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SYSTEM AND METHOD FOR TRAINING A GENERATIVE ADVERSARIAL
MODEL GENERATING IMAGE SAMPLES OF DIFFERENT BRIGHTNESS
LEVELS

FIELD OF THE DISCLOSURE

[0001] The present disclosure is related to the field of image processing, in
particular to a method for training a generative adversarial model generating
image samples of different brightness levels.

BACKGROUND OF THE DISCLOSURE

[0002] Machine learning techniques require sample data for training. For
example in the field of computer vision, such training data may be image
samples. Computer vision tasks comprise e.g. the extraction of high-
dimensional data from the real world in order to produce numerical or symbolic
information, e.g., in the forms of decisions. In particular, deep learning
architectures using a trained model, e.g. in the form of an artificial neural
network, can be applied in the field of computer vision. The model can be
trained in a supervised, semi-supervised or unsupervised manner.

[0003] Examples of deep learning architectures in the computer vision field
comprise e.g.:

Fabian Manhardt et.al. (ECCV2018) "Deep Model-Based 6D Pose Refinement
in RGB”, and

Rupprecht, Christian & Laina, Iro & DiPietro, Robert & Baust, Maximilian &
Tombari, Federico & Hager, Gregory & Navab, Nassir (2017). Learning in an
Uncertain World: Representing Ambiguity Through Multiple Hypotheses.
10.1109/ICCV.2017.388.

[0004] A further specific class of machine learning systems comprise
generative adversarial network (GAN). In this class two neural networks contest
with each other in a zero-sum game framework, cf. e.g.:

Ian J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-
Farley, Sherjil Ozairy, Aaron Courville, Yoshua Bengioz (2014) “Generative
Adversarial Nets”, Advances in neural information processing systems, Pages
2672-2680, and

Alec Radford, Luke Metz, Soumith Chintala, 2015 “Unsupervised
Representation Learning with Deep Convolutional Generative Adversarial
Networks” (arXiv:1511.06434).
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[0005] When training a model, it may be desirable that the model learns to
perform a task in different lighting conditions, i.e. to increase their robustness
to lighting. For example, in case the computer vision tasks are in the context of
automated driving, the trained model may be required to extract high-
dimensional data from images and/or to semantically segment these images in
different lighting conditions, e.g. during different day time and/or in tunnels.

[0006] The mentioned exemplary task of semantic image segmentation is a
method to automatically determine the semantic labels of the objects which
appear in an image. For example, the image may be acquired by a camera
mounted in a vehicle. Semantic segmentation of such an image allows
recognizing cars, pedestrians, traffic lanes, etc. Therefore, semantic
segmentation is the backbone technique for autonomous driving systems or
other automated systems. Semantic image segmentation typically uses models
such as neural networks to perform the segmentation. These models need to
be trained.

[0007] Training such a model typically comprises inputting known images to
the model. For these images, a predetermined semantic segmentation is
already known (an operator may have prepared the predetermined semantic
segmentations of each image by annotating the images). The output of the
model is then evaluated in view of the predetermined semantic segmentation,
and the parameters of the model are adjusted if the output of the model differs
from the predetermined semantic segmentation of an image. It follows that in
order to train a semantic segmentation model, a large number of image
samples and predetermined semantic segmentations are necessary.

[0008] Is has been observed that the illumination condition at e.g. nighttime
(in particular when there is no direct solar illumination but e.g. only electrical
street lights, i.e. nocturnal artificial lighting) creates visibility problems for
drivers and for automated systems. While sensors and computer vision
algorithms are constantly getting better, the improvements are usually
benchmarked with images taken during daylight time. Those methods often fail
to work in nighttime condition. This prevents the automated systems from
actually being used: it is not conceivable for a vehicle to avoid nighttime, and
the vehicle has to be able to distinguish different objects during in daytime and
nighttime conditions.
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[0009] Compared to daylight, nocturnal artificial lighting degrades the
visibility of a scene significantly, according to the darkness of the driving scene.

[0010] It may thus be desirable to train semantic segmentation models with
nighttime images (images taken at night time with no direct solar illumination
but e.g. only electrical street lights, i.e. nocturnal artificial lighting). Obtaining
e.g. nighttime image samples (taken by a camera) or image samples of other
brightness (e.g. of a relatively high brightness) can be difficult and time-
consuming, especially if for each scene images at different brightness levels,
e.g. during different day times have to be taken. Furthermore it can be difficult
to annotate night-time images due to their light conditions (i.e. for the task of
semantic segmentation).

