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Abstract —The ability to anticipate pedestrian actions
on streets is a safety issue for intelligent cars and has
increasingly drawn the attention of the automotive industry. Estimating when pedestrians will cross streets has
proved a challenging task, since they can move in many
different directions, suddenly change motion, be occluded
by a variety of obstacles and distracted while talking to
other pedestrians or typing on a mobile phone. Moreover,
their decisions can also be affected by several factors. This
paper explores the ways pedestrians’ intention estimation
has been studied, evaluated, and evolved. It provides a
literature review on pedestrian behavior prediction, addresses available solutions, state-of-the-art developments,
and hurdles to be overcome towards reaching a solution
that is closer to the human ability to predict and interpret such scenarios. Although many studies can precisely
estimate pedestrians’ positioning one second before they
cross a street, most of them cannot precisely predict when
they will stop at a curb.
Index Terms—pedestrian, road user, prediction, estimation, recognition, behavior, intention, trajectory, crossing

I. INTRODUCTION
Pedestrians account for 22% of the worldwide 1.24
million deaths caused by traffic accidents every year
[1]. Most of such deaths occur when pedestrians are
crossing a street [2] at sunset [1] and may be caused
by poor visibility and drivers’ fatigue.
Many researchers have focused on the development
of algorithms that estimate pedestrians’ intentions
of crossing streets [3], [4], [5], [6], [7]. However, the
problem is still challenging, since pedestrians can
move in any direction and suddenly change motion
[8], [9]. Such a prediction is a prerequisite for the safe
operation of automated vehicles. Moreover, cars can
travel at high speeds, which results in a short timewindow for a prediction and a decision to be made.
The main contribution of this manuscript is a detailed analysis of the literature on prediction of pedestrians’ behaviors, evolution of research over the years,
state-of-the-art solutions, and challenges and gaps
to be considered. It also addresses the advantages
and drawbacks of the currently available datasets and
potential future trends.
978-1-7281-0322-8/18/$31.00 ©2018 IEEE

II. PEDESTRIAN BEHAVIOR ESTIMATION
Several studies have focused on the construction
of systems that increase the safety of pedestrians
on streets. Keller et al. [10] developed a system using stereo vision which enabled autonomous cars to
perform evasive steering maneuvers. Roth et al. [11]
evaluated pedestrians’ and drivers’ awareness for estimating a potential collision risk. Li et al. [7] designed
a system for concurrently detecting pedestrians and
cyclists. Applications regarding pedestrian detection
have already been employed in the industry, e. g.
Lexus RX 2017 whose system warns the driver on
the detection of a pedestrian. In other cases, the
system is granted the control of the car if no action is
performed by the human driver, e. g. Ford Fusion 2017
and BMW 3 Series Sedan. The detection of pedestrians
has been investigated in several studies [12], [13], [14],
[15]. Most of them use images [16], [17], 3D point
clouds [18], [19], or even the fusion of both sets of
information [20], [21].
The estimation of pedestrians’ intention is even
more challenging due to uncertainties regarding their
impending motion [8]. In a fraction of a second,
pedestrians can decide to move in one of many different possible directions, stop walking abruptly [9],
[8], [22], have their image/point cloud occluded by a
variety of obstacles, and be distracted talking to other
pedestrians or even on a mobile phone. According
to [23], the analysis of non-critical situations has not
received considerable attention and Quintero et al.,
[24], observed the difference between an effective and
a non-effective intervention can depend merely on a
few centimeters or a fraction of a second.
Pedestrian intention can be estimated jointly with
path prediction, as proposed in [3] and [24]. A comparative study of pedestrian path prediction was conducted by [9], whereas [25] provides a survey on types
of interactions between autonomous vehicles and humans. Shirazi and Morris [26] reviewed pedestrian,
driver, and vehicle behaviors at intersections and analyzed features that distinguish different pedestrian
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motion patterns. A related approach can be found in
[4].
According to the literature, research initiatives are
concerned with both short-term and long-term predictions. Studies that comprise long-term predictions
usually draw information from static cameras and
aim at predicting either the pedestrians’ final destination, or the path followed [27], [28], [29]. Karasev et
al., [27], modeled pedestrians’ intention in a Markov
decision-process framework and inferred their state
using a Rao-Backwellized filter. They focused on each
pedestrian individually and neglected their interactions with other traffic participants. Kitani et al. [28]
predicted future actions of pedestrians using noisy
visual data and the effects of the physical environment
on pedestrians’ behavioral choices combining ideas
from Control Theory and static semantic scene understanding. Pedestrians can decide to quickly change
direction, which makes their long-term predictions a
challenging task [8], [22].
Short-term approaches [6], [30], [31], [5] predict
pedestrians’ position up to the next 2.5 seconds. According to Rehder and Kloeden [32], information, such
as head orientation and body movement is relevant
in short-time predictions, while long-term predictions
are more goal-oriented.
The subsequent sections address our expansion of
the taxonomy proposed by Brouwer et al. [33], which
categorized related studies according to input data.
A. Body Pose
The human movement analysis based on vision has
been a topic of research in many fields and applications, as games, character animation, surveillance systems, traffic analysis, social interfaces, sign-language
translation, and dance choreography [34].
Some studies explore the use of pedestrians’ contour [35], [4], posture [36], [37] and body language [38],
[24] to predict their intentions. Hariyono and Jo [39]
used pose recognition, lateral speed, orientation, and
scene comprehension as input to a neural network
to predict actions, as walking, starting off, bending in
and stopping.
The approach of Quintero et. al. [38] used a Gaussian Process (GP) model to reduce the dimensionality
of the 3D coordinates of pedestrian body pose and
learned to predict pedestrian’s dynamics related to
walking, starting off, stopping and standing. Quintero
et. al. [24] also used Gaussian Process Dynamical
Models (GPDM) for estimating pedestrian intention
regarding a pose prediction of a one-second horizon.
However, more than four seconds were necessary for
the model to perform the prediction. Furuhashi and
Yamada [36] predicted if a pedestrian standing on the
crosswalk would cross the street based on the analysis
of postural change throughout consecutive frames
captured by a static camera. The model proposed by

