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Abstract—Automated vehicles require a comprehensive understanding of traffic situations to ensure safe and comfortable driving. In this context, the prediction of pedestrians is particularly
challenging as pedestrian behavior can be influenced by multiple
factors. In this paper, we thoroughly analyze the requirements
on pedestrian behavior prediction for automated driving via
a system-level approach: to this end we investigate real-world
pedestrian-vehicle interactions with human drivers. Based on
human driving behavior we then derive appropriate reaction
patterns of an automated vehicle. Finally, requirements for the
prediction of pedestrians are determined. This also includes a
novel metric tailored to measure prediction performance from a
system-level perspective. Furthermore, we present a pedestrian
prediction model based on a Conditional Variational AutoEncoder (CVAE) which incorporates multiple contextual cues to
achieve accurate long-term prediction. The CVAE shows superior
performance over a baseline prediction model, where prediction
performance was evaluated on a large-scale data set comprising
thousands of real-world pedestrian-vehicle-interactions. Finally,
we investigate the impact of different contextual cues on prediction performance via an ablation study whose results can
guide future research on the perception of relevant pedestrian
attributes.
Index Terms—Autonomous vehicles, Automated driving, Prediction methods, Machine learning.

I. I NTRODUCTION

R

OAD safety is a key driver for the development of driver
assistance and automated driving systems. According to
a report of the World Health Organization [1] traffic accidents
cause more than 1.3 million fatalities annually, almost half
of them being vulnerable road users (VRUs). Therefore, the
protection of VRUs, in particular pedestrians, constitutes a
major goal of intelligent vehicles. The Automatic Emergency
Braking system for Pedestrians (AEB-P) is a good example
on how driver assistance systems already protect pedestrians
today. AEB-P detects pedestrians in the predicted vehicle’s
path and, if a collision cannot be avoided by the driver, automatically initiates emergency breaking. By either avoiding the
collision or, if avoidance is not possible, reducing the velocity
of an impact, pedestrian AEB systems mitigate pedestrian
fatality and injury [2]. The detection of pedestrians and the
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Fig. 1. Exemplary scenario in which the behavior of a pedestrian depends on
multiple contextual cues, e.g. the present road infrastructure or interactions
with other traffic participants.

prediction of their behavior are essential components of an
AEB-P system. Prediction of an AEB-P is generally restricted
to short prediction horizons in the order of 1 to 2 s and is
typically based on kinematic models.
On the other hand, automated driving not only addresses
near-collision situations, but broadens the scope to everyday
driving scenarios. Thus, besides collision mitigation, comfortable driving that imitates human driving behavior shifts
into focus. This requires an extended pedestrian behavior
prediction to correctly reason about a situation and react appropriately at an early stage. Long-term pedestrian prediction,
however, constitutes a big challenge, since the behavior of
pedestrians is influenced by many aspects. The exemplary
scenario of a girl running along a sidewalk depicted in Fig. 1
illustrates this issue. The future behavior of the running girl
is likely to depend on a variety of factors, e.g. the course of
the sidewalk, the people on the sidewalk blocking her path,
the trajectory of an approaching vehicle, and the presence
of a zebra crossing. We thus argue that the behavior of
pedestrians cannot be investigated independently, but rather
has to be considered within the context of the overall traffic
scene. This includes the static driving infrastructure (e.g. the
road layout), interactions of the pedestrian with other traffic
participants (e.g. an approaching vehicle), and appearance or
communication cues (e.g. gestures).
In this paper, we derive requirements on pedestrian behavior
prediction in the context of automated driving. In addition, we
propose a prediction model that specifically addresses longterm prediction by taking into account contextual cues of the
traffic scene. In detail, the contributions of the paper are:
•

An appropriate system reaction pattern for interactions of
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•

•

•

an automated vehicle with pedestrians is derived from an
analysis of human driving behavior,
Requirements for pedestrian behavior prediction in automated driving and a corresponding metric to assess
prediction performance are specified,
A pedestrian prediction model based on a Conditional Variational Auto-Encoder (CVAE) which incorporates various contextual cues is presented. The CVAE
shows superior performance over a baseline prediction
model, where prediction performance is evaluated on a
large-scale dataset comprising thousands of real-world
pedestrian-vehicle-interactions,
Relevance of different contextual cues is assessed based
on an ablation study.

The remainder of this paper is organized as follows: We
first give an overview on related work in Sec. II. We then
introduce our large-scale dataset of vehicle-pedestrian interactions in Sec. III. In Sec. IV we analyze pedestrian-vehicle
interactions to determine human driving behavior and to derive
requirements on pedestrian prediction for automated driving.
Our prediction model is introduced in Sec. V and thoroughly
evaluated in Sec. VI. Finally, we conclude the paper with a
discussion of our results in Sec. VII.
II. R ELATED W ORK
In this section, we give an overview of state of the art approaches as well as typical input features applied to pedestrian
prediction. Furthermore, evaluation metrics and public datasets
are briefly summarized. For a more comprehensive overview,
we refer the reader to [3].

A. Existing Models
Predicting future motion of traffic participants is an extensively studied field. Many traditional approaches depend on a
set of explicitly defined dynamics equations that are generally
derived from physics-based motion models [3]. Often, these
approaches use Probabilistic Graphical Models to define these
relations [4], [5], [6].
Recently, pattern-based methods that learn behavioral patterns from data have outperformed traditional approaches.
Especially, deep learning based solutions became state of the
art for most of the problems related to public datasets. Often,
Recurrent Neural Networks (RNN) are used for encoding
trajectories of interacting agents and decoding future behavior
[7], [8], [9]. One of the major problems associated with these
approaches is to accurately capture the probabilistic, multimodal distribution over trajectories. In order to address this
issue recent deep learning based methods predict parametric distributions [7], learn mixtures of Gaussian trajectory
distributions [10], use adversarial training approaches [11],
or introduce discrete [12] or continuous [13], [14], [15]
latent variables. The models presented in this paper build on
Conditional Variational Autoencoders (CVAE) [16], which use
continuous latent variables to capture complex, multi-modal
probability distributions.
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B. Used Features
Human behavior is influenced by contextual cues of internal
and external stimuli. The survey [3] groups them into three
categories: cues of the target agent, the dynamic environment,
and the static environment. Potential target agent cues are the
motion state (e.g. position, velocities) [6], [7], [9], appearance
based cues (e.g. head or body pose) [17], or semantic attributes
(e.g. age or gender) [18]. While traditional models often do
not take into account influences of the dynamic environment
[19], [20], [21], other approaches exist that model interactions
with other agents [22], [23], [7] or even social groups [24].
Regarding cues of the static environment, there are several
approaches that neglect this influence [25], [26], some others
only model influence of individual static objects [27], while
still others model more complex influences from environment
geometry and topology [28], [29].

