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(57) ABSTRACT

A computer-implemented method, includes: providing tem-
porally sequential global traffic scenarios as temporally
sequential frames in a global coordinate system; character-
izing all objects in the global traffic scenarios with various
markers; determining the ego pose of the ego vehicle in the
temporally sequential frame; transforming each of the
frames with the marked objects on the basis of the deter-
mined ego pose into a local coordinate system as a local
traffic scenario, wherein the transformed frames up to a first
point in time used as historic frames, and the transformed
frames from the first point in time up to a second point in
time used as ground truth frames; and training the machine
learning process on the basis of the historic frames (1a, . .
. ,1e) for determining future local traffic scenarios up to a
second point in time as future frames and comparing the
future frames with the corresponding ground truth frames
(2a, ... 2e).
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Channel | Color | Description

1 red map display (current travel lane center and travel lane edge)
2 green map display (current travel lane center and travel lane edge)
3 blue map display (current travel lane center and travel lane edge)
4 gray | future object position at 3 sec (t+3)

5 gray | future object position at 2.5 sec {t+25)

6 gray | future object position at 2 sec (t+)

7 gray | future object position at 1.5 sec {t+1.5)

8 gray | future object position at 1 sec (t+1)

9 gray future object position at 0.5 sec (t+05)

10 gray | current object position (tg)

11 gray past object position at -0.5 sec (t95)

12 gray past object position at -1 sec (t.1)

13 gray past object position at -1.5 sec (t-1.5)

14 gray | past object position at -2 sec (t2) F|g . 4
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COMPUTER-IMPLEMENTED METHOD AND
SYSTEM FOR TRAINING A MACHINE
LEARNING PROCESS

CROSS-REFERENCE TO RELATED

APPLICATIONS
[0001] The present application is related and has right of
priority to  German  Patent  Application  No.

DE102021203492.6 filed on Apr. 8, 2021 and is a U.S.
national phase of PCT/EP2022/058835 filed on Apr. 4, 2022,
both of which are incorporated by reference in their entirety
for all purposes.

FIELD OF THE INVENTION

[0002] The invention relates generally to a computer-
implemented method for training a machine learning method
for identifying future trajectories of objects with respect to
an ego vehicle. The invention further relates generally to a
system.

BACKGROUND

[0003] An autonomous or fully autonomous vehicle is a
vehicle that is capable of sensing surroundings and navigat-
ing with little or no user input. This takes place by using
sensor devices, such as radar, LIDAR systems, cameras,
ultrasound, and the like.

[0004] The vehicle analyzes the sensor data with respect to
the road course, other road users and their trajectory. More-
over, the vehicle must appropriately react to the collected
data and calculate control commands in accordance with the
collected data and transmit these control commands to
actuators in the vehicle.

[0005] In order for an autonomous vehicle to be able to
reach the destination, however, the autonomous vehicle
must not only perceive and interpret surroundings, but also
predict what could happen. These predictions are approxi-
mately on the order of one to three seconds, for example,
when a road user turns or a pedestrian crosses the street, so
that the autonomous vehicle can plan/re-plan future route
safely and without collisions.

[0006] It is currently a challenge for the operation of
autonomous vehicles to be able to predict the future route or
the trajectory of road users in the surroundings of the
autonomous vehicle. This is particularly difficult, in particu-
lar, as traffic continuously increases and sensor data density
continuously increases.

[0007] DE 10 2018 222 542 Al discloses a method for
predicting the trajectory of at least one controlled object,
wherein a current position of the object determined by
physical measurement is provided, at least one anticipated
destination of the movement of the object is provided, taking
into account physical observations of the object and/or the
surroundings in which the object moves. At least one antici-
pated preference is ascertained, which takes place as the
object is controlled towards the at least one anticipated
destination.

SUMMARY OF THE INVENTION

[0008] Example aspects of the invention provide a method
and a system, with which the trajectory of road users can be
better predicted.
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[0009] In example embodiments, a computer-imple-
mented method for training a machine learning method for
identifying future trajectories of objects with respect to an
ego vehicle, includes:

[0010] providing temporally sequential global traffic
scenarios as temporally sequential frames in a global
coordinate system;

[0011] characterizing all objects in the global traffic
scenarios with various markers;

[0012] determining the ego pose of the ego vehicle in
the temporally sequential frames;

[0013] transforming each of the frames with the marked
objects on the basis of the determined ego pose into a
local coordinate system as a local traffic scenario, such
that the particular frame has the same orientation as the
ego vehicle in the particular frame and the coordinates
of the ego vehicle are the coordinate origin, such that
the local traffic scenarios have the same orientation as
the ego vehicle, the transformed frames up to a first
point in time being used as historic frames and the
transformed frames from the first point in time up to a
second point in time being used as ground truth frames;
and

[0014] training the machine learning method on the
basis of the historic frames for determining future local
traffic scenarios up to a second point in time as future
frames and comparing the future frames created by the
machine learning method with the corresponding
ground truth frames.