Köhler et. al. ([35] and [4]) used a HOG-like descriptor
for motion contour pedestrian detection along with a
Support Vector Machine (SVM) to estimate pedestrians’ intentions.
B. Inter-pedestrian/Social-related Behavior
Some researchers considered decisions made by
pedestrians based on social norms commonly followed within a shared common space [40], [41], [42],
[43]. They observed the patterns used by pedestrians
in such interactions and identified several norms,
e .g. pedestrians maintain some distance from each
other, pedestrians avoid others coming towards them,
pedestrians can follow the flow of other pedestrians
on the scene, etc. Alahi et. al [44], proposed a method
that applied a social layer over the Long Short-Term
Memory (LSTM) network for each pedestrian and
implicitly learned such interactions.
C. Dynamics-Based Prediction
Attempts towards predictions of pedestrians’ positions originated from tracking, which is naturally
the second step after the detection of a pedestrian.
Many studies predicted pedestrians’ positions through
Kalman Filter (KF) and Particle Filter (PF) [45], [46]. In
[47], as in similar research initiatives, the direction of
a pedestrian walking is estimated according to his/her
position within multiple consecutive image frames
regarding the distance from the vehicle. Kataoka et.
al. [48] inferred pedestrian intention by recognizing a
walking activity through pedestrian localization and
activity analysis.
Schneider and Gavrila [9] compared Extended
Kalman Filter (EKF) based on single dynamic models and Interacting Multiple Model (IMM) algorithm,
combining Constant Velocity (CV), Constant Acceleration (CA), and Constant Turn (CT). They also proposed
a dataset composed of 4 pedestrian motion categories,
namely crossing, stopping, bending in and starting off,
which was significantly used in subsequent work.
Keller and Gavrila [49] designed a method and compared it with different approaches related to pedestrian path prediction, namely GP, Probabilistic Hierarchical Trajectory Matching (PHTM), KF, and IMM
at various time horizons. The results showed a similar
prediction performance when pedestrians’ locations
are precise, however, the approaches that used GPDM
and PHTM performed better in stopping scenarios.
For comparative reasons, they also employed human
subjects tasked with predictions of pedestrians possibly stopping or crossing a street.
Switching dynamics (Linear Dynamical System
(LDS)) was used by Kooij at. al. [50] towards more
accurate path predictions. They established certain
actions more likely to occur in the future depending on previous movements and current locations.
Best and Fitch [51] estimated the goal destination
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and trajectory to be achieved. An environmental map
was incorporated into the model and the probability
distribution that represents the estimated succeeding
position was computed by a Bayesian framework.
Nevertheless, Schmidt and Färber [30] observed the
use of only dynamics would not be sufficient, e .g. a
KF tracking a pedestrian walking parallel to the egovehicle would always predict pedestrian’s future positions to be set further. However, pedestrian constantly
turning his/her head towards the autonomous vehicle
and the road is an indication of where he/she intends
to go (e. g. the other side of the street). Therefore, an
approach that solely relies on pedestrians’ dynamics
will never predict their intention of crossing a street.
D. Dynamics and Awareness
Information on head orientation has been incorporated in estimation methods towards improving the
estimation of pedestrians’ intentions [52], [3], which
has given rise to research on perfecting classification
of head orientation [32].
Several studies [3], [53], [54], [55], [37] use information on pedestrian dynamics coupled with the awareness of the situation, i .e., the possible pedestrian’s
visualization of a vehicle and a critical situation.
Goldhammer et al. [52] focused on trajectory prediction of pedestrians on crosswalks and estimated
gait initiation through a piecewise linear model and
a sigmoid model for calculating velocity and inferring
a trajectory. They designed an approach [56] that
uses a Multilayer Perceptron (MLP) network based on
head orientation information to predict a continuous
trajectory for a 2.5 second future time horizon and
motion types (starting and stopping). Kwak et al. [57]
also aimed at estimating the intention of a pedestrian
crossing a street or stopping, however, they used
dynamic fuzzy automata in low-light images from a
thermal camera.
Schulz and Stiefelhagen [3] developed a Latent Dynamic Conditional Random Fields (LDCRF) system
that controls an IMM using pedestrian dynamics and
head orientation as input. The lateral position error,
with 1-second prediction horizon, is used for evaluation purposes. IMM provides pedestrian tracking and
path prediction and LDCRF provides the intention
estimation. Through a similar approach [53], the authors used LDCRF to recognize pedestrian’s intention.
The model automatically learned correlated intrinsic
structure and dynamics among different actions.
However, relying solely on head orientation may
not be the best alternative, since pedestrians may be
looking at an advertisement or searching for someone;
in such moments, their head might not indicate their
current direction.
E. Dynamics, Awareness and Scene Understanding
Some studies [58], [6] have evaluated the influence
of the environment on the behavior of pedestrians.

