

reaction time is not incorporated into the MRD formulation as it is in the MSE is because 

the MRD is the instantaneous quantification of the deceleration required to avoid a 

collision. If the reaction time of the vehicle was added to the formulation, the result would 

no longer be an instantaneous evaluation, but a projection based on assumed values. This 

robust formula may identify situations in which the follow vehicle would have avoided a 

collision regardless of the braking inputs for the lead vehicle versus cases in which a 

collision may have occurred had the lead vehicle braked harder. This removes the 

possibility of the vehicle under test (VUT) to be “lucky” in avoiding a collision simply 

because the other salient objects did not perform in a certain manner and facilitates the 

consideration of corner, edge, and long tail scenarios. The MSEV severity is based on the 
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assumed physical limitations of the vehicle with 1 being the greatest severity and 0 being 

no violation as demonstrated by Equation (13). To normalize the various metric violation 

severities, 1 is the maximum value for a given severity. In this case, a severity of 1 

corresponds to a scenario in which a collision will not be avoided unless an action is taken 

by the lead vehicle since the maximum capability of the following vehicle has already been 

reached. 

 𝐌𝐒𝐄𝐕𝐒𝐄𝐕 ൌ
𝐌𝐚𝐱ሺ𝐌𝐑𝐃ሻ

𝐝𝐞𝐜𝐞𝐥𝐜𝐚𝐩𝐚𝐛𝐢𝐥𝐢𝐭𝐲
, 𝐌𝐚𝐱ሺ𝐌𝐒𝐄𝐕𝐒𝐄𝐕ሻ ൌ 𝟏   (13) 

Although the MRD value is explicitly defined in Equation (12), the required braking levels 

have been broken down into four zones based on available literature as follows [34]: 

 Low Braking Zone: 0 g – 0.34 g, corresponding to a range of deceleration values 

preceding the identified zones which are defined utilizing existing literature. 

 Moderate Braking Zone: 0.35 g – 0.45 g, corresponding to a comfortable 

deceleration range at which drivers are capable of maintaining their lane of travel 

on wet roads according to the AASHTO “Green Book” [44]. 

 Reactionary Braking Zone: 0.46 g – 0.79 g, corresponding to a range at which 

most drivers decelerate when confronted with an unexpected obstacle (i.e., are able 

to react) [44]. 

 High Braking Zone: 0.80 and higher, corresponding to values inclusive and above 

80% of the assumed maximum braking of the subject vehicle.  

These braking zone definitions are utilized in later sections when illustrating the results of 

specific scenarios to serve as a visual aid. 
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4.2 MSEV Severity (Intersection) 

While the fundamental concept of a MSEV for an intersection scenario is the same as a 

car-following scenario, an illustrative example is included in this section to convey the 

nuances of the implementation for this type of scenario. In the following examples, the 

trajectory overlap zone is defined as the intersecting region between the trajectories of two 

or more salient objects. If one of the salient objects never reaches the trajectory overlap 

zone, a collision will not occur. The various scenarios in which an intersection-based 

MSEV may occur are illustrated in Figure 6 through Figure 8 to explain this concept. In 

the first scenario, the subject vehicle (white) and other vehicle (red) are shown approaching 

an intersection at a perpendicular angle to one another. When the vehicle trajectories 

intersect and distance to trajectory overlap zone for both vehicles are exceeded, a MSEV 

has occurred. Since the avoidance of either of these two vehicles reaching the trajectory 

overlap zone will prevent a collision, the minimum required deceleration for the vehicles 

to stop prior to the trajectory overlap zone will be used to define the MSEV severity. 

Furthermore, if the longitudinal MSEV has not yet been reached, the vehicles are capable 

of safely stopping prior to reaching the trajectory overlap zone in the same manner as a 

car-following scenario and as such, would not result in a violation. 
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Figure 6. Intersection Scenario in Which the Vehicles Approach Perpendicular to One 
Another 

Now consider the other vehicle initiates a left turn in front of the subject vehicle as depicted 

in Figure 7, or vice versa (Figure 8). In these scenario configurations, an extreme position 

may be reached at which the trajectory overlap zone will be defined as one vehicle or the 

other. As a result, the time to reach the trajectory overlap zone for that particular vehicle 

(i.e., the subject vehicle in Figure 7 and the other vehicle in Figure 8) is zero and the 

corresponding MRD goes to infinity.  
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Figure 7. Intersection Scenario in Which the Other Vehicle (Red) Initiates a Left Turn in 
Front of the Subject Vehicle (White) 

 

Figure 8. Intersection Scenario in Which the Subject Vehicle (White) Initiates a Left Turn 
in Front of the Other Vehicle (Red) 

 

For this reason, the vehicle which has a greater separation distance to the trajectory overlap 

zone is considered for the MSEV severity formulation. Again, since the avoidance of the 

trajectory overlap zone for one of the vehicles will prevent a collision between the two 

vehicles and the MRD will be infinite when the trajectory overlap zone coincides with the 

boundary of one of the vehicles, using the MRD for the vehicle with the greater separation 
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to the trajectory overlap zone is considered appropriate. Thus, the formulation for the 

MSEV severity for an intersection scenario is as follows: 

𝑀𝑆𝐸𝑉ௌா௏_ூே் ൌ

ೡ೗೚೙೒
మ

మ∗೏೎೥_೘ೌೣ

ௗ௘௖௘௟೎ೌ೛ೌ್೔೗೔೟೤
  (14) 

When considering the straight-line trajectory for a vehicle, an obvious limitation is the lack 

of attention to the lateral component of the vehicle dynamics as it relates to the future 

vehicle positions. Assuming straight line motion for either vehicle (especially for 

intersection-based scenarios) limits the ability to identify a potentially unsafe situation of 

one vehicle turning in front of another until the vehicles are close to impact. In order to 

accommodate such scenarios, the MSE was established by utilizing the lateral acceleration 

to project a more accurate trajectory for the vehicles. 

4.3 PRV Severity 

Once an MSEV occurs, a response is needed by the subject vehicle to avoid a PRV. The 

PRV severity is a function of the amount of time it takes for the subject vehicle to respond 

to an MSEV. While it is important for a vehicle to reestablish the safety envelope once a 

violation occurs, doing so too quickly may increase the likelihood of another collision due 

to unpredictable behaviors by the subject vehicle such as stopping suddenly or quickly 

changing lanes. Thus, the PRV severity is a function of the time it takes for the subject 

vehicle to respond to a safety envelope violation rather than the time it takes to regain the 

safety envelope. As discussed in the previous section, a PRV occurs when the subject 

vehicle does not achieve or exceed the necessary deceleration or steering within the 

assumed reaction time of the MSEV initiation. As was the case for an MSEV, a PRV 
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severity of 1 or greater would imply an imminent collision unless an action is taken by the 

other vehicle to avoid the collision. This formulation is accomplished by taking the ratio 

of the actual response time of the subject vehicle to the current time to the trajectory overlap 

zone at the initiation of the PRV as defined in Equation (15): 

𝑷𝑹𝑽𝑺𝒆𝒗 ൌ
𝑨𝒄𝒕𝒖𝒂𝒍 𝑹𝒆𝒔𝒑𝒐𝒏𝒔𝒆 𝑻𝒊𝒎𝒆

𝐓𝐢𝐦𝐞 𝐭𝐨 𝐂𝐨𝐥𝐥𝐢𝐬𝐢𝐨𝐧 𝐙𝐨𝐧𝐞
, 𝒊𝒇𝑪𝑰 ൌ 𝟏,𝑷𝑹𝑽𝑺𝒆𝒗 ൌ 𝟏   (15) 

 

4.4 CIV Severity 

Collision severity has been a heavily studied topic in the fields of biomechanics and 

accident reconstruction for decades and is backed by numerous research studies. One study 

in particular was chosen to define the CIV severity due to its inclusion of many collisions 

which can be found in the NHTSA NASS CDS database, consideration of different levels 

of severity based on impact configuration (i.e., frontal, rear, or side impact), and 

generalized trend lines which can be applied to the OSA framework. As part of this study, 

the likelihood for a severe injury defined as a MAIS injury of 4+F, or severe to fatal injury 

was evaluated. The CIV severity is a function of delta-V, or change in velocity, for the 

involved vehicles. In cases where a large differential in mass ratio between the vehicles 

exists, the delta-V can be significantly higher for one vehicle over the other; therefore, to 

ensure the CIV metric accounts for any injury potentially resulting from a collision and not 

just those occupants within the subject vehicle, the more severe value is utilized. 
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Figure 9. Risk of an MAIS 4+F Injury for NASS-CDS Study Conducted in [45] 

 Based on [45], the formulation for the CIV severities for side, frontal, and rear collisions 

are expressed in Equations (16), (17), and (18), respectively. 

                             𝐒𝐢𝐝𝐞 𝐈𝐦𝐩𝐚𝐜𝐭 𝐒𝐞𝐯𝐞𝐫𝐢𝐭𝐲: 𝐂𝐈𝐒𝐞𝐯_𝐒𝐢𝐝𝐞 ൌ 𝟎.𝟏𝟓𝟒𝟖𝐞𝟎.𝟏𝟕𝟖𝟒∗𝐃𝐕                    (16) 

                         𝐅𝐫𝐨𝐧𝐭𝐚𝐥 𝐈𝐦𝐩𝐚𝐜𝐭 𝐒𝐞𝐯𝐞𝐫𝐢𝐭𝐲: 𝐂𝐈𝐒𝐞𝐯_𝐅𝐫𝐨𝐧𝐭 ൌ 𝟎.𝟎𝟒𝟓𝟖𝐞𝟎.𝟏𝟔𝟓∗𝐃𝐕                       (17) 

                            𝐑𝐞𝐚𝐫 𝐈𝐦𝐩𝐚𝐜𝐭 𝐒𝐞𝐯𝐞𝐫𝐢𝐭𝐲: 𝐂𝐈𝐒𝐞𝐯_𝐑𝐞𝐚𝐫 ൌ 𝟎.𝟎𝟏𝟑𝟕𝐞𝟎.𝟏𝟕𝟑𝟑∗𝐃𝐕                     
(18) 

These severity formulations represent trendlines generated from the referenced literature 

to predict an MAIS 4+F injury. The result of these equations gives the risk of an MAIS 

4+F injury as a percentage. 

This formulation of CIV severity does not explicitly account for a collision involving a 

vulnerable road user (VRU). As one would expect, the injury potential for a pedestrian or 

a cyclist as opposed to the occupant of another vehicle is significantly greater when 
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considering similar delta-Vs. Given this increased injury potential for collisions involving 

VRUs, the severity for such a collision will be assigned the maximum severity of 1. As 

previously discussed, the severity formulations developed within this dissertation are 

example implementations and may be further refined or adapted in future work based on 

additional research and data. Furthermore, the formulations used here may not meet the 

needs of specific evaluations and could be adapted for other purposes. 

4.5 Traffic Law Violation Severity 

Traffic laws can vary depending on jurisdiction and the severity of a violation may vary 

drastically depending on the specific scenario. For instance, a vehicle rolling through a stop 

sign may be harmless when no other vehicles are around; however, if a pedestrian is 

crossing the road at the same time, the result could be fatal. Furthermore, traffic laws are 

in place to maintain order and structure on the roadways. Thus, a traffic law violation 

severity is not considered for the OSA methodology, rather the metric is proposed as a 

pass/fail situation in which case the vehicle receives a failing score for a traffic law 

violation similarly to how a student driver would fail a driving test for any traffic law 

violation. As previously discussed, there may be instances in which a traffic law violation 

is necessary (i.e., traffic cop directing vehicles to cross into an opposing lane for 

construction) and in such cases, there would be no metric violation severity since there 

would be no corresponding metric violation.  
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4.6 PAV Severity 

As noted in the previous chapter, aggressive driving is not necessarily illegal, but may 

increase the risk of a collision. The PAV severity is defined as the percentage of time during 

the evaluation period for which the subject vehicle was driving aggressively according to 

the violation threshold. Additionally, the amount by which the violation threshold was 

exceeded is an important consideration for the severity. Minimally exceeding the threshold 

for the duration of the event may pose a lower risk than a vehicle pushing its physical limits 

even for a limited duration. Therefore, the severity of a violation is defined as the 

summation of violations for the duration of the event, normalized by the time interval for 

each evaluation period and multiplied by the ratio of the magnitude of the acceleration to 

the assumed vehicle limit. The longitudinal and lateral components of the PAV severity 

are shown in Equations (19) and (20), respectively. 

𝐏𝐀𝐕𝐋𝐨𝐧𝐠_𝐒𝐄𝐕 ൌ ∑
𝐏𝐀𝐕𝐋𝐨𝐧𝐠_𝐢

𝐓𝐢𝐦𝐞𝑰𝒏𝒕𝒆𝒓𝒗𝒂𝒍
∗

𝒂𝐋𝐨𝐧𝐠
𝒂𝐋𝐨𝐧𝐠_𝐋𝐢𝐦𝐢𝐭

𝒏
𝒊ୀ𝟏    (19) 

𝐏𝐀𝐕𝐋𝐚𝐭_𝐒𝐄𝐕 ൌ ∑ 𝐏𝐀𝐕𝐋𝐚𝐭_𝐢
𝐓𝐢𝐦𝐞𝑰𝒏𝒕𝒆𝒓𝒗𝒂𝒍

∗ 𝒂𝐋𝐚𝐭
𝒂𝐋𝐚𝐭_𝐋𝐢𝐦𝐢𝐭

𝒏
𝒊ୀ𝟏  (20) 

4.7 Measurement Uncertainty Metric Violation Severity 

A severity has not been defined for the measurement uncertainty metrics as alluded to in 

the introduction of the metric violations discussion. The reason for the lack of a severity 

formulation for these metrics is similar to that of the traffic law violation explanation in 

that a violation of these metrics is highly dependent on the specific scenario and difficult 

to generalize. The fundamental purpose for these metrics is to ensure a baseline behavior 

for the vehicle and as such, a violation triggered for one of these metrics is handled utilizing 
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a pass/fail criteria. For instance, if an ABC of a vehicle making an unprotected left turn is 

failed, a severity of the ABCV would not be assigned. There may be instances where this 

failure would not be problematic (i.e., the subject vehicle failed to yield to an oncoming 

vehicle that stopped to avoid a collision) or it could result in other hazardous indicators 

(i.e., CIV). Therefore, a violation of a measurement uncertainty metric for the purposes of 

the OSA methodology proposed herein is denoted as a fail without a specific assignment 

of severity.  
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5. OSA METHODOLOGY EVALUATION SCRIPT 

5.1 Overview 

In order to evaluate the efficacy of the OSA methodology across a variety of scenarios, a 

MATLAB script was developed with the capability of calculating the metrics based on 

available data. White box metrics pertaining to vehicle automation systems such as whether 

the ADS was active for a scenario or measuring the performance of the perception module 

could not be evaluated without a physical or simulated ADS; therefore, the primary focus 

of this demonstration was on the previously defined behavioral metrics and does not 

include the measurement uncertainty metrics. The high-level goal of the MATLAB script 

generated for this evaluation was to develop a robust tool that would be capable of 

performing the necessary calculations to follow the OSA methodology, regardless of the 

data source. A basic intersection scenario is described throughout this section to illustrate 

the functionality of the MATLAB script.  

