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(5 /) ABSTRACT
The invention relates to a method (100) for generating a
representation (70) of the surroundings, coniprising the
following steps

providing (101) at least onc unagc (30) that results I'rom
a recording by an unagc dctccuon device (5) aml that
represents objects (6) and/or surfaces (6) in the sur-
mundings (7) of the image detection device (5).
v herein the provided ima e (30) is subdivided into
multiple image columns (31),

gcncrating (102) (hc reprcsmitation (70) oi'he surround-
ings, wherein for this purpose nntltiple three-dinien-
sional stixets (80) for each image column (31) of the
provided image (30) are parameter(red for representing
the objects (6) and/or surfaces (6) in three-dimensional
space.

wherein (hc gcncration (102) oi'he representation ('70) of
thc surroundings takes place using a model (50) wluch
uses the pmvided image (30) as input
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METHOD FOR GENERATIiVG A
REPRESENTATION OF THE

SURROUNDINGS

[000(J 'Ibis application claims the benetit of (ierman
application Dli 10 2023 105 792 8 (tiled on Mar 8. 2023),
the entirety of which is incorporated by reference herein.
[0002] The invention relates to a method for generating a
rcprcscnnilion of lhc surroundings, mid B me(la&d for lrmnuig
a machmc learning model for dus purpose. The invmllion
lurlllcr &cia&ca lo d iilachluc Icdiulu luodcl, &I coulplilcr
pmgram. and a device for this purpose.

PRIOR ART

[0003J 'I he generic representation of the 31) sum&nndings
fiir autonomous driving and mbotics is a key challenge for
computer vision Although deep learning-based algoritluns
exist for the semantic segmentation and depth calculation of
monocular and stereo camera estimations. they are very
coluplcx v;llh rcgBrd lo lhc necessary con&plan& Icsolilcca,
and rcquirc extcusivc post-proccssulg. Ii&r example. 11&crc-

forc, lhcsc approaches are ollcu llol sililablc fi&r Iug&ly
autonomous systems such as self-drii ing vehicles or nuibile
OIbotics.
[0004] So-called 3D stixels and slanted stixels are a type
of representation of an enviroiunental settin known fmm
the prior art. which rcprcscnl Ihc surroundings ol'a robot or
&chicle as a discrete sel of oblccl- or surface-based slops.
Thc stixcls may often bc easily fused usuig occupancy nd
fusion, or hnked and tracked using dynamic fusion algo-
rithms (Kalman tilters, for exainple)
[0005] A conventional approach for slanted stixeis is dis-
closed in Iuarez et al.. "Slanted Stixels; A way to represent
s&COT& streets," arX&v:1910.01466 (downloadable at hltps //
arxiv.org/abs/1910.014C&6). Howcvcr, B 3D rcpresmltalion
such as aim&lcd suxels requires compulal&on of the depth,
and semantic segmentation, w:hich makes it more ditficult to
carry out this approach on embedded devices.
[0006] In ad&hi&on, cnd-io-cnd approaches for a CNN arc
tound ill

[0007J l,evi et al, "StixelNet: A l)eep Convolutional
Nets&ork for Obstacle Detection and Road Secuienta-
tio&C* pages 109.1-109.12. BMVC 2015. DOF hups //
dx.doi.oig/10.5244/C 29.109, downloadable al hltp //
w w w.bmva.or /bmvc/2015!papers!papcrl09/
paper109 pdf, and

[0008] Ctarnett et al., "Real-time cate ory-based and
general obstacle detection for autonomous drivlug,**
ICCV 2017, downloadable al hups.//opciiacccss.
thccvf.con&/con&CO( ICCV 2017 workshops/papers/
w3&C)arnett Real-Time ('ategory-13ased and I('CV
2017 paper pdf

[0009] Hoii ever, only individual stixels tiir each column
can be delennincd, which I'or full sellldnving scenarios or
autonomous navigal&on may nol be adequate, su&co only thc
closest objects or surfaces are represented

DIS('I,OSI)RI: Oli 'I'I III INVIIN'I'ION

[00101 The subject matter of the invention relates to a
method haling thc fi:dlurcs of clauu I, a training method
having the fimturcs of claun 8, a maclunc le;unin model
having thc features ol'claim 11. a computer pmgr un luiving
the features of claim 12, and a device havinu the features of
claiin 13 I'urther features and details of the invention result

from the respective subclaims. the description. and the
druwiugs. Ol course. features and details that Brc dc&crab&xi

ul conjunction with lhc method accordulg lo thc present
invention also apply in conjunction with the tnsining method
according to the invention, the machine learning model
accordin to the invention, the computer program accordin
to the invention. and the device according to the invention.
and vice versa in each case, so that with regard to the
disclosure. mutual rcfcrencc is or may always bc made lo lhc
uld&vidual aspects of the uivcnlion.
[0011] Thc sub lect maucr of thc invcnuou rclaics in par-
ticular lo a method for gcncraling a representation ol lhc
surroundings. The method may compose thc Ibllow&ng
steps, which are preferably carried out in succession and!or
repeatedly

[0012] prov&duig al least onc image that results from a
recording by an image detection device and that rep-
resents objects anrgor surfaces in the surmundings of
the image detection device, preferably of a vehicle.
v herein the (at least one or exactly one) provided
image may bc subdivided into nnilt&pic image columns.

