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EXECUTIVE SUMMARY 

This effort was successful in exploring different motorcycle riding styles using multiple, 

commonly available sensors, ultimately associating those results with potential crash events. 

More specifically, the analysis carried out in this work provides novel insights into real-world 

motorcyclist behavior by identifying three distinct riding profiles characterized by unique 

kinematic patterns. Furthermore, several potential kinematic indicators that may predict crash 

risk were identified. This enhanced characterization of motorcycle rider capabilities could enable 

more realistic crash-scenario simulations, inform evidence-based safety policies, and support the 

design of advanced rider-assistance systems that leverage real-world parameters. 

In this study, riding styles and their relationship with crash and near-crash (CNC) risks were 

investigated using naturalistic riding study data from 155 participants over an average period of 

11 months. The data, predominantly from southern California, includes approximately 400,000 

miles of riding, providing extensive insight into real-world motorcycle riding behaviors. 

The research addresses two main questions: 

1. What defines the normal riding behavior of a motorcycle? Can it be categorized in terms 

of riding style?  

2. What measures of rider performance are associated with crash risk? 

Kinematic data collected from the instrumented motorcycles was processed to remove artifacts 

and noise prior to analysis. The analytical approach identified three distinct riding style clusters 

through principal component analysis and K-means clustering. The first cluster of 24 participants 

was primarily composed of younger participants using sport motorcycles. These subjects 

exhibited higher accelerations, abrupt braking, and substantially higher roll angles more 

frequently than other clusters. Additionally, this group showed significantly higher CNC rates 

than other clustered riders. Cluster 2 exhibited typical riding behavior, with moderate 

acceleration, braking, and roll rate values across a mix of motorcycle types and rider ages. In 

contrast, the riding behavior of the third cluster was smoother, with less aggressive maneuvers 

and safer distances during car-following scenarios. This third cluster was mainly composed of 

older participants primarily riding cruiser motorcycles. Statistical analysis revealed that age and 

motorcycle type significantly differentiated these clusters, whereas gender, riding experience, 

and formal training had minimal impact. 

A bootstrap analysis comparing CNC trips against trips without a CNC (i.e., baseline trips) 

identified abrupt initial jerk during braking and accelerating maneuvers as a significant indicator 

of elevated crash risk, underlining the critical role of anticipatory and reactive behaviors in rider 

safety. 

These findings offer critical insights for targeted rider education, motorcycle design, safety 

policy formation, and evaluation and design of advanced rider assistance systems. This enhanced 

understanding of motorcycle kinematic metrics and their linkage with crash risk can also inform 

insurers as they develop more precise, data-driven telematics-based rate structures.
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CHAPTER 1. INTRODUCTION AND BACKGROUND 

The current effort intends to characterize normal and abnormal motorcycle riding styles and to 

predict crash and near-crash (CNC) risk by analyzing kinematic data. This work is timely due to 

both advances in telematics and kinematic data collection technologies, and the recent dramatic 

trends in motorcycle fatal crash statistics.  

In 2024, the United States (U.S.) experienced roughly 6 million road crashes, resulting in 39,221 

fatalities (National Highway Traffic Safety Administration [NHTSA], 2024b). Fatalities 

involving occupants of cars and light trucks accounted for 30% of the total, while motorcyclists 

contributed 15%—a disproportional result given that motorcycles represent only the 3% of the 

total nation’s registered vehicles (NHTSA, 2019; NTSHA, 2024). Moreover, when analyzed as 

fatalities per vehicle miles traveled, the disparity becomes even more evident: motorcycles have 

a fatality rate of 26.2 compared to just 1.2 for passenger cars, indicating motorcyclists are nearly 

22 times more likely than passenger car occupants to be killed in a crash per mile traveled 

(NHTSA, 2024a; Stewart, 2023). This disproportionate risk underscores the urgent need for 

targeted research and intervention strategies to reduce motorcycle-related fatalities in the U.S. 

To address this risk and develop new motorcycle-specific crash countermeasures, a deeper 

understanding of motorcyclists’ riding behaviors is essential. Comprehensive analyses of 

motorcycle–car collisions have repeatedly identified human factors as primary crash contributors 

(Huertas-Leyva et al., 2021; Penumaka et al., 2014; Sarkar et al., 2023). Nevertheless, existing 

studies on motorcycle crash risk often rely on questionnaire-based surveys (Sakashita et al., 

2014) or retrospective crash analyses (Puthan et al., 2021; Terranova et al., 2023, 2025), both of 

which provide limited data for rider behavior analyses. While surveys yield important insights 

into social and psychological influences that could be used to inform new policies, they lack the 

precision to capture on-road rider behavior. Crash analyses are beneficial for estimating injury 

outcomes and identifying contributory factors, but they offer limited perspectives on real-time 

rider behavior and decision-making processes. 

Another substantial portion of existing motorcycle research relies on controlled test-track 

experiments and simulator studies. These approaches provide controlled conditions for 

examining braking, lean/roll angles, and other kinematic metrics and can provide some insight 

into more real-time applications (Crundall et al., 2013; Davoodi et al., 2012; Davoodi & Hamid, 

2013; Dunn et al., 2012; Huertas-Leyva et al., 2019; Kovácsová et al., 2020; Nugent et al., 2019; 

Yuen et al., 2014). However, these types of study also have inherent limitations, such as 

deviations from normal riding behavior. In addition, simulators often struggle to replicate real-

world conditions (Boer et al., 2001; Jamson & Smith, 2003). While simulators are useful for 

qualitatively assessing riders' capabilities in specific contexts (e.g., emergency braking) or 

comparing experience levels, they cannot provide the level of detail and accuracy needed to 

characterize on-road behaviors in everyday traffic.  

In contrast, real-world driving kinematics analyses, such as naturalistic research or telematics 

data, can provide a real-time perspective of how human actions contribute to collision risk and 

enable a comprehensive characterization of driver behavior (Ali et al., 2021, 2023; Dingus et al., 

2016; Perez et al., 2024; Valente et al., 2024). Specifically, naturalistic driving studies (NDSs) 

are longitudinal efforts that collect extensive, uninstructed driving data over extended periods. 
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NDSs equip participant vehicles with data recording instruments (i.e., data acquisition systems, 

or DASs) and record every trip taken. Data collection tools range from GPS sensors to entire 

sensor-suites consisting of cameras, radars, inertial measurement units (IMUs), manufacturer 

data via the vehicle network, as well as in-vehicle monitoring systems (Dingus et al., 2016; Jain 

& Perez, 2025; Valente et al., 2023).  

NDSs can vary in the ways that they collect data. For instance, some use a single equipped 

vehicle and multiple drivers, each with a relatively short period of participation (e.g., 3 months). 

Other, typically larger, efforts equip multiple vehicles that belong to individual participants for 

extended periods of time. Because NDSs often involve large sample sizes and continuous real-

world observation that accumulate large quantities of data, they are particularly valuable for 

developing population-wide distributions of driver behaviors and capabilities.  

