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(5 /) ABSTRACT

An apparatus lor objcci dctcction around a vehicle includes
an imaguig dcvicc mounted on thc 1 etucle Bnd a computulg
device 1'he inmging device is used to capture a video of an
exterior envimnment of the vehicle 'Ihe coniputing device
is used to execute a DSFPN nlodule m order to provide a
DSFPN model detector, wluch functions as a perception unit
to process and analyze the video captured by the imagin
device Blld to cstllnate a scdlc. ti locBtloll slid cdtcgoncs ol
an object. Thc DSFPN moilcl detector includes a bottom-up
sllbllct plovldcd w'nll Boxllltliy prixhinloll heads, Blld B

top-down subnet provided ivith prediction heads When the
13811PN model detector is performed in a model training
stage. both the prediction heads and the auxiliary prediction
heads are used. In a detection stage. only the prediction
heads are used in thc DSFPN model detector, mid thc
auxiliary prediction heads arc removed.

ZO Claims, 8 Drawing Sheets
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US 11,1

1

APPARATUS, SYSTEM AND METHOD FOR
OBJECT DETECTION AROUND VEHICLE

AND APPLICATION OF SAME

FIELD OF THE INVENTION

llic present uiveulion rclalcs generally lo aruticial uilcl-
li ence, and more particularly to an apparatu~, system and
method fiir object detection around a vehicle and applica-
tions of the same.

13ACK(rROUNI) Oli II II I INVI',N'I'ION

The background description provided herein is for the
purpose of generally presenting the context of the present
invention. The subject matter discussed in the background of
thc inn mttion section should not be assumed to be puor art
mcrcly as a result of its menuon in the background of the
invention section. Similarly. a pmblem mentioned in the
background of the inventiim section or associated with the
subject matter of the back@Cond of the invention section
should not be assumed to have been previously recognized
in the prior art The subject matter in the bacl ground of the
invmtiion section mcrcly represents difii:rani approaches,
wluch ui and of thmnsclvcs may alsu be mvcntioiuc

Object detection around the vehicle is an important and
gmwing held of technology for vehicle safety. 13y the use of
a video cantera mounted on a moving vehicle. video signals
can be analyzed by computer vision techniques to provide
advanced driver assistance and potentially life-saving sup-
port to the vehicle operator.

Following thc nse of dimp Icanung ui computer vision,
object detection has been greatly advanced in recent years.
Numerous deep learning detectors are proposed and achieve
pmmising results on the large-scale benchinark Microsoft
('ommon Objects in Context (COCO) and autonomous
driving dataset BDD100k. However. despite the excellent
pcrfornumce Smug oblautcd, thc potential of Ihe deep leam-
ing dco:clors has not bcmi fully explored.

'therefore. a heretofore unaddressed need exists in the art
to address the aforementiimed deficiencies and inadequa-
cies

SUMICLARY OF THE INVENTION

'Ihe present invention relates to an appanstus, system and
method for object detection around a vehicle. and applica-
tion of the same. Specifically. the apparatus utilizes a dually
superi ised fcaturc pyramal network (DSFPN) model detec-
tor. in which thc bouom-up subnet is provided with multiple
additional mixiluiry prcihction heads, wluch may be usust in
the niodel training stage In the detection stage. the auxihary
prediction heads ntay be removed. thus reducing the extra
coniputational cost for model inference.

In one aspect of the invention, an apparatus for object
ih:Iccliou tlioiiiiil a vi:hiclc ulcluilu's. Ilil tulagiiig dcvicc
mounted on the vehicle. conligured tu capture a video of an
i:stertor i:uvtroiliucill of lhc vi:hiclc, whcii:ul lhc vidoo is
fiirmed by a plurality of image frames; and a computing
device bavin a processor and a storage device storing
computer executable Instnictions. wherein the computer
executable instnictions comprise a dually supervised feature
pyramid network (DSFPN) module that. when being
cxcculed by the processor. causes Ihe pmccssor lo provide a
DSFPN model dctcctor to process and imalyze the video
captured by the imagmg device and to estimate a scale. a
location and categories of at least one object. In certain

76,3)(4 Bl

mubodunents, thc DSFPN model dctcctor composes a but-
tom-up subnet provided ivith a plurality of auxiliary predic-
tion heads, and a top-down subnet provided with a plurality
of prediction heads The l)SIIPN model detector is per-
formed in a model training stage and a detection stage. Both
the prediction heads and the auxiliary prediction heads are
used in the model trainuig stage. and the prcdiction heads are
used mid thc auxihary prcdicuon heads arc rcutovixi ui Ihe
detection stage.

in In one embodiment, the ima ing device is a camens iii'111

intage arrav sensor unit
In one embodiment. each of the auxiliary prediction heads

and the prediction heads comprise detection heads, and the
DSFPN module composes. a fi:ature extraction module.
contigurcd lo provide a scl of convolutional networks Ibrm-
ing the bottom-up subnet and the top-doivn subnet, and to
generate, by the set of convolutional networks, a plurality of
levels of features by an inherent hierarchy front the image
frames of the video; an object hypothesis enemtion mod-

zo ule. configured to genemte the scale and the location of the
at least onc object basnl on Ihc lcvcls ol features represent uxt

by a plurality ol'lass-a~toslic bounding boxes: and an
object detection and seg)nentation module, configured to
predict the categories of the at least one object in the
bounding boxes, to refine the scale and the locatiim of the at
least one object in the bounding boxes. and to estimate
extension of the at least one object.

In onc cmbodimcnt. the detection heads of thc auxiliary
prcdiction heads arc D'„,(I „„, B„), and thc detection heads

io of the prediction heads are I) „,(I „i. 131), wherein 13„repre-
sents the bounding boxes of a k-th level of the levels of
features, and f'epresents feanire maps of the k-th level of
the levels of features; wherein in the model training stage. a
predicted detection of the at least one object is:

is
D (iy* iys,ii I- . Lil

and in the detection stage. the predicted detection of the
at least one object is:

D ~iiy* I' . 11)
so

In one embodiment. each of the auxiliary prediction heads
and the prediction heads further comprise segmentation
heads. and the extension of the at least one object estimated
by lhc oblimt dctimuon and scgmcntatiou module comprises
scgmcntation ol'hc al least onc oblcc(

In one embodiment. Ihe seglncntafion heads of the aux-
iliary prediction heads are S „«(I w«131). and the segmen-
tation heads of the prediction heads are S w(t . 131). ivherein
Bk represents the bounding boxes of a k-th level of the levels

so of features. and I'epresents feature maps of the k-th level
of the Icvcls of Itxi lures. wherein in the model lrauung stage.
a prcdictcd segmentauon of the at least onc object is.

S=IS" «,.S'v, k=1 n . 1(i

and in thc dclimuon stage, the predicted scgmentauon of
thc at Icilst ouc object is.

S (S'Zk 12 0)

In one emboduncnt, the DSFPN model detector is two-
stage l)gl'PN detector conhgured to adopt a liaster Region-
based (.'onvolutional Neural Nenvork (R-('NN) algorithm or
a Mask-R-CNN al oritlun to perfomi dual supervision. In
one embodiment. the two-stage DSFPN detector is contig-
urcd to adopt thc Faster R-CNN, and a Iinal loss Ls„„ol'hc
two-stage DSFPN detector is:

L~.. I
—«,L,D, Du)s«+ID,DI'Iv«sk(S Siii+«,L
IS«SI).



wherein Da, and S,, represent ground trufii ol'correspond-
ing detectionsand segsmentation. L(D,') and L(S,') Bre detec-
non and scgnu:ntation loss I'unctions, snd OI, us, 0 0 ud are
weiahts for each loss

In onc cmbodunent, thc DSFPN model detector is multi-
sta e Dgl'PN detector configured to adopt a (:ascade
Re ion-based Convolutional Neural Network (R-CNN)
al orithm or a ('ascade Mask-R-( NN algoritlun to perforni
dual supervision. In one embodiment. the multi-stage
DSFPN dctcctor is conligurcd to adopt the Cascade R-CNN,
and a final loss L&„„7 of the multi-stage DSFPN detector is

7

7;„„,1= 777 7)„„ iiai+V 1 it„, )'0) + Ti (SI«. SI 7+f „ ilo „„71 l.

lvherein i represents an index of a plurality of prwiiction
stages on tlu: top-down subnet, T rcprcsents a total number
of the prediction stages. SI'epresents segtnentation predic-
tions at a last stage of the prediction stages. ST, represents
a corresponding ground truth of the last stage. and its
corresponding mund tnlth; Di represents detections Bt a
stage i oi the prixhction stages. Diw rcprcscnts a correspond-
ing ground tnlth at the stage i; L(D,') Bnd L(S.') are
detixuon and scgmentauon loss funclions: and iio iii. 03,
TIT, are weights of each prediction head.