[0013] generating the representation of the surround-
in s. ~herein for tlgs purpose multiple three-dimen-
siollill stixcls Iol cilch uuagc coluluu of 11&c plovldixl
image may be paramctcrizcd, prcfi:rably dclcrminixk
for representing the objects and/or surfaces in three-
dimensional space

[(8114J It may be provided that the generation of the
representation of the surroundings takes place using a
model, preferably a maclgne learning model such as a neural
network, and preferably a convolutional neural netv'ork
(CNN). wluch uses ihc (al least onc or exactly onc) provahxl
unagc as input. Thc generation of the representation of lhc
surmundings and in particular the pansmetenzation of the
stixels end-to-end advanta eously take place using the
model. In contrast to conventional appmaches, which cannot
provide multiple 3D stixels for each column of the image.
accordin to the invention a possibly complete 3D surround-
ulgs may bc reprcscnicd, mid lhe nixd for gcncrally us&xi

smnantic segmentation and depth cstunal&on approaches
nmy thus be replaced or at least reduced A further possible
advantage is the reduction in the technical complexity, fi&r

example for complicated embedded hardware, since the
proposed approach is very etflcient. Bnd ln particular is able
to sunultaneously maintain the hmctionality of the compu-
tationally costly image processing approaches (such as
smnantic segmcnla lion or dc)&(h cslimanon). Tlm uipul of lhc
model may be, for exainple, the image m the forni of an
RGI3 in&age. The output of the model may include, for
example. the stixels and a free space. The stixeis may
represent the heicht from the bottom point to the top point
of the nearest obstacle, and for this purpose may be appro-
pnatcly paramclcrizcd. In add&non. the st&xcls may possibly
obldul ii class IBbcl &iud lhc illsliulcc froul (his obsldclc. Iu
addition, the free space may also be represented by stixels
[(8115J I he at least one image may be provided, preferably
deternnned. for example by processmg the at least one
ima e as di ital input. Similarly, the at least one image may
be designed as at least one digital image and may thus
ulcludc d&gital dale. Thc unage may have bccn oblauicd, lor
example, vta an uilcrface of an electron&c unagc sensor, in
purticular by means of mialog-digital convcrs&on. Tlus
means that the at least one provided image from a recording
nmy result using an image detection device 'I'he method
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steps and preferably the provision of the at least one image
nta)'c carilcd oul Using Bn clcclronlc dBtii pioccssiilg
device mid/or a computer progmm, oplionally, al leusl in
part, also within the image detection device itself
[0016J 'I he representation of the surroundings may
include the plurality of stixels that are able to provide an
efficient representation of the objects and/or surfaces in the
surroundings. "Multiple stixels** for each image cohuun may
be understood lo mean that al (cast nvo siixcls are provided
for each image colunm. Thc stixcls may bc parametenzcd
with thc depth of these oblccts or surfaces as a funcuon of
these objects and/or surfaces that are represented in the
image column in question. In particular, in this way an
object or a surface may be represented fiir each stixel and
image colunm. Simt)arly, multiple objects or surfaces for
each inuigc column may also bc rcprcscntwl by using
multiple slixcls for each unagc colunui. II in lhc uidividual
case (herc Brc Icwci'blccm or surldccs lhial slixcls ln Bn

image column, the remaining stixels may be left empty.
[0017J I'urthermore, within the scope of the invmition it
may be provided that the model is designed as a machine
lcanting model, in particular an end-to-end machine le amia

model, preferably as a neural netvvork. preferably as a
corn oluuonal neural network. The uivcnlion thus provides
ui particular an mid-to-cnd CNN-based approach Ior repre-
senting the surroundings, ususo nndtiple 31) stixels. 'I he
pmposed approach is tints able to provide slanted 3D stixel
information, and may replace or at least reduce the need for
complicated computation methods such as semantic se-
mentation or depth estimation.
[0018] Each stixel may represent an object and/or a sur-
Iacc in lhc surioandiilgs, ln particular of iin c o vchlclc
and/or robot. A slanted stixcl may bc umlcrstood to mean a
stixel ivith ivhich more than one piece of depth inforniation
is associated, and which therefore has a three-dimensional
design. In other words, the suxel may be defined by a top
point and a bottom point. with which a piece of depth
infiirmation for different depths may be associated in each
case (lien also rcfbirixl to Bs a dcplh point). Tins slixcl lhus
cxtcnds "at a slant" ui thc depth dirixtion. The dr)Permit
depths result. for example, from a distance of the oblect or
of the surface in the surrounduigs, starting from the vehicle
bavin the image detection device, i.e.. the e o vehicle or the
robot.
[0019] Moreover. it is conceivable for the three-dimen-
sioital slixels to be designed as slanted slixcls. Thc particular
image colunm may ex(mid across mulliplc pixels of thc
provided unage ui lhc honzontal direction ol'hc provided
image In the vertical direction of the pmvided image, at
least nvo or at least three or at least four or at least five or
at least 10 or at least 100 stixels may be provided for each
image colunm The number of stixels may depend on the
desired dcynh ol'etail with wluch lhc surroundings of thc
image dclccliou dcvicc or of lhc ego vclucle arc lo bc
rcprcscnled llic model may have bccn corrcspondin ly
trained to allow the slanted stixels to be deterniined. Accord-
ing to the training method. the end-to-end training of mul-
tiple 3D stixels for each column for a single camera image
may be made possible by the invention. According to a
further advanld c, thc method may be used for slrictly
camera systems, without the need liir costly 3D sensors
(lidar. for example). Thc number of slixcls liir each unagc
column may be changeable during the tnsining in order to
scale the method for diff'erent requirements for computing