C. Evaluation Metrics
Performance evaluation is an integral part of the process
of creating a prediction model. The survey [3] extensively
discusses different metrics for models that predict trajectories. These metrics fall into two classes, geometric and
probabilistic. A widely used geometric metric is the average
displacement error (ADE), which applies to models providing
point predictions. ADE measures the euclidean distance of a
predicted trajectory from ground truth positions at a specific
prediction time interval, averaged over the trajectory, or over
multiple trajectories. A common misuse of ADE is applying
it to probabilistic predictions, averaging over the predictive
distribution as well.
Probabilistic metrics are used for models that provide
predictions in the form of probability densities. This kind
of metrics measures how well the predictions capture the
uncertainties inherent to the prediction process as well as
the true process. A typical metric here is average (negative)
log likelihood of the ground truth positions. Another example
would be Kullback-Leibler divergence. Unfortunately, these
kind of metrics tends to lack intuitive interpretability. One
subtlety with the different probabilistic metrics is whether they
encourage multimodal predictive distributions or not.
This leads to the question whether the metrics discussed
so far measure properties relevant for possible applications
of the model under consideration. [30] discuss the problem
of evaluating generative (probabilistic) models and come to
the conclusion that application specific metrics are generally
required. This is done by [31] for a pedestrian prediction
application. The authors pose their prediction task as an intent
classification problem, and use a classification performance
metric. A standard graphical classification performance metric
for classifiers with binary predictions are ROC curves [32],
with the related numerical metric AUC which measures the
area under the curve. Classifiers that predict class probabilities
allow for continuous numerical metrics like log loss [33], also
known as cross entropy, which is widely used in machine
learning.
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D. Datasets
In contrast to the large number of datasets devoted to
pedestrian detection there is only a limited number of datasets
that address pedestrian prediction in automated driving context. Most notably the latter include the Joint Attention in
Autonomous Driving (JAAD) dataset [34], the Pedestrian Intention Estimation (PIE) dataset [35], and the Daimler Pedestrian Path Prediction Benchmark dataset [36]. Each of them
only covers video recordings, which renders them suitable
to benchmark computer vision algorithms. However, they are
limited in use for investigating trajectory prediction which is
usually carried out in birds-eye view. Other datasets comprise
such top-view trajectories (e.g. ETHZ dataset [37], Stanford
Drone Dataset (SDD) [24]), but where recorded in nonautomotive scenes. Recently, various large scale automotive
datasets were published (e.g. [38], [39], [40], [41]), many of
them comprising tracking or motion forecasting challenges,
too. However, they mainly focus on the task of predicting
other vehicles and thus lack a significant number of scenes
that cover pedestrian-vehicle interactions. To overcome this
shortage, we created a large-scale dataset that specifically
addresses pedestrian prediction in automated driving context.
We will introduce the dataset in the following section.

Fig. 3. Example of labeled pedestrian attributes: The compass plots depict
head and body orientation, where the filled upper compass indicates that the
pedestrian is looking at the ego-vehicle.

participants, the setup proved to result in a great variety of
realistic vehicle-pedestrian interactions.
The recordings were carried out during three weeks in
fall of 2018. Overall, we recorded 80 hours of data using
different drivers to reduce driving style biases. Data acquisition
was performed using a Bosch test vehicle equipped with
various surround sensors. The recorded data comprises 3D
point clouds of a 360 degree LiDAR sensor and images of
two front-facing cameras with horizontal opening angles of
45 and 90 degrees, respectively. Furthermore, an IMU with
differential GPS provides precise information on the egovehicle’s position and motion.

III. DATASET
A. Data Collection

B. Data Labeling

The dataset we refer to in this paper comprises vehiclepedestrian interactions from inner-city traffic in southern Germany. The data was recorded on four different round-courses
with lengths between 2 and 4 km. The routes were chosen
to maximize variability of traffic scenarios including both
downtown and suburban areas, different road sizes, traffic
densities, and number of pedestrians. Furthermore, the routes
contain various traffic control elements which are relevant for
vehicle-pedestrian interactions, most notably zebra crossings,
pedestrian refuge islands, or a combination of both.
To further increase scenario coverage a number of actors
were positioned at different locations along the courses. The
instruction of actors followed a semi-scripted approach where
actors were told not to perform specific interactions with the
recording vehicle but rather to arbitrarily vary their walking
routes, interactions and behavior in a realistic manner. Since
actors had to adapt their behavior to the respective traffic
situation, including the recording vehicle and other traffic

Data post processing included an automatic extraction of
pedestrian trajectories. As a first step, we applied pedestrian
detectors on the recorded point cloud and image data, respectively. The detections from the different sensors were
subsequently matched and finally tracked in 3D using Kalman
filtering with constant velocity models. Overall, we could
extract 99,011 pedestrian tracks from our recordings, out of
which 7 % are crossing the road. Fig. 2 illustrates the distribution of tracks with respect to the different round courses
and crossing locations. We finally excluded pedestrian tracks
at traffic lights because behavior there is mostly deterministic
given the traffic light states.

3%
course #1
course #2

64%

6%

course #3
course #4

(a) round courses

75%

road
zebra crossing
refuge island

27%

traffic light

7%
17%

1%
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Fig. 2. Dataset statistics: (a) depicts the distribution of pedestrian tracks with
respect to the four courses; (b) illustrates the locations at which pedestrians
crossed the street.

Fig. 4. Semantic map of one round course overlaid to a road map. Different
colors denote different semantic classes.
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Fig. 5. Two traffic scenarios of a vehicle approaching a pedestrian crossing the roadway. In scenario (a) the driver brakes in order to maintain a time-to-collision
above approximately 2 s while the pedestrian is traversing the driving corridor of the vehicle. In scenario (b) the driver maintains a sufficiently large time gap
between his vehicle and the pedestrian without having to brake.

