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Description

Method and apparatus for analysing an image

The invention relates to a method and an apparatus for ana

lysing an image using an artificial deep neural network, also

denoted as a neural net .

Image analysis is a common problem in various applications.

In applications like surveillance, driver assistance systems,

autonomous driving, or any application where information

about the environment is required, analysing images to detect

objects is an important task. Moreover, there is often a need

to detect specific kinds of objects like pedestrians or vehi

cles . Especially in scenarios where there are multiple fore

ground objects close together and/or partly occluded, a cor

rect image analysis, that is, the correct detection of all

objects becomes challenging.

There exist various approaches to tackle image-based object

detection in these difficult scenarios. One method uses vis

ual contexts based on scale and occlusion cues from detec

tions at proximity to detect pedestrians for surveillance ap

plications, especially for crowded scenarios. Another ap

proach uses a probabilistic pedestrian detection framework.

In this framework a deformable part-based model is used to

obtain scores for part-detections and the visibilities of

parts are modelled as hidden variables. Another method uses a

quadratic unconstrained binary optimisation framework for

reasoning about multiple object detections with spatial over

laps. This method maximises an objective function composed of

unary detection confidence scores and pairwise overlap con

straints to determine which overlapping detections should be

suppressed, and which should be kept. Another approach com

bines a determinantal point process combined with an indi-

vidualness to optimally select final detections. Therein,

each detection is modelled using its quality and similarity

to other detections based on the individualness . Detections



with high detection scores and low correlations are then se

lected by measuring their probability using a determinant of

a matrix, which is composed of quality terms on the diagonal

entries and similarities as the off-diagonal entries. Yet an-

other approach uses a hierarchical co-occurrence model to en

hance the semantic representation of a pedestrian. Therein, a

latent support vector model (SVM) structure is employed to

model the spatial co-occurrence relations among the parent-

child pairs of notes as hidden variables for handling the

partial occlusions.

It is an objective of the present invention to provide an al

ternative, easy to implement approach for accurately analys

ing an image .

This objective is achieved by a method having the features of

patent claim 1 and an apparatus having the features of patent

claim 15. Advantageous embodiments with expedient develop

ments of the invention are indicated in the dependent patent

claims as well as in the following description and the draw

ings .

A method according to the present invention is concerned with

analysing an image, wherein the image may have features cor-

responding to at least one class. For this purpose an artifi

cial deep neural net that is pre— trained for multiple

classes. The pre-trained neural net is adapted for one class,

that is, to focus on exactly one selected class of the multi

ple classes it has learned. The term class may for example

refer to an object category, an object count, an object con

dition, and the like. The number of classes the neural net

has learned may be equal to a number of nodes of an output

layer of the neural net. After adapting the neural net the

image is then processed by means of a forward pass through

the adapted neural net to generate a processing result. A

next step comprises analysing the processing result focused

on features corresponding to the selected class using an im

age processing algorithm. This may comprise detecting a mani-



festation or instance of the features corresponding to the

selected class in the processing result. Because of the adap

tion, the adapted neural net is focused on the selected class

and therefore the processing result is focused on features

corresponding to the selected class. In addition, the image

processing algorithm or the image analysis using the image

processing algorithm, respectively, may also be focused the

features corresponding to the selected class. This can lead

to an improved image analysis result, since the image proc-

essing algorithm and/or the image analysis can be, in par

ticular automatically, selected and/or adjusted in dependence

of the selected class to, for example, detect or prioritize

features corresponding to the selected class. In a next step

of the method according to the present invention a modified

image is generated by removing a manifestation or instance of

the features, in particular the previously detected manifes

tation or instance thereof, corresponding to the selected

class from the image. The modified image may be generated us

ing a separate image processing unit which may but does not

necessarily have to use a neural net.

In an advantageous development the modified image is itera-

tively used as input for the adapted neural net to analyse

the modified image for possible remaining manifestations of

the features corresponding to the selected class. Since the

neural net is adapted and thus focused on the selected class,

it may only detect one manifestation per iteration, even

though the image may contain multiple manifestations, in

stances or occurrences of the selected class or of features

corresponding thereto. A single iteration may then only de

tect and remove one manifestation, instance, or occurrence.

By using an iterative process, it thus becomes possible to

maximally focus the neural net and still detect all feature

manifestations present in the image sequentially. Overall

this approach can yield a more detailed, precise result of

the image analysis .



It is also possible to adapt the pre-trained neural net or

further adapt the adapted neural net for a different class

and then use the modified image as input for this differently

adapted neural net. This allows for a more detailed analysis

of the image by, for example, iteratively and/or sequentially

detecting features corresponding to different classes.

The processing result can for example be an output of the

adapted neural net after the forward pass or it can be a cer-

tain state or activation of the adapted neural net resulting

from or occurring during the processing of the image. It is

also possible to do additional processing steps after or be

sides the forward pass to generate the processing result.

A low-level image processing algorithm as well as low-level

image processing in terms of the present invention refers to

algorithms and methods that are not part of the machine

learning domain and/or that are not concerned with the inter

pretation or classification of a scene or an image as a

whole. Rather, these low-level techniques may for example in

clude pixel-based operations, finding corresponding points,

edge detection, and the like.

Throughout the following description an example is referred

to on occasion for illustrative purposes. In the example, the

neural net is pre-trained for counting objects, in particular

for counting pedestrians in images, and the method is used

for detecting objects. This example can then be generalised

and details and terms of the example can be replaced by the

broader terms as used in the claims. In this sense, the mul

tiple classes for which the neural net is trained are differ

ent counts of objects, such that the adapted neural net is

adapted to count a specific number of objects as given by the

selected class. It is, however, to be understood that the

present invention is by no means limited to this example

since the neural net can in principle be pre—trained for ar

bitrary classes. Also, the present invention can in principle

be used to analyse arbitrary images. Therefore, the term im-



age is to be interpreted broadly and can refer to different

kinds of images or image data. An input, that is, an image to

be analysed might for example be a scene or an image captured

by a surveillance camera or a camera that is part of an as-

sistance system of a car.

Instead of directly using an image captured by a camera it is

also possible to use image data that has been pre-processed

in some way. The image can for example be a crop of a larger

image that has been subdivided. It is, for example, also pos

sible to use as the image an output - for example the con

tents of a bounding box - resulting from a regional proposal

algorithm or object detection algorithm, or a result or an

output from a change detection algorithm. Such a pre-

processing algorithm, the outputs of which are used as the

image to be analysed by the present invention, could for ex

ample be a low-complexity algorithm operating in the com

pressed domain. In particular, the image may be a whole image

or a crop of an image output by another algorithm that is not

capable of separating closely spaced objects or that identi

fies larger areas compared to the sizes of the actual ob

jects .