Motorcycles, however, present unique challenges when conducting an NDS. First, with the lack 

of a readily available enclosed structure, the DAS must be protected from extreme heat, 

moisture, and cold in some other manner. Second, many motorcycles lack an accessible vehicle 

network, so all data collection equipment must be external. Third, equipment must be designed 

to survive in the event of a severe crash without the benefits afforded to larger vehicles for crash 

mitigation. These drawbacks, along with the large expense of NDSs in terms of instrumentation 

and data storage, have resulted in only a limited number of motorcycle-focused NDSs. Several 

such attempts are worthy of additional discussion.  

Researchers at the Université Paris-Est, specifically, have been leading contributors in the 

collection of naturalistic riding studies (NRS) in Europe, primarily targeting novice motorcyclists 

over relatively short data-collection periods (Espié et al., 2013). For example, the SIM2Co+ 

project collected over 15,000 km of video and kinematic data from eight participants over 2 

months to identify high-risk situations for newly licensed riders (Espié et al., 2013). In a separate 

study, 14 trainees were monitored for 5 months, yielding approximately 342 hours of data 

(Aupetit et al., 2013). The same research group coordinated the CSC-2RM project, which 

investigated commuting habits in the Paris region and recorded 85 hours of data from eleven 

riders and two motorcycles over 1 month (Espié et al., 2013). Finally, a separate investigation 

followed six novice riders over more than 2 months, documenting every trip they made, 

collecting 14,000 km worth of data (Aupetit et al., 2016). These studies have successfully 

demonstrated the feasibility of naturalistic motorcycle research and provided valuable insights 

into the behavior of novice riders; however, they were not designed to capture the full range of 

motorcycle riders’ kinematic capabilities. 

Similarly, the European “2-BE-SAFE – 2-Wheeler Behavior and Safety” initiative conducted a 

series of small-scale NRSs aiming to explore risky rider behaviors (Weare et al., 2011). The data 

collected was used by Vlahogianni et al. (2011, 2014) to propose a methodology to identify 

riding profiles and detect irregular behavior. Their approach relied on data gathered over a 3-

month period from a single rider who regularly traveled the same route for 20-minute trips. By 

employing a distance-based outlier algorithm, the authors were able to recognize instances where 

the rider’s behavior deviated significantly from their established norms. While the method 

effectively highlighted departures from the rider’s established norms, the absence of actual CNC 

events prevented any correlation between atypical riding behaviors and increased crash risk. 

Baldanzini et al. (2016) faced a similar limitation when characterizing the braking styles of five 
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riders using one instrumented scooter over 2 months. Although they cataloged 3,573 braking 

events and offered an initial breakdown of real-world braking approaches, their goal was to 

explore the different braking approaches within the same rider. Additionally, they could not link 

the different approaches to specific CNC outcomes, missing a correlation between behaviors and 

risk. Moreover, small sample sizes, limited geographic regions, and a narrow set of instrumented 

vehicles further reduced the broader applicability of these findings. Nonetheless, these initial 

efforts were pivotal in guiding the design of future large-scale data collection projects, offering 

valuable insights into methodological challenges and providing a basis for more robust NRSs. 

This evolution is evident in recent studies from Asia. For instance, a pilot NRS in Malaysia 

demonstrated that low-cost data collection methods are feasible, although the study involved 

only a small cohort of participants (Ibrahim et al., 2019). Akinapalli et al. (2023) tracked a much 

larger cohort of 58 riders in India along a predetermined 32 km round-trip route, successfully 

blending experimental and observational approaches to capture a comprehensive set of data.  

In the U.S., in 2011, the Motorcycle Safety Foundation (MSF) and the Virginia Tech 

Transportation Institute (VTTI) launched the world’s first large-scale NRS:  the MSF100 

Motorcyclists Naturalistic Study. The 100 recruited participants rode their own motorcycles for 

approximately 38,581 trips, corresponding to a total of 9,478 hours and 363,000 miles of riding 

over 40 different U.S. states. This data provided several important insights, such as information 

about the riders’ usage of protective gear (V. Williams et al., 2013), the usage patterns of 

motorcycles (McCall et al., 2014), and the reliability of riders’ self-reported mileage versus the 

actual riding mileage (V. Williams et al., 2017). Additionally, with more than 150 CNCs in the 

dataset (see Williams et al. [2016] for event categorization), this data provided important insights 

on the influence of several factors (e.g., aggressive riding style and lack of knowledge/skill; 

Williams et al., [2015]) as incrementors of motorcycle crash risk. Subsequent kinematic analyses 

of the MSF100 data examined speed metrics by participant sex and motorcycle type (Rainey et 

al., 2014) as well as acceleration patterns and their relationship with riders’ experience (Rainey 

et al., 2021; Rainey & McLaughlin, 2017). Hard deceleration events during emergencies were 

also compared with those in passenger vehicles to identify potential similarities (V. Williams et 

al., 2018).  

Although these studies have significantly advanced the understanding of rider capabilities, the 

specific kinematic differences among riders—and how these differences correlate with crash 

risk—remain largely unexplored. In today’s era of advanced data analytics, developing a 

comprehensive and detailed parametrization of rider behavior is increasingly important. This is 

particularly critical given that driver and rider telematics are now widely employed for predictive 

crash analysis by stakeholders such as data brokers, insurance companies, and vehicle 

technology manufacturers. Given these needs, the research questions considered in this study 

were:  

• What defines the normal riding behavior of a motorcycle? Can it be categorized in terms 

of riding style?  

• What measures of rider performance are associated with crash risk? 
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CHAPTER 2. METHODS 

DATASET OVERVIEW  

The data employed from this analysis was obtained from one of the largest NRS databases in the 

world, housed at VTTI and comprised of data from 155 participants (McCall et al., in press; V 

Williams et al., in press). Motorcycles in the study were instrumented to collect kinematic data, 

video of riders and surroundings, and, for a subset of riders, frontal radar readings. Data 

collection spanned an average of 11 months per participant (ranging from 1.6 to 18 months) and 

occurred primarily in southern California, although riders also traveled in several other states. 

The participant group included 139 men and 16 women with an average age of 46 years (±14), 

ranging from 20 to 82 years.  

In total, 101 CNC events were recorded (23 crashes and 78 near-crashes), involving 58 riders 

who each experienced between one and five events. The instrumented motorcycles used in the 

study could be categorized as either: (1) cruisers (n = 74), characterized by a low seat height, 

relaxed riding posture, and forward-set footpegs; (2) sport bikes (n = 77), known for their 

aggressive riding position, lightweight design, and aerodynamic fairings; and (3) touring bikes (n 

= 4), which feature a larger frame, upright seating, full fairings, and are often equipped with 

saddlebags for long-distance travel. Preliminary questionnaire data showed that 131 riders self-

reported as experienced, 19 as novice, and 5 as returning riders (i.e., returning to riding for less 

than 1 year after a break of 5 years or longer). All 155 riders reported some level of formal rider 

training (42 reported low-level training, 109 reported having medium-level training, and 4 

reported high-level training).  

The database contains approximately 400,000 miles of riding data, covering over 51,000 trips 

and totaling 13,000 hours of ride time. On average, each participant recorded 2,555 miles, with 

individual totals ranging from 51 to 15,000 miles. Riders over 50 years old contributed 43% of 

the overall mileage and were responsible for roughly 70% of the miles travelled by cruiser 

motorcycles (Figure 1). 

