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Abstract

:

Task-related fatigue, caused by prolonged driving, is a major cause of vehicle crashes. Despite noticeable academic achievements, monitoring drivers’ fatigue on road sections is still an ongoing challenge which must be met to prevent and reduce traffic accidents. Fortunately, individual instances of vehicle trajectory big data collected through advanced vehicle-GPS systems offer a strong opportunity to trace driving durations. We propose a new approach by which to monitor task-related fatigued drivers by directly using the ratio of potentially fatigued drivers (RFD) to all drivers for each road section. The method used to compute the RFD index was developed based on two inputs: the distribution of the driving duration (extracted from vehicle trajectory data), and the boundary condition of the driving duration between fatigued and non-fatigued states. We demonstrate the potentialities of the method using vehicle trajectory big data and real-life traffic accident data. Results showed that the measured RFD has a strong explanatory power with regard to the traffic accident rate, with a statistical correlation of 0.86 at least, for regional motorway sections. Therefore, it is expected that the proposed approach is a feasible means of successfully monitoring fatigued drivers in the present and near future era of smart-mobility big data.
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1. Introduction


Given that automobile driving is a critical safety task and also a daily socio-economic activity, automobile crashes are a major cause of enormous socio-economic losses (e.g., severe injuries, deaths, and economic losses) [1,2,3,4]. For instance, road traffic crashes caused 1.25 million deaths and cost governments around 3% of GDP globally in 2013 [5]. A review of the literature suggests that the majority of road-related crashes are generally attributed to drivers’ faults, which could have been prevented [6,7,8]. Hence, in order to analyze and prevent road traffic crashes more efficaciously, noticeable academic efforts to explore and determine significant factors that may affect vehicle crashes have been made in the field of road transport safety.



One significant factor from academia and driver experience is known as “driving fatigue.” The term “driving fatigue” has been defined as a state of deteriorated mental alertness [9], a transient period between awake and asleep [10], and physiological and psychological processes [11], all of which, if left undisturbed, impact on the abilities of drivers to perform driving tasks safely. There is a consensus that driving fatigue is a direct or contributing cause of road traffic accidents, especially on motorways [10,12,13,14,15,16,17,18]. Prolonged and monotonous driving on motorways increases driving fatigue [1,9,10,19], which in turn significantly affects fatigue-related vehicle crashes [11,12,14,16,17,18,19,20,21,22,23,24].



Driver fatigue related to vehicle crashes is caused by the driving duration, monotonous environments, sleep deprivation, and drug and alcohol use [1,17,25,26,27], out of which the driving duration (i.e., the time-on-task) is a well-known and compelling cause of driving fatigue under ordinary driving conditions [17,28]. On the other hand, fatigue as a theoretical construct may not be directly observable, but its temporal development accompanies phenomena which can be detectable by countermeasures [21,29]. Naturally, many investigations have been conducted to demonstrate the nexus between time-on-task and fatigue progression using various countermeasures which are linked to physiological activity and driving performance. The details of fatigue countermeasures and detection technologies have also been presented in previous studies [10,11,21,29].



Electroencephalography (EEG) brain-activity signals, categorized into four different bands (i.e.,  α ,  β ,  θ , and  δ  waves), are among the most reliable and reproducible indicators to detect the psychological impacts of (monotonous) driving durations on fatigue development [30,31,32]. In studies using four types of EEG algorithms (e.g.,   α / β  ,    (  θ + α  )  / β  ,    (  θ + α  )  /  (  α + β  )   ,   θ / β  )), it was proven that EEG signals change significantly and thus, can be effectively utilized to monitor fatigue progression according to the driving time [30,31,32,33]. For instance, the EEG spectral power ( α  and  θ  waves) during excessive driving decreases with awareness [34] and then increases with sleepiness [34,35]. The frequencies of  α  and  θ  waves increase during monotonous driving tasks [31].  β  wave activities increase considerably at alertness levels and then decrease at drowsiness levels [33]. It was also demonstrated that a combination of  α ,  β  and  θ  waves (i.e.,    (  θ + α  )  / β  ) can be effectively employed to detect microsleep events (i.e., short episodes of sleep) [33].



Physiological countermeasures connected to heart, eye, and dermal activities are also used to detect driver fatigue directly or indirectly. Heart activities (e.g., the heart rate and heart rate variability), as measured by electrocardiography, are closely associated with the duration of a prolonged driving task. Research has shown that the heart rate decreases substantially when alertness decreases [1,32], while heart rate variability increases [1] only in cases of microsleep. Eye activities (e.g., blink frequency, eye closure) are used as direct fatigue measures, as driving is a visual-related vigilance task. The usefulness of eye-activity measures has been demonstrated in various studies. For instance, the frequency of blinking increases during low alertness or microsleep events, and eye closures also increase during deteriorated alertness and microsleep events [1,36]; a maximal threshold of eye closure is related to a state of hypovigilance [37]. Dermal activities such as the skin conductance level are indirect measures of attention and cognitive effort. For instance, the skin conductance level decreases in cases when alertness decreases during monotonous driving tasks [1].