power. for example fiir use with diff'erent hardware. An
advantage may also result from lhc Ilexibility of thc inven-
tion, since by varyuig the predctcm»ned number of stixcls
for each image column. various objects may be represented
which are suitable for various scaling variants of the hard-
v are (low-cost hardware, average cost~, high costs), while
the same algoritluuic approach is maintained for all variants.
[0020] Witlun thc scope of thc invcnuou, il may prcfcrably
be pmvided that the parameterization of the stixels takes
place by defining the particular stixel by a bottom point and
a top point. to v:inch a piece of depth information concern-
ing a distance of the object represented by the stlxel and/or
of the surface represented by the stixel is assigned in each
case. A stixcl may bc dclincd, for example. by thc param-
clcrs of the slixcl bottom pout( and/or suxcl lop point and'or
depth and/or semantic classes
[0021] Furthemiore, it is optionally pmvided that the steps
are carried out for further provided images that result from
a recording ol further regions of the surroundings by further
lnlagc dctcclion devices in order lo cxpBlld lhc rcprcscnla-
tion of the surroundings to the further regions A single
nndtistixel network may optionally be used on niultiple
ima e detection devices such as cameras, and may represent
a complete 360-degree 3D surroundings. with a fraction of
the computations that are necessary in segmentation and
dcplh csliiuiilion Bppr'caches. hi Bddilion, niodcling ol
c(cvatcd oh)eels such as burners and tinuiels may bc made
possible. I'he invention tints allows in particuksr a precise
reconstniction of the entire 3D surroundings, which allows
cost-efiicient autonomous systems v ith filll autonomous
functionality. In self-driving automobile systems or in robot-
ics, by use of the invention a complete 3D representation
may bc provided. whiCh may bc accessary lo allow rcliablc
and safi: navigation. The invention enables tlus fuucuonahly.
for example for a camera-based system on embedded edge
devices.
[0022] It is also conceivable for the model to comprise an
output layer lor each paramclcr of the particular slixcl.
prcfcrably for a bouom point and/or a top point midior for a
piece of depth infomiation for the particular point andior a
stixel size and/or at least one semantic class of the particular
stixel, ivherein at least one of the following output layers is
provided:

[0023] an output layer for paramctcnzalion of the bol-
tmu point of the stixel,

[0024] an output layer for parametenzation of the depth
information fiir lhc bottom point,

[0025J an output layer fiir parameterization of the depth
information for the top point of the stixel.

[0026] an output layer I'or paramctcrizalion of the slixel
size of thc stixcl,

[0027J an output layer fiir parameterization of the at
least one semantic class of the stixel

[(8128J Within the scope of the invention, a stixel inay also
be referred to as a depth representation. In particular in
computer vision. a stixel is also understood to mean a
superpixel representation of pieces of depth information in
an unagc in Ihc form of a vcr(ical slick (also rcli:rrcd lo as
a slop).
[0029] Tlus representation allow s mi approximation ol'lhc
cloacal obstacles wiilmi a certain vertical segment of lhc
setting (scc Badino, Hcmdn, Frankc, Uwc, Pfmll'cr, David
(2009), "'Ihe stixel world A compact niedium level rep-
resentatmn of the 3D ivorld," .(oint Pattern I&ecognition
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Symposinm). Stixels may also be provided as tlfin vertical
roc)angles thai rcprcscnl a detail ol a vertical surface belong-
ing to the cloacal obstacle in the obscrvcd si:)till, I.c., Ill lllc
surmundings. Stixels allow a drastic reduction in the quan-
tity of information that is needed fiir representing. a setting
with such problems. A stlxel may be characterized by
multiple parameters: a vertical coordinate, the hei ln of the
strip. and the depth. Slanted stixels may be expanded by at
least one pariunclcr, in particular by a further depth al a
difii:rent vertical coordinate. Thc input Iiir lhc suxcl cslinui-
tion may be a dense depth map, which may be computed
fmm the stereo disparity or by other nieans.
[0030J It is possible, based on an at least semiautomated
evaluation of the generated representation of the surround-
in s, to control, preferably in an at least semiamomated
manner;md preferably autonomously, an at least semimito-
nomous robot, ui particular a value lc. Ii is likewise conceiv-
able Ibr die imugc dc)ection device to bc designed as a
cameos. In particular, it may be provided that, ha~ed on an
automated evaluation of the representation of the surround-
in s, a vehicle is automatedly and pretbrably autonomously
controlled, ~herein the [particular) image detection device
Iii lllC fomi Of a CBmi:rd IS IIIOUilli:il iiil IIIC VCIIICIJS It JS

