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METHOD FOR PREDICTING A MOTION OF AN OBJECT

The present invention relates to a method for predicting a motion of an object.

Further the present invention relates to a computing entity for predicting a motion
of an object.

Even further the present invention relates to a non-transitory computer readable
medium storing a program causing a computer to execute a method predicting a
motion of an object.

Although applicable in general to any kind of object, the present invention will be
described with regard to vehicles like autonomous robots or the like.

Autonomous and automated driving requires defining a safe trajectory of the
vehicle which is able to proceed in the task avoiding static and dynamic obstacles.
The prediction capability of the autonomous driving component is important also to
meet smoothness and comfort requirements.

Conventional techniques for prediction or estimation include the presence of
inaccuracy and noisy measurement. An example of such a technique is the
Kalman-Bucy filter. For this application, the conventional technique for object
motion prediction is to directly estimate the motion of the object based on the
current motion and historical motion after mapping the raw measurement data into
local or global coordinates. Because most conventional techniques have an
assumption that the measurements are not reliable, they attempt to improve this
noisy measurement before determining the object motion and then, using only the
outcome in order to predict the future object motion.

Conventional motion planning is generating the real time trajectory by using the
real time feedback data. However, knowing the object motion provides information
for solving potential conflicts that might happen in the near future. With this
information a robot for example can produce a continuous trajectory for the limited
future time horizon.
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Since object motion naturally is time varying, identifying the object motion in the
future is difficult. The object motion changes over time either with linear or
nonlinear relationship.

Fig. 1 shows the multiple variations of the object motion over the time. The
obvious problems arisen are illustrated in Fig. 2. They may be categorized into two
points:

1. The speed of the object: Information whether this object is static or dynamic
and approximate how fast the object move.
2. The moving direction of object: Information where the object will go.

One of the problems addressed by embodiments of the present invention is
therefore to enable a higher accuracy when predicting a motion of an object.

One of the further problems addressed by embodiments of the present invention is
to provide a smooth and reliable motion of an object.

In an embodiment the present invention provides a method for predicting a motion
of an object, wherein said motion of said object is predicted based on predicted
future sensor readings, wherein said predicted future sensor readings are
computed based on current measurement data of one or more range sensors.

In a further embodiment the present invention provides a computing entity for
predicting a motion of an object, comprising an input interface for receiving data of
one or more range sensors, an output interface for output a predicted motion of
said object and computation means comprising a processor and a memory, being
adapted to predict said motion of said object is predicted based on predicted future
sensor readings, wherein said predicted future sensor readings are computed
based on current measurement data of one or more range sensors.

In a further embodiment the present invention provides a non-transitory computer
readable medium storing a program causing a computer to execute a method
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predicting a motion of an object, wherein said motion of said object is predicted
based on predicted future sensor readings, wherein said predicted future sensor
readings are computed based on current measurement data of one or more range
Sensors.

The term “object” is in particular in the claims, preferably in the specification, to be
understood in its broadest sense and relates to any static or moving physical
entity.

The term “motion” with regard to “object” is to be understood in its broadest sense
and refers preferably in the claims, in particular in the specification, to the
information related to the object associated with a state and/or movement of the
object.

The term “obstacle” is to be understood in his broadest sense and refers
preferably in the claims, in particular in the specification, to any kind of object
which might be able to cross the trajectory, path or the like of another object and is
detectable by sensors.

The terms “computing device” or “computing entity”, etc. refer in particular in the
claims, preferably in the specification each to a device adapted to perform
computing like a personal computer, a tablet, a mobile phone, a server, a router, a
switch or the like and comprises one or more processors having one or more
cores and may be connectable to a memory for storing an application which is
adapted to perform corresponding steps of one or more of the embodiments of the
present invention. Any application may be software based and/or hardware based
installed in the memory on which the processor(s) can work on. The computing
devices or computing entities may be adapted in such a way that the
corresponding steps to be computed are performed in an optimized way. For
instance different steps may be performed in parallel with a single processor on
different of its cores. Further the computing devices or computing entities may be
identical forming a single computing device.
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The term “computer readable medium” may refer to any kind of medium, which
can be used together with a computation device or computer and on which
information can be stored. Said information may be any kind of data which can be
read into a memory of a computer. For example said information may include
program code for executing with said computer. Examples of a computer readable
medium are tapes, CD-ROMs, DVD-ROMs, DVD-RAMs, DVD-RWs, BluRay, DAT,
MiniDisk, solid state disks SSD, floppy disks, SD-cards, CF-cards, memory-sticks,
USB-sticks, EPROM. EEPROM or the like.

