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Object detection (AA] |A) olv]A] W o] ZA=el thal 7
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A JHE 53 localizationo] A3teE Aot Hed ¥ GPUY
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Object detection®] classification®} localization task’} ZAsr®
FAYANE EF38lar, 7] object detection € 8]F2 classification
714ke] confidence scored] o]&ste] EA9 Fre|lzalg 9% 2 H7)
JHE o F3}. Localization Aol w3t confidence: ol 5314
53517] wWlEo) localization®] 2]3t false positiveo] ™-&3t#] FE3tth=
wAZE A 53], AT Zo] false positive® Q18] A7 A<l

7} %= applicationelA+=  ©]# 3t mislocalization A&

ol kol object detection LiEFS TS ATLE
987l 9@l annotation® W %FS] labeled HIOHE
deow o dytdor sgg 9F olwA HolH=
7bsetARE, FAE oluAloA ofz] EAel] Wig JhHae HE9
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uncertainty &S & AZMY BAE ARSI uiEeo] H2
AxES Qs EAZE 9low, 5E4A S5 Al localization
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Labeling costE F°]7] $3t &= Y& dHAFSZ  object
detectionS 93 WHx|% h<5 (semi—supervised learning)©] 3|
ATE 3 k. HEAE 852 annotation FJHI7F Sl labeled
dojelel olmA2xt /% unlabeled FlOJEE A ShFelA
Atk g WHolth UNbA o R unlabeled HOJE{&  labeled
tlolgl el Hlaj HolE ko] X W], 7]E WA= 8t unlabeled
o8 e F84e nestA &S A Ee HolHE 8F A ARSI
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AAMZ, localization®] <3+ false positive +AE 3EAst7] 3|
localization uncertainty R2% WR3 ol& gHFaly] st AMEE
localization loss functions AQFsT}. Ak RUFOR oS3
g oA &8-3}o], localizationol] 2] 8t

false positive® % FAAIZY. EA=2, AH]E 1459 object
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1.1 479 v7

HL A= B4 A4 (deep detection neural network)< -
=2 B4 Aggx [1]2 A&5F3 application [2], medical image ¥4
[3], 7283 t}eF3t computer visione &E3F social AH]A [4] SOl
ks A gHo] AREEHI Stk 53], daglFe] wHEw ofyg
st=eo] EFAFY] e AT @A AAEY &8 H9dE "H
GfAl 7o Qlom, &% A HMRkA o BRHst = Zo=w Y|ddr

e A AL A F O FRE ET ¢ o AWAe

two—stage object detector® region proposal stage®} classification+
bounding box regression stage? T WAE Fys= W2 [5]o]t)
o] WhAlE URkFoR & HAYSLEE HolXY AHE FLUl gyt
GHo] Qlth. FHAIEE  one—stage object detector® region
proposal stage ¢1¢] classification®} bounding box regressions 3%+

3 (@)
el Agshs WA [6]o]th ol A HFE7F wEu Ao vk

A EE HAg= wHo]l gty olyst V& T F/FY AT A
AAYe] FEAA TAE F sty HE U9 localization R &

o= 7FeskAE, o] o5 AyE dvhy WE S QdeAeE ¢ F
A= Aolg 53], A&FH Zo]  ocalizationo] g o=
AFE7F A3 S8 applicationd| A= 3T localization oSl

et Ae AFHE, 5 2d8S F7FE dSstal 288k Zlo] v

=2 [2]3tt}. o]l¥st o] f = AT AlAWelA uncertainty s o53}H7]



sk A= (71, [8lo] ol FAHgAR, AT A AAEEE
localization taskellA] &gt &FHAE& AAS A7+ §lATH

olggt wAl ek, AT A AABES sFstr] S oE
dlole]l 4 Al %2 labeling cost® Q73U EAZE QdTh
g% (supervised learning) [9]°A AT ©A

el w2 AREE 4V HdAd, B2 9 labeled HOIH7}

1o [e) 3L
F sttt [5], [10]. &@<=38] olnA] dHolHE 9+ A2 A4 g
ol x| W] &A1 F7F (5, class category) 2} =9 localization % K.

<, bounding box coordinate)+ AlE©o] ZA labelings aloFstt}.

A "A AAEY ol olm A el o =A7F 7] wiEel
Abgrol BE HlolE|E labelingst’] el 48] w2 AIRE 9 ¥
vl go] Fgstrt [11]. olgdt ZAE A3t 93 %54 TE
(active learning) [12]°] &¥s] A= gty 554 5 A
mdo] ¥ B2 Ho]E S labelingdtd] S HOHZ AgEHs

@A

=
st ZIMelth dd WS Fd 42 labeling costZ T
73

ol b5tk AW, olde 4F @

XN

=
AALS 93 T4 G AFES object detection©] AWk

classification  gHeqt  °oJ&Es] ok [13]. 28 FEs
classification uncertainty 152 913l multiple models 715+9] 5524
S W= AR [14137] wiieel ®FAs] 2 AAF 8 -3}
Al Ay 9 resource SHOlA A vlag Aoty olYd WdilE
H&sh7] 918l single model 71RES] W= [15], [16] ¥ localization
R E classification¥} 7] &&3t A+E [1

heuristicd =22 multiple models 7]8F W oy JF=7 G
TAZE Stk &, o]ld AFES AT 89A AAYES A3 5534

1

Staolld st sjadB s AAskA X3
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dolel S 3 Abgste Shs 7| O 2, unlabeled HoJEo] thajA=
labeling®] HQ3 &4 Ssde= wWE2A F7} labelings 27-3HA
gt 187 dEel %4 S5EU labeling cost®: U EU F
AT, unlabeled dolE e disiA = BE o5 A3E pseudo—label
[19]= ARE3sl7] wiiel EE o Fo] #AEHAY FASE 9ol
gsids tsd o glvk FolEuR, 7]E 9HA % 852 unlabeled
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B =R A= gx AL false positive (=, mislocalization)
AS 93+ localization uncertainty 29"y g Ax a8
48 E A7 object detections $3 TFZF g, 181

a0 &< folE FEA Ak 213k unlabeled dHl©]E
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fAdst7] 98]  =ELS bounding box coordinate?] confidence¢!
Yat= WS Aorsith AlgE WHHE

localization uncertaintys 54
Gaussian distributiong AFE3lH, bounding box coordinated}
localization uncertaintyS %5387l $3t AlZ localization loss
functione Atstch, 18] o]E AEF HAA] class score?l T
gd83ro=HN false localization wAE sldsy HAFEE UF
Rt Edl=

SAE, & =52 7€ 84 gs WHeY w2 AN EAE
fAstaAM T, & AFES 54387 98, mixture density network

B

[20] & AFE3lo]  single model 7]4HES]  single forward pass®

g

classification®} localization®] S+ taskel]l W3t uncertainty o=
WS Aokttt 183l 5 taskolA]  aleatoric¥  epistemic
uncertainty 915S 138 AEE classification loss®t localization
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2.1 A €A (object detection)

Al & stuoelt}.
18 AHE o F3=
classification®} EA2] 9% 4 =7]= o =3}= localizationo] A4

Object detection< computer vision® Tth3EZA <l

Object detectione 19 2.13} #o] &A1 7}

FAoltt, dniA o7 Fufe]l olux] 1 oyl e EAES o =slof
stm & classification Rt} o8¢ EAolw, A&Fd [2] S 7

PN
2l

- 71% [21] o]t} Object detection
= O gg H9E W7l A8 JEd 718k object detection
gHsEe] &s] AFEH ot [1], [22]. H27HK HES A
A=

ol ) g

application®l] A+

ul o
s

AekEo] ghon], AFewuwer opet
e ook

aA F

Al &m Ed

detection ¥ HF

[23].

7HA Ao ®

Single object

Bus
-O—O}

Classification

Object detection

19 2.1. Classification¥} object detection®] =}o].
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2.1.1 Two—stage object detection

Two—stage object detection =212 13 2.29 7] region

proposal stage®} detection stage (5, bounding box regression¥}

classification) 2] ¥+ 7}A] stageE <<=xFoz F3Ydh= W2lolt)

=

Region proposal generatorw ©oJu|x|oA RE 39S scanningdh+=
sliding window W4 [24]13= g2A4, EA7F & HE 99

w2 A o= HkA o2 7)E9] sliding window WA H T &840

wg gEge duzoR:

Faster—RCNN [5]¢] <Qlt}.
X

RCNN [24], Fast—RCNN [25], 18] 1

AdlA 0 7 two—stage 7]WFY] object

detection W42 F&ert o4 Al $E7F =dve @&io] gl

Classification

Input image D

Feature extractor

Region proposal generator

Bbox regression ——‘

I\ Classification

Bbox regression

Detection

19 2.2. Two—stage object detection®] X2 A,



2.1.2 One—stage object detection

One—stage object detection ™21 I3 2.33 29| region
proposal stage ¢l°] bounding box regression¥} classifications 3+
Hol| Fast= Aol o] WAL oju|x| B SAe =A7
At 7pgsta, dld YA oA objectnessyt  backgound class
score®  F  AHA =4 A oFE A iz A<d
duE]FOEE YOLO [9]19F SSD [1017F 9lom, Ao =& two—
stage WART AEgwrE doyxAwt, FFs] wE A FZUt
Aoty 197]  wlZel real-time applicationA] FE o]
AHE-ETE [2].

B odTeM e Ay S mE23 a840] Hold one—stage
object detectiong 7|HFC % dygF RAS Aysir) shA| v At
WAlS one—stage WA ol two—stage WAelE A &0
7bestth AlQE WA9] scalabilitys =9 Ad A Aol
Bl

Input image
D_ D D Classification

Bbox regression

Feature extractor Detection

719 2.3. One—stage object detection?] X Z A,



2.2 5%3 s< (active learning)

A TES O9 249 o] Hefd EHo| labelingdt H|oJE
Aol #Hojsto], labeling cost®E &°lal AFEE P77 T+
1oty 554 859 ZEAAE x7] labeled HOJEZ Shg¥

-

2ds 7|dter mdo Ae e E=Eo] HiE=  informativedt
unlabeled Hlo|E& A#stt 7 ¥ annotator (& E°], AF)O]
A e % unlabeled Hl©]ElE labelingste] A% annotations RH=T) 1
5 o] HloJHE 7]E 85 dlolge| F7bstal, 3 ¥ labeled TlolH
Abge] RdS A grEettt. Unlabeled HlolE FollA Rdo] 2 n==
HoleE Adegdol 7] wlZel “informative” =5 YEM= 3
Bote Jo] s%4 grFelAM M Tostt ol HFA
deste JAIHeREE 584 855 survey [12]°] 2 vho}
S1%ol, uncertainty 7I1RF W [26], [27], [28], [29], [30], SVM 7|4t
v [31], [32], query—by—committee 718 ¥ [33], [34], 181
distribution 7]%F &% [35], [36], [37], [38], [39], [40] “s°] ltt.
54 Tg5S 9% AFH ARE AAE 9, uncertainty 715
WSS entropy [41] 28 mutual information [42] 5 °]= class9)
posterior probabilitys AFE3tAY, oS classet F WHA A5
class® margin [28], [43] &5 AF&sIITE. SVM 7|9b W
distance [31], [32], [44]%& uncertainty* ¥ AF&-3F 3L, Query—by—
committee WHE ol REES SYPA R FASIe] A o5
HAFE uncertainty® g sttt [33], [34]. Distribution 7]¥F ¥4
[16]2 ©lol¥ distribution®lAl 7F¢ tixE= HolEEs A™shs
oz gE W EYE gEA 2do oF Ay o&EsHA et
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AEXS) A
[45], [46], [47]. Object detection®l*] %% &S thE AT1E
HE

r

=
o
)

22 okom  gltty stuEtxE 7]E  classification 7]
et WA o] tifEolt [14], [48]. &

o

object detection®.Z 7F¢t3]

=ToA & object detectiond 9% noveldt FFF EF WHES
AQratr, 2 =] A WHE thE A 47 584 g U =
uncertainty WS 7]HFO 2 Shr}
Selection Labeling
Annotator
Unlabeled pool Labeled
hing set
Training
Object detection & =
9 24. %% 8% loop
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2.3 Ml & 8<% (semi—supervised learning)

WA she 1" 2,58 o] Y labelo] A& Ei= labeled
dlo]E ¢} o]u] x| dlo]E 27 T4 ¥ unlabeled H°o|HE &7 A3}
2aS s5Et= 7O ® ) labeling cost A4S A E dkAbo)
Z-3¥o|t}. Real—world problemo| A+ labeled H¢]E]HE.t} unlabeled
tlojgl o] ko] R wow, W2 ¢k unlabeled T|°JHE
labelingdh+= A2 FA3] B2 resource?t A|7HE &gkt o]z st
TAE A8ty 98l oheFdt taskollA] WEA| L= Shgo] &ts] AtE AL
ATk [181, [49]1, [50].

K
o

Training dataset

_____________________________________

labeled data Unlabeled data
Pers

E on E
: l'gé '
| |car | : :
 [ilo=on + s |

b i i
11 ) '.:.._' 1..;



A ke A 5 o7k ger adEd. AAE self-
training [49], [50]C& 1% 2.63% o] labeled H|°]E|& 38F53t
2dS 79O ® unlabeled UOJEE < F3ta, o] odF® AyE

unlabeled Hlo]E 2] A% label (5, pseudo—label) & A}g3l= Folt}
o AZ AFT 5 9= o5 A¥vkE pseudo—label® @7] 93
thresholdS AFg£3}9, confidence’} 2S o= ZAy+= Ay Ystw

confidence’} ¥ o5 AAwS g5 label® AFE3t; o] HFA S

Ddsto| e B3ty £ As5S HolAWE confidence 7]WF FAEH
BAo] Festrw Az s AS Z=7|A7]= EA7F Aok Ed

label A8& 28] ©lg] A3t thresholdel| ol&Estth= TA7F 9l
threshold7} Y% Zrow uwl$ W2 sample©] label¥o] A&s&

A7, UE 52 thresholdE pseudo—label?] &5 &0 & A&

=
N

S anE FA Zstoh 197] witell self—trainings hyper—

parameter® A3 A-so] B3It wAZF Ut
8Training [\ILabeICW’%: f
Labeled Object Unlabeled

training set detection @£ pool

o l Pseudo-label
Training dataset

=55

Object Labeled Unlabeled pool
detection Y & training set + pseudo-label

19 2.6. Self—training X Z A X~



A WS consistency regularization®® 13 273 7o)
B olm x| e} HEHE ojulx] (flipy oln[x)E RH gygoz Y
Tzt 299 o9F Aot HAFHEE RUS dHAl7= Foltt

[18]. o] WHE &Y zFo]= HA3}8F= loss (=, consistency loss) =

Abg3l7] wEo self—training® ™ F7}% <l pseudo—labeld T-3F+=
A4S deg k% g " 2.7 9 2ol labeled HolE7}
dE¥E AHAS ground—truth’7}F OS2 =2, 7|& supervised learning

loss®} consistency lossE @7 gste] RdS E5eiw, 19
2.7() 2} #o] unlabeled H°|E 9 -9+ ground—truth’} §lor-=
consistency loss®=¥F RdS& gty o] WS threshold &
hyper—parameter®] A °]&Es#] 7] wFEo] FHE  object

detection?] HHA|E k5 b= o] WHAS 7|uto g s Al

otk [18] [51].