When the proposed method is used for detecting objects, it

can be especially effective when the input, that is, the im

age to be analysed, is focused on a small region with one or

more closely spaced objects or object occluding one another.

A larger image can for example depict multiple groups of pe

destrians and can be subdivided into crops that may have

zero, one or more pedestrians in them. In case the starting

image is pre-processed by a detection algorithm the method

described herein can be used as a post processing step to de

tect objects inside a bounding box generated by the detection

algorithm to detect objects contained in that bounding box in

greater detail and with better accuracy.

It can be especially advantageous to use a crop of a larger

image as the image to be analysed using the present inven-



tion. The reason for this is that the performance of the ob

ject detection improves when there is less background infor

mation in the input image or crop since the neural net then

does not have to remove the background but can focus on spe-

cific foreground objects to be detected. In a tight crop

these foreground objects to be detected make up a larger por

tion of the input image.

A deep neural net is a neural net comprising multiple layers .

The pre—trained neural net could be trained from scratch

starting with randomly initiated weights and/or other parame

ters. It could also be pre—trained for counting objects by

transfer learning starting from a baseline neural net trained

for general image classification. The adaptation of the pre—

trained neural net to exactly one class can then be done with

significantly less time and effort then training or creating

a new neural net from scratch. To adapt the pre—trained neu

ral net training data can be provided to the pre—trained neu

ral net. This training data can with very little effort be

labelled or annotated with the selected class, which might

for example require only a single word or number. Adapting

the pre—trained neural net may also be referred to as tuning

the pre—trained neural net. This adapting or tuning can for

example be achieved by doing a gradient descent process on

the error surface, that is, the error function for the spe

cific data point, that is, the specific image used as train

ing data, using a backpropagation method. The weights and/or

other parameters of the pre—trained neural net are updated

during the adaptation or tuning process by running for exam-

pie multiple iterations of gradient descent or backpropaga

tion for the specific training data image. Adapting the pre-

trained neural net to the selected class allows or forces it

to focus on features or causes of the respective input corre

sponding to the selected class. Features belonging or corre-

sponding to another class or even additional manifestations

corresponding to the same class might be discarded. This can

result in sparse representations in the intermediate layers

of the adapted neural net. If the method is used for detect-



ing objects, this can advantageously be exploited to separate

closely spaced or occluded objects. If the image has at least

one manifestation of features corresponding to the selected

class, the adaptation ensures that the adapted neural net

will provide a classification of that image equal to the se

lected class. If there are multiple manifestations of these

features present in the image then on which one of these the

neural net focuses can depend on not readily apparent fea

tures or characteristics of the specific image and/or the

specific adapted neural net or its training history.

In the present description a trained, pre— trained, or adapted

neural net may also be referred to as a model.

Processing the image by means of a forward pass means that

the image is provided as an input to a first or input layer

of the neural net which then works on this input and provides

a corresponding result or output at a final or output layer.

The forward pass through the neural net therefore comprises a

data flow from the input layer to the output layer, that is,

from the lowest to the highest layer in a hierarchical layer

structure of the neural net. The neural net pre— trained for

the selected class could therefore accept an image as input

and provide as the output the probability for the input image

to belong to different classes according to the structure and

training of the neural net.

Advantageously, the processing result can be taken from at

least one filter of at least one intermediate layer and/or

from an output layer of the adapted neural net . In this case

a respective state or activations of the filter or layer can

serve as the above-mentioned processing result. It is, in

other words, possible to use a state, activation, or output

of one or more layers and/or filters of one or more different

layers of the adapted neural net as the processing result to

be analysed by the image processing algorithm. Alternatively

or in addition it is, of course, possible to use a final out

put of the forward pass at the highest layer of the adapted



neural net as the processing result. Since the different fil

ters and layers of the adapted neural net correspond to dif

ferent features and properties of the image, this approach

allows for an advantageous customisation of the present

method in dependence of the requirements of the respective

application and/or in dependence of the image. The filters

and/or layers to be used as the processing result may there

fore be selected corresponding to a predetermined analysis

task and/or in dependence of a predetermined characteristic

or type of the image or images to be analysed. Different

types of images may be more effectively analysed by using

different filters and/or layers as the basis of the process

ing result. It may, for example, be advantageous to use a

filter of a higher layer and one from a lower layer in order

for the respective image analysis result to contain data

about specific, low-level features of the image as well as

data about more general or abstract, high-level features or

concepts of the image.

It can also be advantageous to process the image not only by

means of the forward pass but also a subsequent backward pass

through the adapted neural net to generate the processing re

sult. The backward pass thus constitutes an additional proc

essing step after the forward pass but before using the image

processing algorithm to analyse the processing result. In

this case the processing result is or is derived from an out

put of the backward pass. A backward pass through a neural

net refers to processing data using the neural net in the op

posite direction as compared to the direction used in the

forward pass. The backward pass therefore comprises a data

flow from a higher layer to a lower layer of the respective

neural net. After the backward pass the processing result,

that is, the output of the backward pass can represent or re

semble an image wherein only features or causes of the origi-

nal input image belonging or corresponding to the selected

class are visible or highlighted. This is the case, because

other features of the input image are discarded or disre

garded during the forward pass and are not reconstructed dur-



ing the backward pass. One possibility for implementing the

backward pass is to use the transpose of the weights learned

by the respective neural net which have been used for the

forward pass. Using the additional step of the backward pass

can be advantageous since the result or output of the back

ward pass may be less abstract than the processing result

gleaned directly from the forward pass and may therefore be

easier to analyse using a conventional image processing algo

rithm. Using the result or output of the backward pass may

therefore lead to an improved result of the image analysis.

Analogous to the above-mentioned processing result of the

forward pass, the processing result after the backward pass

may also be taken from at least one filter of at least one

intermediary layer of the adapted neural net.

In an advantageous development of the present invention the

backward pass is started from an intermediate layer of the

adapted neural net . The output of a filter of the intermedi-

ate layer after the forward pass can serve as a starting

point for the backward pass. It is also possible to use a

combination of outputs of different filters from different

layers for processing by means of the backward pass. This re

sults in an output of the backward pass in which the features

of the processed image causing the corresponding activations

of the filter or filters are visible. Since the different

layers or their filters or activations correspond to differ

ent features or feature combinations of the image, starting

from an intermediate layer allows for a targeted selection of

which features or feature combinations become visible in the

output of the backward pass and are therefore used for or in

fluence the image analysis result. This advantageously allows

for a finely tuned customisation of the image analysis. It

is, however, also possible to start the backward pass from

the highest layer of the adapted neural net to focus only on

the most specific features corresponding to the selected

class .