To enable an investigation of potentially behavior-relevant
features, we further performed hand-labeling of a subset of
10,159 pedestrians. For the labeling, the tracks were randomly
selected while ensuring that tracks are balanced between
crossing and non-crossing pedestrians as well as location (i.e.
presence of different traffic control elements). As depicted in
Fig. 3, the frame-wise labels include body and head orientation
(in degrees).
Finally, we created semantic maps of the round courses via
hand-labeling of decimeter-level accurate aerial orthoimages
(see Fig. 4). These maps comprise the locations of roads,
sidewalks, cycle tracks, bus lanes, barred areas, zebra crossings, refuge islands, traffic lights, lawn, and buildings. The
trajectories of the ego-vehicle as well as those of the detected
pedestrians hence can be projected onto the map, given the
precise global position recordings of the ego-vehicle.
IV. R EQUIREMENTS ON P EDESTRIAN B EHAVIOR
P REDICTION
A. Analysis of Human Driving Behavior
In order to define a suitable system behavior of an automated vehicle, we investigated different scenarios where a
human driver interacts with pedestrians crossing the roadway
in front of the vehicle. These scenarios were taken from the
dataset described in Section III. Two typical examples are
depicted in Fig. 5.
A common measure for the criticality of a driving situation
is the time-to-collision TTC = d/v. It is calculated from the

distance to an obstacle d, in our case a pedestrian, in relation
to the driving velocity v and thus indicates the time required
for a vehicle to hit the obstacle assuming constant velocity.
The graph in Fig. 5a shows the velocity (green) and the
TTC (blue) of a vehicle approaching a pedestrian who crosses
the road from left to right. The two vertical dashed lines at
t1 = 2.6 s and t2 = 4.5 s mark the points in time at which the
pedestrian enters and leaves the driving corridor of the vehicle,
respectively. For the analysis in this paper we assume a driving
corridor width of 3 m. Overall it takes the pedestrian 1.9 s
to traverse the danger zone of the driving corridor. At time
t1 , when they enter the corridor, the TTC of the approaching
vehicle is 2.9 s and at time t2 , when the pedestrian leaves the
corridor again, TTC is 2.1 s.
As soon as the driver recognizes that the pedestrian intends
to cross the roadway, they slightly start to brake their vehicle
at t = 1.5 s. This can be clearly seen by the decrease in slope
of the vehicle velocity and by the increase in slope of the TTC
curves, respectively. By slightly braking, the driver maintains a
TTC above approximately 2 s while the pedestrian is traversing
the driving corridor. As soon as the pedestrian has left the
corridor and is thus out of the danger zone, the driver releases
the brake at t = 4.8 s and shortly afterwards accelerates the
vehicle.
In contrast, the dashed blue line in the graph indicates how
the TTC would evolve over time if the driver did not brake
and maintained a constant velocity. In this case, the vehicle
would approach the pedestrian faster leading to smaller TTC
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Fig. 6. Cumulative distribution function (red) and number of occurrences
(blue) of the minimum time gap while pedestrians traverse the driving corridor
of an approaching vehicle. The median of the distribution is at a minimum
time gap of 2.84 s.

values while the pedestrian is traversing the driving corridor.
Here, the TTC would drop to a value of 0.5 s at t2 when the
pedestrian leaves the driving corridor.
Fig. 5b depicts another traffic scenario with a vehicle approaching a pedestrian crossing the roadway from right to left.
Again, the dashed vertical lines indicate when the pedestrian
enters and leaves the driving corridor, respectively. In contrast
to the previous case, the driver neither brakes nor accelerates
while their vehicle is approaching the pedestrian. This is due to
the fact that the time gap already is at a safe level > 2.9 s while
the pedestrian is traversing the driving corridor and, therefore,
the driver does not have to take any action but rather maintains
a constant velocity of approximately 14 km/h.
These two examples suggest that human drivers try to
establish a time gap between the pedestrian and their vehicle
that does not fall below a certain threshold value for the time
span while a pedestrian traverses the driving corridor. This
hypothesis is also confirmed by a statistical analysis of the
minimum time gaps which occur in crossing scenarios. To
this end, 2,238 scenarios of pedestrians crossing the roadway
from right to left and vice versa in front of an approaching
vehicle were identified in the data set. For these scenarios,
the minimum time gaps occurring while the pedestrians were
traversing the vehicle corridor were determined.
Fig. 6 shows the cumulative distribution function (red) and
the number of occurrences (blue) of these scenarios as a
function of the minimum time gap. The onset of individual
scenarios occurs at a minimum time gap of 0.6 s and the
distribution reaches the maximum number of occurrences in
the right-open interval between 2.3 s and 2.4 s. The median of
the distribution is at a minimum time gap of 2.84 s, the first
and third quartiles are at 2.09 s and 3.92 s, respectively.
The distribution function of minimum time gaps thus shows
that drivers try not to fall below a certain threshold value for
the time gap between their vehicle and the pedestrian crossing,
which is perceived as safe and comfortable by both parties. If
the initial situation of a crossing scenario leads to a time gap
lower than the threshold value, the driver reacts by adjusting
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the speed of their vehicle accordingly, e.g. by applying the
brakes. Furthermore, the results show that a minimum time
gap of at least 2.8 s (i.e. the median of the distribution) is
perceived as safe and comfortable by the majority of traffic
participants.
B. Derived AD System Reaction Pattern
Based on our analysis of human driving behavior we next
derive system reactions of an automated vehicle that should
mimic those of human drivers. For the sake of simplicity
we focus on longitudinal vehicle control, i.e. the adaption
of the vehicle’s velocity along a predefined or planned path.
As shown in the previous section, the observed minimum
time gap between a vehicle and a pedestrian traversing the
driving corridor is of particular importance in this respect.
Our analysis suggests, that there is a threshold value below
which a situation is perceived uncomfortable or even critical.
The acceptance of time gaps is, of course, subjective and
may depend on driving style, street layout, or traffic density.
However, the histogram in Fig. 6 suggests that time gaps below
2 s (i.e. approximately the first quartile of the distribution)
are seldom observed and hence also should be avoided by an
automated vehicle.
To realize an adequate system behavior we suggest that
an automated vehicle monitors its future driving corridor, in
particular with respect to violations of a defined minimum time
gap. As illustrated in Fig. 7, we consequently define a comfort
zone that extends along the vehicle’s future path. The extent
of the comfort zone reflects the time gap which is considered
comfortable. In our implementation we choose a TTC of 3 s,
which corresponds to a conservative driving style. The length
of the comfort zone consequently depends on the vehicle’s
speed and thus can be adapted via braking (zone shrinks) or
acceleration (zone is enlarged).
Furthermore, we propose that an automated vehicle evaluates whether its comfort zone is violated by a pedestrian –
currently or in the future. This is done by predicting future
pedestrian locations and intersecting them with the vehicle’s
future comfort zones (see Fig. 7a). The latter are derived
by shifting the current comfort zone along the planned path
assuming constant vehicle velocity (i.e. no change in system
behavior). In case of violations, the automated vehicle issues a
system reaction, e.g. braking, such that the pedestrian’s future
trajectory does not violate the adapted comfort zones anymore
(see Fig. 7b).
From the above considerations it becomes evident that comfortable driving requires large prediction horizons. Pedestrians
at least have to be predicted for a time horizon that corresponds
to the comfort zone’s time gap, i.e. 3 s in our case. To realize
natural driving behavior even larger horizons are required
such that future comfort zone violations can be anticipated.
Requirements on prediction accuracy can be relaxed for larger
prediction horizons as erroneous system reactions still can be
corrected in the future. However, to minimize false system
reactions it is required that behavior planning takes prediction
uncertainties into account. Pedestrian prediction models hence
should yield uncertainty estimates (e.g. in terms of probability
distributions over future pedestrian locations).
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Fig. 7. Illustration of the proposed procedure to derive appropriate system reactions. In (a) the system first evaluates whether a pedestrian will violate the
comfort zone in the future. In (b) a braking maneuver finally slows down the vehicle such that future comfort zone violations are circumvented. Dashed lines
depict the paths of the vehicle and the pedestrian. The red regions corresponds to the vehicle’s comfort zone.

