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METHOD AND ELECTRONIC DEVICE

TECHNICAL FIELD

The present disclosure generally pertains to the field of self-driving and driving-assisted cars, in par-
ticular to methods and electronic devices for predicting the movement of objects based on data cap-

tured by automotive imaging sensors.

TECHNICAL BACKGROUND

Advanced driver assistance systems are systems which help the driver of a motor-driven vehicle in
the driving process. Advanced driver assistance systems increase the car safety and road safety.
Safety features are designed to avoid accidents by notitying potential problems to a driver. In an ad-
vanced driver assistance system, the system may even implement safe guards by taking over control

over the vehicle, for example by providing adaptive cruise control or automated braking,

The technology used in advanced driver assistance systems can also be applied in the development
of self-driving cars. A self-driving car, also called autonomous car, is an automated or autonomous
car which is capable of fulfilling the transportation capabilities of a traditional car without the neces-
sity of a human driver conducting the car. An autonomous vehicle comprises sensors such as video
cameras and radar systems, which enable the vehicle of sensing its environment and navigating with-
out human input. The autonomous vehicle senses the surroundings with techniques such as com-
puter vision, radar, lidar, GPS and advanced control systems, and interprets the sensory information

to identify approptiate navigation paths and/or actions.

For example, in frequent situations an intelligent vehicle must differentiate between a pedestrian on
the pavement who is about to cross the road and a pedestrian on the pavement who has no inten-
tion to cross the road. A standard approach to solve this problem is to detect the current and the
past pedestrian position and, based on its speed and trajectory (and possibly a detined set of other
tactors), to predict the most likely future position of the pedestrian. The drawback of this approach
is that a prediction is limited to the feature explicitly involved in the prediction (here speed, trajec-

tory, etc.).

SUMMARY

According to a first aspect, the disclosure provides a method comprising capturing current and past
data frames of a vehicle scenery with an automotive imaging sensor, and predicting, by means of a
recurrent neural network, the future position of a moving object in the vehicle scenery based on the

current and past data frames.
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According to a further aspect, the disclosure provides a method comprising capturing a current data
trame and past data frames of a vehicle scenery with an automotive imaging sensor, and using the
current data frame and the past data frames as a training sample for training a recurrent neural net-
work to determine the current position of a moving object in the vehicle scenery based on the past

data frames.

According to a still further aspect the disclosure provides an electronic device arranged to imple-
ment recurrent neural network, the recurrent neural network being trained to predict the future posi-
tion of a moving object in a vehicle scenery based on data frames captured with an automotive

imaging sensor.

Further aspects are set forth in the dependent claims, the following description and the drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

Embodiments are explained by way of example with respect to the accompanying drawings, in

which:
Fig. 1 shows a schematic representation of a current data frame captured by a vehicle front camera;

Fig. 2 shows a schematic representation of a predicted data frame representing a predicted vehicle

tront view obtained by a recurrent neural network;

Fig. 3 shows an embodiment of a probability map that contains the probabilities for a pedestrian to

be at each respective position on the map;

Fig. 4 shows an embodiment of a method for predicting the future position of a moving object in a

vehicle front scenery;

Fig. 5 shows a further embodiment of a method for predicting the future position of a moving ob-
ject in a vehicle front scenery;

Fig. 6 shows a schematic representation of a LSTM unit;
Fig. 7 shows a schematic representation of an LSTM future predictor model, and
Fig. 8 schematically shows an embodiment of an electronic device for predicting the future position

of a moving object in a vehicle scenery based on current and past data frames.

DETAILED DESCRIPTION OF EMBODIMENTS

Before a detailed description of the embodiments is given under reference to the drawings, some

general explanations are made.
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The embodiments described below disclose a method comprising capturing current and past data
trames of a vehicle scenery with an automotive imaging sensor, and predicting by means of a recur-
rent neural network, the future position of a moving object in the vehicle scenery based on the cur-

rent and past data frames.