[0015] Frames are, for all intents and purposes, traffic
scenarios (one single traffic scenario) up to a certain point in
time. The frames can be considered as individual images of
the temporally sequential traffic scenarios. Traffic scenarios
can therefore be formed from temporally sequential frames
of traffic scenarios.

[0016] The ego pose is essentially at least the orientation
of the ego vehicle.

[0017] Ground truth traffic scenarios (frames) are the
traffic scenarios that actually arise, e.g., the traffic scenarios
that actually arise after the first point in time up to the second
point in time having the trajectories that have actually been
traveled by the road users after the first point in time.
[0018] A traffic scenario can be made up of a number /
quantity of different moving objects (bicycle/passenger car/
pedestrian) and/or stationary objects (traffic light/traffic
sign) in the surroundings of the ego vehicle. Stationary
objects, such as traffic signs, road markings, light signal
systems, pedestrian crossings, and obstacles, are located at
one precisely determined position. Moving objects, such as
bicycles, passenger cars, etc., have a dynamic behavior
(trajectory), such as speed, acceleration/deceleration, dis-
tance from the road centerline, etc.

[0019] The term “ego vehicle” can be understood to be the
vehicle, the surroundings of which are to be monitored. The
ego vehicle can be, in particular, a fully-autonomously-
driving or semi-autonomously-driving motor vehicle for
travel on roads, which motor vehicle is to at least partially
independently steer. For this purpose, sensors, etc., which
can sense the surroundings are usually arranged on the ego
vehicle.

[0020] A trajectory denotes a quantity of positions and
orientations that are temporally and spatially linked to one
another, e.g., a route of a road user along and/or in the
frames.
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[0021] According to example aspects of the invention, all
frames are oriented on the basis of the ego pose, such that
only the ego movement and the ego turn are represented
thereby. The ego vehicle itself is not shown. Preferably, the
final two seconds of the traffic scenarios are selected as
historic frames and are used as the input training data with
the ground truth frames.

[0022] Due to the machine learning method which is
trained by the method according to example aspects of the
invention, it is possible to create a prediction of the object
trajectories on the basis of the complete frame as input.
[0023] In addition, due to the method according to
example aspects of the invention, a machine learning
method, for example, an artificial neural network, is trained
in a simplified manner. The machine learning method is
trained by utilizing the complete knowledge of, for example,
the navigable lanes and traffic rules (static objects) as
training data. The learning method which has thus been
trained can then incorporate this knowledge into the predic-
tion.

[0024] All the prior knowledge of road users is also used
in the machine learning method which has thus been trained
according to example aspects of the invention. As a result,
the trained machine learning method can also incorporate
this into the subsequent predictions. Furthermore, the past
movements of the road users and the category to which these
road users belong, such as, for example, pedestrian, passen-
ger car, truck, bicycles, etc., can be taken into account in the
learning method which has thus been trained according to
example aspects of the invention by entering the complete
frames into the learning method which has thereby been
trained. On the basis thereof, it is possible for the machine
learning method, which has thereby been trained to subse-
quently take all road users into account, without the com-
puting time being affected thereby.

[0025] The social interactions can be taken into account by
entering the frames which have been designed according to
example aspects of the invention in the machine learning
method, which has thus been trained by the method accord-
ing to example aspects of the invention. On the basis thereof,
it is possible for the machine learning method which has
thereby been trained to subsequently take these social inter-
actions into account in the prediction of the future move-
ment of the road users.

[0026] Due to the method according to example aspects of
the invention, a machine learning method can be trained to
generate forward-looking traffic scenarios on the basis of
historic frames and ground truth frames. As a result, an
improved machine learning method can be generated, which
delivers an improved prediction of the trajectories of moving
objects in surroundings.