Another aspect of the invention relates to B vehicle having
an object detection system. In which the object detection
system composes thc apparatus as dcscnbcd above.

In a yct another aspixt of the mvcntion, a method for
performin object detection around a vehicle includes pro-
viding, by executing a dually supervised feature pyramid
netivork (l)SI'PN) module on a computing device, a i)SFPN
model detector. wherein the DSFPN model detector com-
prises a bottom-up subnet provided with 0 plurahty of
auxiliary prixliction holds, and a top-down subnct provided
with d plurahty of prcdicuon heads, pcrfilmimg traming of
the Dgl'PN nlodel detector in a model training stage,
wherein both the prediction heads and the auxiliary predic-
tion heads are used in the model training stage: and per-
fonuing object detection ln a detection sts e using the
trained DSFPN model by: capturing, by Bn imaging device
mounted on thc vehicle, a video of an extcnor environment
ol'thc vehicle, and processing and analyzuig, by thc trained
DSIIPN model, the video to estimate a scale, a location and
categories of at least one object in the video, v herein the
prediction heads are used. and the auxiliary prediction heads
are removed in the detection stage.

A further aspect of the invention relates to a non-transi-
tory 1;mgible computer-readable mcxhum slonn computer
executable uistrucuons wluch, when cxccutcd by one or
more processors, cause the metliod as described above to be
performed.

'Iliese and other aspects of the present invention will
become apparent from the following description of the
preferred embodiments. tal en in conjunction lvith the fol-
lov;Ing draw figs, BlthoUgh vlulB(nuls Blxl nloihlicatlons
thcrcin mdy be afibctcd without dcparun from the spint and
scope of the novel concepts of the disclosure

BRIEF DESCRIPTION OF THE DRAWINGS

Thc Bcconlpanvnlg dldwlngs llhlsndtc linc ol nlorc
embodiments of the invention and, together ivith the written
description. serve to explain the principles of the invention.

Thc same refbrcncc numbers may bc used throughout thc
dmwings to refer to the same or like elements in the
embodiments.

lil(i I shows schematically an ovensll architecture of a
vcluclc having an apparatus for object detection accorduig to
one embodiment of the invention.

FICi. 2A shovvs schematically a computin device of the
apparatus for object detection accordmg to one embodiment
of the invention.

I I I

FICi 2B shoil s scicmancally a dually supcrviscd feature
pyramid network (DSFPN) module in the computing device
as shown ui FIG. 2A according to one emboihmcnt of thc
IIIVentlofl.

FICi 3 shou s schematically a DSFPN arclutccturc
according to one embodiment of the im ention

FICi 4 shows schematically a tv, o-stage DSFPN detector
adoptmg the liaster R-('NN architecture with the DSIIPN
according to one embodiment of the invention

FICi 5 shows schematically a multi-stage DSFPN dc(ac-
tor adopting the Cascade Mask R-CNN architecture with the
DSFPN according to onc mnbodimcnt ol'hc invention.

lil(i 6A shows schenlatically the stnlcture of detection
heads in a regular fbd1urc pyramid network (FPN) accorduig
to one embodinient of the invention.

FICi 6B shows schcnldncdllv'hc strnctUIc of dcicctlon
heads m the DSIIPN as shoivn in ill(i 3 according to one
embodiment of the invention.

lii(i 7 shows a fiolvchart of a method for performing
ill object detection around B vehicle accordin to one embodi-

ment of thc uivention.

DETAILED DESCRIPTION OF THE
INVENTION

I'he invention v,ill nolv be described more fully herein-
d lier vv lib Icfcrcncc 10 lhc Bcconlpanvulg drdvvlngs, hl which
exeniplary embodiments of the invention are show:n 'I)lie

«I invention may. hoivever, be embodied in many different
forms and should not be constnied as linlited to the embodi-
ments set forth herein. Rather, these embodunents are pro-
vided so that this im cntion will be thorough and complclc.
and v ill fully convey the scope of the invention to those
slollcd in the art. Like refcrcncc numerals rcfbr to like
elements thmughout.

The terms used in this specification genemslly have their
ordinary meanin s in the art„within the context of the
hlvcnllon, Bnd nl thc spcclilc context whore cBch tenn Is

o used. Certain terms that dre used lo dcscnbc lhc uivcntion
are discussed below, or clscwlmre in lhc spccilication, to
pmvide additional guidance to the practitioner regarding the
description of the iiwention. Iior convenience. certain terms
may be highiighted, for example using italics and/or quota-

i. tion marks. The use of highlighting has no inihlence on the
scope iuul nlcannlg of d (eral. thc scope Bnd nlwintng of il

tcml B thc sanlc, in thc sdnlc context, whclhcl or not 11 Is
highhghtcd. It will bc appreciated that same thing can bc
said in more than one lvay ('onsequently, alternative Lsn-

io guage and synonyms may be used forany one or more of the
terms discussed herein. nor is any special significance to be
placed upon whether or not a term is elaborated or discussed
herein. Synonyms for ccrtdui tenne arc provided A recital of
onc or morc synonyms docs not exclude lhc use of other

si synonyms. Thc usc of exmnplcs Bnynvhcrc in this spccilicd-
tion including exmuples of any terms discussed herein is
illustnstive only, and in no ivay limits the scope and meaning
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of lhc im nltlou or ol any exemplified lcrm. Likewise, thc
invention is not limited to various embodiments given In tlus
specification.

It will be understood that, as used in the description herein
dnd lluoughoul thc clauns thol I'ollow. Ihc meanulg of '*a",

"ml", and "the" includes plural reference unless the context
clearly dictates otherv ise. Also. it will be understood tint
when an element is referred to as being "on" another
element. it can be directly on the other element or interven-
ing elements may bc present thcrcbctw ccn. In contrast, when
an element is referred to as being "directly on" another
clcnlcuL lhcrc tile no uucrvcnulg clculcnls prcscnl. As usi'.d

herein. the term "and/or" includes any and all combinations
ol'nc or morc of thc associated haled gems.

It will be understood that, although the terms first. second,
third etc. may be used herein to describe various elements,
components, re iona, layers and/or sections, these elenlents,
components. regions„ layers and/or sections should not be
hnnled by these terms. Thcsc temls are only used to distin-
guish one element, component, region. layer or section from
another clnncnt, component, region, layer or sixnon. Tlnis,
a first element. component, region, layer or section dis-
cussed below could be tcrmixl a second elnnenl, component,
region, layer or section without departing fnlm the teachings
ol Ihc hivcnlion.

I'urthennore, relative terms, such as "loiver" or "bottom"
and 'upper" or "top,*'ay be used herein to describe one
element's relationship to another element as illustrated in the
figures. It will be understood that relative terms are intended
lo nlcompass dlllbrenl orientations of lhe dcvwe m adduion
to the orientation depicted ln the figutres. For exiunpl, if the
dcvlcc ul linc of lhc figiucs Is Iiinlcd iivcm cicuu:nls
described as being on the "lower" side of other elenlents
would then be oucnted on '*upper" sides of lhe other
elements. The exemplary tenn "klwer", can therefore,
encompasses both an orientation of "lower" and "upper.**

depending of the particular orientation of the figure. Simi-
larly, if the device in one of the figures is turned over,
clnuents descnbcd us '*below" or '*beneath" other elements
would then be oriented "above*'he other elements. The
exemplary terms "below" or "bnlcalh'* can. Ihercfbrc,
nlcompass boih an oncntalion ol'bove and below.