[0011] It is noted though that the described segmentation task is merely an
example for image processing. There may be other image processing tasks
where it is desirable to train a model with image samples of different brightness
levels, in order to increase robustness of the trained model with regard to
varying lighting.

SUMMARY OF THE DISCLOSURE

[0012] Currently, it remains desirable to obtain image samples suitable for
training an algorithm (e.g. another model) such that the robustness of the
trained model with regard to varying lighting is increased. In particular, is
remains desirable to provide a method and a system for training a model to
learn generating image samples of different brightness levels, in particular such
that the trained model can generate from one input image sample a set of
different brightness output image samples, while preserving the main content
of the input image sample.

[0013] Therefore, according to the embodiments of the present disclosure, a
(desirably computer-implemented) method for training a generative adversarial
model generating image samples of different brightness levels is provided. The
method comprises the steps of:

a — obtaining a set of training image data comprising for each of a plurality of
training images an input image sample and a target image sample representing
the same image but in a different brightness level,
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b — providing an image generating model having an encoder configured to
receive the input image sample and a plurality of decoder branches configured
to output each a generated output sample,

c — providing a discriminator model,

d - training the image generating model using the set of training image data
based on a predefined loss function, wherein for each training image among
the decoder branches only the decoder branch whose generated output sample
has a minimum loss compared to all other decoder branches is optimized based
on said predefined loss function, and

wherein the training step of d is augmented by an adversarial loss which is
based on the output of the discriminator model.

[0014] Accordingly, it is proposed to use a model in the form of a generative
adversarial model which is able to learn generating realistic output image
samples which preserve the main content of the input image sample. In
particular, the generative adversarial model desirably reduces blur effects in the
generated images.

[0015] Furthermore, due to the multiple hypothesis approach (i.e. the fact
that for each training image among the decoder branches only the decoder
branch whose generated output sample has a minimum loss compared to all
other decoder branches is optimized based on said predefined loss function) the
trained model becomes able to generate multiple images of consistently
different lighting levels from a single input image.

[0016] By training such a model it becomes possible to use the generated
image samples of the trained model to train other algorithms, e.g. other
models, for robustness to lighting.

[0017] For example, the generated image samples of the trained model may
be used to extend the dynamic range (like e.g. a pre-processor) for an existing
algorithm (e.g. another model) by feeding every output image into the existing
algorithm.

[0018] For example, the standard L1 and/or L2 loss may be augmented by
an adversarial loss which is based on a discriminator model trained to
distinguish machine generated image samples and (realistic) target image
samples.

[0019] For each training image the adversarial loss may be used to optimize
all decoder branches. Accordingly, at each training iteration all decoder
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branches may be updated, in order to learn generating more realistic output
image samples.

[0020] The step d of training the image generating medel using the set of
training image data may comprise a training according to a supervised learning
method. In other words, the training uses a target image sample.

[0021] The predefined loss function may determine a loss between an
output image sample generated by the image generating model and the target
output image.

[0022] The method may further comprise the step of: e — training the
discriminator model using the set of training image data and generated output
image samples generated by the image generating model, in order to learn
discriminating between real image samples and machine generated image
samples.

Accordingly, the discriminator model is trained together with the image
generating model.

[0023] The discriminator model and the image generating model may be
trained alternatingly.

[0024] The step of training the discriminator model may comprise, for each
generated image sample of a training image, inputting the generated image
sample and the corresponding target image sample (which relates to the same
input image sample as the generated image sample) and computing the
adversarial loss for said generated image sample.

Accordingly, the discriminator model may be trained based on all generated
image samples, i.e. on image samples with different brightness levels.

[0025] The adversarial loss used for augmenting the training step of the
image generating model may be the mean of the adversarial losses for said
generated image samples of the respective training image (i.e. those image
samples which have been generated based on the same input image sample
representing the training image).

[0026] The image generating model may be a deep neural network.

[0027] The discriminator model may be a deep neural network.

Each decoder branch may be a separate decoder of the model.

[0028] Alternatively the model may comprise a decoder with at least one
decoder layer, in which the decoder is branched such the last decoder layer
comprises the plurality of decoder branches. This alternative has the advantage
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that during each training iteration of the decoder the common parts of decoder
branches (including the decider branch having the minimum loss) are optimized
based on the predefined loss function.

[0029] The present disclosure further relates to a system for training a
generative adversarial model generating image samples of different brightness
level, comprising:

a module A for obtaining a set of training image data comprising for each of a
plurality of training images an input image sample and a target image sample
representing the same image but in a different brightness level,

a module B for providing an image generating model having an encoder
configured to receive the input image sample and a plurality of decoder
branches configured to output each a generated output sample,

a module C for providing a discriminator model, and

a model D for training the image generating model using the set of training
image data based on a predefined loss function, wherein for each training
image among the decoder branches only the decoder branch whose generated
output sample has a minimum loss compared to all other decoder branches is
optimized based on said predefined loss function, and

wherein the training in module D is augmented by an adversarial loss which is
based on the output of the discriminator model.