B =59 Aer WS consistency regularization [18]<

13 A 21



| xoq Surpunog | g

O un @ O ®
I uoneoryisser) |+— DL, . o =~ afewy

N - - | paddipg

| Xoq Surpunog | P

— oOam®, O ®
":oﬁmommmmﬁ b_ — é,.| - é aFewy

Object
detector

[ews10

| Xoq mﬁ%:.:om_T o= Oan ® m

| uoneoIyIssey; D_TQ 6& ofewy

Tt T T ‘ paddipg m

SSO] AQUDISISUO)) | = 5 |

v S 3 |

od Sumpimodt | od Bapunod |, Toms 85 o |
_ o cay °= ) _
SO | T sy | NOMIHSSHD 4y M N chou |
yinag-punos  pasiasadng [ewSuQ

vIop pajaqu] ay3 Suisn Surnif ﬁi

14



Al 3 & Localization uncertaintyS AF£3F A&
3t WE A gA]7]

3.1 B d49 A&

H HejdS 7]¥ machine learning 7]

Fee Bolw s wd [52], A&+ [63], a1 44

2=
ok
o>
%
i)
48
» 9
e

AAE QM FHe ote AsAE, s BAske ZukE Ao
A4 W7l fal A, xR, ZAHE, Ase o AANeR
degs] @A [64]8oF &t} ol d A ©A (object detection)E
sl AHe53 Apbsxk= Jhelel A, 2kolth (Lidar), #lolt] (Radar)
T O AES Fste]l ARgske Aol dWbA [65]oth. o]2lsh
teket AM s FolA Fhelel A el A9, texturest color features<=
THE AgstA dold = Sle Bk ofygl oY AAME
b cost—effective [56]38tth. HF Held 7IHke] shdlet AAE
gge AA @A Tle AMERT 9 F Ko
AT AEate] Q1A Aol FTRETE oAl o, o7 <l
ojm x| ZIREe] AA HA = AEF AAFHA dAE & gle
A2 W2 [21]0] =T
A& AFAE $18 object detection ¥alE]FS th
ol

AS WEESof shoh AAH, E2 A et =2 2l

of\
~
ON
™

o dE A"k

mlm

K
Y
flo
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L7 desit. =4, AE Aol did A Alo] =] wE
e latency #HAE A8 AAZY AP FE7F FF5H ol
A& AFEatdA  d5Aow AREEE Held 7|8 object
detection ¢i]FE 28X AFsixol + F7E E7L F AUk
Two—stage detector [25], [5], [57] £} one—stage detector [9], [10].
FHLol= 24 WY e FHeka, @RS Besty] 9 object
detection ¥arg]FEo] &s] A Holgktt [21], [68], [59], [60],
[61]. Two—stage detector?l MS—CNN [58]2 detectionS

network® ©HeFst F3F layerelA F3slo] Ay HLEE FFAIZ AL,

Ll

two—stage detector?l SINet [21]<2 scale—insensitive networkE
3l wE AES 7FsshAl skt One—stage detector?l CFENet
[59] SSDE 7§+ 2 comprehensive feature enhancement X 55
AHE3l AE AEEE FIAIFAL, one—stage detector?l RefineDet
[60]& anchor refinement module®} object detection module
olg3ste] HE AFEE FHAZT = oE one—stage detector?!
RFBNet [61]< receptive field blocks #-&3t0] JIEE A AT
HARE, 7= A (210, [69], [59], [60]2 %2 AHeg=E 9%
512x512 ©]A<° input resolution°lA A&F3  application?]
"4z 30 fps (frames per second) ©]7%e] AAIZ A £E2&
ek Fetth AARE AP Jhsstd @A [61], W
e e g Q3] A& applicationd] AFE-H 7= AZF Sk =,
ol ATELS ATl A % 7+ trade—off FHoA ¢HFHA

2], ARAoz AEFY AFA AgHo] AgH N BA

olg gt 7]1&2 Wed 7wt object detection I FEY T &

A" F dyE HAEF WYY bounding box coordinates (5,

’ e k!



2k QUAIRE o] ARt dnpy B A= A
et Aot =, Ao EFgAAel  dist AEI7E glo]
deterministicdt ZA¥}WS ZZSEE  mislocalization (&, false
positive) Ao th-§-3FA E3tt). A& oA false positiver 3

EA49 ground—truth ti¥] %% bounding box °l= T Hg&s3t

localization) gH = <&

bounding box &< 9v|shY, true positivex ground—truth TthH]
st bounding box AFE  du|sitt. AEFIH A AbelA

mislocalization®l] 2]t false positives= o= FE3t Ay 2

71 wiiEel wg f¥sitr. 5, false positive® ZolW, AET

= HA=% bounding box® uncertainty®
gfetstal o5 &3] object detection®llA]l false positiveE E©°|=
Aol Fs] Foettt. tsol, A AEF Aeat v AR Qe
25538 application®l| A uncertainty 9] ¢5¥ &89 oL o5
< 7Fbstar Sl ol#fdtk ol &2 Hel'dollA uncertaintys l53st7] 918t
ATEo] 3] S35 o] gt} Kendall ef al [7]-& Bayesian neural
networks AFg3stel HeldolAl uncertainty o5& 3 2P
WS AQKSFSIAL, Feng et al [64]12 Kendall et al [7]19 H4&
Lidar 414 €] 3D vehicle detection®l 2]-83}%] uncertainty s o|53sh=
v S A ekstith kA YE, Kendall ef al. [7]13% Feng et al. [64]&

uncertainty® 9IS ¥ o]E AA|  applicationoA  &&31H

o

Zaltk, Choi et al. [8]¥ Gaussian mixture modelS ©]-£3
uncertainty & AAI 7O 2 of| =5} A& application®l
283191 9, object detection®] ¢} steering angle®l] 283150,

AP we] A

i

steering angle &5 $J&] FH3 2

¥ SEEE-



ol\
N
=
o
o

i

=7} A 7F 2t} He et al. [65]1+= object detection®l|A]
SAANE dSetr &8ss WHS AT sHAIRE two—stage
object detectiong 7|Wte.Z 3&lo] AAI7F g7} ©]¥ I bounding
box® overlap A7} @A) wlFEel AE53  application®l
A g5 7)oll= SAZE QAT
7I1E ATEY olgst EAES Byl fste] # FelAle
YOLOv3 [6]1& 7IWte = &3] A3t AJ=2 object detection

2
2]
dg]ES ARttt YOLOv3: $HHQ inference® 98] object

1
T

off

Ml
et mzi
ki

HAZzol 7bsdl AHEl £x7F ¥As] wE=9, multi—stage detections
WA AL Ag Hx b AFgErF fgeith olest Ao w
YOLOv3E A&F3) applicationel] AME3}7] ZAstspAwk, dxiz o g
two—stage WAEUE ooz W AGLE HolZ] wie
AR A2 £RE FAetHEA g

2 A= YOLOv3E 7|Hte 2 7]Eo] deterministicdt Z23vkS
=934 bounding box coordinates FRE HH ¥ A Gaussian
parameter® R 3}, o]5 318 3&) loss functions A A TTOZEH
= PN S Adksiy 283 o2 g Gaussian
2d¥-HS 23 bounding box regression taskE 93t localization
uncertainty o5 WS Aksth. ESE o S¥ localization
uncertainty® YOLOv3el & #HAe] =&Esto] bounding box
coordinates®] localization uncertainty®} objectness score, 12|l
classE°l ™3d confidence scores® A& FAoA RBF g3}
false positive® W% FEoli AEF AgdEE FHAII= PHe
Aeretty, =, 2 A HEZE YOLOv3l localization uncertainty &
REgsta o]F &8 AR VEY AEFIE Qg Jhdet 7)bk

AAF Ao E E715 Y mislocalization®l] thdk tf-g-o] 7}s3dtt.

: Sk



box headolwt EEl®o] A§u7] o] A F7hEFo] wi-¢- Atk =,
At duHFe AFEE WF FIATIEARE 512x5129 ¢H
resolution®A] 42 fps o] A FHLEE Ho AAI AHYE
Z| 43t} Baseline €ag]&<e YOLOv3S vl A, Ak dug=

Gaussian YOLOv3+ KITTI [66] ¢ Berkeley Deep Drive (BDD) [67]
dolgl oA Z+ZF 3.09 mAP (mean average precision), 3.5 mAP2
wo A8 e BHlnh Anrh Ak &aesS KITTISE BDD
dlo]¥ Z+ztel i3l false positiveE 41.40%, 40.62% FAA1719, true
positives 7.26%, 4.3% <7FAZIth. AyHor A} duFS
dgxeol AHEl {59 trade—off FHolA 53, JF=E hF
A 712 mislocalization A4lE HATH = s

o]

ol A& AF Akl 7 A st

4

3.2 & 479 i3

YOLO [9]+ two—stage detector=9 region proposal "2
il ol AE grid GYE o] A, detection layer (5,
output layer) ¢ feature map= bounding box coordinates, objectness
score 18]3l class (confidence) scores?t ZHHEF A7 5lo]
e inference® o¥] object HE°l ZheskAl stk 1ElV]
o] 71E WA=l vs HdE A Sx7F W mEY AR grid

@9e] AHel®E 23 localization error’} A3 A= A7} Yo}

19 2 5 ui 1—l|



AH&-53 applicationol A ARGH7]ell= A &skA] ¢kt oleldt EAlE
sldst7] sl YOLOv2  [68]17F AlQb= Itk YOLOv2E: EE
convolution layerel batch normalizationS 37}8}1. anchor box,
multi—scale training, Z18]3l fine—grained feature &< 2% &3}4
71 YOLO [91® v HE AgdeE /fdsidith. apARt ofxds] 22
=49t densedt EAl=el s g7t Hhe EA7F vk

b
e

aHeE AT, AZTY gL Ze EA9 WY A% o ds)
2 HE ALyt Hask A&Fd applicationo] AFEE 7=
SHA7F ) o).

ol213t YOLOv2e| ©& Hekshr] flef YOLOv3 [6]7F A|QHE 3ith,
YOLOv3+ 1% 3.1% #o] convolution layerZ% A% ™, deep
network®l| 4] vanishing gradient &4 @] E&°] ¥+ residual
skip connection¥} Z EA FHES 98 fine grained feature®

BE3}

rlr

up—sampling % concatenation 7S A L3S M
TR 542 feature pyramid network [69]$} H]Zzgh WO R
3709 thE  scale°llA] detections S Zolth o5 F
YOLOv3+ ojg] Z7|9 A48 #AEd & Aok & 9 #Als] d9sid,
YOLOv32 §l#go® R, G, B 3 channel o|"A7} 1= d, 19
3.19 HEYAE AAH 3719 detection layerelA =A #HE=S flst
AX (5, bounding box coordinates, objectness score, class
scores)E 9%t T8l olF A¥}E FHEY] non—maximum
suppression® ® & AHgFo =X HF HAEF AYE A= YOLOv3E
1x1¢ 3x39 #& =7]9 convolution filterZ2% FAE  fully
convolution network® 7] YOLO [9], [68]H ™ A2 57} w=w,
o A7|el EAl thelA nE HGEE HRIn. olst #AelA

YOLOv3+=  AH&53)  application®] AREsH7] A 3tste], A&7

20 A L) ¢



AFANA ZE [70]15 2 Sltk. SFAYE, region proposal stageE
AME-3l= two—stage object detector B U= Atz oz e AJIrE
Holth olgst FAE HEsH7] 93l, 7]1£9 two—stage detectores
Ho} AAabgFo] =2 YOLOv3el localization uncertaintys ol =3}
A1 FY Ases FHANE F e 7IHE Ao EN AEFY
F24 ¢ugFE AAE 5 Ut Bounding box?l
o

3+  Gaussian XE2#H3  loss function AAEAAES E3  loss

=1

application®] Y

attenuation® 2 <5 A] noisy3t Ho]E 9 JIAS =Ho] AHILE

gEAFAI 71T, Inference A] localization uncertainty S o3}, o =3

localization uncertaintyS & ol 8302 H false positiveE

35 SRk v el olel disl] ApAE] v

[] nput image Sp
D Convolution layer 8
D Up-sample layer ﬂ
[] route layer
D Detection layer

« Further layers

® Addition
® Concatenation

1% 3.1. YOLOv3e] MER A %,

: B



3.3 Gaussian YOLOv3

3.3.1 Gaussian 293

YOLOv3 [6]9] prediction feature map< 13 3.2%} 7] grid %
370 €] prediction boxE 7FA™, Z} prediction box+ bounding box
coordinates®! ty, ty, tw, th2} objectness score, Z18] 1l class scores@®
TA4EY. YOLOv3E &Al &A1 ofF5 9"|3t= objectness®t sl
EA7F ojd FHEH LE]RIA] oJu] St class scored 0¥ 1Afe] gho =
g3alo], o] 7 e we ZI+o® oA Yo EAles AET
olu, bounding box coordinates< objectness?} classs3 TEHA
score’} obd  deterministic® ¥ Fo® EFHr] wEd HE
bounding box 8] AlFE& & 4 Stk =, #F bounding box7} &vht

=gAex] & 4 Qo Hbde, 2 Ao A A|QFsk= bounding box 9

i

localization uncertainty+ bounding box®l] W3t score &L 3}7]

W&ol A= bounding box7} driy EFAFAE UERYE ARZ
48 7otk

YOLOv3el 4] bounding box regression< bounding box% center
AHl ty, ty coordinate®} box 7] AKX t, (width), tn (height)
coordinate?] FZo] HZAolt}, I AHRELS EA digt Fdo]
stuz dalA Q7] el & ol Hiad HEE ARESHA 4

ty, ty, tw, th 2121l o8t single Gaussian distribution®.Z localization®ll

3t uncertainty® E @ # et} 2 0] Gaussian parameter@ 74
FoX test input x°| thdt &2 yo| single Gaussian model? 2]

olz e} 2}
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pPOLI)=NE; u(x), 2(x)), (3.1)

u(x), Z(x)<= 27t mean function ¥ variance function ©]t}.

Image grid

Responsible grid  Prediction boxes
[dr detecting car T :
® -'BoxOlBoxIlBon'

Lix Tty ltwlth]| [Pobj]l [Po T P1] - [Pn]
L || ] L ]

Boundingbox  Objectness
coordinates score

Class scores

Components in the prediction box

19 3.2. YOLOv39 prediction feature map.

i

Bounding box®] uncertainty 5-& $3 1% 3.3 3} o] 7]

o

YOLOv39 prediction feature map®] bounding box coordinate Z}Z};

Gaussian parameterl Hy(p)¥ FAH(Z)CoE RAFH  Sir,

N

iy

bounding box®] output fi , Sy, ey Styr Beyr Ztws Ay S /b ATk

YOLOv39 detection AHEE Hall t., ty, tw, tu®l W3 Gaussian

parameterv U o] A2k

23 1 - -]
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le:p(ztx)! ZWZp(Zy), Zzw:p(zjzw)’ Zlth(zth) (3.3)

1
I+exp(-x)

pGo)= (3.4)

Inference A] detection layer (5, output layer) 2] Z} coordinate 2]
1ol AE bounding box o FHiL7} HwW, Z}74e] ko] Zb il
uncertainty & WERATE 2] (3.2) A ty, ty & FHE FE AdviEtE p,
w7 grid W9l x, y RS ok SRR 09 1Al gh=
Zhe = 2 (3.4)9] sigmoid function ©.® AHEstH, 4 (3.3)2 7t
coordinate 2] ®#AFC.®E, o] ESE 0 ¥ 1 Abo]9] s ZEEF 2 (3.4) 9
sigmoid function ©.& g3ttt YOLOv3 oA width €} height &
bounding box prior ¢} exponential function [6]2 E& g5 7] wj&o
2] (3.2)°IA bounding box 9] tw, th ER p_, p,= AL AL
=9 s = AREETh

YOLOv3 °lA bounding box 2] uncertainty °¢1&2 {3l single
Gaussian 2282 7% 3.1 ¢ detection layer 2] bounding box
head ol¥t #§3st7] wiZol olZ Qlst dug]Fe AA AAEFS A9
=7Vt ¢t} 512X512 9 input resolution, 10 7l class 7]s=C.%
712 YOLOv3 = 135.24x10Y FLOPs (FLoating point Operations Per

Second) 2] HAAFHFS  Q8FA Y, single Gaussian EdE  Fo=

y SERS LS



135.28x 107 9] Axkere o8ttt = 7] Hld] AAxk=Fo] 0.03%
]

ghell S71skA] 7] wiZell Al £ penalty = 7] QI

e N
Lo I el I e T I3 T By [ 3] [Pobi] [ PO | Pt |--- [ Pn |
L ] L J L J

Gaussian parameter of bounding box Objectness
coordinates score Class scores
|\ — — J/

v

/ A

\

{ 2!