It will be further understood that the terins "comprises"
andior "comprising," or "includes'* and/or "including," or
"has" and/or "having", or "carry'* and/or "carrying.** or
"contain" and/or "contairung.'* or "involve" and/or "involv-
ing, and thc like urc to bc open-ended, I.e., lo mean including
bul not luniled to. Wlmn used in Qus invention, they specify
thc prcscncc 01 sldlixl li aluri's, 0:glous. Oucgcls, steps,
operations, elements. and/or components. but do not pre-
clude the presence or addition of one or Inure other features,
regions. integers„steps. operations, elements, components,
and/or groups thereof.

Unless olhcrwisc dclinixh all terms (mcludul tecluucal
dnd scienulic tenne) used hcrcul have thc same mcanin as
conuuonly understood by one ol'rdinary skill in lhc art to
which this invention belongs it will be fulther understood
that temls. such as those defined in conunonly used diction-
aries, should be interpreted as bavin a meaning that Is
consistent with their meaning in the context of the relevant
art dnd the present ulvnluou. and will noi be ulterprclcd In
dn ulciihdcil or ovcl'lv forulal si'nsc 10th:ss cxplissly so
definnl herein.

As used herein, the phrase at least one of A, B, and C
should be constmed to mean a klgical (A or l3 or C), using

a uon-cxcluslvc logical OR. As used herein, thc tenn "tmd/
or" includes any and all combinations of one or nlore of the
associated listed items

As used herein, the term module may refer to, be part of,
or include an Application Specific Integrated Circuit
(ASIC), an electronic circuiti a comblnational lo ic circuit;
a field programmablc gale array (FPGA), a processor
(shared. dcxhcatcd, or group) that cxccutes code, other
suitable hardkvare components that provide the described

10 functionality; or a combination of some or all of the above,
such as in a system-on-chip I'he term nlodule may include
memory (shared. dedicated. or group) that stores code
executed by the processor.

Thc tcmls chip or computer chip, as used hcrcin, gcncr-
ally rcfcrs to a hardware cleclromc component, and msy
refer to or include a small electronic circuit unit, also known
as an integrated circuit (I( ). Or a coulbiilation of electronic
circuits or ICs

As used herein, the tenn microcontroller unit or its
Io acronym MCU generally refers to 0 small computer on a

single IC chip thai c;m execute progrums for conlrollulg
other devices or macluncs. A microcontrollcr unit conlams
onc oi'rlilrc (IPUs (pi'occssol'ores) along wrth nlciuoiv 'lnd
pmgrammable input/output (I/O) periphemsls. and is usually
designed filr embedded applications

The teml interface, as used herein, generally refers to a
conununication tool or lneans at a point of intemlction
bclwixn components for pcrformulg wired or wirelcss data
conunulucatlon bnucen thc components. Gcncrally, sn

io interface nlay be applicable at the level of both hardware and
software, and may be iuli-directional or bi-directional inter-
face I ixamples of physical hardware mterface may include
electncal connectors. buses, ports, cables, terminals, and
other I/O devices or components. The components in com-

li municalion with lhe mlerlhcc may be, for cxmnple, multiple
components or pcuphcral dei Iccs of a computer system.

Thc lcml code, as used hernn, may include software,
firnnvare, and/or micmcode, and may refer to programs,
routines, functions, classes, antgor objects. Some or all code

do from nniltiple modules may be executed using a sin le
(shared) processor. In addition, some or all code from
multiple modules mdy bc stored by a single (allured)
memory Further. some or all code Ibom u single module msy
bc executcd using a group of processors. Morcovcr, some or
all code from a single nlodule may be stored using a gmup
of memories

The apparatuses and methods will be described in the
followul detailed description and illustrated in the accom-
panying drawings by venous blocks, components, circuits,

0 processes, algonlluns, clc. (collectively refi:rrcd to as "cle-
mente"). Thcsc elements mdy bc implcmentcd usulg elec-
tronic hardware, computer software. or any conlbination
thereof. Whether such elements are inlplenlented as hard-
ware or software depends upon the patticular application

s. and design constraints imposed on the ovems)I system. By
wdy'f cxilulplc, an clcmcnl, or any'otion ol an clculcnL
or auy combulatlon of elements may bc implcmcnted as a
"processing system** ihdi ulcludes one or morc processors.
I:xmnples ofprocessors include nucroprocessors. microcon-

io trollers, graphics processing units ((IPUS), central process-
in units (CPUs). application processors. digital signal pro-
cessors (DSPs). reduced instruictlon set computing (RISC)
processors. systems on d chip (SoC), baseband processors,
Iield progranuuable gale arrays (FP(IAs), progrdnuuable

si logic devices (PLDs), slate machines, gated logic, dlscrcie
hardware circuits, and other suitable hardware configured to
perform the various fiulctionality described thmughout this



disclosure. Onc or more processors ui Ihc proccssuig syslmn
may execute software Software shall be constmed bmadly
to mean instnictions. instruct&on sets, code. code segnlents,
pmgram code, progra&lls. subprogranis. Software compo-
nents. applications. software applications, software pack-
ages. routines. submutines, objects. executables. rhrends of
cxccuuon. procedures, funct&ons, clc., w helhcr rclbrred Io Bs

softwiinx lllulwdfc, 11&lddlciwale, lulcrocodc, hdldwBrc
description language. or othe&wise

Accordingly, &n one or more example embodiments. the
functions described may be unplemented in hardware. soft-
&yare, or any combination thereof. If implemented in sofi-
&vare, the hnictions may be stored on or encoded Bs one or
morc u&structions or code on a computer-readable mednim.
Computer-rcadablc media includes cumputcr storage mcxfia.
)tomge media nlay be any available media that can be
accessed by a computer Iiy &vay of example, and not
linlitation. such computer-readable media can comprise a
random-access memory (RAM), a read-only memory
(ROM). an electrically erasable progranunable ROM (EE-
PROM). optical d&sk storage, magnetic d&sk store e. other
magnc&&c storage dcv&ccs, combinations ol tim alorcmmi-
tioned types of computer-readable media. or any other
nledium that can be used to store computer executable code
in the form of instn&ctions or data stn&ctures that can be
accessed by a computer

The descnption below &s merely illustrative in nature and
is in no way &ntm&dcd Io hmit thc invent&on, its application,
or uses. illa broad tmchu&gs ol'he ulvcntion cml be unplc-
mented in a variety of forms. 'Ilierefore, while this invention
includes particular examples. the true scope of the invention
should not be so limited since other moditications w&ll

become apparent upon B study of the drawing~. the speci-
fication, and the following claims. For purposes of clanty,
thc same rcfcrcnce numbers w&ll bc used m Ihc drawings Io
idcntily s&miler elcmm&ts. It should bc understood &hat onc or
morc s&cq&s w&th&n u method may bc cxccuted m ddii:rent
order (or concurrently) without altering, the principles of the
invention.

As discussed above. numerous deep learniilg derectors
have been pmposed in recent years and have acl»eved
pronns&ng results. Iu gm&cml, Ihcsc dimp learnmg dcteclors
can be categonzcd uito two types. Une-stage model and
Iwo-stage model Comparcxt w&th one-stage approaches,
two-stage detection models usually include three compo-
nents backbone network, region proposal head and den x-
tion head. Ciiven oblect proposal~. a feature pyramid archi-
tecture such as the feature pyramid networl (FPN) is often
adopted as the backbone network ui Ihc lwo-siege dc&colors.
Afier that. a detect&on head &s auached to Ihc backbone &n a
lateral co&ulcc& manner for ach&cving oblect locdiizalion and
classihcation. As a natumsl extension, this framework has
also been v idely util&zed fbr instance seg&neo&ation by
adding seknnentation heads.