[0030] The system may comprise further (sub-) modules and features
corresponding to the features of the method described above.

[0031] The present disclosure further relates to a (computer) system for
generating image samples of different brightness levels, comprising the trained
model of step d of the method described above or of the trained module D of
the system described above.

[0032] The present disclosure further relates to a computer vision system
for processing an input image sample (e.g. to semantically segment the input
image sample, and/or to acquire information from said the input image
sample), comprising a pre-processor module configured to generate image
samples of different brightness level based on the input image sample, the pre-
processor module comprising the trained model of step d of the method
described above or of the trained module D of the system described above.
Accordingly, said computer vision system may comprise a module including an
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algorithm (e.g. another model) configured to receive and process the output of
the pre-processor module (i.e. including the generated image samples).

[0033] Furthermore the present disclosure relates to a computer program
including instructions for executing the steps of a method, as described above,
when said program is executed by a computer.

[0034] This program can use any programming language and take the form
of source code, object code or a code intermediate between source code and
object code, such as a partially compiled form, or any other desirable form.

[0035] Finally, the present disclosure relates to a recording medium
readable by a computer and having recorded thereon a computer program
including instructions for executing the steps of a method, as described above.

[0036] The information medium can be any entity or device capable of
storing the program. For example, the medium can include storage means such
as a ROM, for example a CD ROM or a microelectronic circuit ROM, or magnetic
storage means, for example a diskette (floppy disk) or a hard disk.

[0037] Alternatively, the information medium can be an integrated circuit in
which the program is incorporated, the circuit being adapted to execute the
method in question or to be used in its execution.

[0038] It is intended that combinations of the above-described elements
and those within the specification may be made, except where otherwise
contradictory.

[0039] It is to be understood that both the foregoing general description
and the following detailed description are exemplary and explanatory only and
are not restrictive of the disclosure, as claimed.

[0040] The accompanying drawings, which are incorporated in and
constitute a part of this specification, illustrate embodiments of the disclosure
and together with the description, and serve to explain the principles thereof.

BRIEF DESCRIPTION OF THE DRAWINGS
[0041] Fig. 1 shows a schematic flow chart of the steps of a method for
training a generative adversarial model generating image samples of different
brightness levels according to embodiments of the present disclosure; and
[0042] Fig. 2 shows a schematic block diagram of a system according to
embodiments of the present disclosure.
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DESCRIPTION OF THE EMBODIMENTS

[0043] Reference will now be made in detail to exemplary embodiments of
the disclosure, examples of which are illustrated in the accompanying drawings.
Wherever possible, the same reference numbers will be used throughout the
drawings to refer to the same or like parts.

[0044] Fig. 1 shows a schematic flow chart of the steps of a method for
training a generative adversarial model generating image samples of different
brightness levels according to embodiments of the present disclosure.

[0045] Accordingly, the model being desirably a neural network is trained to
take as input an image sample and produces as output a multitude of image
samples of same size but varying lighting conditions. Other than the brightness
and clipping introduced by the limited dynamic range of the image format the
scene is desirably not modified by the network.

[0046] In a first step SO1 a set of training image data is obtained comprising
for each of a plurality of training images an input image sample and a target
image sample representing the same image but in a different brightness level.

[0047] In a further step S02 (which may be carried out before, after or at
the same time as step S01) an image generating model is provided having an
encoder configured to receive the input image sample and a plurality of
decoder branches configured to output each a generated output sample.

[0048] In a further step SO3 (which may be carried out before, after or at
the same time as step S01 and/or S02) a discriminator model is provided.

[0049] Accordingly, the network consists of a single encoder and multiple
decoders, each producing one of the multiple output images. In particular, a
global discriminator is used to provide the loss for each of the output images.

[0050] In a subsequent step S04 the image generating model is trained
using the set of training image data based on a predefined loss function,
wherein for each training image among the deccder branches only the decoder
branch whose generated output sample has a minimum loss compared to all
other decoder branches is optimized based on said predefined loss function.

[0051] In other words, the final loss is the minimum value of all losses
associated with the respective decoder branches. Only the encoder and decoder
branch associated with the lowest loss is updated on each training cycle.