The method may allow an advanced driver assistance system to make timely and appropriate deci-
sions and it may help an intelligent vehicle to not only understand its environment but also predict

what is going to happen next.

An automotive imaging sensor may be any system or device which provides sensor data that carries
information of the environment of the vehicle. For example, a computer vision system such as a
tront camera (equipped with CMOS-image sensors), a radar device, a lidar device, a GPS device, or
other devices may be used as an automotive imaging sensor. The automotive imaging sensor may
also be a system that is comprised of multiple sensors of the same technique, such as multiple video
cameras which capture a surround view of the vehicle surroundings. Still further, an automotive im-
aging sensor may combine several sensor types such as video and radar in order to obtain complex

sensor data.

The output of these sensors may be collected in data frames, where each data frame corresponds to
data of a particular point in time. A data frame may for example comprise video frames obtained by
a front camera attached to a vehicle. A data frame may comprise two- or three-dimensional data, de-
pending on the kind of sensor(s) used. For example, a computer vision system may be based on a
single front camera, which is arranged to provide a two-dimensional image of the front view of the
environment before the vehicle. Alternatively, two cameras may be used to provide a stereo view of
the front scenery which results in three dimensional data. Still alternatively, techniques like radar and
lidar may provide three-dimensional data which allows to obtain information about the distance of

objects in the front scenery.

A recurrent neural network (RNN) is a class of artificial neural networks that comprises feedback
connections. A recurrent neural network may for example arrange connections between units in a
directed cycle. This may allow to generate internal states of the neural network, which allow it to ex-
hibit dynamic temporal behavior. Recurrent neural networks provide an internal memory which al-

lows to process a query sequence of inputs.

In the embodiments described below, a Long Short Term Memory (LSTM) network is used as re-
current neural network. A LSTM network is an artificial neural network that contains LSTM units as

network blocks. An LSTM unit may be described as a smart network unit that can remember a value
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for a certain length of time. An LSTM unit may contain gates that determine when the input is sig-
nificant enough to remember, when the LSTM unit should continue to remember or when it should

torget the value, and when the LSTM unit should output the remembered value.

The present disclosure is however not restricted to this specitic type of recurrent neural networks.

Other recurrent neural networks may also be used.

A moving object may be any object in the environment of a vehicle which is of interest to an ad-
vanced driver assistant system or self-driving system. The moving object may for example be a pe-
destrian, which is on the pavement before the vehicle. Alternatively, the moving object may be

another vehicle such as a car, a truck, a bicycle, or the like.

A vehicle scenery captured by the automotive imaging sensor may for example be a vehicle front
scenery which is captured by a vehicle front camera. The method may however also use information
trom vehicle side cameras or rear cameras, which allow obtaining information from the vehicle sur-
roundings. A vehicle scenery might for example comprise a pedestrian which is walking on the pave-
ment or a child which is playing on the side of the street. A vehicle scenery may also comprise a

tront view of the street before the vehicle and other tratfic participants.

Current and past data frames may be data frames obtained by the automotive imaging sensor in spe-
cific time steps. For example an automotive imaging sensor may provide sensor data at defined parts
of a second (e.g. 20 data frames per second, or more, or less). In particular, the data frames may
comprise raw sensor data. The data frames may be stored in a data storage or data cache for subse-

quent analysis and processing.

The future position of a moving object may be defined in several ways, for example by the shape of
the moving object within a scene. Still further, the future position of a moving object may be de-

tined by the center of mass of the moving object, or similar means.

Predicting the future position of a moving object may comprise calculating a predicted data frame

based on the captured data frames, and identitying the moving object in the predicted data frame.

For example, the recurrent neural network may be trained to generate the images at time t+1 to t+m

trom images taken at time t-n to t.

A predicted data frame may for example have a data structure that is similar to the data structure of
a current and a past data frame, as obtained by a recurrent neural network that has been trained to
predict a sequence of future data frames based on a sequence of past data frames. The content of
the predicted data frame reflects a hypothetic future data frame that resembles to a certain degree
and with certain likelihood to a data frame that will be obtained by an automotive imaging sensor in

the future. A predicted frame may for example be received from a recurrent neural network which
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takes current and past data frames as input and which provides one or more predicted data frames
as output. For example, each data element of the predicted data frame may correlate with the output

of a certain cell of a recurrent neural network.