Cloutier et al. [58] observed different crossing surface
materials and one-way streets were significantly associated with fewer interactions with vehicles, whereas
streets with parked vehicles and main streets were
associated with more interactions.
The next generation of the state-of-the-art methods
uses information from the environment, therefore,
relations among environment, autonomous car, and
pedestrians are structured [59], [39], [6], [60], [3], [54],
[55], [5], [37], [61], [62].
Bock et al. [63] proposed a method based on Recurrent Neural Networks through which pedestrians’ trajectories are learned from data collected by cameras
on both vehicle and infrastructure. Other approaches
focused on infrastructure cameras [60], [52], [35], [63].
Ferguson et al. [8] predicted pedestrian orientations
and trajectories associated with each decision through
GP towards incorporating uncertainty. Other research
initiatives also used GP [8], [38] and [24].
Völz et al. [64] inferred the pedestrians’ decision to
cross a street using an SVM, however, they did not
predict the exact trajectory. They aimed to determine
the necessary information for detecting pedestrians’
intention and its possible changes caused by other
road users. Völz et al. [62] used data on pedestrians, as velocity, distance traveled, distance from the
curb, and distance from the crosswalk, jointly with
data on car movement and position. However, the
authors evaluated only cases in which the pedestrian
would invariably cross a street. Köhler et al. [35] also
employed an SVM, however, they used data extracted
from gait analysis.
Bonnin et al. [5] predicted whether a pedestrian
would cross a street creating relations among pedestrian, crosswalk, and ego vehicle, and combining two
models, namely a standard inner-city model, which
is always activated, and a model activated only in
crosswalks.
Dynamic Bayesian Network (DBN) was used in
[55], [6], [54]. The latter, [54], considered external
surroundings context, pedestrian behavior, physical
movement, and information on a pedestrian being
in a group or alone [55]. Kooij et al. [6] proposed a
DBN that captures some factors as latent states that
affect a Switching Linear Dynamical System (SLDS). A
pedestrian that always intends to cross a street is the
subject of the test sequences. The authors used 3 types
of information on top of SLDS, namely 1) minimum
distance between pedestrian and ego-vehicle if both
keep the same velocity (indicating criticality of situation), 2) pedestrian’s head orientation (awareness),
and 3) distance from the pedestrian to the curbside.
Bonnin et al. [5] and Kooij et al. [6] employed almost
the same observable features, i .e. distance to curb,
distance to ego-vehicle, and head orientation. They
did not use information from other pedestrians and
cars and focused on short-term predictions.
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According to Hashimoto et al. [54], the detection
of pedestrians’ decision to stop is a harder task than
their decision to cross a street. Although the approach
in [6] achieved better results for scenarios where the
pedestrian stopped, most of the studies [65], [49] have
yielded worse results on predictions of a pedestrian
deciding to stop at a curb. Table I shows some approaches on prediction of pedestrians’ intentions.
III. DISCUSSION
According to Shirazi and Morris [26], some external
factors can influence the pedestrian’s decision-making
and motion patterns, such as street width, being alone
or in a group, and presence of other cars. Some studies
investigated the shift in the speed of the pedestrians’
stride, the reason for abrupt stops [70], and the speed
variation in gender and age groups.
Schmidt and Färber [30] performed experiments
for discovering the parameters that most influence
pedestrians’ decision to cross a street and the factors that human drivers take into consideration when
predicting if a pedestrian will cross a street or not.
They observed tighter gaps were chosen on streets of
a narrower width and both older people and young
adults choose insufficiently large gaps.
Iacoboni et al. [71] analyzed the cerebral activity
of people watching others performing some actions
and observed some neural cells were activated as
soon as the intention had been inferred (before an
action was actually performed). In other words, humans observing other humans’ actions can implicitly
understand their intentions. According to Keller et al.
[72], algorithms still do not predict pedestrian intentions as well as humans, and pedestrians’ behaviors in
urban scenarios are not random [73], which raises the
question: What information is neglected by current
algorithms?
Our focus is on pedestrians moving in inner-city
scenarios. Most of the prior work considered pedestrians a generic entity. However, characteristics regarding different types of pedestrians can be useful
information for predictions of their actions. For instance, drivers are usually more careful when they see
a child on the curbside, since children may exhibit
unpredictable behaviors and inadvertently run into
the street. Likewise, when drivers spot a pedestrian
with a cane, they assume he/she may be blind or have
difficulties in moving. Elderly people, on the other
hand, walk slower than an average adult and may face
difficulties due to the deterioration of their perceptual
and cognitive abilities.
Factors, as age, gender, number of people walking
together (when alone, people usually walk faster),
constraints posed by the environment (e. g. number
of lanes and width of the street) significantly contribute to a pedestrians’ speed [74]. Sobhani et al. [75]
evaluated the difference in crossing patterns between