\ “ 18 ”th F]/

19 3.3, At d38lF9 prediction box® AL 4.

I=h 4
=|---p------
<y
=l EETPCEEEE
sy

3.3.2 Loss function A2 A

71 YOLOv3 [6]+% bounding box coordinate®] tdlAi= sum of
squared error loss& AFE3}, objectness® classol| thd} 4]+ binary
cross—entropy lossE AFE3It}h Gaussian EE#H o Z YOLOv3S
bounding box coordinate®] Gaussian parameter® Z= 7] wjito]
o]% 1188ty 7]¥ bounding box coordinate® loss functions
negative log likelihood (NLL) loss®Z ZA|dAgttt. Objectness$}

classel W&l = 7] loss functionS It Z AFE3tt}. Bounding box

25 ._:I_‘_E _.,;_':_ .I.li



coordinate®] )3t A<t loss functione t3 Zth:
L= -S5, %05 yijklog(N(xi]G'k|ﬂ1x(xijk):21x(xijk))+8)’ (3.5)

2 (8.5)9 L& ty coordinate®] NLL loss¢|™, & coordinateo]
g3t lossE (5, Ly, Lw, L2 LA x parameters A&t s BF
TAdsit). Ao W He width®t height Z472Ye) grid 5 2|u|3hH,
K= anchor & Uttt p (x5 © AF FadF9  detection
layer? t. coordinated &%= (i, j)YHA grid center2} kWA
anchorelA] bounding box coordinate V|3t Z (xj)< detection
layer®] &892 t, coordinate? uncertaintyE 2Jv] st} 53 ¢35

bounding box2] ground—truth® thS3} o] AAtdE th:

xUG-ksz XW —1i, yl-JGk:yG XH—j (3.6)
wi=log(™ X’W) hG=log("" ) (3.7)

x¢, y¢, wb, 183 k¢ = o]u]|A] W ground—truth box9 ratio&
olulst, [We} [He resize® ©o|v|A o] width®t heights 27| Sttt
AV 9} A= k WA anchor box priord width®t heights 2 v] 3t}
YOLOv3e|A bounding box2 centroids grid w9 =2 AAtE ),
bounding box?] sizei= anchor boxE 7|WFC R AAteEth wabA
g5 98l 4 (3.5 9 hyper—parameteri= th&2} o] Alabelth:

26 A ‘._, ‘_]l



obj
Wyeale ™ 6

Y= = (3.8)

Ogeate=2-wE xhE. (3.9)

21 (3.8) Wseqre & A (398 o] Abde] AW anchor box
prior 2| width ¢} height 5 o] &3te] AXt¥= FHow sk A =4
Azlel wep 7teAE vEA Fe 9E8s sk 6;}?% ALl g eld
anchor 5 % @A detection layer °l4 7F& A3t anchor o
el A5k loss o Z8A|7]& 98E 3t parameter & (1, jol A=
k WA anchor 2} ground—truth 2] intersection over union (IoU)o©]
P2 Al 1 2 235, i Aol &5t ground—truth 7}
A= A 0 o= gdddr). Logarithm function 2] numerical
stability 2 $13 2] (3.5)9 e 10772 ).

71¥& YOLOv3 = deterministic ¥ bounding box coordinate ¥&
Z93}3, sum of squared error & loss & AFE-3}G17] witol 8hg5 Al
noisy ¢+ dlo]Ee] tf-§3F#] Zstrt. AT E A9 bounding box °ll
st Gaussian E2@ %2 bounding box kel tidt uncertainty =

=93 4 313, bounding box ° tisl]l AFA AAAAS NLL loss

rlr

training Al inconsistent % dlo]Ee]| s observation noise
parameter 2l sigma (5, uncertainty)® loss ©l penalty [7]1& =
STtk =, training A| noisy ¥k Ho|E ] ¢ NLL loss function °fA
=% uncertainty 2 Q& loss #ko] =11, "ol A% loss kol

AR 7] wjEof st do]E] = consistent 3t o] E]o] F=alA] S5
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3.3.3 Localization uncertainty 9] &&

At &a18]FQl Gaussian YOLOv3E o]ujx] Ao sl shue]
uncertaintys  E9sh= Zlo] oy, omx] W HE vttt
bounding box?] uncertaintys EF o F3ttl. =, 449 AE Ao
thal uncertainty® # &3k Zlo] Zhsstth 71 YOLOv3E EA
7% A] objectness score} class scoresW2 11# 3, bounding box
3o ek score AHE= & F UV wWEel HE Al olF 1EEHA
Z3t}, 28y Gaussian  YOLOv3+E  bounding box  scoreSl!

localization uncertaintyS ==& 4 Q7] W&o 7% A] objectness

score, class scores®} &7 o] n#HT F Qloh. A}t L ES =4
A% A uncertainty 7} =< bounding box2 7% detection 4ol A
e HEE 7)€ YOLOv3e #AZE 7IF°l bounding box¥
localization uncertaintys 223t} ©]& &3] objectness score,
class score 183l bounding box% AFHE7} BF w2 AEF Uil
% #HEYXZ=Z, baseline UH] mislocalization®] 23t false
positiveE UE ZFol HEF AHAESEE A ZItE. Localization

uncertainty s 1#3F At A= 715 v gk

Cr. = a(Object) xa(Class;) *(1-Uncertainty ). (3.10)



21 (3.10) 9] Cr.i= Gaussian YOLOv3S HZE 7]olH, o (Object)=
objectness score, o (Class)+ 1A class® score &= 2ulstt). o
2  sigmoid functione vttt Uncertainty..e.= localization
uncertainty® 7% bounding box¥ ty, ty, tw, tn uncertainty® S
olu]stt}, Localization uncertaintyi sigmoid@ Az 7] wjEol
object score, class score?} #o] 03 1A}o]9 #S 7AW, o] Zko]

=75 A E3 bounding box 8] AF =7} k= Zle ov|gi

ki

3.4 & d79 48 2%

At daEFe e HolZl 98 AEFd ATelA
ByAow ol zole KITTI [66]¢F BDD [67] ©HlolEl® AHE
A8ttt KITTI "ol 9 class+ car, pedestrian 18|31 cyclist®
Z 370o)H, 7,4817) ©]u]A 2] training set¥} 7,5187] o]u]A] 9] test
seto® TFAEH. Test seto] thet ground—truth7} A|F %A ¢k7]
&l A3eA training sets WA AHEo R U [54] training
set?} validation set®® ARg-stty. BDD H|o|E] €] classi= bike, bus,
car, motor, person, rider, traffic light, traffic sign, train “18]1
truck©.® ¥ 107l°]™, training set, validation set 121l test set©]
7:1:2¢] vlEE FAAHA Sty AdeA = validation?} test setel
dstol Aes Brran. ¥4 As B7F Al 24 HolH e ¥4 Bt
IoU threshold® A&tk KITTI dlo]Ele] A car: 0.7,
pedestrian®} cyclist+= 0.52] IoU threshold [66]& AF&3lH, BDD+=

29 "-:l:" I "Nl-.|- 1_-li [£ 5



BE classel dial 0.759] IoU threshold [67]%& AME-$Fth YOLOv3<}
Gaussian YOLOv3 3%t& A] batch sizes 643, learning ratets
0.0001% 3ttt} Anchor F7]+= % 3.13 o] KITTI2 BDD training
set Z}7Ztell i8] k—means clustering® 2 FE3+ kS AL}
Ao A GPUi= NVIDIA TITAN XpE A3t o™, CUDA 8.0¢
CuDNN v7 7ol A3 a3l

¥ 3.1. KITTI$} BDD training setellA %% anchor box ZA¥}.

AnchorO Anchor!  Anchor?2

KITTI training set
First detection layer (49,240)  (82,170) (118,206)
Second detection layer  (45,76) (27,172) (67,116)
Third detection layer (13,30) (23,53) (17,102)
BDD training set
First detection layer (73,175)  (141,178) (144,291)
Second detection layer  (32,97) (57,64) (92,109)
Third detection layer (7,10) (14,24) (27,43)

3.4.1 Localization uncertainty % 7}

7% 3.4 KITTIS} BDD validation setellAl A9k 2arz]5<l
Gaussian YOLOv37} 453 #H= bounding box? localization
uncertainty ¢} ToU2] #AE WERATE 2} dlo]El oA 7HE dominant
class?l carell thst A¥olw, thizF <l AaFS Hol7] 93] IoUE 0.1

! LEXE



HoE v B9 HE ToU Ha#k¥ uncertainty & Hatgk= ALl
tfxgko®  ARESielty. 1% 34EF Fd F  datasetolA] EF
localization uncertainty”’} Zro}Z 4= [oU Fko] AAH, localization
uncertainty7b AZFE ToU kol ZopAl= A g1 + Sl o]
A= IoUZF E54= 9= bounding box?® coordinate®] ground—
truth®] coordinate®l 7I7t9A= RS oustE=E, olgst HIAES
EdzZ A &8 =2 localization uncertaintys = bounding
boxe AlFEE aHAoE Yepd = 5S¢ F Stk ol &3,
AZE FAA A Aot HAlo] o =3t localization uncertainty s &-83}o]
mislocalization®l] ™23+ 2 false positive A9 A kAo

7}s 3t

1

0.9 ==—KITTI
—a—BDD

08
0.7
8 0.6
=05
0.4
03
02
0.1

006 0.1 014 018 022 026 03 034 038
Localization Uncertainty

18 3.4, KITTISF BDD validation setelA ToU$8} =3 localization

uncertainty 2] #A.
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3.4.2 Gaussian YOLOv39 A% 7}

A duEFe] ¢de Holr] fls 71E dvE 6], [10],
[21], [568], [59]. [60], [61]13% Agw 9 Az £LZE vwsih
KITTI d"lo]ge] gt A3+ randomdtAl splitdt training setd}
validataion set= 7]& 4% [6], [10], [21], [58], [60], [61]¢]
2 publish® FTE=E ARga] st 9 H7189itt. CFENet [59]&
32 FE7F FNE R ol KITTI object detection leader board®]
A3E ARgsiglth. BDD dlo]Ble] 4% CFENet [59]°] SSD [10],
CFENet [59] 28] RefineDet [60]1¢] BDD test setel tjsh A7}
WAEO Q7] wiel olE ¥ dATelA AREsila, I 219 V&
A= [6], [21], [568], [61]1<> ¥4 publish ZEE AF&3te] 8t5 4
Hrbetdoh &%t s vlwE &l AE WA input resolutions
CFENet [59]3 #o] wWHz o two—stage detector= 372 publish
9] default sizeE AHESIUE A4 A vl Al 2t HlolE[ ] &4
H7b 2= ARESH, Zh dolH 9 IoU threshold= kel ™A€
= AHEET Agx= vuE 98 old  object detection
AFsolA drtd o2 ALE-3t= mAPE H7F metricS 2 AFE-Shr,
3.2+ KITTI validation setel| A #|et dug|&F3 7]E£ AFE9
YeRATE Aok &a1g]E<l Gaussian YOLOv3+: baseline?!
YOLOv3 tiH] mAPE 3.09 percent points (pp) @AAIZITH A&
45 43.13 fps® YOLOv3seF & ko] glo] ojds] AAzE A7t
7}s 3t Gaussian YOLOv3E YOLOv3E A3t o]d AGE FolA]
7% wE RFBNet [61]Xt} 3.93 fps W=t 12 H A
Gaussian YOLOv37}F RFBNet®t} 10.17 pp ¥t J

=5

T
Ass

ﬂJO

= Agse

T AHF

rlr

gt
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L5+ trade—off #AC glerm=wE A vHluE Sl
d18F9 input resolutions 7€ ATE T M S AEEE
ol SINet [21]9] fps&} HI=aHAl Bt& & F7Heth =, input
resolutione 704 X 704% W} -& W], Gaussian YOLOv3e AL+
® 3.29 wHAY rowelAd & F %ol 86.79 mAPE SINet XU}
-F8hy, Ha] % B3 2491 fps®E SINetX o}t W=t} = Gaussian
YOLOv3E old 755t Fg=e Mg 29 trade—off SHA

e
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¥ 3.32 BDD test setollA At Wz} o]d AF59] Hewo}
A HFEE  yekdr AP 238E<el Gaussian  YOLOv3+=
baseline?! YOLOv3 WH] mAPE 3.5 pp At Ay Sk
42.5 fps® YOLOv3s¢t A9l #HlshA Azl AZlE A
Gaussian YOLOv3+i YOLOv3E AlQlst o]d A= FolA 71 w&
RFBNet [61]1Xt} 3.5 fps wW=2th I8HAE F3E+= Gaussian
YOLOv37} RFBNet®t 3.9 pp =t A7), old A= + 71
2> 455 Hole CFENet [59]1% vluls o, Aot duzl&e
3 3.39 mHAE rowollA E 4 Q10| 736 X736 input resolution®l] A
mAP7} 1.7 pp ¥ A &HEE 1.5 fps W=t =, Gaussian
YOLOv3%E CFENet X3t o]d AgE5xHt FFrmg Az £E9
trade—off FHolA 71 53t

¥ 3.3. BDD test setolA A% v,

Detection algorithm mAP (%) FPS Input size

MS-CNN 5.7 6.0 1920x576

SINet 9.0 182 1920x576

SSD 14.1 23.1  512x512
RefineDet 17.4 223 512x512
CFENet 19.1 21.0  512x512
RFBNet 14.5 39.0 512x512
YOLOV3 14.9 429  512x512

Gaussian YOLOV3 18.4 42,5 512x512
Gaussian YOLOv3 20.8 225 736x736
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Gaussian YOLOv3E AF&F3) dloJg¥wt olyg} generaldt
object detection HOJENME F& FSFE A g3iE HIY =
3.4= MS-COCO [71] dHlolgeld ARl <ae]E3  baseline
duelFe Fdgrs) A £ d3E vEkdith. MS—-COCO HlolE =
% 80719 class® FAHY, A% H7F Al &2 evaluation code®
ARG Input resolution¥} 8t Bl F7bel] ARG HolE] HHAZ
YOLOv3 [6]9] MS—COCO A3 Fdattt. & Fal & 5+ 3%l
Aok <438 F2e AP (average precision)+ 36.1%% baseline<!
YOLOv3ETh 3.1 pp o1, g £E+= baseline?} & xpo]7p it
=, ol AxE S8 AY dugES AEFTH HolE¥T of

SJHFA ¢l object detection HOJE]| A% baseline®dt} H2 HAFEE

il

3 3.4. MS—COCO dlo]HelA| baseline®} At &arg|F2] A vl

Detection algorithm AP (%) FPS  Inputsize
YOLOv3 33.0 2491 608 x608
Gaussian YOLOv3 36.1 24.82 608 x608
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¥ 359 ¥ 3.6 KITTI®F BDD doJgoA FHA object
detector?l YOLOv4 [1]= baseline® 3t A&gwe Ay £H=
A3%E vehdo. FrE, #HA $42 Wl DIOU-NMS [72]1&
baselinee]l Z &3t LA E Fes vlust. AES 98
Arg o, A3 hyper—parametert 3.4 &
EQiel e AY AEe wErh 3% 3.59 KITTI dlojefel] dfst
AnZ Fal, At Wyo] A8% Gaussian YOLOv4+i= baseline thy]
32 pp FEAI7IM, baselined} H|RF A2 HE& Hols

9lt}. Baselineo] DIOU-NMSE #£3 dyug|EHiE

<
O
=
@)
<

IS

1o

ok

>
2]

I
LT

57t 1.49 pp FFAEM, baselined} H|523h Ay &5 Rt
DIOU-NMSE #-&3F baseline¥ Hlwattlete At WHS A3
=< ojds] AEr Ay HE7F et olg s AnE

ZIRko = AR WHe AE3t HA! object detection YilEF
baseline®] A7 HEE HlskA FAEHEAE ASEE OF

FgA120.

o)
=

ki

¥ 3.5. KITTI validation setollA] #4l detector?] YOLOv4 2} A<t

2Rl Y5 .

