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Modeling Pedestrian Crossing Paths
at Unmarked Roadways
Xiangling Zhuang and Changxu Wu, Member, IEEE

Abstract—At the unmarked roadway, pedestrians cross the road
with changing speeds and directions that result in curved paths
and high chances of road accidents. However, few computational
models have been built to address the mechanisms underlying the
curved paths in crossing unmarked roadways. To better under-
stand pedestrian behaviors and finally facilitate their safety, this
paper modeled pedestrian paths at the unmarked roadway as a
result of the decision-making process in which pedestrians try to
minimize discomfort by weighing perceived risk (PR) with effi-
ciency. PR is assumed to come from vehicles and specific positions
on the road. Efficiency is modeled by the deviation from destina-
tion. The modeling mechanisms are consistent with existing theo-
ries, enhancing the understanding of pedestrian crossing behavior
mechanisms at the unmarked roadway rather than treating the
crossing process as a black box. The observed 135 pedestrian paths
at two unmarked roadways in the real world were compared with
the model’s predictions. The potential applications of the model
in exploring pedestrian position distribution at a crossing site and
improving pedestrian presentation in existing driving simulators
and intelligent transportation systems are discussed, as well as
its limitations.

Index Terms—Human behavior modeling, pedestrian crossing
paths, pedestrian safety, unmarked roadway.

I. INTRODUCTION

AN unmarked roadway is an arbitrary mid-block location
without any crossing facilities (signals, markers, etc.). As

in other crossing sites, the process of crossing the unmarked
roadway can be divided into three phases: walking to the curb,
waiting at the curb, and crossing the street [1], [2]. “Walking to
the curb” can be quantified with pedestrian movement models
on how to avoid obstacles to reach destinations (not necessarily
in the road-crossing context). In the context of crossing, the
“destination” of this phase means the start point of crossing.
The social force model [3], [4], the discrete choice model
[5], [6], and cellular automata and its extended models [7]–
[9] are representative models of this category [10]. “Waiting
at the curb” means that pedestrians stay at the curb and wait
for a proper time to cross. Gap-acceptance-based models have
been applied to this situation [11], [12] to model the time
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that the pedestrian will begin crossing. These models depict
whether pedestrians accept or reject the available gaps between
vehicles while waiting at the roadside. The given two phases
have determined how pedestrian walk to the start position and
the time to begin crossing, but do not go further to quantify how
pedestrians cross the street after that, which is the third phase
of road crossing and the focus of the present model.

The phase “crossing the street” is a major concern in pedes-
trian safety because most injuries happen in this phase. In fact,
in studies modeling pedestrian risk exposure [13], [14], pedes-
trians were assumed to be only at risk when crossing a road.
This phase is more complicated than both “free walking” and
“waiting to cross” situations. First, crossing pedestrians have
to deal with relatively fast moving vehicles rather than static
obstacles, such as buildings. Second, it poses higher demand
on the accuracy of judgment because a small fault may result
in a severe accident. The consequence is more serious than
bumping into static obstacles in the context of walking. Finally,
waiting pedestrians only need to decide when to cross, but
crossing pedestrians also need to consider direction and speed
of crossing. These differences mean that, although models for
the first two phases can be extended to the crossing phase (e.g.,
in [15]–[17]), much effort is still needed in modeling crossing
behaviors, particularly in the third phase.

Pedestrian path modeling is a new topic in crossing behavior
modeling. Since drivers and pedestrians are the two main
users of the road, many pedestrian research topics are adapted
from driver research, such as the gap acceptance theory [18],
the hierarchy driving behavior model by Michon [19], and a
phone-related distraction study [20]. Pedestrian path modeling,
however, is beyond this scope as pedestrian behaviors distribute
discretely over time [21], and they change speeds and directions
very frequently. Moreover, compared with vehicles restricted to
traveling within designated lanes, pedestrians’ lateral positions
at crossing sites are not as confined, resulting in very au-
tonomous trajectories. This is particularly true at uncontrolled
crossing sites such as unmarked roadways.

It should be noted that an unmarked roadway is different
from a “shared space,” which is a popular road design style that
“minimizes demarcations between vehicles and pedestrians”
[22]. The aim of shared space is to increase pedestrian pri-
ority [23], whereas pedestrians at the unmarked roadway are
illegal road users with no priority and can thus receive no
help from crossing facilities. Therefore, pedestrians at the un-
marked roadway have to make crossing decisions (how to cross)
autonomously and behave differently with their counterparts
at other crossing sites. For instance, at signalized crosswalks,
Geruschat et al. [1] found that pedestrians spent 13% of their
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Fig. 1. Crossing situation and variables (N = 6).

