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  INTRODUCTION 

The emergence of innovative transportation technologies comprises vehicle connectivity, 

autonomy, and personal mobility are accelerated by the rapid advancement in communication 

and information technologies along with advanced artificial intelligence on a large scale. Among 

the most comprehensively researched innovative technologies, Cooperative Automated 

Transportation (CAT), which includes Connected Vehicles (CV), Autonomous Vehicles (AV), and 

Connected and Automated Vehicles (CAV) received remarkable interest in recent years and 

recognized as a “game-changer” in the current transportation system. CV technology refers to a 

system that includes different advanced wireless communication technologies to allow vehicles 

to share real-time information with vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) 

communications (Intelligent Transportation Systems Joint Program Office (ITSJPO), 2020). AV 

comprises several technologies including video cameras, radar sensors, light detection, etc. that 

integrate directly into the vehicle infrastructure to enable vehicles to control themselves 

partially or fully at different hierarchy levels (Anderson et al., 2016). The CAV incorporates the 

technologies of CV and AV to operate with any level of connectivity and/or automation ability, 

as illustrated in Figure 1. The ongoing advancement in automotive technology indicates that 

vehicles equipped with Automated Driving Systems (ADS) will soon become a widespread 

reality. This prospect has placed them at the forefront of future research priorities, as 

emphasized by authoritative bodies like the National Highway Traffic Safety Administration 

(NHTSA) and the Society of Automotive Engineers (SAE). These organizations recognize the 

significant potential of ADS in revolutionizing transportation, highlighting their importance in 

shaping the future of automotive innovation and safety. (NHTSA, 2018; SAE International, 

2018). It is anticipated that the introduction of CAT will enhance the people’s quality of life in 

many aspects compared to the traditional human-driven vehicles (HV). Utilizing vehicle 

automation and connectivity-aided communication, CAT offers unprecedented opportunities to 

resolve various longstanding transportation problems. The potential benefits of CAT include but 

are not limited to improving traffic safety by reducing the number of crashes resulted from 

human errors; alleviating congestion by controlling the behavior of specific vehicles in the 

platoon when introduced in a mixed traffic stream, thus improve traffic operations; enhancing 
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human productivity by providing better driver/passenger travel experience;  and increasing 

environmental benefits to the transportation system by reducing vehicle emissions (Martínez-

Díaz, Soriguera, and Pérez 2018; Stern et al. 2018; Talebpour and Mahmassani 2016).  

Figure 1 Cooperative Automated Transportation (Source: iCAVE2 Project at University at Buffalo 

(University at Buffalo 2016)) 

With the blooming of high-performance mobile processors, affordable and robust sensors/ 

cameras, and high-speed connectivity, such as 5G technologies, CAT will likely emerge sooner 

than anticipated on the roadways. However, 100 percent market penetration rates (MPR) of 

CAT might not be achieved before long because it will be challenging to integrate CAT 

technologies into all the existing vehicles and roadway facilities. Despite the potential benefits 

of CAT, there is an increasing concern regarding the transition era of CAT where both CAT and 

HV will be interacting and sharing the same roadways in a mixed traffic environment. In terms 

of AV, we are far from level 5 implementation. Many automobile manufacturers are 

experimenting with automation levels 3 and 4 (e.g., partial/conditional automation), which 

frequently requires human override, continuous attention of the drivers, and might not work as 
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intended due to poor visibility, especially in adverse weather when lane markings and the 

surroundings are not properly visible. In such extreme conditions, many autonomous car 

manufacturers, including Tesla®, are using the lead vehicle as a guide for automation. Tesla® 

owner’s manual for Model S (2023)-page 96 mentioned that  

“Enhanced Autopilot is a hands-on feature. Keep your hands on the steering wheel 

at all times and be mindful of road conditions, surrounding traffic, and other road 

users (such as pedestrians and cyclists). Always be prepared to take immediate 

action. Failure to follow these instructions could cause damage, serious injury or 

death.” 

 Alongside this, it is certain that in the near future, there will be a mixed traffic flow comprising 

HVs alongside the CAT with low autonomy and low market penetration rates. With the 

advancement in technology, it is understandable that as the market penetration of CAT 

increases with time so will the advancement in the level of autonomy. This will create a 

complex mixed traffic environment on different facility types. Therefore, CAT could introduce a 

variety of traffic problems caused by the complex behavior of human driving. If CAT is not 

appropriately integrated and tested with human behavior in mind, it might generate 

unexpected consequences. 

In order to overcome these limitations, automated vehicles should mimic human driving to 

reduce variability and to ensure more harmonious traffic flow. However, mimicking human 

drivers requires driver behavior cloning, which is a popular approach where human behavior 

could be integrated into CAT so that it imitates the actions of human drivers. The next challenge 

is to determine the percentage of behavior cloning required for proper CAT implementation. It 

is expected that at lower MPRs of CAT, more behavior cloning is required and with the increase 

of MPR, the requirement for behavior cloning will be reduced. When 100 percent market 

penetration rate (MPR) and level 5 automation will be achieved, there will be no need for 

behavior cloning of CAT. However, at low MRP of CAT, it is crucial to determine the appropriate 

level of behavior cloning of CAT equipped vehicle for ensuring proper safety and operation. 
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Exploring Key Data Sources for Capturing Real-World Human Driving Behavior 

Although behavior cloning is necessary for proper CAT deployment, it is extremely difficult to 

achieve due to the unpredictability and peculiar nature of individual human behaviors (Aoude 

et al. 2012). In order to integrate the heterogeneous nature of human behavior through 

behavior cloning approach, real-time trajectory-level naturalistic driving data is essential. This 

led the research team to investigate various data sources, driver simulator studies, and 

ultimately select data from naturalistic driving studies. In specific, this study utilized data from 

the Second Strategic Highway Research Program (SHRP2) Naturalistic Driving Study (NDS), 

which is the most comprehensive naturalistic study in the US. A systematic review under the 

guidelines of Preferred Reporting Items for Systematic Reviews and Meta-Analyzes (PRISMA) 

was conducted for 117 studies that were obtained after initial screening of 2304 studies as 

shown in Figure 2. These 117 studies were reviewed and grouped into seven relevant topics as 

shown in Figure 3. The topics include driver behavior and performance, crash/near-crash 

causation, driver distraction, pedestrian/bicycle safety, intersection/traffic signal related 

studies, detection and prediction using NDSs data, based on their frequency of appearance in 

the keywords of these studies. 
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 Figure 2 Flowchart for Systematic Review of Naturalistic Studies Using PRISMA Guideline 

NDS also collects far more variables than the police report. In addition to the vehicle’s position, 

NDSs collect vehicle kinematics, roadway geometry, traffic conditions, and environmental 

variables. Unlike in a driving simulator study, which examines driving behavior in a controlled 

environment, participants drive cars equipped with data collection systems during their normal 

driving routines (Ahmed et al. 2022). NDS data thus represents actual behavior in normal 

driving conditions. 
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Figure 3 Systematic Classification of Topics Considered in this Study 

Moreover, the NDS has opened vistas of opportunities to properly investigate driver behavior in 

normal as well as safety–critical situations, which are not possible using the traditional 

aggregated traffic data. NDS data provided researchers with unprecedented opportunities to 

investigate the safety and operational impacts of driver behavior and other factors related to 

weather, traffic, and roadway geometry, at a trajectory level. NDSs have provided numerous 

insightful findings in many areas of traffic safety and operation, including, but not limited to, 

crash contributing factors; driver distraction; speed, car following, gap acceptance and lane 

changing behavior; detection and prediction of crashes/near-crashes; detection and prediction 

of weather; driver behavior profiling; pedestrian safety; intersection and signal control; and 

work zones. These insightful findings have unprecedented potentials to improve roadway safety 

and operations via proper integration of human behavior into various countermeasures, such 

as ADAS, CAV applications, VSL, DMS, and CAS. 
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The study involving CAVs could be done in various ways, including driving simulator studies, test 

track studies, and microsimulation studies. Amongst them, microsimulation using software 

tools like PTV VISSIM, SUMO, VISUM etc., provides a way to understand the complex road 

behavior environment in a mixed traffic situation in a cost-effective manner, and without 

wasting huge time and effort required for a real road segment study, and it is the safest and 

most time efficient method. Despite its benefits, there are several gray areas in the study as 

microsimulation using software requires the simulation parameters to be up to date and 

efficiently mimic the human drivers alongside the CAVs. Most of the previous work in the 

literature has been based on optimizing the longitudinal parameters relating to the driver 

behaviors like car-following behavior, acceleration, deceleration, stopping sight distance etc. 

But the lateral parameters in the form of lane changes are studied less and these parameters 

remain unchanged in many simulation studies. Without every parameter effectively portraying 

the HDVs and CAVs environment, the simulation results cannot be deemed to be true. The 

SHRP2 NDS data provides us with the opportunity to effectively utilize it and find the lane 

change parameters opted by the real time human drivers. This, if combined with the other 

updated parameters from diverse studies, can help us effectively model an accurate simulation 

run and thus aid in a realistic microsimulation study. The goal of this study is to utilize the 

SHRP2 NDS database and find out the lane change parameters associated with the human 

driven vehicles based on the facility types, and whether conditions that later can be efficiently 

inputted for the microsimulations involving a mixed traffic environment comprising of HDVs 

and CAVs. 

The following section provides an overview of the project objectives and research questions and 

outlines the remainder of the report. 

Project Objectives 

Considering the research gaps and current limitations of CAT deployment, the primary 

objectives of this research is to leverage the SHRP2 NDS data to gather an in-depth 

understanding of human behavior for achieving proper behavior cloning and to integrate the 

findings toward the development of an effective CAT. The research objectives will be achieved 

by investigating the following two research questions: 
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1. Can SHRP2 NDS data be effectively utilized for finding parameters relating to human 

behavior that can be used to model a CAT environment? 

2. To what degree we should integrate behavior cloning into CAT to ensure proper safety 

and operations at different MPRs? 

Report Organization 

The remainder of this report presents the findings from the project. The report is organized as 

follows: 

 Chapter 2 - This chapter explores tasks such as data acquisition, data processing 

algorithm development using statistical and data mining techniques, and the creation of 

lane change behavior parameters for a realistic Microsimulation study involving mixed 

HV - CAT environments. It also investigates the adjustment of lane change parameters 

to develop microsimulation models for assessing safety and operational impacts of 

adverse weather. Through in-depth analysis, the goal is to enhance our understanding 

of these complex relationships and provide valuable insights to transportation research. 

 Chapter 3 - Starting from this chapter, different methodologies for development of CAT 

algorithm, CAT Modeling and simulation, the calibration and validation of model and its 

impact will be studied. This chapter will utilize the findings from previous chapters to 

efficiently model CAT at changing market penetration and level of autonomy and its 

safety and operational impact on the traffic will be evaluated. 

 Chapter 4 - This chapter evaluates the impact of present infrastructure on CAT capability 

on freeway using microsimulation. 

 Chapter 5 - This chapter will evaluate the impact of CAT on work zone safety and 

operations using a weather sensitive microsimulation approach. 

 Chapter 6 – This chapter mainly focuses on the CAT advancement through platooning 

and delves into safety, operations aspects of platooning and required infrastructure 

modifications needed for better adoption of this technology 

 Chapter 7 - This chapter provides summary and key findings, as well as 

recommendations for future research and practical applications. 
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 UPDATING ADVERSE WEATHER CONDITIONS LANE CHANGE PARAMETERS USING 

SHRP2 NATURALISTIC DRIVING DATA: DEEP LEARNING AND MICROSIMULATION APPROACH  

DETECTION OF LANE CHANGE MANEUVERS USING SHRP2 NDS DATA USING DEEP 

LEARNING 

Introduction 

Lane change maneuvers are widely recognized as some of the most common yet intricate 

actions on roadways. Improper and unsafe lane changes can significantly jeopardize traffic 

safety. According to the annual motor vehicle crash data, the NHTSA revealed that in 2019, lane 

changes played a role in approximately 574,000 motor vehicle accidents in the US. Additionally, 

(Sen, Smith, and Najm 2003) estimated that lane change errors contribute to over 250,000 

crashes each year. Furthermore, Feng et al. 2015 pointed out that lane change accidents 

account for nearly 5 percent of all reported crashes and a substantial 7 percent of crash-related 

fatalities. Moreover, (Li et al. 2014) argued that more than 60 percent of crashes can be 

attributed to lane changes, particularly on freeways. In general, these studies underscore the 

necessity for a comprehensive examination of lane change maneuvers, given their profound 

implications for traffic safety. 

Background 

The detection of lane change maneuvers using different approaches and data sets can be found 

in the literature. Thiemann, Treiber, and Kesting 2008 evaluated lane-changing dynamics from 

next generation simulation (NGSIM) trajectory data. To detect a lane change, they used vehicle 

dimension and position in addition to the lane index that the vehicle is currently occupying. 

Knoop et al. 2012 quantified the number of lane changes considering the traffic flow 

characteristics of the target and initial lane using loop detector data. Their lane change 

detection method is based on lane index, vehicle speed, and length recorded from the data. 

Using degree of curvature data, Koziol et al. 1999, proposed a lane change detection method 

where five parameters were considered to identify a lane change event including: complete 

lane change duration; mini- mum and maximum points on the degree of curvature and their 

duration; and variation of the degree of curvature. A study by Xuan and Coifman 2006 

developed a lane change detection method using global positioning system (GPS) data, and 
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used vehicle lateral position and lateral velocity to identify lane change maneuvers. Considering 

a subjective approach adopted in a driving simulator, Salvucci and Liu, 2002, identified lane 

change maneuvers when the start and end-points of simulated highway seemed readily 

apparent based on the experimenter’s decision. Although these studies used various data 

sources, the detection of lane changes in naturalistic settings is not well researched. 

Machine learning (ML) techniques have recently found utility in the detection of lane change 

maneuvers when considering methodological approaches. In a study focused on freeway off-

ramps, a lane change identification model based on a two-level CNN was developed, yielding an 

average detection accuracy of 94.6 percent (Xu 2021). Another investigation utilized a support 

vector machine (SVM) for lane change detection through instrumented vehicles, achieving an 

overall accuracy of 97.9 percent in maneuver identification (Mandalia and Salvucci 2005). 

Bakhit, Osman, and Ishak 2017 applied an artificial neural network (ANN) to identify imminent 

lane change maneuvers within connected vehicle environments, resulting in an approximate 80 

percent detection accuracy. Yang et al. 2017 employed a random forest (RF) model to detect 

lane change decisions from NGSIM data, reporting detection accuracies of 88 percent and 91 

percent for right and left lane changes, respectively. Furthermore, Zheng and Hansen 2017 

directed their efforts towards detecting lane changes using steering angle signals obtained from 

the vehicle's CAN-bus. They incorporated K-nearest neighbor (KNN) and hidden Markov model 

(HMM) classifiers, achieving an accuracy exceeding 80 percent. 

Although the aforementioned studies have indicated that ML methods offer potential for 

enhanced lane change detection performance in terms of overall accuracy, there is a pressing 

need to improve detection models to ensure balanced recall values. Recall, in this context, 

signifies the model's ability to accurately identify lane change maneuvers. In real-world 

scenarios, lane change events are significantly less frequent than instances of no lane change, 

leading to a highly imbalanced dataset. Consequently, a detection model with high overall 

accuracy may exhibit a lower recall value in detecting lane changes. Additionally, the literature 

review reveals a scarcity of studies addressing lane change maneuvers under naturalistic 

conditions. Moreover, there is a paucity of research examining the effectiveness of the ML 

approach, particularly within a deep learning (DL) framework. Consequently, there exists a need 
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for advancements in lane change detection models, encompassing both overall accuracy and 

balanced recall values to effectively identify lane changes. 

Taking into consideration these research gaps and imperatives, the principal objective of this 

study was to formulate an efficient and resilient lane change detection model based on DL, 

utilizing trajectory-level SHRP2 NDS and Roadway Information Database (RID) datasets. Indeed, 

the study sought to leverage the extensive SHRP2 NDS dataset to incorporate additional 

variables, notably lane change data, which is absent in the existing SHRP2 database. By 

detecting lane change maneuvers using the NDS and RID datasets, it was possible to integrate 

lane change variables into the NDS time-series data. This integration holds great potential for 

researchers and practitioners engaged in lane change-related investigations, facilitating 

assessments of traffic safety and operations across diverse scenarios, including environmental, 

traffic, and roadway conditions. The research objectives were accomplished through the 

following research tasks: 

 Generating a data set associated with lane changes and no lane changes by aggregating 

time-series data from the SHRP2 NDS trips and merging it with driver demographics and 

RID. 

 Balancing the lane change database through the synthetic minority oversampling technique 

(SMOTE) and random majority under sampling (RMUS) techniques. 

 Applying numeric-to-image transformation method to transform lane change data sets into 

images; and 

 Training and validating a robust DL architecture named ResNet-18 and investigating the 

performance of the trained lane change detection models using test data sets. 

The main contributions of this study can be summarized as follows: first, it leverages 

representative naturalistic data from the SHRP2 NDS and uses a comprehensive set of features, 

such as vehicle kinematics, machine vision, roadway geometries, and driver characteristics to 

develop reliable lane change detection models. Second, a cutting-edge technique named 

‘‘DeepInsight’’ has been employed to convert numeric lane change and no lane change data to 

image data. To the best of the authors’ knowledge, this study is the first attempt to explicitly 

apply this technique in the lane change database. Third, wrapper-based Boruta and eXtreme 
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gradient boosting (XGBoost) algorithms are used to select relevant features from the data sets. 

Fourth, this study develops a novel DL-based approach concentrating on balanced recall values 

for detecting lane change maneuvers. 

Data Description and Reduction 

To accomplish the research objective, naturalistic data from the SHRP2 NDS database was 

utilized. This database contains an extensive dataset of trajectory-level information collected 

from over 3,400 drivers in six U.S. states during a three-year span, spanning from 2010 to 2013. 

All participating vehicles were equipped with a Data Acquisition System (DAS), which recorded 

a wide range of data, encompassing vehicle kinematics, machine vision, front-facing radar data, 

and front and rear video footage of roadways (Hankey, 2016). We also utilized data from the 

RID, which provides detailed roadway information for the six SHRP2 states. Furthermore, 

demographic data collected from self-reported questionnaires completed by the drivers were 

incorporated into our analysis, alongside NDS and RID data. 

Trips from the NDS database occurred in diverse weather conditions and were obtained using 

two innovative data acquisition techniques developed by the research team. These 

methodologies were founded on supplementary weather data from the National Climatic Data 

Center (NCDC) and weather-related crash locations sourced from the RID database. A 

comprehensive description of these methods can be found in Ahmed et al 2018 and Ahmed et 

al 2022. Employing these approaches, we collected and processed a substantial number of trips 

that occurred under various weather conditions. Out of this dataset, we randomly selected 400 

trips for further examination. Subsequently, we aggregated the NDS time-series databased on 

the duration of lane change events. Notably, lane change and no lane change events were 

distinguished based on time intervals. Additionally, each event was considered as a distinct 

discrete occurrence within the NDS database, without overlapping multiple samples. To detect 

lane change events, we devised an automated extraction algorithm that considered a lane 

offset variable. This variable was calculated by measuring the distance between the vehicle's 

position relative to the center of the lane and the center of the vehicle. A lane change event 

was identified when the NDS vehicle initiated a lateral movement from its current lane to an 

adjacent lane (Das, Khan, and Ahmed 2020; Das, Khan, and Ahmed 2022). Specifically, a lane 
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offset value exceeding 100 cm in the lateral direction was defined as a lane change event (Das, 

Khan, and Ahmed 2020). 

Figure 4 Demonstration of a lane change event from right to left via lane offset. 

Note: LCI = lane change initiation; LCT = lane change termination. 

The automatic algorithm, depicted in Figure 4, initiated with the imputation of missing lane 

offsets within the dataset. Notably, during lane change events, the lane offset displayed distinct 

patterns with peaks either in the positive or negative directions. Subsequently, the 

identification of the positive lane offset peak, referred to as "M" in Figure 4, was undertaken. 

Following this, a continuous observation of the absolute change in lane offset between the 

positive peak and just before (termed "N" in Figure 4) timestamp occurred, utilizing a threshold 

of +/- 100 cm in the time-series data. This threshold equated to an absolute change of 200 cm 

(Das, Khan, and Ahmed 2020). Events with absolute changes less than 200 cm were categorized 

as 'no lane change,' while those exceeding 200 cm indicated a lane change event. Continuous 

reductions from point N in the backward direction and point M in the forward direction were 

monitored. The initiation (LCI) and termination (LCT) points of a lane change event were 
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identified when these reductions ceased, and the lane position offset stabilized within +/- 25 

cm. Specifically, stability was determined when the lane position offset reached the +/- 25 cm 

threshold and remained within it for 1 second. Instances with unusual data patterns, 

particularly when the vehicle maintained a lane offset of zero for an extended period or 

exhibited back-and-forth movements, resulted in the exclusion of those lane offset values from 

the dataset, omitting them from the algorithm's consideration. 

Utilizing the automatic algorithm, various time-series parameters (e.g., speed, acceleration, 

yaw rate, and lane offset) for each lane change event were efficiently extracted, including 

minimum, maximum, mean, and standard deviation values. Subsequently, the extracted lane 

change events were verified and annotated through the Wyoming NDS visualization and 

visibility identification tool. Conversely, for 'no lane change' events, a dynamic segmentation 

approach was adopted, where all trips were dynamically segmented based on lane change 

duration, ranging from 1 to 16 seconds. Lane change events within any dynamic segment(s) 

were excluded, ensuring that only 'no lane change' events remained. This approach was crucial 

as lane change maneuvers could occur over various segment lengths. To reduce bias in the 

detection of lane change events, the distribution of durations for 'no lane change' events was 

matched with that of lane change durations. A similar distribution approach was employed to 

minimize bias. Subsequently, the dynamic 'no lane change' events and the annotated and 

verified lane change data sets were merged with roadway characteristics data from the RID and 

driver demographics from SHRP2 questionnaire responses. The final dataset comprised 1,200 

lane changes and 68,173 'no lane change' events. Table 1 provides an overview of the features 

corresponding to the various data sources considered in this study. 

With the selected features from diverse sources, the analysis was conducted by combining 

these features into six distinct categories. These categories, coupled with vehicle kinematics 

and machine vision-based variables, were used to develop lane change detection models, as 

outlined in Table 2. Notably, machine vision-based lane offset measurements could be 

influenced by adverse environmental conditions, such as inclement weather obstructing lane 

markings. Therefore, the combination of various feature categories aimed to offer valuable 

insights into developing detection models based on data availability. Table 2 outlines the six 
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data categories corresponding to different data sources, facilitating the analysis of lane change 

events. 

Methodology 

Balancing the Lane Change Database in the lane change database, a substantial number of 

events correspond to "no lane change" (specifically, 68,173 instances), in contrast to actual lane 

change events. This significant imbalance within the dataset poses a challenge, as building 

detection models with imbalanced data may yield misleading results. While overall accuracy 

may appear higher, the detection model might accurately classify instances related to "no lane 

change" events but fail to accurately classify lane changes, which are of primary interest. To 

mitigate this issue, this study employed various data balancing techniques, including 

oversampling and under sampling, before commencing the analysis. The data was 

systematically balanced by testing different "lane change" to "no lane change" data ratios, 

ranging from 1:1 to 1:4. 

The oversampling technique increases the number of samples associated with minority classes, 

but it also increases the risk of overfitting in the detection models. Conversely, the under 

sampling method balances the dataset by using a subset of the majority group, potentially 

introducing bias by neglecting valuable information from most samples. Studies have suggested 

that a combination of both oversampling and under sampling methods can lead to improved 

classification performance. Therefore, this study utilized two widely recognized data balancing 

methods, SMOTE and RMUS. SMOTE generates synthetic samples for the minority group by 

considering every minority sample and creating synthetic samples along line segments 

connecting some or all the K-nearest minority class neighbors. RMUS, on the other hand, was 

employed for under sampling, as it is a common approach in ML. Feature selection algorithms 

to identify relevant and significant features within the dataset, this study employed two robust 

feature extraction algorithms, Boruta and XGBoost. 

Boruta is an all-relevant feature selection technique that utilizes a wrapper-based method with 

an embedded RF model. Notably, many feature selection methods introduce bias into the 

development of classification models, leading to unpredictable outcomes. Boruta addresses this 

issue by generating duplicates of each feature, known as shadow features, which are shuffled 
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to minimize biases and correlations among features. These shadow features are assigned to 

objects arbitrarily, and decision trees are constructed based on them. An iterative process 

follows, where the method calculates the highest/maximum Z score among shadow features 

(MZSF) and compares it to the Z score of the original features. The Z score serves as a measure 

of significance/importance in the Boruta method. Features with a higher Z score (indicating 

greater importance) than MZSF are identified as important, while those with a lower Z score 

(indicating lower importance) than MZSF are classified as unimportant. 
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Table 1 Overview of the considered features 

Features Definition Categories 

Vehicle Kinematics 

Speed (Min., Max., Mean, Std. Dev.) 
(mph) 

Vehicle speed during lane change -

Longitudinal Acceleration (Min., Max., 
Mean, Std. Dev.) (g) 

Vehicle acceleration in the longitudinal 
direction versus time during lane 
change 

-

Lateral Acceleration (Min., Max., 
Mean, Std. Dev.) 
(g) 

Vehicle acceleration in the lateral 
direction versus time during lane 
change 

-

Yaw Rate (Min., Max., Mean, Std. 
Dev.) 
(deg/sec) 

Vehicle angular velocity of vehicle 
around the vertical axis during lane 
change 

-

Machine Vision 

Lane Offset (Min., Max., Mean, Std. 
Dev.) 
(cm) 

Distance to the left/right of the center 
of the lane and center of the vehicle 
during lane change 

-

Roadway Geometries 

Presence of Curve 
Whether the participants drove curve 
or tangent during lane change 

1 = Curve 

2 = Tangent 

Curve Radius (Feet) 
Curve radius of segment in which 
participants drove during lane change 

-

Curve Length (Feet) 
Curve length of segment in which 
participants drove during lane change 

-

Superelvation (Percent) 
Average Cross Slope of the segment 
during lane change 

-

Number of Freeway Lanes 
Average number of lanes during lane 
change 

-

Speed Limit (mph) Speed limit during lane change 
1 = ≤ 60 mph 

2 = > 60 mph 

Driver Demographics 

Gender The participant’s gender 
1 = Male 

2 = Female 

Age The participant’s age 

1 =Young (< 25 years) 

2 =Middle (25-55 years) 

3 =Old (> 55 years) 

Education 
The participant’s highest completed 
education level 

1=Low: High school diploma or G.E.D. 

2 = Medium (Some education beyond 
high school but no degree and College 
degree) 

3 = High (Some graduate or professional 
school, but no advanced degree and 
Advanced degree) 

Marital Status The participant’s marital status 

1 = Single 

2 = Married 

3 = Other (divorced, widow) 

Vehicle Class The participant’s vehicle class 
1 = Passenger Car/SUV 

2 = Minivan/Pick-up 

Driving Experience 
The participant’s number 
of driving years 

1 = ≤ 10 years 

2 = > 10 years 

Driver Mileage Last year The approximate number 1= < 10,000 miles 
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Table 2 Illustration of Six Data Categories 

Categories Data Set 

Category 1 Vehicle Kinematics 

Category 2 Machine Vision 

Category 3 Vehicle Kinematics + Machine Vision 

Category 4 Vehicle Kinematics + Machine Vision + Roadway geometry 

Category 5 Vehicle Kinematics + Machine Vision + Driver Demographics 

Category 6 Vehicle Kinematics + Machine Vision + Roadway geometry + Driver Demographics 

XGBoost, a powerful technique for feature extraction, plays a pivotal role in discerning feature 

importance within a dataset. It accomplishes this by quantifying the significance of each feature 

through a metric known as "gain." The gain metric is calculated by estimating the improvement 

in accuracy achieved by introducing a new feature split within a decision tree branch. A higher 

gain value assigned to a feature signifies its greater importance in comparison to other features 

for the purpose of detection (Soleimani et al. 2019). 

Numeric Data to Image transformation 

The process of transforming numeric lane change data into image data begins with the 

application of an innovative technique named "DeepInsight," as devised by Sharma et al., 2019. 

This transformative approach converts a feature vector, denoted as x (representing lane change 

data), into a feature matrix A, which portrays the spatial relationships between features. These 

positions within the matrix are influenced by feature similarity. For instance, features like f1, f3, 

f6, and f7 are closer to each other in this matrix (Figure 5). Once feature positions are identified 

within the matrix, the corresponding feature values are mapped to generate individual images 

for each feature vector. 

The entire transformation process of numeric lane change data into image data is elaborated in 

(Figure 6). Initially, the lane change data is transposed to meet input requirements. 

Subsequently, the t-distributed stochastic neighbor embedding (t-SNE), a nonlinear 

dimensionality reduction technique, is applied to project features onto a 2-D plane (Van Der 

Maaten and Hinton, 2008). Each point on this plane represents the Cartesian coordinates of a 

feature. Importantly, these coordinates only indicate feature positions. After projection, the 

convex hull algorithm is employed to identify the minimum rectangle encompassing all feature 
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points. Following this, a rotation is applied to orient the rectangle and feature points 

horizontally. Then, Cartesian coordinates are normalized and scaled to pixel frames based on a 

predetermined image height (Rahim and Hassan 2021). 