Detection algorithm mAP (%) FPS  Inputsize

YOLOv4 84.62 53.75 512x512
YOLOv4+DIOU-NMS 84.99 53.53 512x512
Gaussian YOLOv4 85.94 53.67 512x512

. 5 A2



¥ 3.6. BDD validation setollA #HAl detector?l YOLOv4$%} A<t

2dol s ML

Detection algorithm mAP (%) FPS Inputsize

YOLOv4 21.50 51.08 512x512
YOLOv4+DIOU-NMS 21.65 50.84 512x512
Gaussian YOLOv4 22.99 50.89 512512

3.4.3 False positive?} true positive® A|Z+3&, X3 H7}

% 3.58 1% 3.6 ZH7Z; KITTI validation setellA] baseline 2}
Gaussian YOLOv39] visual example ZA¥E HOJFTE Detection
thresholdZ+ YOLOv3% default threshold?l 0.5% AFg3stth 19
3.59 AwA ¥ 9 3.69 WA B2 AF dagFol
YOLOv37}F A 28 =A4E 35 7 3] true positiveE A&
HolFt) o] AQst Gaussian R@H I loss function AAAE &3

=
st 7oA loss attenuation 3= bounding box? g5 A E7}

A e 7] wjFoltk, 73 3.59 Tulx 3 Y 3.69 FuA S
S8l At darg]Fol baselined] ZXE AE ARE RAT F e
o 4= 9tk Avirh, 2™ 3.59 AWA By 19 3.69 AHA B
Tl A LuFE baseline?] &3 bounding box #E A

)

H] &3t bounding box d5& T F U5S HojFEHh

¥ 379 19" 3.8 ZtZF BDD test setellA] baseline¥}
Gaussian YOLOv32] visual example ZA3E Rol&Eth KITTIS
npxb7kA &, 2w 3.79 AWA B3 g9 3.89 AWA P AL

dg]Fo] YOLOv3Z) 2H#] &3t B4|5 25 4 9] true positive®



o = Stk Adrr, 18 3.79 ARA 3 19 3.89 AHA FS
Fall Al &aElES baseline?] H74 &3 bounding box #HE 4y

19 3.5. KITTI validation setol 4] baseline?! YOLOv39 A=
A9 o,

39 , _H kl 1_'_]'| e



19 3.6. KITTI validation setel| 4] Aot ¢8| &<l Gaussian
YOLOv3e A& A2 .
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False positive$®} true positivel] X2 H7[E Y] & 3.7
baseline®} Gaussian YOLOv39] false positive®} true positive %
UebdTE Detection thresholdi= ©]de] 53 YOLOv3S| default
threshold #tS A}E-3t}h. False potive$} true positiveS AAFH]
Q& KITTI®F BDD E% ground—truth7} #|%-%+ validation set<
AFESTh &3 54S 98l BDD ¥4 H7F Z=E ARESHe] false
positive®} true positive®s AAFstth @jukstd KITTI 32 H7)
FEo A EA A7) o]d<el bounding boxE false positive®E
FEskA] 927] wlitoltk. KITTI®QE BDD validation setollA] Gaussian
YOLOv3+ YOLOv3 tiH] false positiveE ZHZ} 41.40%, 40.62%
F2A 71Tk AlY7F true positiver KITTI9F BDD validation set
of thsf 7.26%, 4.3% S7FAZIt}. A&81o) A false positive

A B-E FAES WA ste] mislocalization® €18 Al E

IR
N b

b
rlr

1) =)
o

, true positive %7}= object detection ol#]®E <3k X A<l
WAstth, oleldt A¥E nigo® AQb ¢+l Gaussian
YOLOv3+ baseline WH] false positiveE W ZFAA]7]3, true

positives T7MAF, AdH o AEFH AEare] F3d g

T

>~
el
=
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¥ 3.7. False positive (FP) 2} true positive (TP)E

=35

o T

TA A F7L

(GTE= ground—truthZ 2|w]gtt})
Gaussian  Variation
YOLOV3  yoL0v3  rate (%)
KITTI validation set
# of FP 1,681 985 -41.40
# of TP 13,575 14,560 +7.26
#of GT 17,607 17,607 0
BDD validation set
# of FP 86,380 51,296 -40.62
# of TP 57,261 59,724 +4.30
#0of GT 185,578 185,578 0

ddES Aekstth Al &
box Z%<S (Gaussian parameter®

A AEE], gEF Al noisydt Ho|E 9

A 7Y, a9

positive® A YWF11, true positiveE

localization

AAZE A

58, A8

7L 7]¥€ YOLOv3S bounding
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uncertainty =

A& A= ¢
sty agste] ugekdt A=
9 trade—off =

,/_'[:
bt Zapqinh ol#dt o] f &, 2 Fore FF
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loss
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el5
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S7HNZIHAE AN A2 FEE FASE. Baseline din] AlQk

2]
EEE 7H old ARtk ATl w7 Wi e AP Hrf
trade—off Wl 7P ¢eirt. o] o, Ak WS thekdt
object detectore]l A& 7hsstel Aol stk 1 A A<k
S AEFRE AT bt VI AA "@A ARES frjHeR
A 4= 9lom, olo] we} #5338 applicationo]d A 7]oIE

Aoz 7lgec},
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A4 EY S MEFIE AT A5 A
94 AL A% 554 &

2
(5], [10], [73]eltt. =, shgel AREE labeled HOJEI7} Was=
A G4 MEYAS Fgr= e g5 HolgE A58 A
1, #5% 2= dolEel annotations dh= H2 B2 A7
&5 Q73 oldd FAE sidstr] 98, ofe HelHEs 5 /M
informativedt UHo]EE A ®3s}3l labelingd}l®], annotation costE
ZolHAM AL E FATI= 554 St (active learning) [12]°]
gaks]  AFrEo] gt Aty o=w FEA  s52 U EHAY
predictive uncertainty 7]¥F scoring functions &3l Tlo]H 2
informativeness& Irgato] =3 [15], [45], [74] H T}

YESL AL predictive uncertainty® aleatoric uncertainty £}
epistemic uncertainty® % [75], [76] & 4 9Slt}. Aleatoric
uncertainty= Ho]g xo]*9% o] inherent xo]F*9} HHH
uncertainty® occlusion ¥+ visual feature® = [7], [64] Sl
w}e} W= uncertainty©]th. Epistemic uncertaintys REE9] 2|4
Adojz AT, sk dloE 9] <ol whhl#Elel= 5A [77]o] Qlth
548 gHFdA o F FFY uncertaintys: EEPs FESE
AL wWg T8t ukshd, aleatoric uncertainty oA

o %S5 #o3lal, epistemic uncertaintys 55 Hlo]E 9} A ok
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dolE & ¥

rxa

S IS E 2 5 uncertaintyE E3 A dejd Ao A
(771, [78]1&5 & = QW71 wZolth. dwbxom olyd F+ FHe
uncertainty & 9=3t7] 93l, ensemble [45] =+ Monte Carlo (MC)
dropout [46]3 %2 multiple models 7|¥F WA =& AFg&] gk
ojglgt ML F2 AL E BAUAT, 2 A EAF [14], [79]°]
2l k. Multiple models 7]4F ®F2]& w9~ & computing costE L 7-3}7]
el %4 g Al B2 AZEY resource® FRE stH, 53
ensemble?] A UWEHYTS parameter 7} tiZ &7} [45] 3sl=

BAZE otk Al 1E A A MEQLE 9% 554

I

212 Jocalization uncertaintyy 1L 3FA] 31, 27 classification
uncertainty o/ o]&st= HAIZF Stk 1Y PR F54 seSs fst
bt s dHo| =HA Fshr,

o] FollM= A AAl BAE #% noveldt 5% StE WH=

A= —

.

|ek3tcl. Ak HPHE single model 7]WF single forward passs

A3 multiple models 7]WF W dju] AAbgFS ofE ZFaA]ZIT

Je%E 78k, A e 2> JSEE FAET olE fIEiA,

Ak WS localization?} classfication task®] aleatoric®} epistemic

uncertaintys 574 StFelA EF @&t I% 4194 & 5
b

%ol A

po HWPH 2 Jocalization®} classification taskelA + 714

uncertaintys® X5+ dFst7] & UEHAS 7+ E¥  headE
Gaussian mixture models 3l mixture density network [20] %
2y sioy, AjE UMELAE SEet7] 918, inconsistent Tlo]E

= AZ2 loss functions AQEstH, o] &

o
ol

3] regularizer &1&
Z3] B2 robustdt BHS wHETE A|QF scoring function= ©] v A] U
25 =49 localization®} classification 7]¥F uncertaintys< E5F

%83} informativeness scoreE AALsITE TF A dHFoA

uly
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task® uncertaintyS<& @ 8&st= Ao] ST Al =23 QAT
e AdelA  Holw, AF WY e ARbA/] object
detection dloJE] A9l PASCAL VOC [80]¢2F MS—COCO [71]°]A]
Bl At w24 gEF WHS  single—model 7|HEE] 7]
ATERT A7 53, 719 multiple  models  7|HE

WASHE AR A s BoldA ANt HIES tE A

Mixture density networks

I . . - -
1 Localization head ;  Localization
' uncertainty

Scoring
function
: Classification
uncertainty

lassification head

Deep neural
network

Labeled training set Annotator Informativeness scores

% 4.1, Ak W overview.
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42 2 A7 #€ o
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4.2.1 AA gAE A% AT 554 S5
AA FAE AT oA shae Hol dAavh 2Es] Hol skt

Haussmann et al. [14]i= ensemble [45]& AF&3l entropy [41] &2
mutual information [42]& Aitste]l HolHE AEst= WS
AetstAtt. Feng et al [79]12 MC—dropout [47], [81]S A&

uncertainty s 53kl %% SaS 9% dHelEl A" WS
A ettt Aghdam et al. [48] pixel scoreE A4 informative 3+
HolHE Agsts WHS AUk 2, Roy et al [13]1+% informative
golg AElS ¢l query by committee Z|WF WS AQFSFSI T
Sener et al [16]& &< HolE FoA tE dolgE Hd8slr] 94l
feature space® AbEsh WS At on, dld WHe] object
detectiono| A= 53 A5 Holx Zlo] Agxoz Fw [15]
Hdth Kao et al [17]1= S+ 7HA scored A olsto] 54 st
AFE-3F T AW A= region proposal¥ HE o= A}o] 9] overlapping
ratios 7|RFC®E A4tE & localization tightness score¢|th. FHA =
12 noiseol W& o= localization® W3}&#ES YERY = localization
stability scoreo|th. o] HlolHl= & did A7E 7 =2 HolEHE
A8135ke] labeling $tt}. Yoo ef al. [15]+ heuristicdhA] 5 A| 22 M
WS AkskATh sld WH-2 single model 7|WES] FFA gy
Ul T 7FE st Aess Bt o] W 9 HolE 9 target
lossE o=3}l7] 93t prediction modules A|etdtt) HE 2% gy

HgelA M Ee oF lossE Hole  dHolHE  Ad¥sto]
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o= ¢

-

labeling 3ttt
M dwd diFwEe WHe 4], 171, [7912
informativeness score AAFE ¢33 multiple models =2 multiple
forward passes® AFE3Y] wfZel vi¢- £ ARt v]go] AT
A7E o]de B A4S AA BAE AT 554 gEdAgx
localization uncertaintyE 95371 98 heuristicst ¥ [15],
[17]1& AFE38FA Y oFel localization uncertaintyE o S53HA] F3tth=
EA7E ok [13], [14]1, [16], [48], [79]. &, °o]d A& SV|=EE
s APAN, Fgeer AL 8189 trade—off FHolA
HAskA] Eetrh. olof Wi Z, AF WHE & ASdRE L7V 9l
localization®} classfication 7]WF uncertaintys 554 st&olA EF
T3t single model 7]HF single forward pass® 9]
A 5stel 54 gES ST A HE&E dF%

N ia=
uncertainty 5=
A7,

422 T 45 YEH3

Mixture density networke < TFst Hed taskel 283 o
2k}, Choi et al. [8] % steering angle®] regression taskel] mixture

density networkE AFER O, He et al [82]9 Varamesh et al
[83]+ multi—model regression task®] mixture density networks

ALt} Yoo et al [84]+ density estimation®l] ©o]& A &3 ow,
Choi et al [85]+F corrupted H©l°]E ¢} supervised learning®] ©|&

st RE, o] 4= (8], [82]

A1 55t
50
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i
ol

I task?l classifiation taskE 1834 EJ ok Ao, 94 A5

AT+EL bounding box regression¥ classification 7|52

td
i

aleatoric uncertainty @} epistemic uncertaintyE 11884 X3 0w,
object detections {8t 554 g5 wAE qdsH] Xk &+ 2
At -2 object detection®] localization¥} classification taskefA]
Zsta, oles %74

aleatoric¥} epistemic uncertaintysS EF oS

StaolM &E-a

4.3 2AA HAE AT 554

£
)

d

Ak el #A ofoltjol= AAY WEYZY FHE AEA
o= Aoty 1§ 4.28)F o] V|Ee @ #he sk UEANZA
head thale]l &% distributions 3 E= head® t}. ol =
f1ell, Gaussian mixture model?] 74847} EH ¥ X% dF= mixture

density networkE AF&3Fo] A28 object detection @S A#|etsit},

ol
=

ki
ol

‘

-

o

Gaussian mixture model®] kA 224+ mean (u¥), variance (3F),
1813 mixture weight (n% )& FAEY. FoZ parameter®
aleatoric uncertianty (ug )¢} epistemic uncertainty (ug,)E o2 3}

@o] Arte 4 3 [8]

Ug = Yoy Tk 3F, (4.1)
.2
Uep= D=1 7| = T w7, (4.2)

2lol A K+ Gaussian mixture model®] component |+ 2]v] 3t}
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4.3.1 AA GAE ¢33 mixture T2

e

o= A localization taskel] thdt Agr 2da WS

al, 71 % classfication taskell thal] A )stc}. &5 23loA &

ol

A
A=ol, #AF WL single—stage ¥RF o} 2} two—stage object
detectorol = A g 7}53tc}.

B Ao bounding box (b)¥ center (x, y)$ width (w),

4 b

1813 height (h) coordinate© 2 A oJstt}. At mixture model
deterministic #= 9I53s+= A thAle] bounding box® Z+

coordinates 93t 3 79 parameterE o =3t}

— Mean (/'Iix’ .ay’ /jwr /jh)

a A

— Variance (&, £,, £, £,)

— Mixture weight (&, #y, ,,, fip).

— K .
{ﬁﬁ,ﬁ’g, b} L b€ {x,ywh} S At WELAS bounding box

=dgolgta 3, Z} coordinateo] w3t K 7B Gaussian mixture

mf=—2 bﬁj, (4.3)
T e
pr = pf, (4.4)
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*=0(ChH, (4.5)

21o] A n= 2} component?] mixture weight, p= Z} bounding box
coordinate®] & %k, 1¥]3 I 7} coordinate®] variance®
aleatoric uncertaintys v]3tt}. & probability spaceo] {+4|3}7]
& softmax function® 2 & 3}al variance’} 0 ©]4F 10]3l9] #hs
7FA == sigmoid function®. 2 A2 [8] 3grc}.