5.2 Vehicle Polygons 

The underlying observable variables for the majority of the behavioral metrics include 

position, velocity, and acceleration of the salient objects involved in the scenario. To 

accomplish this measurement, code was written to establish a polygon for each of the 

involved vehicles as depicted in Figure 10. As the vehicles move through the scenario, their 

positions are processed within the MATLAB script. While other VRUs such as pedestrians 

or cyclists are not shown, their implementation would be achieved simply by adjusting the 

extents of the polygon based on the length and width. Other adjustments would need to be 

incorporated based on the parameter assumptions for VRUs such that the velocity and 
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acceleration limits of a cyclist vary drastically from that of a vehicle, and even further yet 

for a pedestrian. The velocities and accelerations of the involved vehicles are exported from 

the simulation to provide additional data related to the vehicle kinematics which could be 

measured for a real-world scenario through on-board or off-board sources as discussed in 

later sections. Additionally, the vehicle headings were exported and incorporated into the 

polygon calculation to establish the directionality of the vehicles which is an important 

factor in relating the context of various metrics as to the future path of the vehicles. This is 

represented in Figure 11 showing the two vehicles shortly before impact occurs within the 

intersection.  
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Figure 10. MATLAB-Generated Polygons Representing Vehicle Locations on 2D Map 
(Top) and HVE Simulation Depicting Corresponding Vehicle Locations (Bottom) 
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Figure 11. MATLAB-Generated Polygons Representing Vehicle Locations Just Before 
Collision (Top) and HVE Simulation Depicting Corresponding Vehicle Locations 

(Bottom) 
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5.3 Extended Vehicle Polygons 

In addition to understanding the current position of the vehicles, many of the metrics 

require the context of the trajectory of the vehicles with respect to one another. For 

example, an MSEV is only applicable when both the longitudinal and lateral limits of the 

safety envelope are exceeded. In order to understand the intersection of vehicle trajectories, 

extended polygons were created as shown in Figure 12. To improve the model accuracy, 

curved extended polygons were generated based on the lateral acceleration of the vehicles 

for each timestamp within the scenario. When the vehicles are close to each other, the 

lateral component has minimal effect on evaluating the intersection point (i.e., the straight-

line path of the vehicles intersect); however, the further away the vehicles are and the larger 

the lateral acceleration, the greater the effect on the trajectories with respect to one another. 

This phenomenon is illustrated in Figure 13.  
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Figure 12. MATLAB-Generated, Extended Polygons Representing Vehicle Locations 
Just Before Collision (Top) and HVE Simulation Depicting Corresponding Vehicle 

Locations (Bottom) 
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Figure 13. MATLAB-Generated Curved Extended Polygons Representing Vehicle 
Locations at Beginning of Lead Vehicle Left Turn (Top) and HVE Simulation Depicting 

Corresponding Vehicle Locations (Bottom) 

5.4 Metric Calculations 

Although the metric calculations are relatively straightforward as formulated in the 

previous sections, incorporating the logic into a robust code with the ability to evaluate a 

variety of scenarios was not so trivial. In this section, the logic is described for 

incorporating the OSA metric violation and severity evaluations into the MATLAB script. 

The primary focus in generating the script to evaluate the OSA metrics was to allow the 

inputs to be obtained from any given source including datasets such as real-world collected 

data, simulated events, or naturalistic driving databases. A generalized template was 
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created to organize scenario inputs relating to the vehicle dynamics of an event which could 

be populated in a manual or automated manner from any given source.  

5.4.1 Safety Envelope-Related Metrics 

The safety envelope-related metrics are generally straightforward in their definitions, 

relying on varying levels of inputs, from the comprehensive equation of the MSE to the 

simplified formulation of TTC. The instantaneous vehicle dynamics for a given scenario 

are computed utilizing the aforementioned polygon function within MATLAB and the 

parameters for a safety envelope violation are determined based on the trajectory 

information defined by the extended polygons. To determine the minimum distance 

between the two polygons, the “Minimum distance between two polygons” MATLAB 

function was utilized [46]. By calculating the minimum distance between the polygons at 

any given time, the regions of the vehicle with the potential to first come into contact with 

one another provided a conservative estimate of a potential collision.  

5.4.2 Proper Response Metric 

The PR metric required implementation of one of the safety envelope-related metrics to 

trigger the requirement for a proper response. The MSE metric was chosen for its 

comprehensive formulation. Once a violation of the MSE occurs, the script calculates the 

timing for the subject vehicle to apply an appropriate level of braking or steering to avoid 

a collision based on the trajectory data. If the time required to complete the proper response 

exceeds the pre-defined threshold, or a collision occurs, the metric violation is triggered. 

The implementation of severity can then simply be determined by calculating the ratio of 

the timing of the actual proper response compared to the threshold value of a proper 
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response. It should be noted that any of the safety envelope-related metrics could be used 

to define the PR metric by adjusting the corresponding lines of code to reference a different 

metric such as the TTC rather than the MSE.  

5.4.3 Collision Incident Metric 

Although a collision incident event is easily observable, the mathematical logic to define 

the severity of such an event is more complex. The initial observation of a collision was 

determined using the “Intersect” function within MATLAB for the defined vehicle 

polygons and the time of the collision was recorded. The severity was defined as a function 

of the maximum delta-V, or change in velocity, for the involved vehicles in addition to the 

generalized PDOF (i.e., frontal, rear, or side impact) according to the equations detailed in 

Section 4.4. To determine these values, the velocities of the vehicles at impact were 

recorded in addition to the separation velocities. In theory, these values are easy to record; 

however, in many cases, the vehicle polygons did not completely separate following the 

collision, resulting in no change of the “Intersect” function to indicate a separation velocity 

for a severity evaluation. To accommodate these scenarios, the separation velocity was 

defined as either the time at which the vehicle polygons no longer intersected, or the time 

at which the vehicle accelerations dropped below 1 g of acceleration (whichever occurred 

first) to generalize a point in time at which the crash pulse was ending. Additionally, the 

directionality of the collision was required for the severity calculation. To accomplish this, 

the velocity change direction was evaluated for each vehicle based on the lateral and 

longitudinal components of the velocities in the vehicle coordinate system. For example, 
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if the magnitude of the lateral velocity change for the vehicle was greater than the 

longitudinal change in velocity, the collision was defined as a side impact.  

5.4.4 Predictable Acceleration Metric 

The PA metric was straightforward to implement in the script, evaluated based on the 

condition being achieved in which the longitudinal or lateral accelerations of the vehicles 

exceeded the pre-determined threshold. The summation of these events was accomplished 

by determining whether there was a violation at each timestamp and relating the 

corresponding lateral or longitudinal acceleration at that time compared to the assumed 

limit of the vehicle.  

5.5 MATLAB Results 

Developing the MATLAB script in a robust format that worked for any given scenario such 

as car-following, intersection, and lane change scenarios required numerous iterations as 

the logical implementation was not as straightforward as the formulations themselves. 

Once the evaluations were accomplished, several graphical outputs were automated to 

illustrate the results. These plots included the MSEV and PRVs with respect to the context 

of the scenario including vehicle velocities and relative positions, instantaneous MRD 

values, and a comparison of safety envelope-related metric violations. An indication of the 

occurrence of a collision was also added to the plots to provide context for rapidly and 

potentially unexpected changes in the vehicle dynamics resulting from a collision rather 

than driver inputs. Sample plots for the simulated scenarios are depicted in the following 

sections. Additionally, the severities of the various metric violations were calculated and 

stored in the MATLAB script to be reported for any given scenario.  



57 

6. EXAMPLE SCENARIOS WITH OSA SCORES 

6.1 Defining Example Scenarios 

This chapter provides examples of different scenario types with evaluations based on the 

previously defined OSA metric violations and severity measurements. To demonstrate the 

efficacy and robustness of the evaluation, a diverse set of scenarios have been selected as 

summarized in Table 3. This selection includes both successful and failed attempts to 

navigate scenarios included in NHTSA’s typology of pre-crash scenarios [37] in addition 

to several scenarios identified in the PATH program’s behavioral competencies [42]. The 

purpose for including both scenarios in which the vehicle successfully navigates the 

maneuver and failed attempts by the vehicle is to demonstrate the competency of the 

evaluation methodology with regards to identifying hazards of a given situation. This 

chapter will also discuss the methodology for the various testing techniques and the results 

obtained. 

Table 3. Example Scenario Test Matrix 

Scenario 
Name 

Scenario Type Scenario Description Scenario 
Outcome 

CF_LB_C Car-Following Traveling same speed, lead vehicle 
braking 

Collision 
CF_LB_NM Car-Following Near-Miss 
CF_LB_NE Car-Following No Event 

I_LT_C Intersection Left turn in front of oncoming 
traffic 

Collision 
I_LT_NM Intersection Near-Miss 
I_LT_NE Intersection No Event 
LC_CI_C Lane Change Vehicle cut-in at slower speed Collision 

LC_CI_NM Lane Change Near-Miss 
LC_CI_NE Lane Change No Event 
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6.2 Example Scenarios in Simulation 

First, the test matrix from Table 3 was evaluated utilizing a simulation program called 

Human, Vehicle, Environment (HVE). HVE is a physics-based program capable of 

simulating vehicle dynamics during collision events. In conjunction with the simulations 

performed in HVE, the CARLA software was utilized to iterate key parameters for a 

sensitivity analysis of the tested scenarios. The previously described MATLAB script was 

developed to automate the calculations for the safety metrics defined in the previous 

chapters based on the outputs from the simulation programs. As a result, the methodology 

can be applied for any dataset containing the proper variables regardless of the test type 

(e.g., simulation, closed-course testing, public-road testing).  

6.2.1 Simulated Scenario Methodology 

The vehicles chosen for the simulated scenarios are popular passenger vehicles on U.S. 

roadways to be representative of commonly driven vehicles. The lead vehicle for each 

simulation was a 2019 Ford Fiesta SE sedan and the follow vehicle was a 2020 Honda 

Civic EX-T sedan. The default dimensional and weight specifications for the Ford Fiesta 

and Honda Civic are shown in Figure 14 and Figure 15, respectively.  
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Figure 14. Default HVE 2019 Ford Fiesta Specifications 

 

Figure 15. Default HVE 2020 Honda Civic Specifications 

 

As discussed previously, a number of the variables utilized in calculating the OSA metrics 

are assumed values. These assumed parameters include components such as the subject 
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vehicle reaction time, the maximum deceleration of the lead vehicle, and the maximum 

acceleration of the follow vehicle. A detailed validation activity was conducted specifically 

for the MSEV based on RSS in [11]. Important consideration should be applied when 

determining the values to be used for the assumed parameters in the OSA metrics 

equations, as the value chosen may significantly impact the outcome of the calculations. 

The scenarios presented throughout this paper utilize the following assumed parameters: 

 Reaction Time: 1.0 second  

 Maximum Longitudinal Deceleration: 1.0 g 

 Maximum Longitudinal Acceleration: 0.05 g 

 Minimum Longitudinal Deceleration: 0.46 g 

 Maximum Lateral Acceleration: 0.7 g 

The acceleration limits are utilized in the equations to ensure maximum acceleration of the 

follow vehicle for the duration of the assumed reaction time would provide sufficient time 

for the vehicle to avoid a collision based on the MSEV. The acceleration values used here 

are consistent with reasonable expected values based on the simulation environment. The 

minimum deceleration for the follow vehicle is consistent with typical deceleration levels 

applied by drivers due to an unexpected obstacle [44].  

The values used for the assumed parameters may vary depending on the specific 

implementation of the OSA methodology and the accuracy of the metric calculations can 

be improved by optimizing these values. Naturalistic data are a valuable source of 

information to ensure the assumed parameters are as reasonable and accurate as possible; 

however, the limitations of these data should be understood. For instance, naturalistic data 
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for highway driving in Los Angeles will not necessarily provide useful assumptions for 

parameters of vehicles located in rural Ohio. Depending on the compute power and sensing 

capabilities of the subject vehicle, some parameters may be obtained in real-time to 

improve the metric calculations. One example of this would be classifying the lead vehicle 

as a passenger vehicle versus a pickup towing a trailer, versus a heavy commercial vehicle. 

These different lead vehicles can have drastically differing deceleration capabilities and 

could be accommodated as such if classification of these objects occurs. While determining 

the specific make and model of the lead vehicle may provide even further in-depth details 

regarding the vehicle capabilities, a more generalized classification would likely be 

sufficient to improve the calculations.  

In addition to the classification of specific vehicle types, vulnerable road users (VRUs) 

such as pedestrians, cyclists, and animals will have differing values for their assumed 

parameters. The scenarios evaluated throughout this work do not include VRUs due to 

simulation limitations; however, the metric calculations could easily be implemented for 

such scenarios as long as the appropriate assumed parameters are applied.  

The differing scenario types were selected to ensure the MATLAB script performed 

accurate calculations in all cases. To accomplish this, it was necessary to expand the 

formulations to not just calculate the metrics for a given car-following scenario, but also 

incorporate the necessary constraints to determine the scenario type and calculate the 

metrics accordingly. In order to demonstrate the effects of varying levels of severity for 

violation of the OSA metrics, three different scenario outcomes were designed into the 

simulation definition including collision, near-miss, and no event. For the collision 
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outcome, the scenario was defined in such a manner that the two vehicles collided with one 

another in an obvious manner. For the near-miss scenario, the same initial parameters were 

utilized; however, an avoidance maneuver was performed by the subject vehicle (and in 

some cases the aggressiveness of the other vehicle maneuver was reduced). The no event 

outcome was designed to border the edge of violations for the subject vehicle.  

6.2.2 Simulated Scenario Results 

Once the baseline HVE simulations were generated, the results were plotted and compared 

for each of the scenario outcomes of the same scenario description. Each OSA metric was 

evaluated for each of the scenarios to understand the impact of potentially hazardous 

scenarios with respect to the severity of a safety metric violation. Although a specific 

vehicle ADS was not evaluated, the purpose of this exercise was to evaluate the 

methodology and showcase the ability to quantify the performance of a given vehicle 

(human-drive and automated alike) leveraging observable variables that can be used to 

calculate metrics from a Black Box approach. Metrics requiring information directly from 

the vehicle ADS would require either a simulated or physical ADS for testing. 