It should be noted that the comfort zone is not necessarily
restricted to regions in front of the vehicle. Rather, it may
also cover a region behind the vehicle. This allows to evaluate
whether the vehicle can pass a pedestrian with a sufficient time
gap before the pedestrian enters the driving corridor. Similarly,
the comfort zone may be extended to include infrastructure
elements (e.g. zebra crossings as depicted in Fig. 8) such that
country-specific traffic rules are taken into account.

the ROI for, say, T = 3 s prediction horizons, whereas the
solid blue line shows the predicted in-ROI probability for this
ROI
prediction horizon. Thresholding Pt+T
finally yields an inROI classification that is compared to the true state for each
sample t.
Thus we have defined a classification problem (with pre-

C. Prediction Performance Metric

where ROIt+T denotes the predicted ROI and p(xt+T |x0:t , C)
the predictive distribution of pedestrian locations given the
pedestrian’s past trajectory x0:t and contextual cues C. Computing the in-ROI probability requires integration of the predictive distribution over the ROI. This is approximated with a
Monte-Carlo approach using samples from the distribution.
Fig. 8b illustrates the evolvement of the scene and the
prediction over time. Specifically, the dashed line represents
the true state of the pedestrian with regard to being inside

(a)
ground truth

1

prediction pROI

TP
pROI

xt+T ∈ROIt+T

ROI

TN

FN

FN

TN

threshold

0

Building on the AD system reaction we now derive an
application specific performance metric for our prediction
model. To this end we define pedestrian behavior prediction
as a binary classification task.
Fig. 8a shows a typical traffic scene with the trajectory of a
crossing pedestrian as well as the ego vehicle’s comfort zone.
The latter is referred to as region of interest (ROI) in the
following. The task of a pedestrian prediction is to anticipate
violations of the ROI, i.e. a classification whether a pedestrian
will be located inside the ROI in the future. We define the inROI
ROI probability Pt+T
at time t + T as
Z
ROI
Pt+T
=
p(xt+T |x0:t , C) dxt+T ,
(1)

time

(b)
Fig. 8. Illustration of the proposed performance metric. (a) Ground truth
pedestrian trajectory crossing the region of interest. (b) Prediction of in-ROI
probability (solid) and ground truth of in-ROI state (dashed). For one recorded
traffic scene, 3 s predictions of pedestrian and of ego vehicle ROI have been
started from all possible points in time (x-axis).
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dicted class probabilities) for which textbook metrics can be
applied. In particular, we choose the true positive rate (TPR)
and the false alarm rate (FAR) which are defined as
TPR =

TP/(TP + FN)

(2)

FAR =

FP/(FP + TN),

(3)

where TP, TN, FP, and FN denote number of true positive,
true negative, false positive, and false negative samples, respectively. For metric calculation we accumulate classification
results over the set of test tracks, but exclude samples at
which a pedestrian has a TTC > 5 s. This is in order to
only consider predictions in the metric that could actually be
relevant for an AD system decision. Moreover, we individually
calculate the metric for different prediction time horizons, e.g.
T ∈ {1 s, 2 s, 3 s, 4 s}.
It should be noted that the sensitivity of the classification
can be adjusted by choosing different thresholds (see Fig. 8b).
We consequently obtain an ROC curve which is appealing
due to its intuitive interpretation. In particular, it allows for
studying the trade off between TPR and FAR which would
be difficult to define from requirements given a priori. A
drawback of the ROC metric is that it can not be used as a pertrack metric, because an individual pedestrian track contains
too little data to result in a sufficient statistic.
That is why we additionally employ the log loss metric for
development purposes. It can be computed per track so that
studying the effect of model changes on the performance for
specific tracks or kinds of traffic scenes is possible. On the
downside, this metric does not have an intuitive function-level
interpretation.
V. P EDESTRIAN P REDICTION M ODEL
Section IV analyzes human driving behavior and derives an
expected AD system reaction pattern. Such a reaction pattern
requires judging whether the probability of a pedestrian being
inside a future comfort zone of the ego vehicle exceeds a
certain threshold. Based on this reaction pattern, we can derive
desired properties of prediction models:
• Prediction of a continuous distribution over future pedestrian locations for computing the likelihood of a pedestrian being inside the future comfort zone of the ego
vehicle,
• Predictive distributions over different prediction horizons
to evaluate comfort zone violations for different prediction horizons,
• Ability to model complex multi-modal distributions as
future behavior can have several non-trivial modes (e.g.
going straight or crossing the street),
• Learning influences of the static and dynamic environment that affect the pedestrians behavior.
In Section II, we refer to several recent approaches for
pedestrian behavior prediction, which differ in terms of model
types, architectures, learning method, or availability of features. However, most recent approaches use Deep Learning
(DL) models for learning complex, non-linear functional dependencies from input features to the predicted behavior. Especially Conditional Variational Autoencoders (CVAEs) [16]

