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Performance of in-vehicle, secondary tasks requires a driver to alter-
nate his or her glances between the inside of the vehicle and the forward 
roadway. While previous research has shown that thresholds of off-road 
and durations are critical to latent hazard detection, there has been no 
research to predict the probability of hazard detection in a time series 
considering all possible forward glance durations. To determine the 
minimum forward roadway duration to adequately anticipate hazards, 
45 drivers were asked to navigate eight unique virtual scenarios on a 
driving simulator while alternating their glances inside (2s) and outside 
(1s, 2s, 3s, or 4s) the vehicle in a uniform sequence (consistent on-road 
and off-road durations). A microbenchmark approach based on Hidden 
Markov models is explored to infer the transition probability of hazard 
detection that changes dynamically between the detection and non-
detection stages. The model is cross validated and demonstrated to be 
accurate and robust. Three characteristics of total sequence time were 
tested in the model. Using the ground truth transition probability from 
fixed duration, the probability of hazard detection with variable dura-
tion within an alternation sequence was computed. Across nonuniform 
alternation sequences, different permutations of sequences show that a 
short time series of alternation (10s) of glance behavior is sufficient for 
hazard detection (greater than 50.0%). Appropriate countermeasures 
can be developed to increase a driver’s forward glance duration whenever 
the detection probability is predicted low.

Distracted driving has increasingly become a problem resulting from 
the rapid advances in in-vehicle infotainment systems and partially 
automated intelligent transportation systems. With the increased 
demands on attentional processing resulting from multitasking, 
understanding distractions and the limits of attention on driving is 
a priority. Performance of secondary, in-vehicle tasks increases the 
likelihood of a crash because these tasks take drivers’ eyes off the 
road ahead, thus impairing their ability to detect threats (1). Complex 
in-vehicle tasks (e.g., texting) require drivers to alternate their glances 
between the inside of the vehicle and the forward roadway multiple 
times during the task (i.e., alternation sequence).

The literature documents the risks of off-road glance sequences 
and durations. For example, within a 6-s sequence, glances away 
from the forward roadway longer than 2s were found to increase the 
likelihood of a crash or a near crash by two times (2). These findings 
show the criticality of in-vehicle glance durations leading to unsafe 
behaviors. What had not been examined until recently was the influ-
ence of forward glance durations on the ability of drivers to detect 
and respond to latent hazards. Latent hazards are impending threats 
that can potentially materialize in the driver’s path if not appropri-
ately scanned and mitigated (3). In that study and the current study, 
drivers in a simulated environment alternated their views in a fixed 
alternation sequence, beginning with a glance off and ending with 
a glance on the roadway.

The authors used eye tracking to collect glance data and determine 
the minimum forward glance duration within an alternation sequence 
critical to hazard detection (3). The decrease in hazard detection 
during shorter roadway durations was a consequence of the driver’s 
having to devote more resources to processing information. Although 
this approach (3) has merit for providing the minimum threshold of 
forward duration toward driver distraction guidelines (4), it does not 
fully explain the transition of the driver’s hazard detection probabil-
ity between stages. In the current study, each task in the alternation 
sequence belongs to a discrete stage. Hazard detection likelihood 
in the next stage depends on the alternation sequence in the current  
stage. The conditional probability of hazard detection in the next 
stage is estimated given the current stage’s different task. The various 
combinations of alternation sequence differ in the duration of the on-
road glance (1s, 2s, 3s, or 4s) within the alternation sequence, while 
the off-road glance is fixed to 2s. The driver’s attention level in the 
next stage is expected to be high when the current stage’s task has 
a fairly long on-road glance so that the driver can return his or her 
glance toward the forward safely, where safe is characterized by a 
driver’s ability to anticipate latent threats.