6.2.2.1 Car-Following Scenario 

The first scenario evaluated was a basic car-following scenario in which both vehicles were 

initially driving at the same speed until the lead vehicle began braking. The timing and 

aggressiveness of the braking for the lead and follow vehicle were varied for the different 

scenario outcomes to alter the results between the collision, near-miss, and no event. The 

initial parameters for the lead and follow vehicles are summarized in Table 4. The initial 

setup for the scenario was then replicated in CARLA and the parameters were varied to 
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generate additional scenarios. An illustration of the initial car-following scenario is 

depicted in Figure 16.  

Table 4. Car-Following Scenario Initial Parameters 

 Collision Near-Miss No Event 
Variable 

Name 
Follow 
Vehicle 

Lead 
Vehicle 

Follow 
Vehicle 

Lead 
Vehicle 

Follow 
Vehicle 

Lead 
Vehicle 

Initial 
Position 

(-200.0 ft, 
61.0 ft) 

(0.0 ft, 
60.7 ft) 

(-200.0 ft, 
61.0 ft) 

(0.0 ft, 
60.7 ft) 

(-200.0 ft, 
61.0 ft) 

(0.0 ft, 
60.7 ft) 

Initial 
Velocity 

45 mph 45 mph 45 mph 45 mph 45 mph 45 mph 

Time of 
Brake 

Initiation 

8.5 
seconds 

5.0 
seconds 

8.5 
seconds 

5.0 
seconds 

7.3 
seconds 

5.0 
seconds 

Average 
Brake 

Magnitude 
-0.75 g -0.68 g -0.76 g -0.50 g -0.76 g -0.31 g 

 

 

Figure 16. Car-Following Scenario Setup in HVE 

6.2.2.1.1 Car-Following Scenario – MSE and PR Evaluation 

The graph shown in Figure 17 depicts the initial conditions for the scenario including the 

velocities for both vehicles and the closing distance throughout the scenario. The decrease 

in the dashed green line illustrates the lead vehicle braking five seconds into the simulation, 

resulting in a reduction in the closing distance (solid blue). The MSEV and PRV are 

Honda Civic 
V = 45 mph 

Ford Fiesta 
V = 45 mph 
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triggered when the longitudinal distance between the vehicles falls below the calculated 

MSE (dashed blue). In the simulated scenario, a collision occurs due to a delayed braking 

response by the follow vehicle with a resulting PRV severity of 1.0 given a sufficient 

braking response did not occur prior to the subject vehicle reaching the trajectory overlap 

zone. 

 

Figure 17. Scenario CF_LB_C Initial Conditions and MSEV Plot 

Two additional scenarios were generated with varying parameters to lessen the severity of 

the event. Figure 18 was generated, illustrating the same general scenario characteristics 

resulting in the follow vehicle narrowly avoiding the lead vehicle by applying a braking 

maneuver. Similarly, the parameters were adapted further yet to generate the scenario 

depicted in Figure 19 resulting in a momentary proper response violation. The decreasing 

levels of PRV severity of 1.0, 0.70, and 0.004 correspond to the lessening of the event 

severity for the collision, near-miss, and no event scenarios, respectively.   
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Figure 18. Scenario CF_LB_NM Initial Conditions and MSEV Plot 

 

 

Figure 19. CF_LB_NE Initial Conditions and MSEV Plot 
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6.2.2.1.2 Car-Following Scenario – MRD Evaluation 

As explained previously, the MRD acts as the severity evaluation of an MSEV. The MRD 

utilizes the current distance between the vehicles, current velocities, and an assumed level 

of braking for the lead vehicle to determine the deceleration required to avoid a collision. 

Ranging the lead vehicle deceleration from 10% to 100% of the vehicle’s braking 

capability provides confidence in the results of the scenario for a variety of lead vehicle 

behaviors. As depicted in Figure 20 for the analyzed scenario, the MRD begins in the low 

braking zone as the follow vehicle maintains a safe distance from the lead vehicle. Upon 

the lead vehicle braking, the closing distance is reduced and the MRD correspondingly 

increases. Once the lead vehicle reaches a complete stop (at approximately 8 seconds), the 

varying MRD curves converge since additional braking will no longer impact the dynamics 

of the lead vehicle. As a result of the delayed reaction by the follow vehicle in applying the 

brakes, the MRD rapidly approaches the high braking zone and quickly exceeds the 

capabilities of the follow vehicle, thus resulting in a collision. 
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Figure 20. Scenario CF_LB_C MRD Evaluation 

As expected, with the lessening severity of events for the near-miss and no event scenarios, 

the MRD is reduced, as illustrated in Figure 21 and Figure 22. For the collision scenario, 

the maximum braking capability of the follow vehicle was exceeded just over one second 

prior to the collision due to the delayed braking response. The near-miss scenario resulted 

in a maximum MRD of 0.9 g demonstrating the close proximity to a collision whereas the 

no event scenario MRD never exceeded the low braking zone. The varying scenarios 

presented here illustrate the formulation for the MSE as an MSEV occurs when the MRD 

approaches the moderate braking zone and will continue to increase until a proper response 

is applied to reestablish the MSE. 
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Figure 21. Scenario CF_LB_NM MRD Evaluation 

 

Figure 22. Scenario CF_LB_NE MRD Evaluation 

6.2.2.1.3 Car-Following Scenario – Safety Envelope-Related Metric Violations 

The reviewed literature revealed numerous safety envelope-related metrics which could be 

utilized to evaluate a vehicle for a given scenario. The various safety envelope-related 

metrics were calculated and plotted against one another for the simulated scenarios to 

compare their robustness, consistency, and overall ability to detect a potential event. As 
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can be seen in Figure 23, a brief MTTC violation (MTTCV) occurs near the beginning of 

the scenario with no other violations occurring until the MSEV approximately four seconds 

prior to the collision. The remainder of the safety envelope-related metric violations follow 

the MSEV intermittently including the PET, TTC, MTTC, and THW. It should be noted 

that the other safety envelope-related metric violations are based on a threshold of 2.5 

seconds. This threshold was chosen based on the simulation work conducted in [3] and 

affects the frequency as well as timing at which a violation will be triggered. These other 

safety envelope-related metrics will be included for demonstrative purposes throughout 

this section; however, this work identified a more consistent and comprehensive evaluation 

through the implementation of the MSE metric throughout the different scenarios 

presented. The consistency of the MSEV is shown throughout due to its comprehensive 

consideration of the vehicle kinematics. 

 

Figure 23. Scenario CF_LB_C Safety Envelope-Related Metric Violations 
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The MSEV occurs at the same time for each of the car-following scenarios because the 

dynamics leading up to the MSEV remained constant. This approach helped demonstrate 

the consistency of the MSEV in relation to the other safety envelope-related metrics which 

differ in timing and frequency for the near-miss and no event scenarios as depicted in 

Figure 24 and Figure 25, respectively.  
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Figure 24. Scenario CF_LB_NM Safety Envelope-Related Metric Violations 

 

Figure 25. Scenario CF_LB_NE Safety Envelope-Related Metric Violations 
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6.2.2.1.4 Car-Following Scenario – CIV Severity Evaluation 

In addition to the OSA metrics depicted in the above graphs, the CI and PA metrics were 

also evaluated for each of the given scenarios. A CIV severity only exists for scenarios in 

which a collision occurs and therefore is not compared across the scenarios presented for 

the car-following instances. Table 5 summarizes the CIV severity for the lead and follow 

vehicles for the collision event. Given the similar mass of the involved vehicles and the 

inline nature of the collision, the change in velocity, or delta-V, for both vehicles is 

approximately the same. As defined in the metric severity definition, the generalized 

formulation assumes rear impacts to be the least severe followed by frontal impacts, and 

side impacts being the most severe assuming the delta-V remains constant. It should be 

noted that this is a generalized formulation based on statistical data from [45] and 

exceptions may exist for specific cases. Given these assumptions, the follow vehicle 

experiences the greater CIV severity due to the similar delta-V because it experienced a 

frontal collision versus the lead vehicle experiencing a rear impact. The severity of this 

collision is relatively minor with a maximum CIV severity of 0.005.  

Table 5. Scenario CF_LB_C CIV Severity 

Lead Vehicle CIV Severity Follow Vehicle CIV Severity 
0.002 0.005 

 

6.2.2.1.5 Car-Following Scenario – PAV Severity Evaluation 

Unlike the CI metric, the PA metric can be applied to each of the car-following scenarios 

analyzed. Table 6 summarizes the PAV for both the lead and follow vehicles in each 

scenario. The PAV severity by itself does not necessarily provide a useful metric for 
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evaluation of a vehicle as an initial review would indicate the follow vehicle was least 

aggressive in the collision scenario and therefore performed the best; however, we know 

that a higher deceleration in the initial scenario may have prevented the collision. All other 

metrics being equal, a lower PAV severity would indicate greater overall performance for 

the subject vehicle; yet, the context of the scenarios should be considered utilizing the other 

metrics to avoid misleading conclusions of increased performance for a more hazardous 

result. Although the subject vehicle is the vehicle under evaluation, understanding the PAV 

severity of the other salient object provides additional context as to the complexity of the 

scenario which will be discussed in detail later as another aspect of the OSA methodology. 

For example, if the lead vehicle is driving highly aggressively, the scenario may be more 

difficult for the subject vehicle to navigate just as it would be for a human driver.   

Table 6. Car-Following Scenario PAV Severity 

Scenario Lead Vehicle PAV 
Severity 

Follow Vehicle PAV 
Severity 

CF_LB_C 0.1622 0.0645 
CF_LB_NM 0.0 0.1511 
CF_LB_NE 0.0 0.1454 
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6.2.2.2 Intersection Scenario 

Next, a set of intersection scenarios were developed, again with a collision, near-miss, and 

no event scenario. A similar comparison was conducted to evaluate the same metrics from 

a different scenario type and prove the robustness of the formulations. The intersection 

used in this set was a T-intersection with two lanes in each direction of travel. The lead 

vehicle in this set of scenarios was positioned at the east side of the intersection making a 

left turn across traffic while the follow vehicle was traveling eastbound towards the turning 

vehicle in the number two (outside) travel lane. The initial parameters for each scenario are 

defined in Table 7 and a snapshot from the collision scenario with the lead vehicle turning 

left in front of the follow vehicle is depicted in Figure 26.  

Table 7. Intersection Scenario Initial Parameters 

 Collision Near-Miss No Event 

Variable Name 
Follow 
Vehicle 

Lead 
Vehicle 

Follow 
Vehicle 

Lead 
Vehicle 

Follow 
Vehicle 

Lead 
Vehicle 

Initial Position 
(-428.0 ft, 

48.8 ft) 
(57.0 ft, 
24.4 ft) 

(-428.0 ft, 
48.8 ft) 

(57.0 ft, 
24.4 ft) 

(-428.0 ft, 
48.8 ft) 

(57.0 ft, 
24.4 ft) 

Initial Velocity 45 mph 0 mph 45 mph 0 mph 45 mph 0 mph 
Time of Brake 

Initiation 
N/A N/A 

5.4 
seconds 

N/A 
4.7 

seconds 
N/A 

Average Brake 
Magnitude 

N/A N/A -0.76 g N/A -0.77 g N/A 
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Figure 26. Intersection Scenario Setup in HVE Illustrating Lead Vehicle (White) Turning 
Left in Front of Follow Vehicle (Red) 

6.2.2.2.1 Intersection Scenario – MSEV and PRV Evaluation 

The intersection scenario was added to demonstrate the robustness of the evaluation 

methodology for differing types of events. In this scenario, the lead vehicle does not 

initially start in the path of the following vehicle; however, as the lead vehicle accelerates 

and steers through the intersection, its trajectory quickly intersects with that of the follow 

vehicle. In order to account for this mathematically, the future positions for each vehicle 

are determined based on the current position and the longitudinal and lateral velocities. 

This method is demonstrated in Figure 27 where the MSEV is shown to occur just prior to 

4 seconds into the event, even though the lead vehicle does not physically enter the follow 

vehicle’s lane of travel until just after 6 seconds into the simulation. Since the subject 

vehicle does not react to the vehicle turning in front, thus resulting in a collision, the PRV 

severity is shown to be 1.0.  
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Figure 27. I_LT_C Initial Conditions and MSEV Plot 

The subject vehicle was given a braking input in the near-miss and no event scenarios to 

avoid striking the lead vehicle with the same initial conditions. Since the conditions leading 

up to the MSEV are held constant, the violation occurs at the same point in time; although, 

the PRV severity is reduced to 0.3723 in the near-miss scenario and a PRV is altogether 

removed from the no event scenario as a result of the earlier brake application by the subject 

vehicle. Figure 28 and Figure 29 illustrate this reduction in severity for the alternate 

scenarios.   
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Figure 28. I_LT_NM Initial Conditions and MSEV Plot 

 

Figure 29. I_LT_NE Initial Conditions and MSEV Plot 

6.2.2.2.2 Intersection Scenario – MRD Evaluation 

As was the case with the car-following scenarios, the MRD decreases from the collision, 

to the near-miss, and finally, to the no event scenarios. Since the lead vehicle starts from a 

stop and accelerates rather than the previous set in which the lead vehicle started at a 

constant velocity and slowed to a stop, the varying levels of assumed braking for the lead 
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vehicle cause the MRD curves to diverge as the lead vehicle accelerates. The MRD quickly 

enters the high braking zone and exceeds the vehicle braking capability as a result of the 

lack of response to the oncoming collision for the collision event scenario. Conversely, the 

MRD hardly surpasses the reactionary braking zone for the near-miss scenario and remains 

within the moderate braking zone for the no event scenario. The differing levels of MSEV 

severity as quantified by the MRD is shown in Figure 30 through Figure 32. 

 

Figure 30. Scenario I_LT_C MRD Evaluation 
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Figure 31. Scenario I_LT_NM MRD Evaluation 

 

Figure 32. Scenario I_LT_NE MRD Evaluation 

Intersection Scenario – Safety Envelope-Related Metric Violations 

As was demonstrated in Figure 27 through Figure 29, the MSEV occurs at the same point 

in time for each scenario with differing levels of severity based on the calculated MRD, 

resulting from differences in the brake initiation time for the subject vehicle. As was the 

case with the car-following scenarios, the other safety envelope-related metrics displayed 
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some variation between the differing scenarios in both occurrence time and frequency, 

shown in Figure 33 through Figure 35. In all cases, the other safety envelope-related 

metrics triggered after the MSEV; however, as explained previously, the trigger time is 

dependent on the threshold set for the violations. Again, the MSEV appears the most 

consistent and comprehensive across scenarios by incorporating the most information from 

the involved vehicles and basing the violation severity on the assumed physical limitations 

of the vehicles.  