possible for lhc vehicle lo bc designed as a motor vehicle
and/or passcngcr uutomobile and/or uuuinomous vchiclc.
'I'he vehicle may have a vehicle unit. fiir example for
pmviding, an autonomous driving function and/or a dnver
assistance system. The vehicle unit may be desi med. at least
in paik to automatically control and/or accelerate and/or
brake mid/or suxr lhc vcluclc.
[0031] The subject matter ol'he uivenlnm further relates
to a method for training a machuie lotming model Ibr
generating, a representation of the surroundings 'I'he met)Bid
may also be referred to as a tnsining method, and the
machine learning model niay optionally be trained end-to-
end. In addition. the trained machine learning model may be
used as the model for genemsting the represenmtion of the
surroundings in thc further method accordmg lo the mvcn-
tion. Thc cnd-lo-cnd training Is a concept ui arldicial uilcl-
li ence or machine learning. In particular, for a result such
as the generation of the representation of the surroundings,
intermediate steps necessary for this purpose may be inte-
grated into a umfied machine learning model. The machine
leaniing model may be designed as an artificia neural
network.
[0032] Tradiuonally, multiple layers of)bc artilicial neural
network arc utilized for various intcrmcdialc a)cps UJ oblmn
an end result "I:nd-to-end" niay possibly refer to the fact
that the machine learning model depicts the entire target
system, and thus bypasses the intermediate steps. During an
end-to-end training. in particular the system necessary for
achieving the result, preferably the machine learning model,
may bc Imbed from thc Input data (such as lhc unagcs) up
lo l)IC OU)pUJS, SUCIJ ds JIJC ri:prCSCilldlioil Of JIIC SUITJJUild-

ings. Ivitlxiut the intermediate steps (such as feature engi-
neering steps or a division of functions) being necessary
[0033J I'or the training, preferably end-to-end training. for
example input data such as the images may be provided. a
forward propagation through the networl may take pLace to
generate predicuons based on lhc provulixl uiput dale, an
error function muy be computed based on lhc predictions
and a dcsircd result, and B backward propugulion lluough thc
netivork may take place to adapt the weightings and/or bias
value~ of the network lior this purpose. the netivork may

have an input layer, one or more hidden layers. and an output
layer. Thc dcsircd result may mcludc annotauon dald, Ior
example, wluch imhcalc desired stixcls Ibr thc input data.
[0034] According to a first traming step, an image may be
provided which represents objects and/or surfaces in the
surroundings. According to a second training step. the
training of lhc maclunc )cerning model may thmi be camixl
OUJ, Ill wlliCII 111C providixl iillagC IS IJSix) BS Iilpiil for 111C

nmchine learning model in order to train the rnachine
learning model for an ouqnit of nndtiple three-dimensional
stixels for each image colunm of the provided image, the
stixels representing the objects and/or surfaces in three-
dimensional space. In addition, it is conceivable to use an
Ordiiial legiessioii IOI lllC paiailii:JCrlzalloil 01 llli: pai)ICU)ai
stixcls, prclcrably lo detcnnine a bouom point and/or lop
point of the stixel
[0035] Furthemiore, the subject matter of the invention
relates to a machine learning model that has been trained
according to lhc traming method accordui lo lhc uivenlion.
Thc illdCIJIIIC ICIJI1llng IJIOJIC) BCCorihilg lo thc invmition tlnis
yields the same advantages as descnbed m detail with regard
to a method according to the invention
[0036] Morcmvcr, the subject matter of the uivcnlion
rclalcs lo a computer progrmu, ui particular B computer
progidill prodilCI, Illill IIIC)iidi:S I:OIJIIIIBJIJIS WhICIJ, WIJCIJ 111C

computer program is executed by a computer, pmmpt the
computer to carry out the method according to the invention
The computer pro~sin according to the invention thus
yields the same advantages as described in detail v ith regard
to d JIJClllod BCCOriliilg to lllC Iiii Ciitloil.
[IH)37[ In addition, the subject matter of the invention
relates to a device for data processing which is contigumd to
carry out the method accordin to the invention. For
example. a computer that executes the computer progmsm
according lo lhc invention may bc provided as lhc dcvicc.
Thc computer may mcludc al )cast onc processor for cxccul-
Iilg thc computer progrmn. A nonvolatile data memory mdy
also be provided in ivhich the computer program inay be
stored, and fmm which the computer program may be read
out by the processor for the execution.
[IH)30J Furthemiore. the subject matter of the invention
relates to a computer-readable memory medium that
includes the computer proyam according to the Invention.
The memory medium is designed, for example, as a data
IIJCiliory SIJCII iis B lliiiil ihsk iliiil/Or a Jioilvo)BJI)i: UICilloiy
and/or a memory card. The memory medium may, for
example, bc integrated into the computer. Thc subject maucr
of the invention may likeivise relate to a computer-readable
meniory medium that includes Jhe tmsined machuie learning
model.
[IH)39[ Furthemiore. the particular method according to
the invention may also be designed as a computer-imple-
mented method.
[IH)40J Further advanta es. features. and particulars of the
invention result from the following description, in which
exemplary embodiments of the invention are described in
detail with reference to the drawings. The features men-
tioned ui the claims and ui lhc descnplion may bc csscnual
to lhc invention, individually or in any given combination.
In the drawings
[0041] FIG. 1A shows a schemauc illustrauon of rcprc-
smilalions of thc surrounduigs accorduig to venous embodi-
ment variants of the invention in v hich different scalings are
used,
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[00421 FICI. 313 further shov s the schematic illustration of
rcprcscnuitions of thc surmundings uccordmg to various
cmbodimcnt varimlts of thc uivention ui winch dilfi:rent
scalin s are used.
[0043] FIG. 1C I'urthcr shows the schematw. illustration of
rcprcscnuitions of thc surmundings uccordmg to various
embodiment variants of the imention in which ditTerent
scalin s are used.
[0044] FIG. 1D further shows thc schematic illustration of
representations of the surmundings accordinu to various
embodiment variants of the imention in which ditTerent
scalings are used,
[0045J I'l(i. Ill further shows the schematic illustration of
representations of the surmundings accordinu to various
embodiment variants of the invention in which difi'erent
scalings are used,
[00461 FICI. 2 shows a visualization of details of a method
according to exemplary embodiments of the invention,
[0047J I'l(i. 3 shows an example of paraineterization of
stixels,
[0048J I'l(i. 4A shows an exaniple of visualization of
details of a method according to exeniplary embodiments of
the invention,
[0049J I'l(i. 4I3 fiirther shows the exaniple of the visual-
ization of details of the method according to exemplary
embodiments of the invention.
[0050J I'l(i. 4('iirther shows the exaniple of the visual-
ization of details of the method according to exemplary
embodiments of the invention.
[005 IJ I'l(i. 4D further shows the example of the visual-
ization of details of the method according io exemplary
embodiments of the invention.
[0052J I'l(i. 4II further shows the example of the visual-
ization of details of the method according to exemplary
embodiments of the invention.
[00531 FICI. 4F fiirther shows the example of the visual-
ization ol'etmls of thc method according to cxcmplary
cmbodimcnts ol'he uivcnuou, and
[0054J I'l(i. 5 shows a schematic visualization of a
method, a device, and a coinputer prounsm according to
exemplary embodiments of the invention.
[0055] In the following figure~. the same reference numer-
als are used filr identical technical features. also of difi'erent
exemplary embodiments.
[0056] FIG. I illustraies various scalui vanants oi'exem-