Despite excellent performance obtained by this pyramid
drclutccture, its potm&I&al has not been fully cxplorcik owing
Io Ihc uisullicient util&znt&on of supcrvis&on infi&nnation. Thc
IcdSO&ls IOI Ihc ll&SUIEC&C&lt Util&Zdtli&11 Call bC SullllniirIZI'.d
into two aspects gradient degradation in feature pyramid
and task inconsistency in detection head In particular, the
feature pymlmid arch&tecture is composed of Iwo compo-
nents: B bottom-up subnet and a top-down subner. The
pred&c&&on heads are mounted on Iop-down subnct. Tins may
lead Io the &nadcquatc Irduung of bouom-up subnct due to
thc prcscncc of grad&cnts dcgmita&&on. Consequen&ly. the
top-down feature pyranud, which is composed of features
fmm bottom-up counterpart, has a shortage of representation

capnbihty. Further, thc detection and segmcntauon pcrlbr-
mance are not saturated under feature pymsmid architecture

'I'he task inconsistency is an inherent problem in the
current stmcture of the detection head, which is constructed
by two weights shared sibling subnets for cLassification and
re ression. respectively. Tlfis structure limits the ability of
the head Io utilize superi ision ulfonuauou Spccilically, the
s&bliug subncts dwil with thc Iwo incous&stent tasks (classi-
ficatio and regression) &vith shared fully-connected (l&G)

&o layer~, resulting in sub-optinlal solut&ons filr each one. 'I'hus,
in feature space the tangled supervis&on mfilrnlation in the
two tusks cannot be effectively leveraged to facilitate the
feature leaning in the feature pymsmid As B consequence,
thc dc&ection perfonnance is seriously under-explored.

Addressing the aforcmcnuoned issues, ccrtmn aspects of
the present invention relates to a novel supervised learning,
strategy for the l&PN, which is the dually supervised l&PN

(Dgl&PN) 1'he DSFVN is embod&ed by mounting extra
prediction heads (i.e.. detection or segmentation) on the

lo bottom-up layers tlmlugh Lateral connect&on. This desi@I
stlatcg)'llcolildgcs tile sUpcrvls&oil slglliil Io dllictlv plopa-
gatc to thc bottom-up Icaturc pyram&d, so ns to strengthen
supervision intilrmation for the feature learning in it. More-
over, the prediction heads on the bottom-up subnet can serve
as a regularization tem& to pronlote the model training In the
test phase, the auxiliary prediction heads are discarded, thus
no extra computational cost is needed for model inference.
In DSFPN. the classdicauon mid regress&ou subncts Brc
dimouplcd Io enhance the capac&ty ol'etect&on head to

lo handle the task inconsistency, i e . class&fication vs regres-
sion Specifically, the decoupling increases the capacity of
the heads such that the super&ision information can be fully
explo&ted to a certain extent to strengthen the guidance of
feature leamin in the pyramid architecture.

ls Ouc aspect of Ihe invmii&on rclatcs to au apparatus for
oblect dc&act&on around a veluclc. F)G. I shows schemdii-
cally m& overall architecture ol a veh&clc hnv&ng Bn apparatus
for object detection according to one embodiment of the
invention. As sho&vn in I&l(i. 1. the vehicle IUI) has a body

do 110 and an apparatus for object detection d&sposed in the
vehicle body 110, and the apparatus includes an imaging
dcv&ce 120 Bnd a computing dcv&ce 130 commuiucat&vcly
connimtcd to the unaguig dcvicc 120. Specilically, thc
vcluclc 100 Bs shown m FIG. I is a car, wh&ch &s movulg
forward (i e, to&vard the left side of I&l(i I) In certain
embodiment, the vehicle I t)0 may be a car. a train, a ship, an
a&rcraft, a slnittie. or other types of vehicles. In certain
embodiments. the communication between the computin
dcvicc 130 Bnd thc imaging devwe 120 may be unplc&ucn&cxl

o b)' &fix! Bull/Of w&ICR:SS Cola&I&U&llciitlo&1.

Thc imag&ng dcvicc 120 is used to capture a valeo of an
exterior environment of the vehicle IUII. In certain embodi-
ment~, the i&naging device 12U is an image capturuig device,
such as camera or an image array sensor unit. As shown in

s. FICI. I, the imaging device 120 is disposed at the front side
of thc vehicle 100. In certain embodiments. thc &nmgulg
dcv&ce 120 can bc d&sposcd at any locat&ou of thc vciucle 100
to cdplure Ihc vnlix& of Ihc extcnor cnv&rotuncul. In onc
embodiments, multiple imaging devices 120 may be pro-

to vided to capture a video of the exterior env&mnment sur-
munding the vehicle 100.

The computing device 130 functions as a perception unit
of Ihe apparatus, which is used Io pcrfi&nn oblcct delcct&on
by process&ng and mialyzing thc v&dco capturixl by Ihe

ss imagu&g dcv&ce 120. Spccilically, thc vnleo capturixl by Ihe
inlaging device 120 may include mult&pie image frames, and
the computing device 13() is used to process and analyze



each ol'hc imugc frames Ol'hc video, dnd ]0 rccogiuze thc
features of one or more ob]ects in the image frames. includ-
ing the location, scale and categories of each of the objects.
in certain embodiment, the computing device ]30 mav be an
in-vehicle computer. such as the built-in electronic control
unit (ECU) of the velucle 100. Alternatively. in certain
cmbodimcnts. thc computing device 130 may bc an uidi-
I u]UU] conipU(lug dcvicc ot control UUII v'hich runs Inde-
pendently and separately from the existing li('U of the
vehicle IUU. In certain embodiments, the coinputing device
130 may be a geneml purpose computer being provided v ith
the necessary hardware and/or software components to
perform object detection. or may be a specialized computer
or controller spcmilicnlly designed and conligurml to pcrfi&nn
ob]cct dc]CO(lou.

11Ci 2A shows schematically a computing device of the
apparatus for object detection according to one embodiment
of the invention )pecifically, the computing device 200 as
shown in FIC]. 2 is used as the computing device 130 of the
apparatus fiir oh] ect detection as shown in FIC]. 1. As shov n
in FIG. 2. (hc compuuug device 200 uicludcs a processor
210. a mmnory 220, and a storage dcvicc 230. and a bus 240
interconnecting the processor 2]t), the memory 220 and the
storage device 230 In certam embodiments, the computiag
device 20U may include necessary hardware and/or softv are
coniponents (not shown) to perfomi its corresponding tasks.
Examples of these hardware and/or cog)vere components
uidv ulclUdc. bitt riot hmucd (0. 0]hci lcfiilircd ulculorv
modules. interfaces. buses, InpuUOuiput (I/O) modules and
peripheml devices. and details thereof are not elaborated
herein

']lie processor 210 controls operation of the computing
device 200, wlfich may be used to execute any computer
executable code or instnictions. In certain embodiment~. the
processor 210 may bc a central processuig unit (CPU), and
thc computer cxccutablc code or uwtructions being executed
by thc processor 210 may uicludc mi opcratuig system (OS)
and other applications, codes or instmctions stored in the
compmina device 200 In certain embodiments. the coni-
puting device 200 may nin on multiple processor~. wluch
may include any suitable number of processor~.

llic memory 220 may be a volatile memory module, such
ds thc random-ucccss mmnory (RAM), for storing thc data
dud hilbitudtioii dilnug thc oper'iltlon 01 thc coulpU]ulg
device 2UU. In certain enibodiments. the meinory 220 may
be in the form of a volatile memory array In certain
embodiments, the computing device 200 may nm on more
than one memory 220.

lite storage device 230 is a non-vola(ilc stora e media or
device Ibr stonug tlm computer executable code. such as the
OS mid the software applications for (he compuung device
200 I ixamples of the storage device 230 may include fiash
niemory. meniory cards, USI3 drives. or other types of
non-volatile stomge devices such as hard drives. ]loppy
disks. optical drives. or any other types of dam storage
dcviccs. In certmn embodiments, thecomputing device 200
may have more thnn one storage device 230, and thc
sof(wareapplicdtiom ol'he computm device 200 may bc
stored in the more than one storage device 230 separately