 

Figure 33. Scenario I_LT_C Safety Envelope-Related Metric Violations 
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Figure 34. Scenario I_LT_NM Safety Envelope-Related Metric Violations 

 

Figure 35. Scenario I_LT_NE Safety Envelope-Related Metric Violations 

 

6.2.2.2.3 Intersection Scenario – CIV Severity Evaluation 

The collision event for the intersection scenario resulted in a substantially higher severity 

value than that of the car-following scenario. The primary factor attributing to the increase 

in severity is the impact modality, introducing a side impact rather than the frontal and rear 
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collisions that resulted from the car-following collision event. Additionally, the delta-Vs 

for the vehicles in this scenario were greater than those resulting from the car-following 

scenario, further increasing the severity and producing the 16.2% risk of an MAIS 4+F for 

the lead vehicle occupants in this scenario in addition to a 3.1% risk for the subject vehicle. 

Table 8. Scenario I_LT_C CIV Severity 

Lead Vehicle CIV Severity Follow Vehicle CIV Severity 
0.162 0.031 

 

6.2.2.2.4 Intersection Scenario – PAV Severity Evaluation 

Similar to the car-following collision scenario, the intersection collision scenario 

represented the lowest PAV severity since the subject vehicle did not apply any braking to 

avoid the collision. The similar magnitude of braking for the near-miss and no event 

scenarios resulted in a similar PAV severity of approximately 0.19. The lead vehicle in this 

case did not perform any maneuvers resulting in the vehicle dynamics exceeding the 

threshold of predictable acceleration and therefore has a PAV severity of 0.0; however, the 

failure to yield to the subject vehicle in the case of the collision would represent a traffic 

law violation and could be accounted for in the complexity of the scenario as there would 

be a limit to which the lead vehicle could turn in front of the subject vehicle without leaving 

enough time for the subject vehicle to avoid a collision. Conversely, it is possible the 

turning vehicle had the right-of-way based on the traffic signal phase and timing, requiring 

further investigation to determine the at fault vehicle which would follow the flow chart 

previously depicted in Figure 4.   
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Table 9. Intersection Scenario PAV Severity 

Scenario Lead Vehicle PAV Follow Vehicle PAV 
I_LT_C 0.0 0.0 

I_LT_NM 0.0 0.1900 
I_LT_NE 0.0 0.1878 

 

6.2.2.3 Cut-In Scenario 

To further test the robustness of the metric violations and severity formulations, a cut-in 

scenario was simulated in which the lead vehicle initially traveled in the lane adjacent to 

the subject vehicle, then cut into the lane at a slower speed than the subject vehicle 

necessitating a response. The initial longitudinal position and speed of the subject vehicle 

was varied for each alternate scenario to generate less severe situations with the same cut-

in maneuver by the lead vehicle. Table 10 summarizes the initial parameters for the various 

cut-in scenarios and Figure 36 depicts the lead vehicle cutting into the subject vehicle’s 

lane during the collision scenario in HVE. 

Table 10. Cut-In Scenario Initial Parameters 

 Collision Near-Miss No Event 

Variable Name 
Follow 
Vehicle 

Lead 
Vehicle 

Follow 
Vehicle 

Lead 
Vehicle 

Follow 
Vehicle 

Lead 
Vehicle 

Initial Position 
(-340.0 ft, 

53.0 ft) 
(-100.0 ft, 

66.0 ft) 
(-440.0 ft, 

53.0 ft) 
(-100.0 ft, 

66.0 ft) 
(-350.0 ft, 

53.0 ft) 
(-100.0 ft, 

66.0 ft) 
Initial Velocity 65 mph 45 mph 65 mph 45 mph 55 mph 45 mph 
Time of Brake 

Initiation 
6.7 

seconds 
5.5 

seconds 
6.7 

seconds 
5.5 

seconds 
5.5 

seconds 
5.5 

seconds 
Average Brake 

Magnitude 
-0.81 g -0.66 g -0.77 g -0.67 g -0.78 g -0.67 g 
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Figure 36. Cut-In Scenario Setup in HVE Illustrating Lead Vehicle (White) Changing 
Lanes in Front of Follow Vehicle (Red) 

6.2.2.3.1 Cut-In Scenario – MSE Violation and PR Violation Evaluation 

The cut-in scenarios were simulated with differing levels of severity by maintaining a 

constant lane change maneuver by the lead vehicle and varying the initial position and 

speed of the subject vehicle. The MSEV is less intuitive for the cut-in scenario because the 

longitudinal MSE is violated from the beginning of the simulation as depicted in Figure 37 

through Figure 39. The MSEV is much less stable for the lane change scenarios. The reason 

for the instability of the violation measure is the sensitivity to slight heading changes during 

the scenario. Since the longitudinal MSE is violated from the beginning of each scenario, 

a slight yaw for either the lead or follow vehicle will result in an intersection of the paths 

creating a lateral violation as well. Although this results in a high frequency of MSEVs, 

the severity of the violation is still a result of the calculated MRD. Additionally, because 

the MSEVs are intermittent, a PRV does not occur for the brief violation measurements. 

The near-miss scenario results in a lower PRV severity as a result of the greater longitudinal 

distance at the time of the lane change, allowing sufficient time for the subject vehicle to 
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stop prior to impacting the slower lead vehicle. The PRV then goes away entirely for the 

no event scenario due to the lower closing speed between the two vehicles and the earlier 

braking response by the subject vehicle.    

 

Figure 37. LC_CI_C Initial Conditions and MSEV Plot 

 

Figure 38. LC_CI_NM Initial Conditions and MSEV Plot 
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Figure 39. LC_CI_NE Initial Conditions and MSEV Plot 

6.2.2.3.2 Cut-In Scenario – MRD Evaluation 

Since the cut-in scenario occurred when the longitudinal MSE had already been 

compromised, the MRD begins near the high braking zone by the time the MSEV triggers 

(almost 5 seconds into the simulation) as shown in Figure 40. As was the case for the 

intersection scenario, the near-miss and no event scenarios resulted in an MRD reaching 

the reactionary and moderate braking zones, respectively, as illustrated in Figure 41 and 

Figure 42. The cut-in collision scenario represents a situation where the MSEV is initiated 

by the other salient object and creates an almost unavoidable impact assuming a 1 second 

reaction time for the subject vehicle to achieve the MRD. Had the lane change by the lead 

vehicle been initiated slightly later, the collision would have been unavoidable from the 

start and the subject vehicle would not be penalized for the collision based on the proposed 

evaluation methodology for an OEF-CI.  
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Figure 40. Scenario LC_CI_C MRD Evaluation 

 

Figure 41. Scenario LC_CI_NM MRD Evaluation 
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Figure 42. Scenario LC_CI_NE MRD Evaluation 

 

6.2.2.3.3 Cut-In Scenario – Safety Envelope-Related Metric Violations 

As was the case with the previously described scenarios, the other safety envelope-related 

metric violations vary with regards to timing and frequency while the MSEV occurs at the 

same time for each alternate simulation as depicted in Figure 43 through Figure 45. The 

THW violation (THWV) was the only metric violation that was triggered prior to the 

MSEV in each of the simulated scenarios; however, it should be noted that many of the 

various safety envelope-related metrics do not consider the lateral component of the 

vehicles demonstrating an additional limitation in that the TTC, MTTC, and THW would 

be incapable of differentiating the follow vehicle safely traveling parallel to the lead vehicle 

in the adjacent lane versus traveling towards the lead vehicle in the same lane.  
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Figure 43. Scenario LC_CI_C Safety Envelope-Related Metric Violations 

 

Figure 44. Scenario LC_CI_NM Safety Envelope-Related Metric Violations 
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Figure 45. Scenario LC_CI_NE Safety Envelope-Related Metric Violations 

 

6.2.2.3.4 Cut-In Scenario – CIV Severity Evaluation 

The CIV severity is more comparable to that of the initial car-following scenario set since 

the impact modality is the same even though the initial parameters were different. The 

delta-V resulting from the simulated collision was slightly higher than that of the initial 

car-following collision scenario, therefore yielding a slightly higher CIV severity of 0.010 

shown in Table 11.  

Table 11. Scenario LC_CI_C CIV Severity 

Lead Vehicle CIV Severity Follow Vehicle CIV Severity 
0.002 0.010 

 

6.2.2.3.5 Cut-In Scenario – PAV Severity Evaluation 

The cut-in scenario set provides yet another example of the PAV severity giving misleading 

results without considering the full context of the scenario as summarized in Table 12. The 
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lead vehicle behaves least aggressively during the impact scenario to most aggressively in 

the no event scenario with a corresponding increase in severity for the follow vehicle PAV. 

While the results shown here appear counterintuitive, a simple example demonstrating the 

reason for the PAV severity would be an identical scenario to the no event simulation in 

which the follow vehicle maintains a larger initial longitudinal distance from the lead 

vehicle in the adjacent lane, corresponding to a lighter brake application to avoid a 

collision. The reduction in braking would reduce the PAV severity for the follow vehicle 

to indicate the less aggressive driving behavior. 

Table 12. Cut-In Scenario PAV Severity 

Scenario Lead Vehicle PAV 
Severity 

Follow Vehicle PAV 
Severity 

LC_CI_C 0.1388 0.0584 
LC_CI_NM 0.1614 0.2355 
LC_CI_NE 0.1940 0.2395 

 

6.2.3 Scenario Testing Summary Discussion 

The previously shown examples help to characterize the robustness and limitations of the 

various proposed metrics to be used in quantifying the safety of a vehicle for a given 

scenario. As previously discussed, the OSA methodology evaluates vehicle performance 

first by determining whether a metric violation exists, then applying a normalized 

weighting factor to the violation based on severity and the values are summed for the 

complete scenario. The weighted aggregate scores for the scenarios described in detail 

throughout this chapter were calculated and compiled for comparison. Table 13 

summarizes the scores calculated for each of the simulated scenarios. It should be noted 

that the calculated scores only include metrics that could be measured for the simulated 
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scenarios (i.e., Black Box metrics). Metrics related to the subject vehicle perception system 

and other subsystems that would include Grey Box, White Box, and Clear Box metrics 

could not be included in this evaluation since an actual vehicle ADS was not tested. There 

were no TLVs throughout the tested scenarios because an actual ADS was not being 

evaluated; therefore, any TLV would have been arbitrarily created. It is not unreasonable 

to assume a TLV should be an uncommon violation if the ADS is designed to conform 

with traffic laws as is the case in the evaluated scenarios. 

Table 13. Summary Table of OSA Scores for Simulated Scenarios 

Scenario 
Type 

Description MSEV PRV CIV PAV TLV Score 

Car-
Following 

CF_LB_C 1.000 1.000 0.005 0.065 0.000  58.6% 
CF_LB_NM 0.900 0.583 0.000 0.151 0.000  67.3% 
CF_LB_NE 0.352 0.004 0.000 0.145 0.000  90.0% 

Intersection 
I_LT_C 1.000 1.000 0.162 0.000 0.000  56.8% 

I_LT_NM 0.891 0.372 0.000 0.190 0.000  70.9% 
I_LT_NE 0.450 0.000 0.000 0.188 0.000  87.3% 

Lane 
Change 

LC_CI_C 1.000 1.000 0.010 0.058 0.000  58.6% 
LC_CI_NM 0.826 0.572 0.000 0.236 0.000  67.3% 
LC_CI_NE 0.416 0.000 0.000 0.24 0.000  86.9% 

 

For illustrative purposes, consider a case in which the car-following, no-event scenario 

resulted in a TLV due to the follow vehicle exceeding the speed limit. Assuming the same 

evaluated kinematics with the addition of the TLV, the overall score would drop from 

90.0% to 70.0%. This significant drop in the overall score demonstrates the negative impact 

of a TLV on the vehicle evaluation. 

It should be noted that the scope of the OSA methodology defined within this paper extends 

beyond the analysis conducted within this section. The major limitation of the simulation 
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used to define these scenarios lies in the lack of an actual ADS to be evaluated; therefore, 

removing the ability to analyze ADS-specific metric violations. Although the ADS-related 

metrics could not be evaluated within these scenarios, the framework has been laid out and 

the script has been designed for ease of implementation of these metrics in future work. 

Despite the lack of ADS-related metrics in the simulated scenarios, numerous interesting 

observations could be made from the Black Box metrics focused on the vehicle dynamics 

of the scenario. One such observation is that based on the current formulation, the resulting 

scores for the collision, near-miss, and no event scenarios followed the anticipated outcome 

of the highest score for no event (corresponding to the lowest cumulative violation 

severities) decreasing to the lowest score for the collision events regardless of scenario 

type.  

Another interesting observation resulting from the scenarios is the increase in severity for 

the PAVs for the events avoiding a collision due to high deceleration levels enacted to 

avoid the collision. All other metric violations being equal, the ability to avoid a collision 

or even to minimize a safety envelope violation with lower deceleration levels would 

correspond to a lower severity. Although avoidance maneuvers resulted in higher severities 

of the PA metric, these increased severities did not cause the overall score to reach the 

same level as the collision events. The formulations described throughout this paper are 

just one example of possible thresholds and severity assessments for such metrics. Possible 

methods to overcome the penalization of a vehicle exceeding the acceleration thresholds 

as necessary to navigate a scenario may include options such as negating the PAV if a 

proper response is being performed by the subject vehicle as a result of another salient 
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object’s actions or establishing weighting factors for metrics relating to varying levels of 

safety.  

It is important to consider all relevant metrics when evaluating the performance of a vehicle 

for a given scenario to provide as much context as possible; however, it may be determined 

that categorized scores are more useful than providing a single score for vehicle 

performance. Such a methodology would be similar to the Insurance Institute for Highway 

Safety (IIHS) safety ratings for vehicles broken down by various categories such as 

Crashworthiness, Crash Avoidance & Mitigation, and Seat Belts & Child Restraints [47]. 

Although the vehicle receives an overall performance rating in this structure, individual 

categories of performance can be more easily compared using this breakdown. This type 

of rating system could allow for a vehicle to have a pass/fail criterion for more critical 

metrics such as a collision incident while a metric like predictable acceleration that may be 

considered less safety critical than a collision itself may not carry the same implications as 

an independent rating. Such a pass/fail type rating could be further applied by establishing 

required thresholds for different metric categories. For example, a CIV or PRV may be 

considered a failure regardless of severity whereas PAVs and MSEVs may be acceptable 

up to a specified threshold, although their ratings may be lower for greater observed 

violation severities. An approach for evaluating the vehicle for different categories is 

shown in Table 14. This approach directly compares the severity for each metric violation 

across the scenarios.  