The previous studies presented the impact of on-road and off-
road glance duration on drivers’ hazard detection (2, 3, 5), but they 
neglected three essential properties, and the present paper will 
make contributions in overcoming these issues. First, ignoring the 
stochastic process between stages may lead to underestimation or 
overestimation of the detection likelihood. Glances away from and 
toward the forward roadway occur as alternation sequences in a 
time series. The combination of the alternating tasks causes varia-
tion in the level of detection likelihood over time. As shown in the 
estimation of driver distraction (5), potential distractions marked by 
a real-time attention buffer of a maximum level of 2s start decreas-
ing when the driver looks away, and the buffer starts filling up when 
the gaze direction is directed toward the forward roadway. In this 
paper, it is assumed that the latent hazard detection in discrete time 
stages has some stage-wise dependencies. Alternation sequences 
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of various cognitive loads, that is, no load or low load (switching 
effect), and attentional processing, that is, top down or bottom up, 
are considered. With the same future forward glance duration within 
an alternation sequence, prior higher load distraction with shorter 
duration may result in a lower detection rate than when the roadway 
is continuously visible.

Second, the algorithms incorporating concurrent off-road glance 
duration predicted crash risk better than did the algorithms incor-
porating glance history (6). In a short period, the hazard detection  
likelihood in the next stage heavily depends on the detection likeli-
hood in the current stage, instead of the complete sequence history 
(e.g., 30s ago). In this paper, the current state encapsulates everything 
sufficient and necessary to predict the future detection. Presented is 
a chain of linked hazard detection likelihood such that what happens 
next depends only on the current detection state of the system. The 
significance of more recent stages on predicting the future detection 
likelihood is presented.

Third, the relationship between the frequency of an alternation 
sequence and the detection likelihood in a time series has not been 
studied. For heavy cognitive loads, a driver is more likely to extend 
the alternation sequence (i.e., complex tasks take longer to complete). 
This study finds the relationship between duration of alternation 
sequence and detection likelihoods. A lower frequency alternation 
sequence with a higher forward glance duration leads to higher detec-
tion likelihoods. The researchers determine how long the driver needs 
to glance forward to compensate for more frequent distraction.

Thus, it is important to estimate the transition of hazard detection 
likelihoods between stages, across different cognitive loads and 
processing requirements. The experiment conducted on the driving 
simulator provides previous and current observations of forward 
duration, and latent hazard detection in the current stage. However, 
hazard detection in the previous stage is not directly observable; 
therefore, the transition probability and detection states are hidden. 
Fortunately, the Hidden Markov model (HMM) can resolve this 
problem with the following satisfying properties. The current stage’s 
latent detection state (finite number of discrete states) is invisible, 
and it is a function of observed forward duration that is sampled in 
equally spaced time intervals. Also, the sequence of states in the hid-
den process satisfies the Markov property: that is, the detection state 
at time stage t only depends on the previous state t - 1.

Other literature has examined the utility of similar approaches at 
tackling other questions in driving-related domains. Stark and Ellis 
were one of the first to model eye movements as a Markov process 
(7). Markov analysis has been applied in examining eye movements 
in a lane-keeping and curve negotiation context (8) and to study 
lane-changing behaviors (9). HMMs have been successfully used 
to predict drivers’ subsequent actions from their initial preparatory 
movements (10) and to compare human driver control strategies (11).

To summarize, no research to date has estimated the probabil-
ity of threat detection in a time series, considering how long, at 
minimum, a driver needs to glance at the forward roadway after 
performing secondary tasks. Ideally however, one not only wants to 
identify the minimum forward glance threshold for critical hazard 
detection but also to predict when integrating the effects of off-road 
and on-road glances within an alternation sequence to what extent 
the detection likelihood is compromised. Even a decrease of only 
5% on the transition probabilities translates into a small but critical  
decrease in the probability that the driver successfully acquires 
sufficient information about the forward roadway in the previous 
glance up.

