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3l object detection CNN= &-g38}= o &Aool wol] At}
I3} object detection CNN2 FHA architectures® H<
detection accuracy® X Astx L=t [1], [2], [3]. =&
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el mE £2F 217]9lE object detection CNN = 3Fut
YOLOv3 [4]+= COCO dataset [5]ellA 48 o]wx] S|4 =7}F
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Bl =4 A CNNg ARgstdd 4 Ag=g WA gE
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convolution layer&® classg® d&3t= T2 Ho3t. 3D
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A2 ool ar Qlvk [9], [10]. Zz2ivh HE sheletelr] &
JHE detection accuracy? 7S 93 EHAH R AHEStE
Wl st A= ok FSsi

s
4

1.2 A7 &

Object detection CNN= ¥ X[8t1al sh= &EA9] el
H g robuststAl E&EA 7] A vhEd AlHCAM =AE
2Pt I shs dHeolH AE=R ShEshth. mebA ookt
AFeA Holx= B4 T2 featuress FHFT T Uttt @G
FheletE o]w A& detection & W= o]dd FQ feature T
AFRE detectione] AFEET. HE FhdE; AAFRA = o

detection®l] A}ES 4 Qlomw

>,
iy
Ao,
Anj
§2
flo
—
(@)
o))
8
[
=
(@)
iy
tlo

YA o7 featuress FTuY T AUTHH detection accuracy®

3k object detectione theFdt 3o robustdtA W& <=

Qs SEEo] QAW 2uo W, 53] AZE 4ol vl

2 A 21

| &3
I

'Iu



olfdti= IAES AUy, FE7F ¢ Fe 53 imaged)
dynamic range”’} Z¢] object?] F L3t featured ¥ F U
ek detail AE7F @ol Eo&7] wiitel object detection
CNNoZ Agst7  detections 371 offrh. W& 2R
‘&#olA object detectiono] oJHu= A= QAAEt] Y|E ol F
dst7] Yot A7 Qlal, 1 F Retinex [11]15 &-8319]
MaE AEs A77F ATk [12]. Retinex €alglS2 QF7delA
i

=
2y maAHoR Adstel we

AFE B 9] saturations
doz o7 glo] YA AHE I F Ue daugFolth. 7=

AFo A= Retinexs g3t object detection®] & I}7}
AzE IS a2 53] detectiono] &3l W T
a7 vty FAEAsER Y [13]. a8y o]y3dt Ay shE

dataset¥} E|AE datasetd AZXE 3HHo] [AFSFe] dynamic

u

range’} H]E Ag-ol= Fashy, 8h53h datasetd} 2% 370
kol 7b v= AAl A= I a3t "ozt mebA £
ATeM = vkst &= @40 e + U= Retinex®E ©] &
object detections Td3}1 ©]E dominant feature pooling®l| %
AEAA AR A A FEAE AR

T QS NAsHE Retinex dag]FE 1 @¥rt wlg
HoAUAIR BE357F 531 Aol wot, wpepA AARE 873 o A
Abgst7lell= 8 Algte]l AA FEeh7] ofHu Aol =

BAT7 =28 Retinex L1gE9 AANT 7153 E 98] AE

S8k . A okt HWel|&= 2R 7} e AArel



T 4 Sl approximation W& AFEFR oM, latency
memory &85 HATOZ w57] 93 frame buffer thAl line
buffer® F&stth= 3ol Qlvh. A|keh= Retinex HWi=
71%¢] Retinex <1g]Z 7]¥ke] HW AFte] vl w$ #L

resource® ¥ < throughput? %<& U&= ZAyE Bl

1.3 =% 74

=l A ved 2o 23 e wiAE o] He VS
Aol wheiA Argetar 3%elAE ol dujrf AlAHle]
e Adtt 4%ods dy het oA features=
F3rslo]  detection accuracy®s Y9 F U= MEL pooling
WS AQbstth, 5 M= AFxE A object detection?]
doe =Y F U+ Retinex GagF34e Ad #A4 2 43
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2.1 Object Detection CNN