In certain embodiments, the method comprises predicting multiple predicted data frames, where
each predicted data frame corresponds to a certain future time. The multiple predicted data frames
may for example relate to subsequent future points in time that are separated by a defined time in-

terval.

The identifying of the moving object in the predicted data frame may for example be based on
standard image analyzing methods that are known to the skilled person. For example, the shape of a
pedestrian might be identified with known image matching or identification techniques. For exam-
ple, for the pedestrians’ prediction problem, one may apply standard pedestrian detection algorithm

on the generated images to predict future pedestrian positions.

Alternatively, predicting the future positon of a moving object may also comprise determining a
probability map, and identitying the future position of the moving object from the probability map.
A probability map may be a data structure which attributes to each potential position of the moving
object a certain probability or confidence level that the moving object will be positioned at a respec-
tive position in the future. The probability map may for example be a two-dimensional data field

where each element contains a probability value or a confidence value.

For example each image in a video sequence can be labelled with a detected position of pedestrians
using state-of-the-art algorithms and a recurrent neural network may be trained to predict the posi-
tion of the most probable positions of the pedestrian at time t+1 to t+m based on images taken at
time t-n to t. In the case the output of the recurrent neural network is a probability map for each

time t+m containing the probability for a pedestrian to be at each position on the map.

Each data element of the probability map may correlate with the output of a certain cell of a recur-

rent neural network.

Identifying the future position of the moving object from a probability map may for example com-
prise identifying the element in the probability map that has the highest probability value or highest

confidence value.

The disclosure thus provides a method to predict future environment variables based on current and
past raw sensor data (e.g. image sensor) without having to explicitly extract information from the
sensor’s data (position of object and people). The future environment variables can be the sensor’s
state (image) itself. An advantage of the approach may be that the predictor can use all available in-

formation.
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The embodiments also disclose a method comprising capturing a current data frame and past data
trames of a vehicle scenery with an automotive imaging sensor, and using the current data frame and
the past data frames as a training sample for training a recurrent neural network to determine the

current position of a moving object in the vehicle front scenery based on the past data frames.

A recurrent neural network that has been trained by this method may, after training, be used to pre-
dict the future position of a moving object in a vehicle scenery based on current and past data
trames. The recurrent neural network may be trained by any known method of training a recurrent
neural network. For example the recurrent neural network may be trained by gradient descent, back-

propagation, evolution strategies, genetic algorithms or other training methods.

The method may comprise training the recurrent neural network with a very large set of data frames,
tor example with a set of data comprising several thousand data frames, several ten thousand data

frames, several hundtred thousand data frames, or even more.

The embodiments also disclose an electronic device arranged to implement a recurrent neural net-
work, the recurrent neural network being trained to predict the future position of a moving object in

a vehicle scenery based on data frames captured with an automotive imaging sensor.

The recurrent neural network may comprise a LSTM encoder network and an LSTM decoder net-

work. The recurrent neural network may also comprise multiple network layers.

The here described methods and devices may also be applied to other applications such as robotics

or wearable devices such, e.g. smart eye wears.
Embodiments are now explained by reference to the accompanying drawings.

Fig. 1 shows a data frame 1 that represents automotive sensor data captured from a vehicle view. In
particular, the data frame 1 represents a vehicle front scenery that has been captured with a vehicle
tront camera. The data frame 1 is a current data frame that comprises the image of a scenery before
the vehicle as it is currently viewed by the vehicle front camera. The vehicle scenery comprises a
road 3, a pedestrian way 5, and a pedestrian at a position P; which is moving on the pedestrian way.
In Fig. 1 a past position P; of the pedestrian is indicated by dashed lines. These dashed lines indicate
the position of the pedestrian in a past data frame that was captured a certain time interval before

the current data frame.