crossing time checking the left and right directions. As a
comparison, Zhuang and Wu [24] found a counterpart of 60%
at an unmarked roadway. The difference is more prominent in
terms of walking paths. Usually, pedestrians at legal crossing
sites just follow the regulation and go toward their destinations,
and the drivers will yield to them. The decision-making process
in the rule-following behaviors is very simple. In contrast, at the
unmarked roadway, pedestrians as illegal road users hesitate to
force the drivers to yield to them. Instead, they yield to vehicles
by stopping or changing directions, which is evidenced by more
tortuous long paths than the straight short paths in observation
[24]. The changeable behaviors from autonomous decision-
making at the unmarked roadway are the first reason for giving
special attention to this kind of crossing sites. Research on
the unmarked roadway is also important for safety reasons.
In many developing countries (e.g., China and Saudi Arabia),
traffic laws are not well obeyed, and many people have died be-
cause of crossing roadways at illegal sites [25], [26]. In China,
one accident report [26] shows that this reason leads to 3193
fatalities and 7123 injuries in 2004, ranking the highest among
other pedestrian reasons that caused accidents. It is hoped that
modeling pedestrian paths can facilitate our understanding of
the mechanisms governing pedestrian behaviors and finally
improve safety.

In summary, the previous related work on pedestrian model-
ing has not paid enough attention to the final phase of pedes-
trians’ crossing behaviors in a context with moving vehicles
and without restrictions from traffic signals. To fill this gap,
this paper aims to model pedestrian crossing paths, which is an
important aspect of crossing behaviors at unmarked roadways.
The model can help to understand the computational mecha-
nism of pedestrian road-crossing behaviors, and the generated
path can be used to improve pedestrian research tools and
systems for pedestrian protection. This paper is organized as
follows: Section II describes the model formulation. Section III
presents the model calibration with field data, and Section IV
validates the field data. The discussion concludes this paper
with the potential applications and limitations of the model.

II. MODELING PEDESTRIAN PATHS

A. Model Framework

Since the crossing process is considered to be composed of
crossing two similar halves of the road (see the Appendix), the
following will only show the path modeling of the first half of
the road. As an example, Fig. 1 shows a pedestrian crossing one

half of a six-lane road. If the crossing area is regarded as a coor-
dinate plane, the pedestrian path is then a record of pedestrian
positions, which can be represented by the coordinates. The
y-axis starts at the roadside and the x-axis starts at the initial
position of a pedestrian when he/she arrived at the crossing
point. Pedestrian positions can be achieved by adding initial
positions and distance walked afterward. With the variables
shown in Fig. 1, pedestrian position at time nt is formulated as

xp =xp(0) +
n∑

j=1

spj
cos θpj

t (1)

yp = yp(0) +
n∑

j=1

spj
sin θpj

t (2)

where n denotes the nth time step, xp(0) and yp(0) are the
initial coordinates of a pedestrian, and for all the pedestrians,
xp(0) = 0. yp(0) may not be equal to zero since pedestrians do
not necessarily stay at the same starting place (i.e., the curb)
before crossing.

The following aims to quantify sp and θp in (1) and (2). The
following is a list of variables to be used.
N number of lanes in the road;
L lane width [m];
t time step (1 s);
i tag of road lane;
Ngroup group size;
PRl perceived risk (PR) for the current location;
PRv PR for vehicles;
PRvi PR for the first vehicle in lane i;
(xp, yp) coordinate of the pedestrian;
(xdesti, ydesti) coordinates of the pedestrian destination;
(xvi, yvi) coordinates of the first vehicle v in lane i;
Interv distance between a following vehicle and the

lead vehicle in the same lane;
Δti predicted time gap between the first vehicle

in lane i and the pedestrian to arrive at their
intersection point;

θp, θvi angle between the road direction to the right
and the velocity of the pedestrian (θp) or ve-
hicle (θvi). θvi means the angle of the vehicle
at lane i. It is 0 at the near side, and π at the
far side of the road.

In a speed choice study of drivers, Tarko [27] used a sub-
jective time value, perceived risk, and perceived enforcement
of speed limits to represent trip disutility. Although pedestrians
do not have speed limits corresponding to the last of the three
components, the other two components were also important
in the context of pedestrian road crossing. A subjective time
value is the cost of travel time along the unit distance. This
means that drivers want to maximize speed to reduce cost
and to keep to their schedule. Perceived risk depends on the
perception of crash risks along the road. Two similar concepts
were mentioned in a comprehensive overview about pedestrian
behaviors. Ishaque and Noland [28] found that pedestrian speed
was a function of pedestrian capability, value of time, and risk
evaluation, i.e.,

Speed = f(Capacity, value of time, risk evaluation). (3)
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Since the model mainly addresses the crossing path of an
average pedestrian, capacity is not considered. The “value of
time” represents the intolerance of delays. It is similar to the
“time value” in [27] because both reflect the eagerness to
move toward a destination. This component is included in the
current model as one source of crossing discomfort. It is named
“distance deviation,” and is formulated with the deviation of
current position from a destination. Risk evaluation in (3) is
the pedestrians’ evaluation of the risk of their behaviors. It is
similar to the perceived risk in [27] and is included here as
another source of crossing discomfort.