Data MethoDology

Participants and apparatus

Forty-five younger drivers between ages 18 and 20 with an average 
driving experience of 2.3 years were recruited from the University of 
Massachusetts, Amherst, and surrounding areas as paid volunteers. 
Participants sat in the fixed-base, full-cab driving simulator, and they 
operated the controls just as in a normal car to help them navigate the 
virtual world. The simulator had three screens subtending a field of 
view equivalent to 150 degrees. A monocular, head-mounted, light-
weight eye tracker was used to record eye behaviors. The eye tracker 
had an accuracy within 0.5 degrees of visual angle. Data collected 
in the experiment include eye movement data, vehicle data recorded 
from the simulator (velocity and lane position), and task engagement 
data (task accuracy or percentage tasks attempted). The current effort 
focuses on the eye movements.

Scenarios

Participants navigated eight unique virtual scenarios once in the 
driving simulator. The scenarios used in the experiment have been 
cross validated and context validated in several studies (12, 13). 
The scenarios each lasted between 1 and 2 min in duration while the 
complete experiment averaged approximately 40 min. The scenarios 
were orthogonally designed to determine how type of processing 
and eccentricity (central or peripheral) would affect the forward 
duration and the latent hazard anticipation. The type of processing 
was either top-down (where attention needs to be allocated to a poten-
tial threat to acquire information) or bottom-up (where the process-
ing of information occurs owing to attraction by sudden onset via 
motion or illumination). A full description can be found in Samuel 
and Fisher (3).

The latent hazards examined in the current experiment included a 
lead vehicle braking event on a two-lane road, potential cross traffic 
at a four-way intersection, potential pedestrian at the left extremity of 
a midblock crosswalk on a two-lane road, parked truck at a crosswalk 
with potential pedestrian at the right end of the crosswalk, obscured 
curve scenario with a vehicle that may back out, work zone with 
workers and objects, left turn at a four-way intersection with potential 
oncoming traffic, and dense vegetation obscuring pedestrians on a 
right-winding curve.

Procedure

Participants were given a brief overview at the onset, asked to read  
an informed consent form, outfitted with an eye tracker that was cal-
ibrated within the simulator, and given a practice drive to accli-
mate them with the controls of the driving simulator. The practice 
drive included no hazard anticipation scenarios to prevent sensiti-
zation. Subsequent instructions were provided to participants at the 
onset of each experimental drive sequence.

experimental Design

The ordering of the scenarios was completely counterbalanced across 
participants within and across groups, and each scenario was admin-
istered. Each participant only navigated one drive, under a continuous, 
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a no-load, or a low-load condition. The continuous condition was that 
participants did not perform any alternation tasks in addition to 
driving. The no-load and low-load conditions had four sequences, 
with a single combination of off-road and on-road glance each: 
[2s-1s], [2s-2s], [2s-3s], or [2s-4s]. Participants were exposed to only 
one of the four alternation sequences to minimize confounds.

The current study employs a mixed design, where the type of pro-
cessing and eccentricity is varied within subjects while the alter-
nation sequence and type of load are between-subject factors. Drivers 
were evaluated across one of three groups and nine conditions (one 
continuous view group with a single condition and two groups of 
alternating views with four conditions of baseline and low cognitive 
load each). Drivers performed simulated in-vehicle tasks requiring 
seven glances alternating inside (four) and outside (three) the vehi-
cle. The drivers navigated only a single drive to minimize learning 
effects as well as simulator sickness resulting from the prolonged 
exposure. Drivers in between baseline (no load) and low-load condi-
tions were assigned to one of four secondary tasks. The alternation 
sequence remained the same for any one participant (fixed glance 
duration).

Secondary task

The in-vehicle task was simulated on the three-screen simulator 
with a blank center limited to 2s (Figure 1). Each sequence began 
and ended with a display of a blank screen or the secondary task. 
This led to four sequences of invisible and visible times to define 
a unique drive.