The pixel frame contains feature locations for a sample xi, where i = 1, 2, 3, ..., n. As locations 

are defined, feature values are mapped to corresponding pixel positions (Sharma et al. 2019). 

During the mapping process, if any features overlap; their values are averaged and assigned to 

the same pixel location. To ensure precise image representation with minimal feature overlap, 

this study employs an image resolution of 50 x 50 pixels, based on the number of features in 

the lane change dataset. 

Figure 5 Conversion from feature vector to feature matrix 

Figure 6 Demonstration of the ‘‘DeepInsight’’ method to convert feature vector to image pixels. 

Note: t-distributed SNE = t-distributed stochastic neighbor embedding. 
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Deep Learning Model 

For training and validating lane change detection models, this study leverages ResNet-18, an 

advanced pre-trained deep CNN. Notably, training deep CNNs can be challenging due to 

convergence issues leading to reduced detection accuracy with increased layers. ResNet-18 

addresses this challenge by incorporating a deep residual learning approach, delivering high 

accuracy while requiring comparatively less computational time and power than other similarly 

deep CNN models. The ResNet-18 architecture encompasses five convolutional blocks, 

featuring 17 convolutional layers and one fully connected (FC) layer, alongside parallel shortcut 

connections to each basic block (D. Li, Cong, and Guo 2019). Figure 7 illustrates the block 

diagram of the modified ResNet-18 architecture for lane change detection. In the initial 

convolutional operation (Conv1), a 7x7 kernel size and 64 feature map size are applied, with 

padding zeros added three times in every dimension. This results in an output volume of 112 x 

112. Subsequently, the second convolutional layer (Conv2_x) employs a 3x3 kernel size and 

maintains a 64-feature map size, with padding zeros added once in each dimension, yielding an 

output size of 56 x 56 x 64. The subsequent three convolutional layers (Conv3_x, Conv4_x, and 

Conv5_x) each employ 128, 256, and 512 filters of the same size as the second convolutional 

layer, respectively. After Conv5_x, a pooling layer is applied, leading to an output size of 1 x 1 

x 512 to reduce the information from the previous layer and to provide the most 

important ones to the following layer. This layer was then connected to the FC layer to 

generate an output vector of two dimensions considering the lane change/no lane change 

categories (Khan and Ahmed 2021). Thereafter, a softmax layer was added that allocates 

decimal probabilities to every output category (Khan, Das, and Ahmed 2020). Considering 

the probabilities, the last layer was an output layer that provided the final lane change/no 

lane change category. 

The original ResNet-18 underwent training using a dataset of more than a million images 

sourced from the ImageNet database, which is organized based on the WordNet hierarchy. To 

provide further details, the model's training was performed on a subset of ImageNet, known as 

ImageNet large-scale visual recognition challenge (ILSVRC) (Russakovsky et al. 2015; He et al. 

2016). This pre-trained iteration of ResNet-18 possesses the capability to classify images into a 
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diverse array of 1,000 object categories and can acquire a robust feature representation 

through the utilization of a method known as "transfer learning" (Mathworks-Resnet18; 

MathWorks- Pretrained Deep Neural Networks). Transfer learning stands as a widely 

recognized approach for training deep convolutional neural network (CNN) models, leveraging 

insights gleaned from well-established pre-trained CNN models (Khan and Ahmed 2021). By 

employing transfer learning, the pre-trained model consistently demonstrates remarkable 

accuracy in detection when compared to CNN models trained exclusively on a relatively limited 

number of training images. Previous research studies have also underscored the significant 

performance enhancement achievable through the application of transfer learning (T. Li et al. 

2021; Gaweesh, Khan, and Ahmed 2021; Khan and Ahmed 2021). Figure 8 offers an illustrative 

depiction of the transfer learning process (conceived from MATLAB®) for retraining a pre-

trained CNN model with the goal of classifying new sets of images. 

In the present study, the pre-trained ResNet-18 model was harnessed for lane change detection 

tasks through the utilization of the transfer learning methodology. Specifically, certain layers 

within the model were adapted to align with the objectives of the study. This adaptation 

involved the replacement of the input layer and the final three layers with a fresh input layer, 

an FC layer, a softmax layer, and an output layer, respectively. Furthermore, adjustments were 

made to the input image size to conform to the specifications of the ResNet-18 model, which 

necessitated images of dimensions 224 x 224 pixels. 

Figure 7 Descriptive block diagram of modified ResNet-18 architecture 

Note: Conv = convolutional layer 
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Figure 8 Example diagram of transfer learning in lane change detection 

Following the modification of ResNet-18, the training and validation of detection models for 

lane change and no lane change scenarios were conducted using a dataset encompassing six 

distinct categories of features. Multiple models were evaluated for each category, with data 

balancing techniques and diverse sampling ratios applied in the process. Subsequently, the 

models underwent rigorous testing and assessment using a separate set of test images. It is 

noteworthy that, post-training, the proposed DL models possess the capability to promptly 

inspect and detect lane changes based on available features. As a result, all trained models, 

corresponding to different categories, are poised for real-time deployment in the context of 

lane change detection. Figure 9 provides an overview of the comprehensive methodology 

employed for detecting lane changes using a DL framework. 

Figure 9 Flowchart illustrating overall methodology considered in this study. 

Note: VTTI = Virginia Tech Transportation Institute; RID = roadway information database; SMOTE = 

synthetic minority oversampling technique; RMUS = random majority undersampling; XGBoost = 
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eXtreme gradient boosting; DD = driver demographics; VK = vehicle kinematics; RG = roadway 

geometry; MV = machine vision. 

Results and Discussion 

Relevant Feature Selection 

To address potential overfitting in the dataset, we conducted a correlation analysis on the 

baseline data set. This analysis aimed to identify and remove highly correlated features. 

Features exhibiting a correlation value exceeding 0.7 were highly correlated among the 

parameters (Ratner 2009). It is important to note that the formation of categories was carried 

out after the elimination of these highly correlated features from the baseline dataset. As 

previously mentioned, this study employed both Boruta and XGBoost feature selection 

algorithms to assess the significance and contribution of various features associated with the 

six data categories in detecting lane change maneuvers. Figures 10 and 11 depict the 

significance of features as determined by the Boruta and XGBoost algorithms for each of the six 

data categories. The blue boxplots provide insight into the maximum, mean, and minimum Z 

scores of a shadow feature. Additionally, the Z scores of important and unimportant features 

for each category are represented by green and red boxplots, respectively, within the figures. 

Our analysis revealed that, for Category 1, the five most crucial features were 'minimum lateral 

acceleration,' 'maximum lateral acceleration,' 'standard deviation of yaw rate,' 'maximum 

speed,' and 'maximum yaw rate.' Conversely, when considering Categories 3 to 6, the most 

critical feature in detecting lane changes was 'standard deviation of lane offset,' followed by 

'minimum lane offset,' 'maximum lane offset,' 'mean lane offset,' and 'standard deviation of 

yaw rate,' as determined by the Boruta algorithm. 

It is important to highlight that the top four features linked with Categories 3 to 6 closely 

resemble the crucial features found in Category 2. These findings are unsurprising, given that 

Categories 2 to 6 incorporate a lane offset parameter exhibiting a specific pattern during lane 

change processes. Notably, in contrast to other categories, 'driver mileage last year details' 

emerged as the sole unimportant feature within Category 5 as indicated by the Boruta method. 

In terms of the XGBoost algorithm, the top five features largely align with those obtained 

through the Boruta algorithm for Category 1. However, for Categories 3 to 6, the five most 
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important features mirror those identified by Boruta. Additionally, similar to Boruta, all 

machine vision-based features were deemed important using XGBoost. Nonetheless, XGBoost 

identified only two features ('presence of curve' and 'speed limit') as unimportant (with zero 

gain value) in Category 4. Furthermore, in Category 5 and 6, several features, including 'driver 

mileage last year details,' 'age,' 'gender,' and 'marital status,' were categorized as unimportant 

by XGBoost. 

Notably, in Category 1, where machine vision-based features were not considered, 'minimum 

lateral acceleration,' 'maximum lateral acceleration,' and 'standard deviation of yaw rate' 

emerged as the most crucial features based on both Boruta and XGBoost methodologies. The 

primary significance of these parameters was expected to be due to their association with lane 

change maneuvers. Specifically, both lateral acceleration and yaw rate play integral roles in 

such maneuvers. 

Overall, it is evident that the importance and ranking of features, whether deemed important 

or unimportant, yielded by the two algorithms exhibit substantial similarities across all 

categories. 

Training and Validation: 

In this study, we developed lane change detection models using a pre-trained CNN, ResNet-18. 

To carry out the training, validation, and testing of our proposed model, we utilized the DL 

Toolbox™ in MATLAB® version 9.10 (R2021a). It is important to note that 80 percent of the 

original image data were allocated for the training and validation phases. Consequently, within 

this 80 percent, we used 80 percent for training the lane change detection models and reserved 

the remaining 20 percent for validation purposes. 

During the validation process, we optimized the training cost of the ResNet-18 model using the 

stochastic gradient descent with momentum (SGDM) optimizer. Although we experimented 

with two additional optimizers, including root mean square propagation and Adam, it was 

evident that SGDM consistently outperformed the others across all categories. The initial 

hyperparameters of the ResNet-18 model underwent fine-tuning through close monitoring of 

the training progress and validation outcomes with various parameter sets. We employed a 

grid-search method to identify the optimal performance configurations.  
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Figure 10 Plots of feature importance for six data categories using Boruta: (a) Category 1 (vehicle 

kinematics); (b) Category 2 (machine vision); (c) Category 3 (vehicle kinematics + machine vision); (d) 

Category 4 (vehicle kinematics + roadway geometry + machine vision) 
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Figure 3-7:Figure 11 Plots of feature importance for six data categories using XGBoost: (a) Category 1 (vehicle 

kinematics); (b) Category 2 (machine vision); (c) Category 3 (vehicle kinematics + machine vision); (d) 

Category 4 (vehicle kinematics + roadway geometry + machine 

It is noteworthy that some hyperparameters exhibited negligible impacts on model 

performance; hence, we excluded them from the grid-search to reduce computational costs 

during training and validation. For all six categories of lane change detection models, which 

were based on multiple features and data balancing ratios, hyperparameters were individually 
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tuned. However, the parameter values for the best-performing models were consistent across 

categories. Specifically, the optimized parameter values for these models were as follows: 

optimizer = SGDM, maximum epochs = 25, minimum batch size = 200, validation frequency = 

10, initial learning rate = 0.001, learning rate drop factor = 0.5, learning rate drop period = 8, 

and L2 regularization = 0.004. 

Figure 12 Example training progress of lane change detection models for kinematic features based in 
Category 1 

Figure 13 Example training progress for lane change detection models based on all features in 
Category 6 
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Figures 12 and 13 in this study illustrate the training progress of the best lane change detection 

models for two data categories: vehicle kinematics in Category 1 and all features in Category 6, 

using the modified parameter sets. This figure demonstrates the decreasing loss during 

validation across training iterations in both categories. As observed, the initial overall validation 

accuracy of ResNet-18 for vehicle kinematics-based features started at approximately 57 

percent, gradually improving to an overall validation accuracy of about 75.5 percent after 25 

epochs of training. The loss decreased from around 0.66 initially to approximately 0.50 at the 

final iteration. Similar improvements in accuracy and loss reduction were observed when 

considering all the features in Category 6. The training and validation of the best-performing 

models required approximately 142 minutes for vehicle kinematics and 140 minutes for all 

features. 

Performance Evaluation 

The assessment of the lane change detection models' performance involved utilizing a test 

dataset consisting of 20 percent of the original image data for each feature category. It is 

important to note that these DL models were specifically designed to detect lane changes, a 

critical aspect from both safety and operational standpoints. It is imperative to recognize that 

relying solely on detection accuracy, as a performance metric may not provide a comprehensive 

evaluation, especially in cases involving imbalanced data where certain image classes exhibit 

significantly higher recall rates compared to others. Therefore, this study employed a range of 

performance metrics; including recall/sensitivity, precision, F1-score, specificity, false positive 

rate (FPR), and false negative rate (FNR), in addition to overall accuracy. 

Recall signifies the model's capability to correctly identify all instances of "lane change" within 

the test dataset. Precision, on the other hand, assesses the model's capacity to accurately 

classify instances as "lane change" without making false predictions. It is important to 

acknowledge that a model could exhibit high recall and low precision, or vice versa. The optimal 

performance is achieved when the model strikes a balance, demonstrating both high recall and 

precision values. This equilibrium can be quantified using the F1-score, which is the harmonic 

mean of recall and precision. A high F1-score is indicative of an effective detection model that 

strikes the right balance between high recall and precision values. 
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Specificity, meanwhile, measures the proportion of accurately classified negative cases, which, 

in the context of this study, refers to instances of "no lane change." The FPR and FNR serve as 

complements to specificity and recall, respectively. These performance measures were 

computed using Equations 1 to 7. 

்௉ା்ே 
Accuracy (A) = (1)

ሺ்௉ା்ேାி௉ାிேሻ

்௉
Recall (R) =     (2)  

ሺ்௉ାிேሻ

்௉
Precision (P) =     (3)  

ሺ்௉ାி௉ሻ

ோ ௫ ௉ 
F1-Score = 2 x     (4)  

ሺோା௉ሻ

்ே
Specificity (S) = (5)

ሺ்ேାி௉ሻ 

False Positive Rate (FPR) = 1 – S (6) 

False Negative Rate (FNR) = 1 – R (7) 

In this context, True Positive (TP), signifies the number of accurately classified 'lane change' 

instances; True Negative (TN) pertains to the number of accurately classified 'no lane change' 

cases; False Negative (FN) refers to the instances where 'lane change' is misclassified as 'no lane 

change’; and False Positive (FP) refers to number of misclassified ‘no lane change’ to ‘lane 

change’ 

In Table 3, the detection summary of the ResNet-18 DL model is presented concerning the 

performance measures for the six feature categories. The lane change database faced a severe 

class imbalance issue due to a significantly higher proportion of instances with no lane changes. 

To address this, a combination of the SMOTE and RMUS methods with varying ratios of 'lane 

change' to 'no lane change' was applied. Initially, for Category 1, which comprises vehicle 

kinematics-based features, a 1:1 ratio (lane change: no lane change) was used to train the 
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detection model. This resulted in an overall accuracy of 75.5 percent during validation and 77.9 

percent during testing, with correct detection rates of 82 percent for 'lane change' and 73.8 

percent for 'no lane change.' A F1-score of 78.8 percent was also achieved with this ratio, 

demonstrating good detection performance primarily due to the application of both data 

balancing techniques. 

To explore if different ratios could improve detection performance, various 'lane change' to 'no 

lane change' ratios were tested while maintaining the use of both balancing methods. However, 

it was observed that although overall accuracy improved with increased sampling ratios, recall 

values did not see significant improvement, potentially exacerbating data imbalance. 

Consequently, to reduce computation costs and assess the impact of limited features on 

detection performance, several detection models were developed using selected features 

obtained from feature selection methods. Figures 10 and 11 show that all kinematic-based 

features were found to be crucial for Category 1. As such, the original model, which included all 

vehicle kinematic features with a 1:1 ratio, was determined to be the best performing model. 

Similarly, for Categories 2 and 3, which also found all features to be important, the best 

performing models were achieved with a 1:1 ratio. Conversely, for Category 4, which involved 

reduced features identified by the XGBoost algorithm, the original model with all features and a 

1:1 ratio yielded better detection accuracy and F1-score compared to models with reduced 

features. Thus, the initial model was considered the best performing model for Category 4. 
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Table 3 Lane Change Detection Performance of the Developed ResNet-18 Models for Six Data 
Categories 

Note: Category 1 = vehicle kinematics; Category 2 = machine vision; Category 3 = vehicle kinematics + 

machine vision; Category 4 = vehicle kinematics + machine vision + roadway geometry; Category 5 = 

vehicle kinematics + machine vision + driver demographics; Category 6 = vehicle kinematics + roadway 

geometry + machine vision + driver demographics; SMOTE = synthetic minority oversampling technique; RMUS = 

random majority undersampling; LC = lane change; NLC = no lane change; FPR = false positive rate; FNR = false 

negative rate. Bold and green color represents the best performing model in each category. 

*All the features were found to be important based on feature selection methods for the corresponding category. 
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Regarding Category 5, despite the development of additional detection models with reduced 

features, significant enhancements in detection performance remained elusive. Consequently, 

the optimal detection model was maintained at a 1:1 ratio, consistent with the approach 

applied to other categories. It is worth noting that for Category 6, the utilization of XGBoost led 

to the most notable improvement, achieving a remarkable recall value of 98.8 percent. This 

result, when compared to the original 1:1 ratio, suggests that limited features from the 

XGBoost algorithm played a significant role in effectively identifying lane change maneuvers, 

encompassing all features. 

To delve deeper into the performance of the best-performing lane change detection models 

across the six categories (highlighted in Table 3), we present a visual representation in Figure 14 

through test confusion matrices. These matrices also include recall, FNR, precision, and False 

Discovery Rate (FDR) metrics to offer comprehensive insights. Notably, FNR and FDR are 

inversely related to recall and precision, respectively. The green-marked diagonal elements in 

the matrix signify accurate detections of lane change and no lane change instances. Adjacent to 

the confusion matrix, aligned with the y-axis, are boxes denoting recall values for respective 

categories. Similarly, boxes positioned beside the confusion matrix along the x-axis represent 

precision values for corresponding categories. 

For Category 1, which exclusively considers vehicle kinematic features, 72 out of 400 test 

instances labeled as 'lane change' were erroneously detected as 'no lane change' (resulting in a 

recall of 82 percent and precision of 75.8 percent). Consequently, the FNR and FPR stood at 18 

percent and 26.2 percent, respectively, for the 'lane change' group. These statistics carry safety 

implications, as a higher FNR indicates an increased associated risk, where drivers may not 

receive alerts for 'lane change,' while a high FPR could lead to frequent false alarms, potentially 

eroding trust in the system. 

As anticipated, substantial improvements in recall and precision were observed for 'lane change' 

instances in Categories 2 through 6, thanks to the inclusion of machine vision-based variables. In 

Category 2, where only machine vision-based features were considered, a mere 2 out of 400 test 

images were misclassified as 'no lane change,' resulting in an outstanding recall of 99.5 percent 

and a precision value of 93.4 percent. Categories 3 to 5 exhibited similar patterns, with 
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 approximately 98 percent accuracy in identifying 'lane change' images. Notably, Category 6, 

encompassing all features, achieved the detection of 395 out of 400 test samples as 'lane change,' 

corresponding to a recall of 98.8 percent. Furthermore, Category 6 boasted a significantly lower 

FNR (1.2 percent) compared to the vehicle kinematic-based features in Category 1. 

Additionally, Categories 3 to 6 consistently yielded excellent precision values, ranging from 

approximately 92 percent to 96 percent. In summary, the presented confusion matrices provide 

in-depth insights into the classification performance of 'lane change' and 'no lane change' 

instances within each data category. 
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Figure 14 Confusion matrices of the best performing lane change detection models using ResNet-18 

for six data categories: (a) Category 1 (vehicle kinematics); (b) Category 2 (machine vision); (c) 

Category 3 (vehicle kinematics + machine vision); (d) Category 4 (vehicle kinematics + roadway 

geometry + machine vision); (e) Category 5 (vehicle kinematics + machine vision + driver demographics); 

and (f) Category 6 (vehicle kinematics + roadway geometry + machine vision + driver demographics). 

Note: LC = lane change; NLC = no lane change; FDR = false discovery rate. 
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Comparison of the Proposed ResNet-18 CNN with Traditional Machine Learning Models 

Traditional ML models require data to be represented as a feature vector to facilitate detection. 

The feature vector is obtained through a feature extraction process, which is a prerequisite for 

ML models. In these models, the order of features is typically considered irrelevant, as they are 

assumed to be independent of one another. This renders the feature arrangement step 

redundant, especially in the context of conventional ML methods like RF and decision trees. 

Moreover, the effectiveness of ML methods heavily depends on the quality of the feature 

extraction technique. 

In contrast, CNNs treat data samples as images. CNNs leverage the inherent characteristics of 

images to perform feature extraction and detection. They employ various hidden layers, 

including convolutional and max-pooling layers, to automatically generate features from raw 

attributes. CNNs also explore nonlinear correlations and higher-order statistics within images. 

Unlike traditional ML techniques and classic neural networks, CNNs consider the local spatial 

coherence of image pixels, meaning that adjacent pixels share similar information. 

Consequently, the arrangement of adjacent image pixels in CNNs is not arbitrary; it can 

significantly impact the feature extraction process and detection performance. CNNs capture 

information from neighboring pixels in a manner that is not achievable in traditional ML 

methods (Sharma et al. 2019). 

It is important to note that ML methods find wide application across various domains, including 

the analysis of time-series driving behaviors, where the data is predominantly in non-image 

formats. However, CNN cannot be effectively applied to these datasets as they require image 

inputs. Given the advantages of CNN, it could potentially deliver superior detection 

performance if non-image driving behavior data, such as lane change or no lane change in this 

study, could be transformed into a structured image format. This is particularly challenging due 

to the need to discern subtle variations in the lane change database amid numerous randomly 

distributed features from various data sources. To address this challenge and facilitate better 

understanding of relationships among features, this study employs the DeepInsight method. 

This method transforms numeric data into images by performing three critical steps: feature 

arrangement, feature extraction, and classification, with the goal of enhancing lane change 
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detection rates. The method organizes similar features (clusters) and separates dissimilar ones 

to enable the combined utilization of adjacent features. Additionally, it provides insight into the 

relative importance of all features in relation to a target feature. Moreover, this method 

leverages the CNN architecture for feature extraction and classification, extending the 

applicability of CNN to numeric data (non-image samples) and delivering universal outcomes 

(Sharma et al. 2019). 

To assess the hypothesis that CNN typically outperforms basic neural networks and other 

traditional ML models, this study investigates the detection performance of several ML models, 

including classic Artificial Neural Networks (ANN), XGBoost, Classification and Regression Trees 

(CART), SVM, RF, KNN, and Naïve Bayes (NB). These results are then compared to the proposed 

lane change detection models based on the ResNet-18 architecture for all six data categories. It 

is worth noting that the best-performing models in each category were selected for the 

comparison, and the evaluation utilized previously established performance metrics, as 

presented in Table 4. The comparison reveals that the pretrained ResNet-18 model consistently 

outperforms all the other models, especially in terms of recall, which is a key metric in this 

study (indicated in bold in Table 3-4). For example, in Category 1, the highest recall of 81.3 

percent was achieved using the RF model, while ANN, XGBoost, SVM, and KNN also exhibited 

similar performances, each with a recall close to or exceeding 80 percent. The ResNet-18 model 

achieved the highest recall of 82 percent in detecting lane changes. The best performance in 

terms of recall, 97.7 percent, was observed in Category 6 using the RF and NB models based on 

all features. However, ResNet-18 surpassed these traditional ML models with a recall value of 

98.8 percent. The lane change detection models employing traditional ML in other categories 

demonstrated a similar trend, as illustrated in Table 4. 
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Table 4 Comparison of the developed Res-18 models with the traditional machine learning models 
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OPTIMIZING KEY LANE CHANGE PARAMETERS TO DEVELOP MICROSIMULATION MODEL 

FOR ADVERSE WEATHER-BASED SAFETY ASSESSMENT 

Introduction 

Severe weather conditions, such as rain, snow, and fog, are widely recognized for their 

substantial influence on the safety and functionality of transportation systems. According to the 

Federal Highway Administration (FHWA), adverse weather is the primary factor behind 

approximately 1,235,000 vehicle accidents annually in the US, resulting in injuries to 418,000 

individuals and the loss of 5,000 lives. Additionally, adverse weather conditions can lead to 

significant reductions in traffic efficiency, including decreases of up to 64 percent in free-flow 

speed, 44 percent in volume, and 30 percent in capacity (FHWA 2020). In a study utilizing 

Structural Equation Modeling (SEM) to analyze the factors influencing risky driving behavior in 

clear and adverse weather conditions, the results showed variations in risky behavior under 

different weather conditions and identified the significant role of "Human Factors." In this study 

that utilized the SHRP2 NDS database, the decreased driving skills were linked to increased risky 

behavior in adverse weather (Das and Ahmed 2022). As a result, transportation authorities 

allocate significant resources to develop proactive strategies and effective countermeasures to 

mitigate the impact of adverse weather on road users and transportation networks. One 

potential solution is the utilization of microsimulation models, which can replicate real-world 

traffic flow dynamics by simulating individual vehicle movements within the network (Hammit 

et al. 2019). 

One of the key elements within the microsimulation model revolves around modeling driving 

behavior, aiming to accurately depict how drivers make decisions such as lane changes, 

following leading vehicles, or selecting optimal routes within the network. These driving 

behavior models encompass various parameters, each associated with default values. However, 

these default parameter values typically lack specificity regarding local conditions, as driver 

behavior exhibits significant variations across different geographic regions, environmental 

contexts, and traffic attributes. Consequently, it becomes imperative to adapt these default 

parameters to align with local conditions, ensuring the attainment of realistic results from 

microsimulation (Al-Ahmadi et al. 2019). 
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Adjusting the driving behavior models within microsimulation can be accomplished through the 

utilization of both macroscopic and microscopic data. Macroscopic data refers to aggregated 

traffic data sourced from spot sensors, loop detectors, and similar devices. In contrast, 

microscopic data involves detailed, disaggregated trajectory-level information pertaining to 

individual vehicles. When it comes to making adjustments, macroscopic data may not be the 

most suitable choice due to its limited resolution, which fails to capture the nuances of realistic 

driving behavior in microsimulation models. In recent years, the availability of high-resolution 

microscopic trajectory-level data has ushered in new opportunities for enhancing and fine-

tuning driving behavior models within microsimulation (Hammit et al. 2019; Reiter 1994). 

Background 

Many studies have focused on updating and calibrating microsimulation models to account for 

different weather conditions and their effects on driving behavior. These assessments have 

primarily relied on macroscopic data. For instance, (Rakha, Arafeh, and Park 2012) developed 

an approach that calibrated non-steady-state car-following models using macroscopic field 

data. Their findings indicated that rainy conditions led to a 5 percent reduction in light-duty 

vehicle speeds and a 3 percent reduction in heavy-duty vehicle speeds. Moreover, they noted 

that speed reductions were even more pronounced in snowy conditions. 

Khavas, Hellinga, and Masouleh 2017 introduced a method to assess the impact of adverse 

weather on the VISSIM microsimulation model. This method identified key driving behavior 

parameters, such as lane change and car-following, essential for capturing weather effects. 

Another study by Zhang, Holm, and Colyar 2004 evaluated the sensitivity of weather-related 

traffic parameters in the CORSIM microsimulation model. They explored how adverse weather 

affected traffic operations and identified parameters that were particularly sensitive to such 

conditions. 

Zhao and Sadek 2012 developed a model using the TRANSIMS microsimulation system to assess 

the impact of snow on transportation networks. They adjusted parameters of the Cellular 

Automata (CA) model within TRANSIMS to account for adverse weather, finding that snowy 

conditions reduced the network's capacity to handle travel demand. Additionally, Jung, Qin, 

and Noyce 2011 fine-tuned microsimulation models to replicate weather effects on traffic 
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operations, with adjustments to desired deceleration rate and desired speed distribution 

proving effective in rainy weather. 

C. Chen et al. 2019 assessed adverse weather's impact on traffic flow characteristics by 

incorporating weather-influenced driving behavior parameters into microsimulation models. 

They evaluated variations in traffic flow characteristics under different weather conditions. 

Hammit et al. 2019 adjusted car-following behavior using trajectory-level data from the NDS to 

study traffic flow predictions in adverse weather, highlighting behavioral differences among 

drivers in various weather events. 

While most studies have used macroscopic traffic data to update microsimulation models for 

different weather conditions, few have utilized microscopic trajectory-level data, especially in 

naturalistic settings. Additionally, there is a lack of research specifically addressing the 

adjustment of key lane change parameters in microsimulation platforms across various weather 

conditions. 

Recognizing these research gaps, this study aims to enhance and adapt lane change models for 

the development of realistic microsimulation models under diverse weather conditions. This 

objective will be accomplished by leveraging trajectory-level data from the SHRP2 NDS to assess 

the safety and operational impacts of adverse weather. This study has been divided into two 

sections. In the first section, the study focuses on finding the lane change parameters based on 

SHRP2 NDS database for adverse weather conditions and evaluating the parameter’s 

performance on a custom freeway segment while section 2 will focus on using those 

parameters in a microsimulation model for the actual I-80 segments of Wyoming. The research 

goals of this study include: 

 Developing a novel approach to identify, extract, and incorporate key lane change 

parameters into microsimulation models under varying weather conditions. 

 Evaluating the safety impacts of adverse weather using the Surrogate Safety Assessment 

Model (SSAM) and considering vehicle trajectory data from the VISSIM microscopic 

simulation model. 