Mental and physical fatigue impairs drivers’ cognitive abilities (i.e., perception, processing, responses) and driving performance. The impacts of driving fatigue on cognitive abilities and driving performances using various critical driving-related indicators (e.g., reaction time, speed, headway, steering wheel movement (SWM), line crossing (LC), lateral position) have been experimentally demonstrated in previous investigations [1,11,17,28,38,39,40]. It was found that prolonged and monotonous driving on motorways or rural roadways seriously impairs drivers’ reaction times and driving skills. For instance, the mean reaction time increases significantly from 0.7 to 1.0 s when the time-on-task exceeds 90 min, and the reaction time is highly correlated with other performance indicators [17]; the temporal variation of the reaction time is highly correlated with that of   α / β  , while monotonous driving [28], speed and LP variations, the average headway, and the frequencies of SWM and LC all tend to increase with the driving time [17]. Speed also tends to increase during microsleep events, though speed variations tend to decrease as alertness decreases, while the time to LC tends to decrease during both alertness and microsleep events [1].



Based on our literature review, it appears that there exists a next-step challenge that should be successfully met in the modern research on fatigue-related road safety, despite the fact that great achievements and meaningful findings have been made through painstaking academic efforts. The challenge is to expand the research directions from virtual driving simulations to real-life road sites based on the academic achievements and findings. That is, the challenge can be to explore and find analytic answers to the questions of how driver fatigue on real-life road sections can be monitored and the extent to which the characteristics of monitored fatigue are correlated with ground-truth vehicle crashes. The answers, if obtainable and useful, can then provide a new opportunity to more efficaciously analyze and prevent automobile accidents from the standpoint of driver fatigue.



To address this ongoing issue, a promising and practical method that allows the direct measurement of potentially fatigued drivers along a motorway network under the condition of vehicle trajectory big data is proposed for the first time in this field. This model is devised based on a direct and disaggregated big data-driven approach, sparing man-made artificial and complex mathematical formulae. The big data-driven approach is simplified for real-life applications, and it is designated to satisfy the computational time required in time-critical big data systems. This approach is also a feasible solution to the privacy policies which have been a chronic hindrance to the utilization of vehicle trajectory data in many cases. In this manner, a new measurement of the number of potentially fatigued drivers on any road section is computed, based on any type of actual vehicle trajectory big information. The feasible potentialities of the proposed method for monitoring fatigued drivers on any motorway section and understanding relationships between the monitored fatigued drivers and vehicle crashes are demonstrated through a case study with both vehicle-GPS trajectory big data and motorway traffic accident data based on observations. Finally, based on the case study results and certain findings, the limitations of the proposed method, and further research directions are given from academic and practical viewpoints.




2. Method


2.1. Approach Concept


It is self-evident that the driving duration (i.e., time-on-task) is a major cause of driver fatigue under typical driving conditions and in turn, that driver fatigue strongly affects the risk of an automobile crash. These facts present the opportunity to use the actual path travel times of individual vehicles on a road network, if available, to survey real-life driving durations and then to monitor the driver fatigue state along a road section. This opportunity can be realized through the GPS information (i.e., geographic coordinates) pertaining to vehicle trajectories, due to the fact that the driving durations of individual drivers along a chain of road sections can be directly and precisely tracked using individual spatiotemporal vehicle trajectories. Currently, vehicle trajectory big data are also collected through widely utilized vehicle-GPS devices and smartphone navigators.



To mine this opportunity, a method capable of measuring potentially fatigued drivers for any road section using vehicle-GPS trajectory data is proposed in this study. The proposed method is developed based on the following two concepts. The first concept is that the driving-duration distribution of drivers using a road section while utilizing vehicle-GPS devices has a high statistical correlation with that of all drivers using the same road section. This concept is also supported by the clear fact that the vehicle-GPS probe volume is a direct part of the vehicular traffic volume for a road location [41,42]. The second concept is that the physical and physiological conditions of drivers develop into a fatigue state when they experience driving durations greater than a time limit for continued driving. If the two concepts are reasonable, then a ratio of potentially fatigued drivers (RFD) to all drivers for a road section can be inferred using both the driving-duration distribution of drivers using vehicle-GPS and the time limit. As such, the RFD value can be efficaciously used for a risk analysis of fatigue-related vehicle crashes in itself due to the fact that the risk of vehicle crashes increases substantially during prolonged driving [17]. Despite this potential, no research on the monitoring of driver fatigue of a road section using the feature of the driving-duration distribution could be found in our literature review.




2.2. Measurement of Potentially Fatigued Drivers


The aim of this study is to directly monitor potentially fatigued drivers on a road segment using the RFD index. In order to compute the RFD of a target road section, two components (the driving-duration distribution of drivers using vehicle-GPS, and a time limit for continued driving) are defined, after which an estimation function to generate the RFD is proposed using the components. It is noted that using an average of driving duration as an independent variable cannot generate the RFD, even though a relationship can be identified between average values of driving durations and traffic accidents for road sections.



In this study, the driving duration    ( t )    for a driver who uses a GPS system in the vehicle is regarded as the actual driving time from a departure location to the target road section. The actual driving time can also be obtained by removing the not-driving activity time at rest areas from the total travel time between the departure location and target road section (Figure 1a). Each driving duration of drivers from their departure locations to the target road section can be extracted through map-matching techniques (Figure 1b) and can then be compiled into a frequency distribution of the driving duration with a fixed interval of the driving duration (  Δ t  ). Thus, let us define the distribution of  t  for anonymous drivers as a frequency function of   f  ( t )   , as shown in Figure 1c, to formulate the RFD, where   0.0 ≤ t ≤  t  m a x    , with    t  m a x     as the maximum driving duration. It should be noted that this disaggregated approach is efficient and convenient for the collection and management of big individual data with a marginal error of   Δ t / 2   in practice. This approach is also a feasible solution to real-life obstacles (e.g., computational time, data management and transmission, and privacy policies) especially in the case of utilization of vehicle trajectory big data.