[0027] Due to the method according to example aspects of
the invention, a machine learning method is trained on the
basis of the complete frames and, therefore, the entirety of
map information and the entirety of social interactions as
well as due to the history of the historic trajectory as input
and can therefore achieve better results after training.
[0028] The machine learning method which has been
trained by the method is therefore capable of determining all
trajectories in the traffic scenarios around the ego vehicle at
once in advance. As a result, only one constant time is
required for the prediction, which is independent of the
number of road users, by incorporating, for example, the
social interaction of the particular road users into the pre-
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diction as well as, for example, the historic prior knowledge
of the road users into the future traffic scenarios to be
determined.

[0029] In one example embodiment, the objects are
formed as static objects and as moving objects, wherein the
static objects and the moving objects are characterized at
least by size and shape as markers. Each object is preferably
represented by original size and length and width. Further-
more, static objects and moving objects can be characterized
by different colors as markers. A RGB color palette which
presents all available map information, such as lane centers
and lane boundaries, is used for this purpose. For example,
road users can be presented in gray.

[0030] In another example embodiment, the historic
frames and the ground truth frames and the future frames
created by the machine learning method have a time stamp.
When the historic frames are transformed into an individual
frame, each moving gray object (road user) represents a
point in time at which the frame was created. As a result, the
time increments can be presented together in a frame in
connection with the objects. The decoding of the objects
with respect to history and the associated time increment is
therefore provided in the data structure itself.

[0031] In another example embodiment, the frames are
designed as an image section from a particular traffic sce-
nario, an image section being formed by a predefined radius
about the coordinates of the ego vehicle, such that the ego
vehicle is located in the center of the image section. As a
result, the moving objects can be better tracked from the
perspective of the ego vehicle and faster processing is also
possible. Since all frames contain the tracking of all objects
and their poses, only those objects that can be perceived
from the perspective of the ego vehicle are necessary for
determining relevant trajectories. The individually generated
frames which have been reduced by the image section
therefore only contain objects that are visible to this specific
ego vehicle in its visual field. The radius can be freely
selected. In particular, a radius of fifty meters (50 m) can be
selected.

[0032] By selecting this radius, it is ensured that all
movable and immovable objects that are necessary for
autonomously controlling the ego vehicle for the next few
seconds/minutes are detected. All frames are centered and
oriented on the basis of the ego coordinates, e.g., the
coordinates of the ego vehicle and the direction, such that
only the ego movement and ego turn are represented and the
ego vehicle itself is not shown. The ego vehicle is always
located in the center of a frame as the coordinate origin.
[0033] In another example embodiment, the historic tra-
jectory of moving objects, i.e., road users, is determined on
the basis of the historic frames and the anticipated future
trajectories generated by the machine learning method are
determined on the basis of the future frames.

[0034] For this purpose, the future trajectories are
extracted from the future frames created by the machine
learning method and assigned to the associated object (road
user).

[0035] Initially, the future frames are preferably rotated
for this purpose in accordance with the ego pose in order to
obtain the same orientation as the ego vehicle and the
historic frames, e.g., the historic frames and the future
frames are oriented identically with respect to one another.
The ego pose means the position and the orientation of the
ego vehicle. Thereafter, the contours and thus the objects
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(road users) and trajectories of the objects are preferably
also detected in the rotated future frames and pose, e.g.,
orientation and coordinates, is determined and compared
with the pose of the individual road users in the historic
frames. As a result, an assignment can take place. If the
assignment has been obtained as a result, the future trajec-
tories can be assigned to the known road users.

[0036] In another example embodiment, the future trajec-
tories of moving objects (road users) are determined on the
basis of the ground truth frames. The machine learning
method can then be trained on the basis of the historic
trajectories from the historic frames and the future trajecto-
ries ascertained by the machine learning method. As a result,
a targeted training of a machine learning method, for
example, by iterative gradient methods, can be accom-
plished.

[0037] In another example embodiment, a quality of the
machine learning method is determined by determining the
difference between the ground truth trajectories and the
anticipated future trajectories generated by the machine
learning method as the mean absolute error (MAE):

1
MAE = —Zn 1|(ground truth trajectories), — (future trajectories),|
n =

wherein n is the number of frames.

[0038] This means that the difference between ground
truth trajectories and the future trajectories is calculated. As
a result, the quality of the machine learning method can be
very quickly determined.

[0039] In another example embodiment, the traffic sce-
narios can be simulated in a bird’s eye view in the virtual
space. As a result, the historic frames and the ground truth
frames are easily created.