 

Figure 1. Graph. Total mileage by motorcycle type and age group. 
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In terms of road categories, about 40% of the total miles were travelled on roads classified as 

Level 1 and 2, defined as “roads allowing for high volume, maximum speed traffic movement 

between and through major metropolitan areas” (HERE Maps XML, 2025). Similarly, roads 

with speed limits between 60 and 65 accounted for about 40% of the total miles available in the 

database (Figure 2). 

 

Figure 2. Graphs. Total mileage by road type classifications and speed limits. 

DATA PROCESSING  

This study built upon the approach proposed by Ali (2023) and Ali et al. (2021, 2023) for car-

based NDS analyses, implementing new procedures to accommodate motorcycle-specific 

characteristics. Raw IMU-derived kinematic data was extracted and adjusted to account for the 

motorcycle’s lean angle, and different signal processing approaches were tested to minimize 

noise introduced by vibration. The final methodology applied a seventh-order Butterworth low-

pass filter to mitigate high-frequency noise. To eliminate vibration-caused biases in low-

dynamics conditions, the kinematic data was set equal to zero whenever its moving standard 

deviation was lower than 0.2 and the vehicle speed dropped below 1 mph (Figure 3).  
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Figure 3. Graph. Example of the signal processing approach employed. 

When available, radar data was extracted and processed to determine the spatial and temporal 

separations between the ego-motorcycle and the vehicles ahead. Car-following scenarios were 

isolated by excluding targets not labeled as a leading vehicle by the radar unit’s onboard logic. 

GPS data was paired with digital maps to incorporate speed limits and road types, while brake 

signal information was captured from the vehicle’s electrical system. 

APPROACH 

Motorcycle rider behavior was captured through the analysis of two important metrics in 

motorcycle dynamics: the longitudinal acceleration and the roll rate. High longitudinal 

deceleration shortens reaction time, while high positive values can affect the motorcycle’s 

stability (Deligianni et al., 2017; Limebeer et al., 2001; Tak et al., 2015). Roll rate—the speed at 

which a rider leans—differentiates aggressive, tight turns from smoother trajectories and has 

proven useful in unsupervised skill assessment and rider clustering (Bartolozzi et al., 2023; Diop 

et al., 2023; Magiera et al., 2016). 

These metrics were analyzed through an epoch-based algorithm, where the “epochs” were 

defined as any continuous interval during which the acceleration or roll rate surpassed 

predetermined thresholds. Figure 4 shows this concept applied to longitudinal acceleration, 

illustrating defined acceleration and deceleration epochs distinguished from baseline 

fluctuations. Different threshold values were tested to achieve a balance between removing noise 

and capturing significant epochs, ultimately adopting ±0.01g for longitudinal acceleration and ±1 

deg/s for roll rate.  



 

8 

 

Figure 4. Graph. Epoch-based algorithm – example applied to longitudinal acceleration. 

A comprehensive set of metrics was computed for each epoch identified through this 

methodology and used to characterize both the riding environment and rider behavior (Table 1). 

Metrics were chosen to capture detailed trip-level attributes (e.g., speed, distance traveled, road 

type, and curvature) as well as precise dynamics features within each epoch (e.g., peak, mean, 

and median values of acceleration or roll rate, jerk, and roll angle). For epochs associated with 

longitudinal acceleration, additional metrics—including acceleration percentiles, longitudinal 

jerk statistics, and comparisons between IMU and GPS measurements—were additionally 

gathered to precisely assess rider behavior during acceleration and braking events. Similarly, for 

roll rate epochs, metrics related to roll angle percentiles, peak roll rates, and the temporal 

distribution of roll dynamics within the epoch were employed to characterize cornering style, 

rider aggressiveness, and smoothness during turns.  

Table 1. List of metrics extracted for each longitudinal acceleration and roll rate epoch. 

Metric name Meaning and unit of measure 

FILE_ID Trip identification number 
PARTICIPANT_ID Participant identification number 

DISTANCE Distance travelled in the epoch [m] 
DURATION Duration of the epoch [ms] 

TIME_START/END Time start and end of the epoch [ms] 
TIME_PEAK_EPOCH Time of the metric peak as % of the epoch length [%] 
SPEED_START/END Speed at start and end epoch [mph] 

SPEED_CHANGE Speed difference in epoch [mph] 
SPEED_MAX/MIN Speed max and min in epoch [mph] 
SPEED_AT_PEAK Speed at peak of the metric [mph] 

CURVE Presence of a curve 
RADIUS Radius of curvature 

BRAKING_INT Brakes activated in the epoch 
BRAKING_1SEC Brakes activated in 1 sec. interval around the epoch 

SPEED_LIMIT Speed limit of the road [mph] 
ROAD_CLASS Road type classification 
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Metric name Meaning and unit of measure 

Specific metrics for longitudinal acceleration epochs [POS = acceleration; NEG = deceleration] 

POS/NEG_ACC_PEAK/MEAN/MEDIAN_IMU Long. acc. peak, mean, median from IMU [g] 
POS/NEG_ACC_PEAK/MEAN/MEDIAN_GPS Long. acc. peak, mean, median from GPS [g] 

POS/NEG_ACC_25/50/75_PERC 25, 50, and 75 percentiles of long. acc. in the epoch [g] 
POS/NEG_ACC_25/50/75_PERCTIME Long. acc. at 25, 50, and 75 of the epoch duration in time [g] 

POS/NEG_JERK_MIN/MAX Long. jerk min and max [m/s3] 
POS/NEG_JERK_MEAN/MED_START_TO_PEAK Long. jerk mean/median between start to peak [m/s3] 

POS/NEG_JERK_MEAN/MED_PEAK_TO_END Long. jerk mean/median between peak to end [m/s3] 
POS/NEG_JERK_25/50/75_PERC 25, 50, and 75 percentiles of long. jerk in epoch [m/s3] 

POS/NEG_JERK_25/50/75_PERCTIME Long. jerk at 25, 50, and 75 of epoch duration in time [m/s3] 
GPS_IMU_ERROR_PEAK Percentage error between IMU and GPS peak acc. [%] 
GPS_IMU_ERROR_MEAN Percentage error between IMU and GPS mean acc. [%] 

Specific metrics for roll rate epochs [NRR = negative roll rate; PRR = positive roll rate] 

PRR/NRR_ROLL_R_PEAK/MEAN/MEDIAN Roll rate peak, mean, median [deg./sec.] 
PRR/NRR_ROLL_R _25/50/75_PERC 25, 50, and 75 percentiles of roll rate in epoch [deg./sec.] 

PRR/NRR_ROLL_R _25/50/75_PERCTIME Roll rate at 25, 50, and 75 of epoch time duration [deg./sec.] 
PRR/NRR_ROLL_PEAK/MEAN/MEDIAN Roll mean, median in epoch [deg.] 

PRR/NRR_START/END Roll at start and end of epoch [deg.] 
PRR/NRR_ROLL_25/50/75_PERC 25, 50, and 75 percentiles of roll. in epoch [deg.] 