Fig. 2 shows a schematic representation of a predicted data frame 7. This predicted data frame 7
comprises an image which resembles that of the current data frame 1, however the pedestrian in this
image has moved to a predicted position Ps. To illustrate the movement of the pedestrian, in Fig. 2

the current position P» and the past position P; of the pedestrian are indicated by dashed lines. It can
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be seen from Figs. 1 and 2 that according to the predicted position Ps of the pedestrian, the pedes-
trian is predicted to leave the pedestrian way and enter the road so that a potential accident is ex-
pected to happen with some confidence should the vehicle not change its navigation track. This
information obtained from predicted data frame 7 can be used by an advanced driver assistance sys-
tem to issue a warning signal to a driver, or it may be used in a self-driving car to initiate actions

such as changing the navigation path or activating the vehicle brakes in order to stop the vehicle.

According to the embodiments, the predicted data frame 7 of Fig. 2 is obtained by means of a recur-
rent neural network. The predicted data frame 7 as displayed in Fig. 2 may be obtained as output of
a recurrent neural network, where each data element of the predicted data frame 7 corresponds to a
the output of a network cell (e.g. a LSTM unit). That is, each data element of the predicted data

trame 7 may be associated with a respective cell of the recurrent neural network.

According to the embodiments, the predicted data frame 7 is used to identify the future position of
the pedestrian in the vehicle scenery based on current and past data frames. For example, the pre-

dicted shape of the pedestrian at position Ps in predicted data frame 7 may be obtained by an image
matching technique or by means of a shape detection technique to identity the pedestrian and to de-

termine its position.

Fig. 3 shows an embodiment in which the output of a recurrent neural network is a probability map
9 that describes the probability for a pedestrian to be at each position identified by the map. The
map is a two-dimensional data structure. Each data element of the probability map corresponds to a
specific position a pedestrian might be located in. In the embodiment of Fig. 3 the data structure of
the probability map represents a two-dimensional grid which corresponds to a two-dimensional im-
age which might for example be obtained by a front view camera. Each data element in the data
structure contains a number between 0 and 1 that describes the probability of a pedestrian being lo-

cated in a position that is associated with the respective data element.

In the example of Fig. 3 the data values are normalized so that the data element with the highest
probability has the probability value 1.0. All other data elements have smaller probability values be-
tween 0 and 1, for example probability values 0.1, 0.2, 0.3, 0.5, 0.6 and 0.8. In Fig. 3, elements with
probability 0 are left blank and a probability value is only shown for elements with non-vanishing

probability.

The probability map as displayed in Fig. 3 may be obtained as output of a recurrent neural network,
where each element corresponds to the output of a network cell (e.g. a LSTM unit). That is, each
data element of the data structure may be associated with a respective cell of the recurrent neural

network.
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Fig. 4 shows a method for predicting the future position of a moving object in a vehicle scenery
based on current and past data frames. At 401, current and past data frames of a vehicle front scen-
ery are captured with an automotive imaging sensor. At 403, a predicted data frame is calculated
based on the captured current and past data frames. At 405, the moving object is identitied in the

predicted data frame.

Fig. 5 describes a further embodiment of a method for predicting the future position of a moving
object in the vehicle scenery based on current and past data frames. At 501, current and past data
trames of a vehicle front scenery are captured with an automotive imaging sensor. At 503, a proba-
bility map is determined based on the captured data frames. At 505, the future position of the mov-

ing object is identified from the probability map.

In the following it is given a model description of a recurrent neural network that is based on the
Long Short Term Memory (LSTM) network type. The model description follows the model descrip-
tion given by N. Srivastava et al in “Unsupervised learning of video representations using LSTM”, e-

print archive of Cornell University Library, arXiv:1502.0468v1, 16. Feb. 2015.