Further features, advantages and further embodiments are described or may
become apparent in the following:

Said motion of said object may be predicted further based on historic
measurement data of said one or more range sensors. This enables a more
precise prediction of a motion of an object.

A point clustering may be performed on said current and on historic measurement
data of said one or more range sensors and current object state data based on a
distance between two points resulting in one or more clusters and wherein future
clusters are predicted and the object is identified in a predicted cluster to predict
said motion of said object This enhances the precision of the prediction of a
motion of an object.

At least two different prediction methods may be used to compute method-
dependent predicted future sensor readings. This even further enhances
robustness and precision of the object motion prediction since the outcome of
different prediction methods can be combined to obtain a more precise and robust
object motion prediction.

Said method-dependent predicted future sensor readings of the at least two
prediction methods may be weighed and combined to obtain said predicted sensor
readings. This enables in a very flexible way to provide a more precise
combination of the predicted sensors readings.
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Said predicted sensor readings may be corrected during computing by using
Gaussian Process Approximation. This enables to predict computer sensor
measurements based on the corrected trend with the Gaussian Process
Approximation. Gaussian Process Approximation is for example disclosed in the
non-patent literature of Snelson, Edward, Ghahramani, Z. “Local and global sparse
Gaussian process approximations”, Gatsby Computational Neuroscience Unit,
University College London, UK.

A future cluster may be predicted using a Kalman filter for a movement of said
cluster. A Kalman filter provides linear quadratic estimation using a series of
measurements observed over time comprising statistical noise, etc. and the output
of a Kalman filtering provides estimates of unknown variables tending to be more
precise than those which are based on a single measurement. Kalman filtering is
for example disclosed in the non-patent literature of Kalman, R.E., 1960, “A new
approach to linear filtering and prediction problems”, Journal of Basic Engineering
82:35. D0i:10.111.5/1.3662552.

Historical data of one ore more range sensors may be used for a computing said
predicted sensor readings. This further enhances the precision of the object
motion prediction since historical data can be used to train either online or offline
the computation of the object motion prediction.

Motion prediction feedback of that said object may be included when computing
said predicted motion of said object. This further allows to refine the prediction of a
motion of an object taking into account motion feedback of the object itself.

Said range sensors may be provided in form of Light Detection and Ranging
LIDAR sensors. LIDAR sensors enable light detection and ranging, i.e. LIDAR
sensors enable optical range and velocity measurements by use of for example
light of a laser or the like.

There are several ways how to design and further develop the teaching of the
present invention in an advantageous way. To this end it is to be referred to the
patent claims subordinate to the independent claims on the one hand and to the
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following explanation of further embodiments of the invention by way of example,

illustrated by

the figure on the other hand. In connection with the explanation of the

further embodiments of the invention by the aid of the figure, generally further
embodiments and further developments of the teaching will be explained.

In the drawings

Fig. 1

Fig. 2

Fig. 3

Fig. 4

Fig. 5

Fig. 6

Fig. 7

Fig. 8

Fig. 9

Fig. 1 shows

shows a time variant object motion;

shows a method for determining object motion and steering;

shows a system according to an embodiment of the present
invention;

shows part of the system according to a further embodiment of the
present invention;

shows part of a method according to an embodiment of the present
invention;

shows part of a method according to a further embodiment of the
present invention;

shows part of a method according to a further embodiment of the
present invention;

shows part of a method according to a further embodiment of the
present invention and

shows steps of a method according to a further embodiment of the
present invention.

a time variant object motion.



10

15

20

25

30

WO 2017/167387 PCT/EP2016/057153

In Fig. 1 a time variant object motion is shown beginning at the object location at
the present time t=0. The object moves then in x-y-direction over time t.