95 

Table 14. Summary Table of Independent Metric Scores for Simulated Scenarios 

Scenario Type Description MSEV PRV 
CIV 

(Impact Mode, 
Severity) 

PAV TLV 

Car-Following 

CF_LB_C 0% 0% 
Fail 

(Frontal, 0.005) 
94% 100% 

CF_LB_NM 10% 42% Pass 
(N/A, N/A) 

85% 100% 

CF_LB_NE 65% 100% 
Pass 

(N/A, N/A) 
85% 100% 

Intersection 

I_LT_C 0% 0% 
Fail 

(Side, 0.162) 
100% 100% 

I_LT_NM 11% 63% 
Pass 

(N/A, N/A) 
81% 100% 

I_LT_NE 55% 100% 
Pass 

(N/A, N/A) 
81% 100% 

Lane Change 

LC_CI_C 0% 0% 
Fail 

(Frontal, 0.010) 
94% 100% 

LC_CI_NM 17% 43% 
Pass 

(N/A, N/A) 
76% 100% 

LC_CI_NE 58% 100% 
Pass 

(N/A, N/A) 
76% 100% 

 

Yet another possible approach combines the results summarized in Table 13 and Table 14 

by establishing category scores. This approach combines the relevant metrics to establish 

a Nominal Driving Score, Near-Miss Score, and Collision Score. For the data presented 

here, the proposed Nominal Driving Score is based on the average of the PAV severity and 

TLV severity; the MSEV and PRV severities are averaged to provide the Near-Miss Score; 

and the CIV severity establishes the Collision Score as shown in Table 15. This 

categorization provides the clearest picture with regards to relevant comparisons. For 

example, the PAV is no longer factored into the occurrence of a collision and the presence 

of a collision can be isolated from scenarios in which a collision does not occur. As in the 

previous example, consider again the car-following, no-event scenario resulting in a TLV. 
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While the near-miss and collision scores would not be impacted by the TLV, the nominal 

driving score would be reduced from 93% to 43%, again illustrating the negative impact 

of a TLV on the nominal driving-related vehicle performance. 

Table 15. Summary Table of Categorized Metric Scores for Simulated Scenarios 

Scenario 
Type 

Description 
Nominal Driving 

Score 
Near-Miss 

Score 
Collision 

Score 

Car-
Following 

CF_LB_C 97% 0% 99% 
CF_LB_NM 92% 26% 100% 
CF_LB_NE 93% 82% 100% 

Intersection 
I_LT_C 100% 0% 84% 

I_LT_NM 91% 37% 100% 
I_LT_NE 91% 78% 100% 

Lane 
Change 

LC_CI_C 97% 0% 99% 
LC_CI_NM 88% 30% 100% 
LC_CI_NE 88% 79% 100% 

 

6.3 CARLA Simulation Methodology 

As discussed in the previous section, HVE was utilized to simulate the baseline scenarios 

defined in the test matrix in Table 3. An additional simulation was then created in CARLA 

to iterate different variables for the subject and other vehicle in each scenario, providing 

results for almost 500 scenarios with similar conditions. This was accomplished utilizing 

an automated script to iterate variables at a predetermined increment over a range of values 

[48]. The value of CARLA is demonstrated through this task in the ability to automate a 

large number of scenarios to conduct a sensitivity analysis with respect to the metric 

calculation results which would take substantial time and effort to compile in HVE. 

Although CARLA is unable to consider the severity of a collision event since the 

simulation model is not equipped to handle the dynamics of the collision itself, it can still 
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be used to identify whether a collision occurs and HVE could be leveraged to further 

explore specific CIV severities. An evaluation of the CARLA scenarios was conducted to 

consider the effects of the applied variable ranges for the various scenarios. One important 

aspect of the metrics analysis is the measurement uncertainty for the collection of the 

observable variables in real-world environments. Simulated data provide the ability to 

measure exact values; however, when these metrics are considered for real world 

evaluation, different sensors have varying capabilities with regards to the accuracy and 

resolution of measurements which will have an impact on the overall metrics calculations. 

The iteration through variable ranges during this analysis provides additional context to 

understand the boundaries of a possible collision in addition to the variation of the other 

metric violations and severities based on differing levels of measurement uncertainty. 

Furthermore, since measurement uncertainties can result in the variation of actual data (i.e., 

the measured result may vary above and below the observed value), evaluation of these 

uncertainties requires more than simply considering the maximum or minimum realistic 

value. By iterating the variables and contrasting the results for different permutations of 

uncertainties, a comprehensive sensitivity analysis can be performed. Real-world 

evaluations utilizing the presented OSA methodology could incorporate known 

measurement uncertainties to bound performance evaluations and ensure the confidence of 

the assessment. Additionally, this approach could be utilized to assist in the identification 

of edge, corner, and long tail cases. These cases highlight the boundaries of a vehicle 

capabilities, or in some cases, may highlight the boundaries of a metric to accurately 

evaluate a scenario (i.e., measurement uncertainty limits of a metric). Table 16 summarizes 

the variables, ranges, and increments for the CARLA simulation iterations.  
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Table 16. Variable Iteration Table for CARLA Simulations 

Variable Name Variable Range Iteration Increment 
Velocity ±5 mph 1.25 mph 

Initial Separation Distance 
(Longitudinal) 

±16.4 ft 3.28 ft 

Time of Braking ±2.5 sec 1.0 sec 

6.4 CARLA Simulation Results 

The MATLAB script was modified for compatibility with the CARLA results for the 

hundreds of scenarios generated with varied parameters. This automated process provided 

the capability of undertaking a sensitivity study to understand how the metrics calculations 

were affected by variations within the initial scenario parameters. Overall, the scenarios 

resulted in a range of outcomes from avoiding an MSEV altogether, to collision events. 

6.4.1 CARLA Scenario Setup 

The advantage to utilizing CARLA is demonstrated in this section providing a range of 

metrics calculations for the specified scenario. First, a baseline scenario was generated with 

the CARLA simulation tool and was replicated in HVE to establish the general 

repeatability of results. It should be noted that the fidelity of the vehicle models in CARLA 

is lower than that of the vehicle models in HVE, as the HVE models include validation 

efforts with access to far more parameters than the more simplified CARLA vehicle 

models. The tradeoffs are demonstrated as CARLA features ease of automation of 

scenarios while HVE provides heightened fidelity. A simple car-following scenario was 

chosen for this example to illustrate the potential benefits which could be applied to similar 

scenario types to those generated in the previous HVE simulations.  
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6.4.2 CARLA Baseline Result Repeatability 

The same baseline scenario was generated in HVE to demonstrate the general repeatability 

of results between the two simulation software. The vehicle parameter inputs were 

incorporated to the CARLA simulation to achieve similar results to the HVE scenario and 

mimic the results for the metric violations. Table 17 reports the key metrics violation 

severities and the deviation between the two simulations to compare the results. The results 

of the metrics calculations performed for both simulations demonstrate similar results with 

minimal standard deviations. The collision incident severity was not compared because the 

baseline comparison involved a near-miss scenario in which the vehicles did not collide. 

Furthermore, since CARLA is not capable of handling the collision dynamics between two 

vehicles, the CIV results would not be expected to demonstrate consistency had a collision 

scenario been analyzed. The slightly higher deviations observed in the PRV and the PAV 

for the lead vehicle are due to the less stable vehicle model in CARLA with greater 

variation of the vehicle accelerations. In general, the results between the baseline CARLA 

and HVE scenarios demonstrated repeatability, allowing for the next step of proceeding 

with the iterations for the sensitivity analysis. 

Table 17. Comparison of CARLA and HVE Baseline Scenario Results 

Simulation MSEV PRV CIV PAV_Lead PAV_Follow 
CARLA 0.8989 0.8133 N/A 0.1780 0.1647 

HVE 0.9004 0.6957 N/A 0 0.1511 
Std Dev. 0.0008  0.0588  N/A  0.0890  0.0068 
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6.4.3 CARLA Iteration Results 

Once the repeatability was verified between the simulation programs, the initial parameters 

for the baseline CARLA simulation were iterated according to Table 16. Utilizing the 

automated script for scenario iteration, 460 simulations were generated from the initial 

baseline scenario [48]. The resulting metrics scores ranged from 0 to 1 for both the MSEV 

and PRV severities. The CI metric was only evaluated as a binary metric violation since 

CARLA is not capable of handling the post-collision dynamics necessary to evaluate the 

CIV severity. Scatter plots for the results of the metrics calculations for the generated 

scenarios are included in Figure 46 to Figure 48 to illustrate the range of values measured 

for the iterated scenarios.  
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Figure 46. Lead Vehicle PAV Severity for CARLA Scenarios 

 

Figure 47. Follow Vehicle PAV Severity for CARLA Scenarios 
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Figure 48. PRV Severity, MSEV Severity, and CI Violation Instances for CARLA 
Scenarios 

This sensitivity analysis demonstrates the importance of considering measurement 

uncertainty within the OSA methodology and incorporating such analyses in the overall 

evaluation of a scenario. Given known measurement uncertainty parameters for a sensor 

modality validated through ground truth testing, this same process could be conducted. As 

was shown in this section, the iteration parameters resulted in a wide range of scenarios 

from not even experiencing an MSEV to the occurrence of a collision event. In most real-

world systems, it would be expected that the measurement uncertainty would be lower than 

the values considered here for example purposes, corresponding to less variability in the 

metrics calculations. 
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6.5 Example Scenarios in Public Road Data Collection 

In addition to the simulated scenarios analyzed, data were collected for real-world 

scenarios at the intersection of Daisy Mountain Drive and Gavilan Peak Parkway in 

Anthem, Arizona. This intersection is part of the SMARTDrive ProgramSM Test Bed 

developed by the University of Arizona Transportation Research Institute (TRI) in 

cooperation with the Maricopa County Department of Transportation (MCDOT) [49]. Data 

were collected using a variety of sensor modalities including LIDAR, drone camera, 

infrastructure-based cameras, and RT differential GPS. The drone data were processed 

based on methodologies detailed in [2] to measure the necessary parameters for calculation 

of metrics violations and severities similar to the simulated scenarios. The data were then 

post-processed into a format that could be interpreted by the same MATLAB script used 

to calculate the metrics in the previous sections. A set of car-following scenarios were 

selected from the captured data to represent varying following distances as outlined in 

Table 18.  

Table 18. Summary of Real-World Scenarios Measured During Public Road Data 
Collection 

Scenario 
Name 

Scenario Type Scenario Description 

CF_1 Car-Following 
Traveling through intersection 

longest following distance 

CF_2 Car-Following 
Traveling through intersection, 

normal following distance 

CF_3 Car-Following 
Traveling through intersection, 

shorter following distance 

CF_4 Car-Following 
Traveling through intersection, 

shortest following distance 
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6.5.1 Public Road Data Collection Methodology 

The real-world data were utilized in a similar manner to the simulated data to evaluate the 

OSA metrics for a variety of scenarios. Although any vehicles captured in the drone footage 

during the data collection could have been utilized for this analysis, the initial focus was to 

utilize scenarios involving the test vehicle to have a ground truth data comparison. The RT 

differential GPS installed in the Jeep Wrangler test vehicle was capable of recording 

position with an accuracy of 10 cm for comparison with the tracking algorithm applied to 

the drone data. Additionally, the test vehicle was scanned utilizing a 3D laser scanner to 

document the actual vehicle length and width, in addition to providing an accurate 

measurement of the location of the differential GPS within the vehicle as shown in Figure 

49.  
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Figure 49. Jeep Wrangler Test Vehicle Laser Scan Data 

The purpose of this section is to demonstrate the robustness of the MATLAB script and 

proposed OSA methodology to evaluate vehicle performance regardless of the data source 

and even applied to human-driven vehicles. The tracking algorithm detailed in [2] was 

applied to the collected drone data and the results were compared to the differential GPS 

data to understand the level of measurement uncertainty introduced by the tracking 

algorithm. The data were then processed using the MATLAB script to generate the metrics 

calculations for the algorithm results. An example frame of the drone data with both the 

Jeep Wrangler test vehicle and ASU Trident 1 test vehicle is depicted in Figure 50 and the 

tracking algorithm applied to the same frame is shown in Figure 51. 
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Figure 50. Drone Data Annotated with Jeep Wrangler Test Vehicle and ASU Trident 1 
Test Vehicle 

 

Figure 51. Tracking Algorithm Applied to Collected Drone Data [2] 

 

6.5.2 Public Road Data Collection Results 

This section demonstrates yet another use case for the MATLAB script generated 

throughout this work to showcase the robustness of this tool to calculate the OSA metrics 

and corresponding severities for a given scenario, regardless of the data source. The ground 

Jeep Test Vehicle Trident 1 
Test Vehicle 
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truth measurements for the test Jeep Wrangler in each of the analyzed real-world scenarios 

were compared to those estimated by the tracking algorithm and the resulting deviations 

for the observed variables necessary for the OSA metrics calculations are depicted in Table 

19.  

Table 19. Comparison of Ground Truth Measurements to Tracking Algorithm 

Source 
X Pos. Y Pos. Long Vel Long Acc Length Width 

(ft) (ft) (mph) (g) (ft) (ft) 
CF_1_Anthem Avg. Deviation 0.09 0.36 0.47 0.04 1.23 1.05 
CF_2_Anthem Avg. Deviation 0.36 0.66 0.98 0.08 1.20 0.89 
CF_3_Anthem Avg. Deviation 0.13 0.58 0.70 0.12 0.93 0.88 
CF_4_Anthem Avg. Deviation 0.14 0.61 0.88 0.05 2.03 0.95 

 

The metrics violations and resulting severities for the scenarios outlined in Table 18 were 

calculated utilizing the MATLAB script and are depicted in this section. In contrast to the 

simulated data, real-world data collection does not conform to idealized measurements 

obtained from simulated environments as was expressed in Table 19. This is an important 

consideration when evaluating such scenarios to incorporate uncertainty measurements and 

conduct sensitivity studies to understand the overall impact on the metrics calculations such 

as that demonstrated in the previous section utilizing simulation methods to iterate 

parameter definitions. The four outlined scenarios in the real-world dataset incorporated 

various following distances between the vehicles to illustrate the corresponding metrics 

calculations results. Graphs depicting the timing of the MSEVs and PRVs are shown in 

Figure 52 through Figure 55. For each of these scenarios, a MSEV was observed with a 

corresponding PRV since both vehicles avoided accelerating or decelerating during these 

scenarios. 
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Figure 52. Scenario CF_1_Anthem Initial Conditions and MSEV Plot 

 

Figure 53. Scenario CF_2_Anthem Initial Conditions and MSEV Plot 
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Figure 54. Scenario CF_3_Anthem Initial Conditions and MSEV Plot 

 

Figure 55. Scenario CF_4_Anthem Initial Conditions and MSEV Plot 

The corresponding violation severity of the safety envelope was then plotted to characterize 

the differences for varying following distances and speeds. As can be seen in Figure 56 
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through Figure 59, the MSEV severities increased from scenario CF_1 to CF_4 due to the 

decrease in following distance. The MRD at the beginning of scenario CF_4_Anthem was 

low, due to the low speeds of the vehicles as they began from a stop at the intersection. As 

the vehicle speeds increase, so too does the MRD, resulting in the highest overall severity 

across the scenarios.  
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Figure 56. Scenario CF_1_Anthem MRD Evaluation 

 

Figure 57. Scenario CF_2_Anthem MRD Evaluation 
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Figure 58. Scenario CF_3_Anthem MRD Evaluation 

 

Figure 59. Scenario CF_4_Anthem MRD Evaluation 

Similar to the previous section, the overall violation severities were calculated and 

compared for the four real-world scenarios. Obviously, collision events were not observed 

as the vehicles were being operated in communication with one another to travel at 
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distances that could be safely maintained without a concern for a near-miss or a possible 

collision. Similarly, no PAVs were observed because high accelerations were avoided for 

safety reasons. As a result, the MSEV severity was the only varied scoring parameter, 

contributing to the overall scores observed in Table 20. Although the nominal driving score 

and collision score will be 100% for all of the real-world scenarios, considering there were 

no collisions, TLVs, or PAVs, the near-miss score was relatively poor as an MSEV 

occurred with no proper response in each of the scenarios summarized in Table 21. 