[0040] In another example embodiment, the machine
learning method is a deep learning method, which is trained
by means of a gradient method. This learning method can be
designed, for example, as a deep neural network. The
network can be iteratively trained by gradient descent on the
basis of the trajectories or the frames. A decoder-encoder
structure can be used as the architecture of the artificial
neural network.

[0041] The artificial neural network can be a convolutional
neural network, in particular a deep convolutional neural
network. The encoder is responsible for compressing the
input signal by convolution and transforms the input into a
low-dimensional vector. The decoder is responsible for the
restoration. The decoder subsequently transforms the low-
dimensional vector into the desired output.

[0042] Moreover, a system for training a machine learning
method for identifying future trajectories of objects with
respect to an ego vehicle, includes:

[0043] a memory unit for providing temporally sequen-
tial global traffic scenarios as temporally sequential
frames in a global coordinate system, the global traffic
scenarios including objects and all objects being char-
acterized with various markers in the global traffic
scenarios;

[0044] a processor for determining the ego pose of the
ego vehicle in the temporally successive frames and for
transforming each of the frames with the marked
objects on the basis of the determined ego pose into a
local coordinate system as a local traffic scenario, such
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that the particular frame has the same orientation as the
ego vehicle, the transformed frames up to a first point
in time being used as historic frames and the trans-
formed frames from the first point in time up to a
second point in time being used as ground truth frames;
and
[0045] the processor for training the machine learning
method on the basis of the historic frames for deter-
mining future local traffic scenarios up to a second
point in time as future frames and comparing the future
frames created by the machine learning method with
the corresponding ground truth frames.
[0046] The example advantages of the method can also be
transferred onto the system. The individual example
embodiments of the method can also be applied on the
system.
[0047] Further preferred example embodiments relate to a
computer program product including commands which,
when the program is run by the computer, prompt the
computer to carry out the steps of the method according to
the example embodiments.
[0048] Further preferred example embodiments relate to a
computer-readable memory medium including commands,
for example, in the form of the computer program product,
which, when run by the computer, prompt the computer to
carry out the method according to the example embodi-
ments.
[0049] Further preferred example embodiments relate to a
data carrier signal which transmits and/or characterizes the
computer program according to the example embodiments.
The computer program can be transmitted, for example,
from an external unit to the system by the data carrier signal.
The system can include, for example, a preferably bidirec-
tional data interface for, among other things, receiving the
data carrier signal.

BRIEF DESCRIPTION OF THE DRAWINGS

[0050] Further example properties and advantages of the
present invention are obvious from the following description
with reference to the attached figures. Schematically:
[0051] FIG. 1: shows various historic frames;

[0052] FIG. 2: shows immovable objects in a frame;
[0053] FIG. 3: shows the ground truth frames;

[0054] FIG. 4: shows the historic frames and ground truth
frames in table form;

[0055] FIG. 5: shows stacked frames as a single frame;
[0056] FIG. 6: shows the encoder and the decoder of the
neural network; and

[0057] FIG. 7: shows a calculated future trajectory.

DETAILED DESCRIPTION

[0058] Reference will now be made to embodiments of the
invention, one or more examples of which are shown in the
drawings. Each embodiment is provided by way of expla-
nation of the invention, and not as a limitation of the
invention. For example, features illustrated or described as
part of one embodiment can be combined with another
embodiment to yield still another embodiment. It is intended
that the present invention include these and other modifica-
tions and variations to the embodiments described herein.

[0059] In order for an autonomous vehicle to be able to
reach the destination, it must perceive and interpret sur-
roundings, and predict what could happen in the future.
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Sensors which sense the surroundings are used for this
purpose, the sensors being installed on the vehicle. The
collected sensor data must be processed and interpreted.
[0060] An essential precondition for the operation of an
autonomous vehicle (ego vehicle) for each road user is to
reliably determine the future positions (trajectories) of the
road users from such sensor data. A machine learning
method, for example, a neural network, can be used for this
purpose. The machine learning method must be reliably
trained, however, in order to correctly interpret the sensor
data obtained.

[0061] According to example aspects of the invention, the
computer-implemented method for training the machine
learning method can be used to identify future trajectories of
objects with respect to an ego vehicle. The current and
previous positions of a road user in Cartesian coordinates
can be used for this purpose.