Fig. 2 shows a method for determining object motion and steering.

In Fig. 2 describing parameters for an object movement of a vehicle like a car are
shown. For example the object speed can be either static or dynamic, i.e. the
vehicle moves or not. In case the vehicle moves, i.e. is “dynamic”, the object
speed may be categorized into “slow” or “fast” wherein “slow” means the velocity
below a certain threshold and “fast” above a certain threshold until the maximum
possible speed of the object. Considering the object speed also the moving
direction “forward” or “backward” and of course the steering of the object can be
“left” or “right” in both directions, i.e. “forward” or “backward”.

Fig. 3 shows a system according to an embodiment of the present invention.

In Fig. 3 a system architecture for an object motion prediction application is shown.
In Fig. 3 the sensor measurement is predicted, i.e. what the sensor will be read in
the next timing step instead of conventionally predicting the outcome of the object
movement. The system architecture of the object motion prediction can be
illustrated with the closed loop block diagram in Fig. 3.

It comprises six main blocks. Block (1) comprises the mission goal (reference
value), where the object shall go. Block (2) provides map data, e.g. a digital map,
provided by a database in form of the road geometry and landmark environment.
In Block (3) the input from a Feedback measurement Block (6) is received and the
object motion in the future time is predicted and corrected as an output to the
motion planning in Block (4). Block (5) provides a trajectory control for the object
receiving the time dependent trajectory from Block (4) and generating the actual
vehicle control parameters, Steering angle and Speed. Block (7) provides the
update future trajectory of the vehicle, based on the planned trajectory and the
current vehicle state, to the Object Motion block (3).
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Fig. 4 shows part of the system according to a further embodiment of the present
invention.

In Fig. 4 object motion in form of a block diagram is shown. Block (3) comprises at
least three prediction processes.

1.  Process 1: Range matrix prediction: This is the sensor measurement
prediction process. It takes input data from the range sensor (e.g. a LIDAR
sensor) at the current measurement time (t) and predicts the future sensor
reading. Based on the predicted sensor readings, the object movement is
computed.

2. Process 2: Point prediction: This is the object location prediction process,
which uses a clustering algorithm. It takes input data from a range sensor
(LIDAR) at the current measurement time (t). Points are clustered in clouds
to find the representing point of the object and predicting the new cluster in
the future time, based on current and historical clusters. Then the object point
of this new cluster is found.

3. Process 3: Finalizing object motion prediction is the merging of the results of
two point predictions according to processes 1 and 2. This process 3
integrates the prediction of the two previous processes 1 and 2 and assigns a
new position to each point and an associated standard deviation derived by
the previous processes 1 and 2. This block 3 receives also the vehicle
current and future position; this information is used to correct, e.g. obstacle
positions.

Fig. 5 shows part of a method according to an embodiment of the present
invention.

In Fig. 5 in more detail the Process 1, i.e. the range matrix prediction is described.
Range prediction is performed by predicting the future range sensor

measurement, e.g. as from a LIDAR sensor. Said prediction comprises the
following steps:
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e Training the prediction system with the historical measurement data,
depicted with reference sign 6. The historic and current sensor
measurements are accumulated and transmitted to a training system.
Based on this information the training system computes a new
configuration of a predicting entity. The configuration can be updated at
periodic times, continuously or on specific condition, as for example when
computational resources are available.

e Using the historical data to predict the trend of the current sensor reading.

e Determining the prediction error by comparing the current sensor
measurement with the predicting value.

e Correcting the predicting trend. Each reading has a variance that is
converted into a point variance.

e Predicting the future sensor measurement based on the corrective trend
with the Gaussian Process Approximation, depicted with reference sign 3.

e Transform the predicted range measurement to an actual point location.

Actual measured data from the sensor (reference sign 1) and historical data are
combined together to predict the trend of the current sensor reading. Prediction
errors are determined and the predicting trend is corrected. Then after scaling the
current and historic measurement data (reference sign 6) the corrective trend
using Gaussian Process Approximation (reference sign 3) is used for predicting
the future sensor measurement. After rescaling (reference sign 4) this results then
in the range prediction (reference sign 5).