PRR/NRR_ROLL_25/50/75_PERCTIME Roll at 25, 50, and 75 of the epoch time duration [deg.] 

 

It is important to note that while acceleration/deceleration epochs captured the entire maneuver, 

roll rate epochs only encompassed half of the leaning maneuver, since a single roll rate epoch 

captures only one phase of the leaning maneuver—either into or out of the lean. Therefore, the 

mean roll value of each epoch was used to determine whether a roll rate epoch corresponded to 

the leaning-down phase or the recovery phase. To distinguish these epochs, the word “start” or 

“end” was added at the end of the roll rate-based metrics. 

DATA ANALYSIS  

The algorithm produced data summarization tables that were subsequently used to inform the 

study’s research questions. To ensure that participants’ riding data was sufficient to characterize 

individual riding styles and behaviors, participants who rode less than 500 miles were excluded 

from the analysis. The exclusion of low-mileage participants additionally mitigated potential 

biases arising from the predominance of specific travel routes (e.g., urban versus highway), 

which could skew comparisons across riders. As a result of this selection criterion, the final 

dataset included 122 participants out of the initial 155. 

Normal riding behaviors and riding style clusters 

The algorithm identified multiple epochs of acceleration, deceleration, positive roll-rate, and 

negative roll-rate, each characterized using the metrics listed in Table 1. To minimize bias from 

noise, coasting, and drag-related effects, acceleration and deceleration epochs were further 

filtered by including only those that met the following criteria: (1) the braking signal was active 

for deceleration epochs or inactive for acceleration epochs; (2) the epoch duration was less than 

10 seconds; (3) the initial speed exceeded 10 mph; and (4) the difference between the mean 

deceleration measured by the IMU and the GPS was less than 25%.  
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To detect potential variations in riding styles among participants, this first analysis focused on 

two primary aspects of each epoch: (1) the mean, indicative of typical riding behavior, and (2) 

the peak, representative of extreme riding behavior. The distributions of these metrics were 

created for each participant, from which the mean and standard deviation were subsequently 

estimated. This process generated 16 metrics per rider, capturing both the central tendency and 

variability of maneuver intensity for each participant.  

To reduce data dimensionality while preserving essential information and capturing the primary 

axes of variation, principal component analysis was performed on this set of participant-specific 

metrics. The resulting main components were then employed in a k-means cluster analysis to 

group participants based on similarities in their riding styles. Subsequently, statistical 

comparisons (analyses of variance [ANOVA] and χ2) were conducted to determine whether the 

identified clusters exhibited statistically significant differences and to explore their association 

with key participant characteristics.  

The clustering results were validated using time-headway data derived from radar measurements. 

Temporal separations between the ego-motorcycle and leading vehicles were computed after 

filtering out non-lead targets based on the radar unit’s onboard logic. Time-headway 

distributions were then generated by aggregating participants according to their assigned clusters. 

Association between rider kinematics and crash risk 

To evaluate the relationship between specific kinematic metrics and crash risk, a bootstrap 

resampling framework was implemented. This approach repeatedly samples baseline trips for 

each event of interest, enabling robust statistical comparisons while compensating for the 

pronounced imbalance between CNC events and non-CNC trips. 

The analysis began by designating CNC trips as the case group, while treating all other trips as 

the baseline pool (Figure 5). To enhance analytical accuracy, low-speed ground-impact crashes 

were excluded from the CNC group, as these events typically occurred during stationary 

conditions and reflected balance-loss crashes rather than active riding behavior. For each of the 

remaining 86 CNC trips, candidate baseline trips were selected from the non-CNC pool. Trip 

segments were selected from cases where the trip-level mean speed and distance was within a 

±20% range of CNC trip selections. Baseline trip selection based on mean speed similarities 

served as a partial control for road types and traffic conditions. After this matching, all the 

acceleration and roll rate epochs were extracted for both CNC and baseline trips. A temporal 

clipping step then discarded epochs of the baseline trips which occurred after the percentile of 

trip duration at which the CNC event took place, ensuring temporal comparability between 

conditions.  

For example, if the CNC occurred at 40% of the total CNC trip time-length, then only the 

baseline epochs occurring before the 40% of the total baseline trip time-length were retained. No 

data surrounding the CNC itself was included in the analysis. For each trip (both CNC and 

baseline), the mean and standard deviation of each epoch were calculated, and among all the 

baselines, 10 trips were randomly selected, minimizing missing data. Finally, summary statistics 

from the CNC trips and their matched baselines were compared with two-sample t-tests to 

identify significant deviations indicative of atypical riding behavior. 
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Figure 5. Flowchart. Bootstrap procedure. 

The entire bootstrapping procedure was repeated 100 times, limiting the possibility that a 

particular single random draw of baseline trips would influence the statistical outcome.
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CHAPTER 3. RESULTS 

The kinematic analysis and clustering approach addressed the first research question by 

examining typical motorcycle riding behavior and characterizing it in terms of riding styles. The 

results in this section illustrate patterns of normal riding and individual variability among 

participants. The second research question is explored through the bootstrap analysis, which 

builds on these findings by linking abnormal riding behavior to increased crash risk. 

MOTORCYCLE TYPICAL RIDING BEHAVIOR AND RIDING STYLE CLUSTERS 

Typical riding behavior 

The epoch-based algorithm identified thousands of unique kinematic epochs, allowing the 

exploration of possible correlations between the metrics collected. For example,  

Figure 6 shows the increase of the epochs’ mean deceleration values as a function of the speed 

reduction during the epoch.  

 

Figure 6. Graph. Mean longitudinal deceleration as a function of speed reduction in the 

maneuver. 

The map matching analysis revealed that road classification and posted speed limits play a 

significant role in shaping the frequency of kinematic events, while exerting comparatively 

limited influence on the distributions (mean, quartiles) of their magnitude (see Figure A1- 

Appendix A). 

The algorithm results also provide the foundation for understanding typical motorcycle riding 

behaviors. In terms of braking maneuvers, for example, the results revealed typical mean and 

peak deceleration values of approximately -0.1 g and -0.2 g (Figure 7), respectively, under 

normal riding conditions across the entire cohort of participants.  
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Figure 7. Graph. Distributions of mean and peak longitudinal decelerations during braking 

maneuvers across all participants and conditions. 

The corresponding mean longitudinal jerk (first derivative of acceleration or how rapidly one is 

accelerating) is reported in Figure 8, differentiating between the mean value of the first part of 

the maneuver (before the peak of the acceleration) and the second part (after the peak). 

 

Figure 8. Graph. Distributions of the mean longitudinal jerks during braking maneuvers 

across all participants and conditions 
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While the kinematic distributions of the overall participants provided baseline behavior, 

significant individual variations emerged among the single participants. For example, Figure 9 

shows the distributions of mean longitudinal deceleration during braking events for four 

participants. In this case, Participant D exhibited significantly higher mean deceleration values 

compared to the others, suggesting a more dynamic or sporty riding approach. 