Fig. 6 gives a schematic representation of a LSTM unit which is the basic unit of the LSTM recur-
rent neural network. A LSTM unit 15 comprises an internal cell 19 which has a state ¢; at time £.
Cell 19 acts as a memory unit. Reading or modifying of this memory unit is controlled through sig-
moidal gates, namely input gate 17 that has a state i, at time t, forget-gate 23 that has a state f; at
time ¢, and output-gate 25 that has a state 0 at time t. The LSTM unit 15 further comprises a cell
input 21 which receives a current frame X; as input. The gate and cell states are updated iteratively.
At each time step the input-gate, output-gate, forget-gate and the cell input each receive the current
frame x; as input. A second soutce of the LSTM unit is the previous hidden states hy_ (the cells'
outputs) of all LSTM-units in the same layer at time t — 1, i.c. at the previous time. The memorized
cell state €,—q acts as an internal source. The links between a cell and its own gates are called "peep-
hole connections". At each gate the inputs coming from different sources are added up along with a

bias. The gates are activated by passing their total input through a logistic function.

In the following, X; is a vector comprising as elements all inputs Xx; of the individual LSTM units of
a network layer at time t, i is a vector of all input-gate states, f; is a vector of all forget-gate states at
time t, 0, is a vector of all output-gate states at time t, and h; is a vector comprising all outputs of

the LSTM units of the of a network layer at time t.

Further, W ,; is the weight matrix between input and input-gate, Wy, is the weight matrix between
output and input-gate, W; is the weight matrix between cell and input-gate, W ¢ is the weight ma-

trix between input and forget-gate, Wy is the weight matrix between output and forget-gate, W f is
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the weight matrix between cell and forget-gate, W, is the weight matrix between input and cell, W,
is the weight matrix between output and cell, W, is the weight matrix between input and output-
gate, and W, is the weight matrix between cell and output-gate. As the peephole connections are
internal to each LSTM unit, the W x matrices are all diagonal matrixes. All other weight matrices W

may be chosen as dense matrices.

Still further, the vectors b, bg, b, and b, represent biases for the input-gates, forget-gates, cells

and, respectively, the output-gates.

The tanh function is used as non-linearity (21, 27 in Fig. 6).

The sigmoid function o acts as a logistic function of each gate.

An LSTM network layer is updated as follows.

First, activations I for the input gate and the forget-gate are computed at time t:

i = oWyxe + Wyhe 1 + Wec g +b))

Further, candidate state values €, for the states of the memory cells are computed at time ¢:
¢, = tanh(W,.x, + Wy h,_{ +b,)

Still further, activations f; for the forget-gates ate computed at time t:

fo= oWy, + Wiehey + Weree_q +by)

Given the values of the input-gates activations i, the forget-gates activations f; and the candidate
state values €; the memory cells” new states C; at time t are computed:

c, = f,c,_1 +1,C

With the new states €; of the memory cells, the values of their output-gates can be computed:
0, = o(WyoX, + Wyohy + Weoer +by)

Finally, the outputs h; of the memory cells at time t are computed according to:

h, = o, tanh(c,)

In this embodiment the recurrent neural network used is designed according to the LSTM Future

Predictor Model suggested by N. Srivastava in the reference cited above.

Fig. 7 shows a schematic representation of this LSTM Future Predictor Model. The model com-
prises two LSTM networks, an encoder LSTM 71 and a decoder LSTM 72. The decoder LSTM 72
predicts data frames that come after an input sequence of data frames. The input to the model is a

sequence of vectors Vg, VU, V3 where each vector represents a data frame (current and past data
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trames as obtained by an automotive imaging sensor). The encoder LSTM 71 of Fig. 7 reads the
vectors ¥y, V,, V3 in this sequence. Each iteration of the encoder LSTM 71 is indicated in Fig. 7 by
W;. After the last input has been read, the learned representation is copied from the encoder LSTM
71 to the decoder LSTM 72. The decoder LSTM 72 then takes over and outputs an output sequence
that comprises vectors Dy, U5, Dg each of which represents a future data frame. Each iteration of the

decoder LSTM 72 is indicated in Fig. 7 by W,.