Advantageously, a deep convolutional neural net, and/or a

deep feedforward neural net, and/or a deep recurrent neural

net is used as deep neural net. The deep neural net can

therefore have features or characteristics of one of these

types of neural nets or features or characteristics of a com

bination of some or all of these types of neural nets. This

allows for adapting the properties and behaviour of the neu

ral net to different applications.

Using a convolutional neural net (CNN) is especially advanta

geous for image processing and analysis since a high accuracy

can be achieved. This is partly because of the implicit as

sumption of locality. This means that by using a CNN it is

possible to take advantage of the fact that in typical images

and with typical objects depicted therein pixels located in

the same region of the image are more likely to be related,

that is, to belong to the same object, than pixels that are

farther away or apart. A disadvantage of conventional ap

proaches using a CNN for image analysis is that large amounts

of extensively annotated training data are required to train

the CNN. This problem is avoided with the present invention

by using a pre— trained CNN that has already learned different

classes and then adapting this CNN for the specific task,

use-case, or application. The pre-trained CNN can be trained

using synthetic image data. The adaptation or tuning of this

pre— trained neural net requires significantly less training

data which can also be annotated with significantly less ef

fort .

The present invention thus enables the analysis of new images

or image data without the need for large amounts of training

data and/or extensive labelling or annotations. Especially in

the case of using a CNN, a backward pass through the CNN may

also be referred to as a deconvolution pass or simply a de-

convolution. A deconvolution pass may therefore involve

starting from one of the learned filters at a layer of the

CNN and doing the reverse data processing steps of successive

unpooling, rectification, and filtering to reconstruct the



activity in the layer beneath, that gave rise to the chosen

activation of the learned filter where the deconvolution pass

started. Accordingly, the output of the deconvolution pass

may be referred to as deconvolved output.

Feedforward neural nets have the advantage of being very ro

bust, meaning that their performance degrades gracefully in

the presence of increasing amounts of noise. Using a recur

rent neural net can be especially advantageous for analysing

data with a temporal structure, such as for example a time

series of multiple images or a video feed.

Advantageously, the pre—trained neural net is adapted off

line using training data, in particular using synthetic im-

ages. The pre—trained neural net is, in other words, adapted

for the selected class - for example for counting exactly one

object - in a training or tuning phase prior to analysing or

processing the target image or target dataset, that is, prior

to productively using the adapted neural net in a specific

application. It is particularly advantageous to use synthetic

images as training data since those can be easily mass-

produced, managed, and specifically created or tailored to

fit the respective use case and to avoid any unintentional

biases. It is, however, also possible to use natural images,

that is, images of real scenes. Using natural images can have

the advantage of better preparing the neural net for its in

tended application. This may especially be the case if some

thing is known about the images to be analysed in that par

ticular application or if images from an intended target lo-

cation where the target images will come from are available.

It is also possible to use a combination of synthetic and

natural images to train, pre—train, and/or adapt the neural

network. Since the required labelling or annotation can be

very simple and may consist of only applying the selected

class - for example a number or count of one for counting one

object - to each image of the training data, this labelling

can advantageously be done automatically. Thus the overall

required time and effort to generate the adapted neural net



is significantly lower than the required time and effort for

generating a new neural net capable of a similar performance

analysing images, for example in detecting objects.

In an advantageous development of the present invention the

pre— trained neural net is adapted online using the image to

be analysed. This is done before this same image is processed

by means of the corresponding forward pass through the

adapted neural net. In other words, the specific image to be

analysed is used as training data to adapt the pre— trained

neural net. This means that the actual target data is used

for the tuning process which can advantageously result in an

improved image analysis performance. To achieve this the tar

get image, that is the image provided as input to be ana-

lysed, can be labelled or annotated with the selected class,

be provided as training data to the pre—trained neural net,

and - after the adaptation is completed - be processed using

the adapted neural net and subsequently the image processing

algorithm. This approach can be used for every image to be

analysed so that a tuning step is done for every input image

to be analysed. This advantageously allows for flexible and

accurate use of the presently described method even in prac

tical applications with different and/or changing input data,

that is, with variable images to be analysed. Overall, this

approach can yield particularly accurate results since the

adaptation does not need to rely on training data that dif

fers from the target data to be analysed in the respective

productive application.

In this manner, off-line training refers to using training

data that differs from the target image or target dataset to

be analysed, while online training refers to using the same

target data, that is later to be analysed, for training

and/or tuning purposes .

In an advantageous development of the present invention the

neural net is adapted using a group of images. After the ad

aptation is completed, the group of images is sequentially



processed without further adaptation steps between analysing

the images of the group. This means, that the pre—trained

neural net is adapted for the group of images instead of do

ing a respective adaptation step before analysing each indi-

vidual image to detect the respective objects in the images.

The adaptation step is, in other words, done for the group or

a set of images or inputs and not for every input or image

individually. In this fashion, instead of tuning the pre—

trained neural net for the selected class only for a single

image, the group of images can be used together for a com

bined adaptation step to speed up or expedite the overall

processing speed. Using a group of images for adapting the

neural net can be done offline as well as online. While

adapting the pre—trained neural net to every image to be ana-

lysed can yield improved or more accurate image analysis re

sults, using the group or a batch of multiple images to adapt

the pre—trained neural net and then processing and analysing

all images of the respective group can advantageously result

in a lower overall processing time needed to analyse all im-

ages of the group. This can especially advantageous, if the

application is time-sensitive and/or if the images of the

group are similar or related to each other. In the latter

case the omission of a tuning step for each individual image

before processing it will typically not result in signifi-

cantly lowered quality or accuracy of the image analysis.

Independent of the implemented adaptation variant, this ap

proach can yield accurate image analysis results since the

adaptation does not need to rely on training data that dif-

fers from the target data, that is, the actual images to be

analysed.

It is also possible to use a combination of the above-

mentioned approaches or methods for adapting the pre—trained

neural net. The pre—trained neural net may for example be

adapted offline, then deployed to its productive environment

or application and adapted again, that is fine-tuned, using

the actual target images to be analysed. Using different com-



binations of tuning methods advantageously offers a high

amount of flexibility and allows for customisation of the

method according to the present invention to fit different

needs and use cases in terms of required preparation or

training time, required processing time for processing a re

spective target dataset, and image analysis - especially ob

ject detection - accuracy.

In terms of the present invention offline training or tuning

refers to using training data that differs from a target im

age or target dataset to be analysed, while online training

or tuning refers to using the same image or target data later

to be analysed for training and/or tuning purposes .