plary embodiments of the invention. 'I'he aluonthm for

generating multiple stixels for each ima e column mny also
be rcii:rred to as a multistixcl approach. According to

embodiment vanants of the mvention, multistixels may be

trained in every possible combination of numbers of stixels
and obfccts or surfaces in order to recognize various lypcs of
objects'surfaces m 3D as needed 'Ibis scaling allov s the

same appmach to be used for various hardware (with low,

medium, or high computing poiver) by appropriately adapt-
in the number of stixels for each image column and the
desired objects or surl'aces. Iu FIG. 1a, lilr example obiccts
of the elevated mfmsstructure and mitomobiles are repre-

sented by the stixels. The drivable space and the elevated
obicct uutially prcscnt arc reprcscnted ui FIG. Ib All

elevated objects as well as the sky are represented by stixels

in FICi. Ic. A complete tluee-dimensional representation of
the setting is provided by slanted stixels in Ill(ig. Id and I c.

[0057] FIG. 2 shov s mi cxamplc of a complctc pipeline of
cmboduucnt variants oi'he imcntion. In thc invention, a
nmchine learning model, "model" fnr short, may be used to
deternnne the representation of the surroundings 'I he model
may be provided as a convolutional neural netv ork (CNN).
According to FICi. 2. the input for the machine learnin
model is a single image. Thc resultuig output may include
multiple 3D stixcls ihat rcprcscnt thc (in particular com-
plete) surroumhngs. (For simphlicatiou, the stixcls ui thc
background are not shmvn in I'l(i. 2) I)y use of the inodel,
nniltipie 3I) stixels for each column of the image may be
output wlfich may represent a portion of the surroundings or
the entire 3D surroundings around the vehicle.

[0058] Exemplary embodiments of the invention may
comprise the following steps:

[0059] According to a tirst step. carrying out a training of
the fiilly convolutional CNN may be provided. In this
trainiug method accurduig to exemplary nnbodimcnts of thc
ulvnition, the number of stixcls for each nllumn of thc
in)age may initially be determined. 'Ibis predetermined
nuniber of stixels may be changed for the scaling. filr
example for ditferent hardware. The ordinal loss for each
stixel may subsequently be applied to obtain the bottom
point of the stixel. The loss for other stixel parameters may
then bc applinl, m partmular only at the locations of thc
output tensor at wluch a ground truth is prcscnt.

[0060] According to a second step, ui thc infi:rcncc time
for thc rcsultuig output tensor, thc argmax operation may bc
applied over the two diinensions of the ordinal regression
portion for each stixel to obtain the sum over the vertical
colunuis. The computed index values may then be used to
collect the vectors from the chmuiel dimension and obtain
the final stixel representation.

[0061] FICi. 3 illustrates the parameterization of a single
stlxcl for each colilnul with ordinal rcgu:ssioil.

[0062] The particular representation of the stixels, as
shown by way of cxmuplc ui FICi 4, may bc an uuportant
measure for a successful CNN tranuug with multiple siixels.
lior training a fully convolutional ('NN, a three-dimensional
grid may advantageously be used as the coordinate grid to
locate the positions of the individual bottom points of the
stixels. Each stixel may be represented from the parameters
bottom point. top point. at least one depth, in particular a
depth of thc bottom point mid a depth ol'hc top poult, and
snnantic classes, dcscnbcd in greater detail below.

l3ottom Point

[IN)63J I he bottom point of the stixel may be represented
as the sum of the ~id coordinates and the subpixel delta
lyin in the interval [0,1], multiplied by the sampling factor
of thc resolution of thc output tensor with regard to thc
onginal stzc of thc input resolution.

whcrc y „,i may bc the y output index ol thc ~ tixel colunui
ul which thc bottom poult is situated. and delta, may bc thc
shift within the grid cell in order to locate the exact position
of the stixel.
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[0064] The latter may be necessary due to the coarse
resoluuon. The scale may be indicated as the rauo of the
height of the mput tensor to Ihe height of the output tensor:

the second representation a more uniform weighting is
provided between close-range and far-range depth.