 

Figure 9. Graphs. Distributions of the mean longitudinal deceleration during braking 

events of four participants with corresponding mean values. 

As with braking behavior, the distributions of positive longitudinal acceleration and roll rate 

revealed both similarities and differences among participants. These patterns, observed across 

the remaining 122 riders, motivated the development of a method to identify and distinguish 

subgroups based on their unique kinematic profiles. 

Motorcycle riding styles  

Figure 10 displays the box plots of the mean and peak longitudinal deceleration values for each 

rider. Notably, the inter-quartile ranges for deceleration were wider than those for positive 

accelerations, indicating that acceleration performance was relatively consistent across riders, 

whereas braking intensity had higher variability.  



 

16 

 

Figure 10. Box plots. Distribution of mean and peak longitudinal accelerations and 

decelerations for each participant. 

The principal component analysis of the participants’ aggregated mean and peak values showed 

that the first four components together captured more than 95% of the total variance (see Figure 

A2 – Appendix A). These four components were therefore used as inputs for the K-means 

clustering. The elbow criterion (see Figure A3 – Appendix A) indicated that a three-cluster 

solution (Figure 11) represented the best compromise between within-group consistency and 

overall model interpretability. 

 

Figure 11. Scatterplot. The first two PCs with clusters assignments. 
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Figure 11 includes two observations from Cluster 2 that notably appear below the main PC2 

distribution, indicating a potentially atypical kinematic behavior. The PC2 component exhibits 

strong positive loadings on the standard deviations of mean and peak acceleration/deceleration, 

alongside strong negative loadings on the mean roll-rate metrics. This suggests relatively 

consistent longitudinal kinematic behavior coupled with elevated mean roll rates for the two 

participants. To investigate potential bias, the raw data for these observations was carefully 

reviewed, and the distributions of the relevant metrics computed were compared to the overall 

sample. The review confirmed the low-variability/high-roll-rate profile but otherwise revealed no 

evidence of sensor drift or procedural error. Since these findings imply that the observed 

differences could represent genuine behavioral variations rather than artifacts, the observations 

were retained in all subsequent analyses. Nevertheless, all the analyses were repeated without 

these two participants to ensure robustness of the results: cluster compositions and statistical 

results were not affected, with only minimal changes in the numerical values of the cluster center 

of Cluster 2.  

Assigning participants to these three clusters based on their PC scores produced distinct centroid 

profiles, each highlighting a unique pattern of longitudinal acceleration, deceleration, and roll-

rate. Almost half of the sample (58 of 122 riders) belonged to Cluster 3, which was characterized 

by the gentle longitudinal inputs and the lowest positive and negative roll rates, indicating a 

cautious and smooth riding style. Conversely, riders in Clusters 1 and 2, although fewer in 

number, demonstrated stronger and more abrupt values for all the metrics (Table 2). The 

ANOVA indicated significant differences among clusters for all metrics. Specifically, Tukey's 

honestly significant difference post-hoc tests revealed that each cluster pair differed significantly 

across all metrics (α = 0.05), confirming distinct and unique riding profiles and strategies among 

participants. 

Table 2. Metrics results for the cluster centers. 

Cluster Centers 

(122 riders) 

Cluster 1 

“Sporty” 

(24 riders) 

Cluster 2 

“Moderate” 

(40 riders) 

Cluster 3 

“Conservative” 

(58 riders) 

Mean long. deceleration (g) -0.12 ± 0.05 -0.09 ± 0.04 -0.05 ± 0.03 

Peak long. deceleration (g) -0.20 ± 0.09 -0.14 ± 0.07 -0.08 ± 0.06 

Mean long. acceleration (g) 0.11 ± 0.08 0.07 ± 0.05 0.06 ± 0.04 

Peak long. acceleration (g) 0.18 ± 0.13 0.12 ± 0.09 0.09 ± 0.07 

Mean positive roll rate (deg/sec) 2.65 ± 2.05 2.14 ± 1.18 1.67 ± 0.56 

Peak positive roll rate (deg/sec) 3.68 ± 3.22 2.89 ± 1.91 2.12 ± 0.91 

Mean negative roll rate (deg/sec) -2.41 ± 1.52 -2.09 ± 1.11 -1.69 ± 0.64 

Peak negative roll rate (deg/sec) -3.32 ± 2.45 -2.81 ± 1.83 -2.16 ± 1.08 

 

The validation analysis examining radar data confirmed the cluster results, showing that 

conservative riders in Cluster 3 consistently maintained a greater distance from the vehicle ahead 

during car-following maneuvers, verifying that cluster’s more cautious behavior compared to  

riders in the other clusters (Figure 12). 
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Figure 12. Graph. Distribution of the participants mean headway across clusters. 

Table 3 provides the demographics and features of riders in each cluster, as well as the 

motorcycle characteristics and the extrapolated CNC rates per million vehicle miles traveled 

(MVMT). Cluster 1 was mainly composed of younger riders (mean age of 37 ± 12 years). 

Additionally, Cluster 1 also exhibited a substantially higher prevalence of sport motorcycles 

(92%). Conversely, Cluster 3 was composed of substantially older riders, with a mean age of 54 

± 13 years, and displayed the lowest proportion of sport motorcycles (16%).  

Table 3. Summary statistics of participants’ features per clusters. 

Cluster Age Males (%) Sport motorcycle 

(%) 

Experienced 

riders (%) 

High level 

training (%) 

CNC rate per 

MVMT 

1 37 (±12) 92 92 79 4 617 (±769) 

2 41 (±12) 85 68 88 5 203 (±341) 

3 54 (±13) 91 16 90 2 285 (±629) 

 

Statistical analyses further underscored the importance of specific rider features. Participant age 

and motorcycle type differed significantly between Clusters 1 and 3 and between Clusters 2 and 

3. However, despite the similarities between Clusters 1 and 2 in terms of rider age and 

percentage of sport motorcycle (see also Table 3), Cluster 1 had a notably higher average CNC 

rate (617 ± 769), roughly 2–3 times greater than the rates observed in Cluster 2 (203 ± 341) and 

Cluster 3 (285 ± 629). This suggests that differences in rider age and motorcycle type alone do 

not fully explain variations in riding performance or safety outcomes across clusters, suggesting 

inherent differences in riding style or behaviors among riders in the clusters. Other examined 

factors, such as male sex, rider experience, and high-level rider training, did not show 

statistically significant differences across clusters (Table 4). 
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Table 4. Summary of statistical test results assessing significant differences among clusters. 