Table 20. Overall Metric Violation Scores for Real-World Scenarios 

Description MSEV PRV CIV PAV TLV Score 
CF_1_Anthem 0.294 1.000 0.000 0.000 0.000 74.1% 
CF_2_Anthem 0.305 1.000 0.000 0.000 0.000 73.9% 
CF_3_Anthem 0.539 1.000 0.000 0.000 0.000 69.2% 
CF_4_Anthem 0.721 1.000 0.000 0.000 0.000 65.6% 

 

Table 21. Categorized Metric Scores for Real-World Scenarios 

Description Nominal Driving Score Near-Miss Score Collision Score 
CF_1_Anthem 100% 35% 100% 
CF_2_Anthem 100% 35% 100% 
CF_3_Anthem 100% 23% 100% 
CF_4_Anthem 100% 14% 100% 

 

Screenshots from the drone footage captured for each of the four real-world scenarios are 

depicted in Figure 60 through Figure 63. Consistent with the trajectory estimation data and 

corresponding MSEV severities, the images show a decrease in closing distance from 

scenario CF_1 to CF_4. Since only the MSEV severity varied throughout these scenarios, 

the scores based only on the MSE metric violations are presented in Table 22. 
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Table 22. MSE Metric Score for Real-World Scenarios 

Description  MSEV 

CF_1_Anthem  71% 

CF_2_Anthem  69% 

CF_3_Anthem  46% 

CF_4_Anthem  28% 

 

 

Figure 60. Scenario CF_1_Anthem Drone Image 

 

Figure 61. Scenario CF_2_Anthem Drone Image 
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Figure 62. Scenario CF_3_Anthem Drone Image 

 

Figure 63. Scenario CF_4_Anthem Drone Image 

While the real-world scenarios presented here focus on the MSEV, the usefulness of the 

MATLAB script is demonstrated in the ability to calculate such metric violations and 

corresponding severities from any dataset. Real-world testing could be designed (likely in 
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a controlled environment such as a closed course track) to further exercise the other metric 

violations and corresponding severities. The methods described in these sections could be 

implemented for a vehicle utilizing the designed script to conduct physical testing, evaluate 

measurement uncertainty, iterate parameter definitions to consider the sensitivity to 

parameter changes within the scenario, and generate overall performance scores for various 

scenarios.  

6.6 Comparison of Evaluation Methods 

Although HVE and CARLA were the two simulation platforms utilized in this analysis, 

many simulation software exist to conduct such evaluations. HVE was leveraged for the 

high-fidelity vehicle models and capability of accurately modeling post-impact kinematics 

for the collision incident severity calculations. While these benefits led to employing HVE 

for the majority of the simulation work, CARLA was utilized for its automation capabilities 

to conduct the aforementioned sensitivity analysis. It is possible that others could utilize a 

single simulation platform with all of the benefits provided by both CARLA and HVE, in 

which case the same MATLAB script could be used to generate the metric calculations. 

There are advantages and disadvantages to the different test modalities and as a result, a 

combination of methods will likely be employed in the evaluation of AVs. This section 

demonstrated the ability of the generated tool to calculate the OSA metrics results 

regardless of the testing modality. Additionally, this process considers measurement 

uncertainty to establish confidence in the results. Simulations produce exact values for the 

involved vehicles; however, they may produce lower fidelity results depending on the 

complexity and accuracy of the vehicle and environment models. On the contrary, real-
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world data collection can produce actual results for a given scenario; however, limitations 

in the data collection methodology may reduce the accuracy of the observable variables. In 

either situation, the usefulness of the MATLAB script showcased in this chapter is 

demonstrated by providing the ability to evaluate a scenario and apply parameter iterations 

to determine the range of metrics violations and severities.   
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7. COMPLEXITY OF TEST SCENARIO 

The previously discussed metric violations and corresponding severities demonstrate an 

approach to quantify the performance of a vehicle for a given scenario. While this 

methodology provides a comparable score for vehicles acting within the same scenario, it 

does not account for a comprehensive evaluation of the vehicles across scenarios. For 

instance, while it may be easier to design an ADS capable of driving on a straight, flat 

roadway with no obstacles in ideal weather conditions, there are far more difficult scenarios 

that must be considered for the ODD of AVs being deployed across the country and around 

the world. This chapter will discuss the proposed formulation for the complexity factor 

assigned to a scenario based on factors such as the number of neighboring salient objects, 

the predictability of those salient objects, and driving conditions that may increase the 

difficulty of a scenario. Additionally, examples will be provided for each of the following 

sections to illustrate the purpose of the assigned complexity factor. Each of these factors 

will be normalized and have a range of 0 to 1, corresponding to the same process which 

was applied to the OSA metric violation severities. Applying a complexity factor for the 

OSA score accounts for challenges that may be experienced by an AV and could even be 

utilized to define the ODD for which the AV may be deployed.  

7.1 Number of Salient Objects 

According to SAE J3208, a salient object is defined as “Any object (excluding the subject 

vehicle), dynamic or static, that may have relevance for the safety performance of the DDT 

[21].” A set of safety metrics, and potential safety metric violations with corresponding 

severities, exists for each salient object neighboring the subject vehicle. This exposure to 
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additional salient objects creates an opportunity for the same set of potential violations with 

each object; thus, a multiplier is proposed for the complexity factor of a scenario based on 

the number of surrounding salient objects. For normalizing the complexity factor, the 

number of salient objects will have a denominator of 10 (i.e., one salient object is 

equivalent to a factor of 0.1 while eight salient objects would be equivalent to 0.8 with an 

overall range from 0 to 1).  

7.1.1 Salient Object Example Application 

For this example, consider two scenarios for a vehicle approaching an intersection. This 

first scenario is depicted in Figure 64 in which the subject vehicle (silver Jeep) approaches 

a signalized intersection to make a right turn while a pedestrian crosses the street. One 

would expect the subject vehicle to approach the intersection, stop at the stop bar, allow 

the pedestrian to cross, and proceed through the intersection. Successful completion of this 

scenario would be communicated by a lack of violations for the metrics summarized in 

Table 23 and mapped to corresponding actions for the vehicle. The corresponding salient 

object factor for this scenario is 0.1. 
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Figure 64. Intersection Scenario Involving One Salient Object 

Table 23. OSA Metrics Related to Example Simple Scenario 

Expected Actions Corresponding Metric 
Stop at stop bar Traffic Law 
Yield right-of-way to 
pedestrian 

Traffic Law, Minimum Safety Envelope 

Complete right turn when 
clear 

Achieved behavioral competency 

 

Next, consider a similar scenario in which the subject vehicle approaches the same 

intersection with a pedestrian crossing; however, there is now a vehicle located on the 

opposing side of the intersection intending to turn left across the intersection in addition to 

a vehicle traveling straight through the intersection on a green signal in front of the subject 

Jeep as shown in Figure 65. While the actions of the vehicle and corresponding metrics for 

analysis are generally the same, the increased number of salient objects creates more 

possibilities for a metric violation to occur. Now, the subject Jeep still must stop for the 

signal and crossing pedestrian; however, now it also must maintain a minimum safety 

envelope with the vehicle in front. Additionally, the vehicle intending to turn left across 
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the intersection creates another possibility for a safety envelope violation. The increased 

complexity of this scenario is summarized within Table 24. In this scenario, the complexity 

is increased because there is greater exposure to have a metric violation with respect to one 

of the three salient objects, resulting in a salient object factor of 0.3. In a similar scenario 

where the lead vehicle was also turning right in front of the subject Jeep, the pedestrian 

would no longer be counted as a salient object for the subject Jeep because the pedestrian 

would have already crossed before the lead vehicle was able to turn. In that alternate 

scenario, the Jeep would no longer be yielding to the pedestrian but waiting behind the 

subject vehicle; thus, the complexity factor would only account for two other salient 

objects. These options for varying complexity based on minor variations of the described 

scenario indicates just how much the complexity can change due to the number of salient 

objects. 
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Figure 65. Intersection Scenario Involving Three Salient Objects 

Table 24. OSA Metrics Related to Higher Complexity Scenario 

Expected Actions Corresponding Metric 
Maintain safe distance behind 
lead vehicle 

Traffic Law, Minimum Safety Envelope 
(with respect to lead vehicle) 

Stop at stop bar Traffic Law 

Yield to pedestrian crossing 
Traffic Law, Minimum Safety Envelope 
(with respect to pedestrian) 

Complete right turn when 
clear 

Achieved behavioral competency, 
Minimum Safety Envelope (with respect 
to pedestrian and vehicle intending to 
turn left) 

 

7.2 Predictability Factor 

The predictable acceleration metric is one of the proposed OSA metrics for the subject 

vehicle described earlier to evaluate the level of risk introduced due to increased 

accelerations. Greater longitudinal and lateral accelerations may reduce the amount of time 

in which a driver (or ADS) must respond to a given situation. Similarly, the aggressivity 

of the salient objects surrounding the subject vehicle may increase the difficulty of the test 
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scenario. The proposed formulation for applying such a factor is accomplished in the same 

method for which the PAV severity was determined in Section 4.6. As such, the 

longitudinal and lateral components of the predictability factor for the complexity are 

defined in Equations (21) and (22), respectively. The predictability factors are summed for 

each salient object in a given scenario. 

𝐏𝐫𝐞𝐝𝐢𝐜𝐭𝐚𝐛𝐢𝐥𝐢𝐭𝐲 𝐅𝐚𝐜𝐭𝐨𝐫𝐋𝐨𝐧𝐠 ൌ ∑
𝐏𝐀𝐕𝐋𝐨𝐧𝐠_𝐢

𝐓𝐢𝐦𝐞𝑰𝒏𝒕𝒆𝒓𝒗𝒂𝒍
∗

𝒂𝐋𝐨𝐧𝐠
𝒂𝐋𝐨𝐧𝐠_𝐋𝐢𝐦𝐢𝐭

𝒏
𝒊ୀ𝟏  (21) 

𝐏𝐫𝐞𝐝𝐢𝐜𝐭𝐚𝐛𝐢𝐥𝐢𝐭𝐲 𝐅𝐚𝐜𝐭𝐨𝐫𝐋𝐚𝐭 ൌ ∑ 𝐏𝐀𝐕𝐋𝐚𝐭_𝐢
𝐓𝐢𝐦𝐞𝑰𝒏𝒕𝒆𝒓𝒗𝒂𝒍

∗ 𝒂𝐋𝐚𝐭
𝒂𝐋𝐚𝐭_𝐋𝐢𝐦𝐢𝐭

𝒏
𝒊ୀ𝟏  (22) 

7.2.1 Predictability Factor Example Application 

To review the predictability factor, consider two example scenarios. In the first scenario, 

the lead vehicle applies light braking to achieve a controlled stop for a traffic signal as 

shown in Figure 66. In this scenario, the lead vehicle never violates the PA metric; 

therefore, the predictability factor for the scenario is 0.  
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Figure 66. Intersection Scenario with Lead Vehicle Applying Light Braking at Red 
Traffic Signal 

 

An alternate scenario is depicted in Figure 67 in which the lead vehicle applies aggressive 

braking of 0.8 g for 1 second to avoid a collision with a left turning vehicle that failed to 

yield the right-of-way. Given the proposed formulation, and assuming a scenario duration 

of 5 seconds and a longitudinal deceleration limit of 1.0 g, the resulting predictability factor 

for this scenario would be 0.16. Intuitively, as the accelerations during the scenario increase 

in duration and/or magnitude, the corresponding predictability factor (and complexity of 

the scenario) would increase.  
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Figure 67. Intersection Scenario with Lead Vehicle Applying Aggressive Braking Due to 
Left Turning Vehicle 

7.3 Surface Factor 

The condition of the roadway is another factor which can increase the complexity of a 

given scenario and can vary considerably based on the ODD of the subject vehicle. Under 

ideal conditions, the subject vehicle (and other road users) would easily maintain control 

with corresponding predictable behaviors but as the friction of the road surface is reduced, 

the difficulty of navigating a scenario is increased. Several references for typical tire-to-

surface friction values are included in Figure 68 and Figure 69.  
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Figure 68. Tire-to-Roadway Friction Values [50] 

 

Figure 69. Passenger Vehicle and Heavy Truck Roadway Friction [51] 
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Road friction values can depend on a variety of factors ranging from weather to the actions 

of vehicles operating on the roadway. Figure 70 demonstrates the reduction in friction 

coefficient values as a vehicle’s speed increases. These references provide examples of 

estimating the friction coefficient for a given surface which is dependent upon the ODD of 

the vehicle. 

 

Figure 70. Friction Coefficient Reduction Based on Increased Velocity [52] 

As shown in Figure 68, a surface friction coefficient of approximately 1.0 is on the upper 

end of what a typical tire is capable of achieving on a given roadway. As is demonstrated 

by the references provided, this value can decrease due to differing conditions. Therefore, 

the surface factor for the scenario is defined in Equation (23): 

𝑺𝒖𝒓𝒇𝒂𝒄𝒆 𝑭𝒂𝒄𝒕𝒐𝒓 ൌ 𝟏 െ 𝑨𝒔𝒔𝒖𝒎𝒆𝒅 𝑭𝒓𝒊𝒄𝒕𝒊𝒐𝒏 (23) 

If the coefficient of friction achieved is 1.0 or greater, there is no added complexity due to 

the surface factor for the given scenario. As the coefficient of friction is reduced, the 

surface factor increases with a corresponding increase in scenario complexity.  
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7.3.1 Surface Factor Example Application 

The surface factor for implementation into the scenario complexity is straightforward. 

