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METHOD AND DEVICE FOR 3D OBJECT
DETECTION

RELATED APPI ICATION

'this application was originally tiled as P(II'pplication
No. PCT/CN2020/086439, tiled on Apr. 23. 2020. Winch is
incorporahxl hcrmn by rcfi:rcncc ul Its mlhrcly.

I
'I

I I I,I ) 0l I 'I 1 I! I IN V I IN'I ION

lllc present disclosure gcncrally rclalcs to mui 0 proccss-
in, and more specifically, to a method and device for
three-dimension (3D) object detection.

ISBACKGROUND

3D object detection m ml imporumt computer vision tusk
in venous applicdhons such as Human-Maclunc Interaction,
Security Surveillance, and Advanced Driver Assistant Sys-
tems (ADAS) l)ifferent front general monocular lxlsed 2D 10

object detection In v hich only 2D intilrmation (box coor-
dinates) in the image are provided. 3D objects are detected
to provide detailed 3D localization intilrmation containing a
scl of object size, oncntahou, and dcpfil, or a set of height,
width. and depth in real-world scenes. Depth cshmalion is a
classical computer vision problem which describes the dis-
tance between observation point and objects. Iispecially in
the situation of Autonomous Driving, it is significant to
detect the 3D object precisely, especially et the infomtation
of depth can avoid the accident of autonomous vehicle ia
craslnng into cdr und pedestrian. Meanwhile, thc depth
infounalion is also hclplul ul dclcction and sc mmltuhon
tasks. So the accuracy and the speed are two important
points ivhich ive concern the most.

'lo implement 3D object detection, l,iDAR (I.iglu Detec- ls
tion and Ranging) or stereo cameras can be adopted. Depth
infilrmation obtained by LiDAR is super-accurate In con-
sideration that LIDAR Is much more cxpcnsivc than stereo
cameras, binocular 3D oblcct dctccuon based on stereo
cameml is nnich promising in practical applications. 10

Deep learning become one of the inost popular technol-
ogy which can be used in Computer Vison (CV) and Natumll
Language Processing (NLP). In the past Ibw years with the
development of deep learning, the performance of self-
dui ing mid robotics has unproved a lol on both accuracy and
spccd. Deep Icirruu is also used ul 3D object detection. In
('omputer Vision, the architecture called Convolutional
Neural Netv ork (('NN) which is based on deep learning is
used widely.

However. considenng a pair of images input Iilr 3D object 10

detection. the computation devices need to process two
images for once 3D prixhcuou, wluch doubles thc compu-
tation complexity und iunounl when comparing wuh mon-
ocular be~ed 2D object detection by using single image

In addition. although the puce of stereo camera is satisfied 11

in application, classical stereo depth estimation methods are
not satisfied on both accuracy and efiiciency. Existing deep
leauting stereo depth estimation methods achieve good
accuracy but low cfiicicncy for ulvolving to many 3D
comoluhonal layers which cost a lot of mimpufahon. Sii

'linis, there is a need for improving the method and device
filr 31) object detection.

SOME EXAMPLE EMBODIMENTS
ss

'Io overcome the problem described above. and to over-
come the limitations that will be apparent upon reading and

,177 B2

undcrstandulg thc prior arts. Ihc cmboduncnts of present
disclosure provide a method and device for 3D object
dclcchou.

According to the first aspect of the disclosure, a method
for 3D object dclccuon is prcsenlcd The method comprises
the steps of generating one or more fiised images bused on
a pair of images. the pair of images including a left view
inlage and a right vieiv image: extracting one or more fused
features from the fused images by a single bacl bone net-
work of a sharc network with feature unmixing (SNFU).
unmixing the fused features to a left view-aware feature and
d light view -awdic h BIUrc bv B fbdhilc Uuuuxulg sUb-

network of the SNIIU: predicting the 31) object based on the
left view-Bwiilc lcahuc aud thc ri hl vuw-Bwarc IHIIUrc,
and detemlining spatial features of the predicted 3D object

Accordin to an exemplary embodiment, the pair of
inlages is obtained by a stereo camera

Accordin to an exemplary embodiment. generating one
or morc fused images based on thc pair of images further
comprises; generating one or more fused images by concat-
enating the channels of Ihc left and ughl view images along
respective channel diiuensions.

According to an cxcmplary cmboduncnt, llm backbone
network comprises an input convolutional block and one or
morc downsampling comoluuomil blocks wluch arc con-
nected m sequence, the input convolutional block being
confi ured to receive the hised images, the dog nsamplin
convolutional blocks, each of which comprises at least one
convolutional layer, being configured to generate one or
morc luscd features compusing image features with ddli:r-
ent spatial sizes.

According to an cxcmplary mnboduncnt, uiunixulg Ihc
fused feature to the left view-mvare feature and the right
view-Bwdlc lcBIUIc fUIthcl coulpuscg gcncl'dung hcfi uuhal
view-aware features and right initml view-aware features
based on the fused features by a self-feature unmixin
module (SIIUM) of the feature unmixing sub-network; and
generating left view-aware features and right view-aware
fcaturcs based on thc lcl't milial left view -aware liuturcs and
the u ht initial view-aivare features by a guided-feature
uiunixulg module (GFUM) of Ihc feature uiunixulg sub-
nclw ork.

According to an exeiuplary embodiment, generating the
left initial view-aware features and the nght initial view-
aware features based on the fused features further com-
prises: extracting global size image features from the fused
fcaturcs by 0 global avcragc pooling opcrahon and full
convolution operations, and gcncrahng Ihc left uuhal vww-
awarc features and lhc ughl iruhal view-aware fi:aturcs by
reweighting different channels of the global size image
features.

Accordin to an exemplary embodiment, the different
channels of the global size image features are rew eighted by
c(cmcnt-wise muluplymg the global size Image fcaturcs by
thc luscd lcalurcs, rcspcchvcly.

According lo an exemplary embodnumu, gmlecdting Ihc
left view-av'lre features and the right vieiv-mvare features
based on the left initial left vieiv-aware features and the right
initial view-aivare features further comprises: downsam-
phn the left and right viev images according to the spatial
sizes of Ihc uuagc fcaIUrcs of lhc Iiisixl frxs(Urea, lcspcc-
tivcly: gcncralulg spatial position ullbmlauou for lhe 3D
oblccl in Ihe left and ughl iiew images respcchvcly, and
generating the left and right view-aware features, based on
the spatial position information for the 3D object in the left
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iiew uuagc and the nghl view image, and the loft initial
vieiv-av are features and the right initial view-aware fea-
tures. respectively

According to an exempLsry enibodinient, the left view-
aware features are generated by element-wise multiplyin
the spatial position information for the 3D object in the left
1 ICW llllBgC b)'hC lift VICW lulBgC, Slid lllC nghl VICW-BW SIC

Ii:dlurcs arc gencralcd by clcmmu-wise mulliplyuig thc
spatial position Information for the 3D object in the nght
vieiv ima e by the right view image I it

According to an exemplary embodiment. at least one of
the backbone network and the feature unmixing sub-nenvork
is convolution neutral network.

Accordmg to un exemplary embodiment, thc backbone
network is schxtcd from the group consisted of RcsNct, Is
V(i(I, DenseNet, and search-based nenvork.

According to an exempLsry embodiment. the SNIBU Is
trained based on a traming data set prior to be used for
extractin the fused features from the fused ima es Bnd/or
for unmixin the fused features to a lefi view-aware feature Ic
and a right view-aware fi:aturc.

Accordmg to au exemplary cmboduucnt, the spatial fea-
tures of the 3D object comprise a height. a v idth, and a depth
of the 3D object, determining spatial features of the pre-
dicted 3D object fiirther comprises determining the depth of'he3D object based on the height and the width of the 3D
object predicted in the left and right vieiv ima es. by n paired
channel cost volume network (PCNCI).

ACCOI'illllg lo Bll cxctllplBI y ClllbodllllCBI, dCICIlninlllg lhC

depth of the 3D oblect based on the height and the v idth of lc
the 3D object predicted in the left and right view iniages
further comprises extracting feature maps of the left and
riptt view images from the left and right view images, by a
feature extraction sub-network of the PCNet: enenltin a
coarse disparity based ou lhc channels ot Ihc li:dlurc nuips of ls
the left and nght view Images, by a paired chunucl module
of tlm PCNct: rclinuig thc coarse dispaniy to a line dispanty,
and transforming the fine disparity to the depth of the 31)
object

According to an exemplary embodiment. determining the dc

depth of the 3D object based on the hei ht and the width of
the 3D object prixlictcd In thc left and nghl vicv, images
further compn sea. generating a coarse disp an 1y bascsl on thc
channels of lhc fbuturc maps of lhc tell und nghl view
image~, by a paired channel module of the PCNet, v herein
the feanire maps of the left and right iiew images are the
fused features extracted by the backbone network or the left
and right view-aiiare features unmixed by the feature
unmixing sub-network, rcspcclivclyi rcfimng lhc coarse
illspBIII)'o d fille dlSpalllvs Blnl lldllslonnlllg lhC fillC 0

dispanty to thc depth of thc 3D obpxt.
According to an exemplary embodinient, the paired chan-

nel module bas a spatial pyramid pooling stmcture v ith
three parallel paired channel feature volumes and tluee
paired clmnnel filters with different spatial sizes. eneratin . I
a coarse disparity based on the channels of lhc fi:aturc mups
of lllC ICII Btld Ilglll VICW lnlagCS IilllhCI ColllpllsCS: gCBCI-

aiing lhc lhrcc purullcl pmrcd channel lcalurc volumes by
concatenating the channels of the feature map of the left
vieiv image and the corresponding channels of feature map sc

of the right vieii ima es along channel dimensions ofhei ht
and width of the predicted 3D object and color ofthe left and
Ilglll slew Itllagcs rcspcctlvclv, Slid cxlldctlll lhc coarse
dispanty from the ttucc pamllcl pmrcd channel features
iolulllcs bv IL'spccdivc pdlrLV! challllcl lillcls. Ss

According to an exemplary embodiment, the feature
extraction sub-netivork conlprises two stacked lxluiglass

strucuirc with dense coiulcction configured lo extract Ihc
feature maps of the left and right view images from the left
and right view images.

According to an exemplary embodiment. the coarse dis-
punty is rclincd to a fine disparity by al least onc stackixl
residual block constructed by 2D convolution layers.

Accordin to an exemplary embodiment, the PCNet is
trained based on a training data set prior to be used filr
determining the disparity of the 3D object based on the
height and thc width of thc 3D obtcct predicted ui the lcfi
and right view ima es.