The cognitive load (no load or low load) was manipulated either 
by presenting a blank screen during the in-vehicle glance or by 
having participants perform a search task (identify the number of 
target t in a 5 × 3 matrix), respectively. Between displaying the 
blank center screen, the forward glance was varied from 1s to 4s  
across subjects. The time when the forward roadway was not dis-
played on the center screen is referred to as the invisible time. The 
time when the roadway was displayed on the center screen is referred 
to as the visible time.

Dependent Measure

The experiment examined eye data to determine drivers latent 
hazard anticipation ability. Drivers’ latent hazard anticipation was 
measured in the study by manually coding participants’ glances at 
target zones when they were in the appropriate launch zone (3, 14, 15). 
A launch zone is an area of the roadway where a driver needs to begin 
scanning for potential threats, while the target zone is the region 
in the roadway from where an impending threat may materialize. 
Only glances (consistent fixation longer than 300 ms at target area) 
were considered for determining anticipation, as opposed to singular  
saccade fixations. Drivers were scored 1 (hit) for a successful glance 
and 0 (miss) for an unsuccessful glance, in which a successful glance 
is identified as a glance at the target zone when approaching the launch 
zone in each scenario.

MicrobenchMark aPProach

In a previous study, owing to the constraints over experimental 
design and control, the fixed duration of forward glances was 
used for measuring effects on latent hazard detection (3). However, 
drivers are assumed to increase the accumulated visual time-sharing 
duration by increasing the number of glances away from the road. 
As the level of attention increases or decreases with different buf-
fer levels (5), it is assumed that the level of hazard detection will 
change with different distraction levels. There is a close relationship 
between the likelihood of hazard detection and the forward glance 
via a simulator-based experimental study (3).

A stage consists of an invisible state and a visible alternation of 
tasks (e.g., in-vehicle task and forward duration, [2s-1s]) in pre-
defined time intervals. Each stage in square space in Figure 2 has 
a probability of latent hazard detection. The proposed HMM esti-
mates the probability of state transitions, using visible observations 
[2s-1s].

One example of HMM application to driving was on the time 
series estimation on the driver state (16). The model was applied  
to predict the current level of driver distraction by using the histori-
cal state and observed steering wheel information. The HMM was 
applied to predict the probability of latent hazard detection tak-
ing into account the duration of forward glances within a sequence, 
where the driver is alternating his or her glances between the inside 
of the vehicle and the forward roadway to perform an in-vehicle, 
secondary task.

MoDeling FraMework

Markov theory

The performance of a sequence of alternating glances leaves us with 
two groups of participants: ones who successfully detected latent haz-
ards and those who did not. These two components of the distribu-
tion are characterized by a discrete random variable S that takes the 
value 0 with an observed participant X0 and takes the value 1 with an 
observed participant X1 with the following mixture of probabilities:

S
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FIGURE 1  Simulator screen for visual search task: the simulator 
center screen was used to display tasks in a manner that would 
afford researchers complete control over how much information the 
driver could obtain from the roadway.
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A sequence of random variables {St: t ∈ 0, 1, . . . , T} takes values 
in the state space of hazard detection {0, . . . , J}. The stochastic 
detection process has a Markov property (memoryless) if the future 
state St+1 is independent of its past states St-1, St-2, . . . , S1 with an 
initial state S0, given the current detection state of the process St 
(17). With a sequence of observations s0, . . . , st, st+1, the property 
has conditional probability as follows:

P S S S s S s S s P S s S st t t t t t t t t t, , . . . ,
(2)

1 1 1 1 0 0 1 1( )( )= = = = = = =+ + − − + +

A Markov chain has transition probabilities pij = P(St+1 = j |St = i), if  
the transition probabilities are independent of t. The transition prob-
abilities of a homogeneous J-state Markov chain can be summarized 
in a J × J matrix A with the sum of the entries in any row equal to 1.

p iij

j

J

1 (3)
1

∑ = ∀
=

The long-term behavior of a Markov chain can be presented as 
matrix A(k) as the kth power of A, which contains k-step transition 
probabilities pij(k) := P(St+k = j|St = i).
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Two states (J = 2) indicate p11(k) as the probability of a hazard 
detection followed by another successful hazard detection and p22(k) 

as the probability of a no detection followed by another no detection 
in a stage k.