 Assessing the network-wide impacts of adverse weather on traffic operations by 

applying the identified parameters. 
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 Insights into the potential applicability of this methodology for transportation agencies 

seeking to enhance their contemporary microsimulation modeling practices. 

Methodology 

The research objective in this study was achieved by employing trajectory-level naturalistic 

driving data obtained from the SHRP2 NDS. The Virginia Tech Transportation Institute (VTTI) 

was responsible for overseeing the comprehensive data collection process (Campbell 2012). 

For the purposes of this study, a subset of the extensive SHRP2 NDS data was utilized. The 

research team extracted NDS traversals occurring under various weather conditions, including 

clear, rain, snow, and fog, employing innovative data extraction methods outlined in Ahmed et 

al. 2018; Das, Ghasemzadeh, and Ahmed 2019; Ghasemzadeh et al. 2019; Khan, Ghasemzadeh, 

and Ahmed 2018. Identification of NDS trips in adverse weather was primarily based on 

supplementary weather data obtained from the National Climatic Data Center (NCDC), as well 

as weather-related crash reports. These data extraction techniques allowed for the collection of 

NDS trips conducted in both clear and various adverse weather conditions. 

The subsequent data processing step involved the identification of lane change events within 

the collected SHRP2 NDS trips. The automated algorithm was developed, utilizing front-facing 

NDS radar data. It is worth noting that NDS vehicles were equipped with front-mounted radar 

systems that limited their ability to detect vehicles traveling behind them. Consequently, the 

algorithm focused on scenarios where vehicles performed lane changes from adjacent lanes to 

the lane of the NDS vehicle. In essence, the NDS vehicle acted as a following vehicle, and key 

information about the lane-changing vehicles, including speed, acceleration, and longitudinal 

and lateral positions, was recorded through the NDS forward radar. Additionally, vehicle 

kinematics and machine vision-based data from the NDS trips contributed to the development 

of this automated algorithm. Detailed information on the algorithm's development and 

formation can be found in Section 1 of this chapter (Das, Khan, and Ahmed 2020). 

Following the algorithmic identification of lane changes, all such events were subject to manual 

verification using the Wyoming NDS Visualization and Visibility Identification Tool (Ahmed et al. 

2018). During this manual verification process, the predominant weather conditions and 
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specific lane change maneuver types were annotated for each lane change event. Weather 

conditions were categorized into seven distinct classes, including clear, light rain, heavy rain, 

light snow, heavy snow, distant fog, and heavy fog. This categorization relied on several criteria, 

such as the visibility of roadside surroundings, road markings, readability of road signs, 

concentration of raindrops and snowflakes, and the horizon. To minimize potential biases and 

errors during the manual verification process, the research team received extensive training 

and detailed descriptions of various weather conditions, along with sample weather images as 

illustrated in Figure 15 and Table 5 (Khan, Das, and Ahmed 2020). In addition, lane change 

maneuver types were grouped as mandatory and discretionary considering different types of 

maneuvers identified from video observations as demonstrated in a previous study (Das and 

Ahmed 2019). 
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Figure 15 Sample Images of Various Weather Conditions 
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Table 5 Criteria for Annotating Predominant Weather Conditions (Khan et al., 2020) 

Weather Categories Criteria 

Clear 
 High visibility 

 Road signs, markings, and surroundings are visible 

Light Rain 

 Clearly visible raindrops  

 Low swipe rate of wipers 

 Dry/Slightly wet road surfaces 

 Clear/Moderate visibility 

 Road markings and information on road signs and 
vehicle(s) ahead could be recognized 

Heavy Rain 

 Raindrops could be visible 

 High swipe rate of wipers 

 Wet road surface 

 Affected visibility 

 Road markings and information on road signs and 
vehicle(s) ahead could not be recognized 

Light Snow 

 Clearly visible snowflakes  

 Low swipe rate of wipers 

 No/Little snow on the road surface 

 Clear/Moderate visibility 

 Road markings and information on road signs and 
vehicle(s) ahead could be recognized 

Heavy Snow 

 Clearly visible snowflakes  

 High Wiper Status 

 Snow on the road surface 

 Affected visibility 

 Road markings and information on road signs and 
vehicle(s) ahead could not be recognized 

Distant Fog 

 The horizon cannot be defined 

 Roadside surroundings and traffic ahead are visible 

 Road markings and information on road signs could 
be easily recognized 

Heavy Fog 

 The horizon cannot be defined 

 Only a few road markings could be observed 

 Roadside surroundings, information on the road 
signs, and traffic ahead could not be easily recognized 

Generic Segment Microsimulation Analysis Implementation  

A total of 439 lane changes corresponding to 314 trips were verified and considered for the 

analysis. Table 6 summarizes the final annotated number of lane changes associated with each 

weather event. 
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Table 6 Summary of Number of Lane Changes in Each Weather Condition 

Lane Change Model Parameter Extraction 

In this research, PTV's VISSIM microsimulation software, a widely recognized platform among 

both practitioners and researchers, has been employed to fine-tune lane change parameters. 

The initial step in enhancing the microsimulation model involved the extraction of essential 

lane change parameters across various weather conditions. In the VISSIM environment, lane 

change events involve two distinct vehicles: the "Own Vehicle," denoting the lane-changing 

vehicle, and the "Trailing Vehicle," representing the vehicle trailing behind the lane-changing 

one (PTV Group, 2018). 

A parallel situation was observed in the NDS dataset, where the NDS vehicle assumed the role 

of the "Trailing Vehicle," and the vehicle executing the lane change into the same lane as the 

NDS vehicle acted as the "Own Vehicle." As previously mentioned, the team devised an 

automated algorithm to identify these specific lane change scenarios and the associated 

parameters required for the microsimulation model update. Figure 16 provides a visual 

depiction of a typical lane change scenario occurring in clear weather conditions. 
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Figure 16 A Typical Lane Change Scenario Observed in the NDS Data 

In VISSIM, the lane change maneuvers executed by vehicles can be categorized into two distinct 

groups: necessary lane changes and free lane changes. Necessary lane changes are driven by 

route considerations, primarily aimed at reaching the next connector of a designated route, 

such as exiting from a freeway. On the other hand, free lane changes are undertaken with the 

objective of improving driving conditions, which typically involve achieving higher speeds and 

maintaining greater following distances (Habtemichael and Santos 2012). Hence, these two 

categories correspond to mandatory and discretionary lane changes, respectively. 

VISSIM defines a necessary lane change based on three critical parameters that govern 

deceleration, both for the vehicle initiating the lane change and any trailing vehicles 

(Habtemichael and Santos 2012; PTV Group 2018): 

 Maximum Deceleration (Own/Trailing): This parameter denotes the maximum allowable 

deceleration for both the vehicle initiating the lane change and any trailing vehicles 

during the lane-changing process. 

 Accepted Deceleration (Own/Trailing): It establishes the minimum acceptable 

deceleration for both the vehicle initiating the lane change and trailing vehicles involved 

in the maneuver. 

 Reduction Rate of Acceleration: -1 ft/s2 per distance (Own/Trailing): This parameter 

operates linearly to reduce the maximum deceleration as the distance from the 

emergency stop position increases. 

Conversely, for Free Lane changes in VISSIM, the following three parameters are considered of 

utmost importance (Habtemichael and Santos 2012; PTV Group 2018): 

 Minimum Headway (Front/Rear): This parameter specifies the minimum allowable 

distance between two vehicles, encompassing the initiating vehicle and any trailing 

vehicles, following a lane change. Safety Distance Reduction Factor: It represents a 

47 



 
 

 

 

multiplicative factor that reduces the original safety distance during the execution of a 

lane change. 

 Maximum Deceleration for Cooperative Braking: This parameter defines the cooperative 

deceleration level required for a trailing vehicle, allowing a lead vehicle (i.e., the 

initiating vehicle) to change lanes safely. 

It is worth noting that within VISSIM, there may be other parameters that could potentially 

trigger lane change events. However, for the purpose of this study, we hypothesized that lane 

change maneuvers primarily rely on the key parameters associated with necessary and free 

lane changes. After identifying these critical parameters for necessary and free lane changes in 

VISSIM, we proceeded to extract feasible parameters using our developed identification 

algorithm. Specifically, we successfully extracted two parameters: "Maximum Deceleration 

(Own/Trailing)" and "Accepted Deceleration (Own/Trailing)," while the parameter "Reduction 

Rate of Acceleration" could not be extracted due to inherent limitations in the NDS data. 

Similarly, for free lane changes, the algorithm provided us with two relevant parameters: 

"Minimum Headway (Front/Rear)" and "Maximum Deceleration for Cooperative Breaking." It is 

worth noting that the adjustment process was performed manually to ensure reasonable and 

realistic parameter settings for lane changes under varying weather conditions, addressing the 

practical implementation challenge. In particular, the median value for each parameter was 

selected as the representative parameter in each weather condition, following the 

recommendation of a prior study (Hammit et al. 2019). This sampling technique was further 

validated through an optimization process employing a 10-fold cross-validation approach, 

which yielded the lowest mean absolute error. 

However, for the extraction of the remaining free lane change parameter, "Safety Distance 

Reduction Factor," a different approach was employed. Drawing from previous study findings 

(Khan, Das, and Ahmed 2020), it was observed that drivers significantly reduced their speeds in 

adverse weather conditions. Consequently, we used the observed percentages of speed 

reduction in different adverse weather scenarios to calculate the "Safety Distance Reduction 

Factor," while retaining the default value for clear weather conditions. 
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In conclusion, all the lane change parameters, including those related to weather conditions, 

were documented for each weather scenario. These parameters were taken into consideration 

during the evaluation of the network-wide impacts of adverse weather on both traffic safety 

and operational efficiency. 

Development of the VISSIM Model 

The study proceeded by evaluating the obtained lane change parameters' performance within 

the VISSIM microsimulation platform, focusing on a straightforward freeway weaving segment. 

This choice of a weaving segment was made due to the prevalence of lane change events on 

such freeway sections and their substantial influence on both safety and traffic flow efficiency. 

The design of the freeway segment adhered to the guidelines outlined in the Highway Capacity 

Manual (HCM) and featured four lanes in one direction, complete with three on-ramps and 

three off-ramps, as depicted in Figure 17. To simulate real-world conditions, vehicles were 

introduced into the freeway via four entrances indicated by green arrows. Moreover, varying 

entering volumes were implemented at each of the four entrances to represent the overall 

network's loading. To enhance the realism of the simulation, essential routing decisions were 

assigned to the entering traffic at each of these four entrances. 

Figure 17 A Simple Freeway Segment Created in VISSIM Platform 

It is important to note that constructing a microsimulation model involves significant time 

investment in establishing accurate roadway geometries and traffic volume inputs. 

Consequently, less emphasis is often placed on adjusting driving behavior parameters. 

However, in this study, a deliberate effort was made to fine-tune these parameters specifically 

for lane changes while keeping all other simulation variables constant. This adjustment aimed 
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to replicate the impacts of altered lane change parameters in various weather conditions, as 

extracted from the SHRP2 NDS data. Figure 18 provides a visual representation of where the 

modifications to driving behavior parameters for lane changes were applied. 

Furthermore, adjustments were made to the desired speed distribution for a chosen freeway 

segment under different weather conditions. To achieve this, free-flow speeds corresponding 

to each weather condition were derived from a prior investigation, and the desired speed 

distribution in VISSIM was modified accordingly (Khan, Das, and Ahmed 2020). As an example, 

under heavy rain conditions, the 85th percentile and 15th percentile of vehicle free-flow speeds 

were identified as 68.92 mph and 51.07 mph, respectively. A cumulative distribution function 

was then created, encompassing free-flow speeds ranging from 25.26 mph to 79.87 mph. 

Figure 19 provides a visual illustration of the approach employed to establish the desired speed 

distribution in heavy rain conditions. 

Figure 18 Snapshot of lane change parameters from VISSIM 
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Figure 19 Snapshot of Desired Speed Distribution in VISSIM after adjustment for Heavy Rain 

Taking this approach into consideration, simulation models were developed using VISSIM to 

simulate various weather conditions. Each weather condition was subjected to a 1-hour 

simulation run, preceded by a 10-minute warmup period. It is important to note that when 

working with simulation data, the aggregation of data at appropriate time and distance 

intervals is crucial for accurately defining traffic flow parameters. As such, we followed the 

recommendations of a prior study (Lu, Varaiya, and Horowitz 2009) and aggregated the data 

from each simulation run at 20-second time intervals and 500-foot distance intervals. 

In total, 10 simulations were conducted for each distinct weather condition. The simulated data 

from each individual run were then compiled and analyzed to assess the safety implications of 

adverse weather. Additionally, this data made it possible to establish essential relationships 

among traffic flow parameters and other operational characteristics within the network for 

each weather condition. For a visual representation of this study's overall methodology, refer to 

Figure 20. 
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Figure 20 Flow Chart Summarizing the Overall Methodology to Adjust Key Lane Change Parameters in 
Microsimulation for Assessing Safety and Operational Impacts of Adverse Weather 

Results and Discussions 

2.2.4.3.1 Adjusted Key Lane Change Parameters 

As previously mentioned, the median values of lane change parameters were considered to 

represent each weather condition effectively. Table 7 presents the adjusted lane change 

parameters in VISSIM for both the own vehicle and the trailing vehicle. While these values were 

adjusted separately, it is crucial to comprehend their interrelation and their influence on driving 

behavior. In Table 7, it can be observed that the maximum decelerations for the own vehicle in 

light rain, heavy rain, and distant fog are lower compared to clear weather. The highest value is 

attributed to heavy fog in clear contrast. Conversely, all maximum decelerations for the trailing 

vehicle in various weather conditions are lower when compared to clear weather, except for 

light rain. Regarding the adjusted accepted decelerations for the own vehicle, heavy snow 

presents the highest accepted deceleration, while light snow exhibits the lowest. However, 

relatively similar values are obtained for the adjusted accepted decelerations of the trailing 

vehicle across different weather conditions. 

Table 7 also presents the adjusted free lane change parameters for different weather 

conditions. In light snow, it can be observed that the minimum rear headway is higher than in 

clear weather, followed by heavy rain and light rain conditions. It is noteworthy that the 

minimum rear headways in distant fog and heavy fog are comparatively lower than in clear 
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weather. In foggy weather, reduced visibility limits drivers' vision, causing them to perform lane 

changes more rapidly and resulting in shorter headways. As discussed earlier, the default safety 

distance reduction factor value for clear weather was kept the same while adjusting values for 

other weather conditions to simulate adverse weather effects. Consequently, all safety distance 

reduction factors are lower than those in clear weather, indicating a relatively higher reduction 

in safety distance during lane changes in adverse weather. 

Lastly, the results of the adjusted maximum deceleration for cooperative braking show that rain 

and fog conditions are associated with lower deceleration values compared to clear weather. 

However, the highest deceleration value is observed in heavy snow, while the lowest is linked 

to light rain. 
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Table 7 Adjusted Necessary and Free Lane Change Parameters 

2.2.4.3.2 Assessment of Safety Impacts of Adverse Weather 

The examination focused on assessing the safety implications of adverse weather conditions for 

the adjusted parameters. It is important to note that microsimulation software cannot directly 

detect vehicle collisions. Instead, recent practice has advocated for the use of Surrogate 

Measures of Safety (SMoS) extracted from vehicle trajectory files (.trj files) as an effective 

method for safety evaluation (Fink, Kwigizile, and Oh 2016; Huang et al. 2013; Wu, Radwan, and 

Abou-Senna 2018). In this investigation, a safety assessment approach was employed, utilizing 

the SSAM. To gauge the severity of simulated conflicts, SSAM relies on safety assessment 

parameters such as Time-to-Collision (TTC), Post Encroachment Time (PET), and others. If the 

minimum values of these parameters between two vehicles exceed the default threshold 

values, SSAM identifies a conflict (Fan et al. 2013; Yang and Ahmed 2020). 
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Furthermore, this research incorporated three distinct types of SMoS—TTC, PET, and 

Deceleration Rate to Avoid Collision (DRAC)—to gauge the risk of crashes across varying 

weather conditions. According to Yang et al., TTC can be defined as the time required for two 

vehicles to collide if they maintain their current speeds and trajectories, which can be 

expressed mathematically as follows (Yang, Ahmed, and Adomah 2020): 

𝑖𝑓𝑉2 ൐ 𝑉1𝑉2 െ𝑉1
,

𝑇𝑇𝐶 ൌ ቊ 
𝑋1െ2

        (8)  
∞, 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

The first metric under consideration is the Time-to-Collision (TTC) parameter denoted as X(1-2), 

which signifies the gap distance between the leading and following vehicle. Concurrently, V1 

and V2 represent the speeds of the leading and following vehicles, respectively. This parameter 

is not only commonly employed for safety analysis but also serves as a crucial warning measure 

in automobile collision avoidance systems and driving assistance systems (Mahmud et al. 2017). 

The vehicle trajectory data extracted from the VISSIM models were subsequently processed in 

the SSAM to identify simulated conflicts occurring in various weather conditions. To determine 

the total number of simulated conflicts, encompassing both lane change and rear-end conflicts, 

the default TTC threshold value of 1.5 seconds, a value frequently utilized in previous research 

(Gallelli et al. 2019; Xu et al., 2020), was employed. However, this study diverged by considering 

three distinct TTC thresholds: high risk (TTC = 1.5 s), medium risk (TTC = 3.5 s), and low risk (TTC 

= 9 s), aligning with the characteristics of the studied freeway segment and following the 

approach outlined in a prior study to qualitatively assess simulated conflicts across various 

weather conditions and conflict types (G. Yang, Ahmed, and Adomah 2020). 

A second significant metric, Post Encroachment Time (PET), represents the time interval 

between the departure of the first vehicle from a conflict point and the approach of the second 

vehicle to that same point (Paul 2019). PET holds an advantage over TTC as it doesn't require 

speed estimation or distance measurements from the mutual conflict point. Moreover, PET is 

better suited for identifying critical conflicts compared to TTC (Mahmud et al. 2017; Paul 2019). 

In this study, PET thresholds, ranging from 0 to 10, were offered by SSAM to estimate conflict 

occurrences. However, critical conflicts were identified based on a PET threshold of less than 1 

second, in accordance with AASHTO guidelines, in addition to tabulating the overall number of 

conflicts for each scenario (AASHTO 2001). 
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Lastly, the third significant metric considered is Deceleration Rate to Avoid Collision (DRAC), 

defined as the minimum deceleration rate that the following vehicle must achieve to prevent a 

potential collision with the leading vehicle. This metric can be mathematically expressed as 

follows (Wang and Stamatiadis 2013): 

2𝑋1െ2𝐷𝑅𝐴𝐶 ൌ ൝
ሺ𝑉2െ𝑉1 ሻ2

, 𝑖𝑓 𝑉2 ൐ 𝑉1        (9)  
0, 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

The evaluation of safety performance relies on a crucial indicator denoted as DRAC, where V1 

and V2 represent the speeds of the leading and following vehicles, respectively, while X(1-2) 

signifies the net distance gap between these two vehicles. This indicator is valued for its ability 

to account for variations in speeds and decelerations within traffic flow, making it an effective 

measure. AASHTO has set a threshold, considering a DRAC value exceeding 3.4 m/s^2 as 

potentially critical (AASHTO 2001). To gauge the severity of conflicts in diverse weather 

conditions, this study employs the identified critical DRAC situations for analysis. 

Table 8 presents the outcomes regarding the total number of conflicts, including lane change 

and rear-end conflicts, associated with different weather conditions and three TTC thresholds. 

A positive percentage in Table 8 indicates that a parameter's observed value was higher in 

comparison to clear weather conditions. The simulated results reveal a significant reduction in 

the number of conflicts as the TTC threshold increases, signifying a shift towards lower risk 

scenarios. Notably, under extreme adverse weather conditions, especially in heavy rain, heavy 

snow, and heavy fog, the total number of conflicts was found to be higher than clear weather 

for all three TTC thresholds. This outcome aligns with real-world observations, as adverse 

weather conditions, characterized by limited visibility, degraded vehicle performance, and poor 

road surface conditions, negatively influence driver behavior and performance, resulting in a 

higher number of conflicts. 

Conversely, in light rain and distant fog, the simulated total number of conflicts, as well as lane 

change and rear-end conflicts, was lower than in clear weather, as shown in Table 8 for all three 

TTC thresholds. This trend may be attributed to drivers' heightened caution in these conditions, 

which offer relatively better visibility, reflecting their real-life driving behavior. Additionally, it's 

worth noting that the total number of conflicts remained consistently low when default 
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parameters were considered, highlighting their limitations in capturing representative scenarios 

across various weather conditions. 

Table 8 Simulation Results of Conflicts Based on Three TTC Levels 

Table 9 presents the simulation results concerning conflicts and critical conflicts in relation to 

PET. Much like the TTC, severe adverse weather conditions yielded a notably higher count of 

overall conflicts and critical conflicts when compared to clear weather conditions. Furthermore, 

the simulated total count of estimated conflicts and critical conflicts was observed to be lower 

during episodes of light rain and distant fog than in clear weather. It's important to highlight 
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that the percentage increase in risk relative to clear weather conditions was consistent, 

particularly for the high-risk TTC category, across various scenarios, particularly for total and 

rear-end conflicts. Nevertheless, it's worth noting that a significant proportion of the simulated 

conflicts were flagged as critical conflicts under all conditions. For example, out of the 1,119 

total conflicts recorded during clear weather conditions, a substantial 927 (82.8 percent) of 

these conflicts met the criteria for critical conflicts based on a specific PET threshold (i.e., less 

than 1 second). 

Table 9 Simulation Results of Conflicts Based on PET 

Conditions 
Total 

Conflicts 
Per hour 

Increase in 
Risk from 

Clear 
(percentage) 

Lane 
Change 

Conflicts 
Per hour 

Increase in 
Risk from 

Clear 
(percentage) 

Rear End 
Conflicts 
Per hour 

Increase in 
Risk from 

Clear 
(percentage) 

Default 477 -57.3 134 -52.8 343 -58.9 

Clear 1119 - 284 - 835 -

Light Rain 1071 -4.3 250 -12.2 821 -1.6 

Heavy Rain 1364 21.8 285 0.1 1079 29.3 

Light Snow 1437 28.4 289 1.6 1148 37.6 

Heavy Snow 1993 78.1 425 49.3 1568 87.9 

Distant Fog 942 -15.8 240 -15.5 702 -15.9 

Heavy Fog 1176 5.1 287 0.8 889 6.6 

Critical Conflicts (PET < 1 s) 

Default 388 -58.2 116 -44.1 272 -62.2 

Clear 927 - 208 - 719 -

Light Rain 880 -5.1 180 -13.5 700 -2.7 

Heavy Rain 1121 20.9 215 3.3 906 26.0 

Light Snow 1157 24.7 208 -0.2 949 32.0 

Heavy Snow 1592 71.7 318 52.9 1274 77.1 

Distant Fog 791 -14.7 182 -12.7 609 -15.3 

Heavy Fog 980 5.6 217 4.2 763 6.0 

Table 10 presents the simulation results for conflicts generated by SSAM in scenarios where 

DRAC values exceed 3.4 m/s². As anticipated, these results align with the earlier findings 

derived from TTC and PET assessments, particularly regarding the total number of conflicts, 

including lane change and rear-end conflicts. The data in Table 10 reveals a clear trend: the risk 

of encountering potentially critical driving situations escalates significantly during severe 

adverse weather conditions, such as heavy rain, heavy snow, and heavy fog. Consequently, the 

number of simulated conflicts is notably higher under these adverse conditions compared to 
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clear weather. Furthermore, a consistent pattern emerges when examining the percentage 

change in risk from clear weather across various conditions. Therefore, we can draw parallel 

conclusions for the conflict results, mirroring the insights previously discussed for TTC and PET. 

Table 10 Simulation Results of Conflicts with Potentially Critical Situations Based on DRAC 

Conditions 
Total 

Conflicts 
Per hour 

Increase in 
Risk from 

Clear 
(percentage) 

Lane 
Change 

Conflicts 
Per hour 

Increase in 
Risk from 

Clear 
(percentage) 

Rear End 
Conflicts 
Per hour 

Increase in 
Risk from 

Clear 
(percentage) 

Default 274 -64.7 85 -51.7 189 -68.5 

Clear 776 - 176 - 600 -

Light Rain 731 -5.7 165 -6.5 566 -5.5 

Heavy Rain 941 21.3 196 11.2 745 24.3 

Light Snow 976 25.9 190 8.1 786 31.1 

Heavy Snow 1305 68.3 247 40.3 1058 76.5 

Distant Fog 665 -14.2 159 -9.8 506 -15.5 

Heavy Fog 792 2.2 181 3.0 611 1.9 

2.2.4.3.3 Operational Characteristics Evaluation 

The VISSIM simulation results for operational assessments are presented in Table 11. To 

evaluate traffic flow characteristics under various weather conditions, we compared the default 

and updated parameters to clear weather conditions. We examined the maximum flow rate for 

each weather condition and measured the corresponding speed at that maximum flow rate. 

Subsequently, we calculated density based on the observed speed, utilizing the fundamental 

relationship between these factors. Given that the network included multiple weaving 

segments, we anticipated frequent lane changes near on-ramps and off-ramps (i.e., merge and 

diverge points). Consequently, we expected variations in lane changes across different weather 

conditions. 

Table 11 reveals noteworthy enhancements in maximum flow rates during rainy and foggy 

conditions compared to clear weather, while snow conditions showed little to no improvement. 

The speed at the maximum flow rate for clear weather was recorded at 45.4 mph. Intriguingly, 

in most adverse weather scenarios, observed speeds at the maximum flow rate increased by 

approximately 14 percent to 30 percent, with an 11 percent decrease in heavy snow. 
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Correspondingly, density at the maximum flow rate decreased in all adverse weather conditions 

except for heavy snow, mirroring the speed pattern. The simulation results for jam density 

indicated that there were generally no density changes between clear and adverse weather 

conditions. 

Furthermore, an examination of the simulation outcomes revealed that default parameters 

consistently yielded significantly higher speeds and lower densities at the maximum flow rate 

compared to the updated parameters. As a result, default parameters are not suitable for the 

development of microsimulation models. 

Table 11 Simulation Results of Traffic Flow Characteristics 

Conditions 

Max. Flow Rate 
(veh/hr/ln) 

Speed at Max. Flow 
Rate (mph) 

Density at Max. Flow 
Rate (veh/mi/ln) 

Jam Density 
(veh/mi/ln) 

Observed 
Percentage 

Change 
from Clear 

Observed 
Percentage 

Change 
from Clear 

Observed 
Percentage 

Change 
from Clear 

Observed 
Percentage 

Change 
from Clear 

Default 1840 6.1 63.1 38.8 29 -23.6 84 -2.9 

Clear 1734 - 45.4 - 38 - 86 -

Light Rain 1909 10.1 57.5 26.4 33 -12.9 86 0.0 

Heavy Rain 1898 9.4 52.3 15.0 36 -4.8 86 0.0  

Light Snow 1728 -0.4 51.7 13.8 33 -12.4 86 0.0 

Heavy Snow 1736 0.1 40.3 -11.4 43 12.9 86 0.0  

Distant Fog 1898 9.4 59.1 30.1 32 -15.9 85 0.9  

Heavy Fog 1839 6.1 55.1 21.3 33 -12.6 86 0.0 

Furthermore, various performance metrics were employed to assess and compare the 

operational characteristics of the simulated network under varying weather conditions, 

including clear and adverse conditions. Table 12 presents the simulated outcomes for total 

travel time, total delay, and average speed based on adjusted parameters for different weather 

scenarios, alongside default parameters for reference. When comparing clear weather with 

adverse weather conditions, the findings revealed a notable increase in total travel time 

ranging from 6 percent to 75 percent for all adverse weather situations except distant fog. 

Surprisingly, distant fog exhibited a 7 percent reduction in total travel time compared to clear 

weather. 

Additionally, the analysis showed distinct patterns in total delay. Distant fog exhibited a 25 

percent reduction in total delay, while other adverse weather conditions resulted in an 11 
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percent to 245 percent increase in total delay when compared to clear weather. Conversely, 

average speeds were consistently lower in all adverse weather scenarios, excluding distant fog, 

when compared to clear weather. Notably, heavy snow recorded the lowest average speed at 

29.6 mph. These findings suggest that drivers proactively adjusted their behavior in response to 

reduced visibility during adverse weather, leading to lower average speeds and increased total 

travel time and total delay, as a general trend (Das, Ghasemzadeh, and Ahmed 2019). 

Moreover, an examination of the results related to default parameters indicated that these 

parameters should not serve as representative values. The data in Table 12 clearly illustrates 

that different outcomes were obtained for various weather conditions, reinforcing the 

necessity of tailored parameter settings for accurate simulations. 