As shov n in lil(i 2. the computer executable code stored
in the stomge device 230 may include a DSFPN module 250.
Specitically, the DSFPN module 250 is a software module
winch. when cxccu(cd, provides a DSFPN system ]liat
funcuons as a dccp lcamuig dc(actor to pcrfi&nn object
detixuon. FIC] 2B shows schematically a DSFPN module In
the coniputmg device as shown in lil(i. 2A according to one
embodiment of the im ention Specifically„ the l)SIIPN mod-
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ulc 250 as shown in FIG. 2B Includes a fi:dturc extraction
module 260. an object hypothesis generation module 270,
and an object detection mid segmcntution module 280. The
feature extmction niodule 260 is used to provide a set of
convolutional nc(works forming a bouom-up subnct and a

top-down subnet. Ivhich will be described later; and to
generate. by the set of convolutional nenvorks, a plumlity of
levels of features by an inherent hierarchy from the image
frames of the video, wluch may be captured by the imaging

I II
dcvicc 120 as shov:n in FIG. 1. Thc ob]cct hypothesis
generation module 270 is used to enemte the scale and the
location of thc ob]cct based on thc levels of fi:aturcs repre-
sented by a plurality of class-agmistic bounding boxes. 1'he
Ob]cct detection imd segmentation module 280 Is used (o

predict the categories of the object In the bounding boxes, to
rehne the scale and the location of the object in the bounding
boxes, and to estimate extension of the at least one object
For example. the extension of the ob]ect estimated by the
ob]cct dctimtion and scgmen(ation module 280 may include
segmentation of the object.

FICi 3 show s schema(icdlly a DSFPN arclutccture
according to one embodiment of the invention As shoivn in
lil(i 3, the l)SIIPN architecture 300 includes a bottom-up
subnet 310 and a top-down subnet 32U, which Is similar to
the regular FPN arclfitecture. The bottom-up subnet 310 is a
convolutional network. Ivlfich pmvides a convolutional fea-
ture map for fcaturecxtraction. and includes multiple layers.
As thc process goes up, thc spatuil resolutiou decrcascs.

ic With more high-level structures heing detected, the semantic
value for each layer increases. '11ie top-down subnet 32(l is
used to constmct higher resolution layers fmm a seniantic
rich layer. The reconstnicted layers are semantic stronv. but
the locations of objects are not precise after all the down-

]i samphng and upsampling. Tluis, lateral connections
bctwimn the rcconstruc(ed layers aud the corresponduig
fi:aIurc maps. such tluit Ihe dctcctor muy prcxhct Ihc loca-
tions of the objects better

Generally speaking, the Dgl'PN architecture 300 is pa]-
do posed to deal v,ith the gmdient de~Cadet]on in the regular

FPN for object detection or segmentation at region level
durmg training phase. To this cnd, In addition (o the prc-
dicuon heinie 340 (uicluduig ob]cct de(ection and sclpncn-
tation heads) provnlcd at thc top-down subnct 320, when
pmposals are given. mixiliary prediction heads 330 (also
including auxiliary object detection and sepnentation
heads) are provided at the bottom-up subnet 310. such that
supervision si nal can immediately direct the feature leam-
iug ui thc bottom-up subnct 310. I( should be no(cd tha( all

c prcdiction heads 340 at thc (op-down subuet 320 slmrc the
same weights. Sant]arly, all auxihary predmtion heads 330
at the bottoin-up subnet 3 (0 share the sante weights In the
test phase, these auxiliary heads 330 are discarded. such that
no extra computation is needed in the model inference.

s. Further. in the detection task. decoupled classitication (cls)
heads 350 and rcgrcssion (reg) heads 360 arc generated, and
thc decoupled cls-rcg heads will be dcscnbcd In detail later.
Formally, given a sct of N proposal boxes B=tib,]i=i.
2,..., Nj, they are projected to a level of feature layer

ic according to the box size. Using the k-th level as an
example. the boxes on the k-th level are B,. and the feature
maps of the I -th level are denoted as f". Thus, the detection
and scgmcntation hands 340 on the top-down subnct 320 cmi
bc fonnilla(cil ds D (,2],d, BI) aud S I(l* I Bi), rcspimtively,

si whcrc '*td" refers to '*top-down." Accorduigly, the auxiliary
prediction heads on the bottom-up subnet 3]0 include I) „„
(f'I„, 13„) and S „,(I „,. ]3C), respectively, where "bu" refers



lo "boliom-up." In lhc trmmng phase, the prcdicnons over
the both pyramid subnets 310 and 320 are

I)— {ii,, D'n„(k — 1...&ri

S {S„&,ln„ik 1 &D

ivhere M is the munber of levels of pyramid In the
inference phase, the predictions arel& &D"Silk I, 2, M)
and 8 (S"&„{k I, 2, . M), since the auxiliary prafiction
heads 330 (D'u, and S „,) are removed. The given proposal
boxes are not necessary from proposal sta e (e.g.. RPN),
they cmi also come from latter s&a cs. Thc efi'cct of choosing
lhc boxes il'onl dillcrcnl stages will bc disc&isscd nt lnlcn
)ince the object or segn&entation heads over ditferent levels
share same weights, the k in each head notation i ~ dropped
fiir siniplicity m subsequent sections.

In certain embodiments. the DSFPN architecnire 300 as
shown in FICi 3 is genemsl to two-stage and multi-stage
delixlors. The concrclc archuccturc liir lhc lwo-siege and
muhi-stage dctoutors will bc described hercuxiftcr respec-
tively
'I'ivo-Sts e l)electors

In certain entbodintents. for the two-stage detector~, two
representative methods may be implemented, including the
Faster Re ion-based Convolutional Neuml Nenvork (Faster
R-CNN) and the Mask-R-CNN. Iiir illustration ol'hc pro-
cess ol'ncorporating dual supervision (DS). Specifically,
i&aster R-('NN is an object detection algorithm that elimi-
nates the selective search algorithin and lets the nenvork
learn the re ion pmposals Specifically. in the Faster R-GNN
algoritlun. the image is provided as an input to a convolu-
tional network v, hich provides a convolutional ibature map.
Ins(ead of using schunve scorch algorillun on lhc feature
nuip ui uh:ntifv'hc rug&on ploposals. a sepal'au: h hl weigh(
network, such as a region proposal network (RPN), is used
to predict the region proposals I'he predicted region pro-
posals are then reshaped using a region-of-interest (ROI)
pooling layer, which ls then used to classify the image within
the proposed re ion and predict the offset values for the
bounding boxes. In companson, Mask R-CNN is a deep
neural network which also utihzcs &wo stages to solve
instance scgmcntatiou problem in maclune learning or com-
puter vision. Specihcally, m a first stage, proposal ~ about the
regions ivhere there might be an object are generated based
on the input ima e frames. Then, the class of the object ls
predicted. and the bounding boxes are refined to enemte a
mask ui pixel lcvcl of thc object basix! on lhe (irst stage
proposal.

FIG. 4 slxiws schemaucally a two-stage DSFPN detector
adopting the i&aster R-('NN architecture with the i&SFPN
according to one entbodintent of the invention. As slxuwn in
FIG. 4. the two-stage DSFPN detector 400 includes a
bottont-up subnet 410 and a top-down subnet 420. Specifi-
cally, lhe symbol '*I" 405 roprcscnts lhc inpul miagc frames
&o lhc &no stage DSFPN detector 400. The symbol *'P" refers
&o thc ROI poohng opcrauous (415 nl thc bonom-up subncl
410. and 425 at the top-down subnet 420), and the symbols
*'l3," "D" and ")" refer to proposed boxes (430 and 460),
detection heads (440 and 470), and segmentation heads (450
and 480). respectively. In operation, the proposal boxes (BO)
430 and 460 arc iirs& given and pro) iutcd to each lcvcl of the
pyramid. In the Faster R-CNN. BO is ymldal by a region
proposal network (RPN). wluch is no& shown m FIG. 4 The
mixiliary prediction heads (detection head 440 and segnten-
tation head 450) over the bottom-up subnet 410 are DO and
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SO, vvluch correspond &o Ds„and Ss., rcspcctivcly. Thc
prediction heads (detection head 470 and segmentation head
480) over the top-down subnet 420 are Dl and Sl, wluch
corresPond to DD and Sno resPectively 'I'he final loss I,nn„
of the two-stage DSFPN dclcctor 400 adopung the Faster
R-('NN architecture mav be:

Ii DO I (D,D(i)+O I (D,D& 1+Q&I (S,.siil+nni
(.S „.1& 1

1 I 1

whcrc D„, and S„, rcprcscnl ground truth ofcorresponduig
detectinn and segnientation; I.(D. ) and I (sh ) are the detec-
tion (iud scgnlcntiition loss funcnons: and a,i, a, a.&, an iiu:
the weights for each loss In certain embodintents, the I (S. )
cmi be omitted when segmentation ground truth is not
available

The specitic fornndas of the two functions as described
above arc rcfi:rred &o the Faster R-CNN algontluu. Thc
Mask R-CNN algoridun sluircs certain similnr features to thc
Faster R-CNN archi&cc&urc, and detnils thcrcof are not
further hereinafter elaborated.
Multi-Stage f)etectors

In certain embodiments, for multi-stage detectors,
recently proposed Cascade R-CNN and Cascade Mask
R-CNN algontluns may bc used &o demonstrate how thc DS
is uitcgratoxl in&o thc multi-stage dctcctors. FIG. 5 shows
schematically a multi-stage DSFPN de&cctor adopun lhc
('ascade Mask R-GNN architecture with the l)SIIPN accord-
ing to one embodiment of the invention As shown in l&I(i

so 5. the multi-sta e DSFPN detector 500 includes a bottom-up
subnet 510 and a top-down subnet 520, and the symbols
being usid in FIG. 5 arc similar to those ui FIG. 4.
Specifically, the symbol **I" 505 represents thc uiput ima c
frames to thc mulu-stage DSFPN dctcctor 500. Thc symbol

3& "P refers to the l(()I pooling operations (515 at the bottom-
up subnet 510, and 525 at the top-down subnet 520). and the
symbols "B.'* "D*'nd "S" refer to proposed boxes (530 and
550), detection heads (540, 560, 565 and 570). and segmen-
tation heads (545 nnd 580). rcspcctivcly. Thc proposox)

so boxes can be produced from RPN (BO in 530 and 550),
dcliution head 560 at the Iirst stage (D1 to Bl), imd lhc
detection head 565 at the second stage (l)2 to )32) In the
top-dnwn subnet 520, the proposed boxes 550 can only be
BO produced from the RPN. However. (n the bottom-up

n- subnet 510, the boxes 530 can be one of BO (from the RPN),
Bl (from Dl) and B2 (from D2). Similar to the two-stage
dcliutor 400 as shown ui FIG. 4, the predictions over thc
bottom-up subnct 510 nre thc detection head 540 (DO) and
the segnientation head 545 (SO) I lowever, the predictions
over the tnp-down pymmid are separated mto three sets 360
(Dl). 565 (D2) and 570 (D3). &Vien the Cascade Mask
R-CNN al oritlun is used. the segmentation head 580 is
simply attached at stage three (S3) for the trade-otf between
accuracy and computauon complexity. Thus. thc liiml loss
LIn„„of thc multi-stage dc&actor 500 is:

I
L,„„=n,L(D, Du)+n.DSS Sul+n&L(S3C.S3(+g nLtDir Dii

so

where i is the index of the prediction stage on the
top-down subnet 520. T is the &otal number of suigcs, S3 and
S3s, arc the scgmenlanon predictions at stage tlucc and its
corresponding ground lru&h, Di and Di„, arc dc(actions and
gmund taith at stage i; I,(l), ) and I (S.') are the detection
and &CO&neo(ation loss functions; and ii,, az. a,, a„are



13
w mghts of each pred&enon head. Thc scgmenla&ion related
terms only exist &n ('ascade Mask R-('NN. but not in
( ascade R-('NN
Decoupled I lead

An exemplary comparison of the stmcture of detection
heads in a regular FPN and the structure of detection heads
in Ihc DSFPN are shown u& FIGS. 6A and 6B. Spccilically,
for d dctcct&ou task, Ihe detccuon heads ul the DSFPN
architecture include the cls-reg decoupled heads. as slxown
in l&l(i. 6I3. ('Ompared with the original detection head
structure as shown in I 'l(i 6A, the decoupled head separates
the classification and regression tasks in l»dden femue
space. which is aclueved by taking apart the shared two
lniklcn layers w &Ih 1,024 nodes. Formally, Ihc de&ection head
Is v'ntli:u Bs

nts,/&=1 (R,/&+«I«,n

Ci8/I— &F', &F',/"

/«8,/& — &F', &rk/

whcrc the symbols C and R symbohzc class&licauon and
regression. respect&vely, We and Wr represents the weights
of hidden layers of classification and regression, respec-
tively: 'I'nd '2'enote indices of hidden layers: and I &s

the feature in box re ious. This simple operarion increases
the capacity of the detection heads to address nvo incons&s-
Ien& tasks. Morixn cr, Ihe dccouphng discntmlglcs thc propa-
gat&on of superv&s&ou signal until thc ROI poolul .

In cer&ain embodiments, the apparatus as described above
may be used as an object detection system in a vehicle as
shoivn in I'l(i I As d&scussed above. the vehicle may be a
car. a train, a ship, an aircraft, a shuttle, or other types of
vehicles.

FIG. 7 six&ws a Ilowcha&t ol' method fi&r pcrfi&mling
oblcct detection uround a vcluclc accordmg Io one mnbod&-
ment of Ihc invent&ou. In cenaul cmbod&mcnls. Ihe method
as shown in l&l(i 7 may be implemented on a vehicle haviag
the apparatus as shown in I&l(i. I, and/or a system as slxown
in FIGS, 2A and 2B. It should be particularly noted that,
unless otherwise stated in the present disclosure. the sreps of
Ihe mc&hod may be arrnngcd ul a d&ill:rent se&tuenfial order,
dud drc IhUs uiit huutixl &0 thi: si:giii:audi oldix Bs shown ul
FIG. 7.

As shoivn in l&I(i. 7, &n the process 710, a DSI&VN model
detector is provided by executing a DSFVN module on a
computing device as shown in FIGS. 2A and 2B. Spec&fi-

cally, the DSFPN model detector may have the architecture
as shown &n FICi 3. includ&ng a bottom-up subnct provided
with a plurahty ol'ux&l&ary preihcuon hwids, and a top-
down subnct provided w&th a pluralny of prcdicuon heads.
ln the process 720. a trainmg pmcess for the DSI'VN nxldel
detector is perfilnned in a model tmlining stage, v here both
the prcdiction heads and the auxiliary prediction heads are
used in the model tmsining stage. Then, in the process 730,
the uaincd DSFPN model &s used for pcrlbnuulg objec&

dctccnon ul a detect&on s&agc. Spec&tically, ul Ihc process
740.;m imag&ng dcv&cc mounted on Ihc vehicle &s use«I to
capture a video of an exterior enviromnent nf the vehicle.
Iiinally. in the process 750, the trained I )Sl&VN mndel is used
for processing and analyzing the video to estimate a scale,
a location and cate ories of the object in the video. where
only Ihe prcdicuon heads arc usixk and thc aux&hary pro-
d&enon heads urc rmnoved &n Ihc de&ccuon s&agc.

Yct Buothcr aspect ol Ihc Rivi:alton plovulin &I uou-
transitory tangible conlputer-readable medium storina
instruc&iona ivh&ch, when executed by one nr more proces-
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aors, cm&se thc above d&sclosed method for oblix& detect&on
of a velucle to be performed. The computer executable
ius&nictions or progrmn codes enable thc above d&scioscxi

apparatus or a sinlilar systenl to complete venous operations
iu accordmlcc with Ihe dboi c disclosed mc&hod. Tl&c stora c
medium/memory may include, but is not 1&nlited to, high-
speed random access &nediun&/&nemory such as DRAM,
SRAM, DDR RAM or o&her random access solid state
memory devices, and non-vofistile memory such as one or

Ii&
more magncnc d&sk storage dcv&ces, opucdl d&sk storage
devices. flash memory devices. or other non-volatile solid
StatC StoiiigC iICV&CCS.