Given the probability distribution that the Markov chain will start 
in initial state i, oi, the distribution of the state at time t can be 
computed as πT k-1. In this study, the experiment provides ground 
truth parameters from the fixed forward glance duration. The output 
detection probability πi is used as an input to the variable forward 
glance duration.

hidden Markov Models

HMM has a transition matrix A and an initial state o, to compute 
a probability of detecting a hazard in a stage. However, there are 
many scenarios to allow a full combinatorial of different tasks and 
forward durations for every time stage. The experiment data provide 
only a detection state of the last stage K, and states are assumed to 
be hidden. To capture invisible detection states (1, . . . , K - 1), one 
lets the parameter selection process be driven by an unobserved 
(i.e., hidden) Markov chain (18).

Let O = o1, o2, . . . , oT denote a sequence of T observations and 
emission probabilities. In a sequence of observation likelihoods,  
B = bi(ot) expresses the probability of an observation ot being gener-
ated from a state i (detect and not detect). Observations (o1, o2, . . . , 
o16) correspond to each alternation sequence with different forward 
glance duration, e.g., from [2s-1s] to [2s-4s], for each type of glance 
(blank, low load, top down, bottom up). The true state value from the 
experiment data is used for evaluation of the data.

Estimation of HMM crucially depends on its set of parameters 
λ = (A, B). First, when transition probabilities A and emission 
probabilities B are given, with known observation sequence O, the 
forward algorithm computes the likelihood P(O|λ) of a particular 
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FIGURE 2  Proposed microbenchmark approach for modeling effects of forward roadway glance durations on latent 
hazard detection.
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observation sequence with three steps: initialization, recursion, and 
termination. The Baum Welch algorithm, a special kind of expectation-
maximization theory, is used to find the maximum likelihood estimate 
of the parameters of the HMMs given O (19).

reSultS

The developed model clearly interprets the time series influence of 
the performance of in-vehicle tasks on latent hazard detection. The 
invisible behavior of critical alternating sequences with different 
characteristics can be captured. Since one is dealing with a stochastic 
detection process evolving over time, stages and total experiment 
time need to be controlled in certain ways. The researchers chose to 
generate three test settings: (a) fixed time window, (b) variable time 
window (fixed total number of stages), and (c) variable time window 
and variable total number of stages.

Fixed time window

The experiment was set to have the fixed time window (ω = 15s) 
across all scenarios. The HMMs were trained and tested for each 
sequence. Each individual driver on eight scenarios generates  
320 sample data. Seventy-five percent of the data was used to train 
the model, and the remaining 25% was used to run the model and 
test its performance on data it had not seen before using fourfold 
cross validation. Maximum number of iterations is set to 100, and 
the iteration was terminated if the transition and emission matrices 
converged. The Baum–Welch algorithm (19) that finds a local maxi-
mum of the likelihood function is sensitive to the initial parameter 
values used. Therefore, a procedure is used to run the algorithm 
multiple times with different initializations. The authors randomly 
chose 10 different initial seed parameter sets that are maximized 
over all runs, and then chose the best one.

Figure 3 presents the result of performance tests for each scenario 
type. The predicted likelihood (42.8%) by HMM was lower than the 
real likelihood (43.8%). Under the fixed window of (ω = 15s), other 
alternation sequences are also tested. Tasks with baseline swapping or 
no load (BS) for 2s followed by 1-s forward duration with four times 
of repetition [2s - BS1 2s - BS1 2s - BS1 2s - BS1] are presented as 
BS1. Detection likelihood was computed over the participants who 
attempted BS1. Each experiment with standard error bars has 95% 
confidence intervals as convincing evidence that the treatment has 
a significant effect.