In an advantageous development of the present invention the

pre-trained neural net is pre-trained for counting objects in

images. The neural net is, in other words, pre-trained to

classify images according to a number of objects depicted

therein. Each class of the classifier or output layer of the

pre-trained neural net may therefore represent or correspond

to a different count of objects. If there are, for example,

16 different classes or categories, the neural net might be

capable of classifying images with anywhere from 0 to 15, or

1 to 16, or any 16 different numbers of objects, according to

the respective number of objects depicted in each image. It

is to be noted that counting objects does not necessarily in

clude detecting or specifying individual locations or out

lines of each object. Training the neural net for counting

objects therefore requires significantly less detailed anno-

tations in the training data than, for example, training the

neural net to detect individual objects. The neural net can

be pre-trained for counting at least one specific type of ob

ject, such as for example pedestrians or cars.

In a further advantageous development of the present inven

tion the pre-trained neural net is adapted for counting ex

actly one object. If there is at least one object present in

the image, processing the image by means of the forward pass



thus results in counting exactly one object. This is the case

even if the image contains multiple objects of the type for

which the neural net is pre-trained. Counting one object

means focusing on one object and disregarding features be-

longing or corresponding to other objects that might be de

picted in the same image. If there is at least one object

present in the image, the adapted neural net will therefore

provide a classification of the image of 1 , meaning that it

has counted one of the objects depicted in the image.

In an advantageous development of the present invention at

least one object corresponding to the selected class is de

tected in the processing result by using the image processing

algorithm to analyse the processing result. This means that

object detection is done using simple, low-level image proc

essing techniques.

Object detection is a common problem in various applications.

In applications like surveillance or driver assistance sys-

terns or autonomous driving or any application where informa

tion about the environment is required, detecting objects is

an important task. Moreover, there is often a need to detect

specific kinds of objects like pedestrians or vehicles. Espe

cially in scenarios where there are at least two objects

close together or occluding other foreground objects, the de

tection may become challenging though. Combining object de

tection techniques using the image processing algorithm with

processing the image by means of a neural net pre— trained for

counting objects - and especially a neural net that is

adapted for counting one object - can yield especially accu

rate image analysis and object detection results. This is the

case even without providing training data, wherein each of

multiple objects is outlined and labelled in a detailed fash

ion. Not only the highest layer of the neural net but also

the intermediate layers of the neural net can learn meaning

ful features of foreground objects to be detected. It can

therefore be beneficial to use filters or activations from



different layers as the processing result to detect not only

objects but to focus on specific features.

While the neural net advantageously does not need to be

trained for detecting objects, processing the image using the

neural net can result in significantly easier, faster, more

accurate, and more reliable object detection using the image

processing algorithm. Since the neural net can put a focus or

relative emphasis on features corresponding to the selected

class - for example one object or a specific type of object -

the image processing algorithm does not have to deal with

other features of the original input image. This can reduce

the chance for false positive detection. The neural net can,

for example be adapted to count exactly one object which can

then be detected using the image processing algorithm.

By removing each individually counted or detected object from

the image, it is possible to iteratively detect multiple ob

jects in the same image. Since the detected object is re-

moved, its features no longer influence the neural net in a

following iteration step. Thus it becomes possible to accu

rately detect even closely spaced or partly occluded objects.

The present invention therefore offers improved counts or de

tections in such scenarios. Since the used neural net does

not need to be trained for object detection explicitly, there

is no need for an elaborate indication or annotation of the

exact locations of the objects to be detected in the training

data, which usually requires a large investment of time and

effort during supervised training. By contrast, the annota-

tions required for training the neural net for counting are

very simple since only a single number which is the count of

the objects is required. The tuning of the pre— trained neural

net can be achieved with comparatively very few images.

In an advantageous development of the present invention the

detected object is removed from the image by replacing pixel

values of pixels corresponding to the detected object with a

predetermined value. The pixels or parts of the image belong-



ing to or corresponding to the detected object can, for exam

ple, be replaced by uniformly coloured pixels or areas. After

the replacement, the replacement area or region made up of

the pixels having the predetermined pixel value or values can

be essentially featureless. The predetermined value used for

the replacement pixels can for example be a predetermined

constant value. It is also possible to use a pixel value de

rived from at least one pixel neighbouring the detected ob

ject or the region corresponding to the detected object.

Pixel values in this sense may in particular refer to colour,

intensity, and/or brightness. The pixels corresponding to the

detected object can for example be the specific pixels making

up the detected object or all pixels within a bounding box or

a similar, for example segmented, region determined to corre

spond to the detected object. The pixels corresponding to the

detected object can for example be determined by the low-

level image processing algorithm. By removing the detected

object from the image in this manner any features that caused

the adapted neural net to count this object are obliterated.

This advantageously ensures that the same features or object

are not counted and/or detected again in subsequent itera

tions of counting and/or detection steps.

In an advantageous development of the present invention the

analysis of the processing result using the image processing

algorithm - for example the detection of the counted object -

comprises pseudo— colouring and/or highlighting regions based

on intensity and/or thresholding and/or contour detection

and/or generating a bounding box, in particular a bounding

box enclosing or surrounding a detected contour or object.

These tasks can be automatically carried out using low-level

image processing techniques and thus do not require the use

of a neural net. Pseudo— colouring can be used to generate or

create colour variations based on sine wave generation for

different colour channels. Thresholding can be used to dis

card parts of the deconvolved output having one or more val

ues, such as intensity, below a predetermined threshold

value. Generating a bounding box can advantageously provide a



reference area or region assigned to or associated with the

counted object. The bounding box can therefore be used to in

dicate the detected object to a user and/or another program

or system. Since the bounding box can be a geometric primi-

tive form, for example a rectangle, this can be done with

much less processing effort than using a complex detailed

outline or shape of the detected object. The bounding box may

be added to the processing result and/or to the input image.

In a further advantageous development of the present inven

tion the object is detected using at least one predetermined

optimisation criterion. This may, in particular, be or com

prise using at least one predetermined constraint for a

boundary smoothness and/or for an area of the image and/or of

the processing result. A constraint in this sense may com

prise one or more predetermined threshold values, such that

for example a boundary or contour is interpreted to indicate

an object if the corresponding boundary smoothness and/or

area surrounded by the boundary or contour is greater or

smaller than the predetermined threshold value and/or lies

between two predetermined threshold values. Different thresh

old values or constraints may be provided and used for de

tecting different objects and/or different kinds of objects.

Using at least one such predetermined optimisation criterion

can enable fast and reliable object detection, in particular,

since features or causes corresponding to the object to be

detected are highlighted or relatively emphasised by process

ing the image using the adapted neural net prior to using the

image processing algorithm.