z

xt−H:t

xt+1:T

st

Fig. 9. CVAE with circles indicating random variables. Blue circles illustrate
measurements of dynamic xt−H:t and static features st , turquoise circles
illustrate latent variables, and green circles represent predicted variables.
Magenta arrows depict the prediction model, whereas green dashed arrows
illustrate the inference model of the latent variable.

have proven to be suitable for such use cases as they can learn
complex, continuous distributions by introducing continuous
latent variables. Furthermore, they allow to incorporate feature
observations by conditioning on them.
In this section, we introduce a model for pedestrian behavior prediction based on CVAEs and give an overview on
architectures for learning dependencies of different types of
features.
A. General Model
Traditional DL-based probabilistic models often predict
parameters of a pre-defined parametric distribution (e.g. Gaussian). However, for many problems the actual shape of the
distribution is unknown and varies over situations. This fact
makes it difficult to specify a suitable parametric distribution.
To overcome this problem, we propose a pedestrian prediction model based on a CVAE, which is depicted as a
graphical model in Fig. 9. The circles represent different types
of random variables: Blue circles correspond to measurements
(the pedestrian trajectory including dynamic features xt−H:t
of the last H timesteps and a respresentation of the static
environment st ), the turquoise circle is a continuous latent
variable with prior p(z) (we stick to the Gaussian prior, which
is used in many publications, e.g. [16]), and the green circle
represents future pedestrian locations.
Sampling: The magenta arrows illustrate the sampling
process of the induced predictive distribution:
1) Observe a pedestrian trajectory xt−H:t and the environment around the pedestrian st .
2) Sample z from the Gaussian prior p(z) = N (z; 0, 1).
3) Sample xt+1:T from the conditional distribution
pθ (xt+1:T |xt−H:t , st , z).
Consequently, the predictive distribution of the CVAE (illustrated by magenta arrows), can be formulated as:
Z
pθ (xt+1:T |xt−H:t , st ) = pθ (xt+1:T |xt−H:t , st , z)p(z)dz.
z

(4)
We model pθ (xt+1:T |xt−H:t , st , z) by a multivariate normal
distribution with parameters being predicted by a neural network. It should be emphasized however, that the predictive
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B. Baseline model and feature integration

Predictive model

z

A CVAE allows for integrating features by conditioning
on them. As indicated in Fig. 9 we propose to condition
on both static information at a particular timestep st as well
as dynamic information of the agents x0:t . For conditioning
Recurrent
Past observations
on such information, we propose the DL-based architecture
encoder
depicted in Fig. 10.
We encode dynamic features of the agent xt−H:t (e.g.
Feature
MLP
PDF
vector
relative motion between two timesteps, head pose, body pose,
‘small’ VGGNet
distance to the ego vehicle) via recurrent encoders into an
embedding space. In addition, we represent the static environment around the pedestrian via a grid in birds eye view, where
Future
trajectory
Inference model
different colors indicate different semantics (e.g. sidewalk,
Concatenate
road, zebra crossing, building, isle, bicycle lane, unknown).
These birds eye view grids are encoded via a small VGGNet
Fig. 10. DL-based architecture of the proposed CVAE. For inferring the latent
architecture to provide a static environment embedding vector.
variable, the inference model uses encoded past observations of a pedestrian,
encoded static context of the environment, as well as the observed future
Predictive model pθ (xt+1:T |xt−H:t , st , z) (dashed blue
trajectory. In contrast, the predictive model does not have access to the future
rectangle): For the predictive model, the static environment
trajectoy, but predicts future locations given past observation, static context,
embedding, the dynamic environment embedding, as well as
and a sample of the latent variable z. The predictive and the inference model
share the same encoders of past observations and static context.
a sample z from the Z-dimensional multivariate Gaussian
prior p(z) are concatenated together to form a feature vector.
This feature vector is transformed via an MLP to generate
parameters of a joint distribution over the future pedestrian
distiburion pθ (xt+1:T |xt−H:t , st ) is not restricted to a multi- locations in x and y at four prediction timesteps (1s, 2s, 3s,
variate Gaussian distribution but can be rather complex due to 4s). We model the joint output distribution as an 8-dimensional
the integral over the latent variable z.
Gaussian distribution.
Inference model qφ (z|xt+1:T , xt−H:t , st ) (dotted green
Learning: During training, the CVAE utilizes an inference
rectangle):
The inference model qφ infers the latent variable
model qφ (z|xt+1:T , xt−H:t , st ) that infers a posterior distriz
that
has
created the observed future. As input the corbution over the latent variable z from measurements and the
responding
inference
model receives the static environment
observed future trajectory (green, dashed arrows in Fig. 9).
embedding,
the
dynamic
environment embedding of the past,
We train the full model by minimizing the evidence lower
and
the
relative
future
motion
of the pedestrian, which are
bound (ELBO), which is a lower bound on the conditional
concatenated
into
one
joint
feature
vector. Then an MLP is
log likelihood of the model in Eq. (4):
used to transform this feature vector into a Z-dimensional
Gaussian distribution.
Feature combinations: The proposed architecture allows
Eqφ (z|xt−H:T ,st ) [log pθ (xt+1:T |xt−H:t , st , z)]−DKL (qφ ||p(z)) for flexible changes of input features and enables an ablation
(5) study regarding the influence of different features on the
The first term corresponds to a reconstruction loss as used prediction performance. Table I denotes the features that we
for training autoencoders. Drawing on this analogy, we can have evaluated in this study. The most basic model only
consider the inference model qφ as encoder, that encodes conditions on the past motion of the pedestrian and does not
past and future observations into the latent state z. Then, use any additional information. Hence, it can only learn future
the distribution pθ corresponds to the decoder, which tries predictions based on cues in the pedestrian trajectory itself.
to reconstruct the future trajectory from the latent state. The
latter term is the Kullback–Leibler divergence DKL (qφ ||p(z))
TABLE I
between the posterior distribution qφ and the prior distribution
D ESCRIPTION OF FEATURES USED IN THE CVAE.
p(z). This term forces the inference model to match the
Feature Description
uninformative Gaussian prior. Consequently, the first term
Motion
Pedestrian relative motion (dx, dy) at every timestep.
tries to encode information into z and the latter term tries
Ego
Distance between pedestrian and ego vehicle at every timestep.
Head
Head pose of the pedestrian at every timestep.
to prevent it. For qφ = p(z) the KL-term vanishes and no
Body
Body pose of the pedestrian at every timestep.
information is incorporated into z. In this case, the model does
Map
Semantic map around the last position of the pedestrian.
not make use of the latent space at all. However, this only
happens if the conditional model pθ (xt+1:T |xt−H:t , st , z) is
complex enough to model the data distribution without using z,
VI. E XPERIMENTAL R ESULTS
e.g. all modeling assumptions are correct (model complexity,
conditional Gaussian, etc.). This property of CVAEs enables A. Experimental Setup
an adaptive model complexity that proves useful if complexity
Training, validation and test subsets are drawn from three
varies over situations.
round courses in our dataset. The fourth course is reserved for
Prior