In alternative embodiments, multiple layers of LSTMs are stacked on top of each other. In this case,
the LSTM units of the first layer receive a current frame X; as input and the LSTM units of the sub-
sequent layers receive the output of the previous layer as input. Each layer can contain recurrent

units (e.g. LSTM) or/and non-recurrent units.

Fig. 8 schematically shows an embodiment of an electronic device for predicting the future position
of a moving object in a vehicle scenery based on current and past data frames. The exemplifying
electronic device comprises an automotive camera 81 tor capturing current and past data frames of a
vehicle scenery. A data storage 83 receives the current and past data frames from automotive cam-
era 81 and stores these captured current and past data frames. A recurrent neural network 85 (RNN)
is connected to the data storage 83 and is arranged to read the current and past data frames as input
vectors. The recurrent neural network 85 passes its output vectors to an evaluation unit 87. The
evaluation unit 87 is arranged to analyze the output vectors of the recurrent neural network 85 in or-
der to determine the position of a moving object. For example, in the case that the recurrent neural
network has been trained to output a probability map as described in Fig. 3, the evaluation unit 87
determines the data element of the probability map with the highest probability value and infers
trom this that the position which is associated with this data element is the most probable position
of the moving object in the future. Based on this evaluation, the evaluation unit 87 may decide to
take control actions such as activating the vehicle brakes or refining the vehicle navigation. The eval-
uation unit 87 passes respective instructions to a control unit 89, which initiates corresponding ac-

tons.

LS

It should be noted that the division of the exemplifying device in Fig. 8 into units 81, 83, 85, 87, 89
is only made for illustration purposes and that the present disclosure is not limited to any specitic

division of functions in specific units. For instance, the recurrent neural network 85, the evaluation
unit 87 and the control unit 89 could be implemented by a respective programmed processor, field

programmable gate array (FPGA) and the like.



10

15

20

25

30

11
WO 2016/156236 PCT/EP2016/056616

All units and entities described in this specification and claimed in the appended claims can, if not
stated otherwise, be implemented as integrated circuit logic, for example on a chip, and functionality
provided by such units and entities can, if not stated otherwise, be implemented by software. For
example, the recurrent neural network 85 might be implemented in software or as dedicated hard-

ware.

In so far as the embodiments of the disclosure described above are implemented, at least in part, us-
ing a software-controlled data processing apparatus, it will be appreciated that a computer program
providing such software control and a transmission, storage or other medium by which such a com-

puter program is provided are envisaged as aspects of the present disclosure.
Note that the present technology can also be contfigured as described below.
(1) A method comprising

capturing current and past data frames of a vehicle scenery with an automotive imaging sen-

sor, and

predicting, by means of a recurrent neural network, the future position of a moving object in

the vehicle scenery based on the current and past data frames.

(2) The method of (1) wherein predicting the future position of a moving object comprises calculat-
ing a predicted data frame based on the captured data frames, and identifying the moving object in

the predicted data frame.

(3) The method of (1) wherein predicting the future position of a moving object comprises deter-
mining a probability map, and identifying the future position of the moving object from the proba-

bility map.

(4) The method of anyone of (1) to (3) wherein the recurrent neural network is a Long Short Term

Memory network.

(5) The method of anyone of (1) to (4), wherein the recurrent neural network comprises a LSTM en-

coder network and an LSTM decoder network.

(6) The method of anyone of (1) to (5), wherein the recurrent neural network is arranged to predict

multiple future data frames from a sequence of current and past data frames.
(7) The method of anyone of (1) to (6) wherein the moving object is a pedestrian.

(8) The method of anyone of (1) to (7), wherein the automotive imaging sensor comprises an auto-
motive video camera, and the data frames comprise two-dimensional video frames obtained from

the automotive video camera.
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(9) The method of anyone of (1) to (8), wherein the automotive imaging sensor comprises a radar
device, and the data frames comprise radar data.
(10) A method comprising

capturing a current data frame and past data frames of a vehicle scenery with an automotive

imaging sensor, and

using the current data frame and the past data frames as a training sample for training a re-
current neural network to determine the current position of a moving object in the vehicle scenery

based on the past data frames.

