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Abstract. In the last decade, deep learning algorithms have gained a
lot of attention in many fields. Even scientists who study pedestrian
behavior and usually create physics-based models to simulate realistic
behavior are increasingly using these algorithms. So far, however, this
has only been tested in low-density environments. In this contribution,
we want to investigate the question of whether the methods are also
suitable for crowds. Therefore, we prepared high-density datasets and
tried to predict the behaviors of the pedestrian with physics-based models
as well as deep learning algorithms. We compare the prediction accuracy
in terms of two error metrics: a distance-based metric and a metric that
counts the number of collisions between pedestrians. The results show
that the algorithms beat the models regarding the distance metric, but
perform worst in terms of the collision metric. To be able to predict more
realistic crowd behavior, the deep learning algorithm needs to improve
collision avoidance. In order to make more accurate predictions, the deep
learning algorithms need to be improve collision avoidance.

Keywords: deep learning, pedestrian predictions, crowds, physics-based
models

1 Motivation

The number of people living in urban areas has been increasing rapidly for
decades. Particularly in developing countries, the urban population is rising so
rapidly in some cases that local infrastructures are overloaded. As a result, there
are increasingly situations where there are so many people in one place that
one can speak of crowds or high-density situations (2-8 pedestrians/m2). These
situations pose challenges for researchers studying pedestrian behavior when it
comes to infrastructure, events, and evacuations. To prevent people from get-
ting injured or even dying in high pedestrian density situations, tools are needed
to safely plan and organise such situations. Typical tools used by scientists are
physics-based models that define pedestrian behavior and can be used in simu-
lation platforms [1]. In the last decade, Deep Learning has become an important
topic in this field [2]. Many papers have shown that Deep Learning algorithms
outperform the models in terms of trajectory prediction accuracy [3,4]. So far,
however, they have only been used in low-density situations where there are
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few pedestrians. We want to investigate whether these algorithms are useful for
high-density situations. If this is the case, the algorithms can replace the models
and be used for the safe planning of infrastructure, events, and much more.

2 Related work

In the field of pedestrian dynamics, researchers develop physics-based models
that help them understand and simulate certain situations. These models are
defined by basic rules or generic functions and consider physical as well as so-
cial or psychological factors of the pedestrians. They can be specified by a few
parameters that generally have physical interpretations. Prominent microscopic
KB models are the social force model (SFM) [5] or the optimal reciprocal colli-
sion avoidance (ORCA) [6]. In general, the goal of these models is to improve the
understanding of pedestrian dynamics and to identify microscopic mechanisms
and parameters for the emergent patterns and organisation in given scenes.

Recently, deep learning algorithms have gained a lot of attention in this field.
The reason for that is that predicted behavior is more accurate with algorithms
than with models. This makes them relevant for systems like autonomous vehicles
or social robots that have to interact with pedestrians. In contrast to the models,
no functions or physical rules are needed, just data. Recurrent Neural Networks
(RNN) are often used for trajectory predictions, because of their capability to
handle sequence data. The first RNN published for this task was the Social-
LSTM from Alahi et al. [3] that contains a social pooling layer. In this layer,
both the past trajectories and those of the neighbors are processed to be able to
model interactions. Generative adversarial networks (GAN) are another type of
algorithm that has been shown to be useful for trajectory predictions. The most
well-known is the Social-GAN from Gupta et al. [7].

3 Methodology

3.1 Data sets

We use two different environments of data to train the algorithms and calibrate
the models. Because there are no real-world trajectory datasets of high-density
situations available we use data sets from pedestrian experiments [8]. The first
environment contains six different data sets with different experiment settings.
The density is between 0.25 and 2 ped/m2. In this experiment, there is a 5 m
wide and 12 m long corridor with pedestrians just coming from one direction.
It is called the unidirectional (Uni) environment. This setting is shown in Fig. 1
(a). In the other environment, the corridor is 4 m wide and 12 m long, and the
pedestrians are coming from both directions, as shown in Fig. 1(b). It is called
the bidirectional (Bidi) environment. The density of these data sets is between
0.4 and 3 ped/m2.
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(a) Uni. (b) Bidi.

Fig. 1: Experiments reconstruction with knowledge-based approaches.