[0062] Initially, temporally sequential global traffic sce-
narios are provided as temporally sequential frames in a
global coordinate system. The trajectories and trajectory
data are therefore inherent time-series data. The traffic
scenarios are preferably represented by objects. The objects
can be subdivided essentially into static objects and moving
objects (road users).

[0063] Static objects are, for example, travel lanes and
travel lane boundaries, traffic lights, traffic signs, etc. Mov-
ing objects in this case are primarily the road users, such as
passenger cars, pedestrians, cyclists. These generate a tra-
jectory. A trajectory refers to a quantity of positions and
orientations which are temporally and spatially linked to one
another, e.g., the route of the moving object.

[0064] These traffic scenarios are preferably created/simu-
lated with reference to a data set on the basis of simulation
data. Furthermore, the traffic scenarios are preferably simu-
lated with respect to various cities in order to ensure that
there is a sufficient quality of the simulation data. Therefore,
large quantities of various traffic scenarios can be generated,
on the basis of which the machine learning method can be
trained.

[0065] The road users, in particular their trajectories, are
presented in a top view, i.e., from a bird’s eye view.
[0066] Each traffic scenario is presented as a frame.
[0067] Historic frames 1a, . . . 1le (FIG. 1) are created,
which extend from a point in time t=-2 seconds in the past
up to a current first point in time t=0, and ground truth
frames 2aq, . . ., 2¢ (FIG. 3) are created, which extend from
the first point in time up to a future second point in time.
These can be used as input data into the machine learning
method.

[0068] The historic frames provide the history, e.g., the
trajectory covered so far in the case of moving objects.
[0069] Each object is preferably represented by original
size and length and width. Furthermore, static objects and
moving objects can be characterized by different colors as
markers (RGB color palette) in the simulation. The RGB
color palette is used to present all available map information,
such as lane centers and lane boundaries.

[0070] For example, road users and historic trajectories 3
can be represented in gray in each of the simulated historic
frames 1a, . . ., 1le and ground truth frames 2a, . . ., 2e.
[0071] The decoding of the history and of the time incre-
ment is therefore provided by this representation itself.
[0072] FIG. 1 shows various historic frames 1a, . . ., le,
which contain the trajectories 3 of all objects. In order to be
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input into the machine learning method, the frames and thus
the objects are rotated about the ego pose, such that the
frames correspond to the perspective of the ego vehicle.

[0073] The trajectory 3 of an individual object in this case
is identified practically by way of the fact that the historic

frames 1aq, . . ., 1le can be presented/perceived as an image
sequence.
[0074] The historic frames are recorded up to a first point

in time to starting from a point in time t =- 2 preceding the
point in time to. This means that the last two (2) seconds are
used as historic frames for an input for training the machine
learning method.

[0075] Furthermore, the frames 1a, . . ., 1e are preferably
designed as an image section from a particular traffic sce-
nario, an image section being formed by a predefined radius
about the coordinates of the ego vehicle. Therefore, only
those objects are shown that can be perceived from the
perspective of the ego vehicle, e.g., that would be perceived
from the “ego perspective.”

[0076] The ego vehicle and the coordinates of the ego
vehicle are therefore located in the center of the image
section (coordinate origin). As a result, the objects can be
better tracked from the perspective of the ego vehicle and
faster processing is also possible. Since all frames can
contain the tracking of all objects and their poses, the
representation of the ego vehicle itself in the frames can be
dispensed with.

[0077] The individually generated frames which have
been reduced in the image section therefore only contain
objects that are visible to this specific ego vehicle in the
visual field. The radius can be freely selected. In particular,
a radius of fifty meters (50 m) can be selected. As a result,
it is ensured that all movable and immovable objects are
detected that are necessary for autonomously controlling the
ego vehicle for the next few seconds/minutes. Furthermore,
the objects are centered in the direction of the ego vehicle,
such that the ego vehicle is located with the ego coordinates
in the center, e.g., the coordinate origin in this case, such that
only the ego movement and ego turn are represented and the
ego vehicle itself is not shown. As a result, the ego vehicle
is always located in the center of the particular frame 1a, .
.., le and is not shown.

[0078] Furthermore, immovable objects can be shown,
which are also rotated about the pose of the ego vehicle.
[0079] In FIG. 2, for example, the various travel lanes 5
are shown in green (dashed lines in this case) as immovable
objects.