[0052] The training step S04 is augmented by an adversarial loss which is
based on the output of the discriminator model.
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[0053] In other words, the training objective is composed of two individual
loss terms, i.e. the discriminator loss and the predefined (e.g. L1) loss. Thereby
each of the n output image samples will be evaluated by the discriminator,
which ensures that all images fit the target domain in terms of structure and
realism.

[0054] Accordingly, each of the (predicted, i.e. generated) image samples is
paired with the corresponding target image sample, and is sent through the
discriminator. Afterwards, an (adversarial) loss value is obtained for each
prediction and the mean over the individual losses is taken. Hence, the loss for
the real input-target pair and all prediction-target pairs is computed and the
mean is taken.

[0055] The image generating model and discriminator more are trained
alternating. The discriminator model computes the loss for all predicted samples
(each paired with the target) and then computes the mean over all loss terms,
as expressed by the following simplified equations

for the generator step:

M
1
L = min(L1(/,T)) + ﬁz Discriminator(l;, T)
=1

and for the discriminator step:

M
L= MLZ Discriminator(lj,T) + Discriminator(0,T)
j=1
wherein:

O = Generator Input Image

T = Target Image

I = All predicted Images

I; = Predicted image j

[0056] The predefined loss will be also computed on all output images, but
inspired by e.g. C. Rupprecht et al (2017). Learning in an Uncertain World:
Representing Ambiguity Through Multiple Hypotheses. 10.1109/ICCV.2017.388,
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only the minimum contributes to the final loss. This enforces that the different
hypotheses specialize on the different target lightning conditions.

[0057] If for example the hypothesis (i.e. generated image sample) of the
nth decoder branch is the closest of the target image sample, only its loss will
contribute to the final loss to let it further optimize on the given sampled
lightning condition.

[0058] In other words, the discriminator loss is the average over all
generated image samples with respect to the discriminator. Thereby each of the
n generated image samples will be evaluated by the discriminator, which
ensures that all images fit the target domain in terms of structure and realism
and in our case also lighting. The L1 loss will be also computed on all generated
image samples, but only the minimum contributes to the final loss. This
enforces that the different hypotheses specialize on the different target
lightning conditions.

[0059] At runtime the trained model will output a multitude of generated
image samples based on a given input image sample, each with a different
brightness level but similar content to the original input image sample. The
network can be used to augment an existing dataset to extend the lighting
range while preserving labels associated to the original image. Additionally or
alternatively it can be used to pre-process existing images to achieve a high
dynamic range sequence of images for detection of objects or other existing
perception applications.

[0060] Fig. 2 shows a schematic block diagram of a system according to
embodiments of the present disclosure.

[0061] In this figure, a system 200 for training a model has been
represented. This system 200, which may be a computer, comprises a
processor 201 and a non-volatile memory 202. The system 200 may not only be
configured for training a generative adversarial model generating image
samples of different brightness levels. It may also apply the trained model to
another algorithm 400. For example the trained model may be applied to a
computer vision system 400. In other words, a computer vision system for
processing an input image sample 400 may comprise a pre-processor module
configured to generate image samples of different brightness level based on the
input image sample, the pre-processor module comprising said trained model.
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[0062] The system 200 may further be connected to a (passive) optical
sensor 300, in particular a digital camera (e.g. integrated into the vehicle and
being oriented to at least one of the front, the sides and the back). The digital
camera 300 is configured such that it can take pictures which may be used as
input image samples provided to the model. The camera 300 desirably
generates image data comprising a 2D or 3D image of the environment. There
may also be provided a set of monocular cameras which generate a panoramic
2D or 3D image.

[0063] In the non-volatile memory 202, a set of instructions is stored and
this set of instructions comprises instructions to perform a method for training a
model.

[0064] In particular, these instructions and the processor 201 may
respectively form a plurality of modules:

a module A for obtaining a set of training image data comprising for each of
a plurality of training images an input image sample and a target image sample
representing the same image but in a different brightness level,

a module B for providing an image generating model having an encoder
configured to receive the input image sample and a plurality of decoder
branches configured to output each a generated output sample,

a module C for providing a discriminator model, and

a model D for training the image generating model using the set of training
image data based on a predefined loss function, wherein for each training
image among the decoder branches only the decoder branch whose generated
output sample has a minimum loss compared to all other decoder branches is
optimized based on said predefined loss function, and

wherein the training in module D is augmented by an adversarial loss which
is based on the output of the discriminator model.

[0065] Throughout the description, including the claims, the term
"comprising a" should be understood as being synonymous with "comprising at
least one" unless otherwise stated. In addition, any range set forth in the
description, including the claims should be understood as including its end
value(s) unless otherwise stated. Specific values for described elements should
be understood to be within accepted manufacturing or industry tolerances
known to one of skill in the art, and any use of the terms "substantially" and/or
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"approximately" and/or “generally” should be understood to mean falling within
such accepted tolerances.