ordinary pedestrians and pedestrians using a mobile
phone. Additionally, a mobile phone in the hands of a
pedestrian may provide information regarding his/her
level of awareness of the situation.
We believe an individual analysis of pedestrians
enables intelligent vehicles to make better predictions
and adaptable decisions, as such information may
enhance the understanding of pedestrians’ behavior
patterns and speed of motion in street scenarios.
The estimation of pedestrians’ intentions still requires approaches that perceive real-world scenarios,
since most of the studies perform predictions using
datasets in which pedestrians are actors with predetermined actions. Therefore, they do not represent a
real scenario where several factors can influence a
decision. A pedestrian may prefer to wait because, for
instance, the street is too wide, he/she stops to answer
a text message, or is pushing a stroller. All such factors
demand more time, therefore, the pedestrian decides
to wait for the next gap between vehicles.
We believe a further step for improvements in the
state-of-the-art of predictions of pedestrians’ intentions will be the use of pedestrian-specific characteristics jointly with dynamics and contextual scene
information. The use of contextual information was
proposed in [59], [39], [6], [60], [3], [54], [55], [5],
[37], [61], however, to the best of our knowledge, the
inclusion of different types of pedestrians (i .e. specific
pedestrian characteristics) concerning mainly mobility, other indicators of awareness (apart from head
orientation information), and wariness has not been
addressed. A dataset with information as gender, age
and size of pedestrian groups was recently proposed
by Rasouli et al. [76], however, the authors did not
evaluate in depth the influence of those aspects on
the estimation of pedestrians’ intentions.
Pedestrian dynamics, i .e., position and velocity, can
be accurately assessed through stereoscopic camera
images along with detection and tracking algorithms.
Pedestrian awareness can be estimated through the
observation of head orientation (as proposed in [32])
and also detection of possible objects that may interfere with their attention (e.g mobile phone, cane, and
stroller). Scene information can be assessed through
the identification of presence of signaling devices
(traffic lights and crosswalks), curb location and number of lanes. Pedestrians’ characteristics can be indexed according to age groups (child, adult, and senior), detection of objects they may be packing (cane,
mobile phone, and stroller) and number of people
walking together (alone, pair or family). Such factors
may interfere with the pedestrian’s awareness, mobility, and wariness towards their surroundings.
The identification of pedestrians’ characteristics
would provide intelligent cars with information on
the different pedestrians’ types, enable cars to use
adaptable systems that infer actions and understand