In an advantageous development of the present invention the

object is detected by treating pixels of the image or proc

essing result as a Markov random field and using a predeter

mined constraint on a gradient of intensities. Here, the

above-mentioned optimisation criterion may be or comprise at

least one predetermined constraint for the gradient of inten

sities. Among other advantages and benefits this approach can

be especially advantageous since a Markov random field can be



used to detect and segment objects in an image simultaneously

and can therefore yield fast and accurate object detection

and segmentation, as might be required in time-sensitive

and/or safety related applications. A Markov random field

model can also advantageously be used to detect moving ob

jects with improved accuracy.

In case multiple objects are detected due to parameters of

the image processing algorithm or thresholding one of the de-

tected object can be selected in dependence of a predeter

mined criterion. This can be useful for focusing the method

on detecting only a single object at a time. If a bounding

box is generated for each detected object, the criterion for

selecting one of the object can be the area of the bounding

boxes. For example, the object corresponding to or marked by

the bounding box having the largest area can be selected.

This can be advantageous based on the assumption that the ma

jority of specific, for example high-intensity, regions of

the deconvolved output belong to a single object.

In an advantageous development of the present invention the

pre— trained neural net is used to process or analyse the im

age to obtain a reference class for the image before adapting

the pre—trained neural net. The image can, in other words, be

processed by means of a forward pass through the pre— trained

neural net prior to its adaptation for the selected class. If

for example the neural net is pre-trained for counting ob

jects, the reference class can be a reference count of ob

jects. This can be useful to get an estimate of the number of

objects present in the image. The reference class can provide

a comparative value to gauge the performance or accuracy of

the pre—trained and/or the adapted neural net.

The reference count can advantageously also provide a lower

bound for the number of iterations necessary to detect all

objects depicted in the image to be analysed. This is the

case since with every iteration one object is counted, de

tected and removed so that every iteration lowers the number



of remaining undetected objects by one. The lower bound for

the number of required iterations can provide an estimate for

the required total processing time. It can also be used to,

especially automatically, select a tuning method for the ad-

aptation step of the described method according to the pre

sent invention. It is, in other words, possible to automati

cally select a variation of the method for detecting objects

in the image in dependence of the reference count.

If for example the reference count exceeds a predetermined

threshold value, an online adaptation using the image can be

omitted to reduce overall processing time. If, on the other

hand, the reference count is below a predetermined threshold

value, the online adaptation step can be carried out and/or

the modified image resulting from each iteration can also be

used for a separate online adaptation prior to processing the

respective modified image. The described use of the modified

image as training data for the online adaptation for the next

iteration step can of course be used in other variants of the

method according to the present invention as well. It can

also be advantageous to use the reference class, in particu

lar a reference count of zero or one as an exit condition.

This means that if the processing of the image using the pre—

trained neural net results in a reference count of zero or

one, further processing of the image can be stopped or can

celled to save the required processing time and effort. This

approach could for example advantageously be used to very

quickly process or classify multiple images. Thus, the capa

bility of the pre-trained neural net to count objects may be

used to initiate and possibly terminate the algorithm, that

is, the processing or analysis of the input image, since the

pre-trained neural net or the reference count it provides may

be used as a check.

Another aspect of the present invention besides the method

described herein is an apparatus for analysing an image. The

image may have features of or corresponding to at least one

class. The apparatus comprises an artificial deep neural net



pre— trained for multiple classes, and a separate image proc

essing unit. The apparatus is configured to process the image

by means of a forward pass through an adapted neural net to

generate a processing result. The adapted neural net is

adapted from the pre— trained neural net for, that is, to fo

cus on exactly one selected class of the multiple classes.

The apparatus is further configured to provide the processing

result to the image processing unit. The image processing

unit is configured to analyse the processing result focused

on the features corresponding to the selected class using an

image processing algorithm. The image processing unit is fur

ther configured to generate the modified image by removing a

manifestation of the features corresponding to the selected

class from the image.

The apparatus may comprise a processing unit (CPU) , a memory

device, and an I/O-system. In particular, the apparatus ac

cording to the present invention may be configured to carry

out or conduct at least one embodiment of a method according

to the present invention. For this purpose the apparatus may

comprise a memory device or data store containing program

code representing or encoding the steps of this method. The

memory device or data store containing this program code may

on its own also be regarded as one aspect of the present in-

vention. The respective embodiments of the method according

to the present invention as well as the respective advantages

may be applied to the apparatus, the memory device or data

store, and/or the program code contained therein according to

the present invention as applicable and vice versa.

The apparatus may further be configured to iteratively use a

modified image generated by the image processing unit as in

put for the adapted neural net to analyse the modified image

for possible remaining manifestations of the features corre-

sponding to the selected class.

The apparatus may also be configured to adapt the pre-trained

neural net to the selected class, that is, to focus on fea-



tures corresponding to the selected class. To achieve this,

the apparatus may comprise an adapting stage. This adapting

stage can be configured to run multiple iterations of gradi

ent descent to adapt the pre-trained neural net using train-

ing data. The number of iterations can be predetermined. The

number of iterations may also be determined by a predeter

mined threshold value for a difference between a respective

actual and an intended output of the neural net . The intended

output can be a classification of the respective training

data or image as belonging to the selected class with a prob

ability or confidence value equal to or greater than the pre

determined threshold value.

It is also possible to provide the adapted neural net as part

of the apparatus.

Further advantages, features, and details of the present in

vention derive from the following description of preferred

embodiments of the present invention as well as from the

drawings pertaining to the present invention. The features

and feature combinations previously mentioned in the descrip

tion as well as the features and feature combinations men

tioned in the following description of the figures and/or

shown in the figures alone can be employed not only in the

respectively indicated combination but also in other combina

tions or taken alone without leaving the scope of the inven

tion .

In the drawings

FIG 1 schematically depicts two scenes, each with multi

ple partly occluded pedestrians and multiple bound

ing boxes generated by a conventional object detec

tion algorithm;

FIG 2 depicts a schematic illustrating a data flow relat

ing to a method for analysing an image;



FIG 3 depicts a schematic illustrating steps of a method

for detecting objects in an image;

FIG 4 depicts a more detailed and complemented version of

the schematic shown in FIG 3 ;

FIG 5 depicts a schematic illustrating a structure of a

deep convolutional neural net which can be used to

analyse images;

FIG 6 schematically depicts an image to be analysed show

ing a first and a second pedestrian, one of whom is

partly occluded by the other;

FIG 7 schematically depicts a result of several steps of

processing the image shown in FIG 6 ;

FIG 8 schematically depicts the image shown in FIG 6 with

a bounding box surrounding the detected first pe-

destrian;

FIG 9 schematically depicts the image shown in FIG 6 with

a region corresponding to the first pedestrian re

moved from it; and

FIG 10 schematically depicts the image shown in FIG 6 with

a bounding box around the detected second pedes

trian .