WA © 2 bounding box regression loss®i smooth L1 loss
[25]7}F 2 AFEE ST ©] loss functione o= bounding box<2}
ground—truth box% X #HUWS sttt 1" 7] wiEof lossolA
bounding box? R34 (5, aleatoric uncertainty) = 13 4+ St
FA7F @t} Localization taskollA #|Qt mixture density networks

i3
S}

>
ol

F7]1 913ll, negative log—likelihood loss 7]RF localization loss&
AQkstr}r, At losst oFdl A o] Gaussian mixture model?]
parameter’}  positive match® anchor (default) box (5,
dy,dy, dy,dp)E 7152 % center (x, »), width (w), Z12]1l height

(h) 9] offset coordinates regression stE= 853t}

Lioc(1,9) = = Zieros T 24 10g (Ches miN (@, 249 +2). (4.6
j (1, if IoU > 0.5.
lj _ )
e _{O, otherwise. ’ (4.7)
i J_ai
9r == (4.8)

X d\l/v' ’
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~] — (gy )

y = (4.9)
gl = log( ) (4.10)
gh log( ) (4.11)

AollA [ 2 o= bounding box? Gaussian parameters, N
positive match 7l (5, ground—truth box$®} match® anchor box
M), K= mixture distribution® 45, A7 & iHA anchor box$}
FHelarg] G9 jHA ground—truth box® matching 9HE LdHT+=
’E jH A ground—truth boxE 2Jw| gt} 213 of A
logarithm 49 4% kA S Y&l e 10722 A3}

19 4.29F #o] classification task® FE=® X3t localization¥}

indicator, ~1¢ 1

Q)

H| =34 2E class 32 Gaussian mixture model®] parameter”}
Hes vyt Ak REe 7t classd HE (@) A (3,
11 Gaussian mixture model® Z} component® mixture weight
(f%)S o Z 3}, Classification taskel4] Gaussian mixture model?]
7} parameter 2] (4.3), (4.4), (4.5)°l uwg AHgHo. kHA
mixture®] class probability distributiona t< A3} o] Gaussian

noise, variance (%) 183l mean (uf) 0.2 AAbETh [7]

ek = pk + /z’gy, ¥y ~N(0,1) (4.12)
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L

A

2|4y &= auxiliary noise variableol®, I ZA7|& 3k 9 pk 7
k=
Classification®|A] mixture density networks e<53st7] <&,

ZolA  anchor box®t ground—truth box® IoUE 1183}3l, hard

o

negative mining< %4 &3t classification loss functions A|<tstt}, &
o zpAs] b, ofl] A3 o] positive sampled} negative sample
Zyztol gt loss®l LEPS 3} LNeg S Wz AAst & dgste] HF

classification loss function< A7 gttt}
LEOS(A,0) = = Xl pos A BK_ w6} — log B o), (4.13)

— sik
Neg(c) — NN D1 (86 — log Xg_0e? ), (4.14)

2o A N2 positive match <, Ki= mixture distribution®] 4, C
class %4, M2 hard negative mining ratio® Jv|gth ¢l = MA|
anchor (default) box$ matching® HA ground—truth box2]
ground—truth class (G category), ¢5+ matching A 92 A
anchor box9 background class (0 category)ZE 2uw|3dtt}. gk =

4128 AE golw, i = A 46904 AMgE A} Fdsch

Negative® matching® EE samples 2& 7 dale], Aekst

‘

o

mixture classification lossE AFE3sle] X& negative samples<

ddst & M =2 lossE Ze A9 sampleFH  MX NZFARE

Aestoe] stg Al AbESith Aol M & 3 [10] o2 A4St
Mixture density networks AF&3F A<t object detector® #H&

ot losst U= gt
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1 Pos Neg ;
L = {N (Lloc(ﬂv l; 9)/77 + Lcl (l; C) + Lcl (C)) ) lf N > 0. (415)
0, otherwise.

>

—

o5 Ni= positive match & 2nlatH, AdeA n& 2 [2]E
a= 3

Inference°l4] bounding box coordinate (R, )3 Z} class?

(ol
o

confidence score ( P, )& oFdl A3 o] mixture model?]

coomponent=2] ¥ & Fa AAtstoh

Localization: R, = YX_, nfuk, (4.16)

Par] . K k eu{'c
Classification: P; = YT = (4.17)
25 e

4.3.2 553 ES Y3 scoring function

&4 gFeolA scoring functions ©]u]A| €] informativeness
score® AlAFSTE A9t scoring function ©] 7] 4] 2E B4
bounding box$®} classell Tt 3t aleatoric uncertainty®} epistemic
uncertainty s 1183ttt =, oS53 B = uncertainty s ARESto] {1
olu]#] 9] #<& informativeness scores AAFSHc},

= 9 AAS AEE 98, U = {u¥} & olnA ZIFelA aleatoric

uncertainty =+ epistemic uncertainty?] oz AA 3}, o 7] A
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ud = Al ol R jHAl objecte] thE uncertaintyE 2n]3ho),
LocalizationlAl u¥ = 4719 bounding box coordinate®] tfdt
uncertainty HI S  ov]dtt}t.  Bounding box® coordinate©]
unbound o] ¢la1, o]u]x]e] whe} uncertainty #%e WH7F ©E ¢
A7 W&ol Z+Zb  uncertaintyES ol 23} o] z—score

normalization .2 =] &] 3t}

i = @k (4.18)

g8 gs o) Ax gol oy EAES = 7+ uncertainty 9

u' = max;uV. (4.19)

A Agst RS F3 ofel A Zo] b ojm A & F 47
A2 Y& normailzed uncertainty® QEU classificationel] st
epistemic uncertainty®} aleatoric uncertainty, localization®]] th3gt

epistemic uncertainty 2} aleatoric uncertainty.

O S i
u = {Ugp,, Ugr,» Uep, Uaty - (4.20)

N

npA w7 7 o)
single score® H7Alsk= Zolth v w54 a5 AT [13], [14]1%}
ol HYgk T FE AMESHE scoring functions Fa, oS53

uncertaintyS< AAst= thekdt 23S AdoA g st}

Joll i3t = 47}4] normalized uncertainty S

-
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4.4 & 479 4¥ 2%

2 el AjE W 54 =
A HA UEYA At mixture REHS HEFS wo] ayE
Bl 3 5% a&oa A¢F scoring functiond o] AFET}9)
t}.

Ao thE A<l object detection Hlo]E] A9l PASCAL VOC
[80]1¢F MS—COCO [71] dl°|H& AR&3th. PASCAL VOCi: ¥
20709 class ZHelag]2 FAE dolgoly, gFeolx= VOCO7
(VOC2007) trainval %X+ VOCO07+12 trainval (VOC20073}
VOC20129 A& ARE3eh B7F Al VOCO7 testE ARG-3Heh. MS—
COCOx= ¥ 807M9 class ZHElEl2 4% dolgo]H, shE A
MS—COCO train2014& AF&3F3L val2017% ¥ 7}sto}

&4 ES 9% baseline ¥ FOEE o] A= [13],
[15]eA 498 2*old VGG—-16 [87] backbone? Single Shot
MultiBox Detector (SSD) [10]1& AR&3tth. AolA F iteration
120,000, batch 7]+ 3299, stochastic gradient descentE
AFE3kt HY learning ratex= 0.001¢]9, 1,000 iterationZ7}A|
learning rateE warm—updttl. 80,000 iteration¥} 100,000
iteration®| A learning rateE Z}zZ} 1002 o] sh5sit), 23 o A
Gaussian mixture 7IE 470019, 3¥9 =¥ AdS 53 mAP9

B mEade 4% e Bhan.

o
1
i)

Y5e ww

o
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4.4.1 AA GR A mixture ELH a3

2 FoA object detection®] T3 A|QF probabilistic FEH <]
#7E PASCAL VOC8 MS—COCO Hl°olHE &3l ®ltt MS—COCO
do]H A= train20142] AA dolHE AFEskA &3, random
samplingate] 5,0007H¢] dlolHE Abgste] ShEdivh. Alqk REl]l
Oursemms SSD [10]¢} o8] WEHYA FAHE (5, localization head
L= classification head®olA] single =+ multiple Gaussian =2 &o]
Ag9 2d) ¥ vl g

3 417 4.2+ 747 PASCAL VOC073 MS—COCO°IA At
293 paseline 183 o#] configuratione] w3 AT A=
YERATE (3EA Loci localizations, ClI classifications &]H]).
FelA = § 9l%], probabilistic REHE g BE R0
baseline?l SSDX.t} A H HFLE HY &

Age wdol A7} baselineHTh

£ 3], mixture networks
ottt o]i=  aleatoric
uncertainty® loss attenuation ZEI}E
] Fo)t}. o]= %3, noisy Ho]Ee] robustdt RS IS

Normal metric (IoU>0.5) ¥} strict metric (IoU>0.75) & =5 18
w, AF EA Oursemms PASCAL VOCO78+ MS—COCO®IA EE

instances % baseline®th F & L7} 935t}
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3% 4.1. PASCAL VOC 2007 dle]g oA At =&} o] instance Y

=

baseline¥2] A3 % v 1w,

Method Head IoU > 0.5 IoU > 0.75
SSD - 69.29+0.51 43.36+1.24
SGM Loc 70.20£0.27 45.39+0.23
MDN Loc 70.094+0.22  46.01+0.27
SGM Cl 69.95+0.41 44.25+0.26
MDN Cl 70.474+0.17 44.474+0.06

Oursgmm | Loc+Cl | 70.19£0.36  46.11+0.38

X 4.2. MS—COCO tlo]E| o4 Aet ®dl3} o8| instance

baseline¥2] A&%x H|1.

Method Head IoU > 0.5 IoU > 0.75
SSD — 25.634+0.40 11.93£0.60
SGM Loc 27.20+£0.08 12.70£0.16
MDN Loc 27.67+0.12 13.53+0.05
SGM Cl 27.23+£0.12  12.50+0.08

MDN Cl 27.33+0.09 12.67+0.09
Oursgmm | Loc+Cl | 27.70£0.08  13.57£0.19

1% 4.3+ object detector?d HFAE =

A gk Lo

o A7

RojFEry, - B 4 %], Zb uncertainty #H< 5 H=
ofefel thall FJulst AW E AT}t (1HAA ZEH 53 AAE

e

471A]

o

.

=i

=~

AR ST A

uncertainty =2 score®

uncertainty #<& #HA EAD. ZHAA ug, 9 ugy, = Z4Z bounding

box  coordinate®l

o gt

aleatoric

61

uncertainty £F
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uncertainty s WEFH™, ug, & u,, & 7 classificationo] g
aleatoric uncertainty$} epistemic uncertaintyS WERHATE 1S
28 & 4 Q59| localization uncertainty =< bounding box% <=
Azl #Hol Qlom, classification uncertaintys< class9
ZH L] oS3 Aol vk SulEAE, o] oAEelA o Fo] #HRE

% ETstal 7} uncertainty #E<> correlation®o] #th. =, 7t
uncertainty gtE°l TS AIdss SHHOER A5FE F e
vepdich olggt AdEERYH  AF BRE"ES AE3st object
detector+= single model 7]H}F single forward pass@® uncertainty =
o 53}, object detection HEH AL e TG AS & &
Atk o AddeA o]# 3t uncertainty #ES

=
Argsro 24 HolH sampling ds2 FAAZ F S HAh

-

b, s F
o
g’{mmm&’ s-n-‘.m;:.} ;k'-"i‘:(" =

Uqly: 3.60 Uqgl,: 0.96
u€pb: 1-06 u€pc: _0-19

.
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ualb: 3.45
Uep, : 0.88

Uaty: 1.49
Uepy: 10.39

Uqgl, - —0.57
Uep,: 0.05

Uqr,: 0.86
M — D88

Uary: 1.77
Uepy: 810

Ual,. - —0.75
U 0406
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Uat,: —0.82
Uepy,: —0.37

Ul —1.09
Uep,: —0.38

Ugy,: 1171
Uepy: 1.31

Ugi,.: 8.80
(O

Ugpy, s 0.74 Uqr,.: 1.06
Uep,: 0.80 Wepe: 1:14
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ualb: —0.19 Ugl: 1.68
Uep,: —0.35  uep.:10.06

19 4.3, FAE3E o =of )3 localization?} classification?)

aleatoric uncertainty £} epistemic uncertainty 2] <.

4.4.2 553 & HJ}

= Aol At 54

1%
o

% WY S PASCAL VOCSH
MS—COCO HelH A s B7tste] BRIt 554 gh5elA initial
sets VOCO7 dlolg o4 2,00070, VOCO7+12 dHolg A 1,0007H
[15], &2 MS—COCO HdelElelx= 500071 [17] dolHE

randomd}A] A &&le] S5l Initial seto®  dGE w2l

Hﬂ

unlabeled ®Ho]H 9 AAES o538k, 95 ZAAl5S non—maximum
suppression®® AHgd & FJHHE HE A uncertaintys=

A AT, AQEst scoring functions ©]v] X9l #H<%E informativeness
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scores  AArstzl Qs Ee HUgE ARESte] o 5E
uncertaintys< FA St} 1 & RE unlabeled ©|9 X &9 scores
ZIRte® AY & 7 %S score: ZE HlolHEFH F 1,00071¢
dolgE A9 [15]stth. T8l A"E dHolHE g dHeoly Al
!
3

F7Vstel mEls T shgetth olEldt w4 g% RS AS
F3sly, < A] ImageNet pretrained weightE AREs] ZdS
Z7]3}gh

AHA  Ado A= localization?} classification head Z}ZHe]

21
aleatoric unceratinty®} epistemic uncertaintyE oJ# ZXgOE

AAFI, o159 $EA A% A%E wmath B o A Ba,

o

random sampling ¢ + 77F4 A9 scoring function® A%

1o

vl w3tk FAWA = classificaton 3 localizatoin  task 2zt
40]1*4-_

FHA = localization ¥ classification headollA] aleatoric¥}

aleatoric uncertainty H+= epistemic uncertainty < AR5

epistemic uncertainty @] 3rol™, AWM A= localization®} classification
head®l| A aleatoric uncertainty H+= epistemic uncertainty?] o]t}
YA = localization 2} classification head®l| A aleatoric
uncertainty2}  epistemic  uncertainty 2] sto|t}, CHA W A =
localization Hi= classification®] aleatoric uncertainty®} epistemic
uncertainty 8] FHUzgkolw, AXNHA = localization?} classification ]
aleatoric uncertainty 53+ epistemic uncertainty® FH9zko]t}.
A e 470 8] EL= uncertainty 52 FHuUgkolth 2 Ao A= £
4.3°] vebH,| ARE HloJEl&= PASCAL VOCO79] 4L, 4,470 A 153t
A8 AYES ek FoA & S 9159l localization¥} classification
taskol|A] aleatoric uncertainty®} epistemic uncertainty® A3

AFE-3F scoring function®] 7} 53t oS HAY, oA Hebd,
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o =
AT

T4 srFA EE tasks 9l
) S
scoring functione

B3l

¥ 4.3. PASCAL VOC 20074 ¢J8] scoring aggregation function2]

AT

RERT

oleld A

uncertainty =2 9 gS AR

3500k

Zifbe 2 vy A

[o
>,
i
=2
>

Aggregation mAP in % (# images)
function Ist (2k) 2nd (3k) 3rd (4k)

random sampling 62.43+0.10  66.36+0.13  68.47+0.09
Ual, 62.43+£0.10  67.06£0.18 68.84+0.18
Uep, 62.43+0.10  66.75+0.26  69.01+0.17
Uql, 62.43£0.10  67.09£0.09 68.75£0.08
Uep, 62.43+£0.10  66.51£0.12 68.95+£0.13
Eje{uﬂib.u%} T 62.43+£0.10 67.01£0.10 68.58+0.29
e {tar, uen.} Vi 62.43+0.10  67.07+0.27  69.03+0.20
€ {ttaty thate} W 62.43+£0.10  66.96£0.08 68.92+0.23
€ {tepy tieps} U 62.43+£0.10 066.49+0.14 68.62+0.24
Zje{uu!b-uepb-.u'alc-.uepc} u; | 62.43x£0.10 67.04:028 69.09=0.30
MAXj € {ugy, up, } Ui 62.43£0.10  66.82+0.21 68.95+0.22
MaX iy ey} Ui 62.43+£0.10  66.87£0.14 68.99+£0.31
MAX;e {uar, uar, } Ui 62.43£0.10  67.18£0.10  69.06+£0.25
MAX; € {u,,, uep.} Ui 62.43+£0.10  66.72£0.10 68.99+0.21
MAX € (w1, e, at, Uep, } i 62.43+£0.10  67.32£0.12 69.43+0.11
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¥ 4.4 localization X3+ classification taskol|A aleatoric
uncertainty B epistemic uncertainty= AFgd] AMElE do]g 9
overlapping H]& ZA¥}o]t}.  Localization taskelA]  aleatoric

uncertainty 2} epistemic uncertainty® AE¥E dHo]E 2] overlapping

(o]

T

H] &

uncertainty 9

classifications 3$HA AR
% asit &, o] A9 E F

5,

41 2

744

A &

4.4, 7+

FH

uncertainty =

Hejg

overlapping H]&9]
g A

A

71

PN

To]

AR

%4 sl A o)A sampling 4SS FAA

task?] aleatoric

TC =
AT

33% °]tt.