3108

TABLE I: Studies of pedestrian intention estimation
Study/author
[9] (Schneider and
Gavrila, 2013)

Sensor/input
Stereocameras

Objective/output
[crossing,
stopping,
bending in, starting]

Evaluation/dataset
Accuracy of position estimation
and path prediction

[crossing, not crossing]

Receiver Operating Characteristic
(ROC)

Image, CAN

Method
Comparative study on recursive Bayesian filters
IMM and EKF
Interacting
Multiple
Model Extended Kalman
Filter (IMM-EKF), Motion
Contour image based
Histogram Of Gradients
(MCHOG) and SVM
MLP

[66] (Köhler et al. ,
2013)

Lidar and two
cameras

[5] (Bonnin et al. ,
2014)
[6] (Kooij et al. ,
2014)
[8] (Ferguson et al. ,
2015)
[64] (Völz et al. ,
2015)
[56] (Goldhammer
et al. , 2015)

[crossing, not crossing]

False Positive/ True Positive Rate

Image

DBN

Trajectory prediction

Lidar

GP

Trajectory prediction

Lidar

SVM

[crossing, not crossing]

Camera

MLP

Trajectory prediction

[3] (Schulz and
Stiefelhagen, 2015)
[24] (Quintero et al. ,
2015)

Stereocameras
3D pedestrian
body Pose

IMM and LDCRF

Trajectory prediction

Comparison with PHTM through
Log Likelihood
Probability of correct motion pattern and RMS error
False Positive/ True Positive
Rate/Classification Accuracy
Mean square deviation (RMSD2D)
from the predicted position to
Ground Truth (GT). Comparison
with KF CV
Lateral position error

Three
monocular
cameras
Night images
from thermal
camera

Trajectory prediction and
classification of behavior
[walking, starting, stopping and standing]
[crossing, not crossing]

Confusion Matrix and mean error
for position

[54] (Hashimoto et
al. , 2015)

Balanced
Gaussian
Process
Dynamical
Models (B-GPDM) and
naive-Bayes
DBN and PF

Dynamic fuzzy

Precision and recall rate. Comparison with Markovian model-based
method, DBN and Fuzzy Finite Automata (FFA)
Mean displacement error and final displacement error. Comparison with KF. Intersection dataset
based on infrastructure sensors
and information on pedestrian localization. Single pedestrian
Comparison with Gated Recurrent
Unit (GRU) and vanilla Recurrent
Neural Network (RNN)
Accuracy among different CNNs

[57] (Kwak et al. ,
2017)

[63] (Bock et al. ,
2017)

Pedestrian
with sensors

LSTM

[Standing
Sidewalk,
Walking
Sidewalk,
Walking Crossing and
Running-Crossing]
Trajectory prediction

[67] (Li et al. , 2017)

Indoor
positioning
wifi data
Stereocamera

LSTM

Trajectory prediction

Neural

Pedestrian moving direction

Images

CNN, LSTM and path
planning

Trajectory and goal prediction

[68] (DominguezSanchez
et
al. ,
2017)
[69] (Rehder et al. ,
2018)