According to mi cxcmplary cmboduncnt, thc PCNcl Is a

COIIVOhttion Imirtml IIL'twol'k.

According to thc scnond aspect of thc disclosure. a device
for 31) object detection is presented 'I'he device coinprises
a fused image generation unit conti ured to generate one or
more fused images based on a pair of image~. the pair of
ima es including a left view ima e and a nght view image:
a sharc network with feature umnixing (SNFU), thc SNFU
comprising a single backbone networl contigured to extract
ouc or more Iuscd li:dlurcs lrom thc pair of unagcs slid d

feature unmixing sub-nenvork configured to unnlix the fused
fcaturcs lo a tell view-aware fcaturc aud a nght view-aware
fcaturc, a prcdiction umt configured lo predict thc 3D obtccl
based on the left view-aware feature and the nght view-
aware feature; and an object determination unit configured
to determine spatial features of the predicted 3D object.

Accordin to the third aspect of the disclosure, a non-
transitory computer-readable storage medium is presented.
Thc non-transitory computer-rcadablc storage medium
stores Instructions wluch. when cxccutcd by one or morc
pmcessor, cause the processor to perform the method aboi e-
mentioned in the first aspect of the disclosure

I'he metlxld and device by using the Share Nenvork of
SNFU to implement efticient 3D object detection reduces
the computation complexity to the level of that in monocular
bused 2D obtcct delcciion, so as lo unprovc lhc compulalion
cflicicucy wlule kcepmg lugh precision. Evmi for multi-view
system with tllultiple cameras, the proposed method and
device can implement 3D object detection as etficient as
monocular based 2D object detection In addition, the P('Net
network for depth estimation for 3D oblect can achieve lxlth
the competitive perfonnance on accuracy and high speed
when predicting itic depth of 3D oblcct, so as to achicvc
bcltcr perfonnance ui lhc milonomous dnvuig system.

Still other aspects, feature~. and advantages of the disclo-
sure are readily apparent from the following detailed
description, simply by illustrating a nuniber of particular
embodiments and implementations, including the best mode
contemplated for carrying out the disclosure. The disclosure
Is ulso capable of other mid ditlbrcnt cmbodimmils, and its
scvcrul details may be modilicd ui various obvious respects.
all without departing, from the spirit and scope of the
disclosure Accordingly. the drawings and description are to
be regarded as illustrative in nature, and not as restrictive.

BRIEF DESCRIPTION OF THE DRA)IIINGS

I'he exemplary embodiments of the disclosure are illus-
trated by v:ay of example, and not by way of limitation, in
the figiues of the accompanying draiiin s

FI(i I Illustrates a diagram of au exemplary frtuncwork
of binocular-based TNct method for 3D object dctcctioni

FI(i 2 illustrates a diagrun of a frumcwork of'binoculdr-
based SNI'I I method for 3D object detection according to an
exenlplary embodiment of present disclosure:
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FIG. 3 illustrates a flow chart of the method based on a

share nehvork of SNFU for 3D object detection according to
an exemplary cmbodunmit ol present disclosure.

11ICI 4A illustmstes the structure ofa self-feature unmixing
module (SFUM) of thc fi:Bturc uiunixm sub-Bc(worl ol'thc
SNliU according to an exemplary embodiment of present
disclosure;

11ICI 4B illustrates the structure of a guided-feature
uiunixin module (CIFUM) of the Ibature unmixing sub-

1 I 1

network of thc SNFU accorduig to an cxcmplury embodi-
ment of present disclosure;

FIG. 5 illustrates the application liir mitonomous duving
by the 3D object detection via the share netv ork of SNIiU
accordmg to an cxcmplary embodiment ol preach( disclo-
sure;

FIG, 6 illustrates the fundamental of stereo depth estima-
tion according to an exemplary embodinlent of present
disclosure;

FIG. 7 illus(ra(ca a diagr un of a fr unework of thc paired 10

channel cost volume network (PC'Net) according to an
exemplary embodunmit ol present disclosure.

11ICI 0 illustrates the result of comparison behveen PCNet
and otlmr method uccording to mi cxcmplury cmbodunent of
present disclosure,

11ICI 9 illustrates the predicted depth of P('Net on KI'I'I'I
2015 dataset according to an exemplary embodiment of
present disclosure;

FIG, 10 illustrates a block diagmsm of n device for 3D
object detection according to an exemplary embodiment of 30

prcscllt dlsclosillc, Bill
FIG. 11 illiistrBtcs B colllputcr svstclu llpiiu which an

exemplary embodiment of present disclosure can be imple-
ilielited

ls
DETAILED DESCRIPTION OF THE

INVENTION

'lite present disclosure includes any novel feature or
combination of features disclosed herein either explicitly or so

any enerallzation thereof. Various modihcations and adap-
tations lo thc fore oing cxmnplary mnbodunmlts of tlus
disclosure may become apparcnl lo lhosc skilled ul thc
iclcvaut Bits ht view'f tile forcgolllg dcscrlpllou. v lieu rcBil
in conjunction with the accompanying drawings I lowever,
any and all modifications will still fall within the scope of
the non-limiting and exemplary emlxidiments of tlfis disclo-
sure.

There arc some monocular based 3D ob)cct detection
methods which directly cstunatcs thc 3D ulfonnahon of thc 0

obtccts from a single-view image. However. sulglc-view
image only contains 2D information which limits the 31)
performance seriously Using l,iDAR is nnich more expen-
sive in practice. Difl'erent from monocular nnd LiDAR based
methods. binocular based methods detect objects usia .1
pmrcd images which helps remlvcr the sicrco uilbnnation of
practical sccilcs

In order to implmncnt 3D obfcct detection by lalong two
netlvorks each of which is responsible for processing 0
single-vielv image, some researchers propose a Stereo- aa

RCNN or a 3DOP neutral network method. Other research-
ers also propose Pseudo-Lidar based methods to use a
two-stream network to gcncratc pseudo L1DAR points and
usc a LiDAR-based method to prcxttct 3D uflbrmation of
obtccts. In thc two-stream ac(work solutiona, a TLNct tlmt as

adopts two networks to process the paired images separately
is an optional approach

FICi I illustrates a typical lyamcwork of buiocular-based
methods, called 'I'Net. using hvo nehvorks for 31) object
detection I'he I'Net method is a binocular based 31) object
detection method with deep Convolutional Neural Networks
(CNN). v:here a pair of images. i.e . the left-viev image 101
and the rjgtt-view image 102 are inputted to tv o networks
110, 120 (also called as two-atrcun Bc(work) lilr feature
extraction mid result prcdwtion. Thc ac(work 110 comprises
four convolution blocks of 111. 112, 113, and 114, and the
network 121) comprises another filur convolution blocks of
121, 122, 123, and 124. I'he output of network 1111 is fed to
left prediction 131 to obtain the predicted object tn left vievv.

The prediction contains results for keypoint regression. 2D
box coorduiatcs, omen(ation which arc important for solving
3D information. Tlus proccssuig is catrtcd out lbr nchvork
121) similarly I'he predicted object by left and right predic-
tions are used together to solve the 3D box 141) (i e. 31)
bounding box) in the binocular images Although the two
network 110 and 120 may slmre weights 150, it is noted that
each networl is responsible for feature extmsction of a
Slllglc-V1Cw tillage. 111st 1S, thC Coillpilustlou colllphcxllv ls
doubled filr paired inputs, w hich luni1s thc application of 3 D
object detection in real-time scenarios I lspecially. in inulti-
view system, the computation consumption will be doubled
and redoubled I lowever, in practical applications like
autonomous driving, fast real-time object detection and
stmte y adjusting are needed. Based on the observation that
ui lhcsc paired images thc appearmlcc und pixel values of thc
same obtimt urc similar, usmg two networks to process two
iniages separately is time-consuming and non-optimal

I'0 meet the pmsctical demands. the exemplary embodi-
ment of present disclosure proposes a Share Network ivith
Feature Unmixin (called as SNFU) method as an image
segmentation approach for binocular based 3D oblect detec-
tion, wluch helps to rcducc the computauou complexity
drumahcally wlulc kcepmg thc detection primi~ ion and
unprovuig thc detection cflicimlcy Thc SNFU processes
paired images and embeds with the feature unmixing
method to generate separate-view features for subsequent
prediction. In SNFU, for a pair of ima es. a single share
bacl bone network is used to extract the one or more general
fusixi fcaturcs. Then a light-weight feature uiunixuig sub-
nctwork by embedding a self-I'caturc unmixuig module
(called as SFUM) and a guided-fmiturc urunixuig module
(called as (if UM) sepamstes the one or more fiised features
to left-viev'nd riPt-view (view-aware) features Subse-
quently. these view-aware features are used for 3D predic-
tion. Because ottiy one share backbone netv orl'nstead of
two networks is used for limture extracuou, about 50%
colllpillB11011 ColllplCxlt)'S Cut dowil ill ColllpBllSoll 10

TNct-based solutions. SNFU method und dcvicc can rcducc
the redundant computation for similar features while the
uniliixing tliodules help to separate multi-view feahires,
such that the pmposed solution can improve the detection
efflciency dramatically and keeping detection precision.
which is nuich suitable Ibr practicul applicauons

Thc 3D obtimt detection process accorduig 10 an cxcm-
plary embodiment ol'hc disclosure is introducixl ui details
below with reference to I'I(iS. 2 and I'l(i 3, where I'I(i 2
illustrates the diagram of a framework of binocuhsr-based
SNFU method and FICi. 3 is the exemplary fiov chart of the
SNFU method.

Thc sharc network of SNFU has a single backbone
network 210 and a light-wcightcd limturc uumixuig sub-
nctwork 220 incluihng an upper part 220a aud a lower part
221)h. 'I'he feature unmixing sub-nehvork 2211 further coni-
prises a self-feature unmixing module (Slit)M) 22tlla,
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2202a, 2203a. 2201b, 2202b, snd 2203b, and a uidcd-
feature unmixing module ((i!'IJM) 221lin 2212U, 2213U,
22llb. 2212b, and 2213b

Ilir tly. a pair of images including, a lefi view image and
a right view image are obtained and used Iiir enerating one
or more hised images as the input of the share network of
SNFU, in step S310. Tlic pair ol'buiocular based unages can
be obtauuxl by a stereo camera, such as paired c;uncms or
multi-view cameras, in which the left 1 iew image is obtained
by the left camems and the right view image is obtained by io

the ri ht camera
The obtained images are 2D images including 3D infor-

mation of objects. The 3D infomiation is represented by the
RGB color clmnncls. Thc lcfi and right view unages have
total six RGB tailor channels (can also bc called as clmnncl ii
dimensions), i.e, lied, Cireen, and l3lue color channels of the
left one. and lied, Cireen. and 13lue colnr channels of the
right one. 'I'hese six channels include enough 3I) informa-
tion required to solving the spatial features of the 3D object,
such as the Height channeL Width channel. and Depth io
cliaiiiicl. Ill addition, tile Dcptll cluiililcl spdttiil fiuinirc cB11

also bc Iransfcrrcd to a Dispanty channel spatial li:aturc.
l3ased on the observation that a 3D object in the left-view

and right-view images has the simiksr appearance and pixel
values, using one single backbone network is capable of 'xtractinabundant features One backlxine network in the
share network of SNFU according to the exemplary embodi-
iuciit 1s Used for fbdtUrc cxtrdctioii for B paired ol iiliBgcs Bs

l I „= T il,,l„, 11). (it

where F«represents the one or more extmcted fused
features. Iz represents the left view image, IB represents the
right view image, W represents the Icamixl par uneters of thc
single backbone network T (.) ol'NFIJ.