[0066] Although the present disclosure herein has been described with
reference to particular embodiments, it is to be understood that these
embodiments are merely illustrative of the principles and applications of the
present disclosure.

[0067] It is intended that the specification and examples be considered as
exemplary only, with a true scope of the disclosure being indicated by the
following claims.
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CLAIMS

1. A method for training a generative adversarial model generating
image samples of different brightness levels, comprising the steps of:

a — obtaining (S01) a set of training image data comprising for each of a
plurality of training images an input image sample and a target image sample
representing the same image but in a different brightness level,

b — providing (502) an image generating model having an encoder configured
to receive the input image sample and a plurality of decoder branches
configured to output each a generated output sample,

¢ — providing (S03) a discriminator model,

d - training (S04) the image generating model using the set of training image
data based on a predefined loss function, wherein for each training image
among the decoder branches only the decoder branch whose generated output
sample has a minimum loss compared to all other decoder branches is
optimized based on said predefined loss function, and

wherein the training step (S04) of d is augmented by an adversarial loss which
is based on the output of the discriminator model.

2. The method according to the claim 1, wherein
for each training image the adversarial loss is used to optimize all decoder
branches.

3. The method according to the claim 1, wherein
d - training (S04) the image generating model using the set of training image
data comprises a training according to a supervised learning method.

4, The method according to claim 1 or 2, wherein
the predefined loss function determines a loss between an output image sample
generated by the image generating model and the target output image.

5. The method according to any one of the preceding claims, further
comprising the step of:

e — training (S06) the discriminator model using the set of training image data
and generated output image samples generated by the image generating
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model, in order to learn discriminating between real image samples and
machine generated image samples.

6. The method according to any the preceding claim, wherein
the discriminator model and the image generating model are trained
alternatingly.

7. The method according to any the preceding claim, wherein

training (S06) the discriminator model comprises, for each generated image
sample of a training image, inputting the generated image sample and the
corresponding target image sample and computing the adversarial loss for said
generated image sample, wherein

the adversarial loss used for augmenting the training step (504) of the image
generating model is the mean of the adversarial losses for said generated
image samples of the respective training image.

8. The method according to the preceding claim, wherein
the image generating model is a deep neural network, and/or
the discriminator model is a deep neural network.

9. The method according to the preceding claim, wherein

each decoder branch is a separate decoder of the model, or

the model comprises a decoder with at least one decoder layer, in which the
decoder is branched such the last decoder layer comprises the plurality of
decoder branches.

10. A system for training a generative adversarial model generating
image samples of different brightness level, comprising:

a module A for obtaining a set of training image data comprising for each of a
plurality of training images an input image sample and a target image sample
representing the same image but in a different brightness level,

a module B for providing an image generating model having an encoder
configured to receive the input image sample and a plurality of decoder
branches configured to output each a generated output sample,

a module C for providing a discriminator model, and
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a model D for training the image generating model using the set of training
image data based on a predefined loss function, wherein for each training
image among the decoder branches only the decoder branch whose generated
output sample has a minimum loss compared to all other decoder branches is
optimized based on said predefined loss function, and

wherein the training in module D is augmented by an adversarial loss which is
based on the output of the discriminator model.

11, A system for generating image samples of different brightness levels,
comprising the trained model of step d of any one of claims 1 to 9 or of the
trained module D of claim 10.

12, A computer vision system for processing an input image sample,
comprising a pre-processor module configured to generate image samples of
different brightness level based on the input image sample, the pre-processor
module comprising the trained model of step d of any one of claims 1 to 9 or of
the trained module D of claim 10.

13. A computer program including instructions for executing the steps of
a method according to any one of claims 1 to 9 when said program is executed
by a computer.

14. A recording medium readable by a computer and having recorded
thereon a computer program including instructions for executing the steps of a
method according to any one of claims 1 to 9.
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a — obtaining a set of training image data comprising for each of a plurality of
training images an input image sample and a target image sample
representing the same image but in a different brightness level
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S03 \
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b - providing an image generating model having an encoder configured to
receive the input image sample and a plurality of decoder branches
configured to output each a generated output sample

¢ — providing (S03) a discriminator model

d - training the image generating model using the set of training image data
based on a predefined loss function, wherein for each training image
among the decoder branches only the decoder branch whose generated
output sample has a minimum loss compared to all other decoder branches is
optimized based on said predefined loss function, and
wherein the training step (504) of d is augmented by an adversarial loss
which is based on the output of the discriminator model.
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