Sample
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Fig. 11. ROI-based metric results of the full CVAE model (all features), a CVAE motion model (pedestrian motion feature only) and a linear Kalman Filter
baseline for different prediction horizons. The shaded bands denote the inter quartile interval per FAR.

studying the effects of areas not exposed to the model during
training. The dataset is split by first assembling the test set.
In order to be able to evaluate how pedestrian features like
head pose affect the prediction performance, the whole test
set needs to consist of labeled tracks. With the fraction of
labeled tracks in the dataset being comparatively small, the
test set has to be limited in size to ensure enough labeled
tracks are available for training. We decided to constrain the
test set size to 500 tracks while at the same time guaranteeing
a large variety of scenes. This is achieved by drawing from
the labeled subset via stratified random sampling, with each
category, e.g. crossing/not crossing, distance from ego vehicle,
crossing in front/behind the ego vehicle, being represented at
least once.
For training and validation, a minimum track length of 5s is
required to enable training of prediction horizons of up to 4s.
5% of the tracks fulfilling this criterion are randomly assigned
to the validation set, the remaining tracks form the training set.
Training and validation set contain 42,551 (7,175 labeled) and
2,278 (389 labeled), respectively.
B. Quantitative Evaluation
To benchmark the performance of the proposed CVAE
prediction model, we compare against a linear baseline that

employs Kalman Filtering (KF) using a constant velocity
model (KF motion). We provide results for a CVAE model
that solely uses a pedestrian’s past trajectory (CVAE motion)
as well as a CVAE model that employs a full feature set
(CVAE full) consisting of the pedestrian’s past trajectory, their
head and body poses, the semantic map and the past ego
vehicle’s trajectory. In this way the effect of contextual cues on
the prediction performance can be assessed. We run all three
models on the test dataset and evaluate the predictions using
the application-specific ROI-metric proposed in Sec. IV-C.
In order to assess the variance of the test results, evaluations
are repeated using the bootstrap method [42] with B = 20
replications. Each replication uses an artificial test set created
from the original test set by resampling 500 tracks with
replacement. The bootstrap method produces an estimate of
the variance that would be seen with completely new test data
taken from the same ground truth distribution of data.
The resulting ROC curves for different prediction horizons
are depicted in Fig. 11 (solid line: median TPR per FAR,
shaded area: inter quartile interval per FAR). It becomes
evident that the prediction accuracies of all models decrease
with increasing prediction horizons. For a prediction horizon
of 1 s all models achieve very good accuracies with the CVAE
models slightly outperforming the linear KF baseline. This
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TABLE II
P ERFORMANCE OF P EDESTRIAN P REDICTION M ODELS
Model
KF motion
CVAE motion
CVAE full

ROI True Positive Rate ( %)
1s
2s
3s
4s
94.3
96.1
98.3

81.5
85.1
94.0

86.0
87.4
93.3

84.1
85.8
95.5

Negative Log-Likelihood
1s
2s
3s
4s
2.40
0.23
−0.20

result confirms that for short-term pedestrian prediction linear
prediction models are already well suited and that contextual
cues only have a minor benefit. However, the contrary holds
for prediction horizons of 2 to 4 s. While the CVAE motion
model just slightly surpasses the KF baseline, the full CVAE
model significantly outperforms it. Our results thus confirm the
importance of using contextual cues for long-term pedestrian
prediction.
For an application of prediction models in an AD system,
the performance at low FAR is of particular interest, since high
FAR would result in an unacceptable number of false system
reactions. However, acceptable FARs differ with respect to
prediction horizons – larger prediction horizons usually correspond to less critical situations so that there is sufficient
time left to correct potential erroneous system reactions. We
hence allow for slightly larger FARs for long-term prediction
compared to very small FARs in the short-term prediction
case. Specifically, we consider FARs of 2.5%, 5%, 10%, and
15% as suitable working points for the 1 s, 2 s, 3 s, and 4 s
prediction models, respectively. The corresponding TPRs of
the three models are listed in Table II.
Table II further lists the respective values for the negative
log-likelihood and the ADE metric. We show ADE here
because it gives an impression of the order of magnitude of
the model error in terms of physical dimensions (meters). The
results reveal that the ADE values are quite strongly correlated
with the negative log-likelihood values in this case, which is in
contrast to our earlier statement about the applicability of ADE
to multimodal predictions (see Section II-C). Analysing model
predictions more closely as will be done in Section VI-D, we
notice that most model predictions are unimodal. We attribute
this to multimodal behavior being underrepresented in the
training data.
C. Feature Relevance Assessment
To analyze the relevance of different contextual cues we
performed an ablation study whose results are shown in
Table III. We list the true positive rate (TPR) and the negative
log-likelihood (NLL) for CVAE models that use different input
feature combinations, respectively. Numbers in large font are
medians from the bootstrap analysis, while small font numbers
indicate inter quartile ranges (25% and 75% quartile).
As expected, the consideration of contextual cues positively
influence model performance compared to the baseline CVAE
motion model, in particular for larger prediction time horizons.
This is in accordance with Fig. 11 and consistent across almost
all model variants. Subtle deviations from this general trend
will be discussed later in this section.