9 #HdY TFOZ CNN 7|9k 249 object detection®]A]
gl AFET R-CNN2 A8z gao] oz g #o zlb=
CNN 7|53 deste] 71E2 AA A Wy} vlaste] 1432 Ql
235 GAST [14]. 289 & S5 =8a oY arls
R-CNNellAl  12g €t  SPPnet2 ol¥g F 7k w@HE
ldstadt [15]. AAl 48 olu|x]e] gt convolution feature
map AAts Fl ARE FFHTOEMN FE FE7F FLHTH
At
Fast R—CNN<& Rol (Region of Interest) poolingS A}&3}¢]
Ars FRsty des A EAS ARESte] @ WA FRE
7bs3tA @ttt [16]. Faster R—CNN-2 A €12 74 ouz]s il
A1 Aeks AAEH7] 98l RPN (Region Proposal Network) <
walale] WE R-CNNS /JAse] o =& AHIdre o w=

Spatial pyramid poolingS AFE3te] W4 A7 5 WA

abi

£=2 gAtt [17]. Faster R—CNNS #Hoju &x Hgr=
GASHAI N, SR e AAZE o AMES 5T 4+
okx 53 two stage object detection W I} 2 YOLO (You

Only Look Once): object detectione regression WHOZ
FE23tt [18]. @ convolutional networkE AFgsle] A
olu]x] o4l bounding box2} class probabilityE A& o535}

k7ol A w &A= AATF S EAsk. SSD (Single Shot
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gl

MultiBox Detector)+ st 7[2 A2 v &S 712 b5
= A

feature map¥ bounding boxE AFE3ste] A ZE ttE 15
IR eh= = o2 A Al single stage object detection ¥ o]t}

[19].

2.2 Multi View CNN

A& AG9EE =ol7] f& 4y JhHEr AlAHlE 7INte®

A7 FHEAT. Sue 3D object®] classification®
MAE7] 918 multi view CNN& Attt [6]. CNNo| 53t
features< view pooling X ZAAE Z3] poolingH 1l classe
UM layergel o3 5"tk 3D-CNN& 3D HelHE
ERat7] flall AJPHAAT g5S flEiA = 3D shape model©]
Fo3slH, {18 dolE &= point cloud ®lolE 9} TS 3D A X7}
dQasto] AA AgdelA ghgtE T3 dHE FAdel A &5
o] Ht}. Multi view CNN9| feature pooling LZAM A+ F+= max
pooling ®E3I+ average poolingS 7|HWFo®E o]Fojx zZlo] A2
feature® AHE= AMEEHA ¢S 4 Stk Multi view CNN&
ARgsh= Hl= 2 A Alge]l Sl 7 Wi object™ WA
@ o] Zrotok slm object7} olw]A o] Fokel Hdid T A
S oF s}, Wk multi view CNNES A of Z2] Alo] A o A

object detection networkel] ZAH AHL3l= Z2 o)



2.3 Retinex ¢318&

A& AGEE =ol7] fd& dY JhdEt AlA"lS VNte®
A5 A7 FEde E. H. Land [11]1 7} AIQFsE Retinex
Theoryw o] W& /A& wf whal &3} x4 AEo]