[0080] In addition, the ground truth frames 2a , ..., 2e
(FIG. 3) with the associated ground truth trajectories 4 are
also created by the simulation. FIG. 3 shows the ground truth

frames 2a , . . . , 2e with the associated ground truth
trajectories 4.

[0081] FIG. 4 shows the presentation of the historic
frames 1aq, . . ., le and ground truth frames 2a, ..., 2ein
table form.

[0082] The historic frames 1a, . . ., 1e can be mapped onto

one another and each shown in a single frame. FIG. 5 shows
such a mapping, in which individual frames have been
placed on top of one another practically as an image
sequence, for identifying various objects and object trajec-
tories, which are shown here, for example, on an object
trajectory 6.



US 2024/0185437 Al

[0083] Thereafter, a machine learning method is prefer-
ably trained by the historic frames 1a, . . . , 1¢ and the ground
truth frames 2a , . . ., 2e.

[0084] Such a learning method is preferably designed as
an artificial deep neural network, which is described in
greater detail in FIG. 6. The artificial deep neural network is
preferably designed as an encoder and a decoder, which are
iteratively trained by a gradient method. The artificial neural
network can be iteratively trained on the basis of the
trajectories 3, 4 from the historic frames 1q, . . ., 1e and the
ground truth frames 2a , . . ., 2¢ and/or the frames 1a, . . .
le, 2a . . .., 2¢ themselves by gradient descent.

[0085] The neural network can be a convolutional neural
network, in particular a deep convolutional neural network.
The encoder is responsible for compressing the input signal
by convolution. The decoder is responsible for restoring
inputs. The encoder transforms the input into a low-dimen-
sional vector. The decoder subsequently transforms the
low-dimensional vector into the desired output.

[0086] Furthermore, a GAN (generative adversarial net-
work) can also be used.

[0087] The neural network calculates future frames on the
basis of the historic frames 1a, . . ., le.

[0088] Thereafter, the trajectories can be extracted from
the future frames created by the neural network and assigned
to the associated object (road user).

[0089] For this purpose, the future frames are initially
preferably rotated for this purpose in accordance with the
ego pose in order to obtain the same orientation as the ego
vehicle and the historic frames; e.g.. the historic frames 1a,
..., le and future frames are oriented identically with
respect to one another. Thereafter, the contours and thus the
objects (road users) are preferably also detected in the
rotated future frames and pose, e.g., orientation and coor-
dinates, is determined and compared with the pose of the
individual known objects at the point in time t. If an
assignment has been obtained as a result, the future trajec-
tories can be assigned to the known road users or objects.
[0090] FIG. 7 shows a calculated future trajectory,
wherein the last six steps in FIG. 7 are combined as
“prediction trajectory (right)” and a ground truth trajectory
(left).

[0091] The machine learning method can be evaluated on
the basis of the method of soft-Dice loss (similarity index).
This indicates the extent of overlap between the future
frames from a bird’s eye view and the ground truth frames
in a bird’s eye view with respect to the original object size.
[0092] Furthermore, a quality of the machine learning
method can be determined by determining the difference
between the ground truth trajectories 4 and the anticipated
future trajectories generated by the machine learning method
as the mean absolute error (MAE):

1
MAE = —Zn 1|(ground truth trajectories), — (future trajectories),|
n i=

wherein n is the number of frames.

[0093] The neural network can be trained by the method
according to example aspects of the invention such that the
neural network therefore takes map information and driving
context into account in the prediction of the future trajec-
tories of the road users and takes the prior knowledge of the
road users into account in the prediction of the future
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trajectories of the road users and takes social interactions
into account in the prediction of the future trajectories
between the road users.

[0094] Modifications and variations can be made to the
embodiments illustrated or described herein without depart-
ing from the scope and spirit of the invention as set forth in
the appended claims. In the claims, reference characters
corresponding to elements recited in the detailed description
and the drawings may be recited. Such reference characters
are enclosed within parentheses and are provided as an aid
for reference to example embodiments described in the
detailed description and the drawings. Such reference char-
acters are provided for convenience only and have no effect
on the scope of the claims. In particular, such reference
characters are not intended to limit the claims to the par-
ticular example embodiments described in the detailed
description and the drawings.