Semantic Classes

he&ghl„, „,
scale =

hwghi„o,„,

[0065] As y„,u. the rank hot encoding vector may be
represented over the vertical dimension. Summation may be
performed o) er the height (for example. [l. l. I. O. O. 0].
whwh is index 3 m the column) to obtiun the index of the y
position Such a representation may be trained as an ordinal
regression task. The conventional binary cross entropy may
be applied separately for each stixel ln addition. the repre-
sentation may take place as a semantic segmentation task
with two classes, and optmtized with categorical cross
entropy loss. In the second case. twice the number of
channeb may be obttuned, for which reason the lirst opuon
is preferred Delta, may be further trained with regression.
and since the spaces between the values lie in the range
[O. 1 [. the sigmoid activation may be used t'or the output layer
of this parameter.

Top Point

[0066J The top point of a stixel may be found as follows:

ts)

where yo„, is the top pomt m pixel coordinates. and yaoo„„,
is the bottom point in pixel coordinates; see equation (I ). a
may be a manually defined scaling parameter to enhance the
training of the CNN (for example, a may normally be
defined as 10). The further parameter stixelo„. may indicate
the size of the stixel. Scale may be defined by equation (2).
suxelo„may be further parameterized as Ll loss regression
In FIG. 3. Ihe size of the suxel stixelo, is denoted by
reference numeral 38. and delta, is denoted by reference
m) merel 39.

Depth

[0067J The depth information may be necessary for the
bottom point as well as t'or the top point of the stixel to
enable slanted stixels to be represented in 3D. Ll losses may
be used for the regression or ordinal regression representa-
tion for the lowest and also the highest depth point.
[0068J The depth may be represented as the disparity:

[0070] The semantic classes of each stixel may provide
semantic infomtation concerning the oblect.
[0071] The semantic classes may be assigned for each
stixel as a hot encoding I actor and trained with the con) en-
tional aitegorical cross entropy loss.
[0072J Fach stixel may be represented with the above
parameterization scheme and concatenated over the channel
dimension (see FIG. 4 for an example with 5 stixels 80). The
number of stixels for each cohimn may be the parameter that
is set at the start of the CNN training. A dedicated output
layer of the CNN may be provided for each of the pariun-
eters (also see FIG. 4)

[0073J a y„,„output layer (cee FIG, 4n) may output the
tensor havcing the form [batch. I (or 2 if the represen-
tation is carried out as a semantic segmentation)anum-
ber of suxels. out heiahk out width]. wherein no
i)et)vat)on or sigil&oat iictlvat)on ciul be. used.

[0074J a delta~ output layer (see FIG. 4/&i may output
the form [batch. I number of stixels. out hemht, out
width],

[(1075] a stixel size output layer (see FIG 4c) may
output [batch, 1 number of stixels, out height, out
width [,

[0076] a "depth bottom*'utput layer (see FIG. 410 may
output the form [batch, (I, or number of bins in the case
of ordinal regression) "number of stixels. out height.
out width].

[0077J a "depth top** output layer (see FIG 4e) may
output the form [batch, (I, or number of bins in the case
of ordinal regression)anumber of stixels. out height,
out width].

[0078J a "semantic class'* output layer (see FIG 4/) may
have the format [batch, number of classessnumber
of stixels, out height. out width]

[0079] In FIG 4 Ihe height is denoted by reference symbol
*'h." and Ihe channels rue denoted by reference symbol "c."
Multiple stixels 80 that are concatenated over the channel
dimension are illustrated In FIG 4/ In addition. parameters
of one of the multiple stixels 80 for each image column are
provided in each channel c. in particular for various oblects
such as a street, a building, an empty stixel, and a vehicle in
the surroundings For assessing the losses, each tensor may
be considered according to Ihe mimber of suxels, and the
following losses may be applied

r„= Z h&uae, cross co)ropy/&os (&1 Is„.&, (&))
(4)

I
d&spaoiy =

depth

or as a logarithmic depth log(depth)

outPut„„,, = log(dePIhl

ta)

where y „,I is the rank hot encoding ground trnth. y „„ isw do&

the prediction by the CNN, and N is the number of stixels.
The Ll loss may be used as follows to find de(ta,:

(s&o, = g dcha, ( I — deka„,(1[[,* iis( i,

[0069] In the representation according to equauon (4), the
disparity in the CNN training increases the importanceot'ear

ob]acts. since their disparity values me larger. while in

where delta is the ground uuth and delta is the CNN
prechction. Iv],o is the mask with 1.0 at the ~p~os&(ion of the
bottom point in the output coordinate grid. and with OO
everywhere else
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[0080] For the size of the stixels. the next loss may be used
as I'ollows: positionm(i) = argmasrtt ~ /i sar,icoofidcocco„,,„ei)). (ld)

[[sticel„, til — sto.el,, tr) * 1/r,(rl.''a (Sl

where strxel„, is Ihe ground truth. stixel„„ is the CNN
prediction ot'he stixel size, and M o is the mask as describedr'bove.