Table 12 Simulation Results of Total Travel Time, Total Delay, and Average Speed 

Conditions 
Total 
Travel 

Time (hr) 

Percentage 
Change from 

Clear 

Total 
Delay 
(hr) 

Percentage 
Change from 

Clear 

Average 
Speed 
(mph) 

Percentage 
Change from 

Clear 

Default 0.47 -5.0 0.04 -55.5 54.5 4.4 

Clear 0.49 - 0.09 - 52.2 -

Light Rain 0.52 5.8 0.10 11.3 49.3 -5.6 

Heavy Rain 0.62 24.7 0.15 77.8 41.6 -20.3 

Light Snow 0.66 32.7 0.18 111.0 39.1 -25.1 

Heavy Snow 0.86 74.8 0.30 245.2 29.6 -43.4 

Distant Fog 0.46 -6.7 0.06 -24.6 55.9 7.0 

Heavy Fog 0.55 10.6 0.11 23.5 47.3 -9.5 

Wyoming-specific Segment Microsimulation Analysis 

Results from previous study were extended to a 7-mile Wyoming-specific segment. Lane-change 

maneuvers occurring in freeway weaving segments (FWS) and basic freeway segments (BFS) 

were grouped using ArcGIS software. 

In total, the study verified and utilized 723 lane-change events occurring in various weather 

conditions and freeway segments. Table 13 provides details regarding the number of lane-change 

events corresponding to different weather conditions and types of freeway facilities. 
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Table 13 Lane changes in each Weather and Freeway facility types 

Weather 
Freeway Facility Types 

Total
FWS BFS 

Clear  

Rain  
Snow 

Fog 

Total 

168 

54 
32 

44 

298 

290 

71 
30 

34 

425 

458 

125 
62 

78 

723 

The initial section of this study aimed to identify lane-change parameters that accurately 

represent different weather conditions and could be employed to create weather-specific 

microsimulation models. Using the developed identification algorithm, potential parameters 

were extracted, while the remaining parameters were sourced from previous research findings. 

Among microsimulation tools, PTV VISSIM was chosen as the most suitable for adjusting these 

lane-change parameters. 

Subsequently, a Geographic Information System (GIS)-based method was employed to 

categorize these representative lane-change events occurring in freeway weaving segments 

(FWS) and basic freeway segments (BFS). The latitude and longitude coordinates of the 

extracted lane-change events were imported into ArcGIS software, which allowed the 

identification of lane-change events occurring in specific freeway facilities, following guidelines 

outlined in the Highway Capacity Manual (HCM). For instance, Figure 21 illustrates the 
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procedure for identifying lane changes based on different facility types in GIS, showcasing lane-

change events in clear weather on FWS (green symbols) and BFS (red symbols). 

Figure 21 Identification of lane-change events occurring in various freeway facilities: (a) lane-change 
events in a freeway weaving segment (I-90, New York) and (b) lane-change events in a basic freeway 

segment (I-90, New York). 

Development of VISSIM Models and Microsimulation Scenarios 

The analysis in this study was centered on two distinct freeway segments situated along 

Interstate 80 (I-80) in Wyoming. The first segment, known as the Freeway Weaving Segment 

(FWS), spans a 2-mile stretch from milepost (MP) 357 to MP 359, comprising two eastbound 

lanes and featuring various on- and off-ramps. The second segment, referred to as the Basic 

Freeway Segment (BFS), covers an equivalent 2-mile distance, extending from MP 301 to MP 

303, and consists of two eastbound lanes. It's noteworthy that the BFS was thoughtfully 

selected to be positioned far enough from the nearest exit, aligning with guidance from the 

Highway Capacity Manual (HCM), to eliminate direct interactions stemming from weaving 

traffic movements. A visual representation of these chosen freeway segments can be found in 

Figure 22 of the study, offering insights into their layout and configuration. 
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Figure 22 Layout of the considered I-80 freeway segments (images captured from VISSIM background 
map): (a) freeway weaving segment and (b) basic freeway segment 

The essential traffic data for the chosen freeway segments were sourced from the WYDOT 

traffic database. These traffic volume statistics were extracted from the monthly hourly volume 

report for September 2020, chosen as a representative month for analysis. Peak hourly volume 

calculations were based on Thursdays, and the entering and exiting volumes were adjusted to 

ensure balance and accuracy for the specified freeway segments. It is important to note that 

the recorded traffic volume was relatively low because the selected segments are part of rural 

Interstate 80 in Wyoming, which typically experiences lower traffic volumes. Additionally, 

Google Earth Pro and Google Maps were utilized to gather information on roadway geometries, 

posted speed limits, and other network characteristics (Haq, Zlatkovic, and Ksaibati 2020). 

To accurately represent the freeway segments in VISSIM, layouts were created using VISSIM's 

built-in background maps. The coded network's geometry, including lane counts, gradients, 

segment lengths, and the locations of on- and off-ramps, was further cross-checked through 

Google Street View to ensure that the developed models faithfully represented real-world field 

conditions. In VISSIM, traffic proportions were defined using two vehicle types: cars and trucks, 

with associated traffic compositions derived from existing data. The adjusted lane-change 

parameters from the SHRP2 NDS, alongside other general driving behavior parameters, were 

integrated into VISSIM to modify driving behavior. All other simulation parameters remained 

constant, ensuring that only the effect of the adjusted parameters for each weather condition 

was reflected in the simulation. Additionally, the desired speed distribution was adjusted based 

on observed free-flow speeds under various weather conditions from a prior study, and a 

cumulative distribution function was created, incorporating minimum, maximum, 15th, and 
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85th percentile free-flow speeds for each weather type (Khan, Das, and Ahmed 2020). Table 14 

provides details on the adjusted lane-change parameters and other general parameters for 

both freeway segments. It's noteworthy that while both necessary (mandatory) and free 

(discretionary) lane changes were observed in the Freeway Weaving Segment (FWS), only free 

lane changes were found to occur in the Basic Freeway Segment (BFS). 

Table 14 Adjusted Lane Change Parameters for Freeway Facility Types 

As evident from Table 14, there is notable variability in the maximum and accepted 

decelerations for both own and trailing vehicles in different weather conditions within the 

Freeway Weaving Segment (FWS). It's important to clarify that these deceleration values 

represent the lower and upper limits within which decelerations for own and trailing vehicles 

will be assigned during simulation, as specified in Table 14. The variation in deceleration values 

stems from adjustments made based on real-world SHRP2 data, which encompassed 

participants from diverse driver demographics, including differences in age, gender, driving 

experience, and more. Additionally, the safety distance reduction factor was found to be lower 
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for adverse weather conditions, such as snowy conditions, compared to clear weather. This 

adjustment reflects the significant reduction in driver speeds during adverse weather 

conditions. Notably, the parameters "advanced merging" and "cooperative lane change" 

primarily pertain to connected and autonomous vehicles. Given that this study exclusively 

employed human-driven vehicles mimicking driver behavior from SHRP2 NDS and did not 

consider connected or automated vehicles, these two parameters were set to "OFF" during 

simulation (Yang, Ahmed, and Adomah 2020; Bakhshi and Ahmed 2021). 

Furthermore, the study considered three different traffic volumes that could potentially occur 

in the selected freeway segments, considering field traffic flow conditions. These traffic 

volumes were designated as 600, 800, and 1000 vehicles per hour (vph). Each traffic demand 

level was tested across four distinct weather conditions and applied to the two different 

freeway segments. In total, 24 microsimulation modeling scenarios were developed within the 

VISSIM platform, representing the combinations of three traffic volumes, four weather 

conditions, and two freeway segments (i.e., 3 traffic volumes × 4 weather conditions × 2 

freeway corridors = 24 scenarios). The simulation models were executed for a duration of 70 

minutes, with the initial 10 minutes serving as a warm-up period. For each scenario, 10 

simulation runs were conducted to account for the influence of various simulation seeds in the 

analysis. Simulated data were collected from each run to assess safety and operational 

characteristics under diverse weather conditions and demand levels for both freeway networks. 

Calibration and Validation 

Before delving into an investigation of existing freeway models, the study first focused on 

calibrating and validating the baseline models. Adjustments were made to VISSIM parameters 

to align them more closely with real-world driving scenarios. To establish realistic desired 

speeds for the two vehicle types, a custom cumulative distribution function was created based 

on available field speed data. This function considered the 85th percentile of speed, which 

corresponds to the posted speed limit. For each vehicle category, additional performance 

characteristics such as vehicle lengths, acceleration/deceleration capabilities, weight-to-power 

(W/P) ratios (particularly for trucks), and other relevant attributes were fine-tuned based on 

observations from the field. 
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Following the calibration of the existing models, validation procedures were conducted. The 

microsimulation models were validated by comparing real-life traffic volumes with simulated 

volumes, which were derived as an average of 10 simulation runs. To assess the accuracy of the 

simulation results, the Geoffrey E. Havers (GEH) statistic test was employed to evaluate the 

discrepancies between simulated and field-observed traffic volumes. This validation process 

aimed to ensure that the simulation models accurately replicated real-world traffic conditions, 

helping to establish their reliability for subsequent analyses as per Equation 10 (PTV Group 

2018). 

GEH = ට
2ሺ𝑀𝑜𝑏𝑠ሺ𝑛ሻ െ𝑀𝑠𝑖𝑚 ሺ𝑛ሻሻ2

       (10)  
ሺ𝑀𝑜𝑏𝑠  ሺ𝑛ሻ൅ 𝑀𝑠𝑖𝑚 ሺ𝑛ሻ 

where Mobs(n) is the observed volume from the field condition and Msim(n) is the simulated 

volume from the microsimulation modeling. The GEH statistic test results are valuable 

indicators of the calibration and validation quality for the baseline models. When the GEH value 

falls below 5, it signifies a strong match between the simulated and field-observed traffic 

volumes, indicating a well-calibrated model. Values ranging from 5 to 10 suggest that further 

investigation into calibration may be necessary, while values exceeding 10 raise concerns about 

the model's calibration accuracy. In Table 15, a detailed comparison is presented, showcasing 

the GEH statistics obtained from the comparison between simulated and real-life traffic 

volumes for the two freeway corridors. Notably, the GEH test results in this analysis remained 

within an acceptable range, indicating that the models were successfully calibrated and offering 

confidence in their reliability for subsequent assessments. 

Table 15 GEH Test Statistics for Baseline Scenario 

Segment  Location 
GEH Statistic Test 

Observed 
Volume (vph) 

Simulated 
Volume (vph) 

GEH Value 
Acceptable 

(<5?)  

FWS 

Main Corridor  

On-Ramp 1  

On-Ramp 2  

601 

34 

29 

606 

28 

24 

0.20  

1.08  

0.97  

Yes 

Yes 

Yes 

BFS Main Corridor  630 634 0.16  Yes 

Furthermore, travel times measured in the field by the WYDOT were compared with the travel 
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times obtained from the simulation model. The mean absolute percentage error (MAPE) 

statistic was used to quantify the difference between the observed travel time in the field and 

the simulated travel time in VISSIM. The MAPE statistic can be calculated using Equation 11 

(Wu, Radwan, and Abou-Senna 2017; Moreno et al., 2013): 

100% 𝐴𝑡െ𝑆𝑡 MAPE = ∑𝑛
𝑡െ1 ቚ ቚ        (11)  

𝑛 𝐴𝑡 

where n represents the sample size, At is the actual travel time, and St is the simulated travel 

time. A lower MAPE indicates a smaller discrepancy between the observed and simulated travel 

times, reflecting a higher level of accuracy in the models. As shown in Table 16, the obtained 

MAPE values for the two freeway corridors were within an acceptable range. This outcome 

indicates that the baseline models for both the Freeway Weaving Segment (FWS) and the Basic 

Freeway Segment (BFS) were successfully validated based on travel times. With these 

calibrated models meeting the validation criteria, they were deemed suitable for further 

analysis in the study. 

Table 16 MAPE Test Statistics for Baseline Scenario 

Segment 

MAPE Statistic Test 

Observed Travel 
Time (hr) 

Simulated Travel 
Time (hr) 

MAPE Value 
(percent)  

Acceptable?  

FWS 0.0271 0.0280 3.19  Yes 

BFS 0.0273 0.0279 2.18  Yes 

Data Analysis 

2.2.5.3.1 Safety Performance Evaluation 

This study considered a safety assessment method through the SSAM to identify the potential 

traffic conflicts during simulations. Among various surrogate measures of safety (SMoS), three 

different ones, namely time-to-collision (TTC), deceleration rate to avoid collision (DRAC), and 

post encroachment time (PET), were utilized for assessing the risk of crashes in the two 

corridors under various weather. The simulated number of conflicts based on three TTC 

thresholds including high-risk (1.5 s), medium-risk (3.5 s), and low-risk (9 s) for each weather 
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condition under three demand levels are shown in Tables 17 to 19 for the two freeway 

segments. The results also include the relative risk ratio that was determined by dividing the 

number of conflicts in clear weather with the respective conflicts in adverse weather for each 

scenario. In general, the total number of conflicts, including lane-change and rear-end conflicts 

in adverse weather were found to be significantly higher than in clear weather in the majority 

of the scenarios. This should be attributed to driving behavior deteriorating under inclement 

weather, as can be experienced from real-world observation. As expected, FWS had higher 

conflicts than did BFS. In addition, it was observed that the number of conflicts significantly 

increased with the increase of demand levels. 

The simulation results, specifically focusing on conflicts under the low-risk time-to-collision 

(TTC) threshold, are presented in Table 17. These results demonstrate that adverse weather 

conditions generally led to a higher number of conflicts compared to clear weather, and these 

differences were statistically significant based on Welch's t-test in most cases. However, it's 

worth noting that for the Basic Freeway Segment (BFS), especially under level 1 and level 2 

demand, there were instances of insignificant differences between clear and adverse weather 

conditions, particularly for rear-end conflicts. This is primarily attributed to the low or zero 

conflict counts in these scenarios. Additionally, the number of conflicts was exceptionally low 

for BFS under level 1 traffic demand, which is a consequence of the microsimulation models 

being developed for a 2-mile BFS. Consequently, this resulted in insignificant differences in the 

numbers of total and lane-change conflicts in rainy and foggy conditions when compared to 

clear weather.  

Table 18 provides simulation results for conflicts under medium-risk time-to-collision (TTC) 

conditions. Across all three demand levels, adverse weather conditions consistently resulted in 

significantly higher numbers of total conflicts and lane-change conflicts compared to clear 

weather. Notably, the highest conflict counts were observed under snowy weather conditions 

in both freeway segments. For example, in snowy conditions for the Basic Freeway Segment 

(BFS), the number of total conflicts indicated that the risks in snowy weather were 

approximately 29, 24, and 32 times higher than those in clear weather for the three demand 

levels. 
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Moving on to the simulation results for conflicts under high-risk/critical TTC conditions, Table 

19 illustrates that the total number of conflicts in adverse conditions, particularly under level 3 

traffic demand, was significantly higher than in clear weather for both freeway segments. This 

trend aligns with what was observed in the low and medium-risk TTC scenarios. However, it is 

worth noting that the increase in conflict counts in adverse weather for BFS, particularly in rain 

and snow conditions, was not as pronounced under level 1 and level 2 demand levels. This 

phenomenon can be attributed to the lower number of conflicts generated in such traffic 

demand scenarios. However, in the case of foggy weather conditions for BFS, a higher number 

of conflicts was observed under high-risk TTC conditions compared to other adverse weather 

conditions. This could be explained by the fact that driving on a Basic Freeway Segment (BFS) is 

less likely to result in speed reduction, especially when visibility is limited due to fog. In foggy 

weather, drivers tend to perceive speeds as slower than they actually are, leading to less 

significant speed reductions (as per reference 18). Higher speeds also increase the likelihood of 

encountering critical conflicts, which could account for the higher number of high-risk conflicts 

observed in BFS under foggy weather conditions. 
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Table 17 Simulation Results of Conflicts Considering Low-risk TTC Threshold (TTC = 9 s) 

Note: na = not applicable 
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Table 18 Simulation Results of Conflicts Considering Medium-risk TTC Threshold (TTC = 3.5 s) 

Note: na = not applicable 
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Table 19 Simulation Results of Conflicts Considering High-risk/Critical TTC Threshold (TTC = 1.5 s) 

Note: na = not applicable 

73 



 
 

 

The second safety performance measure considered in the study was the Deceleration Rate to 

Avoid Collision (DRAC) in each scenario. Table 20 presents the simulation results, specifically 

highlighting scenarios with DRAC values exceeding 3.4 m/s² (indicative of possibly critical 

situations) for the two studied freeway segments. Consistent with the evaluation based on 

Time-to-Collision (TTC), the results show an increase in the risk of possibly critical driving 

conditions in various adverse weather scenarios when assessing DRAC. In other words, adverse 

weather conditions led to a higher number of critical conflicts, as indicated by DRAC values, 

compared to clear conditions. It is worth noting that the Basic Freeway Segment (BFS) produced 

a relatively lower number of critical conflicts when compared to the Freeway Weaving Segment 

(FWS). As expected, foggy conditions in BFS exhibited relatively higher numbers of critical 

conflicts, similar to the high-risk TTC level, across all three traffic demand levels. For instance, in 

foggy weather for BFS, the total critical conflicts were 16 and 46, respectively, which were 

approximately 5 and 46 times significantly higher than those in clear weather for level 2 and 3 

demands. Conversely, snowy conditions resulted in a higher number of critical conflicts in FWS. 

Moreover, the increase in risk from clear weather to adverse weather was notably higher in BFS 

when compared to FWS, particularly for total and rear-end conflicts under level 3 traffic 

demand conditions. 

The final safety performance measure considered in the study was Post-Encroachment Time 

(PET). Table 21 provides the simulation results, specifically focusing on conflicts where PET is 

critical (i.e., PET < 1 second). In general, the results pertaining to total conflicts, as well as lane-

change and rear-end conflicts, in adverse weather conditions align with the findings obtained 

based on Time-to-Collision (TTC) and Deceleration Rate to Avoid Collision (DRAC) assessments. 

According to Table 21, critical conflicts were more prevalent in snowy weather for the Freeway 

Weaving Segment (FWS) and foggy weather for the Basic Freeway Segment (BFS), consistent 

with the observations from high-risk TTC and DRAC scenarios. Similarly, the analysis revealed 

that an increase in the number of conflicts corresponded to higher traffic volumes, consistent 

with the findings from the TTC and DRAC evaluations. 
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Table 20 Simulation Results of Conflicts Considering DRAC (DRAC > 3.4 m/s2) 

Note: na = not applicable 
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Volume Segment Weather 
Total 

Conflicts 
Relative 

Risk 
t-Statistic P-Value 

Lane 
Change 

Conflicts 

Relative 
Risk 

t-Statistic P-Value 
Rear End 
Conflicts 

Relative 
Risk 

t-Statistic P-Value 

Level 1 (600 
vph) 

FWS 

Clear 

Rain 

Snow 

Fog 

19 

47 

78 

58 

1.0 

2.5 

4.1 

3.1 

-

-2.19 

-5.58 

-3.69 

-

<0.05 

<0.05 

<0.05 

2 

13 

32 

20 

1.0 

6.5 

16.0 

10.0 

-

-2.35 

-5.46 

-3.14 

-

<0.05 

<0.05 

<0.05 

17 

34 

46 

38 

1.0 

2.0 

2.7 

2.2 

-

-1.80 

-3.73 

-3.0137 

-

<0.05 

<0.05 

<0.05 

Clear 8 1.0 - - 1 1.0 - - 7 1.0 - -

BFS 
Rain 18 2.3 -2.17 <0.05 10 10.0 -3.25 <0.05 8 1.1 -0.30 0.38 

Snow 18 2.3 -2.29 <0.05 9 9.0 -3.89 <0.05 9 1.3 -0.57 0.29 

Fog 23 2.9 -2.53 <0.05 12 12.0 -2.95 <0.05 11 1.6 -0.98 0.17 

Level 2 (800 
vph) 

FWS 

Clear 

Rain 

Snow 

Fog 

79 

137 

187 

118 

1.0 

1.7 

2.4 

1.5 

-

-2.92 

-4.88 

-2.27 

-

<0.05 

<0.05 

<0.05 

26 

45 

61 

48 

1.0 

1.7 

2.3 

1.8 

-

-1.89 

-3.44 

-2.39 

-

<0.05 

<0.05 

<0.05 

53 

91 

126 

70 

1.0 

1.7 

2.4 

1.3 

-

-2.58 

-4.31 

-1.39 

-

<0.05 

<0.05 

0.09 

Clear 18 1.0 - - 4 1.0 - - 14 1.0 

BFS 
Rain 39 2.2 -4.20 <0.05 18 4.5 -3.55 <0.05 21 1.5 -1.70 <0.05 

Snow 38 2.1 -2.47 <0.05 23 5.8 -3.16 <0.05 15 1.1 -0.23 0.41 

Fog 63 3.5 -3.54 <0.05 31 7.8 -3.12 <0.05 32 2.3 -2.70 <0.05 

Level 3 
(1000 vph) 

FWS 

Clear 

Rain 

Snow 

Fog 

145 

306 

473 

325 

1.0 

2.1 

3.3 

2.2 

-

-4.81 

-5.84 

-4.73 

-

<0.05 

<0.05 

<0.05 

57 

99 

136 

122 

1.0 

1.7 

2.4 

2.1 

-

-2.44 

-5.12 

-4.05 

-

<0.05 

<0.05 

<0.05 

87 

207 

337 

202 

1.0 

2.4 

3.9 

2.3 

-

-5.03 

-4.97 

-3.64 

-

<0.05 

<0.05 

<0.05 

Clear 25 1.0 - - 8 1.0 - - 17 1.0 - -

BFS 
Rain 51 2.0 -2.64 <0.05 21 2.6 -2.87 <0.05 30 1.8 -1.59 <0.05 

Snow 62 2.5 -3.62 <0.05 37 4.6 -3.50 <0.05 25 1.5 -1.14 0.14 

Fog 127 5.1 -6.68 <0.05 61 7.6 -5.34 <0.05 66 3.9 -5.18 0.00 
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Table 21 Simulation Results of Conflicts Considering PET (PET < 1 s) 
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2.2.5.3.2 Operational Performance Investigation 

The operational performance of the two simulated freeway networks with adjusted parameters 

was evaluated using various performance measures, including average speed, total travel time, 

and total delay. The simulation results for these performance measures under different 

scenarios are summarized in Table 22. 

Notably, adverse weather conditions consistently resulted in significant reductions in average 

speeds for both freeway facilities when compared to clear weather. The most substantial 

reduction in speed was observed in snowy conditions across all scenarios. Furthermore, 

adverse weather led to a significant increase in both total travel time and total delay. 

For example, in the case of the Freeway Weaving Segment (FWS) under level 2 traffic demands, 

total travel time increased by approximately 18 percent for rain, 45 percent for snow, and 10 

percent for fog compared to clear weather. Correspondingly, the total delay increased by 113 

percent, 303 percent, and 90 percent for rain, snow, and fog, respectively. These results 

highlight the considerable impact of adverse weather conditions on driver behavior and the 

subsequent effect on operational performance. 

In terms of a comparison between the two freeway facilities, it was consistently observed that 

the Freeway Weaving Segment (FWS) exhibited higher total travel time and total delay than the 

Basic Freeway Segment (BFS) across various weather and traffic demand scenarios. 
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Table 22 Simulation Results of Operational Characteristics 
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MODELING CAT AT VARYING MARKET PENETRATION AND LEVEL OF AUTONOMY 

ON FREEWAY 

Introduction 

The technology of CAVs holds great promise in reducing accidents and potential disputes on 

road networks. This is achieved by improving drivers' understanding of their surroundings and 

eliminating human errors through the continuous delivery of real-time environmental data to 

road users, thereby enhancing their situational awareness (Amini, Omidvar, and Elefteriadou 

2021; Virdi et al., 2019). A key aspect of this emerging approach to traffic safety involves 

recognizing the importance of changing driver behavior. Human factors play a significant role in 

ensuring road safety, accounting for over 90 percent of all road accidents (Hosseinzadeh, 

Moeinaddini, and Ghasemzadeh 2021; Mousavi et al. 2021; Singh 2015; Shirani-Bidabadi, Ma, 

and Anderson 2021). CAVs can perform certain functions such as steering, acceleration, and 

braking without direct human intervention. The Society of Automotive Engineers (SAE) has 

defined six levels of driving automation, ranging from level zero, which offers no driver 

assistance, to level 5, where the driver is entirely uninvolved in the driving process (SAE 

International 2018). Currently, technologies corresponding to levels 1 and 2 are widely 

available, while levels 3 to 5 are still in testing phases in different regions. Most existing studies 

in the CAV field focus primarily on market penetration in terms of one-dimensional aspects, 

neglecting the level of autonomy (Mousavi et al. 2021; Adomah, Bakhshi, and Ahmed 2021; Liu 

and Fan 2020; Yu et al. 2019). Market research surveys have been employed to predict the 

expected market adoption of various CAV levels based on the SAE classification. Factors such as 

the year of initiation, which marks the commercial introduction and public use of Level 4 and 

Level 5 CAV operations, as well as their initial market shares and subsequent growth patterns, 

are crucial for infrastructure planning and CAV-related operations. Consequently, 

understanding the impact of mixed vehicles with different levels of autonomy on traffic is of 

equal importance (Gkartzonikas and Gkritza 2019; Saeed et al. 2020). 

Background 

Microscopic traffic simulation models have been widely used to assess the effects of CAVs. 

Extensive efforts have gone into modeling the integration of CAVs into mixed traffic flow. Prior 
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research has employed various simulation software platforms, including VISSIM, AIMSUN, 

PARAMICS, and SUMO, to simulate CAV behavior within broader traffic contexts. These tools 

have proven valuable for studying how CAVs impact traffic flow, efficiency, and safety 

(Fountoulakis et al. 2017; Shi, He, and Huang 2019; H. Yang, Wang, and Xie 2017). 

Notably, a groundbreaking study by Morando et al. was the first to investigate the influence of 

autonomous vehicles on traffic safety (Morando et al. 2018). Morando used VISSIM software to 

simulate AVs and employed the Surrogate Safety Assessment Model (SSAM) to assess crash 

potential. The study explored different scenarios with varying levels of AV penetration, 

revealing a significant reduction in the average number of crashes at signalized intersections 

and roundabouts as AV penetration increased. 

Hartmann et al. used VISSIM to assess the impact of automated vehicles on freeway capacity. 

Their simulations showed a decrease in capacity of up to 7 percent as the proportion of partially 

and highly automated vehicles increased. However, a high penetration of CAVs, promoting 

cooperative driving and reduced spacing between vehicles, resulted in a substantial capacity 

increase of up to 30 percent (Hartmann et al. 2017). 

Mousavi et al. conducted a study on the safety of an unsignalized three-way intersection under 

various levels of service with autonomous vehicles. VISSIM was used for simulation, and safety 

analysis employed the SSAM with Time to Collision (TTC) measurements. The results suggested 

that autonomous vehicles have the potential to reduce conflicts near intersections, whether on 

minor streets or major arterials (Mousavi, Osman, and Lord 2019) 

Arvin et al. considered two types of Autonomous Vehicles (AVs) with different automation 

levels, employing the open-source software VENTOS for simulation. They introduced a novel 

safety assessment indicator called "driving volatility" and found a significant decrease in 

accidents as the number of AVs increased (Arvin, Khattak, and Torres 2019). 

Ye and Yamamoto found that dedicating lanes for Connected and Automated Vehicles (CAVs) 

improved traffic flow throughput when the Market Penetration Rate (MPR) exceeded 40 

percent (Ye and Yamamoto 2018). 

Deluka Tibljas et al. used VISSIM microsimulation to assess the safety effects of CAVs at 

roundabouts, observing a slight increase in conflicts with the introduction of CAVs (Deluka-
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Tibljaš et al. 2018). Stanek et al. also examined CAV behavior using the Wiedemann 99 model 

parameters and studied potential impacts (Stanek et al. 2017). Rahman and Abdel-Aty focused 

on platooning autonomous vehicles on expressways using VISSIM software, showing that 

forming platoons could enhance safety by reducing the time vehicles spent below the TTC 

threshold by 19 percent to 28 percent (Rahman and Abdel-Aty 2018). 

Prior research has explored the efficiency and safety of highway segments and large-scale 

networks in the context of CAV traffic. These studies have investigated factors like truck ratios 

and exclusive lane policies on CAV operations. While most of these studies have focused on 

varying CAV market penetration, there is limited research considering both Market Penetration 

and Level of Autonomy simultaneously. This underscores a gap in the literature and 

underscores the need for further research to examine the combined effects of market 

penetration and level of autonomy on CAV performance and outcomes. Subsequent sections 

will provide details on the methodology and data analysis employed in this regard. 

Methodology and Simulation Framework 

The VISSIM software is employed to create a simulation of the transportation network under 

study, while the SSAM is used to assess the safety implications of Connected and Automated 

Vehicles (CAVs) within the specific section being investigated. 

The freeway segment selected for this study is the same as used in the previous chapter, it is 

located along Interstate 80 (I-80) in Wyoming, spanning from milepost (MP) 357 to MP 359. 