9 overlapping H]&0]

7}7}e)

Aeel o

Ok A] o]

t)o] 8] 9] overlapping ratio (%) 24}

epistemic uncertainty &

48% ©o|t}. Classification taskelA& aleatoric¥} epistemic

1 2-9], localization®}

Aol 14%=

3l localization?} classification task2]

AE=

o

- AR uE
= 7kskH,

o=

A

Localization Classification
Aleatoric  Epistemic | Aleatoric  Epistemic
ua.!b uepb Ugl,. uF:p,;
Ugql, 100 48 6 11
Uep, 48 100 7 14
Ugl, 6 7 100 33
Uep, 11 14 33 100
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E 4.5 VOCO7elA Ak ¥} o] Ag5e] o4 %
ot 9 AR vlE vla Adoln. AAF vl&S vlashr] flE, 7t
w ol 2 Yl parameter ¢ forward times A3t Adbd O
& forward (backward) step¥ #2 E® A7|= StE HE3
=4 859 dolg sampling Al7FS 7HAAIZITE [88], [89].
&4 o datA H
At Gaussian mixture model architecture®] &3t B =
] reproducedtt}y. =, 7] W& baseline =2 Oursgmm™
#e REs AREEH Ensemble®] ¢ BluE flal 3709 S¥€
nd [45]& TSI Y. MC—dropout> SDD 7|WF Rde] extra

u
-

o[ r
o
okl

_

wst7] 98, 7]E& sampling

(

P o2
rE
T
o

o

¢

feature layerolA 5WA convolutional layere] p=0.1%] dropout
layerE F7}8F3t}. Image® score AARS $3] MC—dropoutel A 25
forward pass [45] 5 AF&-3F8lth. Ensemble, MC—dropout¥ entropy
ZIRE W el g, 71E dg-Eel AW AAF classification head?)
i entropyE image® FHF score® AMEEATE [14]. Core—set
[16]& VGG—16 backbone©l 4] fully connected layer—79] features
AFE- [15]3F3AtE State—of—the—Art (SOTA) ¢a2l&<¢l LLAL
[15]13 wwE &, [15]eA ARYSt Jearning loss prediction
modules ARF Gaussian mixture model 7]HF object detectorell
THG G, vpxer e 2 AP XAl random samplings baseline &2
AREsEaith AdelA 7IE ATEF Ab WS A dud A

stAo] wel B5F =3t hyperparametersS AFESFRTE E 4.5004

2 9lxo], AlF A W<l Oursgmmo 5 & single—model 7]H"F
T4 g5 WHE (101, [13], [15 Hop 53 & Btk

Multi—model 7I¥F 5524 =5 [14], [79]3 ¥jugS u, A<t

e T B SRS Roln, e AN ulgel ug Aok

AL -

mlm
22



e Aol Ak €9 trade—off SHANA 78§58},

¥® 4.5.VOCO7A &4 grFeo A% W A4 v§ v,

mAP in % (# images) Number of Forward

Ist (2k) 2nd (3k) 3rd (4k) para. (x10%) | time (sec)
Random 62.43£0.10 66.36x0.13 68.47£0.09 52.35 0.031
Entropy 62.43+0.10  66.85£0.12 68.70£0.18 52.35 0.031
Core-set 62.43+0.10  66.57£0.20 68.57+0.26 52.35 0.031
LLAL 6247£0.16 67.02=0.11 68.90£0.15 52.71 0.036
MC-dropout | 62.43£0.19 67.10£0.07 69.39£0.09 52.35 0.689
Ensemble | 62.43+0.10 67.11£0.26 69.26=0.14 157.05 0.093
Oursgmm | 6243010 67.32+0.12  69.43£0.11 52.35 0.031

7 =& ASEE Holi= LLAL [15]¢1A o]n] Aaw o8 A
AHRES Fustt). LLAL [15]914+ core—set [16], entropy [13],

23 LLAL [15]1¢ VOCO7+1201419] 557 &%
AEEE At 54 ss Adents vlustr] 98, LLALS

S
baselineq! SSDE 7|Hte 2 55 H]

it

at, LLAL [15]¢] A3 =
2 #dA4S . o] 98, A9t XAl Gaussian mixture model
719k YIEY T oA A|¢t scoring function® ® sampling® HoEHE
7}A 21 SSDE st53dle] A& %= E v|w et} Initial training seto] w&
de adE HF5e] 9@, M2 YUE random seed® F 5 FH
A (F, gts B F7h & skt 1 A3 B mAPE 0.52460] 12

#F B 0.00302 Wi A2 Has BV wel A A

K
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initial subsete] W& JFo] X AFS & F Qv E 4.6
VOCO7+12914 single model 7|WF 5824 &< Wy At WS

Hlw g dyolty. AxE Fall & & %ol At S EE single—
model 7|¥F WAERT o] sttt 53], viAY sF4 I
iterationelAl At WHLE  0.7598 mAPe] AFoE T EE
AT S BHAW LLALS 0.7338 mAPX.T} 2.6 percent points”

, single model 71§t &4 5% WAE T AL @Yo

=
=
$3,

iy
iy}

¥ 4.6. VOCO7+12°4 At w3} 7] single model 7]4F ¥ &9

AEE H)iL,

(e}

# of labeled images Random Entropy Core-set LLAL Ours gmm
1k 0.5262+0.0062  0.5262+0.0062  0.5262+0.0062  0.5238+0.0028 | 0.5254+0.0017
2k 0.6082+0.0019  0.6123£0.0081  0.6236£0.0052  0.6095+0.0042 | 0.613040.0040
3k 0.6423+£0.0022  0.6357+0.0091  0.6590+0.0043  0.6491+0.0047 | 0.6556£0.0051
4k 0.6633+0.0018  0.6694+0.0021  0.6763+0.0021  0.6690+0.0028 | 0.6843+0.0043
Sk 0.6751£0.0017  0.6870+0.0015  0.6888+0.0048  0.6905+0.0045 | 0.7077+0.0019
6k 0.6860£0.0050  0.6982+0.0011  0.6944+0.0032  0.7035+0.0055 | 0.7252+0.0027
7k 0.6927+0.0016  0.7018+0.0027  0.7016+0.0013  0.7149+0.0066 | 0.7352+0.0025
8k 0.7010+£0.0017  0.7112+0.0012  0.70834+0.0012  0.7213+0.0060 | 0.7453+0.0025
9k 0.704440.0047  0.7166+0.0031  0.7115+0.0016  0.7273+0.0030 | 0.7509+0.0014
10k 0.71174£0.0016  0.7222+0.0024  0.7171+0.0025 0.7338+0.0028 | 0.7598+0.0021

olAl= VOCO7+1204 Ak WH ¥ 7] multiple models 7]%k
Hk2lol ensemble [14] 3 MC—dropout [79]< v 3t} Ensemble}
MC—dropout<> 3% 4.5°14 A9s & Al HE&& SSDell % &-3}o
des= vlusty. F4d3 ¥uwE 98, LLAL [15]1¢9 A% =4
S gEY. % 4.73 % 4.8 A9 WYY multiple models 7]

2 |-& vl Ayoltt. £ 4.7°4 & F 31XO]

R
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illy
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oX
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Aok WS ensemble %

fwd®} 50 fwd
fwdE o Ex

%71 baseline?!

] 7o)
uncertainty =<

ATk AL R

uncertainty 2} epistemic uncertainty <=
parameter’} ZQsfth, 28 7] wjEo A

SSDHE Tt} At} Ensemble 7]

baseline?!

MC—dropout ¥}

719 gl
H] -85
MC—dropout®] 7-$ dropout layer’} 37} parameterS L 7314
SSD$} parameter 71 & U3},
8 oJ2] W9l forward pass’} &Lt A7}

= f# =49
i3

W 9] parameter

el 7

T+ ensembled|A AFE3d+ SSD S=¢f w]#gtt} [90].

H]-§-0]

24 A,

SHel M 13 s,

=, A WS

¥ parameter
I 4.8914
T %ol Ak W& MC—dropout®} ensemble”]vF W B} Ak
Azl AL v

single model 7|¥FellA single forward pass@®
T2 2 ensemble 2 MC—dropout WHEHT A4
afAolth. % 4.79014 MC—dropout? fwde forwardE 2n|3shH, 25
9] sHA T 50 fwde 74
Q3T Parameter$} #dEE A=,

localization®} classification head®l A aleatoric

layerol F7

£9] trade—off

¥ 4.7.VOCO7+124 A¢F Wi} 7] multiple models 7|4}

sl Aot Bl
# of images | MC-dropout (50 fwd) ~ MC-dropout (25 fwd) Ensemble Oursgmm
1k 0.5235+£0.0004 0.523540.0004 0.525420.0017 | 0.525440.0017
2k 0.6059+0.0026 0.6059+0.0028 0.602040.0093 | 0.6130=£0.0040
3k 0.6660£0.0023 0.669040.0030 0.657040.0099 | 0.6556=+0.0051
4k 0.6890+0.0018 0.6840+0.0019 0.692040.0034 | 0.6843+0.0043
5k 0.7060+0.0045 0.7080£0.0041 0.7150£0.0018 | 0.707740.0019
6k 0.7200+0.0012 0.719040.0050 0.729040.0027 | 0.7252+0.0027
7k 0.7367+0.0015 0.7381+0.0003 0.7429+0.0004 | 0.7352+0.0025
8k 0.7468+0.0027 0.747540.0056 0.749140.0041 | 0.7453+0.0025
9k 0.7549+0.0013 0.7558+0.0023 0.7589=+0.0025 | 0.7509+0.0014
10k 0.7567+0.0048 0.7601+0.0018 0.759040.0032 | 0.7598+0.0021
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¥ 4.8. A<k WY} multiple models 718 WHe] A4 v] € vl
(ZoA] ME milliong 9|3k, secE secondsZ ¢Ju]stt})
SSD  Ensemble MC-dropout | Oursgnm
# of parameters (M) | 26.29 78.87 26.29 52.35
Forward time (sec) | 0.023 0.069 0.412 0.031
#* 4.9% MS—-COCO tloJeleA At 584 s WHA 7|E

WHEY Ae vHlu dyoltt. 553 s AdenRks vlastr] g6,
71¥€ "W ES  AQ Gaussian mixture model 7]8F UYE L 0]
A g3sto] Aee reproducedttt. &, Oursgmm?t sEst HES A

AQr sampling WY 2 7€ YHES F85te] nudth A3 A"

B 4.5004 AHEsE AEE mEt. daE F9 & & ko], At
WAl 2 71E single model 718 554 st5 WAE [10], [13], [15],

—
&
fz
)
o
ojr
o

-aith. £3], VOCO7+1204 71& 75 & 714
A¥ LLAL [15]2 MS—COCO®|4] random sampling@}
HAY, o= LLAL®S] dHlo]lE9 diversityY} densityE

H
rlo
oX,
olr
o
5
o

Hl sk s
a2EsA] P, LLALS loss prediction module®] &%3F taskolA]
A7t @2 AEgS B ditolth. sAINE AQE WS MS-—

COCOME §3F 5= Helt} Multiple models 7145 W41 [1
(7917 Hlm¥S o, A<+ WHLS 7]F£ multiple models 74}

PASRY W He Aduwor Fe FALET Gk ole:

=

AYRE Zd At WHLS B2 class® TAE diversityZ} EH2
o

HolH oA g37F 9l

. B L



E 4.9. MS—-COCO°IAM &4 g5° Jdgx 9 A4 b8 vl

mAP in % (# images) Number of Forward

Ist (5k) 2nd (6k) 3rd (7k) para. (x10%) | time (sec)
Random 27.770£0.08  28.70x0.13  29.83£0.04 116.51 0.152
Entropy 27.70£0.08  28.93=x0.11 29.89+0.09 116.51 0.152
Core-set 27.70£0.08  28.99+0.01 29.93+0.06 116.51 0.152
LLAL 27.71+£0.03  28.71+£0.06 29.53+0.15 116.87 0.194
MC-dropout | 27.70£0.10  29.20=0.09  30.30+0.08 116.51 3718
Ensemble | 27.70+0.08 29.03=0.07 30.02+0.06 349.53 0.456
Oursgmm | 27.70£0.08  29.28=0.05 30.51+0.12 116.51 0.152

4.4.3 A7 Hlo|g transferability

Hozo] Aol mdlE W2 single—stage object detector ¥wh
olye} two—stage object detectorol®= #& Zlssirh AlQF 2EE
o] FgAS Bol7] 98 thEAQ two—stage object detector?l
Faster—RCNN [5]°] Aot 2497 WHE A Este] doa Plagth
e A= Faster—RCNNe] FPN [69]0] #&¥ RdE AREsr)
A% deolHEE PASCAL VOC07 HelHE Abgsth % 4.102
Faster—RCNNe|| Aqt =dlyg Wy A8 5 Jgr % At
A3E HolEd HAIdE S ¢ 7 UAX =
92 baseline?l Faster—RCNNXt} A& %7} 0.66 mAP IAH T}
], At 2ayg 9 Faster—RCNNE| region proposal stage?}
ol detection WIEH AL &4 layerel #§57] wfitel A4t v]& 4

latency 7} A2l Z7}shA] 9=

I-Ij

i
ol

74 A 21



¥ 4.10. Faster—RCNNoJA Ao mElg] Ag My} 39 4

Al WG Bl

=
,_l‘7<

ot

Faster-RCNN | Oursg,um,
mAP IoU>0.5 75.31£0.22 | 75.901+0.09

(%) IoU>0.75 48.70+0.11 | 49.36+0.07
# of parameters (M) 41.17 42.23
Forward time (sec) 0.059 0.062

Object detection €1 E]FL AEdA U olE HY, =22
detector7} Y& wl wiod A

2 AZE g Ak Blg s Aoty o] RHElolM FEF g
sampling® Ulo|E|7} A2 Bde] mHUt UeAE FAs]
dlo]H transferability A& 3t} Baseline?l SSDE 7|WIo®
Resnet—34, Resnet—50 [52] & ©& backbones ARES E
otel o MEHA FxE ZX Faster—RCNN  [5]ellA AAE
A&sie}, B Ao F 459 vl F% 4 8F iterationol A
sampling® HoJEE AR&stth. ARb WHHOl e Holr] Sl
Hlw e ZE ranom sampling® HoJHE AT ¥ 4112
random3}t7l  sampling®  ®l°]Elet  A}F W (localization}

A Ee HolHE e SEdhe
=

d

oX,

classification®] X+ uncertainty® FH WS scoring function® =
AFE) S 2 sampling®  H°]H 9 transferability ZA¥E  YERAT
Az F3 & & %ol At WHOE sampling® HelHE
randomd}A] sampling® do]E Xt} AEE7F 1.47 mAP 35t}
a8 3 gokst UEY A FFolA A9t sampling WHOoE FEW
Heole7F randomdtAl FEE HolHEY %53 SRS HAu
olgst A¥NES HFoZ  ARE WRE TE  object detection

75 21 ]
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HES AR 2 7hssh, gt

£ architecture©] A& 7}&53s}t}.