  Statistically different clusters (α = 0.05) 

Test variable  Test statistics 1 vs 2 1 vs 3 2 vs 3 

CNC rate per MVMT ANOVA + TukeyHSD Yes Yes  

Participant age ANOVA + TukeyHSD  Yes Yes 

Motorcycle type presence  and pairwise proportions  Yes Yes 

Male sex presence  and pairwise proportions    

High experience presence  and pairwise proportions    

High training level presence  and pairwise proportions    

 

ASSOCIATION BETWEEN RIDER KINEMATICS AND CRASH RISK  

The bootstrap analysis combined with a two-sample t-test investigated the deviations in the 

kinematic metrics preceding CNC events, highlighting longitudinal jerk during the initial phase 

of braking maneuvers as a key indicator of risky trips—evidenced by significant differences at 

specific points (e.g., the 25th percentile and 25% of epoch time), as well as in mean and median 

values over the maneuver's first half. A similar pattern was observed in positive acceleration 

maneuvers, where significant jerk value differences were also detected in the early part of the 

maneuver. In contrast, for roll rate, only the positive roll rate at 25% of the total length of the 

leaning-recovery phase was significantly different in 55 out of the 100 iterations, suggesting that 

motorcycle lateral kinematics may be less effective in identifying risky trips (Table 5). Notably, 

peak negative jerk resulted in significant differences in CNC cases vs baseline cases in 29% of 

the iterations, while peak values of acceleration and deceleration were never significantly 

different (Table A1 – Appendix A). 

Table 5. Summary of bootstrap analysis results: metrics resulting in significant differences 

between CNC and non-CNC trips in more than 50 iterations. 

Metrics used to compare CNC and baseline trips 

[POS = acceleration; NEG = deceleration; NRR = negative roll rate; 

PRR = positive roll rate] 

# of iterations resulting in 

statistical difference (N = 100) 

mean_NEG_JERK_25_PERCTIME_IMU 100 

mean_NEG_JERK_25_PERC_IMU 100 

std_NEG_JERK_25_PERC_IMU 100 

std_NEG_JERK_MEDIAN_START_TO_PEAK_ACCEL_IMU 99 

mean_NEG_JERK_MEDIAN_START_TO_PEAK_ACCEL_IMU 97 

mean_NEG_JERK_MEAN_START_TO_PEAK_ACCEL_IMU 95 

std_NEG_JERK_MEAN_START_TO_PEAK_ACCEL_IMU 94 

std_NEG_JERK_25_PERCTIME_IMU 90 

std_NEG_JERK_75_PERC_IMU 79 

mean_POS_JERK_MEDIAN_START_TO_PEAK_ACCEL_IMU 71 

mean_POS_JERK_MEAN_START_TO_PEAK_ACCEL_IMU 66 

mean_PRR_ROLL_R_25_PERC_TIME_end 55 
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All these metrics exhibited a more extreme (higher mean and peak) behavior in CNC trips in 

comparison to baseline trips (see Figure 13). 

 

Figure 13. Graphs. Example of mean jerk during the initial phase of braking maneuvers.
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CHAPTER 4. DISCUSSION 

This study was successful in exploring both normal and abnormal riding, and associating those 

results to crashes, by using multiple commonly-available sensors. It provides novel insights into 

real-world motorcyclist behavior by identifying three distinct riding profiles characterized by 

unique kinematic patterns. Furthermore, several potential kinematic indicators that may predict 

crash risk were identified. This enhanced characterization of motorcycle rider capabilities could 

enable crash-scenario simulations with increased realism, inform evidence-based safety policies, 

help develop dynamic risk-scoring models for insurance companies, and support the design of 

advanced rider-assistance systems (ARAS) tailored to real-world parameters. 

NORMAL RIDING BEHAVIOR AND RIDING STYLE CLUSTERS 

The clustering of NRS data revealed substantial variability in rider performance, identifying 

three different groups of riders, which can be termed “Sporty,” “Moderate,” and “Conservative.” 

Unlike previous studies, which predominantly focused on emergency riding responses (Davoodi 

& Hamid, 2013; Huertas-Leyva et al., 2019; Vavryn & Winkelbauer, 2004), the present work is 

the first to systematically characterize typical riding kinematics across a diverse rider population. 

While additional research is necessary to develop advanced modeling approaches for rider 

behavior, the cluster centroids and their distributions can be directly employed, for example, in 

simulation frameworks for emerging active‑safety technologies (Lucci et al., 2021; Savino et al., 

2013; Terranova et al., 2022).  

Specifically, while mitigation-based technologies—such as automated emergency braking 

systems (Lucci et al., 2022)—would benefit from accurately modeling rider behaviors in 

emergency scenarios, support systems designed for regular riding tasks—like adaptive cruise 

control systems (Ait-moula et al., 2025)—can directly use the results of this study to closely 

emulate typical motorcycle riding capabilities. Furthermore, the parameterization of key 

motorcycle kinematics offers essential guidance for developers of passenger vehicle safety 

features and automated driving systems (ADSs). Extensive behavioral driving models exist for 

cars, heavy trucks, pedestrians, and micromobility vehicles (Dozza et al., 2023; Engström et al., 

2024; Markkula, 2014; Terranova et al., 2024; Noonan et al., 2023), yet this study represents the 

first effort to model everyday motorcycle maneuvers using simplified methods. This work may 

facilitate the development of enhanced motorcycle rider models, enabling refinement of 

algorithms tailored specifically to motorcycles’ unique operational characteristics. By integrating 

our kinematic profiles with established braking limits, researchers could create interaction 

scenarios involving motorcycles with increased realism, thereby enhancing the accuracy of crash 

probability assessments and ADS safety performance testing (Bareiss et al., 2019; Kusano et al., 

2022).  

Demographic and motorcycle-specific characteristics were closely associated with distinct riding 

styles identified within the clusters. Younger riders predominantly constituted the group 

characterized by the highest longitudinal acceleration and roll rate epochs but were dispersed 

across all three clusters. This is aligned with previous literature and could suggest a possible link 

between limited experience and lower risk perception (Keall & Newstead, 2012). In alignment 

with this, older riders were found to be overrepresented in the cluster with the lowest kinematic 
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metrics values, suggesting more conservative riding behaviors (Stephens et al., 2017). However, 

like the younger riders, older riders were present in all three clusters.  

Similar to rider age, the predominant motorcycle type differed across clusters. Specifically, 

sport-motorcycle owners recorded significantly higher and more abrupt values across every 

kinematic metric, whereas cruiser and touring riders displayed smoother, more stable profiles. 

However, this finding warrants cautious interpretation, as sport motorcycles' performance-

oriented design inherently amplifies metric values, potentially independently of actual rider 

behavior (Dunn et al., 2012). Further research is necessary to determine whether safety measures 

should be tailored specifically to motorcycle types. Despite their superior kinematic capabilities, 

sport motorcycle riders experienced a higher rate of CNC events per MVMT, suggesting that 

enhanced vehicle performance not only fails to mitigate their elevated crash exposure, but may 

also contribute to it. However, the convergence of sport bike ownership with young drivers 

within the highest-risk cluster underscores the urgent need for targeted interventions. Policies 

delaying unrestricted access to high-performance motorcycles, along with specialized training 

programs for young riders, could significantly reduce the disproportionate fatality rate among 

young sport motorcycle riders (Teoh & Campbell, 2010).  

Rider sex, riding experience, and formal safety training did not significantly differentiate the 

clusters, a finding that contrasts with prior research emphasizing the protective role of experience 

against risky situations (Stephens et al., 2017) and its role in improving riding skills (Rainey et 

al., 2021; Rainey & McLaughlin, 2017). This discrepancy may stem from limited sample sizes 

within these demographic groups and potential biases inherent in self-reported rider experience 

(V. Williams et al., 2017). 