It is assumed that pedestrians have expected discomfort of
crossing in certain ways and choose the one with the minimum
discomfort. This assumption follows the utility-based theories
[29] and has been used in other pedestrian behavior modeling
works [30]. Following this assumption and the previous find-
ings given, pedestrian velocity can be considered as a function
of “discomfort,” which itself is determined by PR and distance
deviation, i.e.,

Velocity = g (Discomfort)

= (Perceived Risk + Distance deviation). (4)

B. Perceived Risk

PR was assumed to consist of three components: threat from
the vehicles, pedestrian location on the road, and group size.
Clearly, pedestrian PR increases with higher risk from vehicles
PRv and location-defined risk PRl. The two components have
the same scale and unit; therefore, they were simply added.
Group size acted as a moderator since pedestrians in bigger
groups perceive less risk. According to Hamed [31], pedestrians
in groups were more likely to cease waiting to begin crossing
than individuals. Leden [32] also found that pedestrian risk
decreased with increasing pedestrian flow. As bigger group size
is usually related with higher pedestrian flow, this implied less
risk for bigger group size. Given this, we have

Perceived Risk = ag/Ngroup ∗ (PRv + PRl) (5)

where ag is a coefficient adjusting the effect of group size.
1) PRv: The gap acceptance theory was partly adopted to

model the PR. According to Das et al. [12], pedestrians have a
critical gap in mind. Pedestrians predict the time gap between
vehicles and themselves to arrive at an intersection point.
If the time gap is bigger than their critical gap, they will
cross. Therefore, pedestrian PR from vehicles decreases with
increasing vehicle gaps, but it gradually converges to zero after
the critical gap. Pedestrian acceptance is usually modeled by
logistic regression. For instance, Brewer et al. [11] modeled the
probability of accepting a gap in the following form (left side
of“→”):

p =
eβΔT

1 + eβΔT
∗ 100 → 1

p
∝ e−βΔT . (6)

In (6), ΔT is the gap, and β is a parameter representing the
strength of the relationship.

Fig. 2. Negative exponential relation between PRv and ΔT . The solid line
shows the final formulation of PRv (before adjustment of size), whereas the
dashed line is for comparison.

Since the probability of accepting a gap should be in-
versely proportional to the risk from the behavior (1/p ∝
PRv), PR from the vehicles should take the negative expo-
nential form (PRv ∝ e−βΔT ). Therefore, although Gupta et al.
[33] suggested risk = f(1/gap) as the possible relationship,
this model adopted the negative exponential form, as shown
in Fig. 2.

PRv in Fig. 2 is pedestrians’ PR from only one vehicle;
the total PRv should incorporate more vehicles. The question
is which vehicles should be incorporated in formulating PRv.
Most pedestrian acceptance studies only consider the first
approaching vehicle among all vehicles, regardless of which
lane it is located, as in [12] and [16]. It is partly reasonable
because, for a pedestrian standing still at the roadside (as in
these studies), the position and speed of the headmost vehicle
can reflect the upcoming danger. However, for pedestrians
crossing the road, this kind of risk evaluation is insufficient.
Brewer et al. [11] found a “rolling gap” phenomenon where,
although crossing pedestrians evaluated vehicles of farther
lanes, they mainly focused on one lane at a time in gap
acceptance judgments. For instance, when crossing lane 1,
although the gap produced by the headmost vehicle (in lane
3) is very small, they may still go ahead because the gap
in lane 1 is big enough, and they anticipate that the vehicle
would have passed when they arrive at lane 3. Judging from
this, potential risk from both the headmost vehicle and the
first vehicles in lanes nearby (more important) were evaluated
by pedestrians when making decisions. To make the criteria
more specific, in our model, the first vehicles meeting all the
following criteria were included in calculating the PR from
vehicles.

1) Vehicles are at the same half of the road with pedestrians.
2) Vehicles are in the lanes ahead of pedestrians.
3) Vehicles are approaching rather than leaving pedestrians.

Among these vehicles, we assume that the headmost vehicle
in the lane right before the pedestrians has the largest weight.
Once the headmost vehicle surpasses a pedestrian (judged from
the comparison of pedestrian lateral positions xvi and xp),
the closest following vehicle becomes the new vehicle to be
considered.



ZHUANG AND WU: MODELING PEDESTRIAN CROSSING PATHS AT UNMARKED ROADWAYS 1441

The final formulation of PRv for all vehicles is

PRv = aPRv

∑

i∈K

e−0.5|ΔT |

yvi − yp + 1

K = {yp + w/2 � N/2∗L and xvi � xp or yvi

+ w/2 � yp � N/2∗L and xvi � xp}. (7)

In (7), parameter aPRv helps to unite the scale. Constraint K
represents vehicles that have influence on pedestrians consid-
ering the vehicle width w. yvi − yp + 1 is the adjustment for
the PR of vehicles not in the same lane with pedestrians since
farther vehicles had smaller effects on pedestrians.
e−0.5|ΔTi is the negative exponential part in the equation, as

shown in Fig. 2. Parameter β was estimated to be 0.5 based on
literature.1

ΔTi is the time gap between pedestrians and the vehicle to
arrive at their interaction point (gap size). It is formulated as

ΔTi =
|xp − xvi|

svi cos θvi − sp cos θp
− |yvi − yp|

sp sin θp
. (8)

The distance between the vehicle and the pedestrian (xp − xvi)
was put in the absolute value mark because xvi > xp will be
true at the far side of the road.