X 4.11. 98] UEYA FFoA A<k W2 HolE transferability

‘d%5 Bl
mAP in %

o Random Oursgmm

Model Backbone selection selection
VGG-16 67.77+0.12 | 68.714+0.18
SSD Resnet-34 65.53+0.17 | 67.00+0.14
Resnet-50 64.28+0.39 | 65.73+0.32
Faster-RCNN | Resnet-50-FPN | 72.93+0.41 | 73.60-+0.18

4.4.4 Parameter 917 %

o

2 Ze] AAA Ao mixture MF (K)ol wWE Ae
Hlw sttt 3 4.12% A9t Gaussian mixture model 7]4F U/ E 9] F oA
mixture /W57F 1, 2, 4, 28] 89 W] A x 4 At v g A=
ettt dgxel 4% 1oU>0.5%1 normal metric? IoU>0.75%]
strict metricollA] 32 =3 Ao thst F o} BF AAE
AA s A v g9 A9 B4 parameter ¢ forward timeS

ARE-E Blw etk 3EoA My millionS 2v]éH, sect seconds=

oulgtt, Ad Ao A7 13 89 A HEw7) s g
T Atk A7F 19 A% single Gaussian E9o]7] wjio] Ex3 E¥XE

2 A stA E3}H, epistemic uncertaintyE =38 4 gtk K 7

. 5 A &)



WolAl= A4 fluctuation wiweol AHA Fd RS THFAT|77L
ot ol olf= AL &t=to] WAET. Parameter T
forward time A°l mg} @& xfolE HRITE & AF-o|A = normal
metric?} strict metric®] F&E2} AAF H]E-2] trade—offE L83}
M T e e Bl K=43 AbgEl Be Ads skl

Qe

Ol

¥ 4.12. VOCO7 dolElolA mixture model 7§50l whE g dl
A v]g v,

#of rﬁixture IoU>0.lili]AP (?3U>0.75 # of parameters (M) | Forward time (sec)
1 69.89+0.23  45.18£0.24 29.6 0.021
2 70.29+0.29  45.98+0.38 37.6 0.025
4 70.19+0.36  46.11+0.38 523 0.031
8 70.01+0.29  45.69+0.28 81.8 0.051

o] 9o, At Bdly W] input resolution®] st A
Hol7] s Aot Ed¥} baseline?] input resolution®] W& A%
A3E 3% 4.139] AASEE}, Input resolution® 2= 512x512%F oA
Aol A AREEE 300x300& AREske]l wludd g dde %
4194 st AHA¥F}  input resolutions AlYstile FYSH
Baseline©®:= SSD [10]E& ARgsl™, 3 413914 & <+ 9%
input resolution®] F7Fsll% Ab WX baseline tiH] mAPE ¢
PN (2 input resolution® Al strict metric (IoU>0.75

SSDH T} AE%7} 2.49 percent points FA). =, Ak WL o=

~—
N

g B L



i
to
(o

bounding box2} ground—truth box% =< intersection©]

Ay el FEHX e TS Bolth

O

¥ 4.13. Input resolution®l] W& F3%= (%) v

Method SSD 512 (512x512) SSD 300 (300x300)
loU>0.5 loU>0.75 loU>0.5 loU>0.75
SSD 73.224+0.35  45.7440.70 | 69.294+0.51 43.3641.24
Oursgmy, | 73.50£0.12  48.23+0.53 | 70.19£0.36  46.11+0.38

AlRb 5& 4 8hF W budget numberel WE Ae ¥l A3E
F 41400 AT 442 Felx AdFFTE VOCO7T+12 HolE oA <]
&4 o dae old AT (151949 vl E 918 1k (1,0007H) ¢
budget numberE AFE3l3itt & Ao = F7F= 3k 9k budget
numberd We| 54 S5 ARE vlweth wolx A g2 o] d

A 3 5§ Al wmE FF = FHAeITh A
4.14°14 & 4 A%l budget number’t #H=FF &4 F9
qes FgEol Ak TFF gEe w9 iteration?!  10kel|A]
4% Hvlw A, 9k budget?l ZA-F 0.7493 mAP As& HolAR,

3kNA = 0.7550 mAP Aess Rt Hhde] 1kd A 0.7598
mAPZ 71 & AFdEE HArh AWrA S F  budget number’}

Z oA 7] wiFEel AR
application @ d©loJg <Fef w2l ¢UrE budget number A7 0]

2 @ 3ju},

4255 AA FEA dE ARl

i

O o 1 =]

. 5 A2



X 4.14. %54 st5olA budget numbere] WE mAP H] 1.

L Budget number
# of images 9k 3k 1k

1k 0.5254£0.0017 | 0.5254£0.0017 | 0.5254£0.0017
2k - - 0.6130+£0.0040
3k - - 0.6556+0.0051
4k - 0.6797+£0.0011 | 0.684340.0043
5k - - 0.7077£0.0019
6k - - 0.7252+0.0020
7k - 0.7335+£0.0049 | 0.735240.0025
8k - - 0.7453+0.0025
9k - - 0.7509+0.0014
10k 0.7493£0.0043 | 0.7550+0.0012 | 0.7598+0.0021

=R S5 B3 YL saturation point Q1S 98, =
4.142] 1k budget numbere] W3] FEF &S AL Sy
VOC07+129 RE  dHolEHE AgalA  d5d A (& F
16,551709 dlolg), 77.20% mAP9 AZTLE ®wt}h A, A<
552 shES AFESE A9 14k (14,00070) 9 dHolE Rl R 77.28%
mAPE Hol, A& HolHE AHEAEole ¥ 52 JgEs G
Random sampling® 2 14k ©|°]E]E samplingdt ¥ 8}53F 4

76.32% mAPE Rt = Ao %3z L5 wHow HIr

ok

saturation pointel] #g] Z=Y 4 999, random samplingX.th

5ol $sie,

79 3,_-! 2 1]| &l



4.4.5 Classification loss®l] ™3t =29

4.3.1 AoA Aetst classification loss <o ty T

classification loss® A|¢F mixture RdS <58k 4= itk

LE3(y,¢) = — Xlitpos vilog Y- wkSoftmax (€F), (4.21)
Lo (y,0) = — SIxN vélog TK_ m*Softmax(ef),  (4.22)

2o A yo & yo= 247t ground—truth class®} background class®l A
14 2= one—hot vector®]th. YWA parameter+= 2] 4.13, 2
4.14¢} Tttt 2 2] A classification loss?l 2] 4.13% 4,149
BT (type 1 lossZ A2, 85 A o8 7/He #x F she] Fx9
FeA7E AsHs AV ST A 4213 4.229 A% (type 2
loss® 9], olgjdt LAlZb @hdts = AgE H]lth ® 4159 %
416 717 PASCAL  VOCO079 MS—COCO®IA]
classification loss® 5% g% A3E yepdo. 35 &3 & +
%o, PASCAL VOCeIA] % loss function®] s%24 35 Ae> &
zke] 7 Gl RE, MS—COCO®° A= F loss function® A& *}o]7} At}
Type 2 loss7} type 1 loss WiH] 7t&x &8 £AE &3FA71A4H
class7}b @2 HolHoM = ds &4 mdrt mnleth 2 FelA=
HE ATol Hold type 1 lossE BE AHS AYsAA T, 715

%Y AE AAAAAE AAAA SEA A5 A5 PPN £

p
N
N
>

rr

classification loss A Aol st A7} &% & a8t}

32
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¥ 4.15. VOCO7°A classification loss®l] W& S5%7 &% HIde

H] 3,

Cls. loss mAP in % (# images)

' 1st (2k) 2nd (3k) 3rd (4k)
Type 1 | 62.43+0.10 67.324+0.12 69.4340.11
Type2 | 62.64£0.21 67.204£0.22 69.4040.14

¥ 4.16. MS—COCO®| A classification lossol] W& 5%2%

4% v

A%
o

9

Cls. loss mAP in % (# images)
’ Ist (5k) 2nd (6k) 3rd (7k)
Type 1 | 27.70£0.08 29.28+0.05 30.51+0.12
Type2 | 27.38%+0.16 28.6940.22 29.55+0.14
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B Ao A object detections 93 AMELE AE: FEA sk
S Aekekith Ak WS mixture density networkE AFE-3}od,
single model”]%} single forward pass® localization¥} classification

taskol 4] aleatoric uncertainty®} epistemic uncertaintys o=3dh=

WS AgkeRlth. 12l 53 EE uncertaintys& 5§84 SEE
93t scoring functionolA] 23 tl. A3t mixture modeling¥}

scoring function> X9} A4k HlE SHAA Hold A TS
HAT. & FoA = dHFA <l object detection H©]E|AlSl PASCAL
VOCe MS—-COCOE Akgste] wdt Wele ddss s A
W s Btk A At weo] trekdt backbone %

U E Y I architectureol] A& 7538 23S =3 Hh

82 A2t H®



Al 5 AL g5 3% unlabeled d|°]H
e ¥ 9 uncertainty 7|8 B E %3 &

4% AA 9 AR

&%

Eal
E]

o

= 98t
T o2Ads fldl oluA o o A g she e g E 9}

bounding box coordinates2 labeling 3tt}. A WF labeling #H$]2

f
=
E
i

A

X
>

WS resourcest AlghE Q7] wEel, o]#d labeling costE
=017l 9& s%7F T (active learning), WHAE 85 (semi—
supervised learning) [49], [50], weakly—supervised learning [91],
[92], [93], [94], weakly—semi—supervised learning [95], [96],
83 HHAE 5% 4 85 (semi—supervised active learning) [97]
s oheFdk gtE VI Eol AatEol stk

tpekst gk 7 E T YA E 52 unlabeled dH]o]E] 2} labeled
go)E & & Algst= sk W o|t) o] W2 unlabeled Ho]E o
F7HA]L labelings  @78h# &7] wiiel, g st WHWE
labeling costgE 7Fg ol &Y F glow, FHIo=  object
detectiong #IgF WAL 8tg dAar5o] &ds] I v [18],
[61]. sHAIWE, 71& A752 RHA L k5o A v 23
gtom, skFollA unlabeled ®lolEle] 842 eshA] X3
1141 0 % unlabeled WlO]E9] 2 labeled HolH® T 4 @ow,
o] BE labeled Hl°]E]¢} unlabeled HolHE gr53sl7] aliA =

&

Azre] Btk BAZ v,

AL
:\Il[/

1S
o

td
i

o) ey
sl

§2
rlo
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. Fo A= object detection?] localization®} classification 7|4}
informativeness score® %3l unlabeled ©|o]¥] F Telo] ojn] 2z
A1 Sl HolHE FE sk WS Alcbsith & Rdo] A
kAol 7)ol =7t WS unlabeled H|OJEE A AT EHA, AA|
Holg & £o] 299 g5 AIZEE i FAAZITh AlRE W
WA %= gk WR] oi¥] 50% #< unlabeled HOJHE ARE3te] O

A2 8tE teration®®E AEFEE FAAIZITH o] 9ok, B A

d

o
oo

N

52 ¥ 479 #d 9+

Jeong et al [18]< object detection®l*] consistency 7]HFO. =2
A2 stEs AEsh HxO &=wolth. o W I¥ 513 Zo]
A& olm A g} flipd o|m|AE A @A UEL AL dgoz Y, F
A5 Ao AolE FHAgbshe WIFor RUls stEdit). ol 9@,
classification¥}  localization task® consistency loss& Zt7}f

Aeratdet.  ®WEAE g%oA  labeled ©lo]E{ZE Yol  HW,

)

il

supervised loss® consistency lossE 34 AMg&] &S 8,

unlabeled dl°o]E]7} 8 ¥, consistency lossTF O 2 dh<53ktY,

84 A2t H®



¥ v
IR OWAI0
Labeled sumplvl St

Supervised ~ Consistency
loss loss

13 5.1. AA ©AE 93 consistency 7]HF HEA] & Sk5 [18].

A 71 =& AH%S HolE interpolation 7]HF HEA|E

b [51]2 29 5.29F o] mixup 7]HFS] dHo]E augmentations

1%
i)Y

g83] AMZ unlabeled Ho]E &5 loss? interpolation—based
loss functione A<HsEE. 8l ©]E 7]¥ consistency 7|4}
W2 = 8k [18]9] consistency loss®t 7 ARgste], 7M=&
AEEE Atk 27 539 #Zol d& Y olmA] (49} flipd

olm=] (A)E mixup® oJv|AA Mg dojofsti=t], ol& $ldl flipd
oln| A& shuffleste] BE W=, ol& At 3 AbEeto] mMs Wkt
AE dglojE el 49 filp¥E dolE] A& [18]°4 #ItE consistency
lossE AFE38l <55, mixup¥® M} 4 =% BT interpolation 7]RE

loss& AME-3l et

—

rlo

(e
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A Mix; (A, B)

% 5.2. [61]eA A3 mixup augmentation?] ©.

%

)

;/

M

18 5.3. [651] 94 A|et3t interpolation 7]HF

719k B [18]¢] A3,

86

a

1_

HFH 3} consistency



o] WY 2%, self—training® consistency regularization=
Astet Wy [98], ¥E =3} noisy =9 consistencyS WA E
5ol &8 AT [99]7F AQbESATE. shA N, V] i FEe] WA=
g5 doES AR el e T, sE HolH e &4
ZW2 aelstd Erh 2 A= unlabeled UolH O FEAS
s 7€ AL g5 AFLEE FASHEA sE AlbE dF
FaA7lE BRle Ajksith. 2 o] A WHHE consistency 7|HE
HEA] &= €45 [18]% baseline & 3t}

5.3 Unlabeled H|°]E & ¥

oA A|QFs predictive uncertainty 7]®WF informativeness
scorex= E€o] @Al 9l¥g dojEe s RE= AEE AFHOR
et & A 3Eoltl. 5, informativeness score’} W unlabeled
ol Edo] oju] z <y gl HolHE #wd 4 qlal, ¥ g
A5 BRdo] & RE+& doly gty ddd ¢ Qv 287] wiie] W
informativeness score® Zti=  unlabeled UH°o|EH+= AA S5
doleeA] HAEF S sto], 13 549 o] 7]EHT} unlabeled 5

HolHE &9 WAL g5 Aks a7l Aol 7bestth o] o,



& training GO/ H &1 MZ22 training LI O/EH A

Fr—————————— = ——— r———————————

|
l | | Semi-supervised
: :—’I : learning

_______________| —_———————————

Labeled Unlabeled Labeled Unlabeled Object detection
ool ol of & 40| subset C|O|E{ 23

71¥ 5.4. Labeled d°|E 2 e ¥ unlabeled subset Ho|HZ
T WX % SES t HF gy HolE 9 .