where argmaxa is the argmax over the t erucal dimension.
and softmax c is the softmax over Ihe channel dimension of
the confidence tensor. In the case ot'n ordinal regression
that is represented with categorical cross entropy, the fol-
lowing is obtained:

v
),re r = 2 dl Panrye0) — di Pant&ca( )[[, ( i. tvl

positionmtt) = Z aigmaa,.( onftdcn ca„„,r&).
— o

(ls)

Lamr, = g lllo tdc ltil — log(d„rl(illl, .I/„,tit 110)

where disparity at may be the ground tmth and disparity„„
may be the CNN prediction of the disparity. Here. the
disparity may be replaced by the loganthmic depth as
follows

where argmax. is Ihe argmax over the channel dimension
and I I stands for the vertical dimension of the tensor. Based
on positionar, (i). the correct disparity, delta, stixelo e, and
the class label for each ith stixel are detennmed. y„„„„a and

yrw may be computed for each stixel in the column by use
ol'quauons (I) anil (3)
[0083] The upper and lower depths for the ith stixels may
be computed as follows:

where d„, rs the acuial depth and lr&g(dsd) is Ihe CNN
prediction of the logarithmic depth

10
d«l uu 1 =

dr. panty( ) I tl

deplha,„d pth„„,

1,,„... =2 at 0 n sl r . «ob P&( lasts,(i), la . „&( I) r(„0),

where class, is the ground truth and class„„ is the CNN
prediction osf the class labels. In addition, the nuiltistage
gradient loss for y od, stixelo a. and delta, disparity (or
log(d)) may be apphed as follr&ws

d ptht ) = « I tl m( 1) (r)). (17)

where deplhooo anil depthaa are. for example. scalar values
ol'he expected minimum and maximum depth range in
meters. In the case of the logarilhnuc depth representation.
the depth for the ith pixel may be computed as t'ollows:

ga trl — m tr)[[ Me(rh

where ga ts the gradient for the given tensor across the
ground trttth with step h, ga is the gradient across the
prediction tensor with step h. 1(nd N is the mrmber of stixels
In addiuon. the gradient loss cannot be applied until afier
several thousand iterations, since it is scale-invariant and can
lead to poor results when it is used at the very beginningot'he

training process. The overallloss may then be computed
as follows:

[0081] Here, the wl. w2, w3, w4, w5. wb, w7, wg, w9
weighting ts used to regulate the influence of the individual
loss components.
[0082] An output tensor may be obtained from the CNN at
the point in time of the inference. The indices of the correct
stixel positions within the grid may be computed brat. In the
case of the confidence tensor. for each ith stixel the follow-
ing is obtained:

where log(d) is the logarithmic depth output of the CNN.
[0084] The "semseg** class for the ith stixel may be
computed as follows:

class(rl = a& mac, tto(error,,)shel, „„„mtl. (I g1

where argmaxc and softmaxc are the argmax and softmax
operations over the channel dimensions. In addition, for
unused suxeB (see Ihe empty stixels accorrling to FIG. 4).
ymo„„„=0 is possible. beginning in the highest rr&w of the
nuage, and all other entnes may there('ore be ignored.
[0085] FIG. 5 rllmtrates a method 100 according to exem-
plary embodiments of Ihe mvention for generating 0 repre-
sentation 70 ot'he surroundings According to a hrst method
step 101, at least one or exactly one image 30 which may
result from a recording by an image detection device 5 and
which represents oblects 6 and/or surfaces 6 in the surround-
ings 7 of the miage detection device 5 is provided. in
particular determined. The provided image 30 may be sub-
divided into muluple image cr&lumns 31. rm shown by way
of example in FIG 3 According to 0 second method step
102, the representation 70 of the surroundings may be
subsequently generated, t'or this purpose it heing possible to
parmnetemze, in three-dimensional space, multiple three-
dimensional sttxels 80 for each nnage column 31 of the
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provided image 30 for representing the objects 6 and/or
surfmes 6. Thc gcncrallon 102 of thc rcprcscnlatlon 70 of
the surroundings may take place usulg d model 50 llult uses
the provided image 30 as input (see I'l(i 21 It is also
possible 10 automatedly and preferably mitononxiusly con-
trol a vehicle 1 based on an automated evaluation of the
representation 70 of the surroundin s. wherein the ilnage
detection device 5 in the form of a cmnera 5 is mounted on
lhc vchlclc 1

[0086] FIG. 5 hkcw lac illustrates a iralning method 200, a
computer prognsm 20. and a device 10 accordinu to exenl-
plary embodiments of the ulvention 'I'he training metlxid
200 may include a first traiiung step 201 in wlfich an ilnage
30 is provided. According to a second training step 202. the
training of the machine learning model 50 may then be
earned oun in particular accordulg lo an end-lo-cnd lrmnulg
using Ihc provided unagc 30 as ulput. Thc lruuiing nuly usc
a ground truth as described above.
[0087[ In the above explanation of the embodiments. the
present invention is described solely in tern& ~ of exanlples
Of course. individual features of the embodiments. if tech-
nically feasible, may be freely combined with one another
without dcpartln Iyom the scope of lhc prcscnt ulviallion

1. A method I'or cncraung a rcprcsenlation oi'hc sur-
IUUndlngs, conlpllsnlg lhc f0110% big steps:

providing at least one image that results fnim a recordin
by an image detection device. and that represents
oblccts and/or suliai:cs ui Ihc sUrloundulgs i11 Ihc unligc
dcuxllon device, whcrcin Ihc provulcd image is sub-
divided into multiple image colunuls, and

generating the representation of the surroundin 1,

ivherein for this purpose multiple three-dimensional
sllxi:Is for cdch uuagi: colUnul of Ihc pri1vulcd unligc
arc paramctcnzcd for rcprcsmlling thc Obloets;uld/or
surfaces in tluec-duncnwonal space,

characterized in that the generation of the representation
of the surroundings takes place using a model which
uses lhc provulcd image as ulpul.