Related to the time limit, safe limits for continued driving has been widely debated in driving simulation-based studies. For instance, a wide range of safe limits, including durations of 40 [1,43], 60 [11,33,44], and 80 minutes [17,45] were proposed, using various fatigue-symptom measures which are significantly related to the temporal development of driving fatigue. These safe limits were proposed based on the driving duration, a major fatigue factor, under typical and monotonous driving conditions. Driver fatigue is also commonly related to multidimensional causal factors such as the driving environments (e.g., road geometry, visibility, travel speed, traffic volume) [29,46], physiological conditions (e.g., sleep deprivation, chronic sleepiness, extended durations of wakefulness, mental workload, circadian rhythms, ethanol and drug use) [25,26,27,47,48,49,50], and social features (e.g., age, gender) [48,51]. Hence, it is natural that boundary conditions between non-fatigue and fatigue states for individual drivers reveal wide variations in real-life driving. Here, we assume that the boundary conditions for anonymous drivers have a normal probability distribution   p ( t | u , δ )   over the driving duration    ( t )   , where  u  and  δ  are the mean and standard deviation of the probability distribution, respectively (Figure 1c). In addition,   p ( t | u , δ )   plays a role in explaining the temporal evolution of driving fatigue. Thus, the probability of fatigued drivers at  t  can be estimated by the cumulative probability   c p ( t | u , δ )  , as shown in Figure 1c. This parameter is expressed as follows:


  c p  ( t )  =   ∫   − ∞  t  p  ( s )    d s ,  



(1)







Based on these considerations (i.e.,   f  ( t )    and   c p  ( t )   ), the number of potentially fatigued drivers (PFD), as defined in Equation (2), out of all drivers for a target road section, is estimated using   f  ( t )    and   p  ( t )   , as shown in Figure 1d. Finally, the ratio of potentially fatigued drivers (RFD, 0.0~1.0) to all drivers who use the target road section is computed with Equation (3). During the actual computation process using the frequency distribution of the driving duration, which ranges from   t = 1   to   t =  t  m a x     with an interval of the driving duration (i.e.,   Δ t  ), the RFD is computed with Equation (4).


  PFD =   ∫  0   t  m a x      (    ∫   − ∞  t  p  ( s )  d s  )  · f  ( t )    d t ,  



(2)






  RFD =   ∫  0   t  m a x      (    ∫   − ∞  t  p  ( s )  d s  )  · f  ( t )    d t /   ∫  0   t  m a x     f  ( t )    d t ,  



(3)






  RFD =   ∑   t = 1    t  m a x      (    ∫   − ∞  t  p  ( s )  d s  )  × f  ( t )  /   ∑   t = 1    t  m a x     f  ( t )  ,  



(4)









3. Application and Potentialities


3.1. Data and Characteristics


To demonstrate the potential of RFD to explain the vehicle-crash risk on motorways, a case study was carried out using two types of real-life test data: an accident-rate index and the frequency distribution of driving durations. The time span of the test data is the full year of 2017. The test beds for the data are two main motorway lines in South Korea, as shown in Figure 2, in which lines 1 and 15 consist of 37 and 33 road sections between two interchanges, respectively. All road sections also meet motorway design standards and guidelines through continuous improvements (in an effort to reduce vehicle crashes). The test data for the test bed are shown in Table 1.



The accident rate (AR, accidents per     10  6     ×  vehicle-km) for each road section ( i ), as defined by Equation (5), was used as an index of the risk of a vehicle crash in our case study. AR is also a widely used indicator in analyses of traffic accidents in practice due to the fact it is based on revealed traffic accident data. The ARs for the 70 target road sections obtained from the traffic accident database of the Korea Highway Cooperation are shown in Figure 3a. ARs that exhibit wide variations from 0.02 to 0.27 exponentially decrease to the increment of the traffic volume.


  AR  ( i )  =    a i  ×   10  6     q i  ×  l i  × d   ,  



(5)







Here,    a i   ,    q i   , and    l i    are the number of vehicle crashes (accidents/year), the annual average daily traffic volume (vehicle/day), and the length (km) of each target road section ( i ). In addition,  d  is the number of days of the year.



Point-to-point vehicle trajectory big data (about 25 terabytes/year), collected by a live vehicle-GPS system and transferred to a data center through 4G LTE wireless communication, were used in our case study. The vehicle-GPS is mounted typically on cars and trucks, even though the type of vehicle is not clear. In addition, the coordinates (i.e., latitude and longitude) of vehicle trajectory were adjusted through a map-matching process. The penetration rate of the vehicle-GPS service is shown in Figure 3b, where penetration rate (PR, %) = (annual average daily vehicle-GPS probe)/(annual average daily traffic volume)  ×  100. The trend of the PR values is stable within an average ± 10%, despite the fact that the variation of PR increases according to the decrement of the traffic volume. PRs for all target road sections also statistically meet the sample rate (%) during the full year, which is the time dimension of the test data. For instance, the recommended sample size for a population of 2,007,500 (=5500 vehicle/day  ×  365 day/year) is 16,504 (i.e., sample rate = 0.822%) at a 99.0% confidence level with a 1.0% margin of error.