Reference Characters

[0095] 1a, ..., le historic frames
[0096] 2a, ..., 2e ground truth frames
[0097] 3 historic trajectories

[0098] 4 ground truth trajectories
[0099] 5 travel lanes

[0100] 6 object trajectory

1-15. cancelled

16. A computer-implemented method for training a
machine learning process for identifying future trajectories
of objects with respect to an ego vehicle, comprising:

providing temporally sequential global traffic scenarios as

temporally sequential frames in a global coordinate
system,

characterizing all objects in the global traffic scenarios

with various markers;

determining the ego pose of the ego vehicle in the

temporally sequential frames;

transforming each of the frames with the marked objects

on the basis of the determined ego pose into a local
coordinate system as a local traffic scenario such that
each of the frames has the same orientation as the ego
vehicle in the respective frame and the coordinates of
the ego vehicle are the coordinate origin and the local
traffic scenarios have the same orientation as the ego
vehicle, wherein the transformed frames up to a first
point in time are used as historic frames (1a, . . ., 1e),
and the transformed frames from the first point in time
up to a second point in time are used as ground truth
frames (2a, . .. ,2e);

training a machine learning process on the basis of the

historic frames (1a , . . ., 1e) for determining future
local traffic scenarios up to a second point in time as
future frames and comparing the future frames created
by the machine learning process with the corresponding
ground truth frames (2a, . . . ,2¢).

17. The method of claim 16, wherein the objects are
formed as static objects and as moving objects and are
characterized at least by size and shape as markers.

18. The method of claim 17, wherein the static objects and
the moving objects are characterized by different colors as
markers.

19. The method of claim 16, wherein the historic frames
(1a, . . . .1e) and the ground truth frames (2a, . . . ,2¢) and
the future frames created by the machine learning process
have a time stamp.
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20. The method of claim 16, wherein the frames are
configured as an image section from a particular traffic
scenario, an image section being formed by a predefined
radius about the coordinates of the ego vehicle such that the
ego vehicle is located in the center of the image section.

21. The method of claim 16, wherein a historic trajectory
of moving objects is determined on the basis of the historic
frames (1a, . . . ,1e) and the anticipated future trajectories
generated by the machine learning process are determined
on the basis of the future frames.

22. The method of claim 21, wherein a ground truth
trajectory (4) of moving objects is determined on the basis
of the ground truth frames (2a, . . . ,2¢) and the machine
learning process is trained on the basis of the historic
trajectory (3) and the ground truth trajectory (4).

23. The method of claim 22, wherein a quality of the
machine learning process is determined by determining the
difference between the ground truth trajectories (4) and the
anticipated future trajectories generated by the machine
learning method as the mean absolute error (MAE):

MAE=1/nX_,"I(ground truth trajectories),—(future
trajectories);|

wherein n is the number of frames.

24. The method of claim 16, wherein the traffic scenarios
are simulated in a bird’s eye view in the virtual space.

25. The method of claim 16, wherein the machine learning
process is a deep learning process trained by a gradient
method.

26. The method of claim 25, where the deep learning
process has an encoder and a decoder.

27. A system for training a machine learning process for
identifying future trajectories of objects with respect to an
ego vehicle, comprising:

one or more memory units for providing temporally

sequential global traffic scenarios as temporally
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sequential frames in a global coordinate system, the
global traffic scenarios including objects characterized
with various markers in the global traffic scenarios;

one or more processors configured for determining an ego
pose of the ego vehicle in the temporally sequential
frames and for transforming each of the frames with the
marked objects on the basis of the determined ego pose
into a local coordinate system as a local traffic scenario
such that each of the frames has the same orientation as
the ego vehicle in the respective frame and the coor-
dinates of the ego vehicle are the coordinate origin and
the local traffic scenarios have the same orientation as
the ego vehicle, wherein the transformed frames up to
a first point in time are used as historic frames (1a, . .
. ,1e), and the transformed frames from the first point
in time up to a second point in time are used as ground
truth frames (2a, . . . ,2e¢), wherein the one or more
processors are further configured for training the
machine learning process on the basis of the historic
frames (1a, . . . ,1e) for determining future local traffic
scenarios up to a second point in time as future frames
and comparing the future frames created by the
machine learning process with the corresponding
ground truth frames (2a, . . . ,2e).

28. A non-transitory computer program product, compris-
ing commands which, when the program product is run by
a computer, prompt the computer to carry out the method of
claim 16.

29. A non-transitory computer-readable medium, com-
prising commands which, when run by a computer, prompt
the computer to carry out the method of claim 16.

30. A data carrier signal, which transmits the computer
program product of claim 28.
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