The position of vehicles (xvi, yvi) can be formulated simi-
larly to that of the pedestrians in (1) and (2) with corresponding
sv and θvi. Sv and θvi are assumed to be constant to sim-
plify the behaviors of the drivers, as in [12]. This constraint
can be relaxed by extending the model in our future work
(see Section V). The first difference with pedestrians’ position
formulation is that yvi(0) and xvi(0) are not equal to zero.
xvi(0) is equal to the distance between the pedestrian and the
influencing vehicle when they first arrived at the crossing point.
yvi(0) is formulated as

yvi = 0.5L+ (i− 1) ∗ L. (9)

Since only the first vehicle of one lane has influence on
pedestrians, positions of vehicles must be updated based on the
headway time gap between vehicles (Interv) when the initial
first vehicle in that lane passed before pedestrians.

When the pedestrian speed in the direction of the y-axis
is equal to zero (standstill or walk along the road), sp sin θp
is equal to zero, and (8) will not stand. In this situation, if
the pedestrian is within the range of a vehicle’s future path
(yvi − yp < w/2, where w is the vehicle width), (5) can be
simplified to contain only the minuend; otherwise, ΔTi = ∞,
which means PRvi = 0.

1Sun et al. [16] observed that the critical gap for the individual pedestrian is
4.6 s and that for groups of 2 or 4 is 5.6 s, meaning that the curve has a rapid
decrease around 5s and then becomes flat. Moreover, a study also conducted at
unmarked roadways shows that the smallest gap that has 100% acceptance is
10 s [34], which means that PRv would approximate zero for gaps longer than
10 s. In summary, the function that can best satisfy all three constraints should
get β as 0.5.

Fig. 3. Location-based risk perception. The x-axis is the position denoted by
lanes on the road.

2) PRl: PRl in (5) is PR determined by locations on the
road. Usually, a wide road is divided into several lanes and
marked with white lines. Although vehicles can change lanes
occasionally, they stick to one lane most of the time for safety
[35]. Therefore, pedestrians have become accustomed to think-
ing that vehicles are more likely to be in the middle of one lane.
Even when vehicles are not present, this effect may still exist.
Consequently, it is assumed that the PR in the middle of one
lane is the highest of the lane and that it decreases with the
distance to the middle line. It should be noted that, although ve-
hicles occupy a specific width, the entire road section within its
width does not impose the same risk to pedestrians. It is natural
for people to run to the nearest lane border to avoid approaching
vehicles within a lane in the case of danger. Therefore, the
closer an individual is to a vehicle’s midline, the more difficult it
is for the individual to run out of its threat zone. Consequently,
it is still reasonable to assume that the risk decreases gradually
with a larger distance from the middle line. For simplicity, the
decline is assumed to be linear as in (10) and Fig. 3.

PRl = PRlmax − aPRl|yp%L− 0.5L|. (10)

% is the modulus operator, and the section within the ab-
solute mark represents pedestrians’ distance to the center of
the current lane. PRlmax is the PR in the middle of one lane
and aPRl is the slope of the risk as it varies with the positions
on the road. The only constraint for (10) is that PRlmax >
0.5 L ∗ aPRl. Since both PRlmax and aPRl are the parameters
to be estimated and can be multiplied by a common factor, PRl
was not assigned with an additional parameter to unite the scale
as PRv.

C. Distance Deviation

If the PR was the only source of the crossing discomfort,
pedestrians would simply wait at the roadside and never cross.
This indicates that they also have a driving force to proceed
toward the destination. Hamed [31] found that when pedestri-
ans’ waiting time increased, their attempts to cross increased. In
addition, pedestrians who had waited longer at the roadside had
a higher risk of ending their waiting time when they crossed
from the central refuge to the other side of the road. These
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Fig. 4. Site for data collection (Hangzhou).

results showed that people have limited patience and implied
that efficiency was valued in addition to safety. Therefore,
discomfort caused by distance deviation is represented with
the square of the difference between the current position and
destination, i.e.,

adeviation
(
(xp − xdesti)

2 + ydeviation(yp − ydesti)
2
)
. (11)

ydeviation is the weight of longitudinal deviation relative to
lateral deviation. Since the most important task of “crossing a
road” is to traverse the roadway, ydeviation is assumed to be
larger than one. Similar to aPRv, adeviation is a coefficient to
change the scale of variables and adjust the weight of distance
deviation in discomfort.