The frequency distribution of the driving duration for each target road segment was built using the collected vehicle trajectory data, as follows: (1) each path travel time from a departure location to the middle location of the target road segment was extracted from the vehicle trajectory database through a map-matching process. (2) Each driving duration value for the target segment was calculated by removing the total non-driving time at rest areas from the path travel time. (3) All driving duration values for anonymous drivers were compiled into the frequency distribution of driving durations for the target segment with the length of the interval (  Δ t  ) equal to one minute and the maximum driving duration (i.e.,    t  m a x    ) equal to 480 min.



The frequency distributions built in this manner are highly complex, ranging from left-biased one-peak to right-biased multi-peak examples, as shown in Figure 4. Fatigued drivers, from the standpoint of the recommended safe limit (60 min) for continued driving [11,33,44], range from 15.2% to 84.7% with average and deviation values of 54.1% and 18.6%, respectively. That is, more than half of vehicle drivers for more than 50% of the road sections are at least in a state of task-related fatigue, as the target road sections mainly serve as an inter-regional motorway to cover middle- and long-distance vehicle trips. This fact presents a new opportunity to monitor the degree of task-related fatigued drivers directly, at least for a motorway section for cases in which a suitable boundary between non-fatigue and fatigue driving is available. Additionally, no research on a risk analysis of real-life traffic accidents using the driving-duration characteristics of road sections could be found during our literature review.




3.2. Identifying the Optimal Boundary Condition and Findings


The explanatory power of RFD for the risk of a vehicle crash relies closely on the boundary condition of   p ( t | μ , δ )   between non-fatigue and fatigue states. That is, the  μ  and  δ  parameters (min) play key roles in measuring reliable RFD values, given the distribution of driving durations. At present, no universally accepted boundary condition for such a real-life accident rate exists, though several safe limits (i.e., 40, 60, and 80 min) for continued driving were proposed in previous investigations. Therefore, it is essential to analyze and identify suitable values of the two parameters in order to prevent estimation failures (i.e., overestimations or underestimations of the RFD). Due to this, a numeric simulation to identify the optimal values of  μ  and  δ  was carried out for the possible combinations of   60 ≤ μ ≤ 240   and   10 ≤ δ ≤ 120   in increments of ten minutes. The entire test data was exactly separated into two datasets (i.e., 50% training and 50% testing) as shown in Table 1. For the cross-fold validation, datasets 1 and 2 were employed as training and testing datasets for scenario 1, and datasets 2 and 1 were also used as training and testing datasets for scenario 2.



The effects of the combination of the  μ  and  δ  values on the statistical coefficient of the correlation ( r ) between RFD and AR values for the two datasets are shown in Figure 5, where the behaviors of correlation coefficient are categorized into two groups with   μ = 130   min. With regard to the first group (  μ ≤ 130  ), each correlation coefficient between RFD and AR reaches its maximum value only when the  δ  value is 10 or 120 for the two datasets. This indicates that the boundary conditions (i.e.,   p ( t | μ , δ )  ) at the maximum  r  values, despite the fact that the values (more than 0.80) are statistically acceptable, may not be acceptable for real-world use, due to the following reasons. In the case of (  μ , δ  )  =  (60, 120), it can be seen that unreal fatigue-related behaviors for normal drivers arise due to the over-dispersion problem of the boundary condition. For instance, 30.9 % of drivers (0.309   = c p  ( 0 )    with Equation (1)) are already in a fatigued state when their driving starts. In addition, 2.28% of drivers (0.023   = 1.0 − c p  (  μ + 2 δ  )   ) are still in a non-fatigued state before the continued driving of 300 min (  = 60 + 2 × 120  ), even when they have sufficient rest time at a rest area. Moreover, fatigue drivers are up to 43.4%, 50.0%, and 56.6% of the proposed safe limits of 40, 60, and 80 min, respectively, according to previous research [1,11,17,33,43,44,45]. For the case of (  μ ,   δ  )  =  (130, 10), the boundary condition is too homogeneous to explain early-fatigued drivers, despite the fact that the  r  values (  ≥ 0.85  ) for the two datasets appear acceptable. Due to this, fatigued drivers account for only 0.1 % of the total (0.001   = c p  (  μ − 3 δ  )   ) before continued driving of 100 min (  = 130 − 3 × 10  ). The percentage of fatigued drivers is also zero for all safe limits.