The HMMs were tested on an 80-data-point set using a K-fold 
cross validation (i.e., k is four duration types) across the variation in 
cognitive load (performing an in-vehicle secondary task with no load 
or low load) or type of processing. Each type has four sequences: BS 
(baseline), LO (low load), TD (top down), and BU (bottom up) with 
five participants repeating each sequence. Labeled four sequences 
measure whether the hazard detection likelihoods are correctly pre-
dicted by HMM. After estimating parameter of each duration type, 
20 subsets were tested. Table 1 shows the F-measure as the harmonic 
mean of the probability of correctly labeling the detection (recall) and 
probability that a positive prediction is correct (precision). The model 
performance was approximately 89% accurate on average. The fairly 
balanced trade-off between precision and recall presents the model 
as being robust.

The model was further trained and compared against experiment 
data. The HMM parameters λ = (A, B) were fitted until the detection 
likelihood of the model and the real value became identical. The 
new estimation λ′ = (A′, B′ ) serves as the ground truth parameters 
of the model.

With corrected HMM, Figure 4 describes the resulting proportion 
of successful and unsuccessful detection likelihood and errors for 
each scenario characterized by effect of load and type of processing. 
If the hazard was detected in the previous stage, the probability of 
detecting the hazard in the current stage is 61%.
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The average likelihood of current stage detection is higher in 
BS (44%) than LO (35%). The trend shows that if the hazard is 
detected in the current stage, it is more likely to be detected in the 
second stage. If the hazard is not detected in the current stage, it is 
more likely to be not detected in the next stage. On the contrary, 
the chances of not detecting a hazard again in the next current stage 
under unsuccessful detection in the previous stage increase as the 
glance time on the forward roadway decreases. BU hazards are 
always more easily detected than TD hazards under the condition of  
previous successful detection.

Using the ground truth HMMs, we have λ′ that is required in 
estimation of the forward path probabilities. In the next section, the 
forward algorithm is used to compute detection probabilities in the 
forward stages in variable conditions that were not available from 
experiment data.

Variable time window

To identify the hazard detection behaviors of a potential set of alterna-
tion sequences with the same tasks in different orders, the researchers 
fixed the frequency of tasks inside and outside of the vehicle. The 
window ω becomes variable, ranging from 12s to 24s per scenario.

Figure 5 presents the relationship between the timing of two 
forward glance durations (1s and 2s) in an alternating 3-s sequence 
and the corresponding hazard detection likelihood. When shorter 
durations are near the end of stages, the detection likelihood is lower. 
However, shorter durations assigned in the earlier stages do not 
degrade a driver’s hazards detection performance. Taken together, 
the criticality of the longest forward glance increases later in an alter-
nation sequence, before the occurrence of a latent hazard. The dif-
ference between different forward glance durations is not significant 
anymore. For example, the detection probabilities of two alternation 
sequences with mixed forward glance durations are the same: [2s-1s 
2s-3s 2s-3s 2s-3s] and [2s-2s 2s-3s 2s-3 2s-3s]. This is consistent 
with a previous study that presented a short history of glance behavior 
as more sensitive to hazards detection (6).

Variable of time window nonfixed Stages

Since a long history of forward glance duration is relatively less rel-
evant in the hazard detection process, focus is on the last two stages 
of hazard detection glance behaviors. Table 2 presents detection like-
lihood in several scenarios with relaxed time window and stage. In 

TABLE 1  Result of Fourfold Cross Validation

Four Sequence Types (K = 4)

Validation Criterion
Type 1 
(BS)

Type 2 
(LO)

Type 3 
(TD)

Type 4 
(BU)

Average accuracy 95% 85% 85% 90%

Recall 0.95 0.94 0.89 0.90

Precision 1.00 0.89 0.94 1.00

F-value 0.97 0.92 0.92 0.95

Hazard Detected (stage t  – 1)

Overall

BS1

LO1

BS2

LO2

BS3

LO3

BS4

LO4

TD1

BU1

TD2

BU2

TD3

BU3

TD4

BU4

Not Detected (stage t  – 1)