Convolutional
Network (CNN)

scenarios that strongly resemble the way humans
perform such tasks. Additionally, the use of the features previously discussed would improve both the
development of traffic infrastructures based on reports on most common user types and construction of
human/machine interfaces and advance the Assistive
Intelligent Transportation System [77] field.
IV. DATASETS
Datasets created for the detection and tracking of
pedestrians in images usually focus on surveillance
and inner-city scenarios. EPFL Multi-camera pedestrian videos [78], [79] and PETS 2009 [80] used static
cameras in indoor and outdoor scenarios, respectively.
ETHZ Sequences: Inner City Sequences from Mobile

Mean of the estimated probability
of the pedestrian crossing/waiting

Predicted probability distribution
and comparison with a Constant
Position (CP)-IMM and CV-IMM

Platforms [81] and TUD Stadtmitte [82] used moving
cameras in inner-city scenarios. KITTI detection and
tracking benchmark [83] is a well-established benchmark that significantly contributes to the autonomous
vehicles field by enabling comparisons of results of
different approaches under the same input. The KITTI
pedestrian detection benchmark comprehends more
than one hundred ranked methods and promotes
a considerable evolution in the autonomous vehicle
field by providing a rich infrastructure through which
tests and comparisons of different approaches for
solving e .g., pedestrian detection and tracking. However, no benchmark is available for comparisons of
multiple methods regarding prediction of pedestrians’
behaviors/intentions. In general, each study uses a
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different dataset and provides their own results and
possible comparisons with one or two other methods.
Some of the currently available datasets for pedestrian path prediction are Daimler Pedestrian Path
Prediction Benchmark Dataset ECCV14 [6] and Daimler Pedestrian Path Prediction Benchmark Dataset
GCPR13 [9]. The problem with such datasets is the
available data are related to only one pedestrian who
takes predetermined actions. The former dataset does
not provide the images captured. Another available
dataset for crosswalk behavior classification [76] provides labels with information on weather conditions,
presence of traffic elements (traffic light, crosswalk)
and gender; however, it does not capture the coordinates of the pedestrians’ positions, but only the
action associated with each pedestrian. In general,
the available datasets fall into two possible categories,
i .e. scenarios where the pedestrian is instructed to
perform some predetermined actions and more realistic scenarios with real pedestrians. In both cases, the
number of data collected is usually very limited.
Two major problems have been identified in the
available datasets. The pedestrian is instructed to
perform some predetermined actions, i .e. subjects
impersonate pedestrians, but carry out predetermined
actions (crossing, stopping, utilizing the crosswalk,
etc). Such a scenario does not comprise all information, which may encourage the pedestrian to perform
an action, and the variability behind real pedestrians’ decisions. In more realistic scenarios that use
real inner-city data (i .e. where pedestrians are not
actors performing some predetermined actions), the
problem is the loop between pedestrian/ego-vehicle
actions. According to a report available in [84], 80
percent of the pedestrians search for eye contact with
the driver before crossing a street. Since the datasets
were collected by sensors in a car driven by a human
driver, we believe the behavior of pedestrians may
have been affected by such an interaction even in
realistic scenarios. In other words, the communication
established between the driver and the pedestrian
may interfere with the data collected, since such an
occurrence is not in the stored data.
The evaluation procedures depend on the output.
Keller et al. [49] conducted evaluations in different
time horizons and compared the results with humans’
answers (crossing or not crossing). The methods based
on classification usually measure the True Positive
Rate (TPR), False Negative Rate (FNR), and ROC curve.
Studies that predict the future exact position of a
pedestrian usually measure the lateral position error
[9], [3] calculated by the mean squared error between
the prediction and the GT, or the log likelihood.

applications require high accuracy and precision and
low response time, in which a prediction must be
made. Despite the efforts devoted towards developing
reliable solutions, a lot more effort still needs to be put
forth to create a system that can ensure pedestrian’s
safety on streets.
We believe the next step for the evolution of the
state-of-the-art on the estimation of pedestrians’ intentions will involve the development of robust methods that approximate to the human analytical capabilities of identifying an intention prior to an action.
Information on each pedestrian’s profile can also provide useful data (and we just need to look at them
once). Finally, a comprehensive benchmark for the
ranking of the currently available methods and those
to be designed must be developed, so that proper data
and tools can be used for comparisons of algorithms.
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V. FINAL CONSIDERATIONS
This paper has provided a literature review on
prediction of pedestrians’ intentions. Intelligent cars’
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