III. MODEL CALIBRATION

A. Data Collection

The field data for testing the model were collected at a typical
unmarked roadway section near a bus station in Hangzhou,
China (see Figs. 1 and 4 for the sketch of the roadway section).
The two-way road has three lanes on each side with a lane
width of 3.4 m. There are no raised median or green belt at the
median line. Two synchronized cameras were set at both sides
of the road. The first camera was set on a high-rise building
to get the main situational and behavioral data, and the other
camera is set beside the road to record the details for later check.
On average, 757 pedestrians and 2826 vehicles used the site
each hour within the observation phase, and the average vehicle
speed was 7.3 m/s.

The collected videos were played back in Adobe Premiere
Pro CS4 version 4.0.1 with time display accuracy of 0.04 s
to get pedestrian-related data to be used as model input and
output. The pedestrians were included in the sample on the
order of their arrival time, as long as they met the following
criteria. First, the pedestrians can be viewed in the camera
clearly during the whole crossing process. Second, a pedestrian
is either walking alone or within small groups that has fewer
than 12 pedestrians. Finally, the traffic is smooth, and the road is
not clear. For these pedestrians, their initial and target positions,
i.e., positions every 1 s, group sizes, vehicle speeds, and time
gaps between vehicles were collected. All the positions are
coded manually based on road markers and lane width. As the

model focuses on the average pedestrian crossing the street,
demographical variations such as gender and age were not
specially addressed. They follow the natural distribution in the
field observation. Overall, 159 cases of pedestrians were coded,
from which 54 cases were selected randomly for the calibration,
and the left cases were left for validation.

B. Input of the Model and its Parameter Settings

The coordinates of pedestrian destinations, their original po-
sitions after arrival, and their group size were extracted from the
calibration data set. The context related inputs are the number
of lanes (6), lane width (3.4 m), initial position of headmost
vehicles, vehicle speed, and time gap between vehicles. Vehicle
width was set as 2 m based on the common width of a car.

Pedestrian speeds and directions were not the inputs of
the model, but in order to provide the set of choices un-
der the maximized utility framework, they were given to
restrain the range of choices. Empirical pedestrian speeds
were categorized into five subsets by getting the percentiles
at every 20% of the instant speed set. When a certain level
of speed was chosen in the computation, the final speed was
generated with normal distribution subjected to the mean and
standard deviation of the corresponding subset. Pedestrian di-
rections were selected discretely from seven directions (0◦,
30◦, 60◦, 90◦, 120◦, 150◦, 180◦). The seven choices are ap-
proximations and discretizations of pedestrian real direction
choices. Additional directions were not included due to accu-
racy requirements in practical applications and computational
efficiency considerations. A simple enumeration algorithm
was used to get the optimal value for the five free pa-
rameters aPRv, adeviation, aPRl, PRlmax, and ydeviation.
(Since agroup always come together with other parameters,
it was set as one.) The criterion is to get the minimum
overall root-mean-square error (RMSE) of the 54 pedestrians’
observed and modeled paths.2 The ranges of the parameters
were first determined by the trial-and-error method and then
determined by previous enumeration results, with smaller and
smaller steps within the range. The final RMSE is 0.87 m in the
calibration, and the average R2 for 44 of all the cases is 0.70
(others cannot be calculated). The values for the parameters are
shown in Table I.

IV. MODEL VALIDATION

Except for the data set of 105 pedestrians obtained from the
calibration site, 30 pedestrians crossing at another site were also
included as validation samples to show the model’s predictabil-
ity at a different layout. The new site is near a subway station
in Beijing, China (see Fig. 5 for the sketch of the new site).

2Since all pedestrians had the same longitudinal distance (i.e., road width)
during the crossing, path fitness was measured by RMSE of the modeled and
observed pedestrian lateral positions when they arrived at certain longitudinal
positions (points uniformly distributed on the y-axis coordinate). These posi-
tions are selected every 0.2 m; therefore, each pedestrian has 102 positions to
calculate the RMSE. R2 is considered as a supporting fitness index because if
pedestrians walk perpendicular to the road direction all the time, their lateral
positions will remain constant, and consequently, the R2 cannot be calculated.
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TABLE I
FREE PARAMETER ESTIMATION RESULTS

Fig. 5. Site 2 for validation data collection (Beijing). Only the lower half were
considered in the data collection.

Fig. 6. Observed and modeled pedestrian position distribution. (a) Observa-
tion. (b) Model.

The six-lane road was divided by a road safety fence (15.5 m),
which was removed a little (2 m) by pedestrians trying to cross
there. Since there is a wide green belt with a width of 7.5 m
in the middle of the road and the trees in the green belt are tall
enough to block a pedestrian’s view of the other side, only half
of the road was included in the data collection, considering the
half itself as a three-lane road. The “road” had 258 pedestrians
and 1403 vehicles per hour, with an average vehicle speed
of 12 m/s. Due to the differences between the two sites, the
validation results could not be merged. However, the indexes to
be compared are similar; therefore, only the validation results
of site 1 (Hangzhou) were presented in detail, whereas those of
site 2 (Beijing) in brief. This part first compared the modeled
and observed position distribution on the road of the whole
sample to get a rough view of the fitness. The path predicted for
each pedestrian was then evaluated based on RMSE and R2.