In comparison to the two-streani nenvork, the channels of ii
images are fused to generate one or niore fused images 203
so as to be processed by the share network of SNFU. The
fused images 201. also called stacked ima es. can be en-
erated by concatenating the channels of the left and the nght
iicw uuagcs alon respective channel dmicnsions.Aficr thc so
concatenation operation. thc liiscxi images 201 lmvc thc
concatenated channel dimensions in form of lied color
channel of the left view Unaue, lied color channel of the
rigtt vieii image, Cireen color channel of the left view
image, Cireen color chiumel of the ri ht vieiv image. Blue d-

color channel of the left view image. and Blue color channel
of thc rigllt view iilidgc, ln scqUcilcc. Tllcicfiiic, ht tile
cmbodimcnt of prcscnt disclosure, thc luscd nnagcs 201
with six channel dimensions are taken as input of the share
netivnrk nf SNI'I J. which is different from the contignmstion o

that the two-stream network takes an image with three
channel dimensions (RCiB channels of one image) In the
input convolutional block of the backbone network of
SNFU, the convoluuonal kernels drc moddied with six
channels instead of tluim. It can bc easily lound that thc . 1

share network of SN Ill / can reduce about 50% cnmputation
consumption ofprevious niethods It is nnted that each of the
input corn olutional block 211 and one nr nxire downsani-
pling convolutional blocks have at least one convolutional
layer. S I 1

In step 320. Ihc fused limturea are ex tract ixl from Ihc fused
images 201 by thc single backbone network 210 of thc sharc
netivnrk of SNllU It is noted that the backbone netivork is
selected from the group consisted of. for example, niany
convnlution neutmnl networks (('NN), such as. full convo- si
lution neutral netv orl s, such as ResNet. VCit), DenseNet,
search-based networl, etc.

Fr. Fs TI iFSS, U'r.l. (2)

where TI (, W„) rcprcscnm Ihc fi:dturc unmixing operation
with lcamablc paramctcrs W,- ol'he feature uiunixing
sub-network 220 of SNI'U In an emboduiient, the feature
unniixing sub-nenvork 220 is constructed, for example, by
convnlution neutral nenvorks, such as. fiill convnlution
neutral networks. The feature unmixin sub-network 220
comprises two modules as descnbed below

FICi 4A illustrates thc structure of thc self feature uiunix-
uig module (SFUM) ol'hc fcaturc unmixuig sub-ncnvork
221) of the SNliU according to an exemplary embodiinent of
present disclosure 'I'he SlitJM is configured to generate left
initial view-aware features and nght initial view:-aivare
features based on the fused features outputted by the single
bacl bone network 210.

Thc backbone network 210 comprise mi input convolu-
tional block 211. and one or more downsampling convolu-
tional blocks, such as 212. 213, and 214 The uiput convo-
lutional block 211 receives the input of one or more fused
unagcs 201. Thc onc or more downsampluig convoluuonal
blocks are cmifigured to generate fused features based on the
output of the input convolutional block 211. Each of the
downsampling convolutional blocks genemntes the image
features v, ith different spatial sizes. For example, the down-
samphng convoluuunal block 212 gcneratcs image li:dtures
v ith '/ of the spatial sizes of the output images of the input
convolutional block 211, which is idenuca 1 to thc spausl size
of the left and right view images, the downsampling con-
voluuoiuil block 213 gcncratcs image fixiturcs with '/1 ol'hc
spatial sizes of the left and right view images, which is I 1 of
the spatial sizes of the output of the previous don nsamplin
convolutional block 212. mid the downsiunpling convolu-
tional block 214 gcneratcs image fi:dturcs with '/1 of thc
spatial sizes of the left and right view images, which is I 1 of
the spatial sizes of the output of the previous downsamp ling
convolutional block 213. The smaller the spatial size is. the
more global features are fiicused The downsamplin
degrees of the downsampling convolutional blocks and/or
thc number ol thc downsampluig convolutional blocks cdn
bc scloctcd with other values accorduig to dcmmids. Thc
fused features comprise all of the image features ivith
ditferent spatial sizes outputted by the one or more down-
sanipling cnnvolutional blocks 212. 213, and 214 and the
fused features contain both infomiation for lefi and right
view ima es.

To bcttcr dcscribc thc 3D object detection pmccss, thc
cxmnplary backbone network 210 of SNFU is conligured.
for example, with three doivnsampling corn olutinnal
blocks I'he convolutinnal block conhgumntion of backbone
netwnrk 210 can be adjusted to meet the pmsctical deniands,
such as a configtuation of one input convolutional block and
two dov,nsampling convolutional blocks. a configuration of
onc mput convoluiional block mid four downsampling con-
voliitioiiiil blocks, ctc.

After the fused images generation by the single backbone
netwnrk 210, the fused features are unmixed to a left
view-aware feature and a right view-aware feature by the
feature unmixing sub-nehvork 220 of the SNFU, in step 330.

Since the one or more extracted fused features from the
fusixl images contaui both thc uiformation for Ihc left view
unagc and thc information for thc nght view image, they
need to be unmixed. 'I'o gmierate view-aware features, i e,
separate the fused features to the lefi view features I z and
right-viev'eatures Ila, for 3D obiect prediction. the fused
features are unmixed as:



US 12,347,177 B2
10

To uuullx thc cxtrdctcd Iusix} Icaiurcs tii vlcA'-Bwarc
features. the SI'UM separates the channel intiirmation based
on the consideration that different channels have ditTerent
emphasis on dif}'erent views As show n in I'l(i 4A, Sl! UM
first uses a global avemsge pooling layer 411 performing the
global avera e pooling operation 9 (.) to enerare rhe chan-
nel rcsponsc values, I.c., thc global size unagc lenturcs.
Since thc }used fi:aturcs outputtcd by thc domnsnmpling
convolutional blocks 212 to 214 coinprise a plurality of
image features with dif}'erent spatial sizes, the Sl!UM needs 10

to perform the global average pooling operation to each of
the image features In FICi. 2, SFUMs 2201a. 2202a. and
2203a, and SFUMs 2201b. 220Zb, and Z203b correspond to
the outputs from dowusnmpling minvoluuonol blocks 212 to
214. rcspccuvcly. where '*a" and "b" in thc lost cluiractcr of is
the reference numbers identify the type of image~. for
example. Sl!UM 2201u performs the pooling, operation to
the image feature from the convolutional block 2}2 corre-
spondin to the left viev image. and SFUM 2201b performs
the pooling operation to the image feature from the convo- 20

lutioual block 212 corrcsponduig to dic nght vicv, image,
ctc. Therefore, thc upper part 220a of thc fi:dturc unmixing
sub-network Z20 corresponds to the part for left view
image~, and the lower part 220b of the feature unmixing
sub-network 220 corresponds to the part for rig}a view
images. This detinition of types "a** and "b" is used to
identify the left ond nght view images throughout the
context of Ihc dcscnption.

llicn two branches arc used to rcwcight thc clmnncl
information for left view and right view iinages, respectively io

ssuv,$ Rss ~ sssss, . 4 Bscsa,(

9 l&rst iikss vs'-'i. 11)

where ttsmo means thc SFUM for left view image with is
I

lcarnablc weights Waxen m ond 'U s«zo me;uis the SFUM
for mght I icw image with }earnable weights W,wr ra Thc Icfi
branch corresponds the feature unmixing to the ghibal size
image features for the left view: image. and the right branch
corresponds the feature uiunixing to the lobol size image do

features for the right view image. The structure and pro-
ceasuig of thc SFUM will cxplauicd with thc lel} branch
below.

llic left branch may have one or morc fully connected
(li( ) layer~, such as 412a and 414a, to reweioht the corre-
sponding channel information of the global size image
features ofthe left vieii image, one or more ReLU}ayers and
one or more sigmoid functions. In an example embodunent,
a RcLU layer 413a Is placed bchuid thc lirst FC layer 412a
and prior to the second FC layer 414a, iuid the activation o

funcuon of sigmoid funcuon 415a is placed belund thc
second I'('ayer 414u to range the values to (0,1).

0 represents the element-wise multiplication operation
416a. The different channels of the globo} size image
features derived fmm the fused features F~ ore element- . 1

misc nmltiplicd by thc fiiacd li:diurea, rcspectivcly. 10

reweigh( diffbrcnt chnnncls of thc fused li:dturcs F! B so as to

generate F! as Ihc left Initial view-aware li:41urcs mxl FB os
the right initial view-aware features I!or example, regarding
the output of the convolutional block 212 corresponding to ao

the fused feature with IAI of the spatial sizes of the output
images of input convolutional block 211, C) of SFUM 2201a
clcmcnt-wise muluplics thc Rcd, Green, and Blue color
cliaullcls of thc left vlcm lulagc Iu thc globill size luiiigc
li:dturcs by thc Rixh Greco, and Blue color c}Burne}a of thc as
left view image m the fiised features I'za respectively, to
generate the Red, (ireen. and 13lue color channels of the left

view lulagc of lhc Icfi uutial vicA-dABI'c Il Stores. SFUM
2201b perfomis the similar generation for the right initial
view-aware Iboturc rcgarduig thc same spaunl size as SFUM
220}a. 'I'he other Slit)Ms 22(32a/220Zb, 2203ai2203b cor-
rcspond to rcspixtwc gmicrations ol'cl'1 aud nght vmw-
aware features regarding ditTerent spatial sizes }liat is,
SFUM uses a learning-based met}Bid to reii eight the channel
informatinn based on the input fiised features from the
bocl bone network 210.