This eastbound segment covers 2 miles and includes two lanes, along with various on- and off-

ramps. This particular freeway segment was chosen due to its characteristic features, including 

significant merging and diverging traffic patterns that often require drivers to make frequent 

lane changes. Additionally, the study utilized lane change parameters derived using the 

automated algorithm from the SHRP2 NDS data and given in chapter 4. Consequently, it was 

more appropriate to select this segment over a Basic Freeway Segment (BFS) which typically 

involves fewer lane change maneuvers. The layout of the chosen freeway segment is depicted 

in Figure 23. 
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Figure 23 Layout of Selected Study Segment (captured from VISSIM background map) 

To obtain details about roadway geometries, posted speed limits, and other network attributes, 

Google Earth Pro and Google Maps were employed as supplementary data sources. In this 

study, several initial assumptions have been set to delineate the scope and context of the 

research goals. These assumptions serve to clarify the particular focus and conditions being 

examined. 

Simulation Assumptions 

As time progresses, the level of autonomy in Connected and Automated Vehicles (CAVs) is 

expected to evolve, along with their market penetration rate. Initially, with increasing 

automation levels, CAVs are anticipated to exhibit more assertive behaviors and maintain 

shorter following distances. Additionally, as their communication capabilities improve, they are 

likely to engage in cooperative lane changes, advanced merging, platoon formation, predictive 

collision avoidance, and cooperative speed harmonization. 

To ensure consistency in the simulation, CAVs are categorized into three levels: Low-Level CAVs, 

Mid-Level CAVs, and High-Level CAVs. These levels are defined using parameters from the 

CoExist project (CoExist, 2020), which encompass different degrees of automation, ranging 

from Cautious to Normal to Aggressive levels. Low-Level CAVs aim to replicate SAE Level 1 

automation, where they are automated but lack advanced communication abilities, relying 

heavily on human drivers for control and decision-making. Mid-Level CAVs represent 
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automation levels characterized by robust connectivity while still incorporating some degree of 

human control, akin to the combined attributes of SAE automation Levels 2 and 3. In contrast, 

High-Level CAVs possess advanced automation capabilities, demonstrating assertive behavior, 

maintaining shorter following distances, and possessing superior communication abilities. 

These vehicles rely significantly less on human control, resembling the combined functionalities 

of SAE automation Levels 4 and 5. 

However, Human Driven Vehicles (HDVs) in the simulation are represented using real-time 

traffic data from the Wyoming Department of Transportation (WYDOT) traffic database, as well 

as lane change parameters and desired speed distribution for clear weather conditions from 

chapter 4. Conversely, the speed distribution for CAVs adheres to the CoExist project (CoExist 

2020) guidelines and is set to align with the posted speed limits of Interstate 80 (I-80). Figure 24 

illustrates the desired speed distribution of HDVs and different levels of CAVs. Furthermore, 

unless there are no HDVs present in the network, Low-Level CAVs follow the speed distribution 

of HDVs, and when HDVs are absent, they align with the speed distribution of Mid-Level CAVs. 

A mixed traffic environment is established, including both Non-CAV and CAV cars and trucks. To 

simplify the simulation and focus on the primary study objectives, platooning, which involves 

coordinated travel of multiple vehicles closely together, is intentionally omitted. This decision 

eliminates complexities associated with platooning and allows the study to precisely analyze 

how changing MPLA affects traffic behavior and performance. 

Figure 24 Desired speed distribution for different CAV levels 
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Simulation Parameters 

When it comes to modeling Connected and Automated Vehicle (CAV) behavior within VISSIM, 

there are two approaches available: the internal and external methods (CoExist 2020). For 

simplicity, this research adopts the internal approach, which entails adjusting the default 

driving behavior settings within VISSIM. 

VISSIM typically employs the Wiedemann car-following model (Higgs et al., 2011), which comes 

in two versions: Wiedemann 1974 for urban scenarios and Wiedemann 1999 for freeway 

conditions. To simulate both human drivers and CAVs comprehensively, this study opted to use 

the Wiedemann 99 model, which includes ten parameters denoted as CC0 to CC9. Detailed 

documentation on these parameters can be found in the PTV VISSIM User Manual. The PTV 

Group offers recommendations for configuring the internal model in VISSIM specifically for 

CAVs, which involve making adjustments to car-following and lane-changing behavior 

parameters (Sukennik 2020). The specific modifications made to the internal models in VISSIM 

for this study are summarized in Table 23. 
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Table 23 Car-following and lane-change parameters of HDVs and CAVs 

Simulation Scenarios 

Using the built-in background maps in VISSIM, the freeway segments' layout was created. The 

coded network was designed to reflect real-world conditions, including the number of lanes, 

grades, segment lengths, and locations of on- and off-ramps. To ensure accuracy, the geometry 

of the developed models was verified by cross-checking with Google Street View to confirm 

that it accurately represented the actual field conditions. A total of 27 microsimulation 

modeling scenarios were developed in the VISSIM platform. These scenarios included three 
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different traffic volumes of 600, 800, and 1000 vehicles per hour (vph). Each traffic volume was 

tested with nine different scenarios representing varying levels of market penetration and level 

of autonomy (MPLA). This resulted in a combination of three traffic volumes and nine MPLA 

scenarios, as shown in (Table 24). The simulation models were executed for a total duration of 

70 minutes, with the first 10 minutes designated as the warm-up time to stabilize the 

simulation. For each scenario, 10 simulation runs were performed to account for the influence 

of different simulation seeds on the analysis. Data were collected from each run to assess the 

safety and operational aspects under various MPLA conditions across the network. 

Table 24 Simulation Scenarios 

L-CAV = Low-Level CAV, M-CAV= Mid-Level CAV and H-CAV = High-Level CAV. 

Calibration and validation 

The baseline model was calibrated and validated before examining existing freeway models. 

VISSIM parameters were fine-tuned to represent real-life driving scenarios accurately. A custom 

cumulative distribution function was used to establish desired speeds for human-driven 

vehicles (HDVs) based on field speed data. Other vehicle characteristics, such as lengths, 

acceleration/deceleration capabilities, weight-to-power (W/P) ratio (especially for trucks), and 

additional attributes, were adjusted based on field observations to ensure accurate 

representation of real-world driving conditions. After calibration, microsimulation models were 

validated by comparing the simulated traffic volumes (averaged over 10 runs) with real-life 

traffic volumes. This validation step ensured that the models accurately replicated the real-

world traffic conditions. The validation involved using the Geoffrey E. Havers (GEH) statistic test 
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(PTV Group 2018), which helped assess the discrepancies between the simulated and field-

observed traffic volumes based on Equation 10. 

The GEH test results indicate that the model was calibrated successfully, as the obtained values 

fell within an acceptable range. 

Furthermore, travel times measured in the field by the WYDOT were compared with the travel 

times obtained from the simulation model. The MAPE statistic was used to quantify the 

difference between the observed travel time in the field and the simulated travel time in 

VISSIM. The MAPE statistic can be calculated using Equation 11 (Wu, Radwan, and Abou-Senna 

2017; Moreno et al. 2013). 

The MAPE value for the study segment, as shown in (Table 25), indicates the difference 

between the observed and simulated travel times (the lower the MAPE, the smaller the 

difference). It was found that the MAPE values met the acceptable threshold, indicating 

successful validation of the baseline model for the freeway segment based on travel times.  

Table 25 GEH and MAPE Statistics for Baseline Scenario 

Location Observed Simulated Observed Simulated GEH MAPE (percent) Acceptable 
Volume Volume Travel Travel value 

(vph) (vph) Time (h) Time (h) 

Main Corridor 601 552 - - 2.04 - Yes 
On-ramp 1 34 27 - - 1.27 - Yes 
On-ramp 2 29 25 - - 0.77 - Yes 

Study Segment - - 0.0271 0.0279 - 2.95 Yes 

Safety Performance Assessment 

This study used the SSAM to evaluate the safety of simulated scenarios. SSAM analyzed 

trajectory data from the microsimulation model's output to identify potential conflicts that 

might result in near-crash collisions in vehicular traffic. Time-To-Collision (TTC) served as a 

surrogate measure of safety, assessing crash risk in the study segment across various scenarios. 

The selection of an appropriate threshold for TTC is still an area of ongoing research, and there 

is no definitive consensus on the ideal value. Typically, the threshold for TTC falls within the 

range of 1 to 5 seconds, with 1.5 seconds being commonly used (Lu, Grembek, and Hansen 

2022; Jiang et al. 2020; Essa and Sayed 2015). In this study, three specific thresholds for TTC 

were used to categorize different levels of collision risk. The high-risk threshold was set at 1.5 
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seconds, the medium-risk threshold at 3 seconds, and the low-risk threshold at 5 seconds. 

These thresholds provided a means to classify and analyze the potential collision risk levels in 

the simulated scenarios. By applying these thresholds, the study aimed to assess the safety 

implications of different traffic conditions and evaluate the effectiveness of the implemented 

measures in reducing collision risk.  

Results and Discussion 

Traffic conflict Analysis 

Table 26 presents conflict summaries from SSAM for MPLA scenarios and various TTC 

thresholds. Scenario 1 (baseline) with only HDVs had very few conflicts at the rural freeway's 

low volume condition, indicating good network performance. The number of conflicts were 

found to be increased for Scenario 1 as the volume was increased. Safety improved at low 

volumes in scenario 2 (mixed traffic with low-level CAVs) but worsened at higher volumes, 

possibly due to low-level CAVs' limited communication and HDV-like behavior, impeding traffic 

flow. Scenario 3 and 4 (Mid-Level CAVs, Low-Level CAVs, and HDVs) performed slightly better 

than the baseline for all TTC thresholds and volumes, showing a trend of improved safety with 

higher automation and market penetration. Scenarios 5 and 6 examined Low-Level CAVs with 

different speed distributions. Scenario 6 (matching Mid-Level CAVs speed) demonstrated better 

safety, emphasizing the benefits of uniform vehicle speeds of CAVs as compared to Scenario 5 

which followed the speed distribution of HDVs. Scenarios 4 and 5 showed about 50 percent 

conflict reduction with 50 percent market penetration of Mid to High-Level CAVs, especially at 

higher volumes. Scenarios 7, 8 and 9 showed the best results as they comprised of only the Mid 

and High-Level CAVs. A saturation spot was attained as scenarios 8 and 9 were reached and the 

conflict values were almost similar at both these scenarios but for higher threshold levels of 

TTC, it was seen that the conflicts were slightly higher for Scenario 9 which comprised of only 

High-Level CAVs as compared to scenario 8 which had both High-Level and Mid-Level CAVs. This 

might be due to the fact that High-Level CAVs used short following distances between each 

other and were aggressive in nature when performing lane changes as compared to Mid-Level 

CAVs which were less aggressive than them. 
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From the results, it can also be seen that the MPLA does not have much effect on the number 

of conflicts at the initial stages for a low volume and this clearly shows that the Low-Level CAVs 

are better suited for urban networks so that they can handle the huge traffic in an effective 

manner. For a rural network with low traffic, Low-Level CAVs do not make much of a difference 

because the network has a very low volume and the drivers are not generally impeded by other 

vehicles and since Low-Level CAVs lack advanced communication capabilities and were made to 

follow speed distribution of HDVs, this mix traffic environment would still act as if all vehicles 

were human-driven. In almost all volumes and TTC thresholds, it can be clearly seen that 

Scenarios 7, 8, and 9 comprising Mid and High-Level CAVs performed exceptionally well in 

reducing the number of conflicts. It was reduced by more than 85 percent during these 

scenarios. In general, both the rear-end and lane change conflicts followed a similar trend with 

the lane change conflict always being less than or equal to the rear-end conflicts. 
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Table 26 Simulation results of conflicts for TTC threshold of 1.5, 3, and 5 s 

1: HDV = 100percent ; 2: L-CAV =25percent , HDV = 75percent ; 3: M-CAV=25percent , L-CAV= 50percent , 
HDV=25percent ; 4: M-CAV= 50percent , L-CAV=25percent , HDV= 25percent ; 5: H-CAV= 25percent , M-CAV= 
50percent , L-CAV= 50percent  (L-CAV speed follows HDVs speed); 6: H-CAV= 25percent , M-CAV= 50percent , L-
CAV= 50percent (L-CAVs speed follows M-CAVs speed); 7: H-CAV= 50percent , M-CAV=50percent ; 8: H-CAV= 
75percent , M-CAV= 25percent ; 9: H-CAV= 100percent 
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Operational Characteristics Analysis 

Table 27 presents the various performance measures including the average speed, total travel 

time, and total delay used for investigating the operational performance of the simulated 

network. Based on the Table, a significant increase in the Average Speed of vehicles was seen as 

the MPLA increased except for scenario 2 where it was slightly decreased. And this might be 

due to the fact that the Low-Level CAVs were made to follow the speed distribution of HDVs, 

and they also lacked sophisticated communication and cooperative lane changes abilities, 

unlike the Mid and High-Level CAVs. As Scenario 5 was reached which comprised just the CAVs, 

the Average Speed was already higher by more than 12 percent than the baseline scenario for 

all volumes. Furthermore, the Average Speed of the vehicles reached around 77 mph at later 

stages of the scenario irrespective of the volume. A similar trend was observed in both Total 

Travel Time and Total Delay, whereby they improved with higher MPLA values but experienced 

slight degradation during the initial stages. The Total Travel Time increased with the increasing 

volume whereas the Total Delay was almost the same at the highest MPLA scenario. The results 

clearly show that CAVs are highly efficient in improving the operational characteristics of the 

freeway and the best results are seen when the level of automation is high (high-level to 

Medium-level CAV) alongside the higher market penetration. Furthermore, it can be noticed 

that the Low-Level CAVs with low market penetration are clearly not very effective and 

communication technology is quite vital in the performance of an automated vehicle. 
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Table 27 Simulation Results of Operational Characteristics 

1: HDV = 100percent ; 2: L-CAV =25percent , HDV = 75percent ; 3: M-CAV=25percent , L-CAV= 50percent , 
HDV=25percent ; 4: M-CAV= 50percent , L-CAV=25percent , HDV= 25percent ; 5: H-CAV= 25percent , M-CAV= 
50percent , L-CAV= 50percent  (L-CAV speed follows HDVs speed); 6: H-CAV= 25percent , M-CAV= 50percent , L-
CAV= 50percent (L-CAVs speed follows M-CAVs speed); 7: H-CAV= 50percent , M-CAV=50percent ; 8: H-CAV= 
75percent , M-CAV= 25percent ; 9: H-CAV= 100percent 
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MODELING THE IMPACT OF INFRASTRUCTURE ON CAT PERFORMANCE AND 

SAFETY 

Introduction 

In recent years, the rapid advancement of technology has propelled the automotive industry 

into a new era, marked by the emergence of Connected Automated Vehicles (CAVs). These 

vehicles, integrated with sophisticated sensors, communication systems, and autonomous 

capabilities, hold immense potential to revolutionize the transportation landscape. With a 

primary focus on enhancing road safety and reducing collisions, CAVs utilize advanced 

technologies to improve drivers' comprehension of their surroundings and eliminate human 

errors. Real-time information dissemination enables road users to have heightened situational 

awareness, paving the way for a safer and more efficient road network (Amini, Omidvar, and 

Elefteriadou 2021; Virdi et al. 2019). 

A critical element in this evolving approach to traffic safety involves recognizing the significance 

of modifying driver behavior, as the Human Factor remains responsible for over 90 percent of 

all road crashes (Hosseinzadeh, Moeinaddini, and Ghasemzadeh 2021; Mousavi et al. 2021; 

Singh, 2015; Shirani-Bidabadi, Ma, and Anderson 2021). CAV technology addresses this concern 

by empowering vehicles to perform certain functions autonomously, such as steering control, 

acceleration, and braking, without the need for direct driver intervention. The Society of 

Automotive Engineers (SAE) has established a classification comprising six levels of driving 

automation, ranging from Level 0 with no driver assistance to Level 5, where the driver is 

entirely disengaged from the driving task (SAE International 2018). 

As CAVs continue to reshape the transportation landscape, it is essential to recognize the 

pivotal role of the infrastructure industry in enabling automation. At present, the 

responsibilities in the transportation sector are largely divided between the vehicle and 

telecommunications industries. However, with the evolution of CAVs, the infrastructure 

industry is expected to play an increasingly crucial role in facilitating automation in the future 

(Gopalakrishna 2021). As we delve into the intricacies of automation levels, it becomes evident 

that a one-size-fits-all approach is insufficient, especially given the diverse road infrastructure 

and geometric configurations encountered in the real world. Road infrastructure and geometry 
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play a pivotal role in influencing the performance and safety of CAVs. A broad spectrum of 

factors, such as road type, design, curvature, signage, lane markings, and traffic patterns, 

contribute to the complexity of driving environments. It is, therefore, essential to ascertain the 

optimal automation level for CAVs in various scenarios, ensuring seamless integration and 

maximal benefits (Carreras et al. 2018). 

Background 

Over the years, microscopic traffic simulation models have seen extensive utilization for 

conducting impact analyses of CAVs. In light of the scarcity of crash data, researchers 

worldwide have employed microsimulation methods to assess the impact of AVs on traffic 

safety at varying levels of adoption. Some studies adjusted car-following and lane-change 

models to represent AVs. Key metrics such as conflict frequency, conflict rate (the ratio of 

potential conflicts/collisions to throughput), and crash rate were employed to quantify the 

effect of AVs on traffic safety. Considerable efforts have been dedicated to modeling mixed 

traffic flow incorporating CAVs. Various simulation software platforms have been employed in 

previous studies for CAV simulation, including VISSIM, AIMSUN, PARAMICS, and SUMO. These 

software tools have proven useful in simulating and analyzing the behavior and interactions of 

CAVs within a broader traffic context, enabling researchers to explore the potential impacts of 

CAVs on traffic flow, efficiency, and safety (Fountoulakis et al. 2017; Shi, He, and Huang 2019; 

H. Yang, Wang, and Xie 2017). Rahman et al. examined the influence of connected vehicles 

(CVs) both with and without platooning and found a substantial safety improvement with a 

minimum penetration rate of 30 percent. They also noted that CVs with platooning 

outperformed those without, particularly at penetration rates of 50 percent or higher (Rahman 

et al. 2019). A pioneering study conducted by Morando et al. examined the influence of 

autonomous vehicles on traffic safety (Morando et al. 2018). Utilizing VISSIM software to 

simulate AVs and employing the Surrogate Safety Assessment Model (SSAM) to evaluate 

potential crashes, the study involved five scenarios representing different AV penetration rates 

within the network using VISSIM. The results revealed a significant decrease in the average 

number of crashes at simulated signalized intersections and four-legged roundabouts as the 

penetration rate of AVs increased. Hartmann et al. also utilized VISSIM to evaluate the effects 
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of automated vehicles on freeway capacity (Hartmann et al. 2017). Their simulation findings 

demonstrated that as the proportion of partially and highly automated vehicles increased, 

there was a decrease in capacity of up to 7 percent. However, with a high penetration rate of 

CAVs promoting cooperative maneuvering and reduced headways, a substantial increase in 

road capacity of up to 30 percent was observed. Mousavi et al. conducted a study investigating 

the impact of autonomous vehicles on the safety of an unsignalized three-way intersection 

across different levels of service (Mousavi, Osman, and Lord 2019). Utilizing VISSIM software 

and the SSAM with Time to Collision (TTC) measurement, the results indicated that 

autonomous vehicles have the potential to decrease the number of conflicts near intersections, 

whether they occur on minor streets or major arterials. Arvin et al. considered two types of 

Autonomous Vehicles (AVs) with different automation levels (Arvin, Khattak, and Torres 2019). 

To model AVs with low automation levels, the Wiedemann 74 model was employed, while 

highly automated vehicles were represented using the Adaptive Cruise Control (ACC) model. 

The simulation was conducted using the open-source software VENTOS, and the study 

introduced a new safety assessment indicator called "driving volatility." The results 

demonstrated a significant reduction in the number of accidents as the number of AVs 

increased. Ye and Yamamoto found that dedicating lanes for Connected and Automated 

Vehicles (CAVs) could improve traffic flow throughput when the Market Penetration Rate (MPR) 

exceeded 40 percent (Ye and Yamamoto 2018). Deluka Tibljas et al. conducted a study using 

VISSIM microsimulation to quantify the safety effects of Connected and Automated Vehicles 

(CAVs) at roundabouts (Deluka-Tibljaš et al. 2018). To replicate CAV behavior, they modified the 

Wiedemann 99 car-following model parameters and observed a slight increase in conflicts with 

the introduction of CAVs. Similarly, Stanek et al. simulated CAV behavior using the Wiedemann 

99 model parameters obtained from existing literature and examined potential impacts (Stanek 

et al. 2017). Another study by Rahman and Abdel-Aty focused on the impact of platooning 

autonomous vehicles on expressways using VISSIM software (Rahman and Abdel-Aty 2018). 

By utilizing Time to Collision (TTC) as one of the Surrogate Measures of Safety, they observed a 

noteworthy improvement in safety with platooning resulting in a reduction of 19 percent to 28 

percent in the total time that vehicles spent running below the TTC threshold. 
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Prior research has extensively investigated the efficiency and safety of highway segments and 

large-scale networks concerning Connected and Automated Vehicle (CAV) traffic. These studies 

have examined various factors, such as market penetration, truck ratios and exclusive lane 

policies, and their impact on CAV operations. As we explore the intricacies of automation levels, 

it becomes evident that a standardized approach of using same automation level throughout 

the network is insufficient, particularly when considering the diverse road infrastructure and 

geometric configurations encountered in real-world settings. A critical research gap lies in 

limited consideration of the crucial role that road infrastructure and geometry play in 

influencing the performance and safety of CAVs. This gap highlights the need for further 

investigations that explore the implications of adapting automation levels of CAVs in response 

to varying road infrastructure and geometry. Understanding this interplay is vital for tailoring 

automation strategies that optimize CAV operations on different road types. To address this 

research gap comprehensively, this study aims to investigate the benefits of adapting 

automation levels of CAVs in response to varying road infrastructure and geometry on the 

safety and operation of the Interstate freeway (I-80 corridor) in Wyoming. This research utilizes 

the lane change parameters from the SHRP2 NDS database in conjunction with the Coexist 

project parameters (Sukennik, 2020) for VISSIM microsimulation. The investigation centers on 

examining the impact of varying CAV automation levels based on road infrastructure and 

geometry, utilizing Time to Collision (TTC) as a Surrogate Measure of Safety (SMoS). The 

subsequent sections outline the details on the methodology and data analysis employed in this 

regard. 

Methodology and Simulation Framework 

The transportation network simulation in this study is conducted through VISSIM software. To 

assess the safety impact of Connected and Automated Vehicles (CAVs) on specific segments, 

predefined scenarios are introduced into the simulation. The Safety Assessment Model (SSAM) 

is then employed to evaluate the safety outcomes. This study utilizes the same segment as the 

previous study which focuses on the Freeway Segment along Interstate 80 (I-80) in Wyoming, 

covering a 2-mile eastbound segment from milepost (MP) 357 to MP 359. The selected Freeway 

Segment comprises two lanes with multiple on- and off-ramps, making it suitable for the study 
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due to its significant merging and diverging traffic movements, involving frequent lane changes. 

Since the study used lane change parameters leveraged from the SHRP2 data, this particular 

segment was preferred over a Basic Freeway Segment (BFS) which has fewer lane change 

maneuvers. The traffic volume observed in this segment is relatively low. This is attributed to 

the selection of a segment on Interstate 80 in Wyoming, a rural freeway with low traffic 

volume. In this study, we conducted simulations using three distinct traffic volumes: 800 

vehicles per hour (vph), 1000 vph, and 1400 vph. The first two traffic volumes were acquired 

from real-time field data available in the WYDOT database. As for the 1400 vph volume, it 

represents a projected future traffic scenario that could potentially manifest in this corridor. 

Maintaining a higher traffic volume is crucial for effectively observing the impacts of Connected 

and Automated Vehicles (CAV) implementation on highways. Higher volumes allow for a more 

pronounced evaluation of CAV behavior and their interactions with other vehicles. This is 

especially beneficial when assessing the safety and efficiency implications of CAVs, as their 

influence on traffic dynamics becomes more discernible in denser traffic conditions. To obtain 

data on roadway geometries, posted speed limits, and other network characteristics, Google 

Earth Pro and Google Maps were utilized as additional data sources. Figure 25 displays the 

layout of the chosen freeway segment. 

Figure 25 Layout of the Selected Study Segment taken from google earth 

98 



 
 

 

 

 

 

 

The simulation methodology used in this study enables the investigation of mixed traffic 

conditions, considering different levels of CAVs based on roadway segments. Understanding the 

impact of various CAV automation levels on traffic and the benefits of adopting automation 

based on roadway infrastructure is crucial. To define the scope and context of the research 

objectives, certain initial assumptions are established. These assumptions clarify the specific 

focus and conditions being studied, ensuring a clear framework for the research. 

Simulation Settings 

Accurate representation of real-world conditions in a VISSIM network is crucial for the 

microsimulation-based study. Consequently, the simulations were conducted using PTV 

VISSIM, 2021 version. 

Assumptions 

In the present context, the CAV industry and CAVs account for the overall performance of CAV 

transportation but as it is bound to change in the future the infrastructure industry and 

Infrastructure Owners and Operators (IOOs) will account for a higher responsibility. As time 

progresses, the connectivity development of CAVs will be rapid and it is understandable that 

they will be heavily communicating with the Roadside Units (RSUs) and be able to manage their 

Automation level based on the information provided by these RSUs. It is evident that all the 

road segments and geometry won't be uniform and road segments are found to be changing 

frequently thus it is vital to understand whether it is beneficial to run the CAVs with the same 

automation level throughout the network or if one should change the CAV level as per the road 

geometry and other road infrastructure parameters. At these future stages, the roads are likely 

to be predominantly used by the mid to high-level CAVs with effective communication with the 

RSUs. They are expected to make cooperative lane changes, advanced merging, platoon 

formation, predictive collision avoidance, and cooperative speed harmonization and be able to 

vary their automation level based on the approaching roadway geometry. For this to replicate, 

the CAVs in this study are represented in two automation levels: Mid-Level CAVs and High-Level 

CAVs. Mid-Level CAVs are intended to simulate automation levels with good connectivity while 

still involving some human control. These correspond to the combination of SAE Level 2 and 3, 

99 



 
 

where the system assists the driver, but the driver remains partially responsible for vehicle 

control. High-Level CAVs, on the other hand, represent higher automation capabilities with 

aggressive behavior, shorter following distances, and superior communication capabilities, 

similar to the combined functionalities of SAE automation Levels 4 and 5. These levels are 

simulated using parameters from the CoExist project (CoExist 2020). On the other hand, the 

Human-Driven Vehicles (HDVs) were simulated based on the real-time traffic data obtained 

from the Wyoming Department of Transportation (WYDOT) traffic database alongside the lane 

change parameters and findings from previous chapter which utilized SHRP2 database. The 

desired speed distribution for HDVs was adjusted based on the values from chapter 3 for clear 

weather conditions while the speed distribution for CAVs followed the guidelines from the 

CoExist project (CoExist 2020) and was set to align with the posted speed limits of I-80. (Figure 

26) showcases the speed distribution of HDVs and CAVs as desired in the study. The simulation 

involves a mixed traffic scenario, incorporating both cars and trucks. For the CAV scenarios, the 

market penetration is kept at 100 percent to better understand the effect of changing level of 

automation throughout the segments. However, the research excludes platooning, and it was 

intentionally deactivated in the simulation software. The deliberate exclusion of platooning was 

aimed at avoiding added complexities that arise when multiple vehicles travel closely together 

in a coordinated manner. This distinctive behavior introduces additional variables and dynamics 

that could overshadow or interact with the study's main focus on the effects of varying 

automation levels of CAVs within segments. By deactivating platooning in the simulation 

software, the study ensures a clear and distinct examination of how adapting automation levels 

based on approaching infrastructure influence traffic behavior and performance. 
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Figure 26 Screenshots of Desired Speed Distribution in VISSIM for (a) HDV (b) CAV 

Simulation Parameters 

According to the PTV Group, there are two approaches to model Connected and Automated 

Vehicle (CAV) behavior in VISSIM: internal and external (Sukennik, 2020). This study adopts the 

internal approach, which involves modifying the default driving behavior parameters within 

VISSIM. The internal approach is considered more straightforward and convenient compared 

to the external one, used when researchers aim to define their driving behavior models. 

In this study, the Wiedemann 99 model was employed to simulate both human drivers and CAVs, 

as it captures behavioral characteristics comprehensively compared to the Wiedemann 74 model 

(Higgs et al 2011). The Wiedemann 99 model in VISSIM consists of ten parameters (CC0 to CC9), 

and the PTV VISSIM User Manual provides detailed documentation on their implications within 

the model. 

The PTV Group recommends configuring the internal model in VISSIM by adjusting car-

following and lane-changing behavior parameters specifically for CAVs (Sukennik 2020). Different 

studies have made specific adjustments to the default values, commonalities include allowing 

CAVs to maintain shorter distances with the leading vehicle, exhibiting faster and smoother 

reactions, greater awareness of surrounding vehicles, and engaging in cooperative lane-changing 

behavior. These adjustments aim to represent the unique characteristics and capabilities of CAVs 
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in the simulation environment. This study made specific modifications to the internal models in 

VISSIM, as shown in Table 28. 
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Table 28 Car-following and lane-change parameters of HDVs and CAVs 

Simulation Scenarios 

The VISSIM platform's built-in background maps were used to create the layout of the freeway 

segments. The coded network was designed to accurately reflect real-world conditions, 

considering factors like the number of lanes, grades, segment lengths, and on- and off-ramp 

locations. To ensure precision, the geometry of the models was cross verified with Google 

Street View, confirming its representation of actual field conditions. 