A. Position Distribution of the Whole Sample at Site 1

Fig. 6 shows the comparison of the modeled and empir-
ical discrete positions from 105 pedestrians. The points can
be viewed as pedestrian footprints. The model successfully

Fig. 7. RMSE and R2 of pedestrians’ modeled and observed paths.

repeated the empirical data in that both figures have dense
footprints in the upper left of a square. The shape or outline
is quite similar, and the edge of the y-axis has attracted most
footprints. This indicates that pedestrians prefer to go straight
and then turn to their destination rather than the other way
around; otherwise, the footprints would distribute within the
lower right of the square.

B. Path Fitness of Individual Pedestrians at Site 1

The preceding comparison of the positions for the whole
sample offered fitness clues to the “average” pedestrian cross-
ing model. This part evaluated the model with higher standards
orienting to individual pedestrians, considering their start and
end points. The overall RMSE of the lateral position of all cases
is 0.98 m. Fig. 7 shows that as pedestrians’ destinations become
farther in the lateral direction, RMSEs have an increasing
trend that indicates more difficult predictions. Most pedestrians,
however, were predicted well with small RMSEs that were
below 1 m. Overall, R2 was calculated for 97 cases with a mean
of 0.63.

Since the paths varied greatly with situations, a categoriza-
tion of the pedestrian paths was conducted based on the path
shapes. The iteration of classification ended up with five path
types, as in Fig. 8. These paths are shown with a connection
line between several critical points on the road. Point 1 is
the start, whereas point “5” and “8” represents two kinds
of destinations. Other points represent possible turning points
of the pedestrians, with points 3 and 6 at the middle line of
the road.

Type a: 1→5. Pedestrians go perpendicularly to the road toward
their destinations (seven pedestrians) or deviate a short
distance (≤1 m) from that path (20 pedestrians).

Type b: 1→2→7→8. Pedestrians go perpendicularly to the
road in the start and end sections, but in the middle section,
they simply go directly toward the temporary destination.
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Fig. 8. Path types and model fitness of every type. The figure only shows the general pattern of the paths rather than specific paths with accurate turning positions.
The black circles are some critical turning points that are usually located at the lane borders. Most pedestrians fall in Types a and c; therefore, they are shown in a
thicker line than others. The points are turning points, but they do not necessarily locate as the figure shows.

Fig. 9. Modeled (dash line) and observed (solid line) pedestrian path examples for five path types.

Type c: 1→4→8. At the fourth and fifth lanes, 24 of the 33
pedestrians turned to go directly toward their destinations.

Type d: 1→8. Similar to Type a, pedestrians go directly toward
their destinations.

Type e: 1→3→6→8. Pedestrians go perpendicularly to the road
to the middle line, go along the road, and repeat the first
mode until they reach the destination.

For each path type, an example is shown in Fig. 9, comparing
the observed and predicted paths. The cases were selected
because its fitness is closest to the average fitness of the path
type where it belongs. Type a has the smallest RMSE among
all the types; however, it also has the lowest R2 due to the
limited variation in the lateral direction. The middle three types
in Fig. 8 were predicted well with small RMSE and acceptable
R2. However, the Type e was not predicted well by the model.
The very obvious turnings (two 90◦ turns) and long distance
along the road may imply that pedestrians have two temporary
destinations (3, 6) at the turning points, which are beyond
the control of safety or efficiency. Without the extra input of
transient destinations, the predicted paths always go directly
to the final destination instead of turning to the temporary
destination first (see Fig. 9).

C. Validation Results at Site 2

Although pedestrians at site 2 also prefer to go perpendicu-
larly to the road before turning to their destination, as in Fig. 6,
they displayed some differences that need to be noted. First, the
average lateral distance of pedestrian destination is 5.7 m, and
the longitudinal distance is 10.5 m at site 2. The longer lateral
distance (3.4 m at site 1) and shorter longitudinal distance
(20.4 m at site 1) led to earlier turning toward their destina-
tions, resulting in fewer footprints at the upper left corner and
more footprints in the “lower left to upper right” belt. Second,
pedestrians at site 2 do not have a median line as a buffer
area. Therefore, their footprints in the middle of the road are
distributed relatively evenly, as in other positions of the road,
which is different with Fig. 6 where an obvious demarcation can
be seen at the median line. The modeled position distributions
can replicate these differences successfully.

RMSE and R2 were also calculated for pedestrians at site 2.
The road width is 10.5 m (3.5 m ∗ 3 lanes). Therefore, 52 points
were used in the calculation with the same computing method,
as in site 1. The model has an overall RMSE of 0.96 m and av-
erage R2 of 0.87, which indicate slightly better fitness than that
at site 1, considering the bigger lateral distance (the bigger the
lateral distance, the more difficult the prediction is; see Fig. 7).
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Pedestrians’ paths at site 2 have four types:

Type b (2 pedestrians, RMSE of 1.21 m, R2 of 0.75);
Type c (15 pedestrians, RMSE of 0.72 m, R2 of 0.90);
Type d (5 pedestrians, RMSE of 0.81 m, R2 of 0.80);
Type f (8 pedestrians, RMSE of 1.07 m, R2 of 0.92).