Thc FC layers, ReLU layer. acuvation I'unction, ond thc
element-ivise nniltiplication operation in the naht branch of
SFUM Rir thc right vn:A uuagc arc sunilar nnd will not bc
described in details again

Considering, that only rem cighting thc channel inliinnd-
tion cannot completely solve the spatial position mixing
problem. a uided-feature unmixing module (CiFI JM) is
introduced tiir generating the view-aware features so as to
further uiunix the spatial infomiation, after etting the initial
view-Bwdic feillilrcs F! Bud F„. FIG. 4B ilhistrotcs lhc
stnicture of the guided-feature unmixing module (CiFI JM) of
the feature unmixing sub-network 220 of the SNFU accord-
uig to mi exemplary cmbodnucnt of prcscnt disulosure.

Because Ihc left v iew and nght vww Imngcs have ih ffcrcnt
uiffirmation for 3D object posiuon, they nrc used to uidc
the feature unmixing as

!4)

where tt O„izd and Wosi,a represent the CiFUM for left
view ond right view with corresponding }earnable weights.
respectively.

Thc GFUM is designed for each of thc tell and right view
unagcs. A» shown in FIG. 4B, thc Icl} part corresponds to thc
(il! I.JM stmcture for lef't vieiv image. Ivherein each of the
reference numbers has a last character of "a". and the right
port corresponds to the GFUM structure for the rioht one
v ith last character of "b". For example. for the lefi view
ima e part. the C}FUM uses a downsampling layer 421a to
dowusilnlplc thc left slew luiagc, I.c., thc slllglc view lulu c
of thc pa}rex} images, to match thc spaual size with thc uunal
view-aware feature fs! I!or example, (IIII JM 22}la needs to
downsampling the left view image Iz to the spatial size of IAI

of the spatial sizes of the left view image which is the same
as the spatial size of the image feature outputted by the
convolutional block 212, since the initial viev -aware feature
output by thc SFIJM 2201a also has '/ ol'he spatial sizes
of thc left view image. GFUMs 2212a and 2213a down-
saniple the left viev iiuage by same degree of the spatial size
as SIIUM 2202a and 2203u respectively

Still illustrated with the lef't part of III(i 4}3. (IFUM uses
one or more convolution layers with different kernels. for
example. a convolutional Layer 422a with 3x3 kernels, to
gcncroto a Icfi spa ual goto. 111c I el} spatial gate gcncratcd by
thC ICft VICA lluagC haS thc Spiltlal poS111011 lufonuotlou IOI

3D nblects in left vieiv image. 'I'he spatial position infhr-
nmtion is inputted into the activatmn function Siynoid 423a
and then element-wise multiplied by the left initial view-
aware feature Fz to generate lefi view-aware feature Fr. That
is. the element-wise multiplication operation 424a between
thc lett spatial gate and thc lcfi view image extracts Ihc
spallill posltlou lulonuBtlou rclatlvc 10 thc h:ft vlcm Inlagc Iu
the fused features to finish the feature unmixing I'he ele-
ment-wise multiplication operation 424si is sunilar to the
opemstion 416u in SI'IJM and wi}1 not be detailed sgain
CiFUMs ZZ12si and 2213a perfiirm similar feature unmixin
functions as (JFUM 2211a.
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For thc right purt ol'FICi. 4B, GFUM 2211b dov,nsamplcs
the right view image with downsampling Layer 421b, uses
onc or morc convolu(&on layers wi1h difli:ren( kcrncls. Ior
example. convolutional layer 422b with 3x3 keniels. to
genera(e a ngh( spaual ga(c, mid clcmcnt-w&sc multiplms thc
output of the activation function Sigmoid 423b by the nght
initial view-aware feature Fa to generate rig&& view-aware
feature I'„. so as to extract the spatial position inforniation
relative to the right viev &mage in the fused feanires to finish

1& 1

the Ihature unm&xing. CiFUMs 2212b und 2213b pcrfi&mi
similar feature utun&xing functions as Cr'FUM 22110.

In fact. dill'crent s&dcs of view images have invulid spat&al

correlations. I)ased on the spatial correlation characteristics
between (hc view unagcs of the left mid 1hc mgh1;uid thc
initial view-aware feature of the view image of left and nght,
the result of the element-wise multiplication operation for
ditferent view images will be excluded and only the result
for same side is I ept Therefore, the multiplication open-
t&ons u& SFUM and GFUM arc only applied to thc cluuuiclsno
of the corresponding features of same view ima e.

From miothcr v&cws thc feature unmixu&g sub-network
comprising Sl&IJMs and (il&UMs can be considered as niany
sub-units corresponding to different spatial sizes relative to
the output of the convolut&onal blocks in the backbone
network 210 for both the left and the right view images. each
of wluch has a SFUM structure and a (JFUM stnicture.

Aficr the icfi and ngh( view-aware leu(urea Fr and Fn lhr
811 of thc don nsamplu&g convoluuonal blocks 212, 213. and
214 are generated. they are used tiir 3D object pred&ction, in in
step S340, &vhere the prediction comprises left prod&ction
230a and right prediction 230b 'I'he 3)) object prediction &s

performed by prediction heads. As the details of the predic-
tion heads are not the emphasis of present disclosure. they
can be sclimted based on thc previous solut&ons known. 3(

In s(cp S350, thc method for 3D objcc( dc(ect&on acm&rd-

ing to m& cxcmplary cmbodimen1 of prcscnt d&sclosurc
determines the spatml features of the 3D object predicted in
the 3) ) object pred&ction, such as. by soh ing the 3D box 240,
to output final results. The 3D box of object can be defined do

by the spatial features of width, height. and depth of the 3D
oblcct.

SNFU &s a deep CNN method. Thus, before the 3D object
dctcmuon solut&ou u&cluihng (hc slmre nctv ork ol'NFU,
prediction head~. and the un&t fi&r solving the 3I) box i ~ used,
fiir example, the share network of SNI&II is used for extract-
in the fused features generated from the paired images
anil/01'or unmixing the fused features to left and riglit the
(&ew-aware fcaturcs, the nc(work ol'SNFU &s &rauicd based
iu& uduu&lg cia&a sct lo optu&1&zc Ihc pa&an&etc&s. 8

F&rat)ye the arclutccturc of SNFU is dcs&gncd. Thc (les&gn
work comprises the architecture of the backbone network
(i e a feature extractor network), Sl&UMs, (il&I)Ms, predic-
tion heads, and the spatial feature determination unit for
solving the 3D box. Among that, the typical architectures, . 6

such as ResNct, (/GG, DcnscNct, imd search-based net-

workss

cm& bc adopted as the backbone ne(work. SFUMs and
GFUMs cm& bc dcs&gncd according to ihe ui(roduct&on with
reference to I&l(iS 4A and 4B 'I he prediction head can be
adopted as specihed in previous 3)) object detection meth- sn

i&(Is.

After desig&ung the basic architecture of SNFU, we can
prepare a set oI'rai rung da ta uicl uduig v&cw imu gas and 1hmr
ground &nith for supcrv&scd trauung. Bcx:duse the networks
drc nilu&cil cli:1:ply osulg 8 lot of 1&sulu&g miu&plcs. lilt&I 6(
aug&nentation opemstion like image flipping. and adding
(iaussian noise can be adopted for better effect.

TABLE I

De&e i nn e&t'a&men e end om ute& nn com &u enn

AP )d

So&uncs &nnder(tc lord OR pe

sie&eo Rcxv 6 ii 6 68 'il 07 (n2 6(
SVI'1J ( 8 8 '&2'1( 261 78

In the step of S350, the detected 3)) object can be
represented by the solved spatial features of v idth cha&u&el.

he&ght chmmel. and depth clmnnel. These spatial features
dclinc the loca(&on mformation of (hc 3D oblcctse lor
example, by a rectangle with thc solvixl w&d(h, height, and
depth Accorduig to mi cxmnplary embodnucu( of pre(en(
disclosure, the 3D box solving manner can be further
in&proved

Regarding thc parmncter iru(iahzanon, thc nc(work em&bc

trained from scratch or by using pre-tmsining v eights for
linc-tu&ung. If trauiing thc ne(work from scrntch, thc param-
eters in the SNI U can be initializmf randomly by (iaussian,
Xavier or other methods u& dccp CNN If a pre-tram&xi
netwnrk is provided. the &veights in the convolutional layers
of the input convolutional block 211 can be copied and
pasted to meet the input dmnands.

Based on above preparation work. the share network of
SNFU &s tra&ncd by Ihmard propagution m&d backward
propagation iteratively. Durin the train&ng. loss functions
can bc dcs&gnml im previous 3D oblcct dctecnon methods.
'I'he parameter optimimstion can also adopt algorithms like
SGD or Adam iteratively un(il convcrgm&cc.

l&l(i 5 shows the application for autonomous driving by
the 3D object detection via the share network of SNFIJ
according to an exemplary embodiment of present disclo-
sure Velucle 510 has a stereo cmnera system 520 compris-
u&g a left camera 520a and a right camera 520b. Each of (hc
cameras captures view ima es to genemste pa&red images 530
wh&ch contain (hc 3D uiformauon ol'he oblcc(s. After bc&ng
inputted into the onboard computation dev&ce embedding
SNFU 540 ol'present d&sclosurc, thc 3D oblcct dctcction and
stereo localization operation transform the paired inmges
530 to 8 stereo &mage with 3D boxes u&d&cdt&ng the dc&act&xi

3) ) nb)acts as shou n by the rectangle boxes 550-1. 'I'hen the
autonomous driving unit or the driver of vehicle 510 can use
the detection result to make decision for driving assistance

The followin shows experiments for binocular-based 3D
object detection with SNFU according to exemplary
cmboduucnts of present d&sclosurc vs. prcv&ous dc&ac(&on

solu(ions.
Klfl I'I dataset is chosen fiir evaluating the perforn&ance of

the proposed 3D object detection &vith SNI&IJ. Kl'I'I'I data-
set, in v hich 3D information of objects &s pmvided for
evaluation, is collected in practical dnving scenes for
autonomous driving research. The expenmental share net-
work of SNF(J uses a RcsNet-10I network to make 8 fair
comparison with prcv&ous stain-of-1hc-drt solution w&th Ste-
reo-R('NN nenvork 'I'he detection precis&on fusing AP)d
under 0.7 IOU metric in easy. moderate, and hard subsets,
higher is better), and computation coniplexity (using
CIFlops. lower is better) are presented in Table I. As can be
seen, the 3D object detection solut&on of present disclosure
can reduce (hc computation complex&ty by about 50% of tha(
u& basclinc solut&on wi(h Stern&-RCNN network wlnlc
achiev&ng the similar even better detection precision.
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Depth estimation is a classical compuicr vision problmn

which describes the distance behveen observation point and
3D objects In the situation of mitonomous driving, getting
the information of depth can avoid the accident of autono-
mous vehicle cmsshing into car and pedestrian. Meanwhile,
the depth infiirmation is also helpful in 3D object detection
and scgmcntatiou tasks. Thcrcforc, Ihc accuracy mid thc
spccd arc Iwo unportanl points which Ihc rcscarchcrs txm-
cern the most

12ICI 6 is the fundamental of stereo depth estimation for Ia

3D object by usmg stereo camera 'I he pair of canteras,
('amera L as the lefi camera and Camems R as the left
camera, of the stereo camera device capnire the srereo view
images of 3D oblccl wluch i ~ Ihc Lirgci of depth estimation.
Thc points on thc vertical axis arc thc observed unagcs in lc
left and right view of the 3 I ) object obtained by left and nght
camems. According to the principle of similar triangle, the
depth "2" of the 3 I ) object away fmm the stereo camera can
be easily detemiined by the relevant distmtce between the
hvo cameras "b", the focus of the camems "f', and the 20

illsparil)'ctwceil llic iiliagcs 111 lllc jell arid rtglu view. xi —x .