FIG 1 schematically depicts a first scene 1 and a second

scene 2 , each showing multiple pedestrians 3 . The scenes 1 , 2

can for example be images taken by a surveillance camera. The

pedestrians 3 can be considered to be objects, in particular

foreground objects, that are to be automatically detected by

a method and an apparatus for analysing an image, in particu

lar for detecting one or more objects in an image.



Also depicted in FIG 1 are multiple object bounding boxes 4

generated by a conventional object detection algorithm. As

can easily be seen, the multiple pedestrians 3 include some

who are partly occluded. These are referred to as occluded

pedestrians 5 . The pedestrian 6 , for example, partly includes

the pedestrian 7 in scene 1 . In a similar manner, the pedes

trian 9 is partly occluded by the pedestrian 8 . An example in

scene 2 is the partly occlusion of the pedestrian 10 by the

pedestrian 11 .

The scenes 1 , 2 therefore represent difficult to analyse im

ages with closely spaced objects of which some are also

partly occluded. As a result, conventional object detection

algorithms cannot reliably and accurately detect all the ob-

jects, that is all the pedestrians 3 in the scenes 1 , 2 , or

similar images. This becomes obvious when considering the ob

ject bounding boxes 4 . Some of these surround multiple pedes

trians 3 as for example the pedestrians 8 and 9 , indicating

that the used detection algorithm is not capable of discrimi-

nating between these objects. Also, some of the pedestrians 3

such as for example the pedestrian 7 are not detected and are

therefore not surrounded by one of the object bounding boxes

4 at all.

This clearly indicates a need for an improved method for de

tecting objects in image data. Such an improved method can

also be useful in scenarios where a change detection algo

rithm detects areas of the image where change has taken

place, since a finer delineation of the foreground object or

objects than can be provided by conventional object detection

algorithms may be required.

FIG 2 shows a schematic 12 illustrating a data flow relating

to a method for object detection in an image. In a first step

an input 13 is provided, which can for example comprise an

essentially raw or unchanged image to be analysed for detect

able objects. The input 13 is fed into a first stage 14. In

this first stage 14 the input 13 may be processed using a



conventional object detection algorithm or a change detection

algorithm, or the image or images contained in the input 13

may be subdivided or cropped. The first stage 14 may as an

output provide the input 13 complemented with region propos-

als or bounding boxes corresponding to the regions containing

changing features or detected objects respectively. These re

sults or outputs of the first stage 14 and therefore the

parts or crops of the input 13 are in turn provided to an ap

paratus 15 as an image or images to be further analysed. The

apparatus 15 is configured to carry out an improved method

for detecting one or more objects in an image described in

further detail below. The apparatus 15 can provide as output

16 the input 13 with refined, separated, and/or additional

bounding boxes 4 .

FIG 3 depicts a schematic 17 illustrating a structure and

functionality of the apparatus 15. Here an input image 18 to

be processed and analysed for detectable objects is provided.

In a tuning step 19 an artificial deep convolutional neural

network pre—trained for counting objects is adapted to count

only one object, even if the input image 18 contains multiple

objects. In a counting step 20 the adapted neural net is used

to count one object in the input image 18. The counting step

20 presently comprises a forward pass of the input image 18

through the adapted neural net as well as a backward or de-

convolution pass through the adapted neural net in the oppo

site direction. The resulting output of the backward pass re

veals the single object counted in the counting step 20. This

is the case since the neural net is adapted to count one ob-

ject and the highest layers of the adapted neural net are the

most task specific with - in this case - the task being

counting objects.

During the forward and backward passes through the adapted

neural net features of the input image 18 or causes of spe

cific activations in the different layers and filters of the

adapted neural net are discarded or disregarded so that the



focus lies on only one object or features or causes corre

sponding to the one counted object.

A cause of an activation can be a feature of the input image

18 and/or an output of one of the intermediate layers or fil

ters of the neural net responsible for a specific activation

or activation pattern within one layer or filter of the re

spective neural net. To refer back to the example with pedes

trians as objects to be detected, the result of the tuning

step 19 is such that the adapted neural net is able to focus

its attention on one specific pedestrian in the counting step

20 .

The output of the backward pass can then be processed by a

conventional low-level image processing algorithm to detect

the counted object and, optionally, mark its location in the

input image 18. This enables the removal of the detected ob

ject from the input image 18 in a modification step 21. In

the modification step 21 a modified image is therefore cre-

ated. This modified image can be understood to be the input

image 18 minus the image data corresponding to the detected

object. This modified image can in an iterative process then

be used as input for the next iteration of the counting step

20 .

Since the object that has been counted and detected first is

removed in the modified image, the actual object count of the

modified image is lower than the object count of the input

image 18 by one. By undergoing multiple of these iterations

all objects contained within the input image 18 can sequen

tially be detected and removed from the respective image

processed in each respective iteration. When no more objects

are detected the iteration loop of subsequent counting steps

20 and modification steps 21 can be stopped.

The output 22 can, for example, be the input image 18 with

all detected objects marked by a respective bounding box. If,

for example, the input image 18 contains only a single ob-



ject, this object can also be effectively detected in the de

scribed manner, wherein the modification step 21 is only exe

cuted once, since the method may terminate, if the result of

the counting step 20 indicates that no object can be de-

tected, that is, if at any point the object count is or be

comes zero.

If the deep neural net pre—trained for counting objects is

instead tuned for a higher number of objects, that is, to

count a higher number of objects, correspondingly more ob

jects would be visible in the deconvolved output, that is, in

the output of the backward pass. This behaviour of counting

the number of objects for which the pre-trained neural net is

tuned can presently be exploited by tuning the pre-trained

neural net to count one object. This effectively results in

the ability to detect a single object. This approach can be

used to separate closely spaced objects or objects occluding

one another to achieve a higher detection accuracy compared

to conventional object detection algorithms using neural net-

works trained for object detection.

The neural net pre-trained for counting objects can be under

stood to be pre-trained for multiple classes. Each class cor

responds to a specific number of objects, that is, a specific

object count. One of these multiple classes - in this case

the class corresponding to an object count of one - is used

as a selected class for tuning the pre-trained neural net.

The features and parts of the image making up and/or corre

sponding to one pedestrian 3 therefore are the features cor-

responding to the selected class for which the neural net is

adapted.