Here in Fig. 5 a mapping of the information from the future instant is based on the
Gaussian Process Approximation. To improve performance, a parallel stage that
used spatial ARIMA predictor may be used and said two predictions based on
different methods are then integrated. Other methods that can additionally or
alternatively be used as prediction component are e.g. random forest or
bootstrapped neural networks. The final prediction is computed by e.g. a linear
combination of each method, where the weight may be, e.g. inversely proportional
to the error of prediction. Some of the prediction methods can be trained offline to
reduce the computational requirement of combining multiple predictions. Such an
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ensemble prediction based on the plurality of prediction methods is schematically
shown in Fig. 6.

Fig. 7 shows part of a method according to a further embodiment of the present
invention.

Fig. 7 the Process 2, i.e. the point prediction based on clustering is described as
shown in Fig 4.

Due to the raw measurement the data from sensors, from trajectory tracking and
from the object motion detection comprises a plurality of (data)points. The process
predicts the future object motion by using a (data)point clustering method and
finding the representing point of the object in the future cluster.

Predicting the future object motion is performed by the following steps:

o Transmitting (reference sign 3) all measurement data in vehicle
coordinates, range data form range sensor measurements (reference sign
2) and vehicle state data (reference sign 1) to global coordinates. In other
words the sensor measurement at the current time is respected to a vehicle
coordinate, so in order to use this sensor information, all sensor
measurement data has to be transformed into a global coordinate, to have a
common reference. This process may done by a general conventional
technique.

e Clustering (reference sign 4) points of the current measurement by taking
into consideration the size of the points (distance). In other words after
obtaining global information of sensor measurement, the resulting point
cloud is interpreted to objects by clustering them into a group, for which a
conventional clustering technique i.e, k-means, dbscan (density based) or
the method according to an embodiment of the present invention based on
statistical model, density, mean and variance shown in Fig. 8.

o Clusters at successive time are matched
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» Predicting the future cluster (reference sign 5) based on using the current
cluster and historical clusters (reference sign 7). In other words a cluster
movement is predicted in advance e.g. 5-10s ahead of the current cluster,
using the historical cluster data from the previous times.

e Clusters movement is processed e.g. using Kalman filter for object tracking,
Optical flow or according to an embodiment of the present invention based
on machine learning like an evolution algorithm.

» Predicting the future representing points of the objects (reference sign 6).
The point movement (represented by the shift vector) is derived from the
cluster motion, where it belongs. Each point may be assigned a new
position and a variance. In other words, the last step is to predict a point
that can represent an object i.e., the center of gravity of the cluster is
assumed to be a center of gravity, ‘CG’, of an object. (This can be done by
a conventional CG calculation method).

To summarize the cluster is predicted before a point is predicted in contrast to a
conventional algorithm/method determining a point directly without clustering
process. A point cloud is always contaminated with noise either from internal or
external disturbances, e.g. caused by sensor sensitivity. A point cloud is dynamic,
i.e. it can split or merge over time. It means that predicting a point directly from a
point cloud may result in high fluctuations when a point cloud splits or merges, but
using clustering enables stability, less fluctuation in point prediction, and provides
more accurate future object movement prediction.

Fig. 8 shows part of a method according to a further embodiment of the present
invention.

In Fig. 8 the principle of clustering prediction is shown at different times.
Since single point motion prediction may be not reliable, group point prediction

may be used where the groups of points are based on clustering. Since groups
disappear, merge or split on successive instants of time, a transition matrix is
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used. The entries of the matrix represent the probability of transition of each
cluster for successive instants of time. The transition probability is used to derive
the location of centroid of clusters in the future as described in Fig. 8.

After performing process 1 and 2, Process 3, i.e. finalizing object motion
prediction, combines the two predictions results of the object prediction from
current and future LIDAR measurement.

The output of a single predicting entity may be transmitted to a combination
system being adapted to compare the results and decides the most like object
position with its associated error for each of the time instant in the future horizon.

For finalizing the future object motion:

e Matching the points from two methods is performed according to the
following:

- If a point has not been matched, his prediction variance gets the
maximum, but its future position is considered.