Regarding the second group (  μ > 130  ),  r  value for each case of the  μ  value (steeply) increases to its maximum space and then gradually decreases as the  δ  value increases (Figure 5a,b). This convex-shaped outcome of concurrence is evidence that a useful boundary condition exists, regardless of whether or not the boundary space is obvious. The maximum  r  values for all  μ  values also exceed 0.85. In this manner, the maximum  r  values for the dataset 1 and 2 are as high as 0.860 and 0.867 with   μ =   160 when  δ  values are 60 and 40, respectively. The results of model calibration and validation are summarized in Table 2, where the differences between two  r  values (i.e., correlation coefficient) for calibration and validation are within 0.007 for all scenarios. More importantly, the performances of calibration and validation for the same dataset, in terms of  r  value, are very comparable, despite the fact that the two groups of  μ  and  δ  values (i.e., the best  μ  and  δ  values calibrated using the dataset and another  μ  and  δ  values calibrated using the counterpart dataset) are not equal. This reveals that an optimal boundary condition between non-fatigued and fatigued driving states can be determined based on given observed data in advance. Additionally, this implies that the boundary condition can be effectively employed to monitor RFD for any road section within an acceptable level of monitoring error from the standpoint of actual AR, and the monitored RFD can be used as a significant explanatory variable to forecast the risk of motorway traffic accidents. Therefore, critical  μ  and  δ  values (   μ c  ,    δ c   ) of 160 and 50 were identified for the critical boundary condition (CBC,    p c  ( t |  μ c  ,    δ c  )  ) that maximizes the statistical explanatory power of the RFD with regard to AR. In addition, the CBC can be used to demonstrate the potentiality of the RFD in research involving risk analyses of motorway vehicle crashes as well as more detailed analyses.




3.3. Potentialities and Findings


The potentialities of the RFD for both monitoring fatigued drivers and the predictability of AR for motorway sections are demonstrated, and some of the findings are presented in this subsection. In addition, further research directions which are closely associated with and which effectively address the shortcomings of this research are suggested.



Detailed relationships between the driving-duration distribution, the RFD, and AR are shown with seven cases in Figure 6. The shape of the driving-duration distributions varies from a left-biased shape (e.g., C1) to a right-biased shape (e.g., C7), as the numbers of mid-range and long driving trips increase. These variations of the distribution originate from the fact that the features of the driving times from the departure locations to a road section wholly rely on the complex spatiotemporal behaviors of the origin-destination vehicle trips in the road network. Therefore, each distribution has its own characteristics distinguishable from those of the others. It can be seen that these characteristics of the driving-duration distribution has intuitive discriminant power for the RFD in itself, if a suitable boundary for non-fatigued and fatigued driving conditions could be given. For instance, the RFD values, considering the CBC, increase from 0.036 to 0.55 when a portion of the mid-range and long driving durations increases. The maximum RFD value is also more than 15 times the minimum value. This fact indicates that the RFD can be effectively utilized to monitor the percentage of fatigued drivers, at least for regional motorway sections using the features of the driving-duration distribution.



Concerning the relationship between the RFD and AR, the AR values increase from 0.02 to 0.27 when the RFD values increase (Figure 6). The statistical correlation (0.86) between the RFD and AR with the CBC is also significant (Figure 5). This fact indicates that the RFD has significant explanatory power with regard to AR and thus, can be successfully used for predicting AR values with considerable reliability. This also indicates that the feature of the driving-duration distribution is closely associated with AR in the case of motorway sections, where the percentage of middle- and long-distance trips is higher than short-distance trips.



From the aspect of reliability of CBC, it can be seen that the meaningful points of CBC (   μ c  − 2  δ c   ,    μ c  −  δ c   ,    μ c   ,    μ c  +  δ c   ) in Figure 6 are in line with the findings of previous fatigue-related investigations. Regarding (   μ c  − 2  δ c   ) (i.e., 60 min), CBC guarantees the different safe limits for continued driving with tolerable differences. Fatigued drivers for safe limits of 40, 60, and 80 min are 0.8, 1.4, and 5.5% of drivers (  = c p  (a safe limit)  ×  100), respectively. The  r  values of the two datasets for the safe limit of 80 min with   δ =   10 (i.e., ( μ ,   δ  )  =  (80, 10)) in Figure 5 are 0.69 and 0.66, which are useful during a risk analysis of vehicle crashes. These facts indicate that safe limits, when the distribution of the driving duration for a road section is available, could at least provide a useful boundary with which to monitor the percentage of fatigued drivers directly from the practical perspectives of public safety, despite the academic debate about safe limits for continued driving. With respect to (   μ c  −  δ c   ) (i.e., 110 min), CBC meets the duration of the continued driving for safety driving, as recommended in a notable study [45] in which the researchers stressed “drivers should stop and rest every 1–2 h”. Moreover, CBC guarantees a turning point (90 min) of the mean fatigue score [45], after which the fatigue score varied little. Concerning (   μ c   ) and (   μ c  +  δ c   ) (i.e., 160 and 210 min), CBC guarantees two significant periods of prolonged driving times [28] in terms of the temporal development of fatigue states. The    μ c    value of 160 explains the middle of the first period (120–190 min), during which, subject drivers started to feel some fatigue, attempted to resist it and struggled to remain alert. The    μ c  +  δ c    value of 210 locates in the middle of the second period (190–240 min), during which subject drivers became fatigued quickly, began to feel sleepier, and lost interest in remaining awake as the driving task continued further. Furthermore, any additional continued driving tasks should be halted after the second period [28].



Interestingly, the values of    μ c   ,    μ c  +  δ c   , and    μ c  + 2  δ c    of CBC (i.e., 160, 210, and 260 min) are greater than the three threshold values of the prolonged driving duration (i.e., 120, 190, and 240 min) [28] with differences of 20–40 min. This implies that CBC does not exclude the following significant factors which have not been included in driving simulator-based studies but are deeply related to drivers’ fatigue, especially in the case of mid-range and long-distance real-life driving trips. In order to reduce driving-related fatigue and sleepiness, drivers use self-initiated tactics (e.g. blasting the radio, listening to driving music, rolling down the windows, turning on the air conditioner) [52]; ingest caffeine-containing products [25,27,50,52,53,54], and take naps at rest areas [17,50,52]. Various advanced in-vehicle systems (e.g., lane-departure warning systems, lane-keeping assist systems, adaptive cruise control systems, forward collision avoidance systems) have also been utilized to assist with safe driving. In addition to these, drivers tend to underestimate the impact of fatigue, ignore feelings of drowsiness, and continue driving as they become sleepy [20,52].