FIG 4 depicts a more detailed and complemented version of the

schematic 17 shown in FIG 3 . All functions indicated to be

contained inside of the dashed line 23 can be considered to

be functions of the apparatus 15 shown in FIG 2 . These func

tions are explained below with reference to FIGs 5 - 10. Cor

responding to the input image 18 a crop 24 of a 2D image is



provided as input image data to be analysed for detectable

objects. An example of the crop 24 is shown in FIG 6 as the

image 48. The image 48 shows a first pedestrian 49 and a sec

ond pedestrian 50, wherein the second pedestrian 50 is partly

occluded by the first pedestrian 49.

The crop 24 is fed into a deep convolutional neural net (CNN)

denoted as CNN 25. In the present example the CNN 25 is

trained to count pedestrians in 2D images.

FIG 5 schematically shows an example of a possible layer

structure 35 of the CNN 25. During a forward pass through

this layer structure 35 the crop 24 is received at an input

data layer 36. The input data layer 36 is followed by five

convolutional layers 37 which in turn are followed by three

fully connected layers 38. The different shapes and sizes of

the layers 36, 37, 38 schematically indicate different corre

sponding dimensions, that is, numbers of neurons and filters.

The smaller squares in the input data layer 36 and the first

four convolutional layers 40 to 43 indicate a respective ker

nel size. In the present example the input data layer 36 may

have a size of 227 by 227 neurons with a kernel size of 11 by

11. The first convolutional layer 40 may have a size of 55 by

55 neurons with a thickness of 96 which indicates the number

of filters in the direction of the data flow as indicated by

arrow 39. The kernel size of the first convolutional layer 40

may for example be 5 by 5 . The second convolutional layer 41

may have a size of 27 by 27 neurons with 256 filters. The

kernel size for the second convolutional layer 41, the third

convolutional layer 42 and the fourth convolutional layer 43

may all be the same at 3 by 3 . The third convolutional layer

42 and the fourth convolutional layer 43 may have the same

dimensions at for example 13 by 13 neurons with 384 filters

each. The fifth convolutional layer 44 may have the same size

at 13 by 13 neurons but only 256 filters. The first fully

connected layer 45 and the second fully connected layer 46

may have 1024 filters each. The CNN 25 may for example be

trained to count 0 to 15 or 1 to 16 pedestrians. Correspond-



ingly, the third fully connected layer 47, that is, the out

put layer which acts as a classifier comprises 16 classes for

the different pedestrian counts. As part of the CNN 25 recti

fied linear units (ReLUs) may be used as activation func-

tions, while pooling and local response normalisation layers

can be present after the convolutional layers 3 . Dropout can

be used to reduce overfitting.

The crop 24 is processed by the CNN 25 to obtain a reference

or predicted count of the objects present in the crop 24.

Corresponding to the tuning step 19 referred to in FIG 3 this

is followed by a tuning step 26 to adapt the CNN 25 to count

only one object. There exist several different options to

carry out this tuning or adaptation. In a first tuning option

27 the respective training data is labelled or annotated with

a count of one to adapt the CNN 25 to count one object. In a

second tuning option 28 the CNN 25 is adapted for counting

one object using a group of images or crops. These multiple

crops can be crops from a single larger image or they can be

crops from multiple different images, for example multiple

different frames of a video sequence. In a third tuning op

tion 29 the CNN 25 is adapted for counting one object using

the same crop 24 to be further analysed in subsequent steps.

The tuning options 27, 28, 29 may also be combined in various

ways .

The tuning of the CNN 25 as well as its training to count ob

jects can be done by providing corresponding training data.

The training data may comprise different types of images such

as synthetic images, and/or natural images, or a combination

thereof. Advantageously, a comparatively large amount of syn

thetic images may be used for training the CNN 25, while the

tuning may be achieved using comparatively few natural, that

is, real images. This avoids the need for large amounts of

manually annotated training data. The tuning step 26 results

in a tuned or adapted neural net .



Following the tuning step 26 the crop 24 is processed by

means of a forward pass 30 through the adapted neural net. An

output of this forward pass 30 is then processed again by

means of a backward pass or deconvolution 31 through the

adapted neural net which generates a processing result. This

processing result after the deconvolution 31 is an image re

vealing a single object counted in the forward pass 30.

The deconvolution 31 is followed by a post-processing step

32. The post-processing step 32 is done in order to segment

out the counted object from the deconvolved output. This may

comprise several different low-level image processing steps

such as pseudo-colouring, highlighting of regions correspond

ing to the counted object based on intensity, thresholding,

contour detection, and generation of a bounding box surround

ing the counted and detected object.

FIG 7 schematically depicts an intermediary post-processing

result 51 after pseudo— colouring, highlighting, and thresh-

olding. These low-level image processing steps reveal a con

tour 52 corresponding to the detected object, which in this

case is the first pedestrian 49 shown in FIG 6 .

FIG 8 shows a first final post-processing result 53 with a

first bounding box 54 surrounding the detected object, that

is, the first pedestrian 49. The first bounding box 54 is

generated based on the detected contour 52.

The first final post-processing result 53 is then passed on

to a modification stage 33. In this modification stage 33

pixels corresponding to the detected first pedestrian 49 are

removed from the first final post-processing result 53 or the

corresponding crop 24, that is, the image 48. Presently, this

is done by replacing the area and contents of the first

bounding box 54 with pixels of a uniform intensity and col

our. This results in a modified crop 55 shown in FIG 9 . Here,

a part of the image 48 corresponding to the detected first

pedestrian 49 as indicated by the first bounding box 54 is



now replaced by a replacement region 56 of uniform colour and

intensity. Therefore, all features and causes leading to the

counting and the detection of the first pedestrian 49 in the

forward pass 30 and the post-processing step 32 are no longer

distinguishable in the modified crop 55. Instead of replacing

the area of the first bounding box 54 it is also possible to

do a more detailed segmentation of the first pedestrian 49.

The better this segmentation matches the first pedestrian 49,

that is, the respective detected object, the fewer pixels not

belonging to the first pedestrian 49 are removed from the

first post processing result 53 or the image 48, respec

tively. This in turn can lead to improved detection results

for other remaining objects still to be detected in subse

quent iterations, such as the second pedestrian 50.

In a second iteration of the described process the modified

crop 55 is provided as input to the adapted neural net for

processing by means of a second forward pass 30, a second

backward pass 31, and a subsequent second post-processing

step 32. Processing the modified crop 55 this way results in

a second post-processing result 57 schematically shown in FIG

10. Therein, the second pedestrian 50 is detected and marked

by a surrounding second bounding box 58. This iterative proc

ess for sequentially detecting all objects in the image 48

can be repeated until no more objects are detected.

An overall output 34 of the described processing of the crop

24 may comprise the respective post-processing results 53, 57

of all processing iterations and/or a combination of those,

that is, the crop 24 or image 48 with all detected objects,

that is, all detected pedestrians 49, 50, marked by respec

tive bounding boxes 54, 58.