- If a point is reproduced, i.e. matched in the two methods, the
variance is proportional to the variance of the two predictions and the
distance.

e Correcting the object location based on the corrected trajectory according to
the matched points.

Fig. 9 shows steps of a method according to a further embodiment of the present
invention.

In Fig. 9 a method for computing the position of the object in future instant of time
is shown comprising the steps of

1) Predicting the sensor measurement, using approximation function,

2) Predicting the object motion, using a clustering-based method,

3) Combining two prediction results for achieving the future object motion,
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wherein the update trajectory is used from a driving module providing trajectory
tracking to improve accuracy of the prediction and wherein the output of the
motion planning may be changed for autonomous and automated driving. The
planned trajectory may be considered in the single prediction methods, i.e. method
for sensor measurement prediction and method for object motion prediction and in
a combination system to compensate for the object future motion. The motion plan
generated by a motion planner may used by a vehicle maneuvering and trajectory
control system to steer, accelerate and decelerate a vehicle.

In summary the present invention provides or enables
1) An object motion prediction that uses range measure prediction
a. Training function with historical LIDAR data for sensor measurement
prediction.
b. Online prediction of the future LIDAR measurement based on
function approximation
c. Gaussian Process Function approximation
d. Combination (ensemble) of multiple predictors (prediction methods:
Spatial ARIMA, Random Forest, Bootstrapped Neural network).
2) Combination of prediction method results, which includes range and
physical predictors, for higher accuracy and robust object motion prediction.

In summary the present invention enables motion planning of autonomous robots
in particular resulting in more precise future known circumstances. Even further
the present invention provides a continuous trajectory. Further the present
invention provides a stable objection motion prediction system in which steering,
heading and speed can be smoothly changed, i.e. a robot will not hit an expected
future, object. Even further the present invention provides increased robustness of
prediction reducing the error and variance by combining a range and point
prediction.

Many modifications and other embodiments of the invention set forth herein will
come to mind to the one skilled in the art to which the invention pertains having the
benefit of the teachings presented in the foregoing description and the associated
drawings. Therefore, it is to be understood that the invention is not to be limited to
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the specific embodiments disclosed and that modifications and other embodiments
are intended to be included within the scope of the appended claims. Although
specific terms are employed herein, they are used in a generic and descriptive
sense only and not for purposes of limitation.
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Claims

A method for predicting a motion of an object, wherein said motion of said
object is predicted based on predicted future sensor readings, wherein said
predicted future sensor readings are computed based on current
measurement data of one or more range sensors.

The method according to claim 1, wherein said motion of said object is
predicted further based on historic measurement data of said one or more
range sensors.

The method according to one of the claims 1-2, wherein a point clustering is
performed on said current and on historic measurement data of said one or
more range sensors and current object state data based on a distance
between two points resulting in one or more clusters and wherein future
clusters are predicted and the object is identified in a predicted cluster to
predict said motion of said object..

The method according to one of the claims 1-2, wherein at least two different
prediction methods are used to compute method-dependent predicted future
sensor readings.

The method according to claim 4, wherein said method-dependent predicted
future sensor readings of the least two different prediction methods are
weighed and combined to obtain said predicted sensor readings.

The method according to one of the claims 1-5, wherein said predicted future
sensor readings are corrected during computing by using Gaussian Process
Approximation.

The method according to claim 3, wherein a future cluster is predicted using a
Kalman filter for a movement of said cluster.
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The method according to one of the claims 1-7, wherein motion feedback of
said object is included when computing said predicted motion of said object.

The method according to one of the claims 1-8, wherein said range sensors
are provided in form of LIDAR sensors.

A computing entity for predicting a motion of an object, comprising an input
interface for receiving data of one or more range sensors, an output interface
for output a predicted motion of said object and computation means
comprising a processor and a memory, being adapted to predict said motion
of said object based on predicted future sensor readings, wherein said
predicted future sensor readings are computed based on current
measurement data of one or more range sensors.

A non-transitory computer readable medium storing a program causing a
computer to execute a method predicting a motion of an object, wherein a
motion of the object is predicted based on predicted sensor readings,
wherein said predicted sensor readings are computed based on data of one
or more range sensors at a current time.
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