Since b and f arc easy to gct. Ihc depth cslunalion problem
fiir 3D object detection turns to be a disparity estintation
pmblem

'there are sevemsl existing depth estimation methods based
on deep learning v hich are DispNet. (ICNet. PSMNer. and
CIANet, fiir example. DispNet ic the first end-to-end nehvork
for depth cslunation. Thc method uses deep convolutiorial
layers lo extract the feature nuips of left and nghl view
images and then concatenate them together, and tinally ia
retines the concatenated features to get the predict dispanty
I loivever, the accuracy of DispNet is not aood enough
CICNet involves feature extraction. cost volume and cost
a~uu e ation into an end-to-end CNN nehvork which
aclucvcs high accuracy. Coal volume is a 4D Iciwor with thc ic
size ol'(max disparity. clraruicl, height, width). To deal with
cost volume, Ihc txi~ I aggregation with many 3D txmvolu-
tion operation has to be involved which cost a lot of
computation. VSMNet uses pyramid feature extraction and
stacked hour lass block with 25 3D convolntional Layers to co

improve the perfonnance of the netv'ork. SimiLsr to CICNet,
the problmn in PSMNcl is llm loo much computation cost by
3D convolution opcrauon GANct uses a Scnu-Cilobal
Guided Aggre ation(SGA) model and a Local Guided
A gregalion(I.(IA) model which achieve the state-of-the-art
performance in depth estiniation task. where the metlxid
uses different amount of SCIA to balance the accuracy and
efijciency.

In order lo improi c Ihc spccd ol dcpuh cslimufion willxiul
dcxrcasc lhc accuracy, the exemplary cmbodnucnt ol'prcsmlt o

disclosure proposes a Paired Chtuuicl (abbrcviutcd as "PC")
('ost Volume Network (called as VCNet) which uses a cross
concatenate operation with a 3D convolution layers to learn
the correLation between left and right view images The
depth estimation for 3D object involves a 2D convolurional . i
rclincmcnt uislead ol'he 3D cost uggrcgution used, Ibr
example, ui GCNOL PSMNcl, and GANcu

FIG. 7 illustrates a diagr un of a fr uncwork of thc paired
channel cost volume network (V( Net). as a 3D object
localization approach. according to an exemplary embodi- sa

ment of present disclosure The proposed PCNet contains
three main parts which are feature extraction sub-nehvork
720. pnircd chmuicl (PC) module 730, mid rclinmncnt mod-
ule 750.

llic lcature extraction sub-network 720 extracts fculurc sc

maps of the pair of the view images, i.e, the lefi view image
710a and right view images 710h which correspondmg to

lhc Icfl arid llglll vices lillagcs of lllc pair of lllc view lillagcs
201 as shov'n in I'l(i 2. Compared to the inputted view
intages of I'l(i 2. the 3D objects are identified or predicted
in the left and right vieiv images 710u and 71flb, for
example. by the 3D object prediction operation 230a and
230b as mentioned above. The mputs of the feature extmsc-
tion sub-network 720 arc shown by thc solid lines 1041a in
FIG. 10. Thc lcll and right view uuagcs 710a aud 710b have
the spatial information of the predicted 3I) object. 'I he
feature extraction sub-nehvork 720 can use hvo stacked
hourglass structure with dmlse connection which are capable
of extracting the feature maps of the left and right images
eff'actively. The convolutional neutral network structure of
two slacked hourglass structure with dmisc connection is
known in previous method, Ihr cxtunplc, Ihc lwo stackixl
hourglass sthicture can be based on a VSMNet andior a
sintplified VSMNet or the other networks for depth estima-
tion I'he output of the feature extraction sub-nehvork 720,
i.e.. the feature map 731a of the left view image and the
feature map 7) lb of the feature map of the right view image.
arc fi:d to PC module '730. lite fimlurc maps 731a, 731b of
thc left and right view images may compusc thc wullh and
height of the 3D object, and the R(il3 color channel infiir-
nmtion of the left and right view images 710u and 710h
additionally, that is, the feature maps 731a and 731 b coni-
prises two channels of spatial information of width and
height of 3D object, and tluee cliannels of color information
rcprcscntuig Ihc 3D spatial infonnauon addiuonally.

Thc lower part of FIG. 7 shows thc details of thc Pairixl
('hannel nxidule (VC inodule) 730 'I he V('odule 730 is
the core of the V('Net method which has a Spatial Pyramid
Pooling (SVV) structure with three parallel Paired ( hannel
(PC) feature volumes 732. PC feature volume 732 ic con-
stuicted by one channel from the feature map 731a of the left
view nuagc turd Ihc corrcsponduig channel from Ihc feature
map 731b of the nghl iicw uuagc along the rcspixuvc
channel dimensions of lhc fi:alurc maps of Ihc Icfl aml ughl
view images 'I'he way of forming VC feature volunie 732 is
named as "('mss Concat" I'or example. firstly for width
channel. the width information in the width channel of the
feature map 731a of the left viev image 710a and the width
uifiirmation ui thc width clumncl ol'hc fi:alurc map 731b of
thc right view image 710b arc coucatcnatcd into lhc con-
catcnutcd width channel. thml for the height clraiuicl, Ihc
height mformation in the height clmnnel of the feature map
731a of the lefi view iinage 710a and the height information
in the hei ht channel of the feature map 731b of the right
view image 710b are concatenated into the concatenated
height chtumcl, and then for thc RCiB color channels, Ihc
RGB uiformation ui the RGB channels ol'he feature map
731a of thc lcli vicv uuagc 710a aud thc RGB uifonnalion
in the R(il3 channels of the feature map 731h of the right
view inlage 710h are concatenated into the concatenated
RCrB channels respectively in sequence of R-Ci-B; finally for
the whole channels. the concatenated v idth. height. and
RGB chmuicls arc concalcnalcd into thc PC feature volume
732 rcspccuvcly in scqucncc of width-height-RGB. Such
cross concal operation can keep Ihc inlonnalion belonging
to different channels nol being interfered when perforniing
the convolution and get the correlation behveen the channels
of the feature maps of lefi and right view images instead of
the feature inside the channels.

Then thc PC fcalurc iolumcs 732 arc oulpuucd to tlucc
small 3D convolutiunal Iillcrs 733a, 733b. and 733c, wluch
is called as Patrcxl Charulel Filler (PC Filter), with thc size
of (k, k, 2) and the stride of (l. I, 2), where k in the size (k,
k, 2) represents different spatial sixes to extract the infiir-
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mauon about depth. mid 2 ut Lhc size (k, k, 2) rcprcsents thc
spatial relationship between two corresponding channels,
i e., the one channel of the feature inap 73 la of the left view
image 710u and the corresponding channelof the feahire
map 7316 of the nght view image 7106 with respect to same
channel, such as height channel. for same 3D object In FICI.
7. Lt shows tluec PC Iiltcr of sizes (3x3x2). (Sx5x2), and
(7x7x2). which means the PC module 730 processes thc
spatial relationship between the channel intiirmation of the
pair of view images with three spatial sizes. 'I'he etude can In

be selected based on actual dcnnands 'I'he V('ilters 733u to
7330 are constructed by small 3D convolutional Lsyers to
reduce the computation complexity. Then the outputs of
tlucc 3D convolutional layers arc taincatciuinxl Iogcthcr Io
form thc Spatial Pyrmnid Poohng stnicturc, and u nonhncar Is
function 734. such as activation function Signtoid, activates
the results ofconvolution. 'I'he design of the VC filters niakes
sure that the filters only generate the correlation benveen the
feature maps of the left and right view images vvithout
involvin the inner feature information. The PC'odule 730 20

outputs a coarse dispauty 740 ol thc 3D ob)cct as displuy in
the vn:w unagcs.

In rehnement module 750, at least one stacked residual
block. such as six stack residual blocks, I&I, l(2,, l(6 in
li1(i. 7, are used for refining the coarse disparity 740 to a fine
disparity 760 as display in the vievv images. According to an
exemplary embodiment, the refinement module 750 is con-
structed by 2D convolutional layers wluch save n lot of
computation tximparcd with Ihc cost uggrcgufion w11h 3D
convolutional layers used in (I('Net, VSMNet and (IANet. In

As for supervision. the output of V('nodule 730 and the
output of refinement module 750 can be coinbined together
to generate the final prediction of fine disparity.

The PCNet may hirther comprise a transform module to
transform thc linc dispanty to Lhc du331h ol thc 3D object 31

accordmg Io Ihc similar Inanglc Ihcory abovemenfioncd
Altcmatu cly. ut an cxcmplary cmbodmicnt of Ihe prcscnt

disclosure. the V('Net can also use the fused features
extracted by the smgle backbone network 210 of the SNISU
network in FICi. 2, or use the left and richt view-aware 40

features unmixed by the feature unmixing sub-network of
the SNFU network in FIG. 2 as thc left und right feature
maps outpuucd Lo thc PC module 730. Therefore, thc
funcuon of thc fi:dturc cxtracuon sub-network 720 cmi bc
performed by the shared nenvork of SNISU, especially the
single backbone network of the SNIiU, i.e, the fused
features outputted by the backbone network 210 of SNFU or
the left and riptt view-av are features outputted by the
GFUM of SNFU are directly apphcd Lo thc PC module 730
as the left and ught fi:dturc maps 730a und 7306. Ss shown 0

by the dotted luics of 1042(7 ui FIG. 10. In addiuon, the 3D

oblcct prcdiction inlbnuauon on thc image scgmcntation in
prediction operation 230u and 2306 is also used in theV('odule730.