A total of 15 microsimulation modeling scenarios were developed in VISSIM, comprising three 

different traffic volumes: 800, 1000, and 1400 vehicles per hour (vph). Each traffic volume was 
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tested with five different conditions representing various autonomy levels for different road 

segments, as detailed in (Figure 27). 

The simulation models were executed for a duration of 70 minutes, with the first 10 minutes 

designated as warm-up time to stabilize the simulation. For each scenario, ten simulation runs 

were conducted to account for variations in simulation seeds and their impact on the analysis. 

Data were collected from each run to evaluate safety and operational aspects under different 

Infrastructure-based Automation conditions across the network. 
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Figure 27 Simulation Scenarios in VISSIM 
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Safety Performance Assessment 

This study used the SSAM to evaluate the safety of simulated scenarios. SSAM analyzed 

trajectory data from the microsimulation model's output to identify potential conflicts that 

might result in near-crash collisions in vehicular traffic. Time-To-Collision (TTC) served as a 

surrogate measure of safety, assessing crash risk in the study segment across various scenarios. 

Similar to the previous chapter, this study employed three specific thresholds for TTC to 

categorize different levels of collision risk. The high-risk threshold was set at 1.5 seconds, the 

medium-risk threshold at 3 seconds, and the low-risk threshold at 5 seconds. By applying these 

thresholds, the study aimed to assess the safety implications of different traffic conditions and 

evaluate the effectiveness of the implemented measures in reducing collision risk.  

Results and Discussion 

Traffic conflict Analysis 

The summary of conflicts from SSAM for all volumes and simulation scenarios is presented in 

Table 29. The baseline scenario consists only of HDVs running through the selected network, 

resulting in higher conflict numbers compared to other volumes. This baseline scenario was 

implemented to assess the effectiveness of CAV technology, and it is evident that scenarios 

involving CAVs performed exceptionally better in reducing conflicts. 

At a low volume of 800 vph and a threshold of 1.5 seconds, all CAV scenarios performed almost 

equally, likely due to the lower conflict volume. However, at medium and high thresholds of 3 

and 5 seconds, a distinct trend emerged. Scenario 2, with medium-level automation throughout 

the network, and Scenario 3, which featured mid-level automation on straight segments and 

high-level automation on junctions and ramps, outperformed Scenario 4 (high-level automation 

on straight segments and mid-level on junctions and ramps) and Scenario 5 (all segments as 

high-level automation). 

This trend was more pronounced at higher volumes of 1000 vph and 1400 vph. Across 

scenarios, it was evident that Scenario 3, with mid-level automation on straight segments and 
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high-level automation at junctions and ramps, performed the best at moderate to high 

volumes, closely followed by Scenario 2 with all medium-level automation. 

Scenarios 4 and 5 had similar performances, with reduced conflicts, but they were not as 

effective as Scenarios 2 and 3. Overall, the results indicate that mid-level automation on 

straight segments and high-level automation at junctions and ramps significantly outperformed 

other scenarios, reducing conflicts by approximately 30 percent or more compared to an all-

high automation setup. 
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Table 29  Simulation results of conflicts for TTC threshold of 1.5, 3, and 5 s 

TTC 1.5 3 5 

Volume 
(vph) 

Scenario T R-E L-C T R-E L-C T R-E L-C 

800 

1) HDVs on all segments 72 44 28 149 75 74 275 134 141 

2) Mid-Level CAVs on all 
segments   

3 2 1 5 5 0 7 6 1 

3) Mid-Level CAVs on straight 
segments and High-Level CAVs 
on Junctions and Ramps 

6 3 3 9 7 2 10 8 2 

4) High-Level CAVs on straight 
segments and Mid-Level CAVs 
on Junctions and Ramps 

4 0 4 14 11 3 18 10 8 

5) High-Level CAVs on all 
segments 

3 1 2 13 10 3 16 8 8 

1000 

1) HDVs on all segments 105 55 50 244 112 132 569 286 283 

2) Mid-Level CAVs on all 
segments 

7 7 0 10 8 2 16 13 3 

3) Mid-Level CAVs on straight 
segments and High-Level CAVs 
on Junctions and Ramps 

5 5 0 8 6 2 14 11 3 

4) High-Level CAVs on straight 
segments and Mid-Level CAVs 
on Junctions and Ramps 

10 6 4 12 6 6 37 28 9 

5) High-Level CAVs on all 
segments 

10 6 4 15 9 6 37 29 8 

1400 

1) HDVs on all segments 382 210 172 1028 579 449 2301 1421 880 

2) Mid-Level CAVs on all 
segments 

18 10 8 54 37 17 116 85 31 

3) Mid-Level CAVs on straight 
segments and High-Level CAVs 
on Junctions and Ramps 

19 15 4 44 29 15 107 79 28 

4) High-Level CAVs on straight 
segments and Mid-Level CAVs 
on Junctions and Ramps 

40 31 9 70 54 16 140 96 44 

5) All high 37 27 10 76 52 24 149 103 46 

T = Total Conflicts; R-E = Rear End Conflicts; L-C = Lane Change Conflicts 

Operational Characteristics Analysis 

Table 30 depicts a variety of performance measures utilized to assess the operational 

performance of the simulated network. These measures include Average Speed, Total Travel 

Time, and Total Delay. Evaluating these metrics under different scenarios provides valuable 
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insights into the efficiency and effectiveness of the transportation system, enabling a 

comprehensive understanding of its overall performance. The data from Table 30 clearly 

indicates that scenarios involving CAVs outperformed the baseline scenario with only HDVs. 

Additionally, as the traffic volume increased, the operational performance of HDVs was found 

to decline, and a similar trend, albeit with less magnitude, was observed for CAV scenarios. The 

CAV scenarios demonstrated excellent operational performance, with speeds consistently 

around 76 mph regardless of the traffic volume or scenario. 

While Total Travel Time and Total Delay for CAV scenarios increased with higher volumes, the 

magnitude of this increase was lower compared to the all-HDV setup. Overall, all the CAV 

scenarios exhibited similarly improved operational characteristics for traffic, showcasing their 

potential in enhancing the efficiency of the transportation system. 
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Table 30 Simulation Results of Operational Characteristics 

Volume 
(vph) 

Scenario Avg speed 
(mph) 

Total Travel 
Time (h) 

Total Delay 
(h) 

800 

1) HDVs on all segments 62.3870 0.8427 0.0290 

2) Mid-Level CAVs on all segments 77.0156 0.6811 0.0034 

3) Mid-Level CAVs on straight segments and 
High-Level CAVs on Junctions and Ramps 

77.0163 0.6811 0.0034 

4) High-Level CAVs on straight segments and 
Mid-Level CAVs on Junctions and Ramps 

76.9665 0.6815 0.0037 

5) All high 76.9761 0.6814 0.0037 

1000 

1) HDVs on all segments 61.5539 1.0676 0.0510 

2) Mid-Level CAVs on all segments 76.9264 0.8516 0.0050 

3) Mid-Level CAVs on straight segments and 
High-Level CAVs on Junctions and Ramps 

76.9467 0.8514 0.0047 

4) High-Level CAVs on straight segments and 
Mid-Level CAVs on Junctions and Ramps 

76.8649 0.8523 0.0055 

5) All high 76.8914 0.8520 0.0052 

1400 

1) HDVs on all segments 58.6474 1.5664 0.1475 

2) Mid-Level CAVs on all segments 76.6094 1.1932 0.0116 

3) Mid-Level CAVs on straight segments and 
High-Level CAVs on Junctions and Ramps 

76.6578 1.1923 0.0108 

4) High-Level CAVs on straight segments and 
Mid-Level CAVs on Junctions and Ramps 

76.6020 1.1933 0.0115 

5) All high 76.6257 1.1929 0.0112 
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IMPACT OF COOPERATIVE AUTOMATED TRANSPORTATION ON WORK ZONE 

SAFETY AND OPERATION 

Introduction and Background 

The prevalence of roadway Work Zones (WZs) across the US has surged due to the growing 

demand for roadway expansion and the maintenance of aging infrastructure. Recent statistics 

from the Federal Highway Administration (FHWA) indicate that WZs are now found on 

approximately 20 percent of U.S. highways, particularly during peak seasons (H. Yang et al., 

2015). For drivers, encountering a WZ has become a frequent occurrence, with the average 

expectation of encountering one every 100 miles driven (Khoda Bakhshi and Ahmed 2021). 

However, this proliferation of WZs presents a significant safety concern, both for the drivers 

navigating the complex array of signs, signals, markings, drums, and cones, and for the workers 

involved in new construction and roadway maintenance within or near these zones. According 

to crash statistics from the National Safety Council (NSC) in 2020, WZs were responsible for 

approximately 102,000 crashes, resulting in 44,240 injuries and 857 fatalities (NSC 2020a). The 

Bureau of Labor Statistics (BLS) also reported 57 worker fatalities resulting from vehicle strikes 

in WZs (NSC 2020b). Additionally, the presence of WZs exerts a substantial adverse impact on 

roadway operations and mobility, accounting for 10 percent of national congestion and causing 

$4.6 billion in user cost delays and 1.75 billion hours of vehicle delay, as reported by the 

American Road and Transportation Builders Association (ARTBA 2022). 

Furthermore, the influence of inclement weather conditions can exacerbate the risk of 

accidents within WZs (Ghasemzadeh and Ahmed 2018). Driving under adverse weather 

conditions, particularly within WZs, is inherently challenging due to reduced visibility, 

compromised roadway surface friction, and significant disruptions in driver behavior and 

vehicle performance. Data collected by the FHWA from 2007 to 2016 revealed that adverse 

weather contributes to approximately 5,400 fatal crashes, 418,000 injury crashes, and 

1,235,000 property damage-only (PDO) crashes annually in the U.S. (Federal Highway 

Administration 2020). Furthermore, crashes that occur in adverse weather conditions tend to 

result in more severe injuries, as indicated by studies conducted by Khan et al. (2018). 

Numerous research studies have concurred that adverse weather conditions can intensify the 

111 



 
 

severity of crashes, often involving multiple vehicles (Ahmed et al. 2011). Consequently, the 

adverse impact of inclement weather on traffic safety and operation, particularly within WZs, 

underscores the pressing need for an in-depth understanding of WZ operations and crash 

characteristics, with a focus on enhancing preventive measures. 

In efforts to address the safety concerns associated with Work Zones (WZs), the Department of 

Transportation (DOTs), transportation agencies, and road safety practitioners have traditionally 

relied on conventional countermeasures, including the use of static signs to disseminate 

information related to WZs. However, researchers have raised concerns that these traditional 

safety measures may not be sufficient in enhancing safety and operations within WZs in the era 

of emerging Cooperative Automated Transportation (CAT) (Khoda Bakhshi and Ahmed 2021). 

CAT, encompassing Connected Vehicles (CV), Autonomous Vehicles (AV), and Connected and 

Automated Vehicles (CAV), has garnered significant attention in recent years and is heralded as 

a transformative force in the current transportation landscape. Connected Vehicles (CV) 

technology comprises advanced wireless communication systems enabling vehicles to share 

real-time transportation data through vehicle-to-vehicle (V2V) and vehicle-to-infrastructure 

(V2I) communications (Intelligent Transportation Systems Joint Program Office (ITSJPO) 2020). 

Autonomous Vehicles (AV) encompass various technologies, such as video cameras, radar 

sensors, and light detection, which are integrated into vehicles to enable them to operate 

autonomously at different hierarchy levels (Anderson et al. 2016). CAV combines the 

capabilities of CV and AV, operating with various levels of connectivity and automation. 

Implementing these cutting-edge technologies has the potential to significantly enhance the 

complex longitudinal and lateral behaviors of drivers in WZs. This enhancement can be 

achieved through CV notifications like Work Zone Warning (WZW) and Rear Collision Warning 

(RCW), as well as assistance in selecting appropriate headway, acceleration, steering, and speed 

in accordance with weather conditions.  

Alternatively, the platooning of heavy trucks equipped with CAV technologies has gained 

momentum over the past few years (Hoque et al. 2021; Haque, Rilett, and Zhao 2023). 

Specifically, the concept of Cooperative Adaptive Cruise Control (CACC) has been extensively 

studied in real-time scenarios. Building upon the foundation of Adaptive Cruise Control (ACC), 
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CACC introduces a cooperative approach through vehicle-to-vehicle (V2V) communication. This 

transformative shift from a reactive system to a cooperative system enables CACC-equipped 

vehicles to maintain shorter inter-vehicle and intra-vehicle distances, facilitated by 

communication and signaling. By utilizing this technology, CACC vehicles can achieve a higher 

lane capacity, optimizing the utilization of roadway infrastructure. Prominent projects, such as 

the California PATH project, have dedicated substantial efforts to exploring the potential of 

CACC technology, particularly in the context of trucks. With a primary focus on level 1 

automation, these initiatives have aimed to demonstrate the feasibility and benefits of CACC 

implementation in real-world scenarios. The primary objective of level 1 automation is to 

support drivers in performing specific driving tasks, enhancing safety and efficiency on the road.  

Additionally, research efforts have extended to encompass both level 1-2 and level 4-5 

automation of CACC trucks, further examining their potential benefits and operational 

implications. 

This study is centered around two primary objectives. The first objective involves conducting a 

comprehensive analysis of various driving behaviors, including High-Visibility (HV), Connected 

Vehicles (CV), and Autonomous Vehicles (AV), within work zones. Subsequently, the focus shifts 

to an in-depth exploration of Truck Platooning, with specific attention to two distinct levels of 

automation. For the initial study, a 403-mile section of I-80 in Wyoming was selected due to its 

exposure to adverse weather conditions, sharp curves, and steep grades, making it an ideal 

testing segment in PTV VISSIM. In the context of Truck Platooning, a dedicated segment within 

VISSIM, featuring a continuous series of weaving sections and concluding with a work zone was 

modelled. This segmented approach, tailored to each study, allows us to capture a more 

comprehensive range of factors, providing richer insights than a one-size-fits-all approach. 

This study has contributed significantly to the field of CAT research in the following ways: 

Firstly, it introduces an innovative analytical approach for investigating the impacts of different 

CAT scenarios, utilizing a specialized microsimulation model customized for both a work zone 

segment on I-80 and a general four-lane segment. Secondly, it refines driving behavior 

parameters, aligning them with human-driven vehicles (HV), connected vehicles (CV), and three 

categories of autonomous vehicles (AV) - cautious, normal, and aggressive, along with two 
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distinct levels of automation utilizing Cooperative Adaptive Cruise Control (CACC) trucks based 

on data from the SHRP 2 NDS, WYDOT CV Pilot, and the CoExist project. Thirdly, it 

demonstrates the utility of microsimulation modeling in evaluating the safety and operational 

performance of various CAT scenarios under foggy weather conditions and varying Market 

Penetration Rates (MPRs). Lastly, it assesses the performance of different merge strategies, 

including early and late merges, within the context of truck platooning. 

INVESTIGATING THE EFFECT OF DIFFERENT DRIVING BEHAVIORS (HV, CV and AV) ON WORK 

ZONES 

Data Acquisition and Processing 

To achieve the study's objectives, a comprehensive array of data sources was systematically 

collected and processed. Initially, crucial traffic performance data, encompassing traffic flow 

characteristics and speed data, were procured from the Wyoming Department of 

Transportation (WYDOT) through the use of roadside Wavetronix speed sensors installed along 

the I-80 corridor, offering real-time traffic observations. Furthermore, corresponding weather 

information was sourced from WYDOT's Road Weather Information System (RWIS) sensors. It is 

important to note that the weather conditions were determined by the RWIS sensor associated 

with the specific speed observation, taking into account the proximity of that RWIS sensor. In 

light of the available dataset, traffic performance data linked to a specific sensor, Sensor #2178, 

were selected for analysis. Moreover, the nearest RWIS sensor, identified as #KVDW, 

corresponding to the speed sensors, was also considered. Subsequently, comprehensive traffic 

compositions, traffic volumes, and speed-time profiles were gathered at each sensor location 

(G. Yang, Ahmed, and Adomah 2020). 

Additionally, micro-level driving behavior data under the Cooperative Automated 

Transportation (CAT) environment were sourced from a motion-based, high-fidelity University 

of Wyoming Driving Simulator Lab, known as WyoSafeSim, as a component of the WYDOT CV 

Pilot. To replicate a driving environment akin to a Work Zone (WZ) area, the 

InternetSceneAssembler (ISA) was employed. The scenarios were programmed based on 
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JavaScript, and vehicle kinematics were meticulously recorded using a software named 

SimObserver at a frequency of 60 Hz. This allowed for the observation of how driving behavior 

of the participants was influenced by various Work Zone Warning (WZW) notifications from the 

Human Machine Interface (HMI) within the context of foggy weather under the CAT 

environment. For the driving simulator experiment, 23 participants were recruited by WYDOT. 

Before the experiment, each participant received E-training pertaining to the WYDOT CV Pilot 

and various CAT notifications. Additionally, two mini-scenarios and warm-up driving sessions 

were provided to each participant to familiarize them with the operation of the driving 

simulator. Further information regarding the simulated WZ scenarios in foggy weather and 

associated details can be found in (Adomah, Bakhshi, and Ahmed 2021). 

Extraction and Adjustment of Driving Behavior 

In the initial section of this study, meticulously identification and fine-tuning of essential driving 

behavior parameters were performed to suit Human-Driven Vehicles (HV), Connected Vehicles 

(CV), and Autonomous Vehicles (AV). In the subsequent section, the driving behaviors of CACC 

trucks were adapted for two different levels, namely stage 1 platooning utilizing Level 1 

automation (L1) and stage 2 platooning utilizing Level 4 automation (L4). It is worth 

emphasizing that driving behavior parameters cannot be directly extrapolated from weather 

and road surface conditions in microsimulation. Hence, the meticulous adjustment of these 

parameters was crucial to accurately represent real-world driving behavior, especially under 

specific weather conditions. 

For HV, the research team calibrated the default Wiedemann-99 (W99) car-following 

parameters for driving in foggy weather, followed by further adjustments for Work Zone (WZ) 

scenarios. This was achieved by utilizing trajectory-level naturalistic data from the SHRP 2 NDS. 

A systematic calibration methodology was employed to determine optimal W99 car-following 

parameters (Hammit et al. 2019). In addition to car-following parameters, default lane change 

parameters in VISSIM were also fine-tuned. To facilitate this, the research team developed an 

automated algorithm for identifying lane change events (Das, Khan, and Ahmed 2022). These 

lane change events in VISSIM were categorized into necessary and free lane changes, and 
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parameters related to these were obtained through the algorithm, alongside other relevant 

parameters to ensure a realistic representation of driving behavior in foggy weather within a 

WZ. 

Regarding CV, driving behavior within WZ areas under foggy conditions was calibrated by 

updating both W99 car-following and lane change parameters, with additional changes made to 

CV driver behavior based on various considerations, as discussed in (Khoda Bakhshi and Ahmed 

2021). Notably, cooperative lane change parameters for CV were activated, reflecting their 

capacity for cooperative lane changes and the speed distribution associated with CV was 

characterized as more harmonized compared to HV, a feature observed in the driving simulator. 

In the case of AV, real-world data from the CoEXist project were employed and three distinct 

driving logics, namely Cautious, Normal, and Aggressive were utilized This European project, 

conducted from 2017 to 2020, focused on preparing for the transitional phase when automated 

and human-driven vehicles coexist on roadways (Sukennik 2019). The Cautious AVs consistently 

adopt safe driving behavior and adhere to traffic regulations, the normal driving logic emulates 

human driving, with the ability to assess gaps and speeds of surrounding vehicles based on in-

vehicle sensors while the Aggressive AVs predict the maneuvers and behaviors of other road 

users, exhibiting a form of cooperative behavior. Each of these AV driving logics has specific 

driving parameters and behaviors which were integrated into PTV VISSIM 11 version, based on 

the W99 car-following parameters (PTV Group 2022; Sukennik 2019). It is important to note 

that while this study covers various scenarios, it might necessitate making assumptions for 

certain recommended AV driving behavior parameters, as mentioned by Sukennik (Sukennik 

2018). This study utilized the recommended parameters associated with the three AV driving 

logics, making some minor adjustments to account for foggy weather and WZ conditions. Table 

31 provides an overview of the driving behavior parameters, as well as other general 

parameters for HV, CV, and AV. 
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Table 31 Adjusted Driving Behavior Parameters for Human Vehicle, Connected Vehicle, and 

Automated Vehicle 

VISSIM model 

A 7- miles two lane basic freeway segment in eastbound direction encompassing a span from 

milepost (MP) 323 to MP 330 along I-80 was considered for the analysis. The selected segment 

symbolizes the most challenging traffic conditions due to significantly high elevation (i.e., 

summit at MP 325), steep vertical grades, and extreme weather situations (e.g., heavy fog). 
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Since this study concentrated on evaluating the performance of CAT in WZ safety and 

operations under foggy conditions, it is essential to develop the microsimulation model 

considering segments with high altitudes. Figure 28 displays the layout of the selected freeway 

segments. 

Figure 28 Layout of the Selected I-80 Freeway Segment (Image acquired from VISSIM background 
map) 

Furthermore, required traffic data associated with the segment was collected from the WYDOT 

traffic database for calibration purposes. Considering September 2021 as a representative 
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month, traffic volume data were obtained from the WYDOT Monthly Hourly Volume report. 

Then, the peak hourly volume was calculated for Wednesday and necessary tuning and 

adjustment of arriving and departing traffic volume were conducted for the selected segment. 

To identify the appropriate geometric features, posted speed limits, and additional roadway 

characteristics, Google Earth Pro and Google Maps were utilized.  

Next, the layout of the freeway segment was constructed in VISSIM via its own background 

maps. To verify whether the created model exemplified the actual field situations, additional 

inspection was performed by Google Street View software for the geometry of the coded 

network such as length of the segment, number of lanes, grades, etc. The next step was to 

define traffic compositions in VISSIM. For this purpose, two vehicle categories, car and truck, 

were considered and their corresponding proportions were collected from the existing data. 

Subsequently, a WZ that consists of four sequential areas namely Advance Warning, Transition, 

Activity, and Termination were created in the coded network in VISSIM following the Manual 

on Union Traffic Control Devices (MUTCD) guidelines. The developed network with WZ was 

then used to evaluate the impact of HV, CV, AV, and different combinations on traffic safety 

and operations. 

Besides, six levels of CAT MPRs, including 0 percent, 10 percent, 25 percent, 50 percent, 75 

percent, and 100 percent were considered by altering the proportion of HV, CV, and AV in 

VISSIM, as shown in Table 32. Except for 0 percent MPR, HV was included with CV, three types 

of AV, and a combination of both CV and AV for each MPR resulting in seven different 

combinations that generated mixed traffic situations. It is worth mentioning that an equal share 

for both CV and AV for a specific MPR was regarded when both of them were included with HV. 

The 0 percent MPR represents the baseline condition reflecting a fully traditional vehicle (i.e., 

only HV) whereas 100 percent MPR indicates a completely connected and/or automated 

environment (i.e., CV, AV, and combination of both). The adjusted driving behavior parameters 

along with additional general behavior corresponding to HV, CV, and AV were utilized to modify 

respective driving behavior during simulation in VISSIM. In addition, desired speed distribution 

was updated for HV by generating a cumulative distribution function through minimum, 

maximum, 15th, and 85th percentile of free-flow speeds in WZ under foggy weather (Xu et al., 
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2021). Similarly, speed distributions for CV and AV were modified based on the insights from 

previous studies (Khoda Bakhshi and Ahmed 2021; Papadoulis, Quddus, and Imprialou 2019). 

Table 32 Microsimulation Scenarios in Each Market Penetration Rate 

MPR 
(perce 

nt) 

Share 
for HV 
(perce 

nt) 

Total 
Share 
for CV 
and AV 
(percen 

t) 

Microsimulation Scenarios 

0 - -
Only 
HV 

- - - - - - -

10 90 10 - HV+CV HV+AV(C) HV+AV(N) HV+AV(A) 
HV+CV+A 

V(C) 
HV+CV+A 

V(N) 
HV+CV+ 

AV(A) 

25 75 25 - HV+CV HV+AV(C) HV+AV(N) HV+AV(A) 
HV+CV+A 

V(C) 
HV+CV+A 

V(N) 
HV+CV+ 

AV(A) 

50 50 50 - HV+CV HV+AV(C) HV+AV(N) HV+AV(A) 
HV+CV+A 

V(C) 
HV+CV+A 

V(N) 
HV+CV+ 

AV(A) 

75 25 75 - HV+CV HV+AV(C) HV+AV(N) HV+AV(A) 
HV+CV+A 

V(C) 
HV+CV+A 

V(N) 
HV+CV+ 

AV(A) 

100 0 100 - CV AV(C) AV(N) AV(A) 
CV+AV 

(C) 
CV+AV 

(N) 
CV+AV 

(A) 

Note: MPR=Market Penetration Rate, HV=Human Vehicles, CV= Connected Vehicles, AV= Automated Vehicles, C=Cautious, 

N=Normal, A=Aggressive 

A total of 36 microsimulation scenarios (i.e., five MPR × seven combinations + only HV at 0  

percent MPR = 36 scenarios) were developed in the VISSIM. Each simulation run lasted for 4200 

seconds (70 minutes) with the first 600 seconds (10 minutes) warm-up period to let the freeway 

segment be completely occupied. Ten simulation runs were performed for each scenario to 

integrate the effect of different simulation seeds and simulated data associated with each run 

were compiled to investigate the safety and operational attributes under various MPRs and 

vehicle combinations across the network. 

Baseline Model Calibration and Validation 

The baseline model with only HV was calibrated and validated before evaluating the prevailing 

freeway model. In this regard, the parameters in VISSIM were adjusted in such a way that 

represented real-world driving situations. Utilizing the available field speed data, a custom 

cumulative probability function was generated for vehicular speeds where 85th percentile of 

speed was considered as the posted speed limit. In addition, other performance characteristics 

including vehicular length, weight-to-power ratio, acceleration abilities along with additional 

features were modified following field observation for each vehicle class.  
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Once the calibration of the existing model was completed, validation was performed. The 

model was validated by comparing the real-world traffic to the simulated traffic (i.e., mean of 

ten runs). In order to do that, GEH statistic formula was employed to verify the errors between 

simulated and field volume. 

The GEH value was found to be 0.16 (i.e., less than 5) demonstrating that the baseline model was 

successfully validated. The validated model was then considered for further analysis. 

Results and Discussions 

Assessment of Safety Performance 

The study's primary objective was to assess the safety implications of various Cooperative 

Automated Transportation (CAT) scenarios, including Human-Driven Vehicles (HV), Connected 

Vehicles (CV), Autonomous Vehicles (AV), and combinations thereof, under different Market 

Penetration Rates (MPRs) for rural Work Zones (WZs) in foggy weather. To evaluate safety, the 

study adopted a technique using Surrogate Measures of Safety (SMoS), which are derived from 

traffic conflicts observed in the VISSIM simulation outputs (G. Yang et al., 2020). The Surrogate 

Safety Assessment Model (SSAM), developed by the Federal Highway Administration (FHWA), 

was utilized to identify potential conflicts during simulations based on two SMoSs: Time-To-

Collision (TTC) and Post Encroachment Time (PET). These measures were employed to assess 

the crash risks in the WZ corridor under different MPRs. 

The default TTC threshold in SSAM is 1.5 s; however, since this study considered rural freeway 

corridors with comparatively lower traffic volumes and higher headways, three different TTC 

thresholds were employed including high-risk (1.5 s), medium-risk (3.5 s), and low-risk (9 s) 

based on the findings from a previous study (G. Yang, Ahmed, and Adomah 2020). 

The final quantitative SMoS was PET, which was used to detect traffic conflict situations. It is 

the time difference between the moment when a vehicle departs the potential conflict area, 

and the other vehicle reaches that area (Mahmud et al. 2017). To predict the number of 

conflicts, SSAM utilizes PET thresholds from 1 to 10. A PET threshold of less than 1 s is 

considered a critical conflict (AASHTO 2001). This study calculated overall conflicts as well as 

critical conflicts using the recommended threshold from various simulation scenarios. 
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The number of simulated conflicts associated with three TTC levels namely high-risk (1.5 s), 

medium-risk (3.5 s), and low-risk (9 s) for each CAT scenario are shown in Table 33 to Table 35. 

A relative risk ratio was included in the analysis that was defined by dividing the number of 

conflicts in baseline scenario (i.e., only HV at 0 percent MPR) with the respective conflicts in 

other scenarios. For each TTC level, the number of conflicts in different CAT scenarios was 

compared to the baseline scenario. Note that most of the simulated conflicts were rear-end 

conflicts. This should be attributed to the fact that most of the vehicles were driving in the left 

lane due to the WZ area under foggy condition with a minimal number of lane changes. 

Additionally, the studied corridor was a basic freeway segment with no on/off ramps resulting 

in a very lower number of lane change maneuvers. Overall, the total number of conflicts, 

including the rear-end conflicts significantly decreased with the increase of MPRs in most of the 

scenarios. However, the reductions in conflicts were not significant for lower MPRs in some 

cases. 