At we dely 28" g 17 553 #Zth Labeled
dolg 2 st5E RdE dA| unlabeled Hlo]E 52l informativeness
scores  AAbett}. Informativeness  score<  localization¥}
classification head?] aleatoric uncertainty &} epistemic uncertainty =
T 3183}t scoring function© 2 AAFETE o] 32 4o A At

A 5SS 93t scoring  function® stk 1 &

[e}

r
o

informativeness score 7|WFC.® 7 & scoreE %t unlabeled
tolE 7} A9l indexell 91AstE=SE A Hstrth Informativenss score”}
¥+ unlabeled Ho|EH &= &4 Edo] # E=+ AlFEA Xk
dlojgoln, Rige] A& dA Rdo] & 41 gl dHolHE #dE
Ttk HFHor dAl Rdol #F g1 e HolHE dF
tlojH oA AASEe], Edo]l ofgflst= HolHE 4% unlabeled
subset HoJE|E FE3%ct ol€A ¥ unlabeled subset ©lo]E 2}
labeled HIolHZ HF g5 HolHE A1, 7€ AR F
[18]& ZA&strt. Al WHE 85 ZRAAE HpY = Zlo] ofd,
AEL StE subset HIOJEIE At Zlo|EE V|ES] oy WIAE

s PHSe e A8 4 Aok
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5.4 Uncertainty 7]4%F HIX & 5% 3 <&

s}

of Folld= 4% A} T&4 st WA 57 Al AR
=

= 2~ [e]
54 TF WHEs

st WS 439et uncertainty 7]HF HEA]
AA ek}, F 7HA] Esr WS B AFESHZ] 9IS A, object detection

HE T2 loss function MAA7F HQ3tt}h ol &, 1 563

S

Zo] mixture density network® AFE3F object detection FEEo
unlabeled Hl°o]E 8%5S $3%F consistency lossE EEE it} o] uj,
AE oju| x| st Z} task® o= aleatoric uncertaintyE 7|

consistency lossel] # &3t}

leon—loc leon—toc leon—1 leon—toc leon—

x y con—locy h con—cls

— —— et =)+ B (5.1)
aly aly aly

a
Leons = Z(
Ualy, alc

2N Loncioe & leoneas = [18]e  A53¥  localization¥}
classification® consistency loss®l™, ug <= 21 4.20% o] Z}
task®] aleatoric uncertaintyE 2Jv]ett}, AFANM a= 7, pi= 1.55

Abgsith, 71 WEA R sk Wy FUSkAl labeled HlolH Y -

supervised learning loss® consistency lossE& $HA AFE3}Y]

sk55tal, unlabeled HI©JH Sl 79 consistency lossE A3
Bk

ARMA AR, labeled HOJEZ o5d XHRE % 569 A
Fi (5, 554 g5S 9% uncertainty 915 % informativeness

score AlAH I o] BE unlabeled Hlo]Eo] Wial]l informativeness
scores AARst} (29 5.6904 AFE3F notations 43 FY).

AAFeE  informativeness scores Z|+o® AHUI} F 0 T2
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informativeness scoreE 2= unlabeled Ho|EE Aldo] Ao
&R g5 dlolEeolA FEH ST 183 7]E labeled Ho]E 9t

al
HE Y ¥ unlabeled HoHE Atg3s] WX % dFo=z At ndS
=

Asga. Ass gw F, ol

function©. = informativeness score AArstaL, Al Akgk
informativeness scored 7|0 Z 7M=& Sz dolE HF-E
E74  budget?FS AHsto]  labeling 3tth. ©]#@ Al labeling®
HolElE 7]¥ labeled &+5 dlolEf o] F7}stal, W2 informativeness
scores 2%t unlabeled HolH+= ARde] Aol® H|ERHE &5
tolgelq A"ty I- ths, AMER labeled HloJE 9} HE P
unlabeled H|o|HE A3 WEAE 5o =2 AQE
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5,6 79 A A

2 Ao Ao Aot el mixture distribution® 7HFE

5.5.1 Unlabeled H|o]E] HEH

At W e] S Holrl fl@ thiEA Q! object detection
dlolEl Al PASCAL VOC [80]& AH&s g7kttt PASCAL VOC
dole e A4S 4483 2o REAE g5 BI7HE 1@ labeled
tolEl ¢} unlabeled dHlolE] o] AQsitt. o]F &, 7]E AT
(1819} #o] labeled HlolHE= ¥ 5011702 4% PASCAL VOC
2007 trainval AF€3}™, unlabeled dataset< ¥ 11,5407M=2 4%
PASCAL VOC 2012 trainvals A&ttt A5 F7F Al & 495270 =
T/9%  PASCAL VOC 2007 test® ARgech A¥S 9%
baseline 2%+ SSD [10] 7]8Ee] consistency —regularization [18]&
AFE3Y | localization®} classification® uncertainty 952 3l
baseline =& [10]e] 47X AQFS mixture REH-S 2] g3},

E 5.1 AQF dEE W A8 A3 Fo AgE= (mAP) W
Fo AFE = 3W9 53] Al wE Fd g 25
Aol Alr W] unlabeled HolH HEHH HlES
50%% A7A3sth  Ablation study® 50% ZEH Al random
sampling o} Bdo] & E=+ HolHE 50% HHPI F4E

F7t2 AA g Eol A Randoms- random sampling= & v]3Y, Low

ot
oY
o

UCE= Edo] oju] 2k ¢ty ¢+ (low uncertainty) unlabeled H¢]E &
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st Al AREETE ofmlofth. Al R R 50% HolH dE
A

(High UC) A (&, Zdlo] Z n == Ho|gE Hx % dh&o] AR
[e)

Ao 72.39% mAPE HA dHolElE o AR A (72.27%
mAP) Bt} HolHE AA AL S E E5F1L 0.12 percent points
A7 EZoh wiglE2 Y932 uncertaintyS ZbE= unlabeled H|o]EHE
steell AMESt AS (Low UO) 71.79% mAPZ w7}t shetstrt
Random sampling®.Z 50% do]¥ HEZH Al 71.83% mAPZ Low
UCRT 48 %7F =t} olelgt A3E F3fl, A|’rst informativeness
scorex= Edlo] zF B2 fojelg z 41 Sl HelHE #ddE
Qow ol5 7o 23 unlabeled dlolE FEHLS V|EHUY H
&5 HolHE AL E AT

1% 5.7 At unlabeled dlolE FEH A& Wi Fo g%
iteration Hlal A¥olty. FAg vluwE 98, AA dHolHE A&
A2k At WM OE unlabeled HIolHE AEHAHST HAF =
epoch® ® o5 [10] stelvh. Z1dHolA 2F A= 371 53 A3
gk Fa grolth. BE ™ flo] AA| unlabeled HOJEE A& -5,
8t iteration®] & 120,0008 HQ3kn HEE= 72.27% mAPE
Holth whkdef, AP Wow HAEHS ¢ A$ 5 iterationo©]
80,000 Qs Ao &= 7|EHY ¥ 72.39% mAPE HSlth
Ablation study® A g5 do]HE 80,000 iteration® = 3h5sh
A5, A7 71.79% mAPE ZrAdtth. NVIDIA TITAN Xp GPU
718k 7oA 10,000 iteration 8t<5 Al W2k 2.7 AJto] AQHTE =
At HE YL 7|E oy 8k iteratione 40,000 FAaA]7| B2 Shy
AlZbE Ol 10.8 AR &9 st AlREe] Frobd S E resource 3

E

of HastEE, At WS HHd RHR g aEAS



¥ 5.1. A<k ¥

g A% T WAL g5

e WL,

5}
Labeled data | Unlabeled data mAP (%)

Baseline VOC 2007 - 70.1940.36

VOC 2007 VOC 2012 72.27+0.02

Subset (Random) | VOC 2007 | VOC 2012 (50%) | 71.83+0.03

Subset (Low UC) | VOC 2007 | VOC 2012 (50%) | 71.79+0.13

Subset (High UC) vOC 2007 VOC 2012 (50%) | 72.39+0.04

0.74
0.72

0.7
0.68
0.66
0.64
0.62

0.6
0.58
0.56
0.54

mMAP (mean of three trials)

— ]| data
— Filtered data
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E 5.2 U dyY vlg&ed wE FFx=st g7 iteartion
AnE vepdoh 25%% AEHS A 50% FEHPG ARt
L= Ao fAeAIRE, dHolE o] W] wiie] g% iteration©]
s7tstet. 75% = HEHst A9 5 iteration WEH AL
Aste7b Wol seketty, AFE4F9] applicationo] Wl v &S At
dovt o, & FoMes Mg e FSEE B 50%E HEH
H &2 AMgste] 7]E A9k wlw skt

3 5.2, UpFR AW HlEe] whE FgE vl

Filtering ratio | Labeled data Unlabeled data mAP (%) Iteration
25% VOC 2007 VOC 2012 (25%) | 72.34x0.08 | 99,000
50% VOC 2007 VOC 2012 (50%) | 72.394+0.04 | 80,000
75% VOC 2007 VOC 2012 (75%) | 71.69+0.13 | 58,000

¥ 5.32 Ak WX E Skl Aok

4%

Avtolt.

PASCAL VOC 2007%
tlo]E 2= PASCAL VOC 2012 HolE=
VOC 2007 test® “7}3tt},
do]El&= PASCAL VOC 20074 random sampling 3t}

APl FEA g5 9
AgEI, WA=

96

27 g5e

= o

Proposed= baseline [10]°] 474 #|2t3t mixture F =
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object detection E@o|t}. Randoms random sampling= 2 v| 3}
Oursare- 472 52 85 A3olth Oursssare AE WA= g5
At &4 gas Ast Adxoltt. AWA iterationoll A baseline
(712) ¥ proposed (A¢hH) RH 2] random sampling 23S &), A<t
2dol Agwrt 7E EEEY s g9 vk AR
2do At 5%2 85 (Oursa) ¥ random sampling@9] vl =
8, Ak 54 52 4450l random sampling®t} ¢S & ¢
Atk oA7lel WA R SE7EA A&t A =W (OQursssar), WA
iteration (3" iteration)ellX #I¢t 574 5 W uin] FEFw=7}
1.81 mAP @dsm, At We A&eHA 952 baseline tiH]
=7t 3.47 mAPE )l F FAtE

3 5.3 At RHAE T5A ShEe] gk 43t

mAP in % (# labeled images)
Model | Method S0 md Gl 3 (k)
Baseline Random | 61.21+0.12 65.49+0.12 67.77=0.10
Random | 62.434+0.10 66.36+0.13 68.47+0.09
Proposed Oursar 62.43+£0.10 67.324+0.12 69.43+0.11
Oursssar, | 64.61£043  69.66:£0.08 71.2420.02
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B AolA object detection® HIAE 5S¢ 3t unlabeled

dolg ey HEHES Aoksldoh Aol HWFHE localizationd}
classification uncertaintyE E5 31193t informativeness scores
Abg-3te], Rdo] & 2w 9l unlabeled HOJEE HE 3} o] =

8, AA sk dHolE 5 AAl 29 o Ae ulF A2AT

o]¥irt olyg}l, BE A WHE AT Al WAL TF5F dgEHS
54 oG g uiA 5SS wE F8d 4l din] 9535 =2 ASe
S B B o Al wHE UwWbAQl object detection

glolE] 419l PASCAL VOCOId thebst 435S Za) 1 $44%
Hglom, computing¥} labeling cost 47} # Q3% applicatione

AHgE 7] A et
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A6Fdd 2

2 =52 3AZ, 7]F object detection ¢aE|FY false
localization A& 3dA3st7] $dl, Gaussian distribution 7]qF
localization uncertainty E@% W3} |ocalization uncertainty=
oAFstal olF &3t WHE AT Ve iy EES
bounding box coordinate®] W3l confidence scoreE =34 F 37|
i-ol Z%¥ bounding box oFel o-&stA X3t TAZE AT
SR N, AQF WPHS localization uncertaintyE %3] mislocalization

+AE A5, baseline WiH] H]E AHE {LEE FA 5

A s g Z FAAG
2 =2 BAZ, 7€ T84 59 w2 AA ZA
localization informatione &&31# Xshi= TAE A3t S5l

mixture density networks AF£3 single modelolA single forward

pass® object detectione £ 3%t uncertainty o5 WS AT},

o]& #3ll, 71 multiple—models ¥ div] AAFS o F oA H

181 TE54A d5olA localization®} classification task®] aleatoric

uncertainty 2} epistemic uncertainty s EF &8st WHH S A ekdlo,

71 single model ¥ W] AT E o)F A Z I, multiple—
models ¥} B3 AG=E GASHH. F, At F54 g5
W B Eol A trade—off SN 7€ AFTERT $38
o B

2+ Eus AAE, 7]E A% 859 unlabeled HlolE ShsF
Hlg&4d EAE  dldst7] 18,  localization®}  classification

uncertainty® X% 1183t unlabeled subset U9 F&F HHS
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Abstract

Uncertainty—Aware Deep
Detection Neural Networks
with Probabilistic Modeling

Jiwoong Choi
Electrical and Computer Engineering

The Graduate School

Seoul National University

Object detection combines the localization and classification tasks to
classify and localize one or more objects in an image or video data.
The development of GPU along with deep learning algorithm has
accelerated research of deep learning—based object detection.
Recently, deep learning—based object detection achieves a better
level of accuracy than humans and has become an essential method
in various applications such as autonomous driving systems or
unmanned stores.

Although object detection combines both the localization and
classification tasks, conventional object detection algorithms rely on
classification—based confidence score to estimate object category
and location information. Conventional method cannot estimate a

confidence score of the localization task and therefore it cannot cope
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with false positive caused by mislocalization. Especially, this problem
leads to severe accidents in autonomous driving application, thereby,
it is essential to resolve this problem. In addition, conventional object
detection algorithms require a large amount of labeled data to obtain

high accuracy. While crawling a large amount of image data is a trivial

task, labeling these data is an expensive and time—consuming activity.

An image typically contains multiple objects, and each object requires
a category and a bounding box information. To solve this problem,
active learning has been studied actively. However, most of active
learning studies for object detection are based on multiple models or
are straightforward extensions of active learning for classification,
hence using only the classification—based information. Thus, these
previous methods require high computing costs and fail to utilize
localization—based information for active learning, therefore these
methods cannot be a complete solution.

As a solution to reduce labeling cost, semi—supervised learning
for object detection is also being actively studied. Semi—supervised
learning is a method of using labeled data with annotation and
unlabeled data consisting only of images in training. In general, the
amount of unlabeled data has a much larger than that of labeled data.
The conventional semi—supervised learning increases the training
time by using all these data during training without grasping the
usefulness of unlabeled data, thereby reducing efficiency in training.

This dissertation proposes solutions to the three problems
mentioned above. First, this dissertation proposes a method of

localization uncertainty modeling and novel localization loss function
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to solve the false positive problem caused by mislocalization. By
utilizing the predicted localization uncertainty in the inference step,
the proposed method significantly reduces the false positive and
improves the accuracy. Second, this dissertation proposes a high
accuracy and low—cost active learning method for object detection.
The proposed method estimates both classification and localization
uncertainties with a single model and a single forward pass, and
leverages them in active learning, thereby achieving outstanding
performance gains in terms of accuracy and computational cost. Third,
this dissertation proposes a method of an uncertainty—based
unlabeled data filtering for semi—supervised learning. The proposed
method significantly reduces the training time and improves the
accuracy by selecting only the unlabeled data that helps to improve
the performance of the model.

The problems and proposed methods are dealt with in detail in

each chapter of this dissertation.

Keywords : Uncertainty, object detection, active learning, semi—
supervised learning, deep learning
Student Number : 2017—31914
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