I'he foregoing description 0 f the exemplary embodiments
01 Ihc a&vent&on hiis bi:cu prcscutcil Oul)'01'hi: pUlposcs ol
illustration and description and is nnt intended to be exhm&s-

tive or to limit the invention to the precise forms disclosed.
Many modificatinns and varianons are possible in light of
the above teaching

The embodiments were clulsen and descnbed in order to
explain the principles of the invention and their pmlctical
application so as to enable others skilled in the art to utilize
thc a&vent&on Bud vd&10Us culbiiihnlcu&s Bull wilh va&10&ls

mod&lice&iona as arc suiu:d Io Ihc parUcular usc contem-
plated. Alternative embodiments mill become apparent to
those skilled in the art to which the mvention pertains
v ithout departing from its spirit and scope Accordin ly. the
scope of the invention is defined by the appended claims
rather than the foregoing description and the exemplary
embodiments descnbcd thcrcin.

Somcrelcrcnccs. whichmayulcludcpu&ants, patcnlappli-
cat&ons and varinus publications, are cited and discussed in
the description of this disclosure. 'Ihe c&tat&on and/or dis-
cussion of such references is provided merely to clarify the

li description of the present disclosure and is not an admission
that nny such reference is "prior art** to the disclosure
dcscribcd hcrcin. All rcli:rmlccs c&tixl and d&scussixi in tlus
spec&lice&ion arc incorporated hercul by rcfcrcnce in Iheir
entireties and tn the sante extent as if each reference was
individually incorpora&ed by reference.

What &5 clduucd &s.

I An apparatus for oblcct dctecuon around a vchmlc,
coulprisulg:

an imlging device nlounted on the velucle, configured to
capture a video of an exterior environment of the
vehicle, ivherein the video is formed by a plurality of
image frames: and

a computing dev&cc hdvulg a processor and a storage
O dcv&ce s&orulg compu&cr cxccutablc &ns&rucnons,

wherein the computer executable instrucuous comprise
a dually supervised feature pyranud network (Dgl'VN)
module that, when being executed by the processor,
causes the processor to provide a DSFPN model detec-

&s tor to process and analyze the video captured by the
imagulg dcv&ce and lo cslimatc a scale. a location and
catt:go&les ol Bl lcdst &inc oblcck

whcrcin thc DSFPN model detector compnses a bouom-
up subnet pmvided with a plurality of aux&liary pre-
diction heads. and a top-down subnet prov&ded with a
plurality of prediction heads,

wherein the DSFPN nlodel detector is performed in a
model tra&ning s&age and a dctccuou stage. both Ihc
prcihcnou hciuls &&nil Ihc ill&Sigil&y pli:ihcnou goads Blc

si used in Ihc model Irmning stugc. nnd Il&c prcd&enon
heads are used and the auxiliary prediction heads are
remnved in the detection stage
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2. The apparatus of cia&m 1, whereu& each ol thc auxihary
prediction heads and the prediction heads comprise detec-
non heads, and thc DSFPN module comprises.

a feature extraction n&odule, configured to provide a set of
corn olut&oual networks fornung Ihe bollom-up subncl
and lhc top-down subnet, Bnd io generate, by Ihe sct of
corn olut&oual networks, a plurahty of Icvcis ol'eatures
by an inherent hierarchy from the image fmlmes of the
video;

an object hypothesis eneration module. configured to
genemlte the scale nnd the location of the at least one
object based on Ihc lcvcls of fi:dlures represented by a

plurality ol'lass-agnost&c bounding boxes; and
m& oblcct dctcction aud scg&ncnun&on module, conligurcd

to predict the categories of the at least one object in the
boundin boxes, to refine the scale and the locatioa of
the at least one object in the bounding boxes, and to
estimate extension of the at least one object.

3. The apparatus of cia&m 2, wherein thc detection hwids
of Ihc auxiliary pred&ct&on heads are D"s„(I" s„. B»), m&d thc
dcmxlion heads ol'he prcd&cl&on heads are D d(I"tf, B„),
wherein 13& represents the bounding boxes of a k-th level of
the levels of feature~. and t'epresents feature maps of the
k-th level of the levels of features:

wherein in the model traming stage, a predicted detection
of Ihc al least ouc obiixl is:

D-(»V',fy„,i»-lu .&f}

and in the detection stage, the predicted detection of the
dl lcdst onc obiccl Is.

D f(iy Ii, I 2 If&

4. The appamltus of claim 2, wherein each of the aux&linry
pred&el(on heads and thc prcdiction heads I'urd&er compnse
segmentation heads, and the cxtens&on of tim al less! oue
obiccl cstimalixl by Ihe object detccnon and scgmm&lal&on
n&odule comprises segn&entation of the at least one object

5 )he apparatus of claim 4, wherein the segmentation
heads ofthe aux&liary prediction heads are S*„„(f',„, B„). and
the segmentation heads of the prediction heads are S",d(p,d,
B».). wherein B». rcprcscnts thc boundu&g boxes of a k-th lcvcl
ofthc Icvcls ol'eatures, imd I* rcprcscnts fi aturc maps of thc
k-Ih level of Ihc lcvcls of features,

wherein in the model tmlining stage, a predicted segn&en-
[ation of the at least one object is

s ( s"„»„3 'Ik I . &D

and in the detection stage, the predicted segmentation of
the at least one object is

s ( 3 „» k I, „vf}

6 )he appamltus of claun I, wherein the 1231»PN model
detector is two-stage DSI»PN detector contigured to adopt a
Faster Region-based Convolutional Neural Network
(R-CNN) algontlun. and a final loss L„;„, of the nvo-stage
DSFPN dctcxtor is

T.,—c,t(D,DO&toZID „Dl)tagiS„„S&!&to L

i.s„„.s1 ).

wherein D, and S, represent ground tn&th of correspond-
ing dctesct&on and segmcntauon. L(D.') imd L(S,') are
ih:lection Bail scgnicnli&1&on loss f&inctnuis, anil o& ox,
o&. (xt iiic wc&ghm Iol ciich k&ss.

7 'I he apparatus of claim I, wherein the l)SI»PN nx&del

detector is multi-stage l)SI&PN detector configured to adopt
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a Casciulc Rcg&on-based Comolut&onal Ncuml Network
(R-CNN) algoritiun. and a fina loss Ld„„f of the multi-stage
DSFPN dclixtor is.

Lf f v& L(D„. Do& + »L(SC So ) + BL(ST( ST) + g t I (Di„. D(i.

20

&s

whcrcin i rcprcscnls an mdcx of a plurality ol predict&on
stages on the top-down subnet. 1 represents a total
number of the prediction stages, ST represents segmen-
tation predictions at a last stage of the prediction stages,
ST, represents a correspondin gmund truth of the last

I
stage. and &Is correspondu&g ground truth, Di rcprcsenls
detections at a stage i of the pred&ction stages, Di,
lcplcsc'nm B coircspondh&g grounil tn&lh al lhc'. slBgc i.
I,(D, ) and I,(S,') are detect&on and seg&nentation k&ss

fhnctions: Bail oi, o&. (x&. o., iiic wc&ghls ol each
prediction head.