As shown in Table 33, the results of simulated conflicts with respect to high-risk TTC level 

represented that introducing CAT scenarios generated a lower total number of conflicts, 

including lane change and rear-end conflicts compared to non-CAT scenario (i.e., baseline). The 

differences in conflicts were statistically significant based on Welch’s t-test, especially for total 

and rear-end conflicts. For this TTC level, relative risks corresponding to different CAT scenarios 

were decreased with the increase of MPRs. In addition, it was observed that the reduction in 

the number of lane change conflicts was not significant for 10 percent MPR. However, the 

reductions in lane change conflict were significant for 25 percent to 75 percent MPR, except for 

a few scenarios. Moreover, the highest reductions in total conflicts, including lane change and 

rear-end conflicts reached more than 80 percent on average for MPR 75 percent and MPR 100 

percent (i.e., fully connected/cooperative scenario). In addition, the number of total and rear-

end conflicts were found to increase for the combination of HV, CV, and AV compared to other 

individual scenarios. 

Table 34 presents the results of simulated conflicts with respect to medium-risk TTC level. 

Interestingly, the number of conflicts for different CAT scenarios were decreased in general 

compared to baseline; however, the conflicts were tended to increase in some scenarios. For 
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instance, total conflicts and rear-end conflicts were found to be higher, especially for MPR 50 

percent and 75 percent. The results of simulated conflicts based on low-risk TTC level 

demonstrated that the total number of conflicts in various CAT scenarios for MPR 100 percent 

were significantly lower than the baseline, as observed in high and medium-risk levels (Table 

35). Also, it was found that the number of conflicts were decreased for other MPRs, except for 

a few scenarios. It is worth pointing out that scenarios containing AV(A) (i.e., AV having 

aggressive driving logic) produced relatively higher conflicts than other two AV logics in low and 

medium TTC levels under MPR 10 percent to 75 percent. AV(A) maintained smaller gaps in 

relation to other vehicles. This could be the probable reason for the higher number of conflicts 

for AV(A) at those levels. 
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Table 33 Simulation Results of Traffic Conflicts based on High-risk TTC 
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Table 34 Simulation Results of Traffic Conflicts based on Medium-risk TTC 

Note: MPR=Market Penetration Rate, HV=Human Vehicles, CV= Connected Vehicles, AV= Automated Vehicles, C=Cautious, N=Normal, A=Aggressive 
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Table 35 Simulation Results of Traffic Conflicts based on Low-risk TTC 

Note: MPR=Market Penetration Rate, HV=Human Vehicles, CV= Connected Vehicles, AV= Automated Vehicles, C=Cautious, N=Normal, A=Aggressive 
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The final measure for assessing safety performance was PET. Table 36 and Table 37 show the 

results of simulated conflicts and critical conflicts based on PET. The findings of total conflicts 

along with rear-end conflicts corresponding to various CAT scenarios are in agreement with 

results from the TTC, especially high-risk level. In other words, the risk of WZ crashes in fog 

conditions decreased in different CAT scenarios than baseline with the increase of MPRs. Based 

on Table 36 and Table 37, the highest reduction in conflicts and critical conflicts were observed 

in 100 percent MPR, as per the findings from all three TTC levels. 

Evaluation of Operational Performance 

To evaluate the operational performance of the Work Zone (WZ) corridor in foggy weather for 

various Cooperative Automated Transportation (CAT) scenarios at different Market Penetration 

Rates (MPRs), two critical performance measures, average speed, and total travel time, were 

analyzed. The results, as detailed in Table 38, revealed that each CAT scenario consistently 

yielded significantly higher average speeds compared to the baseline scenario of Human-Driven 

Vehicles (HVs) at 0 percent MPR. As MPRs increased, average speeds increased, with the most 

substantial increments observed at 100 percent MPR. Furthermore, total travel times for all 

CAT scenarios were notably reduced compared to the fully conventional vehicle scenario, with 

the most significant reductions occurring as MPRs approached 100 percent. Specifically, for 

MPRs exceeding 50 percent, total travel times decreased by a range of approximately 15 

percent to 39 percent across all CAT scenarios. These findings indicate smoother traffic 

operations with higher average speeds and reduced total travel times as MPRs increased, 

without inducing congestion. Notably, in mixed traffic scenarios combining Connected Vehicles 

(CV) and Autonomous Vehicles (AV), the rate of average speed increase declined as MPRs 

increased, likely due to the increased interaction and complexities among the three vehicle 

types in mixed traffic conditions. 
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  Table 36 Simulation Results of Traffic Conflicts based on PET 

Note: MPR=Market Penetration Rate, HV=Human Vehicles, CV= Connected Vehicles, AV= Automated Vehicles, C=Cautious, N=Normal, A=Aggressive 
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Table 37 Simulation Results of Traffic Conflicts based on Critical PET 

Note: MPR=Market Penetration Rate, HV=Human Vehicles, CV= Connected Vehicles, AV= Automated Vehicles, C=Cautious, N=Normal, A=Aggressive 
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Table 38 Simulation Results of Traffic Operations based on Average Speed and Total Travel Time 

Note: MPR=Market Penetration Rate, HV=Human Vehicles, CV= Connected Vehicles, AV= Automated Vehicles, C=Cautious, N=Normal, A=Aggressive 
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INVESTIGATING THE IMPACT OF CACC TRUCK PLATOONS ON WORK ZONES 

Driving Behavior 

According to the Society of Automotive Engineers (SAE), there are six levels of automation that 

are possible for vehicles. This study mainly focuses on level 1 automation for stage 1 platooning 

and level 4 automation for stage 2 platooning. In the case of stage 1 automation, only 

longitudinal distances and speeds are automated while steering is performed manually while 

stage 2 automation has both longitudinal and lateral control and maneuvers are done in a 

cautious mode. These automation levels are possible for Adaptive Cruise Control (ACC) vehicles. 

Cooperative Adaptive Cruise Control (CACC) is a special case where ACC vehicles are equipped 

with on board devices that can communicate with each other and thus aid the process of 

platoon formation. A key benefit of this approach is that there is little to no time lapse between 

the communication of vehicles and that every decision change occurs in a more cooperative 

and organized manner as opposed to the reactive approach observed in vehicles equipped with 

ACC. To investigate the effects of platoons on work zones, all trucks are assumed to have been 

equipped with CACC level 1 and CACC level 2 technology and other conventional vehicles are 

assumed to be human driven. The lane change parameters for HV vehicles were updated based 

on lane change parameters values extracted from previous chapters and research paper (Das 

and Ahmed 2022) and for stage 1 and 2 CACC they were based on parameters defined CoExist 

for cautious mode (Micro-Simulation Guide for Automated Vehicles 2020). Table 39 presents 

the lane change parameters for different driving behaviors. 

In the stage 1 CACC scenario, it is assumed that all trucks are equipped with CACC technology, 

maintaining a time gap of 1.5 seconds between each other. However, upon encountering other 

trucks that meet specific conditions, they can form platoons where the gap time is reduced to 

0.6 seconds. The platoons disperse when a lane change is initiated, and the vehicles execute the 

lane change based on their individual behavior. Contrastingly, the results from stage 1 CACC 

and stage 2 CACC scenarios are extracted and juxtaposed to discern the disparities in their 

respective outcomes.  
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Table 39 Lane change Parameters for different driving behaviors 

Parameters CACC stage 1 CACC stage 2 

Own vehicle 

  Maximum deceleration(ft/s2) -11.38 -11.48 

Accepted deceleration(ft/s2) -0.11 -3.28 

    Trailing vehicle 

Maximum deceleration(ft/s2) -1.78 -8.2 

Accepted deceleration(ft/s2) -0.09 -0.33 

Other Parameters 

   Minimum clearance(ft) 104.41 1.64

   Cooperative Lane change Yes Yes 

Advanced merging Yes Yes 

VISSIM Model Preparation 

The VISSIM traffic simulation tool was utilized to create a freeway segment that consists of a 

combination of a basic freeway and weaving segments as shown in Figure 29. The vehicle inputs 

were programmed at the beginning of the basic freeway segment, with vehicles traveling from 

the basic freeway segment (2.5 miles) to the freeway weaving section. At the end of the 

freeway weaving section (Figure 29), a work zone section was introduced. The entire analysis 

segment had a total length of 4.5 miles. Within the configured segment, the rightmost lane was 

designated as the priority lane for trucks, while the middle lane served as the priority lane for 

other conventional vehicles. Given that the truck composition accounted for 40 percent of the 

total vehicles, the rightmost two lanes were predominantly occupied by trucks. 

Figure 29 Basic Freeway and Weaving Segments Modeled in VISSIM 

The weaving segments were mainly included to capture the effects of conflicting movements 

that occur between necessary lane changes performed by vehicles due to work zone condition 

and lane changes by vehicles that exit the freeway, and the distances between each 

interchange are maintained at 1000 ft and length of interchange is 2500 ft as per guidelines 
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provided by the Highway Capacity Manual (HCM). The freeway weaving section compromises of 

four entry ramps and three exit ramps, and the work zone segment is modelled at the end of 

the fourth entry point. 

Given that the upstream area of a work zone necessitates a substantial number of lane 

changes, a situation that is particularly hazardous when truck platoons are involved, this study 

focuses specifically on the impact of such platoons on work zone merge areas. Therefore, this 

study focuses specifically on the upstream of work zone and other regions were ignored as they 

have less significant impact on safety compared to merge section on the upstream of Work 

zone area. 

Initially, early merge condition is simulated where advanced warning area begins from one mile 

upstream of transition zone. In the simulation, the lane change decision for CACC trucks was 

activated one mile upstream from the start of the transition zone. This allowed platoons to 

disperse and merge early within the work zones. The activation of lane change decisions for 

platoons at this specific distance was facilitated by the provision of work zone information and 

vehicle-to-infrastructure communication. Since the study is interested in rural interstates, 

specific parameters such as speed distributions and vehicle composition are coded based on 

field observations and conditions on Interstate 80 (I80) in Wyoming. The study acknowledges 

that truck percentages can reach as high as 50 percent on I-80 in Wyoming, and therefore, a 

truck percentage of 40 percent is assumed for all scenarios in the simulations. 

The primary focus of this section is to investigate the significance of truck platooning on the 

freeway weaving segment with work zones. This study places particular emphasis on updating 

the lane change parameters and comparing them across different sizes of platoons. Traffic 

volume was determined based on preliminary runs and density calculations, with specific 

volumes set to ensure they did not surpass a Level of Service B (LOS B) within the freeway 

weaving section, as defined by the Highway Capacity Manual (HCM). The traffic input 

assumptions are based on the premise that rural I-80, known for adverse weather conditions 

and high truck composition, does not experience extremely high traffic volumes. It is worth 

noting that a higher percentage of trucks is a characteristic feature of this route. Three different 

volume levels: 1700 vph, 2100 vph, and 2500 vph were selected after preliminary analysis. 
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Speed distribution  

Figure 30 provides the speed distribution profile for road users in free flow condition in I-80. The 

speed distribution profile was modelled based on real time speeds observed on I-80 for clear 

weather condition and the maximum desired speed of platoon was limited to 75 mph. 

Figure 30 Speed distribution for road users in free flow condition in I-80 

Data Analysis and Results 

Effect of market penetration rate of CACC level 1 automation of trucks in Work zones 

This section presents simulation results of a mixed-case scenario with varying Market 

Penetration Rates (MPRs) for heavy vehicles, while other conventional vehicles are human-

driven. As only longitudinal direction is automated, the lane change parameters are identical 

for all vehicles. The key distinction between CACC trucks and conventional trucks lies in the lane 

change distance from the work zone. The maximum platoon size was capped at five, and the 

volume was maintained at 2100 vehicles per hour. Using SSAM software, the average number 

of conflicts observed per hour was extracted and are presented in Table 40. 
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Table 40 Effect of different MPR's on safety performance on Work zone 

MPR of trucks 
(Percentage) Total no. of conflicts (1 hr.) Rear end Lane change Mean (TTC) 

0 372 227 144 0.41 

25 296 174 121 0.36 

50 340 212 127 0.3623 

75 274 174 100 0.436 

100 248 165 83 0.49 

The number of conflicts exhibits fluctuating patterns before showing a decline as the Market 

Penetration Rate (MPR) increases. However, this decrease is not linear, probably due to two 

primary factors. Firstly, the level of automation is confined to Level 1, focusing only on 

longitudinal control. Secondly, while trucks are automated, other conventional vehicles remain 

human-operated. As a result, there is no substantial reduction in the number of conflicts until 

the MPR reaches 75 percent. Interestingly, the average Time-to-Collision (TTC) begins to climb 

only when the MPR of trucks surpasses 50 percent. This analysis indicates that the safety 

advantages associated with platooning become evident at higher MPRs in this specific scenario. 

Exploring the Influence of Traffic Volume, Platoon Length, and Driving Behavior on 

Safety in Work Zones 

This study's primary objective is to scrutinize the influence of Cooperative Adaptive Cruise 

Control (CACC) trucks on traffic safety. As previously established, significant safety 

enhancements are only attained at higher Market Penetration Rates (MPR) of trucks. This 

section, however, explores the effects of other parameters—volume, maximum platoon size, 

and driving behavior—on work zone safety, with a constant truck MPR of 100 percent. 

(Table 41) offers a detailed summary of the number of conflicts under varied volumes, platoon 

sizes, and driving behaviors. Each scenario is evaluated against the base case without 

platooning, determining statistical significance through t-tests with a critical value derived from 

a significance value (p-value) of 0.05. 
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Analyzing the table, several patterns emerge correlating volume and conflicts within work 

zones. As the volume escalates, so does the number of conflicts in all scenarios. However, the 

benefits of CACC-based platooning become increasingly prominent with volume escalation. In 

scenarios of low volume and automation (CACC1), conflict numbers rise by 20 percent as the 

maximum platoon size extends to seven. However, in high-volume situations, this trend 

reverses dramatically, showing a 50 percent decrease in conflicts when the maximum platoon 

size reaches seven. This suggests that in high-volume conditions, platooning significantly 

bolsters safety by effectively mitigating conflicts. 

Conversely, in scenarios with Level 2 CACC automation where platooning is permitted, the 

conflict numbers consistently remained below those of the base scenario. The safety benefits of 

platooning in this case grow progressively more pronounced with increasing volume, leading to 

a larger reduction in conflicts relative to the base scenario.  

Table 42 presents the comparison of mean TTC and Delta-V parameters for various scenarios. 

An important observation from the table is the rising mean Time-to-Collision (TTC) as platoon 

length extends, while Delta V (change in velocity) recedes. This pattern indicates a decrease in 

conflict severity with platooning implementation, becoming more substantial at higher traffic 

volumes. 

These insights underscore the safety benefits related to platooning, as it aids in lowering conflict 

severity. Furthermore, the results suggest these safety advantages are amplified as traffic 

volumes rise, indicating platooning's efficacy in managing conflicts in high-volume situations. 
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Table 41 Conflict frequency and risk comparison for various platoon configurations 
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Table 42 Comparison of Mean TTC and Delta V parameters for various scenarios 
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Distribution of speeds along the Upstream of Work zone 

To comprehend the variations in speed across the upstream work zone, a heatmap is generated 

for each individual scenario, capturing data from every timestamp as shown in Figure 31. This 

visual representation illustrates speed changes along the length of different zones observed 

upstream of the work zone.  

Figure 31 Spatiotemporal distribution for no platoon case with Low volume (1700 vph) 

Heatmap analysis identifies two prominent regions where speed significantly reduces. The first 

region is approximately 2000 feet from the beginning of Zone 1(an interchange) and this 

decrease might be due to the concurrent lane changes involving CACC trucks shifting left and 

other vehicles exiting the freeway that necessitate right lane changes. These simultaneous lane 

alterations result in speed reductions as vehicles adjust to these transitions. The second region 

with speed reduction manifests in the transition zone, where the areas of reduced speed begin. 

The presence of these speed deceleration zones consequently leads to slower speeds. 

In addition, the study generated distinct heatmaps to visually compare the effects of two 

driving behaviors across various scenarios as shown in Figure 32 and 33. Particularly, heatmaps 

were created for a high-volume scenario and a maximum platoon size of seven. These were 

then contrasted with the base scenario—low volume without platooning. 
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Figure 32 Spatiotemporal distribution of speeds and standard deviation for CACC stage 1 Automation 

Figure 33 Spatiotemporal distribution of speeds and standard deviation for CACC stage 2 Automation 

The speed distribution plots provide clear evidence that platooning has a significant impact on 

reducing speeds. Notably, in the regions where speed decreases are observed, the lower 

speeds are more widely distributed in the case of platooning. This can be attributed to the 

cohesive nature of vehicles within platoons. When encountering other vehicles changing lanes 

in front of them, the vehicles within a platoon act as a unit, collectively slowing down and 

gradually picking up speed. In contrast, in the base case without platooning, trucks act 

independently and make maneuvers to maintain their speed, resulting in narrower speed 

reduction regions compared to the platooning scenario. This trend is particularly observed in 

the case of CACC stage 1 automation, where operational speeds are decreased but safety is 

improved. On the other hand, in the case of CACC stage 2 automation, the speed distribution 

within platoons is almost similar to the base case without platooning. However, safety 
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advantages are still observed without compromising the operational speed on the freeway. 

These findings indicate that as the automation level increases, both safety and operational 

performance can be improved. 

Effect of early merge and late merging of platoons in work zones 

This investigation aims to understand how platoon-required lane changes affect the upstream 

area of a work zone. Simulations were conducted using various lane merge distances: 2 miles, 1 

mile, 0.5 mile, and immediately before the transition zone (0.2 miles from the lane closure 

connector). All trucks participating in the study were automated with CACC stage 1, 

implementing advanced merge and cooperative lane change behaviors during the lane change 

process. Rather than being distributed values, lane change distances were treated as fixed 

points, as trucks initiated their lane change decisions at these specific locations, adapting to the 

traffic conditions on other lanes. 

Moreover, this study probed the combined influence of traffic volume and platoon sizes on 

safety during lane changes, considering two volume levels (high and low) and two platoon sizes 

(short and long platoons). Shorter platoons were modeled by setting the maximum platoon size 

to two, while longer platoons were depicted by increasing the maximum platoon size to seven 

in the VISSIM software. This examination of these factors provides pivotal insights into the 

behavior of platoons and their lane-changing maneuvers in work zone areas. 

Table 43 presents the conflict distribution under various lane change configurations. From the 

table, it can be observed that traffic safety is critical when platoons merge near the transition 

zone as the no. of conflicts increased by 300 percent to 400 percent as compared to the case 

when there were no platoons. On the other hand, the longer truck platoons improved safety 

along the freeway weaving section during early merge situations. Furthermore, the no. of 

conflicts decreased by 40 percent at high traffic volumes with respect to base case scenario 

without platoons. 

The results reveal that the location of advanced warning signs up to one mile upstream does 

not significantly impact safety outcomes. However, after the lane change signs were placed at 

distances of 0.5 miles for platoons, and more significantly at 0.2 miles just before the transition 

zone, the total number of conflicts increased noticeably. This is due to huge increase in number 
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of Rear end conflicts as lane changes happen closer to work zone area and this led to 

shockwave development just before the transition zone. This result suggests that while 

platooning can be advantageous in controlled flow conditions, it poses a considerable risk to 

traffic safety when sudden lane changes or merges are involved.  

To understand the traffic flow variation on upstream of work zones, the speed distribution was 

plotted for various lane merge scenarios as shown in Figure 34. 

Table 43 Conflict distribution under various Lane change configurations 
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Figure 34 conflict frequency distribution with various lane change configurations 

Operational performance Evaluation 

Average speeds for all vehicles were computed every 500 feet from an upstream distance of 

two miles from the transition zone for each early and late merge case scenario. The resulting 

upstream speeds for each case have been illustrated in Figure 35. 
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The upstream location is considered from the point just before the activity area commences, 

encompassing the advanced warning area and the transition zone. The transition zone extends 

from 0.2 miles upstream to its termination point. 

Figure 35 Speed distribution on upstream of work zone area 

From the simulation results, it was observed that in Late merge cases, when the Lane change 

signal distances were 0.5 miles upstream and just before Transition zone (0.2 miles), there was 

a significant decrease in speeds and this was drastic for longer platoons as the speeds reached 

less than 10 mph at high traffic volumes in comparison to scenario without platooning the 

speeds were maintained above 20 mph before the Transition zone even at high volumes. 
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OPTIMIZING LANE CONFIGURATION FOR EFFICIENT PLATOON CONTROL DURING 

LANE CLOSURES 

Introduction 

In recent years, the field of transportation has witnessed rapid technological advancements, 

marked by successive revolutionary innovations. While intelligent transportation systems (ITS), 

such as automated vehicles, have been in development for several decades, recent initiatives 

indicate an accelerated timeline for widespread implementation. Researchers have shown 

considerable interest in various applications of vehicle automation, seeking to identify those 

with the most profound implications for the future of transportation (Fagnant and Kockelman 

2015; Wadud, MacKenzie, and Leiby 2016). Fundamentally, connected and automated vehicles 

(CAV) are poised to assist drivers by delegating some or all driving tasks to computerized 

systems. Additionally, CAVs leverage vehicle-to-vehicle (V2V) connectivity to exchange 

information with nearby vehicles and adapt their behavior accordingly. The Society of 

Automotive Engineers has established a framework comprising six levels of vehicle automation, 

ranging from level zero (no automation) to level five (full automation) (SAE 2018). These levels 

categorize vehicles based on their implementation of various advanced driving assistance (ADA) 

technologies, with level five designating vehicles capable of executing all driving functions 

without human intervention. 

During the early phases of Connected and Automated Vehicle (CAV) deployment, when both 

CAVs and human-driven vehicles share the same lanes, several concerns arise. Given that CAV 

platoons tend to follow shorter headways, this can potentially create significant challenges for 

other vehicles when encountering platoons or attempting lane changes nearby. To effectively 

address these challenges, it is imperative to conduct a comprehensive assessment of platoon 

behavior across different freeway sections. This assessment encompasses the implementation 

of various lane-based configurations and strategies aimed at managing CAV operations and 

fostering a safer traffic environment. One frequently considered approach is the allocation of 

Dedicated Lanes (DLs) exclusively for CAVs, which reduces interactions between CAV platoons 

and human-driven vehicles while improving the possibility of platoon formation (Dehman and 

Farooq 2021), leading to a higher prevalence of CAV platoons in these lanes. Nonetheless, it is 
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crucial to recognize that Dedicated Lanes may become less efficient when the Market 

Penetration Rate (MPR) is very low (Razmi Rad et al. 2020). A proposed solution could be 

Human-Driven Vehicles (HDVs) sharing dedicated lanes with CAVs during periods of very low 

MPR, with a subsequent transition to fully dedicated CAV lanes once a predetermined MPR 

threshold is reached (Razmi Rad et al. 2020) 

While the driver’s behavior is improved with CAV’s, it is still not clear on how these vehicles 

when forming platoons react to work zones. It was reported that a work zone fatality occurs 

every 15 hours and this also involved construction workers. Although many studies have 

utilized microsimulation to assess the impacts of CAVs near work zones. Most of them focused 

on operational advantages and safety improvements due to better communication V2I and 

V2V. Nonetheless, there has been a lack of studies that specifically consider lane configurations 

as a critical factor in evaluations. Additionally, there is a need for comparative analysis between 

mixed lanes, shared lanes, and dedicated lanes at various MPRs. This chapter aims to fulfill this 

gap by focusing on different lane configurations and their role in improving both safety and 

operations of platoons near work zones, this in a way helps to provide more insights for 

Infrastructure Owners and Operators, Traffic agencies for coming up with better ways to adopt 

the upcoming advances in CAT technology 

Background 

Extensive research efforts have been dedicated to the exploration of Connected and 

Autonomous Vehicles (CAVs) with a specific emphasis on platooning, aiming to enhance 

infrastructure for the benefit of both conventional and autonomous vehicles, ultimately leading 

to improvements in overall traffic flow. This section provides a comprehensive overview of 

these studies, shedding light on their specific objectives, noteworthy findings, and the research 

gaps that have been identified in the pursuit of advancing CAV technology and its integration 

into the transportation system 
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Table 44 Relevant literature on key factors affecting platooning 

Study Objectives Key findings Gaps 

The impact of a Investigating the effect that MV drivers drove closer to Although platooning 
dedicated lane for platoons in dedicated lanes their leaders specially when behavior has 
connected and and mixed scenarios pose to driving on the middle lane improved in other 
automated vehicles on other human driven vehicles next to the platoons and lanes, the safety 
the behavior of drivers accepted shorter gaps (up to aspect was missing 
of manual vehicles 12.7 percent shorter at on-
(Razmi Rad et al. 2021) ramps) 

Platoon Intensity of 
Connected Automated 
Vehicles: Definition, 
Formulas, Examples, 
and Applications (Jiang 
et al. 2023) 

Evaluating the effect of 
platoon intensity and MPR on 
operational characteristics of 
freeways 

An optimal platoon size of 5 
vehicles was suggested for 
the CAV platoon.  
CAV platoon intensity has a 
low impact on the 
characteristics of mixed traffic 
flow with the low penetration 
rate 

There is no 
consideration of 
traffic safety with 
relevance to traffic 
intensity 

Impact of connected 
and autonomous 
vehicles on traffic 
safety of mixed traffic 
flow: from the 
perspective of 
connectivity and spatial 
distribution (Dong et al. 
2022) 

Investigate the impact of CAV 
on traffic safety with respect 
to connectivity 
(communication level) 

Increase in MPR of CAV 
improved safety 
performance. 
No improvement at low MPR 

-

A Review of Truck Investigating the effect of Platooning aerodynamic drag -
Platooning Projects for Truck platoon from and allows vehicles to use 
Energy Savings environmental and energy efficiently reducing 
(Tsugawa et al. 2016) operational perspective fuel emissions 

Safety Impact of 
Connected Vehicles on 
Driver Behavior in Rural 
Work Zones under 
Foggy Weather 
Conditions 
(Adomah et al. 2022) 

Investigating the safety 
benefits of CV Work Zone 
Warning (WZW) applications 
on driver behavior during 
foggy weather conditions 

The advanced warning area 
had large no. of conflicts as 
compared to other areas of 
work zones. 
An increase in MPR of up to 
60 percent on I-80 resulted in 
reduced speeds which led to 
speed harmonization and 
decreased crash risk 

-

Impacts of advanced 
driver assistance 
systems on commercial 
truck driver behavior 
performance using 
naturalistic data (Wu et 
al. 2023) 

Study the impacts of ADAS 
with respect to various 
collision warning systems, 
and speed limit indicators on 
commercial truck drivers' 
behaviors using naturalistic 
data 

Analysis suggested that these 
warnings had positive effect 
on driver behavior as they 
made them more alert 

-

Exploring work zone 
late merge strategies 

Comparing the performance 
of late merge strategies with 

The late merge strategy 
worked best with a CV 

-
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Study Objectives Key findings Gaps 

with and without 
enabling connected 
vehicles technologies 
(Algomaiah and Li 
2021) 

CV enabled and without CV 
technology 

enabled environment in 
terms of operations. 
The advantages of late merge 
strategy were lost when 
heavy vehicle percentage is 
more than 20 percent 

Benefits and Risks of Studying the effects of truck Simulation results show that -
Truck Platooning on platoons near entrance ramp at high MPRs of truck 
Freeway Operations with varying MPR platooning, the system 
Near Entrance Ramp mitigates congestion and 
(M. Wang et al. 2019) increases throughput but at 

the expense of merging 
failures. 

Impact of Platooning 
Connected and 
Automated Heavy 
Vehicles on Interstate 
Freeway Work Zone 
Operations (Haque et 
al. 2023) 

Impact of CAHV on the 
operational performance of 
freeway work zones. 
Analyzing work zone 
performance as a function of 
CAHV market penetration 
rate, traffic demand, truck 
percentage values, and lane 
restriction. 