Assume an example scenario where a vehicle is driving in Phoenix, Arizona during the 

winter where it is sunny and dry. Most of the time, the surface factor in this case will be at 

or near 0. Conversely consider a scenario in Ann Arbor, Michigan during the winter as the 

subject vehicle encounters a patch of black ice with a tire-to-roadway coefficient of friction 

of approximately 0.2. This would result in a surface factor of 0.8, again demonstrating a 

higher complexity value for a scenario resulting in decreased vehicle control. 

7.4 Visibility Factor 

In a similar manner, reduced visibility will increase the complexity of a scenario; however, 

in many cases, AVs will rely on sensors that improve visibility as compared to a human 

driver (i.e., radar, lidar, thermal). Not all AVs are being equipped with the same sensors 

and as such, the proposed visibility factor is not dependent on a sensor suite. The visible 

distance is proposed to be defined as the distance based on the ability of a human with 

20/20 vision to identify all salient objects and traffic markings. The visibility factor is then 

calculated based on the visible distance and the distance it would take for the subject 

vehicle to stop at the posted speed limit assuming a moderate deceleration of 0.46 g which 

is the deceleration at which most vehicles brake when confronted with an unexpected 

obstacle [44] as formulated in Equation (24):  

𝑽𝒊𝒔𝒊𝒃𝒊𝒍𝒊𝒕𝒚 𝑭𝒂𝒄𝒕𝒐𝒓 ൌ 𝑺𝒑𝒆𝒆𝒅 𝑳𝒊𝒎𝒊𝒕𝟐

𝟐∗𝟎.𝟒𝟔𝒈
/𝑽𝒊𝒔𝒊𝒃𝒍𝒆 𝑫𝒊𝒔𝒕𝒂𝒏𝒄𝒆     (24) 

The formulation of the visibility factor is based on the speed limit and human visible 

distance so as to avoid defining the complexity of a scenario according to the design of a 
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specific AV. To date, manufacturers are utilizing differing sensor suites and varying 

decision-making algorithms for the navigation of a given scenario. If the complexity of the 

scenario were based on the visible distance of a particular AV, the vehicle would be 

penalized by having a lower complexity value due to superior sensing technology 

compared to a vehicle performing the same scenario lacking access to the same sensors. 

The speed limit is also incorporated to account for the increased complexity of stopping at 

a higher speed with reduced visibility to avoid a potential hazard. Furthermore, by 

incorporating the speed limit, the visibility is normalized by the baseline vehicle stopping 

distance. The numerator expresses the distance required to stop with a predetermined 

deceleration of 0.46 g while the denominator is the visible distance as defined previously. 

A ratio of greater than 1.0 would indicate a scenario in which a human driver would be 

incapable of seeing the point at which they would be capable of stopping (i.e., creating a 

scenario of a potential hazard being invisible to the driver until it may be too late to stop), 

while a ratio below 1.0 would suggest the driver is capable of seeing beyond the point by 

which they are capable of stopping. 

7.4.1 Visibility Factor Example Application 

Although Phoenix, Arizona does not typically experience conditions that will increase the 

surface factor dramatically as described in the previous section, the weather can contribute 

to a wide range of visibility factors. Consider one example of an AV traveling on a flat, 

straight highway in Phoenix on a clear day with a visible distance of 1 mile and a speed 

limit of 70 mph. The resulting visibility factor would be 0.07, indicating low complexity 

resulting from the scenario visibility. During monsoon season, these weather conditions 
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can change in an instant with dust storms reducing the visibility to blizzard-like conditions. 

In an alternate scenario, assume a dust storm rolls in resulting in a visible distance of 100 

feet. In this scenario, the visibility factor would increase to more than 1.0; however, all of 

the complexity factors are limited to the range of 0 to 1.0 for normalization. Although the 

complexity of the scenario increases drastically for this example, a well-equipped sensor 

suite and robust decision-making algorithms to reduce travel speed as a human driver 

would likely do in such a scenario would contribute to preventing metric violations in this 

scenario.  

7.5 Behavioral Competency Complexity Factor 

When considering the complexity factor for a scenario, the difficulty of the behavioral 

competency should be evaluated. For instance, the act of stopping at a stop sign is 

significantly different than performing a lane change on the highway. Although the 

complexity of the various behavioral competencies will vary, the level of difficulty may 

also vary depending on the design of the ADS and the sensors employed. Compilation of 

data through AV testing will likely be required to establish parameters for the behavioral 

competency complexity factor and could be a focus of future work.  

7.6 Complexity Factor Summary 

As illustrated in the preceding examples, the complexity factor for a given scenario 

accounts for the difficulty in navigating a scenario to factor into the overarching OSA 

methodology. These factors facilitate in normalizing metric violations for scenarios posing 

substantially greater challenges. The proposed formulation of the total complexity factor is 

expressed in Equation (25). 
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𝑪𝒐𝒎𝒑𝒍𝒆𝒙𝒊𝒕𝒚 𝑭𝒂𝒄𝒕𝒐𝒓 ൌ ∑ 𝑺𝒂𝒍𝒊𝒆𝒏𝒕 𝑶𝒃𝒋𝒆𝒄𝒕,𝑷𝒓𝒆𝒅𝒊𝒄𝒕𝒂𝒃𝒊𝒍𝒊𝒕𝒚,𝑺𝒖𝒓𝒇𝒂𝒄𝒆,𝑽𝒊𝒔𝒊𝒃𝒊𝒍𝒊𝒕𝒚,𝑩𝒆𝒉𝒂𝒗𝒊𝒐𝒓𝒂𝒍 𝑪𝒐𝒎𝒑𝒆𝒕𝒆𝒏𝒄𝒚 𝑪𝒐𝒎𝒑𝒍𝒆𝒙𝒊𝒕𝒚

𝟓
 (25) 

 

As explained in the prior sections, the complexity factor was carefully formulated to focus 

on scenario characteristics contributing to complexity while avoiding reliance on specific 

AV functionality. This approach avoids providing advantages or disadvantages to a vehicle 

based on design and bases the complexity directly on the parameters of a given scenario in 

an objective and discrete manner.   
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8. FIDELITY OF A TEST METHOD 

The fidelity of a test method relates to the ability of an approach to replicate results through 

a test scenario that would be achieved by the vehicle in a real-world scenario. For example, 

evaluation of a vehicle on a public road is a high fidelity approach because it is as close as 

you can get to the real thing, whereas an overly simplified simulation that does not consider 

variables such as environmental factors, vehicle sensors, and abnormalities in other salient 

object behavior will have a lower fidelity as it is less representative of what the vehicle 

would actually experience in a given scenario. Significant research has been conducted 

utilizing high fidelity simulation [22], [25]; closed-course testing; injection of augmented 

reality into closed course testing [27]; in addition to other testing modalities. Unlike the 

complexity factor, the fidelity cannot be discretely quantified in the same manner. This 

section will introduce and explain aspects that would affect the results of different test 

modalities, although a single factor will not be proposed for the fidelity as was the case in 

the other sections. While it may seem obvious that the highest fidelity would be desired for 

every tested scenario, there are tradeoffs between the resources required to complete a 

sufficient amount of testing and the accuracy of the results. Furthermore, methods exist to 

combine test methods such as the augmented reality based closed-course testing described 

in [27] which leverages the advantages of both simulation and closed-course testing.   
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Table 25. Advantages and Disadvantages of Various Test Modalities 

Fidelity Factors Simulation Closed-Course Public Road 
Realistic 
Environment 

○ ◑ ● 

Resource Efficient ● ◑ ○ 
Realistic Vehicle 
Behavior 

○ ● ● 

Accurate Sensor 
Representation 

○ ● ● 

○ Weak Performance  ◑ Nominal Performance  ● Strong Performance 

It should be noted that the table above is a general characterization of these test modalities 

and should not be considered a global truth. As an example, each individual test modality 

contains a wide array of fidelity. While there are simulation programs in existence that 

contain over-simplifications of vehicle performance models and low-level modeling of a 

simulated environment (e.g., a rectangular box moving at constant speed across a flat 

plane) other simulation programs utilize digital twin models with photorealistic 

environments in addition to vehicle digital twins with highly accurate operational 

parameters to attain incredibly high levels of fidelity. As previously stated, this wide 

variety of existing, and constantly expanding tools, makes establishing a quantified fidelity 

for various test methods difficult. 

8.1 Simulation Environments 

As implied in the prior table, a key benefit of simulation is the ability to test a large number 

of scenarios with minimal resources. While the accuracy of the simulation may be reduced 

from that of real-world testing, many iterations can be achieved quickly in a simulated 

environment and sensitivity studies can be leveraged to accommodate for the variation in 

a given scenario. Beyond the difference in capabilities of varying simulation tools, 
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simulation software may be capable of providing a high-fidelity simulation for one scenario 

where it may be very low for another. For example, a simulation environment may not be 

properly defined to accurately simulate wheel friction for wet surfaces and therefore would 

have a lower fidelity for a scenario involving rainy weather, but it may have a highly 

accurate representation for a dry scenario. In a similar manner, the vehicle model in the 

scenario environment could be an exact representation of the subject vehicle but if the 

visibility of salient objects is not accurate, the perception system for the vehicle in 

simulation may produce completely different results from physical testing. Just as an AV 

has a specified ODD, a simulation program may have a limited ODD of validated test 

scenarios. It is important to understand the limitations of the simulation software being 

utilized and ensure scenarios within the ODD of the simulation are being considered. 

Further, validation experiments should be performed to prove the efficacy of the simulated 

test as it compares to available physical test data.  

8.2 Closed-Course Test Approaches 

Closed-course testing provides a controllable environment to evaluate scenarios that may 

pose dangerous situations on public roads such as near-misses and even collisions. The 

disadvantage of utilizing closed course testing is the amount of time that may be required 

to set up and test different scenarios. Although it is easier to test specific scenarios in 

closed-course testing rather than waiting for these instances to occur in public road testing, 

setting up a test can take substantial time and resources, and iterating for differing variables 

may be infeasible. The development of new tools to test AVs has improved the efficiency 

for completing such tests over more traditional crash test methods. One example of such 
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technology is the global soft target (GST) which allows for automated programming of the 

vehicle paths, easy reassembly when a collision occurs, and repeatability for iterations of 

various scenario parameters. As previously discussed, augmented reality is another tool 

that can be utilized in closed-course testing to leverage the benefits of simulation by 

quickly iterating test parameters and reducing overall test setup; however, this method also 

carries some of the limitations of simulation such as assuming the perception system 

performs perfectly as the augmented reality informs the scenario by directly injecting 

information related an obstacle’s presence without the need to have a physical object; 

thereby, surpassing the vehicle’s perception module altogether. 

8.3 Public Road Testing Considerations 

While public road testing provides the highest fidelity because it represents the actual 

scenarios faced by a vehicle, significant time and resources would be required to ensure 

the test vehicle will experience a sufficient array of scenarios to properly test its 

capabilities. According to a study conducted by RAND, hundreds of millions and possibly 

even hundreds of billions of miles would need to be driven in order to establish safety of 

any given AV [53]. Furthermore, without first verifying the capability of an AV, it would 

be unsafe and unethical to deploy such a vehicle on a public road where other road users 

are present.  

8.4 Test Modality Parameter Error Factor 

When setting up a test, whether physical or simulated, there is a level of accuracy that may 

be achieved based on the tools and equipment being utilized. One aspect of a high-fidelity 

test will be one that is capable of closely representing the desired test parameters. Some of 
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the designed test parameters may include vehicle speed, starting position, steer angle and 

rate, among others. There are multiple reasons for the importance of minimizing the test 

parameter error including repeatability of the test for consistent evaluation and ensuring 

the intent of the test scenario is properly evaluated (e.g., capturing the bounds of a long tail 

and edge cases without exceeding them). One such measure of fidelity for a test could 

incorporate the summation of error for all such test parameters as formulated in Equation 

(26): 

𝑻𝒆𝒔𝒕 𝑴𝒐𝒅𝒂𝒍𝒊𝒕𝒚 𝑷𝒂𝒓𝒂𝒎𝒆𝒕𝒆𝒓 𝑬𝒓𝒓𝒐𝒓 𝑭𝒂𝒄𝒕𝒐𝒓 ൌ  𝟏 െ
∑ቚ𝑴𝒆𝒂𝒔𝒖𝒓𝒆𝒅 𝑻𝒆𝒔𝒕 𝑷𝒂𝒓𝒂𝒎𝒆𝒕𝒆𝒓ష𝑨𝒄𝒕𝒖𝒂𝒍 𝑻𝒆𝒔𝒕 𝑷𝒂𝒓𝒂𝒎𝒆𝒕𝒆𝒓

𝑨𝒄𝒕𝒖𝒂𝒍 𝑻𝒆𝒔𝒕 𝑷𝒂𝒓𝒂𝒎𝒆𝒕𝒆𝒓
ቚ

𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝑻𝒆𝒔𝒕 𝑷𝒂𝒓𝒂𝒎𝒆𝒕𝒆𝒓𝒔
   (26) 

One of the major challenges with this formulation is quantifying every test parameter error 

for an accurate measurement. For example, the position, velocity, and heading errors for a 

vehicle in simulation compared to a physical test vehicle may be easy to characterize; 

however, it could be exceedingly challenging to quantify other errors such as sensor 

accuracy. Furthermore, the amount of parameters that could be considered may render such 

an analysis infeasible for any given scenario. By the time a thorough validation is 

performed for a given parameter set, the resources required to physically test such a 

scenario may be equivalent. 

8.5 Environmental Factors 

Digital twins have been implemented to create a photorealistic replica of specific 

environments in simulation for testing various scenarios [22]. However, when simulation 

environments are utilized for testing, the fidelity relates to more than just the accuracy of 

the roadway geometry or topography. Additional considerations include simulation of 
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proper vehicle dynamics, weather conditions, along with other aspects that may be difficult 

to replicate in a scenario environment. The visibility factor attributed to the complexity of 

the scenario could be very difficult to establish in a simulated environment while a surface 

factor could be relatively easily attained with an adequate tire model. While there are 

limitations in simulation based on the amount of physical data available for implementation 

and compute power, there are also significant advantages in the ability to test a large range 

of scenarios very quickly as compared to physical testing. The more detail provided to 

define the simulation environment and the more closely the simulation environment is able 

to replicate a real-world scenario, the higher fidelity the simulated test. 