= WRA}
AiS SIFE A Bvds Ae FEHoR Bl webA
ol A 1A gk A vty ArE dAls et WA AR =21

Ao el weEt HeMe dds wEA dATH. TellA

e el A7)eh g glo] BA A AR gl Ak wheby
WA RS e GANA FET 5+ ok oEaA 2 4uE

Retinex theoryE v}E S 2 D. J. Jobson [20], D. Terzopoulos
[21], R. Kimmel [22] 9] t& ATA=2 computer image A 5=
A1 AlalZge] st A Q1x] A S algorithm = 8kt

o

E7% convolution filterE E3}% input image? illumination
channel& 92 % 7]& pixel valuelA illumination channels
U o] (division) reflectance channel> ¥&#& 4 Qlth
Reflectance channel input image®l| XZ3td z} HEo] A A=
Boh ggs] ZESkt. Illumination channels  estimate 3hi=
e E. Land’} A¢Fst inverse square function [23]3}
Moore”} A2+t exponential absolute value [24], Gaussian filter
5 st W ol Sl Jobson Gaussian filterE AF8-sh= A 0]

o2 WS Hd image® t©heFd spatial region¥} dynamic



X

range°] A O = flexibled}Al good performances L&
Q7] W 7 m&Ae WHE  Gaussian filterE E3H

WS A e [25].

2.3.1 Retinex Algorithm using Gaussian Filter

Gaussian filterE AFE3F Retinex algorithm< t23 7t}

HA dE GAF I(x,y) = 2 (2.1) ¥ o] illumination channel
L(x,y)¥} reflectance channel R(x,y)% = o= Xd %}

I(x,y) =L(x,y) - R(x,y) (2.1)

7] 98] Gaussian filter kernel
(2.3)3 o] g P33

[llumination channel<

Fx, )& 24 (2.2)8} o] +3 F

2)
kernels convolutione 359 illumination channel?! L(x,y) 7}

=

e A Hrt.
x2+y2
F(x,y) =Ke o2 (2.2)
L(x,y) = F(x,y)®I(x,y) (2.3)
2ol ¢ = filter?] standard deviationg YWEFH™ Gaussian
kernel®] scales ZA7A3A ¥tk K + normalization factor®
F(x,y)el AA| o] 1o] H%F A A= scalar #koltt.
1y 9GAre yehg= 2Ao)A reflectance channels 7]
&= input image©lA illumination channeld 5o 49
b
e I



=1, o] #4S logarithmic form o2 e 2 (2.4) 9F 7o)
LR

R(x,y) = log I(x,y) — log(F(x,y)®I(x,y)) (2.4)

$1ek o]l bS] scale®  Gaussian filters  ARE-8F
illumination channel¥ estimationdh:= 74A-$% single scale

Retinex algorithm ©]#}1l 3tt} (SSR).

2.3.2 Multiscale Retinex Algorithm

Gaussian filter+= illumination channel= &&% © % estimate
stAIRE Abgh =3 o] HustA AAdskAl= EEth. 53] image?l
high frequency region¥ low frequency region®] &7 Q= ¢
3t}e] scale® Gaussian filter2+ Retinex algorithm©] good
quality®] 235 A %3t} Jobsond vkt scale®] Gaussian
filterS AFE-3l= Multiscale Retinex [26] &5 A|<sF3ic).

Multiscale Retinex algorithm< 2] (2.2)2] Gaussian filter
A Ao A standard deviation®! o#k=s st TheFst scale?
Gaussian filter A¥gks 2 (2.5) 9 Zo] o]gsity. 7H7} th &
el scale filterg 238t g, thall weight?d w, = 2743t
21 (2.6) 7 #Zo] R,= S ¥, 2 (2.7 o] BE scaled
sk R, = Yl

off

¢

E,(x,y) = Ke_x 7 (2.5)
R, (x,y) =logl(x,y) —log(E,(x,y) * I(x,)) (2.6)



Rysr = XN-1 WnR, (2.7)

7} scale®] weight @< w,< w78 w,7H4] IS o F
o] 1o] HEZF AAsct Jobsons Al HA UE o &
Feetdar, 2t ool el sLdstA 1/39 w,= A4 st MSR=
TAYS o 7P A3 Foa AlRbski

MSRE& AMgshd theFdt frequency domain® e o3|
Retinex algorithm< 4 -&3sfo] Xt} A &3t illumination channel=
AT AR AERE @A H &= reflectance channelo]
FApA e wdo] Qlvh Wk ofye} ofg] JHe] Retinex R