As described above, an object count of one is used to gener-

ate the adapted neural net and to therewith extract a single

foreground object. This is only possible because the CNN 25

has previously been trained for counting objects. If, by con

trast, a label of one is used and the classifier is trained



from scratch, it is very difficult for the resulting neural

net to focus on a single foreground object. However, since

the feature extractor, that is the neural net or a part

thereof, learned to extract features useful for counting, all

- or, in the present example, both - foreground objects would

then be revealed in the deconvolved output. In other words,

if the CNN 25 trained for counting objects is not used and

the last fully connected layer 47 would be trained from

scratch instead, both or all foreground object would become

visible even though a count of one might be used for tuning.

Summing up, it is possible to use a counting model, that is,

a deep neural net pre-trained for counting objects, to also

detect objects by tuning it to the limit of counting only one

object. This allows the accurate and reliable detection of

closely spaced and/or partly occluded objects, such as the

pedestrians 3 , 49, 50. In general, occlusion by similar fore

ground objects can be a challenging situation as compared to

occlusion by objects not considered as part of the foreground

since the classifier can be trained to reject objects that

are not of interest. If, however, the foreground object is

being occluded by another foreground object of the same type

or category, the challenge is to detect the partially oc

cluded and the not—occluded object separately since they ap-

pear to overlap in a 2D image. To meet this challenge, the

present invention suggests using a deep neural net pre-

trained for counting objects and tuned for counting one ob

ject such that it is able to focus its attention on one ob

ject at a time. In the described example the neural net is

trained on crops of images with varying numbers of pedestri

ans and then tuned towards counting one pedestrian. The un

derlying principle idea of the present invention is thus,

that a neural net capable of counting, when pushed towards

the extreme limit of counting one object, can be used for ob-

ject detection.



Claims

1 . Method (12, 17, 23) for analysing an image (13, 18, 24,

48) having features corresponding to at least one class, com-

prising the following steps:

- adapting an artificial deep neural net (25) pre-trained for

multiple classes to focus on exactly one selected class of

the multiple classes, wherein the image (13, 18, 24, 48)

has features corresponding to the selected class,

- processing the image (13, 18, 24, 48) by means of a forward

pass (20, 30) through the adapted neural net to generate a

processing result,

- analysing the processing result focused on features corre

sponding to the selected class using an image processing

algorithm,

- generating a modified image (55) by removing a manifesta

tion (49) of the features corresponding to the selected

class from the image (13, 18, 24, 48) .

2 . Method in accordance with claim 1 , characterised in that

the modified image (55) is iteratively used as input for the

adapted neural net to analyse the modified image (55) for

possible remaining manifestations (50) of the features corre

sponding to the selected class

3 . Method (12, 17, 23) in accordance with any of the preced

ing claims, characterised in that the processing result is

taken from at least one filter of an intermediate layer (40,

41, 42, 43, 44, 45, 46) of the adapted neural net and/or from

an output layer (47) of the adapted neural net.

4 . Method (12, 17, 23) in accordance with any of the preced

ing claims, characterised in that

the image (13, 18, 24, 48) is processed by means of the for-

ward pass (20, 30) and a subsequent backward pass (31)

through the adapted neural net (5) to generate the processing

result .



5 . Method (12, 17, 23) in accordance with claim 3 , character

ized in that the backward pass (31) is started from an inter

mediary layer (40, 41, 42, 43, 44, 45, 46) of the adapted

neural net .

6 . Method (12, 17, 23) in accordance with any of the preced

ing claims, characterised in that a deep convolutional neural

net (25, 35), and/or a deep feedforward neural net, and/or a

deep recurrent neural net is used as deep neural net .

7 . Method (12, 17, 23) in accordance with any of the preced

ing claims, characterised in that the pre-trained neural net

(25) is adapted offline using training data, in particular

using synthetic images.

8 . Method (12, 17, 23) in accordance with any of the preced

ing claims, characterised in that before the image (13, 18,

24, 48) is processed by means of the corresponding forward

pass (20, 30) , the pre-trained neural net (25) is adapted

online using the image (13, 18, 24, 48) .

9 . Method (12, 17, 23) in accordance with any of the preced

ing claims, characterised in that

- the neural net is adapted using a group of images (13, 18,

24, 48), and

- after the adaptation (26, 27, 28, 29), the group of images

(13, 18, 24, 48) is sequentially processed without further

adaptation steps (26, 27, 28, 29) .

10. Method (12, 17, 23) in accordance with any of the preced

ing claims, characterized in that the pre-trained neural net

(25) is pre-trained for counting objects (3, 49, 50) in im

ages .

11. Method (12, 17, 23) in accordance with claim 10, charac

terised in that the pre-trained neural net (25) is adapted

for counting exactly one object (3; 49; 50) .



12. Method (12, 17, 23) in accordance with any of the preced

ing claims, characterised in that at least one object (3, 49,

50) corresponding to the selected class is detected in the

processing result by using the image processing algorithm to

analyse the processing result, in particular by using at

least one optimisation criterion, preferably at least one

predetermined constraint for a boundary smoothness, and/or

for an area of the image and/or the processing result, and/or

for a gradient of intensities when considering pixels of the

image and/or the processing result as a Markov random field.

13. Method (12, 17, 23) in accordance with claim 11, charac

terized in that the detected object (3, 49, 50) is removed by

replacing pixel values of pixels corresponding to the de-

tected object (3, 49, 50) with a predetermined value (56) .

14. Method (12, 17, 23) in accordance with any of the preced

ing claims, characterized in that the pre-trained neural net

(25) is used to process the image (13, 18, 24, 48) to obtain

a reference class for the image (13, 18, 24, 48) before

adapting the pre-trained neural net (25) .

15. Apparatus (15) for analysing an image (13, 18, 24, 48)

having features corresponding to at least one class, compris-

ing an artificial deep neural net (25) pre-trained for multi

ple classes, and a separate image processing unit (21, 32,

33), wherein the apparatus (15) is configured to

- process the image (13, 18, 24, 48) by means of a forward

pass (20, 30) through an adapted neural net to generate a

processing result, wherein

- the adapted neural net is adapted from the pre-trained

neural net (25) to focus on exactly one selected class

of the multiple classes, and

- the image (13, 18, 24, 48) has features corresponding

to the selected class, and

- provide the processing result to the image processing unit

(21, 32, 33),



wherein the image processing unit (21, 32, 33) is configured

to

- analyse the processing result focused on the features cor

responding to the selected class using an image processing

algorithm, and

- generate the modified image (55) by removing a manifesta

tion (49) of the features corresponding to the selected

class from the image (13, 18, 24, 48) .
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