The explanatory power of the RFD with regard to AR is illustrated in Figure 7. The RFD shows a positive trend with regard to AR with an    R 2    value of 0.736 (Figure 7a). That is, the RFD statistically explains more than 73% of motorway traffic accidents, at least in our study. This indicates that task-related fatigue significantly impacts actual traffic accidents and that the RFD can be efficaciously used as a powerful variable in the monitoring of fatigued drivers and in assessing the risk of fatigue-related traffic accidents for motorway sections. The    R 2    values (0.797, 0.741, and 0.761) for the three different numbers of lanes ( N ) (Figure 7b–d) are greater than that for all lanes (Figure 7a). This result indicates that the impacts of driving fatigue on traffic accidents differ according to  N , and thus, RFD can be successfully used for the forecasting of risk of traffic accidents according to different  N .



Specifically, the effects of driving fatigue on the risk of a traffic accident when   N ≤ 3   are distinguished from that when   N ≥ 4  . When   N ≤ 3  , the trend of the ARs increases exponentially as the RFD values increase. This implies that weighted fatigue (or drowsy) driving states caused by prolonged monotonous driving more negatively affect the risk of a traffic accident than the average level of fatigue caused by monotonous driving. This also indicates that drivers, even when they take a break periodically, should take naps or at least get enough rest to reduce fatigue [17,50] in cases when the accumulated driving duration reaches the maximum level, thus seriously impairing their abilities related to safe driving. When   N ≥ 4  , the trend of the ARs shows lower values than those in the other cases, despite the fact that the explanatory power of the RFD is comparable to the power of other variables. This is likely due to the fact that increased interactions between vehicles (e.g., lane-changing, overtaking, acceleration, and deceleration) frequently interrupt continuously monotonous driving, which is a major cause of task-related fatigued driving. In contrast, the AR values for the two cases of   N ≥ 3   show stationary trends with little variation when RFD ≤ 0.1 (Figure 7c,d), and the estimated AR values when RFD = 0.0 range from 0.03 to 0.08 (Figure 7b–d). This implies that the impacts of fatigued driving on the risk of a vehicle crash, in the case when the percentage of fatigued drivers is low, could decrease when combined with other accident-related causal factors. Despite this, it is clear that the RFD, even when low, offers the promising opportunity, at least to be used as a significant causal factor, without ignoring the impacts of small percentages of fatigued drivers on traffic accidents.



Despite the demonstrated feasibility of the proposed approach, further investigations related to the additional potentialities of big vehicle trajectory data should be conducted from the standpoints of (1) driving-duration boundaries for monitoring fatigued drivers and understanding fatigue-related traffic accidents, (2) the risk management of traffic accidents based on driver fatigue.



Regarding the driving-duration boundary, it can be seen that subsequent investigations will be necessary for more reliable monitoring of fatigued and drowsy drivers, though several remarkable studies of the time course of task-related fatigue from mental and physical aspects have been conducted for continued driving. Multiple driving-duration boundaries that can effectively explain the actual behaviors of discontinued driving (i.e., driving, resting, driving, resting, and so on), especially in cases of middle- and long-distance driving, should be investigated and determined; that is, suitable multi-step boundaries are fundamental for explaining the iterative accumulation of and recovery from fatigue. Conservative and progressive multi-step boundaries, at least for different age groups, can also be explored to monitor fatigued drivers and estimate fatigue-related traffic accidents, respectively. Moreover, multiple boundaries related to the time of day, at least day and night, should be investigated in order to consider the effects of the circadian rhythm on the temporal progression of driver fatigue.



More importantly, the present and future availability of vehicle trajectory data provides promising opportunities and future research directions for the offline and online fatigue-based risk management of traffic accidents, as the proposed method was developed based on the intrinsic driving-duration characteristics, which are included in vehicle trajectory data. Research for offline fatigue-based risk management related to the time of day, at least for day and night times, should be conducted using the driving-duration features of certain vehicle types (e.g., cars, buses, trucks). For instance, the driving-duration distributions of heavy vehicles (i.e., buses and trucks), obtained by digital tachograph devices, can be used effectively to monitor the fatigue of heavy-vehicle drivers and then to reflect the effects of their fatigue on traffic accidents. Note that point-to-point vehicle trajectory data, even when collected by different vehicle-GPS devices, can easily be integrated into a structured system database, as each point of information consists of the geographic coordinates and the time. This convenient integration of vehicle-GPS data indicates that big vehicle trajectory data to guarantee a high market rate of vehicle-GPS can be collected and used in real time. The distribution of driving durations, as proposed in this study, is also a practicable solution to address privacy policies effectively. In this vein, it can be seen that further research related to online fatigue-based risk management, based on the real-time availability of big vehicle-GPS data, is necessary, proactively, to prevent fatigue-related traffic accidents currently and in the near future.