The average flow rate 
increased by 67 percent. 
Maximum queue size and 
average delay decrease by 
approximately 97 percent. 
Queue and delay reduced as 
CAHV MPR increased (used 
100 percent MPR CAHV) 

Utilized aggressive 
driving logic and 
only full automation 
level parameters 
(Co-Exist) for Heavy 
vehicles. 
No safety evaluation 
was performed 

Are work zone and 
connected automated 
vehicles ready for a 
harmonious 
coexistence? A scoping 
review and research 
agenda (Dehman and 
Farooq 2021) 

A comprehensive study 
utilizing all aspects related to 
CAV near work zones 

Findings suggest that 
platooning in closed lanes 
might not perform well near 
work zones and in open lanes 
just near closed lanes 

No analysis was 
performed to 
evaluate the 
suggestions made. 
Suggestions were 
based on multilane 
freeway (five lane 
highway) 

Evaluating the safety Investigating safety Traffic conflicts were reduced Didn’t look at 
impact of connected evaluation using SSAM and by 12 to 47 percent, 50 to 80 problematic 
and autonomous External driver model in percent, 82 to 92 percent and sections (ramps, 
vehicles on motorways VISSIM 90 to 94 percent for 25 work zones). 
(Papadoulis et al. 2019) percent, 50 percent, 75 

percent and 100 percent CAV 
penetration rates respectively 

Did not have 
platooning 

Safety analysis of Evaluating the safety of AVs Severity and frequency of No comparison of 
freeway on-ramp on ramps using new indicator conflicts reduced new conflict 
merging with the Conflicting Merge Headway indicator with 
presence of (CMH) traditional 
autonomous vehicles indicators like TTC, 
(Zhu and Tasic 2021) PET 
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Study Objectives Key findings Gaps 

Dedicated Lane for 
Connected and 
Automated Vehicle: 
How Much Does A 
Homogeneous 23 
Traffic Flow 
Contribute? 
 (Zhong et al. 2020) 

Investigating the change in 
the traffic flow 
characteristics with different 
configurations of dedicated 
CAV lane across various 
levels of market penetration 

Observed a 90 percent 
increase in capacity of the 
lane at higher volumes 

-

Design and operation Develop a conceptual Suggests a minimum MPR of -
of dedicated lanes for framework accounting for 20 percent to implement a 
connected and the factors that could affect dedicated CAV lane. 
automated vehicles on the safety and efficiency of Combined effects of traffic 
motorways: A Dedicated lanes safety and efficiency must be 
conceptual framework considered while designing 
and research agenda DLs in transition period 
(Razmi Rad et al. 2020) 

A mixed traffic speed Developing CAV-based CAVs have harmonized -
harmonization model trajectory-smoothing speeds even at low MPR 
with connected concept to harmonize traffic, 
autonomous vehicles improve fuel-efficiency and 
(Ghiasi et al. 2019) reduce environmental 

impacts 

Cooperative Adaptive 
Cruise Control 
Definitions and 
Operating Concepts 
(Shladover et al. 2015) 

Reviewing studies related to 
CACC platoons 

Making CAV vehicles to follow 
each other increased chances 
of platooning 

-

Some research indicates that reserving the leftmost lane exclusively for Connected and Autonomous 

Vehicles (CAVs) can effectively reduce interactions between CAVs and on-ramps, potentially enhancing 

overall traffic flow. However, this configuration may present challenges for CAVs needing to exit or 

merge into CAV platoons from the left, requiring multiple lane changes to execute these maneuvers. 

Nonetheless, it's worth noting that a dedicated lane, shielded from disruptions, can achieve an 

impressive capacity of 3,400 vehicles per hour per lane at a 90 percent Market Penetration Rate (MPR) 

(Zhong et al., 2020). Additionally, studies suggest that a minimum MPR of 20 percent is necessary to 

justify the allocation of a dedicated CAV lane in a four-lane basic freeway segment (Rad et al. 2020; Chen 

et al. 2016). 

Methodology 

This section provides a comprehensive overview of the VISSIM model's development, including 

the underlying assumptions, the creation of various scenarios, and the presentation of 
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simulation results. The driver behavior parameters for car following were derived from 

Weidemann 99, while lane parameters remain consistent with those obtained from the NDS 

SHRP2 project, as discussed in the previous chapter. Given the focus of this study on the initial 

stages of CAV platooning, the analysis primarily employs CACC level 1 automation for 

platooning vehicles. Furthermore, certain assumptions have been made regarding platooning 

formation and dissolution. 

Platooning logic 

This study extensively explores lane configuration strategies aimed at mitigating safety issues 

resulting from mandatory lane merges involving conventional vehicles and CACC platoons. This 

will place greater emphasis on the development of various scenarios and assumptions, all of 

which are informed by the internal platooning logic in PTV VISSIM. The flowchart for internal 

platooning logic is presented in Figure 36. 

Figure 36 Internal platooning logic (PTV VISSIM 2021) 

The maximum platoon size is limited to five vehicles, with a gap time of 0.6 seconds between 

CACC vehicles in a platoon. This aggressive following behavior assumption aims to emphasize 
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safety concerns in platoons while preserving their operational and environmental advantages 

through close spacing. 

VISSIM model 

The simulations were conducted on a two-lane section of a standard freeway. This segment 

consisted of an unobstructed freeway stretch spanning three miles, followed by an upstream 

work zone extending for one mile, and then the actual work zone, also covering one mile in 

length. The parameters for vehicle inputs were established at the freeway's entry point, with a 

traffic volume of 1000 vehicles per hour. The composition of vehicles in this flow was modeled 

after that of rural freeway I-80, with 40 percent heavy goods vehicles (HGVs) and 60 percent 

passenger cars. 

Figure 37 Freeway section modelled in VISSIM 

Simulation parameters and other settings 

The study adheres to the car-following parameters established by Wiedemann in 1999, utilizing 

internal settings within VISSIM. Additionally, lane-change parameters have been refined and 

updated based on the insights gained from the SHRP2 project (chapter 3). A comprehensive 

summary of these modifications is provided in Table 45. 
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Table 45 Driver behavior parameters 

Car following parameters    Lane change parameters 

CC0 (Standstill distance (ft)) 4.92    Own vehicle   

CC1 (Gap time distribution (s) ) 0.9 Maximum deceleration(ft/s2) -11.38 

CC2 ('Following' distance oscillation (ft)) 0 Accepted deceleration(ft/s2) -0.11 

CC3 (Threshold for entering 'following' (s)) -8 Trailing vehicle 

CC4 (Negative speed difference (ft/s)) -0.1 Maximum deceleration(ft/s2) -1.78 

CC5 (Positive speed difference (ft/s)) 0.1 Accepted deceleration(ft/s2) -0.09 

CC6 (Distance dependency of oscillation) 0 Other lane change Parameters 

CC7 (Oscillation acceleration (ft/s²)) 0.33 Minimum clearance(ft) 104.41 

CC8 (Acceleration from standstill (ft/s²)) 11.48 Cooperative Lane change Yes 

CC9 (Acceleration at 50 mph (ft/s²)) 4.92 Advanced merging Yes 

The number of simulation runs for each scenario were kept to 10 with different seeds and 
simulation resolution was 20 timesteps/simulation sec. 

Scenario Development 

This study implemented work zone warnings one mile ahead of the transition zone, prompting 

vehicles to follow conventional early merge strategies. Platoons were examined under six 

conditions, based on three lane configurations. The first condition allowed platoons to use both 

lanes on the freeway without restrictions. In the second and third conditions, platoons were 

confined to a single lane due to one lane being closed in the work zone, resulting in platoons 

using either the open or closed lane. Within these three conditions, the study also considered 

whether platoons were permitted to merge upstream, resulting in six distinct conditions for a 

two-lane freeway with one lane closed. 

A) Base case scenario: All the vehicles are human driven with right lane closure at the work 

zone 

B) Platooning allowed on both lanes: (Two scenarios – platooning allowed upstream (), 

not allowed on one mile upstream () of lane closure) 
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Figure 38 No restriction for platooning scenario 

C) Platooning allowed only on open lane: (Two scenarios – platooning allowed upstream 

(), not allowed on one mile upstream () of lane closure) 

Figure 39 Open Lane utilized by platoons 

D) Platooning allowed only on closed lane: (Two scenarios – platooning allowed upstream (), not 

allowed on one mile upstream () of lane closure) 

Figure 40 Closed Lane utilized by platoons 
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Results and discussion 

Traffic conflict analysis 

This study utilized TTC threshold of 1.5 s and traffic conflicts were extracted using SSAM tool 

based on the trajectory outputs from microsimulation. Table 46 and Figure 41 demonstrate the 

traffic conflict frequency distributions for various scenarios. 

Table 46 Traffic conflict frequency distribution for various MPR (percent CACC) 

Lanes used by platoons, upstream 
(1-mile) condition for platooning 

Average no. of conflicts(hr) for different MPR 
(percentage of CACC) 

0 20 40 60 80 

Both lanes, Yes (B(Y)) 149.4 109 158 198 303 

Both lanes, No (B(N)) 149.4 170.4 166.2 181.4 268.8 

Open lane, Yes (O(Y)) 149.4 139 112.2 104.6 114 

Open lane, No (O(N)) 149.4 163.8 131.6 125.2 126.6 

Closed lane, Yes (C(Y)) 149.4 136.2 137.5 138.6 158.3 

Closed lane, No (C(N)) 149.4 136 137 129 142.5 

Figure 41 Traffic conflict frequency distribution vs MPR (percent CACC) 
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The results indicate that utilizing both lanes for platooning may compromise safety as the 

Minimum Platoon Ratio (MPR) increases, primarily due to increased interactions between 

Heavy-Duty Vehicles with Cooperative Adaptive Cruise Control (HDV-CACC) and Cooperative 

Adaptive Cruise Control with Cooperative Adaptive Cruise Control (CACC-CACC) vehicles during 

lane merges. Interestingly, in both open and closed lanes, there was no significant increase in 

traffic conflicts with increasing MPR, likely because platooning in a single lane reduced 

interactions between CACC-CACC vehicles. Among the scenarios considered, platooning in open 

lanes during lane closures was the most suitable, as conflicts decreased, suggesting fewer 

interactions between CACC vehicles and HDV, thus improving safety. 

To determine the overall percentage of CACC vehicles participating in platoons across these 

scenarios, we processed the raw ".fzp" files from VISSIM using Python's PANDAS library. This 

involved calculating the percentage of CACC vehicles involved in platooning at each time step 

and subsequently computing the average platoon percentage across all time steps. The results 

have been presented in Table 47. 

Table 47 Total percentage of CACC vehicles involved in platooning for various MPR (percent CACC) 

Lane configuration and platooning 
condition 

percent of CACC vehicles in platooning for different MPR 
(percentage CACC) 

20 40 60 80 

B(Y) 23.4 37.4 53.1 59.6 

B(N) 11.0 17.3 27.7 33.2 

O(Y) 13.7 17.3 25.9 30.2 

O(N) 7.1 8.4 13.2 14.8 

C(Y) 9.3 17.4 20.8 25.4 

C(N) 7.7 10.2 13.1 16.0 

Analysis of the results from both tables reveals a clear trend: a higher percentage of platoons 

occurs when both lanes are utilized for platooning, especially at higher Minimum Platoon Ratios 

(MPR), compared to using a single lane. Notably, an intriguing finding emerges; in the open lane 

condition at 80 MPR, there is a greater number of Cooperative Adaptive Cruise Control (CACC) 

platoons (30.2 percent) than in the closed lane condition (25.4 percent), while the number of 
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conflicts is notably lower by 28 percent. This suggests that the open lane configuration for 

platooning is the most favorable scenario in terms of safety near work zones. 

Operational characteristics evaluation 

From the simulation runs, Average speeds, and Delay were calculated and to monitor the 

Queue characteristics, a Queue detector was placed at 600 ft before complete lane closure in 

the transition zone where vehicles unable to merge on upstream must stop and make 

necessary lane changes. All these results were observed for various MPR of CACC vehicles in 

different lane configurations. Table 48, Table 49 and Figure 42 present the results from 

operational evaluation. 

Table 48 Avg. speed, Total Avg. delay for different MPR (percent CACC) 

Lane 
configuration 

and 
platooning 
condition 

Average speed(mph) for different MPR 
(percent CACC) 

Total Avg. delay(hr) for different MPR 
(percent CACC) 

0 20 40 60 80 0 20 40 60 80 

B(Y) 55.9 58.6 59.6 61.4 61.8 71.6 57.6 52.1 42.6 39.5 

B(N) 55.9 55.9 56.3 57.9 58.5 71.6 72 70.0 61.4 58.7 

O(Y) 55.9 56.9 58.9 60.5 61.4 71.6 67.2 56.8 48.6 44.6 

O(N) 55.9 56.2 57.6 58.6 59.2 71.6 71 64.0 59.6 56.8 

C(Y) 55.9 57.9 59.3 60.1 61.1 71.6 62.1 55.2 51.9 47.2 

C(N) 55.9 57.9 59.1 59.1 59.9 71.6 62 56.9 57.1 53.6 
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Table 49 Avg. Queue length observed in transition zone vs MPR (percent CACC) 

Lane configuration 
and platooning 

condition 

Avg. Queue length observed before lane closure segment for different 
MPR(percent CACC) 

0 20 40 60 80 

B(Y) 346 167.5 71 27.4 8.7 

B(N) 346 307.8 245.6 156.3 121.5 

O(Y) 346 273.4 133.7 47.9 23.6 

O(N) 346 315.1 207.7 135.8 109.4 

C(Y) 346 239.4 118.3 115.7 84.5 

C(N) 346 220.7 137 119.5 102.9 

Figure 42 Avg. queue length (ft) vs MPR (percent CACC) 

Analysis of the tables and Figures indicate that as the Market Penetration Rate (MPR) increases, 

operational performance also sees improvements. The scenario allowing platooning on both 

lanes, including the upstream approach, exhibits the best operational results, but at the 

compromise of safety performance as it has resulted in the highest number of traffic conflicts. 

Surprisingly, the open lane scenario closely follows the former in terms of operational 

performance, with marginal differences. At the same time, the open lane scenario consistently 

excels in safety compared to all other scenarios. These results suggest that permitting 

platooning on open lanes near work zones is not problematic. However, for any other lane 
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configurations, it is recommended that vehicles disengage from platooning at least one mile 

upstream of the work zone to ensure improved safety. Remarkably, platoons allowed on open 

lanes demonstrate superior performance in both operational and safety aspects compared to 

other alternate scenarios. 
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CONCLUSIONS AND RECOMMENDATIONS 

Research Summary and Key Findings 

The primary objective of this study was to leverage SHRP2 NDS data for updating essential 

parameters necessary for modeling HV-CAT interaction and microsimulation. This update was 

crucial for gaining insights into the potential safety and operational advantages of CAT in the 

future. The approach employed in this study involved: 

 The development of a DLalgorithm to extract lane change parameters from SHRP2 data, 

which, in turn, aided in updating parameters for microsimulation modeling. 

 The utilization of this algorithm to analyze various adverse weather conditions typical in 

Wyoming, enabling the extraction of associated lane change parameters. These 

parameters were then applied to a real segment of Wyoming. 

 Combining the parameters derived from SHRP2 NDS data with simulation parameters 

from various research and literature sources for conducting diverse microsimulation 

studies involving CAT, with a focus on assessing its safety and operational impacts. 

SHRP2 NDS data plays a crucial role in facilitating the study involving CAT and for updating the 

microsimulation parameters. In the current scenario, CAT technology is still in a stage of mixed 

traffic adoption, and its full development is yet to be realized before achieving substantial 

safety and operational benefits. Leveraging SHRP2 data not only assists in modeling these 

parameters but also enhances the simulation environment, enabling it to closely mirror real-

world conditions. 

Updating lane change parameters from SHRP2 naturalistic driving data using deep 

learning and optimizing the parameters to develop microsimulation model for adverse weather 

The main objective of this study was to enhance lane change models under varying weather 

conditions, utilizing the second-by-second trajectory-level dataset from the SHRP2 NDS. For the 

first time, this study sought to adjust lane change parameters specifically for distinct weather 

conditions in order to create realistic microsimulation models applicable in real-world 

scenarios. The adjustment of the lane change model was performed using a set of manually 

verified lane change events, identified through a developed automatic algorithm. The lane 
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change events were leveraged to derive the necessary lane change parameters, encompassing 

both Necessary and Free Lane changes that account for various weather conditions. 

This involved automatically detecting lane change events, generating non-lane change 

instances, and extracting various feature categories. The study explored different sampling 

ratios and assessed model performance across feature categories, highlighting the significance 

of vehicle kinematics in detecting lane changes. The developed approach not only had the 

potential to enhance the SHRP2 dataset but could be extended to other trajectory-level 

datasets. The study's DL-based models have practical applications in Connected Vehicle (CV) 

environments, enabling real-time traffic pattern anomaly detection and facilitating timely 

control strategies. Furthermore, the model offered valuable information on lane change 

behavior, which was applied to microsimulation platform to assess and validate safety and 

operational treatments. 

The adapted parameter values underwent a comprehensive examination to assess their 

interrelationships and understand their influences on predicted driving behavior. To facilitate 

this analysis, a freeway weaving segment was constructed within the VISSIM microsimulation 

platform, following the guidelines from the HCM. The adjusted lane change parameters 

corresponding to each distinct weather condition were then employed to simulate traffic flow. 

The study's systematic approach in second section, which includes the calibration and 

validation of baseline models and the assessment of safety and operational performance, 

provides valuable insights into the impact of adverse weather on roadway behavior.  

Safety assessments under adverse weather conditions were conducted by analyzing vehicle 

trajectory data generated from the updated VISSIM models, considering three widely 

recognized safety measures: TTC, PET, and DRAC. 

Furthermore, the study also explored the effects of adverse weather on traffic operations by 

evaluating traffic flow characteristics, total travel time, total delay, and average network speed. 

The investigation into the adjusted parameter values indicated that weather-specific lane 

changes exhibited unique characteristics distinct from one another. According to TTC, the total 

number of simulated conflicts, encompassing both lane change and rear-end conflicts, was 

notably higher in extreme adverse weather conditions such as heavy rain, heavy snow, and 
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heavy fog compared to clear weather. This finding suggests that inclement weather conditions 

negatively impact driver behavior and performance, especially in situations of poor visibility and 

hazardous road surfaces. 

Consistently, similar results were obtained from PET and DRAC assessments. Considering the 

operational aspects of the simulated network, adverse weather conditions generally resulted in 

lower average speeds, higher total travel times, and increased total delays when compared to 

clear weather. These observations suggest that drivers adjust their behavior in response to 

limited visibility during adverse weather conditions. Additionally, the examination of safety and 

operational assessments related to default parameters emphasized the importance of 

developing microsimulation models based on weather-specific parameters rather than default 

ones. 

This study's unique findings have the potential to enhance the field of weather-specific 

microsimulation modeling within the transportation industry. As Connected Vehicle (CV) 

deployment continues to advance, trajectory-level data, akin to the National Data Set (NDS), 

will become readily available. The methodology employed in this study offers the flexibility to 

be applied in investigating various research questions using CV data. This approach can extend 

to assessing different CV applications related to lane change, such as Lane Change Warning 

systems, in terms of their safety and operational impact within microsimulation platforms. 

These evaluations can be based on adjusted lane change behavior during adverse weather 

conditions. Furthermore, with access to similar trajectory-level data, this developed 

methodology can be adapted to explore a range of research areas pertaining to driver behavior 

and performance, accounting for demographics, geographic characteristics, and variations in 

environmental and driving conditions. Subsequently, microsimulation models can be tailored to 

reflect the specific behavior and performance characteristics (Hammit et al., 2019). 

In addition to its contributions, the study also acknowledges certain limitations. Notably, it was 

observed that the number of lane changes in adverse weather conditions was relatively lower 

compared to clear weather conditions. In specific freeway facilities, there were instances where 

no lane changes were detected during adverse weather conditions. Consequently, the 

microsimulation models were not updated to account for different freeway facilities, such as 
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basic freeways or ramp junctions, under varying weather conditions. Furthermore, the study's 

assumption was that lane change maneuvers in VISSIM were primarily influenced by Necessary 

and Free Lane change parameters. However, it was acknowledged that there might be 

additional parameters governing lane changes, which could not be extracted and utilized due to 

limitations in the NDS data. To further enhance the understanding of driver behavior, future 

research should involve a comparison between driver behavioral responses within 

microsimulation models and real-life scenarios. 

Modeling CAT at Varying Market Penetration and Level of autonomy on Freeway 

It is highly likely that in the near future, Connected and Automated Vehicles (CAVs) will be 

introduced to the market and share the roads with conventional vehicles (HDVs). Initially, the 

proportion of CAVs on the roads will be low, and their level of autonomy will be limited. 

However, over time, the number of CAVs and their level of autonomy is expected to increase. 

This study aimed to investigate the effects of this mixed traffic environment, considering 

different levels of CAV market penetration and autonomy, alongside HDVs. To conduct the 

study, a microsimulation platform using VISSIM was set up to model the mixed traffic flow. A 

total of 27 simulation scenarios were created, varying the CAV market penetration, level of 

autonomy, and traffic volume. The simulation results were then analyzed to understand the 

traffic conditions and characteristics at different stages of CAV integration. 

The focus of this study was to evaluate the safety and operational impacts of varying CAV 

market penetration and level of autonomy (MPLA) on freeways. By analyzing the simulation 

data, the study aimed to gain insights into how these factors affect traffic dynamics and identify 

any potential challenges or benefits associated with the introduction of CAVs. Operational 

performance in this study was assessed by analyzing parameters such as average speed, total 

travel time, and total delay. Safety analysis, on the other hand, utilized Time-to-Collision (TTC) 

as a surrogate measure to evaluate the number of conflicts. Results show that, in the long term, 

as the market penetration and level of autonomy of CAVs increase, they are expected to have 

positive effects on the highway's traffic system, including increased average speed, decreased 

travel time, reduced delay, and fewer conflicts. However, during the transitional phase of mixed 

operation of manual vehicles and low-end CAVs, there may be negative effects to consider. The 

162 



 
 

  

 

 

findings of this study have implications for traffic engineers, car manufacturers, and 

stakeholders, as they provide insights into how different levels of connectivity and autonomy in 

vehicles can affect both operational and safety characteristics. This knowledge can be valuable 

in improving the manufacturing processes of connected and autonomous vehicles and 

enhancing traffic management strategies. It is important to note that this study specifically 

focuses on the impact of Connected and Automated Vehicles (CAVs) on a rural freeway 

segment and does not consider other roadway sections or the concept of platooning. Future 

research will aim to investigate more complex road sections, such as urban freeways and other 

roadway facility types, while also considering the integration of platooning into the traffic 

system. 

Modeling the impact of Infrastructure on CAT Performance and Safety 

The impending integration of Connected and Automated Vehicles (CAVs) into the market, along 

with their presence on regular roads, is an inevitable development in the near future. However, 

it is plausible that the existing road infrastructure may initially prove insufficient to 

accommodate these advanced CAVs, leading to a heavy reliance on the CAV industry for 

adaptation. Consequently, the infrastructure sector is expected to play a pivotal role in 

facilitating the adoption of automation technology in the future. Roads are likely to be 

designated with specific capabilities to handle varying levels of CAV automation based on their 

own geometric features and automation capabilities. Consequently, CAVs are anticipated to 

adapt their automation levels as they encounter different road segments. 

This study was undertaken to explore the potential advantages of implementing different 

automation levels across various road segments. A microsimulation platform was created using 

VISSIM to simulate mixed traffic flows of trucks and cars. Five distinct automation conditions 

were introduced for the selected segment, including a baseline condition featuring only human-

driven vehicles and four other conditions with varying automation capabilities on the road 

segment. These simulations encompassed three different traffic volumes: 800 vehicles per hour 

(vph), 1000 vph, and 1400 vph, resulting in a total of 15 simulated scenarios. Subsequently, the 

simulation results were analyzed to gain insights into traffic conditions and characteristics 

under different scenarios. 

163 



 
 

 

The findings of this study suggest that, especially for higher traffic volumes, the implementation 

of varying levels of CAV automation based on road segment type, geometry, and capability is 

preferable. Although all CAV conditions demonstrated similar operational benefits, the scenario 

where vehicles operated with mid-level automation on straight segments and high-level 

automation on junctions and ramps stood out. This combination significantly outperformed 

other scenarios, leading to a reduction in conflicts of approximately 30 percent or more 

compared to an all-high automation setup. One potential explanation for this result is that the 

frequent use of high-level automation, following the guidelines of the coexist project and 

relying on aggressive AV behavior with shorter following distances, resulted in rear-end 

conflicts during the simulations. 

These findings aim to offer evidence-based recommendations for Infrastructure Owners and 

Operators (IOOs), policymakers, automotive manufacturers, and transportation authorities. 

These recommendations can be instrumental in harnessing the full potential of CAVs and in 

establishing a safer, more efficient, and sustainable future of transportation. They provide 

valuable insights into how varying levels of connectivity and autonomy in vehicles can impact 

operational and safety characteristics. These insights hold significant implications for IOOs, as 

they play a critical role in enhancing CAV safety by providing high-quality and consistent traffic 

control devices (TCD) and maintaining overall infrastructure conditions. IOOs can leverage this 

knowledge to maximize the safety potential of Connected and Automated Vehicles (CAVs) by 

gaining a better understanding of current technology requirements and anticipating future 

technological advancements. This understanding will enable them to strategically plan and 

design their infrastructure networks accordingly. Additionally, this knowledge can be valuable 

for improving the manufacturing processes of Connected and Automated Vehicles (CAVs) and 

enhancing traffic management strategies. In summary, the study contributes to the integration 

of CAVs into the transportation system, with a particular emphasis on safety and operational 

efficiency. 

Investigating the Impact of CAT on work zone safety and operations 

The two sections in this chapter represent two studies and they presented offer valuable 

insights into the evolving landscape of transportation technologies and their impact on safety 
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and operational performance, particularly in challenging road conditions. The first study delves 

into the world of Cooperative Automated Transportation (CAT) and its influence on a freeway 

work zone (WZ) corridor, specifically when confronted with adverse weather. It employs a 

comprehensive approach, utilizing weather-sensitive microsimulation modeling. The study's 

innovation lies in its systematic analytical methodology for assessing safety and operational 

performance in specific roadway situations under adverse weather conditions, a challenge 

often constrained by the lack of real-life traffic data in a CAT environment. 

In this first study, three categories of vehicles are considered: Human-Driven Vehicles (HV), 

Connected Vehicles (CV), and Autonomous Vehicles (AV). These vehicle types are combined in 

various CAT scenarios, and real-world data sources, such as the SHRP 2 NDS and high-fidelity 

driving simulator experiments, are used to optimize parameters. The study's findings suggest 

that CAT scenarios consistently result in higher average speeds and reduced total travel times, 

with the most significant improvements observed at higher Market Penetration Rates (MPRs). 

This signifies an enhancement in overall traffic operations and a decrease in congestion. The 

study underlines the critical importance of understanding the implications of CAT technology, 

particularly in challenging driving conditions, and emphasizes the need for effective strategies 

throughout the different phases of CAT deployment. 

In the second section, the focus shifts to truck platooning, an exciting technology with the 

potential to revolutionize the trucking industry by reducing fuel consumption and 

environmental pollution. The analysis centers on low automation but also includes some high 

automation scenarios for truck platooning, replicating real-life conditions where trucks may 

become connected and automated before other conventional vehicles. The study explores the 

safety aspects of truck platooning in work zones on freeway segments, with a specific focus on 

early merge scenarios. It investigates various levels of automation and their impact on safety 

and operational performance, demonstrating clear safety advantages as automation levels 

increase, especially in higher traffic volumes. 

The study highlights the potential for truck platooning to enhance safety and operational 

performance, particularly in early merge situations. It underscores the importance of 

considering automation levels and traffic volumes when planning and implementing platooning 
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strategies in work zones, as these factors influence both safety and traffic flow. However, the 

study also reveals a contrasting outcome in late merge scenarios, where platooning can lead to 

adverse effects, including a significant increase in critical conflicts and speed reductions. This 

phenomenon is particularly pronounced in high-traffic scenarios, underscoring the importance 

of carefully tailoring platooning strategies to work zones to avoid undesirable outcomes. 

In conclusion, these studies collectively stress the significance of conducting in-depth 

assessments of emerging transportation technologies and automation levels, particularly in 

complex scenarios like work zones and adverse weather. Such assessments are essential for 

informed decision-making and the development of strategies that maximize the benefits of 

these technologies while mitigating potential risks.   

Studying various Lane Configurations for Efficient Platoon Control during Lane Closures 

This study aimed to determine the optimal lane configurations for enhancing the adoption of 

platoons on two-lane freeways, focusing on both safety and operational efficiency. Given the 

forthcoming challenge of accommodating low automation Cooperative Adaptive Cruise Control 

(CACC) platoons on freeways, this investigation assumed Level 1 platooning, wherein only 

longitudinal behavior was automated. Lane parameters were derived from NDS SHRP2 data 

(Chapter 3) for clear weather conditions to update lateral behavior. To simulate interactions 

between CACC-equipped vehicles and conventional vehicles, a work zone was introduced at the 

end of the freeway, necessitating mandatory lane changes for merging into a single lane. The 

simulations encompassed three distinct lane configurations (both lanes open, open lane, closed 

lane) for platooning, each with two scenarios based on upstream platooning conditions (1-

mile), resulting in six possible scenarios. Initial safety evaluations revealed that the open lane 

condition for platooning exhibited the lowest number of conflicts, outperforming other 

scenarios. Conversely, when platooning was unrestricted across all lanes and upstream (1-mile), 

it yielded the highest conflict count. Operational performance improved across all scenarios 

with increasing Market Penetration Rate (MPR). The best operational performance was 

observed when platooning was allowed on both lanes and upstream, followed closely by the 

open lane condition. Overall, the analysis indicated that the open lane scenario offered the best 

combination of safety and operational performance. Unrestricted platooning enhanced 

166 



 
 

 

operations but compromised safety, while the closed lane condition proved beneficial when 

platooning was dissolved before reaching the upstream work zone. 

The findings from this study highlight the benefits of utilizing lane specific platooning and could 

benefit traffic agencies, Infrastructure Owners and Operators (IOOs) in planning efficient 

strategies for adopting CAT infrastructure in the near future. 
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