Agler o7 wEel guE FEO Auwe dew dd
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2.3.3 Efficient Naturalness Restoration

MSRe] o]dl & Hebahy] 918k Y. Shin [27]+= efficient
naturalness restoration W3 #| A8}tk RGB channel® max
#es FIl ¥ channels ©o]g3to] U] scaleo] sl
Gaussian filteringS 3F%] illumination channels {31, 9]
channel=  modify$t ¥  reflectance  channel®}  T}A]
compositions 3] o]FE HFES  restorationdle=  EA 0
AA ARl imageolld  AdAATe M YEHIES Sl
Naturalness ¢118]Fe] 7P & 432 Ao A3 Hojd
A EY 59, 283 MSR tiH] w2 Axbgke] vk AFA AT R

AT AAEE 7IHEO R FF real-time THE S EE G4 A

10 A = 1_l| ol



Hde 98 ZAd SAHolb. & 7oA = Naturalness
algorithm® ZAH¥S& Iz &g3pdr HW 3o Fad
#4315 283t Naturalness algorithms FPGAe°l| &3}tk
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3.1 F4<I1

= Aol T

o] A2

S RPN T

Lol w3709 shelf®
AAste] ojd shelfellAd] A&

TAEReH, 6 o JdzEE
THEtd = detections & F AEF HAAFUY. ¥ 3.1

TAd ol dvidhe] S dEbdth 909 3HhE gk g 2

e Fhdletes 455 7leo] FAREHSAL, T shd g ebe
747y T3k ebdk shelfE #-polA 29 & A=F AASSAH
Ak 2 e ghHlEls ) it AAE dET B AFoR
Z29= st7l wEel, 3 st shelfelld 7AWiAlE EAE
s 4 rt. 19 3.2 ZF Fi oA capture® imageE
LR T

el il AlA"ES A2 98 ZEoA  scenes
vhetR 7] dEe], =4 ugd de Mg 5 3l
occlusions? W3l Q47F A% tE A|FA FF2 scenes
grd £ vk mepA, Al it ks A[fo] SR W
detectionel &g &Eo] Fokxlv. EFT AME HE A9
FhletE Q1A ARE o] gt AFE 3AY HAAE FAHE F
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a9 3.2 59 At Zp Thvgtel A F53E Y FA oA

TR S AdEel ik detection o] Foll=, FEHX AAE
[e)

o

g e HE E wEsor @tk o]l S
olF ArE FAst, AREAE AES ddE
Tujste]l 7hA7bE BLE dddth B ATelx= optical flow
719ke] tracking ¢arelFo® iRt gl 9 wkek 9] ek
&= algorithm= 7HEataint. At duelFolr= A7 7hdete}
AR frameel thslA YOLOv3 CNNE| detection error7} 2443l &=
st el gk wes 3 ¢ Qloh
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multithreading, pruning 52 7|¥<S Z &3tk Adst= Fol
Fujfe] drElS sAEE a8 3,339 o] vehdt

Process 1: Camera read

1. Reads 6 camera frames

2. Stores frames in camera queue

Process 2: Object detection
Detection
results

Camera
frames

1. Read frames from camera queue
2. Detect frame with YOLO V3

3. Store detection results in detection queue

\4

Process 3: Tracking

1. Read frames from camera queue

2. Read detection results from detection queue

3. Perform tracking and output results

A=

&

1% 3.3, 9 #ojo] A|AR daElE
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QI e TRl
1 A717F vreFstt. SIFT [28], SURF [29] 9F #2 local feature
detectorg o]-&3t Q124 WS X7, viewpointe] Tt W3} =
affine 52 ¥H W37} Wol <A Eo] =A 9ow, GPUR
7F&53 CNNEU 3 A7h: =2ty B dFfoldE CNNE
gg3te] 98 JF o2 HE object detections 3 FSI T