(a) (b)

Hazard Detected (stage t) Hazard Detected (stage t)Not Detected (stage t) Not Detected (stage t)

100 10080 8060 6040 4020 200 10080 8060 6040 4020 200

Error bar (%)

FIGURE 4  Proportion of detection likelihood for each scenario.
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more frequent alternations within an alternation sequence between the 
inside of the vehicle and the forward roadway, insufficient forward 
glance durations produce lower probability of the detection than in 
less frequent task sequences. A sequence [2s-1s 2s-1s 2s-1s 2s-4s] with 
less forward duration presents higher detection likelihood (38.5%) 
than the following sequences

•	 [2s-1s 2s-1s 2s-1s 2s-1s 2s-4s]
•	 [2s-1s 2s-1s 2s-1s 2s-2s 2s-4s]
•	 [2s-2s 2s-2s 2s-2s 2s-1s 2s-4s]
•	 [2s-2s 2s-2s 2s-2s 2s-2s 2s-4s]

with detection likelihood ranging from 31.0% to 34.8%. This 
result is indicative that less frequent alternations with longer for-
ward glances within a sequence produce better hazard detection 
likelihoods.

Having longer than 3-s forward glances in the fourth stage always 
contributed to a higher probability of hazard detection across differ-
ent scenarios in the first three stages. For marginal hazard detection 
greater than 50.0% (shaded cell), at least four alternations of 3s 
(out of five) forward glance duration are required (a total of 21 s).

example on Four-way uncontrolled intersection

A four-way uncontrolled intersection scenario was selected for the 
application of the proposed model. Potential threats were designed 
to emerge peripherally and the type of information processing in 
this scenario was top down, where drivers needed to allocate their 
resources to the threat area. The average speed limit was 30 mph, 
assuming that the driver was maintaining the speed limit. The view to 
the left- and right-hand sides of the road was obscured (e.g., by hori-
zontal or vertical curvature). The secondary in-vehicle tasks were 
initiated from 3s to 6s before the location of the potential threat. The 
perspective view of the scenario is described in Figure 6.

In fixed size, after a total of 5s of first alternation [2s-3s], the driver 
should glance to the left and right of the crossroad to determine if any 
potential threats exist. In variable size, the attention level depletes 
quickly when drivers have less than or equal to 2s to scan for a latent 
hazard [2s-3s 2s-1s] [2s-3s 2s-2s].

There are two potential sequences of alternating tasks inside and 
outside of vehicle. First, in the fixed glance duration setup, a sce-
nario has two identical baseline alternation tasks requiring off-road 
glances (2 s) followed by forward glances (3 s) forming an alterna-

Detection Likelihood

Detection Sequence

[2s-3s 2s-3s 2s-3s 2s-2s]

[2s-3s 2s-3s 2s-3s 2s-1s]

[2s-3s 2s-3s 2s-2s 2s-3s]

[2s-3s 2s-3s 2s-1s 2s-3s]

[2s-3s 2s-2s 2s-3s 2s-3s]

[2s-3s 2s-1s 2s-3s 2s-3s]

[2s-2s 2s-3s 2s-3s 2s-3s]

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6 0.65

[2s-1s 2s-3s 2s-3s 2s-3s]

FIGURE 5  Detection likelihood in each sequence that has different orders; when drivers take shorter forward glances toward 
the end of a sequence, there is a negative impact on the detection likelihood.