I'he V('Net, as a convolutional neutmsl network. is trained
based on a training data set before it is used for detemtinin
the disparity of 3D object. Folio%in is an exemplary
trainiug method for PCNct. hi thc dnta preparation step of
thc Iraimng process, thc Lraimng images w 1th dwparity labels
of 31) objects are provided Smce the disparity labels
obtained by l,iDAB are sparse. a mask method can be used
'ls preplocesshlg

In the architecture step fiir the PCNet, the feature extrac-
tion sub-network 720 of two stacked hourglass structure
with dcnac conncvuon is conligurcd to extract thc feature
maps of thc lclt and ught stew unagcs. After Iha1, PC
module 730 is cmitigured to learn the correlation between
the feature maps 73 la and 731(7 of the left and right view
iniages to get the coarse disparity 'then the refinement
module 750 is confimtred to deal with the output of PC
module 730 in order to get fine disparity as the final
prcihction of disparity is conligurcd. In spcciliu, Ihc PC
Iiltcrs of thc PC module 730 arc sclcctuxt as tlucc 3D
convolutional layers ivith the sizes of 3x3x2. Sx5x2, 7x7x2
and a stride of (I, I, 2), and concatenated together to be
activated for generatin the coarse disparity

Based on the training data set. the parameters of the
network PCNet established are optimized. The parameters
of thc convolutional layers of PC filters and Lhc parameters
of Ihc acnvation function I are obtautuxt by muumizuig Ihc
mean squared error of the training data set. I'he standard
back-propagation algorithm can be used fiir solving the
nuninnzation problem In the hack-propagation algorithm,
the padients of the memt squared ermr with respect to the
parameters of the VC tilters and parameters of the activation
fuucuon f arc computed mid back-propagated. Thc back-
propaganon algorifiun is conducted ui several epochs unnl
convcrgcncc. To fasten thc trauiing, PCNet Dc(work can bc
trained on Scene liloiv dataset as a pretmsin, then be fine-
tuned on Kl I I'I 2015 dataset for autonomous driving

After many steps of training. the final w eights can be used
to test the performance of depth prediction fmm images in
testing datasct. The Lest computes EPE Error and Error Rate
to cvaluatc Ihc pcrfonnancc of Ihc ac(work

In thc cxpcrimcnts. Sccnc Flow datasct is chosen as Ihc
pretrain dataset for its large amount of stereo image KI'I'TI
2015 is chosen as the finetune dataset because it is the
real-world street scene with fine Labeled stereo images..aut
ablution study is performed and the expenmental result of
thc PCNct ia also compared with the state-of-thc-mt algo-
ntlun CiANet. The comparison results are shown ut Table 2

ds lollowa.

TABLE 2

Require ot *aperuneni on KITTI 2011 Vai dat on dataaei

nlpui'DC nv PPE Enos

Meth d Reaolut on Psetran I ' 2 7 7 Enor Rue Tuneiai

D aphet
I' ~ 1 I

GXNet I 1

PCVci
PCNet
PCVci
PCNet

Iuu 1000
'IO iiliiii
'184 I 48
384 1248
'184 I 48
384 1248
'184 I 48

Yea

Y«a

Yea

No
Yea
1'ca

Yea

Yca

Yea

Yca

Yea

No
Vo
No
Yea

I 46ie 001
117 1 18 il 06

271e 036
I 8o 12 P0% ll 11

0 83 2 00 ii ll
Il 77 2 80% ll 11

071 268% 01
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From Ihc table 2, 11 can bc scen that thc proposed PCNct

achieves competitive accuracy and higher speed compared
with other methods. Row live shows Ihc miportance of
pretrain Roivs six to eight show the efi'ectiveness of SVV

strucIU1c.
IJICI 0 illustrates gnsph on the result of cmnparison

between PCNet and other method according to an exemplary
embodiment of present disclosure liroin the intuitive con&-

parison betiieen PCNet and other stereo depth estimation
I 1 1

methodhe it cun bc concluded that thc proposed PCNct
(marked by cross) gains better Error Rate compared with
GANct-le DispNCI, and Toast. Thc proposnl PCNct has
similar Ilrror rate but higher speed coinpared with (iANet-
15.

'lite following table 3 is the coinparison of (ilil OVS and
parameter between PCNet and CIANet. Index of CiFLOPS Js

the computation cost of the netw:ork and index of parameter
is the size of the network. According to the two indexes, the
proposed PCNct has smaller size compared wt(IJ GANcl. Jo

That is why PCNet achieves higher speed.

'I'AIII li 3

I Ieiacd

Gxbct-I
PCI ct

(,I:tops

I I iu
116

pueaetet

6 SS".vi

1 66vi

IJICI 9 illustrates the predicted depth of V('Net on KI'I'I'I
2015 iLstaset I'he upper row is original iinage 'I'he niiddle
row is the predicted depth (yellow, green red and blue mean
the distance from small to large). The lower row is the
dilli rcncc between thc predicted depth cstmuuion;uid labels is
(thc cooler color is bcucr)

llic presnit disclosure also provides a dcvicc for 3D
object detection, as shown in lil(i 10. 'I'he device 1000
comprises a fused image generation unit 1010. a share
network isith feature unmixing (SNFU) 1020. a prediction do

unit 1030, and optional an object detemiination iuur 1040.
llic fused unagc gcncrauon unit 1010 is nmligurcd to

generate onc or morc fused uua ca based on a pair of
images, Ihc pair of unagcs including a Icll view unagc and
a right viev image, obtained front a stereo camera 1001, e g
nvo still image cameras or tw:o video cameras. 'Ihe fused
images are genemsted by concatenatin the channels of the
left and riptt view images along respective channel dimen-
sions.

llic SNFU 1020, as thc maui network structure of Ihc o

device. compnscs a single backbone nctv ork 1021 conlig-
ured to extract one or more fused features from the pair of
images and a feature unmixing sub-network 1022 contigured
to umnix the fiised features to a left view-aware feature and
a right view-sware feature. The feature urunixing sub- . 1

network 1022 further ntmpnscs SFUM 1023 and CJFUM
1024. Thc detail structures of the backbone Bc(worl 1021
and the SFUM 1023 mid GFUM 1024 arc described above
with reference to the framework in (el(i 2, where the SIJUM
1023 has a first multiplication sub-unit to perform the ao

element-wise multiplication opemstion 416a and/or 4166 in
FICI. 4A, and the CiFUM 1024 has a second multiplication
sub-unit Io pcrfonn Ihc clement-wise multiplication opera-
tion 424a and/or 4246 in FICi. 413.

llic prcdicuon unit 1030 ts ntntigurcd Io predict thc 3D as
object based on the left view-aware feature and the nght
vieiv-av are feature

Thc opuoiial obliut dctcnmnation unit 1040 ts further
confi ured to determine spatial features of the predicted 3D
oblcct. In an cmbodimcnt. IIJC oblcct dctcmnnation uiut
1040 is further configured as a V('Net structure coinprising
a Fcaturc extraction sub-network 1041, a PC module 1042.
a refinement module 1043, and a tnsnsformation module
1044.

('omparing with previous bmocular based 3D object
detection solutions, the proposed 3D object detection with
sliarc network of SNFU according to embodnnnit of present
disclosure has the folloivin advantages.

In thc 3D object dc(ection with SNFU, only a sharc
backbone network is used for feature extraction of paired
unagcs, WIJJCIJ JS lllUCh tnotc Clhclctlt tllall ddoptlllg Iwo
networks thr feature extraction Such architecture of single
bacl bone network can dramatically reduce the computation
complexity and improve Jhe detection etficiency. which
promotes the practical application of stereo vision. Features
for left view and nght view images are uitcractcd ui Ihc
bacl bone network and separated by using SFUM and
GFUM. Tlus mixhimism guarantees thc view-aware prcdic-
tion and accurate detection performance

In addition, the 3D object detection with SN!JU can be
developed into nnilti-vieiv system in which several paired
ima es are processed sinniltaneously. The sliare network of
SNFU can effectively control the computation complexity.
while previous method, especially thc two-strewn ncuvork
scheme, will double and redouble the computation complex-
ity lmearly

lturthermore, the VCNet proposed by the exempLsry
embodinient of present disclosure can achieve the competi-
tive performance on accuracy and htch speed simultane-
ously when predicting the depth of the 3D object, so as to
achicvc bc(ter pcrfornumcc in Ihc autonomous driving sys-
tCIIJ

FICi 11 illustrates a computer system, apparatus or device
1100 upon which an exeinplary embodiment of the disclo-
sure can be implemented. Although computer system 1100
is depicted with respect to a particular device or equipment.
it Js contemplated that other devices or equipment (e...
network clcmcnts, scrvcrs. etc.) w itlun FICi 11 can deploy
thc illustrated hardware and components of system 1100.
Computer system 1100 is designed and ts progranuncd (c.g..
via coniputer program code or instnictions) for decentralized
trust evaluation in a distributed network as described herein
and includes a conununication mechanism such as a bus
1110 for passing information between other internal and
ex(coral componcnm of Ihc computer system 1100. Inlor-
tlliltlon (illso cdlhxl datil) Is tcplcsc'lltcd as a pll)'steal cxptcs-
ston of a mcasurablc phcnomcnon, typically clcctnc volt-
ages, but including, in other embodiments, such phenomena
as niagnetic, electroma netic. pressure, chemical, biologi-
cal. molecular. atomic, sub-atomic and quantum interac-
tions. Computer system 1100. or a portion thereof. consti-
IUICS a lllcdlls fot pet fo11lltlig otic or tllorc steps ol sccUrltv
and trust tecluiologiea and solufions tn virtu elided networks.
Thc computer system. apparatus or device 1100 can bc, cdn
be miplemented in, can be embedded m. can be comrnuni-
catively attached to, can be communicatively connected to,
for example, a vehicle, a vehicle electronic control unit
(ECU). a mobile phone, a mobile communication device. a
gatnc dcvtcc, a slllilrt ghlsscs, il cdlllcra clctllclll. a video
camera, a still image camera, a pcrsooal ntmputcr, a service
dcvtcc. or any combination Ihcrntf.

A bus 1110 includes one or more parallel conductors of
information so that information is tnsnsferred quickly ainong
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devices coupled to thc bus 1110. Onc or morc processors
and/or circuitries 1102 for processing infomlation are
coupled with the bus 1110.