(11) An electronic device arranged to implement a recurrent neural network, the recurrent neural
network being trained to predict the future position of a moving object in a vehicle scenery based on

data frames captured with an automotive imaging sensor.

(12) The electronic device of (11), wherein the recurrent neural network comprises a LSTM encoder

network and an LSTM decoder network.

(13) The electronic device of (11) or (12), wherein the recurrent neural network comprises multiple

network layers.

(14) The electronic device of (11), (12) or (13), wherein the electronic device is arranged to perform

anyone of (1) to (10).
(15) A computer program comprising program code causing a computer to

capture current and past data frames of a vehicle scenery with an automotive imaging sensor,

and

predict, by means of a recurrent neural network, the future position of a moving object in

the vehicle scenery based on the current and past data frames.

(16) A non-transitory computer-readable recording medium that stores a computer program prod-

uct, which, when executed by a processor, causes a computer to

capture current and past data frames of a vehicle scenery with an automotive imaging sensor,

and

predict, by means of a recurrent neural network, the future position of a moving object in

the vehicle scenery based on the current and past data frames.

(17) A computer program comprising program code causing a computer to perform anyone of (1) to

(10).
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(18) A non-transitory computer-readable recording medium that stores a computer program prod-

uct, which, when executed by a processor, causes a computer to perform anyone of (1) to (10).
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CLAIMS

1. A method comprising

capturing current and past data frames of a vehicle scenery with an automotive imaging sen-

sor, and

predicting, by means of a recurrent neural network, the future position of a moving object in

the vehicle scenery based on the current and past data frames.

2. The method of claim 1 wherein predicting the future position of a moving object comprises cal-
culating a predicted data frame based on the captured data frames, and identifying the moving object

in the predicted data frame.

3. The method of claim 1 wherein predicting the future position of a moving object comprises de-
termining a probability map, and identitying the future position of the moving object from the prob-

ability map.

4. The method of claim 1 wherein the recurrent neural network is a Long Short Term Memory net-

work.

5. The electronic device of claim 1, wherein the recurrent neural network comprises a LSTM en-

coder network and an LSTM decoder network.

6. The method of claim 1 wherein the recurrent neural network is arranged to predict multiple future

data frames from a sequence of current and past data frames.
7. The method of claim 1 wherein the moving object is a pedestrian.

8. The method of claim 1 wherein the automotive imaging sensor comprises an automotive video
camera, and the data frames comprise two-dimensional video frames obtained from the automotive

video camera.

9. The method of claim 1 in which the automotive imaging sensor comprises a radar device, and the

data frames comprise radar data.
10. A method comprising

capturing a current data frame and past data frames of a vehicle scenery with an automotive

imaging sensor, and

using the current data frame and the past data frames as a training sample for training a re-
current neural network to determine the current position of a moving object in the vehicle scenery

based on the past data frames.



10

15

15
WO 2016/156236 PCT/EP2016/056616

11. An electronic device arranged to implement a recurrent neural network, the recurrent neural net-
work being trained to predict the future position of a moving object in a vehicle scenery based on

data frames captured with an automotive imaging sensor.

12. The electronic device of claim 11, wherein the recurrent neural network comprises a LSTM en-

coder network and an LSTM decoder network.

13. The electronic device of claim 11, wherein the recurrent neural network comprises multiple net-

work layers.
14. A computer program comprising program code causing a computer to

capture current and past data frames of a vehicle scenery with an automotive imaging sensor,

and

predict, by means of a recurrent neural network, the future position of a moving object in

the vehicle scenery based on the current and past data frames.

15. A non-transitory computer-readable recording medium that stores a computer program product,

which, when executed by a processor, causes a computer to

capture current and past data frames of a vehicle scenery with an automotive imaging sensor,

and

predict, by means of a recurrent neural network, the future position of a moving object in

the vehicle scenery based on the current and past data frames.
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