The effects of map-related factors on kinematic events were examined and showed limited 

variation in magnitude across different road types and speed limits. In particular, a lower 

frequency of events was observed on higher-speed road categories (Figure A1 – Appendix A). 

These results are consistent with findings from car-based NDSs, which have repeatedly shown 

fewer acceleration events per mile on higher-speed roads (Ali et al., 2021, 2023). However, it is 

also possible that between-participant differences in map-related exposure—such as a tendency 

to ride more frequently on highways versus local roads—may have influenced the observed 

clusters. Therefore, future analyses should account for such between-participant variability to 

more accurately isolate the influence of road context on riding behavior. 

ABNORMAL RIDING AND RISK BOOTSTRAP ANALYSIS 

Previous naturalistic investigations on motorcycle data faced significant challenges in linking 

abnormal riding patterns to crash risk due to the absence of CNC events in collected datasets. 

Overcoming this limitation, the current study used a bootstrap analysis to compare kinematic 

metrics during CNC trips—in the period preceding the CNC event—with matched baseline trips 

without risky events. This approach provided a simple and robust method to identify riding 

behaviors predictive of elevated crash risk. The analysis identified the longitudinal jerk—defined 

as the rate of change in longitudinal acceleration—as the metric most strongly correlated with 

risky trips. This suggests that riders on high-risk trips exhibit more abrupt throttle and brake 

applications, resulting in rapid fluctuations in longitudinal acceleration. This result aligns with 

prior research on passenger cars, which identified sharp decelerations and high-jerk events as 
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critical indicators of safety-critical situations (Alrassy et al., 2023; M. Guo et al., 2022). While 

the current study did not directly investigate the possible causes of higher jerk values in CNC 

trips, research on passenger cars suggests that non-professional drivers exhibit more frequent 

high-jerk events, potentially due to limited experience and less refined vehicle control (Charly & 

Mathew, 2024). For motorcycles, similar factors—e.g., rider inexperience, distraction, or 

complex traffic conditions—may contribute to jerky riding patterns, although these hypotheses 

require further exploration.  

Despite the need for future research, these findings have substantial practical implications for 

motorcycle safety. The identification of longitudinal jerk as a reliable surrogate measure of risk 

creates new opportunities for real-time safety evaluation frameworks (F. Guo et al., 2010). For 

instance, this metric could be integrated into telematics-based systems used by insurance 

companies to develop dynamic risk-scoring models. Such models would enable premiums to 

reflect real-time riding behavior rather than relying solely on static demographic factors, 

fostering more advanced pricing structures (Mao et al., 2021). Additionally, the findings have 

direct applications for the development of ARAS. Motorcycle manufacturers and ARAS 

developers could leverage jerk thresholds to design onboard alert systems that warn riders when 

their control inputs become abnormally abrupt, potentially preventing the escalation of risky 

behaviors and possibly mitigating crashes (Lisboa et al., 2024; Sevarin et al., 2020; Song et al., 

2017; Terranova et al., 2022; Touliou et al., 2012). 

Additionally, this study not only extends the relevance of longitudinal jerk as a key safety metric 

to the motorcycle domain but also highlights its predictive power for risk assessment when 

focusing on the initial phase of an epoch segment. This temporal specificity emphasizes the 

importance of early control inputs as critical precursors to hazardous riding behavior, providing a 

valuable opportunity for preventive interventions. This could suggest important opportunities for 

enhanced rider training programs. Training courses, for example, could focus on teaching 

smoothing initial control inputs during braking maneuvers, helping riders develop habits that 

mitigate the onset of high-risk behaviors. This could be particularly beneficial for novice riders, 

who may be more prone to abrupt throttle and brake applications due to inexperience (Aupetit et 

al., 2016; Huertas-Leyva et al., 2019, 2021).  

CONCLUSIONS 

This study presented a data-driven analysis of one of the largest NRS datasets collected to date, 

identifying three distinct riding styles and quantifying their different crash risks.  

While the findings are promising, several limitations should be noted. Although longitudinal jerk 

emerged as a key predictor of crash risk, other kinematic variables—such as lateral acceleration 

and speeding behaviors—may also play a significant role and warrant further investigation. 

Furthermore, while riding styles were clustered based on mean and peak deceleration, future 

analyses should consider alternative surrogate metrics, such as the rate of high deceleration and 

events per mile, to better account for variations in trip characteristics (e.g., road types, speed 

limits, and traffic conditions). 
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Additionally, the relationship between rider demographics, environmental factors, and the 

occurrence of jerk-related events remains insufficiently explored. Future research should aim to 

model these complex interactions to uncover additional predictors of risky riding behavior. 

Although the sample is geographically limited and under-represents female and specific 

motorcycle types, this approach demonstrates the feasibility of transforming raw kinematic data 

into actionable safety metrics. The resulting parameters provide developers, policymakers, and 

insurance companies with a realistic foundation for simulation, intervention design, and risk 

assessment, ultimately contributing to improved safety on U.S. roads.
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APPENDIX A. ADDITIONAL GRAPHS 

 

Figure A1. Mean longitudinal deceleration during braking events by road classification 

 

Figure A2. Variance explained and cumulative sum exaplained by the principal 

components. 
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Figure A3. Elbow method representing the total within sum of squares (SSW) with respect 

to the number of clusers. 

Table A1. Bootstrap analysis results: full list of metrics and number of iterations resulting 

in significant differences between CNC and non-CNC trips in at least 1 iteration out of 100. 

Metric Name # of iterations (out of 100) 

mean_NEG_JERK_25_PERCTIME_IMU 100 

mean_NEG_JERK_25_PERC_IMU 100 

std_NEG_JERK_25_PERC_IMU 100 

std_NEG_JERK_MEDIAN_START_TO_PEAK_ACCEL_IMU 99 

mean_NEG_JERK_MEDIAN_START_TO_PEAK_ACCEL_IMU 97 

mean_NEG_JERK_MEAN_START_TO_PEAK_ACCEL_IMU 95 

std_NEG_JERK_MEAN_START_TO_PEAK_ACCEL_IMU 94 

std_NEG_JERK_25_PERCTIME_IMU 90 

std_NEG_JERK_75_PERC_IMU 79 

mean_POS_JERK_MEDIAN_START_TO_PEAK_ACCEL_IMU 71 

mean_POS_JERK_MEAN_START_TO_PEAK_ACCEL_IMU 66 

mean_PRR_ROLL_R_25_PERC_TIME_end 55 

std_POS_JERK_25_PERC_IMU 48 

std_POS_ACC_25_PERCTIME_IMU 40 

std_NEG_JERK_75_PERCTIME_IMU 40 
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Metric Name # of iterations (out of 100) 