'lhe stereo camera to capture the pair of the vielv inlages
can bc dircc(ly minnim(ed Io the bus 1110 so as Ui transfer thc
vielv images to other devices coupled to the bus lllfi
Alternatively, the stereo camera can also communicare with
the computer system, apparatus or device (100 via the
communication interface 1170 as described below.

iil
A processor 1102 pcrfonns 9 sct ol operations on inlbr-

mation as specified by computer program code related to the
dcmcntralized trust evaluanon in 9 distnbu(cd netv,ork as
described herein. 'I'he computer program code is a set of
f1911 UCIIOIIS Or SIBU:lllcnm plovldlll lllSIIUCIUUIS for IEC

operation of the processor and/or the coinputer system to
perform specified functions The code, for example. can be
written in a computer programming lanauage that is con&-

piled into a native instruction set of the processor. The code
can also bc wnt(ml ihrcctly using Ihc iri(ivc uls(ruc(ion sc( lo
(e.g.. a machine language). The set of opemtions include
bnnging infonnanon in from the bus 1110 and placing
information on the bus 1(10. 'I'he set of operations also
typically include comparing nvo or more units of informa-
tion, shifting positions of units of information. and conlbin-
in two or more units of infomlation, such as by addition or
multiplication or logical operations like OR, exclusive OR
(XOR). Bnd AND. Each opera(ion of Ihc sc( ol'peratlolls
tha( cml bc perl'onncd by thc processor is rcprcscn(ed to thc
pmcessor by infiirmation called instmctions, such as an ia
operation code of one or more digits A sequence of opera-
tions Io be executed by the processor 1102, such as B

sequence of operation codes, constitute processor instruc-
tions. also called computer system instnlctions or, simply,
computer ins(rucuons. Processors cml bc implmncntcd ils 31

mechaiucal. elec(ncal, magnetic, op(ical, chcnucal or qu;ul-
tum components, among o(hers, alone or m combination

As used in this application, the term circuitry may refer to
one or more or all of the follow:ing
(a) hardware-only circuit implementations (such as irnple- SII

mentations in only analog and/or di ital circuitry) and
(b) combuulfions ol'lrardwarc circui(9 and sofiwlirc, SUch ils

(as apphcablc).
(I) a combination of analog

and 

'or ifgi nil hardware circuit(s)
lvith sofhvare/firmware and 9

(ii) any portions of hardware processor(s) v ith softv are
(includin di ital signal processor(s)). Sof(ware, and
memory(ies) that worl together to cause an apparatus,
such as a mobile phone or server, to perliinn various
hlllCnollS) alai C

(c) haldwalc CIICUII(s) alai or ploccssor(9). slick Bs 9 lnlcro-
processor(s) or a portion of a micniprocessor(~ ). that
requires sofiware (e g., firrmvare) for operation, but the
software may not be present when it is not needed for
operation.** . 1

This definition of cirmntry apphcs Io all uses ol'ins tenn in
th19 BppllCB(loll, UIClUdlllg nl Bll)'lann9. AS 11 fUIfhCI
cxmnplc. as used in Ibis application, Ihc term circui(ry
also covers an implementation of merely a hardv are
circuit or processor (or nndtiple processors) or portion of sa

a hardware circuit or processor and its (or their) accom-
panying software and/or firmware. The tenn circuitry also
covers, for cxtunplc and if apphcablc Io Ihc par(icular
claim elemcn(, 9 baseband ul(cgralcd circui( or processor
in(egra(ed circui( for a mobile dcvicc or 9 sumlar intc- si
grated circuit in server. a cellular network device. Or other
coluputllig or Ilctivoi'k device

Computer sys(cm 1100 also ulcludcs a mcnxiry 1104
coupled to bus 1110. The memory 1104. such as a random
access memory (RAM) or o(hcr dynamic s(oragc dcvicc.
stores intiimlation includin pmcessor instructions fbr
dimcntrahzcd (rus( claluation in u distnbu(cd network as
described herein Dynamic memory allows information
stored therein to be changed by the computer system 1100.
RAM allows a unit of information stored at a location called
a memory address to be stored and retrieved independently
of ullbrmation a( neighboring addresses. The memory 1104
is also used by the processor 1102 to store temporary values
dunng execution ol'rocessor ulstruc(iona Thc computer
system 1100 also includes a read only memory (ROM) 1(06
or other s(a(ic 9(oragc dcvicc coupled Io the bus 1110 for
stonng static infomiation. including instructions, that is not
changed by the computer system 1100 Some memory is
composed of volatile storage that loses the information
stored thereon when power is lost. Also coupled to bus 1110
Is a non-vole(ilc (pcrsistcn() storage device 1108. such as 9

magnetic disk, optical disk or flash card, for storing infor-
mation. including ntstrucfions. Iha( persia(s cvml when Ihc
colnputct'vstciu I (00 19 furlled ofi or othcfwlsc losc9
power.

Infornlatimi. including instnictions fiir decentralized trust
cvalua(ion in a disuibutcd network us dcscnbcd hcrcin, is
pmvided to the bus 1110 for use by the processor froni an
external input device 1112. such as a keyboard containin
alphamuneric keys operated by a human user, or a sensor
Other external devices coupled to bus 1110, used primarily
for intcractulg w i(h humans. ulcludc 9 display dcvicc 1114.
such as a cathode ray tube (CRT) or a liquid crystal display
(LCD), or plasma scrccn or printer for prcsenung text or
inlages, and a pointing device 1116. Such as a mouse or a
trackball or cursor dirccuon keys, or mouon sensor, lor
colltrolhng a position of a sinall cursor inlage presented on
the display 1114 and issuin coimnands associated with
graphical elements presented on the display (1(4 In some
embodiments. for example. in embodiments in which the
computer sys(cm 1100 performs all funcuons automatically
v ithout Inuuan input. one or more of external input device
1112. display devwc 1114 and poulting device 1116 is
omitted.

In the illustrated embodiment, special purpose lmrdware,
such as an application specific integrated circuit (ASI(')
1120. Is coupled to bus 1110. The special purpose hardware
is configured to perform operations not performed by pro-
cessor 1102 quickly enough for special purposes. Examples
ofapplication spccilic ICs include graphics accclcra(or cards
for gcncranng images for display 1114, cryptograplnc
boards for encr)pting and deci)pthtg messages sent over a
network, speech recognition. and interfaces to special exter-
nal devices. such as robotic arms and medical scaiufin
equipment that repeatedly perform some complex sequence
of operations that arc morc cfiicicn(ly implmncnted ul hard-
ware.

Thc uru(9 ul dcvicc 1000 of FIG. 10 can be stored in Ihc
read only memory 1106, or the storage device 1108 as
fiulction nmdules comprising sets of iilstructions m form of
computer program codes, such as software, fimlv are, and/or
colllfimation thereof. These function modules are read into
memory 1104 and cxcmutcd by thc processor 1102 to per-
form Ilm corresponding funcuonahtics as mcnnoncd above.
Thc cxccu(iona of Ihcsc func(ion modules can also bc
performed in the ASI( (120 for its greater openltional
performance tiir special purpose. During the training process
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for the network. thc user can also input thc traimng datu sct
and modif) the training parameters via the input device
1112.

(:omputer system 1100 also includes one or ntore
instances 01'a communications interface 1170 coupled to bus
1110 ('ommunication interface 117t) provides a one-way or
nvo-way cot)limit(i(cat(oil coilpllilg to a v'Iricty of cxicrtial
devices that opemte with their oivn processors, such as
printers, scanners Bnd external dial s. In geneml. Ihe cou-

I i i

pluig is with a network liuk that Is connected (0 a local
network to which a variety of external devices with their
own processors arc conncctixl. For cximiplc, conununication
interface 1170 can be a parallel port or a serial port or B

unn crsal serial bus (USE) port on a personal computer In
some embodiments, conimunications interface 1170 is an
integrated service di ital netv ork (ISDN) card or B di ital
subscriber line (DSI ) card or a telephone nxidmn that
provides an information conununication connection to a
corrcsponduig type of telephone lute. In some cmbodunmits, Io
a conununication interface 1170 is a cable modem that
corn crts signals on bus 1110 into signals Ior a conunumca-
tion connection over a coaxial cable or into optical signals
for a communication connection over a fiber optic cable As
another example, comntunications interface 1170 can be B

local area network (LAN) card to provide a data conununi-
cation connection to a compatible LAN, such as Ethernet.
Wirclcss links can also be Implcmcntcd. For wirclcss lutks,
the conmiumcduons uttcrfacc 1170 sends or rcxcivcs or both
sends a(Id receives electrical, acoustic or electrontagnetic
signals. including infrared and optical signals, that carry
information streams. such as digital data I'or example. in
wireless handheld devices, such as mobile telephones lil e
cell phones. the conununication interface 1170 includes a
radio bmtd clcctromd nctic transmitter and rcccivcr called a Ii
radio transceiver In ccrtaui cmbodimcnts, thc conunumca-
tion uitcrfacc 1170 enables coiuiccuon to virtualizcd net-
works for decentmlized trust evaluation in a distributed
netivork as described herein

The term "computer-reacable medium** as used herein do

refers to any medium that participates in providing infor-
mauon to processor 1102, uicluduig instructions for execu-
tion. Such a mcihum cmi take mmiy fomis, including, but not
llllll(Cd (0 Colllpil(CI-rwsdablC StoragC IIICdlillil (O.g., Iioil-
volatile media, volatile media), and tmnsmission media
Non-transitory media, such as non-I otatite inedia, include,
for example, optical or macnetic disks. such Bs stomge
device 1108 Volatile media include, for example, dynamic
memory 704. Trmismission ntcxha mcludc, Ibr cx nnplc,
coaxial cables, copper wire, liber opuc cables, and carrier 0

waves that travel tluough space without wires or cublcs,
such as acoustic waves and electroniagnetic waves. includ-
ing radio, optical and infrared waves Sianals include ntan-
made transient variations in amplitude, Ibequency, phase,
polarization or other physical properties transmitted tluough . s

the transnussion mciha. Conunon Iiirms ol computer-read-
able media include, I'or cxamplc, a fioppy disk, a Ilcxiblc
disk. hurd disk, magncuc tape, any other magncuc mcdnun,
a CD-I&0M, ('l)RW, I)VI). any other optical niedium, punch
cards. paper tape, optical mark sheets, any other physical SU

medium i( ith patterns of holes or other optically recogniz-
able indicia, a RAM. a PROM, an EPROM, n FLASH-
EPROM, any other memory clup or cartndgc, a carncr
O'BVC. Or BIIV 0(IICI IIICdlUlll ftolll WIIICII a Conlpilu:I CJII ICJd.
Thc tenn computer-readable stora c mcibum Is used hcrmn si
to refer to any computer-readable niediuin except transnus-
sion media

Logic cncodcd in onc or morc tangible media includes
one or both of processor instructions on a computer-readable
stonsge media and special purpose lmrdware. such asASI('120.