3.2 Models and algorithms

For making the predictions, we use three deep learning algorithms and three
physics-based models. The deep learning algorithms are the two Social-LSTM
[3] and the Social-GAN[7] as well as the V-LSTM. In contrast to the first two al-
gorithms, the V-LSTM does not have a social layer and just uses the past trajec-
tory of a single pedestrian to predict the future trajectory. For the physics-based
approach, we use the Social-Force model (SF) [5] and the optimal reciprocal
collision avoidance model (ORCA) [6]. The third physics-based model is the
constant velocity model. In this simple model, it is assumed that the direction
and speed do not change.

3.3 Calibration/ Training

As an input, we use past trajectories with a length of 1.2 sec. The prediction
length is 1.6 sec. The frame rate of the data sets is 0.125, which means 9 ob-
servations are taken to make 12 predictions. The learning rate is 0.0015 and a
RMS-prop is used as the ADAM optimizer. The batch size is 8 and we train for
15 epochs. As a loss function, the Mean Squared Error of the distance between
the predicted trajectory and real trajectory is used. For validation and testing,
we use a hold-out validation strategy. 15% of the data is used for validation, 15%
for testing, and the rest for training. The calculations are done using PyTorch.
The parameters of the ORCA and SF are calibrated according to the given data
set. Important parameters are the desired velocity and the desired distance from
other pedestrians.

3.4 Evaluation/ Testing

The most commonly used metrics for pedestrian trajectory predictions are the
distance-based metrics ADE [9] and FDE [10]. The first one averages the Eu-
clidean distance between points of the predicted trajectory and the ground truth
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that have the same temporal distance, and the second one measures the distance
between the final predicted position and the ground truth position. These two
metrics have been the only metrics for evaluating pedestrian trajectory predic-
tions for some time. Recently, more and more works emphasize the importance
of metrics that takes the number of collisions into account [11]. Pedestrians
have an intrinsic motivation not to collide with each other. Especially in high-
density situations, these metrics provide more insights into how realistic the
predicted behavior is. These metrics are important for high-density situations
because avoiding collisions with other pedestrians is the most important moti-
vation when navigating through crowds. For calculating the collision metric, we
use the term in Eq. 1 which was developed by Kothari et al. [11].
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If the predicted trajectory of a pedestrian intersects with neighbor trajecto-
ries the prediction is counted as a prediction with collision. The metrics indicate
the percentage of predictions in which collisions occurred.

4 Results

First, we will have a look at the distance error metric. In Fig. 2 two diagrams
are shown. On the left side, the prediction accuracy for the Bidi environment
is presented and on the right side for the Uni environment. These data envi-
ronments contain data sets from different experimentation settings which have
different densities. The average densities of each of the data sets are plotted on
the x-axis and the distance error metirc on the y-axis.

(a) Bidi data set (b) Uni data set

Fig. 2: Distance error-metric (ADE) for high-density data set.
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It can be seen that the algorithms outperform the models for almost all den-
sities. Especially the V-LSTM shows a good performance which is an indicator,
that the neighbor information is not as important at high density as it is in
low densities. The reason for that is, that the pedestrians do not have many de-
grees of freedom and their behavior is mostly defined by following the preceding
pedestrian. Interaction do not play an important role like they do in low-density
situations.

Next we want to present the results for the collision metric, which are shown
in Fig. 3. In Fig. 3 (a) the results for the bidirectional flow are presented and in

(a) Bidi data set (b) Uni data set

Fig. 3: Collision error-metric for high-density data set.

Fig. 3 (b) the results for the unidirectional flow. In both environments, it could
clearly be shown, that there is a tendency for a rising percentage of collisions
with rising density. This applies in particular to the Bidi environment where the
percentage of collisions in situations with densities above 2 ped/m2 is very high.
Furthermore, it can be seen that the models SF and ORCA are much better in
terms of this metric. The predictions based on ORCA have almost no collisions.
Both models outperform the algorithms for every data set and density level.

5 Conclusion

In Fig. 2 it could be clearly shown, that the deep learning algorithms outperform
the physics-based models in terms of prediction accuracy. This is also the result
that can be found in the literature for low density data sets. To the best of our
knowledge, this is the first work to show that this is also true for predictions of
trajectories in crowds. Nevertheless, the predictions produce too many collisions,
as shown in Fig 3. Therefore, future work must focus on reducing the number of
collisions. Promissing ways to do that is to combine the physics-based and deep
learning approach (hybrid approach).
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