4. Conclusions


Driver fatigue, inevitably caused by prolonged continued driving, is a major factor in vehicle crashes. Hence, noticeable achievements and findings have been reported through painstaking academic efforts. Despite these continued efforts, there still exists an ongoing challenge, which is to explain driver fatigue and then to understand the significant relationship between driver fatigue and actual traffic accidents for real-life road segments. Fortunately, advanced vehicle-GPS systems, widely installed in vehicles and smart phones, provide a feasible opportunity to use vehicle trajectory big data, which includes crucial information about driving durations (i.e., time-on-task). However, despite this opportunity, no research to monitor driver fatigue and to explain the impact of driver fatigue on actual traffic accidents for road sections using individual vehicle trajectory data has been reported.



To mine this opportunity, a concept for the direct monitoring of a degree of drivers’ task-related fatigue (i.e., RFD) for road sections was introduced in this study. A data-oriented method to monitor driver fatigue was developed based on the distribution of the driving duration, which, in this case, was extracted from vehicle trajectory data. The robustness of the method was demonstrated using vehicle trajectory big data obtained from a vehicle-GPS system and real-life vehicle crash data collected from regional motorways. The analysis results were notable from two standpoints: monitoring the RFD and understanding traffic accidents (i.e., AR) using the monitored RFD. It was found that drivers’ task-related fatigue for a road section can be successfully measured in terms of the RFD using a suitable boundary of the driving duration for non-fatigue and fatigue states. It was also found that the measured RFD has significant explanatory power with regard to traffic accidents in terms of AR, at least for regional motorway sections. Therefore, it is expected that the direct monitoring of drivers’ task-related fatigue for road sections using vehicle trajectory big data is a promising approach for successfully addressing the current limitations of fatigue-based risk management of vehicle crashes. Moreover, the proposed approach is instantly practicable when vehicle trajectory data is available, at least with a market rate of 1.0%.



The findings of this research pertaining to the implications of road safety policies can be summarized as follows. First, a suitable boundary condition (i.e.,   p ( t | u , δ )  ) between non-fatigue and fatigue driving states can be determined based on observed data (i.e., the distribution of driving duration and the risk of vehicle crashes) in advance. The identified boundary condition can be efficaciously employed to continuously monitor the temporal evolution of driving fatigue for a driver using only driving duration collected through a vehicle-GPS system, and then the monitored fatigue state can be dynamically provided through the vehicle-GPS in order to prevent fatigue-related vehicle crashes. Second, RFD for a motorway section can be easily monitored using a suitable boundary condition and (real-time or past) driving-duration distribution. The monitored RFD can be provided to drivers for defensive and careful driving on the motorway section through information terminals (e.g., variable message sign, and online vehicle-GPS), and can be also employed in analyzing the location adequacy of fatigue-related motorway infrastructures (e.g., rest area). Lastly, RFD has a significant explanatory power with regard to traffic accident rate. RFD, thus, can be efficaciously used as a fatigue-related explanatory variable for forecasting the risk of vehicle crashes, especially in the case of the network of motorway and inter-regional highway.



This research presents a first step toward proposing a feasible solution with which to undertake direct measurements of drivers’ task-related fatigue using vehicle trajectory big data. In spite of the acceptable results of this study, there are still other opportunities to enhance the method and to improve its capabilities using the aforementioned multiple driving-duration boundaries. In addition, further research should be conducted to accomplish the aforementioned offline and online fatigue-based risk management of traffic accidents, given the availability of vehicle trajectory data and the high penetration rate of vehicle-GPS.
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Figure 1. (a) Spatial deployment of vehicle-GPS trajectories, (b) map-matching to compute each driving duration for the target road section, (c) boundary condition between non-fatigued and fatigued driving, and (d) concepts of the number of potentially fatigued drivers (PFD) and the ratio of potentially fatigued drivers (RFD) according to the frequency distribution of driving duration. 
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Figure 2. Test bed. 
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Figure 3. (a) Relationship between the traffic volume and accident rate, and (b) penetration rate according to the traffic volume. 
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Figure 4. Diversity of the distribution of the driving durations. 
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Figure 5. Effect of the boundary conditions (  μ , δ  ) on the statistical coefficient of the correlation between the RFD and AR: (a) dataset 1, and (b) dataset 2. 
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Figure 6. Relationships between the driving-duration distribution, RFD, and AR. 
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Figure 7. Potentialities of the RFD to explain AR according to number of lanes ( N ): (a)   2 ≤ N ≤ 5  , (b)  N  = 2, (c)  N  = 3, (d)   4 ≤ N ≤ 5  . 
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Table 1. Test data.
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	RN
	SN
	N
	L
	Q
	AN
	AR
	DS
	