Type f is similar to Type d at the starting part, and similar
to Type c at the ending part. The Type-a path is not present
because, in the current layout, pedestrians’ destinations are not
right across the road. The absence of the Type e path is also the
result of the layout difference. The second part (parallel to the
road) of the Type e path is usually at the median line in site 1,
but site 2 does not have a median line. Among the present types,
Type b, although only two cases were observed, is the type with
relatively worse predictions. Similar to the findings at site 1, this
shows that path types with more turns (2) are more difficult to
predict because the transient destinations are in the pedestrian’s
mind, which cannot be directly observed. The predictability for
the other path types do not differ much.

Overall, the validation results at site 2 confirmed that the
model is promising in predicting pedestrians’ paths under dif-
ferent layouts in terms of road characteristics, vehicle volume,
and pedestrian volume, etc.

V. CONCLUSION

This paper has modeled pedestrian crossing paths at the
unmarked roadway in China. It opened the black box of street
crossing behavior by considering pedestrians as active decision-
makers trying to minimize discomfort by weighing PR with
efficiency. Compared with previous models, the model has the
following features. First, it focuses on the crossing behavior
instead of the free-walking behavior, where no moving obsta-
cles are present. Second, the context is the unmarked roadway
instead of signalized crosswalks where behaviors are more rigid
due to signal restrictions. Third, vehicles in multiple lanes were
incorporated rather than considering only one vehicle or at
the one-lane road. Finally, the psychological finding that PR
decreased exponentially with gaps [11], [36] was included.
These mechanisms can guide pedestrians going toward their
destination safely and efficiently. The model was validated
with field data, and the modeled paths can repeatedly observed
pedestrian paths well in contexts without obvious right-angle
turning or large lateral deviations.

The validation results of the model imply that the model may
address at least part of the underlying mechanism of crossing
the unmarked roadway. Pedestrians get the context information
through perception and assess the risk with perceived cues.
Then, based on the external risk, they make crossing decision by
weighing the external risk with the internal desire of reaching
destinations. This process is consistent with previous research.
For instance, the gap acceptance behavior [12] indicated the
existence of risk assessment, the eagerness of ending waiting
[31] implied the desire of reaching destinations, and a previ-
ous qualitative model proposed by Ishaque and Noland [28]
suggested the tradeoff between the two. The mechanism is
theoretically interesting because it considers the pedestrian as
an active decision-maker rather than a passive receiver of social

[4] or magnetic force [10]. It also enhances our understanding
of the computational process in crossing the unmarked roadway
rather than treating it as a black box, as in cellular-automata-
based simulation models [37].

However, as shown in the model fitness of the five path
types, the model did not perform well for pedestrians with right-
angle turnings. The sharp turning between obviously different
crossing styles seemed to suggest that people planned the paths
with several key positions on the road and cross each section
separately. In the cyclist path planning model of [38], it is
assumed that, before crossing, people made a sketch of the path
with temporal destinations. Similarly, a higher level decision-
making of the path planning may exist before the reactive
decision-making process. In that level, pedestrians observe the
crossing site and set their temporal destinations (e.g., the points
in Fig. 8) to avoid crossing the wide road at a time. A possible
plan is to cross the road in halves, which is already adopted by
the model. However, the common turning at the fourth or fifth
lane indicated more detailed path planning. Simply using all the
temporal destinations as inputs will improve the model fitness,
but this input cannot be directly observed in practice. Therefore,
modeling of the temporal destinations is needed to address the
planned path.

In practice, the proposed model has two potential applica-
tions. First, it can be applied in both real-time (online) and
offline prediction of pedestrian paths at the unmarked roadway.
Real-time prediction needs an updated input of the first drivers’
distance to the pedestrian in all lanes; hence, it can be used in
improving existing driving simulators. The model can gener-
ate realistic pedestrian paths in the context of street crossing
with the given destination and other road information. This
is meaningful considering that many simulation tools have an
accurate presentation of drivers but only have rigid and limited
movement control of pedestrians. For instance, STISIM is a
commonly used driving simulator, and there are studies that
used this tool to explore driver behavior when pedestrians are
present [39], [40]. However, the pedestrians in this tool can
only have four walking directions (forward, backward, left,
and right) with constant speed that is not related to vehicle
behaviors [41]. If the current proposed model could be used
in the pedestrian simulation part, the pedestrians could flexibly
change speed and direction based on the vehicle behaviors. The
more realistic pedestrian behaviors can improve the ecological
validity of these simulation studies.