3.96
1.63
1.11

4.89
2.47
1.95

5.47
3.23
2.72

1s
0.62
0.54
0.47

ADE ( m)
2s
3s
1.26
1.13
0.96

1.99
1.77
1.50

4s
2.87
2.58
2.23

Furthermore, it is obvious that the map is crucial for good
prediction performance, when comparing models 1-4 (without
map) to models 5-8 (with map). The positive effect of using a
map is particularly pronounced for prediction horizons of 2 s
to 4 s. Checking the interquartile intervals of the corresponding
models with and without map, we see that they are nonoverlapping in most cases. This gives us confidence that the
differences in model performance are significant.
The 2 s to 4 s predictions with map further indicate that
adding either ego or head+body feature slightly improves
performance (models 6 and 7 compared to model 5). However,
the interquartile intervals for models 6 and 7 overlap strongly
with the intervals for model 5 in most cases. Instead, including
both features, i.e. ego+head+body, yields significantly better
results. This shows that the combination of them contains
valuable information. The same trend can be observed for the
set of models without map.
A notable exception to this general trend can be observed for
the ego feature (models 2 and 6), where the TPR deteriorates
for 3 s and 4 s prediction horizons. Interestingly, this effect
cannot be observed in NLL. Even though the effect is not
significant as the interquartile intervals strongly overlap, it is
still surprising that adding ego does tamper with the median
TPR. This might be caused by the metrics measuring different
aspects of model performance, while the training objective
is more correlated to NLL than to the ROI metric. The
investigation of more system-centric training objectives could
thus be a promising field of future research.
D. Qualitative Evaluation
The feature relevance assessment in Section VI-C indicates that CVAE-based models with additional features can
significantly outperform the baseline. In the following, we
provide qualitative examples, which highlight the influence of
features on pedestrian prediction using our proposed CVAEbased model. Fig. 12 illustrates two scenes that often occur
in urban scenarios. In the first scene, Fig. 12a and 12b, a
pedestrian is walking on the sidewalk (dark gray) parallel
to the street (light gray) and approaching a zebra crossing
(violet). The CVAE motion model in Fig. 12a does not have
information about the static environment and thus mainly
predicts straight walking with some uncertainty. Instead, the
CVAE with map feature in Fig. 12b was able to learn that
zebra crossings increase likelihoods of pedestrians to cross and
it correctly skews the distribution towards the zebra crossing,
while still keeping a mode for straight walking. The second
scene, Fig. 12c and 12d, shows a pedestrian that stands at
the side of a street and waits for crossing, while a car is
decelerating to let the pedestrian pass. The CVAE motion

This work has been submitted to the IEEE for possible publication. Copyright may be transferred without notice, after which this version may no longer be accessible.

MANUSCRIPT SUBMITTED FOR REVIEW TO IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS

11

TABLE III
A BLATION S TUDY OF CONTEXTUAL CUES
Model
1s
1
2
3

96.1

CVAE motion
CVAE motion+ego
CVAE motion+head+body

96.3
95.6

97.2

97.6
96.6

97.3

97.8
96.8

ROI True Positive Rate ( %)
2s
3s
85.1

86.9
84.0

88.0

89.1
87.1

89.5

91.2
88.6

91.8

93.1
90.8

87.4

88.4
84.6

89.7

91.2
88.6

89.3

91.2
88.0

91.5

92.4
90.2

4s
89.6
82.7

85.8

1s
0.23

84.4

90.5
81.4

86.1

90.9
82.1

88.0

92.2
84.9

−0.12

0.20
0.25

1.63

−0.12
−0.07

−0.10
0.13

Negative Log-Likelihood
2s
3s

0.11
0.15

1.60
1.68

2.47

1.32

1.28
1.38

4s

2.44
2.55

3.23

3.19
3.32

2.20

2.15
2.26

3.05

2.98
3.14

1.54

1.52
1.59

2.40

2.37
2.48

3.18

3.13
3.26

−0.16
−0.10

1.29

1.25
1.34

2.16

2.11
2.24

2.97

2.89
3.05

0.01
0.05

1.35

1.31
1.38

2.14

2.10
2.21

2.86

2.79
2.95

4

CVAE motion+ego+head+body

97.9

98.3
97.6

5

CVAE motion+map

97.7

98.4
97.4

91.2

92.5
90.3

91.6

93.1
89.8

92.8

94.4
90.0

0.04

6

CVAE motion+map+ego

97.9

98.2
97.3

92.7

94.0
92.2

91.4

92.8
89.9

91.0

91.6
87.9

−0.17

−0.20
−0.15

1.17

1.14
1.21

1.99

1.95
2.06

2.79

2.71
2.87

7

CVAE motion+map+head+body

97.9

98.4
97.6

92.6

93.6
91.3

92.9

93.4
92.0

94.6

96.2
91.6

−0.02

−0.03
0.00

1.29

1.26
1.33

2.08

2.04
2.14

2.80

2.74
2.91

−0.20

−0.23
−0.18

1.11

1.08
1.14

1.95

1.91
2.02

2.72

2.65
2.82

8

CVAE motion+map+ego+head+body

road

sidewalk

98.3

98.7
98.1

94.0

94.9
92.9

93.3

zebra crossing

94.5
92.1

95.5

refuge island

96.5
94.3

cycle track

building

lawn

(a) Zebra crossing (features: motion)

(c) Crossing without zebra (features: motion)

(b) Zebra crossing (features: motion, map)

(d) Crossing without zebra (features: motion, map, ego)

Fig. 12. Pedestrian behavior prediction of the proposed model in two different scenarios. The circles indicate predictions for 1s (turquoise), 2s (blue), 3s
(purple), and 4s (magenta), while the dashed line with crosses indicate the groundtruth future trajectory. In the first scenario, depicted in (a) and (b), a
pedestrian is walking towards a zebra crossing after walking straight on the sidewalk, but parallel to the street. In the second scenario, depicted in (c) and
(d), a pedestrian is starting to cross the street without a zebra crossing, after a car has reduced its speed (prediction of the car is illustrated by a magenta box
at the top).

model in Fig. 12c with only pedestrian features is not able to
predict that the likelihood increases for the pedestrian to start
walking, while the CVAE model with map and ego vehicle
features in Fig. 12d picks up this information very fast and
predicts the pedestrian to cross the street.