	RN
	SN
	N
	L
	Q
	AN
	AN
	DS





	1
	1
	5
	2.98
	108,222
	6
	0.051
	1
	
	1
	36
	3
	7.98
	32,596
	7
	0.074
	2



	
	2
	5
	4.99
	91,941
	10
	0.060
	2
	
	
	37
	3
	1.97
	29,541
	2
	0.094
	1



	
	3
	4
	4.64
	81,778
	8
	0.058
	1
	
	15
	1
	2
	5.24
	48,875
	2
	0.021
	1



	
	4
	4
	3.84
	88,262
	6
	0.049
	2
	
	
	2
	4
	2.67
	79,429
	3
	0.039
	1



	
	5
	4
	13.27
	92,816
	24
	0.053
	1
	
	
	3
	4
	1.55
	65,702
	2
	0.054
	2



	
	6
	4
	4.98
	86,120
	8
	0.051
	2
	
	
	4
	3
	5.12
	42,429
	6
	0.076
	2



	
	7
	4
	11.41
	79,716
	19
	0.057
	1
	
	
	5
	3
	4.20
	48,086
	4
	0.054
	1



	
	8
	4
	8.56
	78,689
	18
	0.073
	2
	
	
	6
	3
	4.27
	53,539
	8
	0.096
	2



	
	9
	4
	7.00
	71,672
	10
	0.055
	1
	
	
	7
	3
	13.62
	47,292
	17
	0.072
	1



	
	10
	3
	4.13
	42,368
	4
	0.063
	1
	
	
	8
	3
	7.62
	44,507
	10
	0.081
	2



	
	11
	3
	25.10
	39,901
	38
	0.104
	2
	
	
	9
	3
	6.83
	51,777
	10
	0.077
	1



	
	12
	3
	4.52
	36,400
	5
	0.083
	1
	
	
	10
	3
	13.04
	42,728
	17
	0.084
	2



	
	13
	3
	4.19
	64,543
	6
	0.061
	2
	
	
	11
	3
	8.37
	36,361
	11
	0.099
	1



	
	14
	4
	3.80
	54,009
	5
	0.067
	2
	
	
	12
	3
	9.17
	34,486
	11
	0.095
	2



	
	15
	4
	10.32
	55,603
	17
	0.081
	1
	
	
	13
	2
	7.28
	27,312
	6
	0.083
	2



	
	16
	4
	4.99
	49,667
	6
	0.066
	2
	
	
	14
	2
	14.38
	18,845
	7
	0.071
	1



	
	17
	3
	6.20
	42,114
	5
	0.052
	1
	
	
	15
	2
	10.90
	16,082
	6
	0.094
	2



	
	18
	3
	12.15
	18,670
	12
	0.145
	2
	
	
	16
	2
	19.32
	15,094
	13
	0.122
	1



	
	19
	3
	16.54
	17,492
	17
	0.161
	1
	
	
	17
	2
	11.79
	14,026
	6
	0.099
	2



	
	20
	3
	10.29
	17,526
	6
	0.091
	2
	
	
	18
	2
	8.51
	14,046
	7
	0.160
	1



	
	21
	3
	10.08
	17,050
	9
	0.143
	1
	
	
	19
	2
	12.21
	13,512
	9
	0.149
	2



	
	22
	3
	11.83
	17,383
	13
	0.173
	2
	
	
	20
	2
	8.99
	17,173
	7
	0.124
	1



	
	23
	3
	7.87
	16,124
	8
	0.173
	1
	
	
	21
	2
	6.22
	18,090
	8
	0.195
	2



	
	24
	3
	9.77
	17,532
	8
	0.128
	2
	
	
	22
	2
	8.40
	12,737
	9
	0.230
	1



	
	25
	4
	5.43
	74,924
	16
	0.108
	1
	
	
	23
	2
	11.95
	11,932
	7
	0.134
	2



	
	26
	4
	7.88
	66,619
	17
	0.089
	2
	
	
	24
	2
	13.73
	11,946
	12
	0.200
	1



	
	27
	4
	3.84
	65,793
	7
	0.076
	1
	
	
	25
	2
	15.98
	11,098
	16
	0.247
	2



	
	28
	4
	9.41
	36,324
	16
	0.128
	2
	
	
	26
	2
	9.67
	11,407
	6
	0.149
	1



	
	29
	3
	16.85
	25,182
	22
	0.142
	1
	
	
	27
	2
	8.16
	12,739
	6
	0.158
	2



	
	30
	3
	17.73
	22,111
	35
	0.245
	2
	
	
	28
	2
	4.91
	12,078
	3
	0.139
	1



	
	31
	3
	10.30
	22,012
	18
	0.218
	1
	
	
	29
	2
	14.89
	7,177
	10
	0.256
	2



	
	32
	3
	28.15
	23,668
	36
	0.148
	2
	
	
	30
	2
	23.83
	6,023
	14
	0.267
	1



	
	33
	3
	1.42
	31,199
	1
	0.062
	1
	
	
	31
	2
	7.41
	6,032
	4
	0.245
	2



	
	34
	3
	6.63
	32,459
	6
	0.076
	2
	
	
	32
	2
	3.66
	16,350
	2
	0.092
	1



	
	35
	3
	13.81
	33,744
	14
	0.082
	1
	
	
	33
	2
	6.46
	12,286
	3
	0.104
	2







RN and SN stand for line number and road section number, respectively. N = number of lanes; L = length (km); Q = annual average daily traffic volume (vehicle/day); AN = number of vehicle crashes (accidents/year); AR = accident rate. DS stands for dataset-scenario number which was used to identify an optimal boundary condition in Section 3.2.
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Table 2. Summary of model statistics.






Table 2. Summary of model statistics.













	Scenario
	Purpose
	Dataset
	  μ   Value
	  δ   Value
	  r   Value





	S1
	Calibration
	1
	160
	60
	0.860



	
	Validation
	2
	-
	-
	0.857



	S2
	Calibration
	2
	160
	40
	0.867



	
	Validation
	1
	-
	-
	0.860
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