8.6 Vehicle Dynamics 

Similar to the digital twins that have been utilized for replicating a physical environment, 

digital twin vehicle models are being used in both the automotive and the aviation industry 

for a variety of applications. A vehicle digital twin is the same concept as that of an 

environmental digital twin in that the physical representation of the vehicle is mimicked in 

simulation from the dimensional components to the functionality and performance. While 

these digital twins can be used for aspects such as manufacturing and training, they can 

also serve as vital components for operational safety testing in different scenarios. Without 

these high-fidelity digital vehicle models, variations in the vehicle dynamics of a simulated 

vehicle as compared to an actual vehicle can produce results differing from physical 

scenarios even if the test parameters and environmental factors are accurately represented.  
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8.7 Salient Object Appearance and Behavior 

Like the dynamics of the subject vehicle, the appearance and behavior of the other salient 

objects in a given scenario are essential to the fidelity of a test. This factor expands beyond 

just simulation as tools utilized in closed-course testing such as pedestrian and vehicle 

targets have varying levels of fidelity. Such targets have made major advancements in 

recent years, representing even accurate radar signatures; however, the standard NCAP 

pedestrian target wears a black shirt and blue pants. With the practically infinite 

combination of fabrics, colors, and reflectivity of clothing; varying skin tones; and the 

varying shapes and sizes of all pedestrians, even physical testing may not be representative 

of the different scenarios potentially faced by an AV. This is only one example of the many 

factors that must be considered to accurately represent salient objects in any type of 

environment, from accurate depiction in simulation to sufficient representation during 

physical testing. 

8.8 Testing Fidelity Summary 

This section should have made the difficulty in quantifying the fidelity of a test method 

apparent. The numerous factors involved in representing an accurate test poses challenges 

to ensuring simulation can be conducted with adequate confidence levels; however, the 

infinite number of possible scenarios a vehicle could face establishes the need for utilizing 

expedited techniques such as simulation to ensure a sufficient set of scenarios are tested. 

One proposed solution to this dilemma is a certification process of a digital twin for both 

the environment and the vehicle model. Substantial validation efforts utilizing physical 

testing would likely be required for such a certification process. Regardless of the process, 
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validation techniques should be incorporated to ensure confidence in the combination of 

testing conducted to evaluate vehicle performance. Significant efforts are currently 

underway by standards organizations such as the simulation task force under the SAE 

ORAD V&V committee to incorporate best practices and lessons learned into the 

development of simulation approaches.  
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9. RELEVANCE OF A TEST SCENARIO 

The relevance of a test scenario is directly related to the ODD for a given test vehicle. If a 

given scenario falls outside the realm of the vehicle ODD, that particular scenario could be 

potentially disregarded for the evaluation of the vehicle since the ADS should never be 

responsible for the DDT under such conditions. For example, if the ODD specifies dry 

conditions and rainy conditions fall outside the ODD, any scenarios involving rain would 

be considered outside of the ODD and would be irrelevant for that particular vehicle; 

although a manufacturer may still decide to test varying conditions for future applications 

or expansions of an ODD. This chapter will discuss a proposed method for determining the 

relevance of a test scenario for consideration in the OSA methodology framework. 

9.1 Operational Design Domain Applications 

SAE J3016 defines an ODD as: 

Operating conditions under which a given driving automation system or feature thereof is 

specifically designed to function, including, but not limited to, environmental, 

geographical, and time-of-day restrictions, and/or the requisite presence or absence of 

certain traffic or roadway characteristics [54]. 

Examples of a specific ODD restrictions include snowy conditions, driving at speeds below 

45 mph on rural roadways, or even operation within a particular region. One of the driving 

factors in determining relevance of a scenario is first considering whether it falls within the 

ODD of the subject vehicle for evaluation. The normalization convention utilized for the 

other factors of the OSA methodology framework will be once again utilized in this chapter 

in formulating the relevance factor. Previously a larger number was consistent with a 
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higher severity of a violation and a greater complexity factor for a scenario. The proposed 

relevance factor will then utilize a 1.0 for maximum relevance and a 0.0 for a scenario 

falling outside of the ODD, thus rendering it irrelevant and not counting for or against the 

vehicle in a given evaluation. For this initial determination based on the subject vehicle 

ODD, the relevance will receive an indicator of either relevant or irrelevant with more 

granular considerations to be described in the following sections.  

9.2 Behavioral Competency Requirements 

While ABC is considered within the set of the OSA metrics, this is also an important 

component of scenario relevance. As discussed earlier, numerous lists have been 

established such as the California PATH program required behavioral competencies list 

[42] in addition to the AVSC best practice document [43]. In contrast to the ODD 

designations of relevant versus irrelevant, the premise of the required behavioral 

competencies for a vehicle is to prove the AV is capable of navigating at least a baseline 

set of scenarios that are considered to be essential for on-road operations. Therefore, in a 

similar manner to the ODD binary application of relevant or irrelevant, any scenario falling 

within the category of required behavioral competency could be assigned a 1.0 for the 

relevancy factor. The ODD consideration takes priority over any of the considerations 

discussed in these preceding sections since the ADS is not designed to operate outside of 

its ODD and should not be expected to do so. 

9.3 Frequency of Occurrence Estimations 

On a more granular level than the required behavioral competencies, an estimation of the 

frequency of occurrence can be considered for the relevance factor. This analysis is 
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dependent on naturalistic driving datasets and may vary drastically from region to region. 

For instance, parallel parking is a frequent encounter for drivers living in crowded cities 

while someone living in a rural area may never have a need to parallel park. An additional 

complication in the implementation of a frequency factor is the unknown surrounding the 

activity of any given vehicle. A particular AV make and model sold within the United 

States will likely have a single defined ODD and will not change based on where it is sold 

within the United States. However, the frequency of events may change drastically across 

states based on factors such as weather conditions, population density, and infrastructure. 

Furthermore, even if the frequency of occurrence was adapted based on location, people 

relocate frequently and as such, there is no way to predict where a vehicle may operate 

with respect to region, climate, or even rural versus city settings.  

To counteract the uncertainty and variability amongst the aforementioned factors, a 

proposed implementation of the frequency of occurrence is usage of data defining the 

entirety of a potential operating region. For instance, an AV designed to be sold in the 

United States could leverage studies such as the pre-crash scenario typology published by 

NHTSA [37]. The NHTSA pre-crash scenario typology leverages synthesized real-world 

data to assign relative frequencies to 37 scenarios accounting for all light-vehicle crashes 

as shown in Table 26. Similar analyses have been completed within the same study to map 

a concise list of scenarios to more granular datasets such as all single light-vehicle crashes; 

two-vehicle, light-vehicle crashes; and multi-vehicle, light-vehicle crashes.   
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Table 26. NHTSA Defined Pre-Crash Scenarios with Corresponding Frequency Analysis 
[37] 
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It should be noted that the 37 pre-crash scenarios listed in Table 26 are based on a statistical 

analysis of real-world collisions involving human drivers across the United States. While 

this analysis provides a starting point for determining relevancy of potentially hazardous 

scenarios, additional data will be important to consider as AV-specific data may indicate 

differences between high percentage collision scenarios for human drivers as compared to 

AVs.  

The 37 pre-crash scenarios highlighted by NHTSA do not necessarily correspond to the 

most frequently encountered scenarios, but the most frequent collision scenarios. Rather 

than proposing the relevance factor based on the expected occurrence of a given scenario, 

the relevance factor here is proposed to consider the most frequent collision scenarios. This 

methodology reduces the impact of variance for a given scenario occurring based on 

geographic location, daily driving route, etc. while highlighting the importance of the 

evaluation of scenarios that are known to create the most potential hazards. As previously 

noted, these statistics should be constantly monitored, especially as more AVs are deployed 

and additional crash statistics are available; however, they serve as a promising starting 

point for determining scenario relevance.  

9.4 AV Use-Case Considerations 

To date, AVs are being deployed for a variety of applications, including but not limited to, 

robo-taxis, delivery services, long-haul trucking, and shuttles. These different applications 

will likely have differing ODDs and should be considered in determining the relevance of 

a scenario. For instance, a long-haul trucking AV will spend a large majority of time on 

freeways in the specified region of operation, whereas a delivery AV may be restricted to 
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roadways with speed limits of 35mph or less and likely won’t be designed to transport 

people (e.g., Nuro). Additionally, it makes little sense to assign relevancy of a scenario for 

an automated heavy truck based on the NHTSA pre-crash scenario typology for light-

vehicle collisions. Therefore, appropriate datasets should be considered when mapping 

relevant scenarios for a specific AV application for incorporation into the OSA 

methodology.  

9.5 Scenario Relevance Summary 

As discussed, the scenario relevance is a challenging topic given the wide range of AV 

applications and array of potential scenarios faced even for vehicles designed for the same 

ODD. As such, the scenario relevance factor should be determined with the consideration 

of all impacting factors. First, the specific ODD for the subject vehicle must be determined 

to account for relevant versus irrelevant scenarios. Next, an appropriate dataset should be 

chosen based on the specific AV application. The proposed scenario relevance factor is 

generalized in Equation (27) to weigh scenarios of greater potential crash frequency 

although the sources for determining the exact values may vary. 

𝒊𝒇 𝑺𝒄𝒆𝒏𝒂𝒓𝒊𝒐 𝒊𝒔 𝒘𝒊𝒕𝒉𝒊𝒏 𝑶𝑫𝑫,𝑹𝒆𝒍𝒆𝒗𝒂𝒏𝒄𝒆 𝑭𝒂𝒄𝒕𝒐𝒓
ൌ 𝑹𝒆𝒍𝒂𝒕𝒊𝒗𝒆 𝑭𝒓𝒆𝒒𝒖𝒆𝒏𝒄𝒚 𝒐𝒇 𝑪𝒓𝒂𝒔𝒉 𝑶𝒄𝒄𝒖𝒓𝒆𝒏𝒄𝒆  

𝒆𝒍𝒔𝒆,𝑹𝒆𝒍𝒆𝒗𝒂𝒏𝒄𝒆 𝑭𝒂𝒄𝒕𝒐𝒓 ൌ 𝟎 (27) 

Statistical approaches can be implemented to establish a scenario relevance or existing 

literature could be leveraged to identify existing studies providing the necessary data to 

calculate relevancy. Although the scenario relevance could vary between AVs, it remains 

an essential element to the overall OSA methodology framework to ensure scenarios are 

being evaluated in a proper manner.  
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10. OSA METHODOLOGY REVIEW 

The OSA methodology is a general approach that has been described throughout this 

dissertation as a possible solution to evaluating the performance of a vehicle for a given 

scenario, whether that vehicle is controlled by an ADS or a human driver. One of the major 

takeaways from this work is the ability to quantify vehicle performance can occur in 

numerous forms and there is not a single correct evaluation method. The approaches 

discussed here are example implementations that show promising results for comparing the 

performance of vehicles across a variety of scenarios and test modalities including real-

world data collection and simulation. One of the current frameworks in use for assessing 

vehicles prior to public deployment is the voluntary safety self-assessment (VSSA) 

established by NHTSA in [55]. While the VSSA offers a framework for manufacturers to 

highlight vehicle performance and improve transparency with the public, it lacks 

consistency and the granular detail required to evaluate the technical aspects of many AVs. 

The OSA methodology proposed within this work offers a solution to establishing a more 

consistent framework for quantifying vehicle performance within a given scenario through 

the utilization of a set of OSA metrics in addition to assigned metric violation severity, 

complexity, and relevance factors. As noted in earlier sections, the fidelity of the test 

modality is also an important consideration; however, this aspect will likely require some 

form of validation for use in evaluating scenarios.  

While this document proposes formulations for the various factors impacting an overall 

OSA score, this framework could easily be adapted to accommodate additional OSA 

metrics, refined formulations for specific factors, and incorporation of additional factors, 

all of which could be examined in future work. One Black Box metric that will be 
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incorporated in future work is the lane stability metric which evaluates nominal driving 

performance of a vehicle by evaluating the ability of the subject vehicle to maintain its 

lane. The tools developed in this dissertation including a generalized MATLAB script for 

calculation of the OSA metrics and corresponding violations from any given dataset may 

serve as key tools for further refining the concepts described throughout. Additionally, the 

processes developed throughout the completion of this work involving simulation testing, 

rapid iteration of scenarios through automated processes, and real-world data collection 

activities demonstrate effective methods that could also be used to expand upon this 

methodology in future work. 

The methodology presented here could be implemented through real-time calculation of 

the metrics provided sufficient compute power is available. Through real-time 

implementation of the metrics, information regarding a violation could be relayed to the 

vehicle as they occur, providing a potential for corrective actions utilizing the OSA metrics 

for guidance. Conversely, this methodology could be leveraged to generate a score for the 

subject vehicle at the conclusion of a scenario. This approach would not require the same 

computational workload as the data elements necessary for the calculations discussed 

previously could simply be recorded and post-processed for the metric evaluations.  

The necessity of real-time computation versus post-processing of the metrics calculations 

is dependent on the use-case for the evaluation. Possible use-cases of the OSA 

methodology may range from a design tool by an OEM to consider performance of their 

vehicle based on the proposed metrics to a third-party evaluation process that could be 

implemented to certify a vehicle based on completion of a set of scenarios with inputs from 
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some regulatory body such as NHTSA. In the event that the OSA methodology is being 

utilized to offer feedback to the subject vehicle to facilitate the communication of warnings 

and provide data to dictate vehicle actuation, real-time computation of the metrics would 

be necessary and the latency of the system should be incorporated into the measurement 

uncertainty of the collected data elements. For instances which the OSA methodology is 

used purely as an evaluation tool to determine how the subject vehicle performed in a given 

scenario, post-processing of the metrics calculations would likely suffice, utilizing the data 

elements collected during the vehicle maneuver. Given the appropriate compute resources 

for data element collection and metrics calculations, either approach could be employed. 

While much of the focus of this work revolved around the formulation of OSA metric 

violations and severities, the scenario complexity and relevance as well as the test fidelity 

are important considerations that could be expanded upon in future efforts. Again, the 

framework has been laid out to accommodate the simple refinement of additions, 

subtractions, or adaptations of the discussed elements. As AVs continue to be deployed, 

additional datasets may lead to verification and validation efforts of the proposed OSA 

methodology and provide useful insights into important considerations that may not have 

been implemented at the time of this work. While the question remains “How safe is safe 

enough?”, a crucial step towards measuring safety-related performance of AVs has been 

proposed in this work, providing a potential framework for helping answer this question 

and hopefully contributing to safer roadways around the world.   
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