TABLE 2  Detection Likelihood in Each Sequence That Has Different Orders and Stages

Three Stages  
in the Front

One or Two Stages Toward the End of One Experiment Attempt

[2s-1s 2s-4s] (%) [2s-2s 2s-4s] (%) [2s-4s] (%) [2s-3s 2s-4s] (%) [2s-4s 2s-4s] (%)

[2s-1s 2s-1s 2s-1s] 31.0 33.0 38.5 47.6 62.9

[2s-2s 2s-2s 2s-2s] 32.6 34.8 41.5 50.0 64.3

[2s-3s 2s-3s 2s-3s] 44.6 48.2 58.0 67.4 75.0

[2s-4s 2s-4s 2s-4s] 45.5 49.2 64.0 68.7 75.8
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tion sequence. For simplicity, these top-down cases are expressed 
as [2s-3s 2s-3s]. On this intersection, without stop sign or traffic sig-
nal, the driver has a 57% chance of detecting a hazard. The driver’s 
attention level starts to decrease when the driver looks away from 
the forward roadway and starts increasing after the driver returns 
his or her glance toward the forward roadway. The potential latency 
period of previous study (5) was not considered in this study (e.g., 
0.1s). After 5s of a subsequent alternation [2s-3s], the driver’s threat 
detection likelihood slightly increased to 61%.

Second, in the variable glance duration setup, several scenarios 
present different forward glances (1s, 2s, 4s) in the second stage. 
There is a greater increase in hazard detection probability when the 
driver has more time to obtain information from the forward roadway 
[2s-3s 2s-4s].

concluSionS

In this study, the probability of threat detection was estimated in a 
time series considering how long a driver needs to glance at the for-
ward roadway after performing a secondary, in-vehicle task requir-
ing the driver to alternate his or her glances several times between 
the inside of the vehicle and the forward roadway. The HMM in 
this paper allows for the consideration of the time series evolution 
of latent hazard detection. Inferential statistics with probability of 
hazard detection were computed from the experimental setting with 
the hope of unearthing some relevant trends. Three different char-
acteristics of total experiment time were tested in the model. Over 
a fixed time window, the difference in detection likelihood between 
the model and real value was between a 5% and 15% margin. The 
fourfold cross validation proved that the model possessed com-
parable accuracy with a balanced trade-off between precision and 
recall. Other modeling efforts evaluating other variables in similar 
domains reported mean accuracy of 95.24% in a driver behavior cap-

ture situation (10). Over variable time windows, a different ordering 
of scenarios was used for each participant. A short history of glance 
behavior was found to be much more sensitive to latent hazard 
detection likelihood. With variable time windows and variable total 
number of stages, time windows longer than 3s in the fourth stage 
always contributed to a higher detection likelihood across different 
scenarios in the first three stages.

liMitationS anD Future StuDy

The current model for fixed glance durations was validated in a con-
trolled data set. In the future, availability of naturalistic data sets will 
allow for generalizability to real-world data. Furthermore, variable 
glance durations can be validated instead of supposing synthetic  
data. As a countermeasure to increase a driver’s attention level, 
a warning can be triggered whenever the detection probability 
is low, that is, less than 50.0%. In this study, the marginal haz-
ard detection was observed empirically. The researchers propose 
to cross validate the findings of the model, by running controlled 
experiments on specific sequences (shown by the current approach 
to be a better performer), and validate whether the drivers will rep-
licate the hazard anticipation behavior predicted by this model on 
the simulator when measured using eye behaviors as a measure. It 
is also important to examine hazard mitigation behavior that shows 
how drivers respond to a threat following successful anticipation, 
since it is the mitigation ability that can ultimately help with avoid-
ing crashes. Age-related differences may exist in the criticality of the 
forward glance thresholds and likelihoods.

With advances in automation, the availability of models can assist 
with hazard detection based on drivers’ glance durations. For each 
distraction with different frequency, the optimal time thresholds for 
a driver’s critical glance can be obtained to maximize the distraction 
probability. This study provides preliminary support for the AttenD 
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FIGURE 6  Application of the model on an intersection scenario.
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attentional buffer model introduced by Ahlström et al. (5). Further 
research will validate the implications on predicting mitigation 
behaviors and in explaining the science behind attentional overload 
and spillover effects on forward glance behaviors. The discrete time 
assumption in this study can be relaxed by applying a semi-Markovian 
model (20), in which the time a driver has been in a specific state 
(targeting the same lane) can be modeled.
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