At least some embodiments of the disclosure are related
to the use of the computer system or apparatus 1100 for
unplcmcnting some or all of thc tcchniqucs dcscmbixl
hcrmn. According (o one rsnboduncnt of thc disclosure.
those techniques are per fiimied by computer systenn 1100 in
response to one or more processors 1102 executing one or
more sequences of one or more processor instmctions con-
tained In one or more memories 1104. Such instructions.
also called computer instnictions, sofiiiare and progmm
code. cmi be read into memory 1104 from miothcr computer-
rcadablc mcdnim suCh as s(oragc device 1108 or ncnvork
link I txecutimi of the sequences of instnictions contained in
meniory 1104 are configured to cause processor 1102 to
perform one or more of the method steps described herein
In alternative embodiments, hardware. such as ASIC 1120.
can be used in place of or in combination with software to
llllplolllctlt the lllvclltliill. Tllils, clllbodllilcilm 01 tllc Illvcti-
tion arc not hmitcd to any spccilic combination of hardware
and softv sre, unless otherv ise explicitly stated herein

Some example embodiments of the disclosure relating, to
the computer system or apparatus 1100 can be implemented
in a system. an apparatus or a device comprising at least one
processor. and at least one memory including computer
progldlll Code. (llo ilt ICBS( OIIC IIICIllorv dlld tllC COIIlpUIOI

program code conligurcd to, with thc at least onc processor.
cmise the apparatus at least to perform the various functions
as described relating to the I'I(ig (-5. 7 and 10

I'he signals transinitted over network link and other
networks through conununications interface 1170, carry
information to and from computer system 1100 Computer
system 1100 can send mid rcceivc uiformation, uicluibng
progldlll CodC, tllioilgll (IIC IIC(W OrkS, (IIIOUgll ColllllltiiliCB-
tions uitcrfacc 1170. Thc recco cd code can be execu(cd by
pmcessor 1102 as it is received. or can be stored in nieinory
1104 or in storage device 1108 or other non-volatile storage
for later execution. or both. In this manner. computer system
1100 can obtain application pro~am code in the form of
slgllillS Oil B CIIIIICI WIIVC.

Thc present disclosure includes any novel frxiturc or
combmation ol'ce(urea disclosed hcrcin cithcr cxphcitly or
any generalization thereof Various modifications and adap-
tations to the foregoing exemplary embodiments of this
disclosure can become apparent to those skilled in the
relevant arts in vieiv of the fiiregoing descnption, when read
Ill CollfilllC(ioii Willi tho BCCOIllpailvlllg ilraWlllgS. HOWCVCB

any and all modifies(iona will still Ibll within thc scope of
thc non-linutuig and exemplary cmboduncnts ol'his disclo-
sure

Wlmt is claimed is
I A method, comprising:
generatin one or more fused images based on a pair of

images, thc pair of images includutg a lcfi view llllJ c
Slid d right VIOW llllBgC;

extracting one or morc fusixl fbdturcs from thc fusixl
images by a single backbone network;

unnnxing the fused features to a left view-aware feature
and a right view-aiv are feature:

predicting a 3D object based on the left view-aware
fixitilrc tllld tllc figllt view-dwarc fba(UIC, Blld

dctcnniiung onc or morc spaual fi:aturcs of thc predicted
3D oblixt.

2 1 he method according to claim 1. wherein the pair of
the images is obtained by a stereo camera



23
US 12,347,177 B2

24
3. The method according lo claun 1, whcrcui gcncmling

the one or more fused images based on the pair of the images
Iurlhcr conipriscs.

generating the one or niore fused images by concatenating
lhc channels of thc lcll and right vicv tnlagca Blong
respective clmnnel dimensions.

4. The method according to claim 1, wherein the back-
bone netv ork comprises an input coin olutional block and
one or more downsampling convolutional block which are

I itconmxlcd in sequence, the uiput convolutioiud block being
configured to receive the fused images. the downsamplin
corn olunonal block. each of wluch comprises al least onc
convolutional layer, being configured to generate fused
Ii:Blurcs composing unagc features with dillcrcnl spahal
sixes

5. The method according to claim 1. wherein unmixin
the Iiised features to the left view-aware feature and the ught
view-sv are feature further comprises;

gcncralmg left nulial view-aware li:Biurcs and ughl inihal m
view-ail are features based on the fused features; and

gcncralmg lcfi view -aware fiaiturcs mid right vmw-aware
features based on the left initial left viev -aware fea-
tures and Ihc nght initial view-aware fi:ahuca.

6 'I he method according to claim 3, wherein generating
the lefi uutial view-aware features aixl thc ughl initial
vieiv-av are features based on the fused features hirther
comprises:

extracting global stre image features from the fused
features by a global average pooling operation and full
colts oliilion opcrBlions, Bnd

generating the left initial view-aware features and the
right iruual vtcss -aware features by rcv ctptung ddlbr-
ent channels of the global size iniage features

'7. The method according lo claun 5, whcrcui gcncmling
the left viev -aware features and the right view-av are fea-
tures based on the left initial left view-aware features and the
right initial view-aware features further comprises

doiwlsamplin the left and nght view ima es according to so
thc spatial siscs of lhc image li:Bturcs ol'hc fused
feamres. respectively:

gcncralmg spanal posiuon uiliirmalion fiir Ihc 3D object
hl lhc left Bnd right view images rcspccnvcl)', Jnd

generating the left and right view-aware features, based
on the spatial position mfiirmation for the 3D object in
the lefi view image and the right view image. Bnd the
left ilutial vieii-aware features and the right initial
stew-aware fi:Blurcs. respectively.

8. The method accorihng lo claim '7, whcrcui, o

Ihc left View-aware features arc gcncralcd by clcmcnl-
wise multiplying the spatial position infiinnation for
lhe 3I) oblect in the left view image by the left view
uua', alxl

the rjgtt view-sv are features are genemted by element- . 1

wise nnilhplying Ihc spatial position mfiirmation Ihr
thc 3D object in Ihc nghl view uuagc by Ihc right view
unagc.

9 'I he method according to claim 1, wherein the one or
more spatial features of the 3D object coniprise a height. a sa

width. and a depth of the 3D object. deteuninin spatial
features of the predicted 3D object further comprises:

dclennining thc depth of thc3D oblccl basixt on lhc hei ht
and thc wulth ol'he 3D object prcdtctixt in thc lcfi and
right vice unagcs. as

ill. I'he method according to claini I, wherein the 3I)
object detection is impleniented in a vehicle

11. Thc method according lo clmm 1, whcrcui lhc 3D
object detection is implemented in a mobile conununication
dcvicc

12. An apparatus comprising,
al lixisl one processor. Bnd

at least one memory storing instructions that, when
executed by the at least one processor, cause the
apparatus at least to
enerate one or more fused images based on a pair of

images. Ihc pair of inuigcs uicluduig a left view
image and a right view image;

extract one or morc fused liwturcs from Ihc pair ol
images and a feature unmixmg sub-network conhg-
urcd Io linnux Ihc Irised li aturiw lo B Icll view-Bw Jic
feature and a right view-aware feature:

predict a 3D object based on the left viev -aware feature
and the right vieiv-aivare feature: and

determine one or more spatial features of the predicted
3D object.

13. The device accordin to claim 12, wherein the paired
of images is obtained by a buiocular unaging unit.

14. I'he device according to claim 1Z, further caused to
gcncratc Ihc fused images by concatcoahng Ihc channels of
the left and right view images along respective channel
dimensions.

15. 1 he device according lo claim 12, ivherein the back-
bone network comprises an input convolutional blocl and
one or nmre downsampling convolutional block which are
connected in sequence, the input convolutional block bein
conligurcd to rcccivc lhc fused images, the onc or morc
downsampling convolutional block, each of which com-
poses al least onc convolutional layer, bmng configured lo
generate fused features comprismg image features ivith
dillcri:nl spBnill sixes.

16. 'Ihe device according to claim IZ. further caused to
generate left initial view-aware features and right initial

view-av'sre features based on the fused features; and
generate left view-aware features and right view-aware

fi:aturcs baaed on Ihc left iniual lcfi view-aware fea-
tures and the right initial view-aware feature~.

17. Thc device according lo claim 16, I'urthcr caused lo
clement-wise nudtiply thc lobal size image fiaiturcs by Ihc
fused features, respectively, to reweight the different chan-
nels of the global size image features

18. The device accordin to claim 12. fiuther caused to:
dov nsample the left and rjptt view Images according to

lhc spBliill arses ol lhc uuagc Icahirca ol lhc Iusixl
fi:aturcs, rcspccui cly,

gcucralc spatial position inlonnatiou for thc 3D oblccl in
the lefi and right view inmges respectively; and

genenste the left and right view-aware features based on
the spatial position information for the 3D object in the
left and right vieiv ima e and the left imtial view-aware
fi:aturcs and lhc nghl irulial view-aware features.
rcspcclivcly.

19. 111c device accorduig to claim 18, further caused to.
element-wise multiply the spatial position information fiir

the 3D object in the lef'tview image by the left view
image to generate the left view-aware features: and

element-wise multiply the spatial position infounation for
thc 3D object in thc nJtl 1 iew image by the right view
image lo gcncralc lhc right view-aware fi:aturcs.

20. llic device accorduig to claim 12, ss hcrmn lhc onc or
more spatial features of the 3D object comprise a height, a
width, and a depth of the 3D object, fiirther configured to
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dctcrminc thc depth of the 3D obfect bused on the height and
the width of the 3 I) obl act predicted in the left and rigid view
images

2l. 'I'he device according to claim I 2, further caused to
extract feature maps of the left and right view images

from the left and right view ima es;
gcncratc a coarse ihsparity based on thc clraiuicls of thc

fi:aturc maps of thc left mid right view images.
refine the coarse disparity to a fine disparity: and
transform the fine disparity to the depth of the 3D object. io

22. A non-tninsitory computer-readable medium cmnpns-
in instnictions iihich. when executed by an apparatus,
cause the apparatus to perform at least the following

gcncratmg one or morc fused unagcs bascxl on a pair of
llllagcs, tile pals of lillagcs illcltitllil d icll view lllitigc is
and a right view image:
extracting one or niore fused features from the fused

images by a single backbone network;
unmixing the fused features to a lefi view-aware feature

and a right view-aware feature; io
prcdictuig thc 3D obfcct based on thc lait view -aware

feature and thc nght view-aware Icuturc: and
determining one or more spatial features of the pre-

dicted 3I) object
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