8 Avelucle bavin an object detection system comprising
the appamltus of claim 1

9 A method for performin object detect&on around a
vchiclc, conlpns&ng:

providing, by executing a dually supervised feature pyra-
m&d network (DSFPN) module on a computing device,
a DSFPN model detector, whcrcu& the DSFPN model
delixlor composes a boilom-up subnel provalcd with 0

plurality of auxiliary prediction heads, and a top-down
subnet provided with a plurality of prediction heads;

performing trainin of the l)SI»PN n&odel detector in a
model trainin stage. wherein both the prediction heads
and the auxiliary prediction heads are used m the model
tiiiuung stage, Bnd

pcrfonn&ng object detection in a dclcct&ou ~ lagc usu& Ihe
trained DSFPN model by:
capturing, by an imaging, device n&ounted on the

vehicle, a video of an exterior em ironment of the
do vehicle: and

processing and analyzing, by the tmlined DSFPN
model. Ihc video Io cslimatc a scale, a locat&on and
catcgoncs of al lens t onc object u& thc valcm wherein
the prcd&ciion heads arc used, and Ihc auxihary
prediction heads are in removed the detection stage

1(l I'he method of claim 9. &vherein each of the auxiliary
prediction heads and the prediction heads comprise detec-
tion heads, and the DSFPN nn&dule comprises:

a fciin&rc. cat&action nlodulc, configul'cil to p&ov&ilc B scl ol
0 convolut&onal networks fornung Ihc bottom-up subncl

m&d the lop-down subnct, and to gm&crate, by thc sci of
convolutional network~. a plurality of levels of features
by an inherent hierarchy from the image fran&es of the
video;

&1 an object hypothesis generation module, configured to
generate thc scale m&d thc locat&on ol'he at least onc
object based on Ihe lc& cls of fi:dlurcs represented by 0

plurahty of class-agnosuc bouudu&g boxes, Bnd
an object detection and seg(ncntafion module, configured

io to predict the categories of the at least one object in the
bounding boxes. to refine the scale and the location of
the at least one object in the boundin boxes, and to
cst&matc cxlens&on ol'hc at least onc oblccl.

IL Thc method ol'laim 10, where&n thc detect&on heads
Ss of the aux&liary Prcxficnon heads arc D"u,(I u,. Bi), and Ihe

detect&on heads of the prediction heads are D »2t tf, 13»),

wherein 13» represents the bounding boxes of a k-th level of
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lhc lci t:ls of ft:dnu'cs. Ilail I Icprcsculs ft:dliut: OIBps of thc
k-th level of the levels of features;

wherein in the niodel tmmning stage, a predicted detection
of the at least one object is:

D r&ly ly )I, I M}

and in the detection stage, the predicted detection of the
at least one oblect is:

D= irD'k= 1 . 'Ifii

12. The method of clnun 10, wherem each ol'he auxiliary
predicuon heads and thc prcdiction heads I'urdier compuse
segmentation heads, and the extension of the at least one
object estimated by the object detection and segmentation
module comprises se mentation of the at least one object.

13. The method of claim 12. wherein the segmentation
heads ol'the auxihary prcdicnon heads arc S" g„(I'*,„d Bi), and
the segmentation hcmls ol'hc prcxhctton heads arc S Jt,d,
B„). wherein B„rcprcscnts thc bounduig boxes of a 1-th lcvcl
of the levels of features, and I represents feature maps of the
k-th level of the levels of features;

wherein in the model trainin sta e, a predicted seynen-
tation of the at least one object is:

5=(s,g,.s w)k=1 . Ifi

and in the detccuon stage, Ihc predicted segmenlalion ol
thc at least onc ob)ccl is

k — I 2

Igt. The method of claim 9, wherein the DSFPN model
detector is two-stage DSFPN detector configured to adopt a
Faster Region-bascxI Convolutional Neural Network
(R-CNN) algonlhmr aud a linal loss Ll„„, of lhc lwo-stage
DSFPN dctcxtor is

r.,=r rl(D „D(r)+OJ.(D „Dl)gu It,r iir)+O I

i.)g„.il ).

wherein D, and S, represent ground tnith of correspond-
ing detection and se mentation, L(D,') and L(S.') are
ilt:lccuou Bail st:gulculllllou loss flulctitiusr Bail o.t, o,

oi. Ixg tilt: wcighm Iol cttch ltiss.
15. Thc nu:thod of claim 9, whcrcin the DSFPN model

detector is multi-stage l)SIIPN detector configured to adopt
a ('ascade Reaion-based ('onvolutional Neumsl Network
(R-CNN) algoritlun, and a final loss Ls„„of the multi-stage
DSFPN detector is;

r
I r — "tl(DB Du)+ ')ig iir)+r ruxlg,xl)+g Dng D

ivherein i represents an Index of a plurality of prmiicfion
stages on the top-down subnet, 'I'epresents a total
number of the prediction stages, ST represents segmen-
tation predictions at a last stage of the prediction stages,
ST, rcprcscnm a corresponding gmund trulh ol lhe last
siagkc. and us corresponthng ground truth; Di represents
dettxuons at a stage I ol the prcdicuon stagcsr Di,
represents a corresponding oround truth at the stage i,
I (I). ) and I.(S, ) are detection and segtuentation loss
functions: and cxt. (xc. (x,. D„are weights of each
prediction head.

16. A non-tramitory tangible computer-readable medium
stonng computer cxccutablc instrucuons whwh, when
cxccuted by onc or more processors, cause a method for
performin object detection around a vehicle to be per-
forined, the Inethod coniprisinku
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providing a dually supclvtscd fcuture pyramid network

(DSFPN) model detector, wherein the DSIIPN model
detector comprises a bottom-up subnet provided with a
plurality of auxiliary prediction heads, and a top-down
subnet provided with a plurality of prediction heads;

performing training of the DSFPN model detector in a
model trduung stage. wherein both thc prediction heads
mid thc mixiliary prcdicuon heads urc uscxt In the model
0'Bluing stage;;u'id

In perfiirming object detection in a detection stage using the
trained DSFPN model by:
capturing, bv an imaging device mounted on the

vehicle. a video of an exterior envimnment of the
vcluclc: and

processing aixl alrdlyxing. by thc trained DSFPN
model, the video to estimate a scale, a location and
categories of at least one object in the video, wherein
the prediction heads are used, and the auxiliary
prediction heads are renioved in the detection stage.

lo 17. The non-transitory tangible computer-readable
mednim ol'laun 16, wherein each of the mixiliary prcdic-
tion lmdds and the prcdicuon heads compnsc detccnon
heads, and tbe computer executable instructions comprises a
DSIIPN module comprisinu

a feature extraction module, confi ured to provide a set of
convolutional neuvorks forming the bottom-up subnet
and the top-doxvn subnet, and to enemte, by the set of
convolutional networks. a plurality oflcvcls ol'Ibalures
bv du Inhcrcul htcldrch)'roul lht: uuagt: fldulcs ol lhc
video;

an object hypothesis generation module, configured to
generate the scale and the location of the at least one
object based on the levels of features represented by a
plurality of class-agnostic bounding boxes; and

ls an objcxl detection and scglucntation module, configurcxI
to predict thc categories of Ihc at least onc ob)ect In Ihe
bounding boxes. Io reline thc scale nnd the locanon of
the at least one object in the bounding boxes, and to
estimate extension of the at least one object

do 18. The non-transitory tangible computer-readable
medium of claim 17, wherein the detection heads of the
auxiliary prcdicnon heads arc Dkg„(l"Bd Bk), and thc detec-
tion heads ol'he prcihction heads arc D „,(I"„lr B„). wherein
B„rcprcscnls thc bounding boxes of a k-th lcvcl of dic Icvcls
of features, and I represents feature maps of the k-th level
of the levels of features:

wherein in the model trainin stage. a predicted detection
of the at least one object is;

D itD',g,)y'r„,)k 1.2. 1(}

and In Ihe detection stage. the predicted detection ol Ihe
at least one object is:

D rry g),. 12

2. 19. The non-transitory tangible computer-readable
medium of claim 17. whcrcin each of thc nuxiliary predic-
tion heads and thc predicuon hcmls further compnse scg-
mcnlanon hctuls, tmd Ihc exlmision ol the nt least onc ob)ecl
estinlated by the object detection and segntentafion module

ic comprises seynentafion of the at least one obtect
20. The non-transitory tangible computer-readable

medium of claim 19, wherein the segmentation heads of the
auxihary Predicnon heads arc S'g„(l g„. B„)r mid the seg-
mentation hctxls of thc prediction hcmls are S „l(l g, Bk),

ss whcrcin Bi represents thc bounding boxes of a k-th lcvcl of
the levels of feature~, and t represents feature maps of the
k-th level of the levels of features:
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wherein in the model traitnng stage, a prcslicted scgtnen-

ration of the at least one object is

5 ls",ss'Ik t . tp

and in the detection stage, the predicted segmentation of
the at least one object ic;
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