VII. C ONCLUSION
With the shift from advanced driver assistance systems
towards fully automated driving, novel requirements on pedestrian behavior prediction arise. In this paper we argued that
these requirements are not fully taken into account by established evaluation procedures – particularly in terms of metrics
and datasets that are usually used to quantitatively assess pre-
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diction performance. We proposed a system-level approach to
bridge this gap: Based on a large dataset comprising thousands
of pedestrian-vehicle interactions, we analyzed human driving
patterns, designed corresponding reaction patterns of an AD
system, and finally derived respective requirements on a pedestrian behavior prediction component. Moreover, we proposed
a novel evaluation metric that measures the fulfillment of these
requirements and hence eases a system-level interpretation of
results. Our contribution thus shall stimulate future research on
system-level evaluation and optimization of prediction models.
We additionally proposed a CVAE-based model for pedestrian behavior prediction that allows for a flexible integration
of additional contextual cues. Using this model, we demonstrated the importance of using scene context – particularly for
long-term prediction horizons that are of utmost importance
for AD systems. A thorough ablation study shed light on the
relative importance of different features. To this end we conclude that all investigated features aid the prediction task, but
to different extents: A semantic map most notably contributes
to an improved long-term prediction performance, whereas a
pedestrian’s head and body orientation yield positive effects
at smaller prediction horizons. Best results were obtained by
a combination of all features.
Our future work will focus on the integration and optimization of the developed prediction component in an AD system.
Furthermore, we will investigate the relevance of additional
contextual features.
VIII. ACKNOWLEDGMENTS

12

where Ci is a convolutional layer with i filters, a stride of 1
and a filter size of 3×3, P a max-pooling layer with nonoverlapping 2×2 regions and Fi a fully connected layer with i
output features. A prime marks layers which apply a ReLU
nonlinearity.
Feature transformers: The predictive model and the inference model each use a Multilayer Perceptron (MLP) to
transform feature vectors to parameters of a n-dimensional
Gaussian distribution. The dimensionality n is set to 8 for
the predictive model and to 10 for the inference model. Both
MLPs consist of 3 fully connected layers and utilize ReLU
nonlinearities. The number of output features is identical in
each layer and derived using a hyperparameter search. Missing
features are replaced by a constant value of 0.
B. Model training
We perform a grid search to determine for each input
feature combination the best model. The parameters of our
hyperparameter search space are listed in Table IV. In total,
we train 60 models for each input feature combination and
pick the best model based on the validation hitrate. Models
are trained for 3000 epochs using the Adam optimizer and
a learning rate of 0.001. To augment the training data, we
randomly rotate the trajectories and environment maps.
State size of LSTM cells
Features per MLP layer
Random seeds

Models with map
256, 384
256, 384, 512
1, . . . , 10
TABLE IV

Models without map
256, 384
384, 512, 640
1, . . . , 10

H YPERPARAMETER SEARCH SPACE .

This work is a result of the research project @CITY-AF —Automated Cars and Intelligent Traffic in the City: Automated
Driving Functions. The project is supported by the Federal
Ministry for Economic Affairs and Energy (BMWi), based on
a decision taken by the German Bundestag. The authors are
solely responsible for the content of this publication.
A PPENDIX A
I MPLEMENTATION D ETAILS
A. Model Architecture
Recurrent encoder: We compute an embedding of the
observed pedestrian trajectory xt−H:t using a recurrent encoder. This encoder consists of two stacked Long ShortTerm Memory (LSTM) cells producing a 128 dimensional
embedding vector. Both cells use the same state size which
is determined for each input feature combination by means of
a hyperparameter search. The observation horizon H is set to
10 time steps, which corresponds to one second.
Map encoder: The static environment, represented as a
birds eye view semantic grid, is encoded via a small Convolutional Neural Network (CNN). The CNN processes grids of
size 256×256 pixels, containing the agent’s local environment
of size 25.6 m×25.6 m centered around the position of the
pedestrian at the last conditioning time step. The architecture
of the CNN is defined by the shortcut notation:
0
0
0
0
0
0
0
C40 -P -C80 -P -C16
-C16
-P -C32
-C32
-P -C64
-C64
-P -F512
-F100 ,
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Claudius Gläser received the Diploma degree in
computer science from the Technical University
of Ilmenau, Germany, in 2006, and the Dr.-Ing.
(Ph.D.) degree from Bielefeld University, Germany,
in 2012. From 2006 he was a Research Scientist
with the Honda Research Institute Europe GmbH,
Offenbach/Main, Germany, working in the fields of
speech processing and language understanding for
humanoid robots. In 2011, he joined the Corporate
Research of Robert Bosch GmbH in Renningen,
Germany, where he developed perception algorithms
for driver assistance and highly automated driving functions. He is currently
senior expert for sensor data fusion in autonomous systems. His research
interests include environment perception, multimodal sensor data fusion, multi
object tracking, and machine learning for highly automated driving.

Lutz Bürkle received his Dr. rer. nat. (Ph.D.) in
physics from the University of Freiburg, Germany,
in 2001. From 1997 he was a Research Scientist
at the Fraunhofer Institute of Applied Solid State
Physics in Freiburg, Germany. In 2002 he joined
Robert Bosch GmbH, where he has been involved
in the development of various driver assistant and
automated driving systems. He is currently a project
manager at Bosch Corporate Research in Renningen,
Germany.

This work has been submitted to the IEEE for possible publication. Copyright may be transferred without notice, after which this version may no longer be accessible.