2 'I'he method according to claim I, characterized in that
the model ls designed as an end-to-end machine learning
model, preferably as a neural netvvork. preferably as a
convolutional neural nenvork.

3 'I'he method according to claim I, characterized in that
the three-dimensional stixels are designed as ~lanted stixels,
the particular image column extending across nniltlple pix-
els of the provided image in the horizontal direction of the
provided image. and in the vertical direction of the provided
image. at ic i st Iw o or al least tluec or ul least four or al least
Iii c or al least 10 or al least 100 suxcls bmng provtduI Ibr
each image column

4. The method according to claim 1, characterized in that
the parametenzation of the stixels takes place by definin
the particular stixcl by a bottom point and u lop point, to
which a piece of ilcpth ullonndlion conci:nllng B illsllulci: of
the object represented by the stixel and/or of the surface
represented by the stixel is assigned in each case

5. The method according to claim 1, characterized in that
the steps arc carried oul for lurlhcr provtdcxl images llial
Icsull fronl a rccordulg of fUIIhcr regions 01 lhc SUITUUnd-

ings by further image detection devices in order to expand
the representation of the surroundings to the hirther regions

6. Thc method according to claim 1, charucternzol m lliat
the model comprises an output layer for each paranleter of
the particular stixel, preferably for a bottom point and/or u

top pomt and/or for a piece of depth information for the
purtlcular point mid/or a slixcl size and/or al least onc
smnantic class Of the parucular suxcl, whcrcin at least onc
of the following output layers is provided

an output layer for parameterization of the bottonl point of
the stixel,

an output layer fiir parameterization of the depth infiir-
mation for the bottom point.

an output layer fiir parameterization of the depth infiir-
mation for the top point of the stixel,

an output layer for parameterization of the stixel size of
the stixel.

an output layer tbr parameterization of the at least one
scnldnllc class 01 Ihc slixcl.

7 Thc method according to clean 1, charactcrtzcxi in that
bused on an at least scnuaulomalcd evaluation ol Ihc gcn-
cratcd rcprcsenlalion of Ihc surroundings, an al least scmi-
mitonomous robot. in particular a vehicle, is controlled,
preferably in an at least semiautomated nlanner and prefer-
ably autonomously, the image detection device preferably
bein designed as a camera.

8 A method for training a machine learning model for
generating a representatiiul of the surroundings, conlpllsin
lhc lollowulg steps.

providing an ima e. Ivhich represents objects and/or
surfaces in the surroundings,

carrying out the training of the machine leanung model.
in which the provided image is used as input for the
machule learning model in order to train thc nuiclmlc
lcarnulg model for an output of multiple llucc-duncn-
sional stixels for each image column of the provided
image, the stixels representing the objects and/Or sur-
faces in tluee-dimensional space,

wherein the maclune leamin model is trained end-to-
i:niL

0 'I'he metlmd according to claim 8, characterized in that
an ordinal regression is used for the paranleterization of the
particular stixels. preferably to determine a bottom point
and/or top point of the stixel.

I b. Thc method according to claim 8, characlcnzcd ul that
thc trainix! maclunc lcaming model for gcncraung the rcp-
resentatmn of the surroundings ls used as the model.

11. (canceledi

12. A conlpulcl plograni IhBI uu:hldi:s conunands which,
when thc computer program is cxccutcd by a computer.
prompt thc computer lo.

provide at least one image that results from a recording by
an image detection device. and that represents objects
and/or surfaces in the surroundings of the image detec-
tion device. whcrcin the provided unagc is subdivxhxl
into multiple image columns. and

genenste the representation of the surroundings. ivherein
for this purpose multiple three-dimensional stixels fiir
each image colunul of the provided image are param-
eterized for representing the oh/acts and/or surfaces in
tlucc-dimensional space.

characlcnzed in lhal the gcncralion of Ihc reprcscnlalion
of the surmulidings takes place using a model which
uses the pmvided image as input
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13b A device for data processing comprisin:
a processor
a memory conmturucauvely coupled to thc processor and

storing a computer progratn. that when executed by the
pmcessor, causes the pmcessor to:
provide at least one image that results from a recordin

by an image detection device. and that represents
objects and/or surfaces in the surmundings of the
uuagc dctcctton device. whcrcut Ihc provtded unagc
ts subdtvtdcd toto multiple tmugc colunms. mtd

enerate the representation of the surroundings,
tvherein for this purpose ntultiple three-dimensional
stixels for each image column of the provided itnage
are parameterized for representing the objects and/or
surfaces in tltree-dtmensionat space.

charactcrizcdt ut that thc gcncration ol'hc rcpresmttutton
of the surroundings takes place using a model whtch
uses the pmvided image as input.
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