std_POS_ACC_25_PERC_IMU 39 

mean_POS_JERK_75_PERC_IMU 36 

mean_NEG_JERK_MIN_IMU 29 

mean_PRR_ROLL_R_75_PERC_end 26 

mean_PRR_ROLL_R_PEAK_end 25 

mean_PRR_ROLL_R_50_PERC_TIME_end 23 

mean_PRR_ROLL_R_MEAN_end 21 

std_NEG_JERK_MIN_IMU 19 

std_POS_JERK_MEDIAN_PEAK_ACCEL_TO_END_IMU 17 

mean_NEG_JERK_MEDIAN_PEAK_ACCEL_TO_END_IMU 16 

mean_PRR_ROLL_R_50_PERC_end 15 

mean_PRR_ROLL_R_MEDIAN_end 15 

std_POS_ACC_MEAN_IMU 13 

std_NEG_JERK_MAX_IMU 13 

mean_PRR_ROLL_R_25_PERC_end 13 

std_NRR_TIME_PEAK_ROLL_RATE_end 12 

mean_POS_JERK_MAX_IMU 9 

std_POS_JERK_MIN_IMU 9 

std_POS_ACC_50_PERCTIME_IMU 8 

std_POS_JERK_MEAN_PEAK_ACCEL_TO_END_IMU 8 

mean_NEG_TIME_PEAK_ACC_IMU 7 

std_POS_ACC_50_PERC_IMU 6 

std_POS_ACC_MEDIAN_IMU 6 

mean_NEG_JERK_50_PERC_IMU 6 

mean_NEG_JERK_MEAN_PEAK_ACCEL_TO_END_IMU 5 

mean_PRR_ROLL_INIT_init 4 

std_POS_ACC_75_PERC_IMU 3 

mean_POS_JERK_25_PERC_IMU 3 

std_POS_TIME_PEAK_ACC_IMU 3 

mean_NEG_JERK_50_PERCTIME_IMU 3 

mean_NEG_ACC_50_PERCTIME_IMU 2 

mean_NEG_ACC_50_PERC_IMU 2 

mean_NEG_ACC_MEDIAN_IMU 2 

std_NEG_JERK_MEAN_PEAK_ACCEL_TO_END_IMU 2 

std_PRR_ROLL_R_50_PERC_TIME_init 2 

mean_POS_JERK_50_PERCTIME_IMU 1 

std_POS_JERK_75_PERCTIME_IMU 1 

std_POS_JERK_MEAN_START_TO_PEAK_ACCEL_IMU 1 

std_POS_JERK_MEDIAN_START_TO_PEAK_ACCEL_IMU 1 

mean_NEG_ACC_25_PERC_IMU 1 

mean_NEG_ACC_75_PERCTIME_IMU 1 

mean_NEG_ACC_MEAN_GPS 1 
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Metric Name # of iterations (out of 100) 

mean_NEG_ACC_MEAN_IMU 1 

std_NEG_ACC_PEAK_IMU 1 

mean_NEG_ACC_SPEED_MEAN 1 

mean_NEG_JERK_MAX_IMU 1 

mean_NRR_ROLL_END_init 1 

mean_PRR_ROLL_END_init 1 

 

The following metrics were also evaluated but did not demonstrate predictive significance in any 

iteration. 

 
mean_NEG_ACC_25_PERCTIME_IMU 

mean_NEG_ACC_75_PERC_IMU 

mean_NEG_ACC_PEAK_GPS 

mean_NEG_ACC_PEAK_IMU 

mean_NEG_JERK_75_PERC_IMU 

mean_NEG_JERK_75_PERCTIME_IMU 

mean_NRR_ROLL_25_PERC_end 

mean_NRR_ROLL_25_PERC_init 

mean_NRR_ROLL_25_PERC_TIME_end 

mean_NRR_ROLL_25_PERC_TIME_init 

mean_NRR_ROLL_50_PERC_end 

mean_NRR_ROLL_50_PERC_init 

mean_NRR_ROLL_50_PERC_TIME_end 

mean_NRR_ROLL_50_PERC_TIME_init 

mean_NRR_ROLL_75_PERC_end 

mean_NRR_ROLL_75_PERC_init 

mean_NRR_ROLL_75_PERC_TIME_end 

mean_NRR_ROLL_75_PERC_TIME_init 

mean_NRR_ROLL_END_end 

mean_NRR_ROLL_INIT_end 

mean_NRR_ROLL_INIT_init 

mean_NRR_ROLL_MEADIAN_end 

mean_NRR_ROLL_MEADIAN_init 

mean_NRR_ROLL_MEAN_end 

mean_NRR_ROLL_MEAN_init 

mean_NRR_ROLL_R_25_PERC_end 

mean_NRR_ROLL_R_25_PERC_init 

mean_NRR_ROLL_R_25_PERC_TIME_end 

mean_NRR_ROLL_R_25_PERC_TIME_init 

mean_NRR_ROLL_R_50_PERC_end 

mean_NRR_ROLL_R_50_PERC_init 

mean_NRR_ROLL_R_50_PERC_TIME_end 

mean_NRR_ROLL_R_50_PERC_TIME_init 

mean_NRR_ROLL_R_75_PERC_end 

mean_NRR_ROLL_R_75_PERC_init 

mean_NRR_ROLL_R_75_PERC_TIME_end 

mean_NRR_ROLL_R_75_PERC_TIME_init 

mean_NRR_ROLL_R_MEAN_end 

mean_NRR_ROLL_R_MEAN_init 

mean_NRR_ROLL_R_MEDIAN_end 

mean_NRR_ROLL_R_MEDIAN_init 

mean_NRR_ROLL_R_PEAK_end 

mean_NRR_ROLL_R_PEAK_init 

mean_NRR_TIME_PEAK_ROLL_RATE_end 

mean_NRR_TIME_PEAK_ROLL_RATE_init 

mean_POS_ACC_25_PERC_IMU 

mean_POS_ACC_50_PERC_IMU 

mean_POS_ACC_50_PERCTIME_IMU 

mean_POS_ACC_75_PERC_IMU 

mean_POS_ACC_75_PERCTIME_IMU 

mean_POS_ACC_MEAN_GPS 

mean_POS_ACC_MEAN_IMU 

mean_POS_ACC_MEDIAN_IMU 

mean_POS_ACC_PEAK_GPS 

mean_POS_ACC_PEAK_IMU 

mean_POS_ACC_SPEED_MEAN 

mean_POS_JERK_25_PERCTIME_IMU 

mean_PRR_ROLL_25_PERC_TIME_init 

mean_PRR_ROLL_50_PERC_end 

mean_PRR_ROLL_50_PERC_init 

mean_PRR_ROLL_50_PERC_TIME_end 

mean_PRR_ROLL_50_PERC_TIME_init 

mean_PRR_ROLL_75_PERC_end 

mean_PRR_ROLL_75_PERC_init 

mean_PRR_ROLL_75_PERC_TIME_end 

mean_PRR_ROLL_75_PERC_TIME_init 

mean_PRR_ROLL_END_end 

mean_PRR_ROLL_INIT_end 

mean_PRR_ROLL_MEADIAN_end 

mean_PRR_ROLL_MEADIAN_init 

mean_PRR_ROLL_MEAN_end 

mean_PRR_ROLL_MEAN_init 

mean_PRR_ROLL_R_25_PERC_init 

mean_PRR_ROLL_R_25_PERC_TIME_init 

mean_PRR_ROLL_R_50_PERC_init 
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