In offline cases, the real-time distance between vehicles and
pedestrians are not available; therefore, the exact pedestrian
path cannot be generated. However, general footprint pattern
of most pedestrians (see Fig. 6) can be obtained through
simulation. The destinations and start points can be simulated
by inputting values within the range that cover the width of
the entry and exit sides in the crossing site. The real-time
information of the headmost vehicles can be simulated by
incorporating vehicle time gap distribution that can vary across
sites. The simulation results can help to predict the scope of
pedestrian–vehicle conflict area and discover general patterns
of pedestrian paths, which are important information for further
detailed study of a site. Fig. 10 is an illustration of the input and
the output implemented via Visual Basic Applications in Excel.
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Fig. 10. Prediction of pedestrian paths with offline input.

The left image shows the input, and the right shows the result
of one run of the model.

Second, the current model has the potential to facilitate
the building of pedestrian protection systems. As reviewed in
[42], active pedestrian protection systems track the detected
pedestrians via computer vision systems and sensors, and send
detection results to the collision prevention module. Then, the
system sends cautionary signals or emergency alarms to drivers
depending on the predicted danger. The model can be applied to
facilitate these systems in two aspects. In the trajectory tracking
phase, it can help trajectory estimation in case of failures in the
computer vision system and sensors. In this case, the detected
points on the road may be not close enough to constitute a
smooth trajectory and the missed points can be estimated based
on the model. In the collision prediction phase, pedestrian
models are at the core of the collision prevention module [42].
However, the reviewed modeling works are mostly movement
models [5] that are used in a vehicle-free context and machine-
learning-based models that are used in fixed settings [43], [44].
Considering the road-crossing context, the decision-making
mechanism introduced in the current model might be used
to predict the sporadic pedestrian behaviors in the collision
prevention modules.

The applications of the model need more work due to several
limitations that need to be addressed in our upcoming work.
First, as mentioned before, the modeling of the higher level path
planning is needed to get the temporal destinations. Temporal
destinations only existed in pedestrians’ minds; therefore, it
should be estimated in controlled experiments instead of field
observations. Second, the model only focused on the path
prediction for the “average” pedestrian but neglects pedestrian
instant velocities, which are more difficult to predict based on
the current inputs of the model because of the sensitiveness
to individual differences. The term “capability” in (1) was
neglected for the path prediction of an “average” pedestrian but
should be considered for velocity issues. For instance, elderly
pedestrians are likely to have a speed set that has low speeds,
whereas young pedestrians with more capability can have more

choices among speed sets. To include the capability infor-
mation, future works can combine data-based prediction and
human decision-making. It is expected to obtain the preferred
speed of a pedestrian in the initial crossing period when pedes-
trians begin their crossing and to use the learned parameter for
later predictions with the model. Third, the model emphasizes
pedestrian behavioral responses to vehicles but gives relatively
less attention to vehicle response to pedestrian behaviors. In
China, it is illegal for pedestrians to cross at the unmarked
roadway [45]. As the legal road users, drivers have less re-
sponsibility for accidents involving a pedestrian compared with
that at the crosswalk; thus, they are reluctant to change their
speed and direction to respond to pedestrians at unmarked
roadways. On the contrary, it is the pedestrians who are hesitant
to cross, and thus usually stop or go backward during crossing
[46]. Therefore, it is assumed that drivers do not respond
to pedestrians as pedestrians cross the road. However, better
predictability can be expected if this assumption is relaxed. A
possible approach in the next stage of our modeling work is to
consider the vehicle speed as a function of its current speed, the
relationship with following and leading vehicles, time gaps for
approaching pedestrians, and the number of pedestrians ahead.
Studies about whether driver will yield to pedestrian [16] may
offer ideas about this work. Finally, as a primitive model of a
common pedestrian crossing at the unmarked roadway, group
proxemics that describes the relationship between pedestrians
[47], [48] was not considered. It is hoped that more behavioral
mechanism could be included in our final model to consider
safety-related behaviors such as walking while using phone,
checking approaching vehicles, etc.

APPENDIX

CROSSING BEHAVIOR ANALYSIS

An interview of 12 pedestrians on how they cross an un-
marked roadway was conducted to understand the decision-
making process. Two findings from the interview are inspiring
for the model. First, pedestrians consider wider roads to be
more difficult to cross and usually cross it in several trials,
mostly by halves. The middle of the road is critical because the
source of danger changed from left to right of the pedestrians
once they arrived at the median line. Our previous study also
found that their waiting time at the median line was similar to
that at the starting point in both distribution and duration [24].
This implied that pedestrians may have a transient destination
at the median line and a final destination at the end side of the
road. Therefore, we assumed that pedestrians cross two halves
of the road similarly for simplicity. Second, in the crossing
process, pedestrians first look at vehicles and estimate how far
(distance) and fast (velocity) the vehicles are traveling. If the
time left is sufficient, they will cross very quickly or, otherwise,
wait for a better time. This means that, once pedestrians have
their destination in mind, they no longer consciously care about
the crossing paths. What they really are concerned with is how
to get to the destinations safely by adapting their velocity to
the changing situation. Therefore, reflecting pedestrian paths
through velocity over time is an easier and more obvious way
than directly addressing the path issue.
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