2 AT - = object detection CNN-g YOLOv3 object
detection networkE AF&SFATE WISt 7lsE Sk object
detection network®% Faster R—-CNN, SSD G&°] St}
YOLOv3+ Faster R—CNN¥ HuHE o, AL Zw
Goj x| x| vk, 1004 o] whE 3 Ak HolE® AARE g2o
o Agsitk. w3 SSDHUF  accuracys  X2E "ojA| Al
FAAl © wES & S vk 183, 7 networkE #8319
A5 B e datasete® FFole] HEE v AyEs AV EH
YOLOv37} Faster R—CNN¥} SSDEtT} A5 4l F3ix
Hojuth= d37F yebdek (301, [31].

YOLOv3 object detection networkE ARE3dFe] F-ufsl=

A

zro] w%

48 F= AAEY] S8 #A w85, 29a g 8F Se
#HJsta labelingdto] datasets AT FQl FujoielA
At = A 48 N9 classE St thAe®E skglow, 7
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3.3 Multi-Object Tracking= &3 A&

=)
me
i

Rl Aol 2 AFel hate] gl wheks Ads)y)

93l two stage multi—object tracking processing= % -83}% U}

A stageol 4]+ Markov decision process multi—object tracking

(MDP-MOT) [32] &aelE& A8stol 7 7hvlzke] 8 945

trackingS ¥t F WA stageolM+=  3x9€9  object

Agsto] A= & Zhdgtel A9 tracking A&
5

association<
5t Aget Fu/hksk H2hs ddst e s oSt

MDP-MOT &ug]&FS 2z 7heleke] 91y A
=HAer Agdn. 74 gkl YOLOv3E <14 A¥s
vieto 2 - ¢lAlE  bounding boxE 7]+ % tracking A=
A=tk YOLOv3S] Q1A Eo] ¢hHatA] ¢b7] o], MDP-MOTE
&85t “Tracked” state®] &2 12 A& F34 F JEsF

e

HE Fheet @AM = A2 vE 7hHEte]  tracking
AxE Fstrl S8 3 F3Fel A e object association©]
2 = AR uE  Jhgeld sdEHA
trackings}”7] e ¥ Ao = MDP-MOTE 2xF49 tracking
ARE 3w Tz WS AEsiqlth. ZF Fhrlgteld d
= AEEFHE33] F8 3 #AxEE da, oE
T9sle] ox= AXReth. 21249 bounding box2 FUdS
TOo® MR uE F it Fhvet MER A0 Aits Fal
A, ol WA AFF ATIHE VIE T #HES

g Qlrk gk ks mE] Yo
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threshold®tt & #he 7FEoHH S+ bounding box7F &<
EAE Yepdtta #wste] object associatione & sHA! )
3x¢l object association WWlS F3 6 M HE Fhu|tel A
D2 oY 14 AHRE sl HFSE tracking AHE FHE
O]]jl_'

329l object association®@ A& tracking Zi}9
birth®} death #H3EE FE&sto] 4E2o s} whsho] s A=
st 4 v}, Tracking® birth FHZ7} oo ko]
#327F Awjfe] wpgFolgbd afd trackings T FFE= S
oz weketA Hw, Hx7F wtE EHolglow RkE FAow
BatA @k o83k tracking 71¥re] daglE %W YOLOv3Y
A2 Ays vrgow FQl dwitfolA AREALe] FAES ek
oW &= Tol/Rksk

=48 A & 5 g
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3.4 52 o)) AAIZE TS fek #H2A 3 el

BT Ak ¥l gl Alsde] Faksin
oz FASEW A qeRE Ty
spgo] MAIOR o] FolAol Frh B AFelAE 4l
wofjel AN SRS g sbiE HeE gmeF

multithreading, 7] prunings 483}l

fol
X

&
Gl
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o

e

3.4.1 7Hi= AY ¢

HE] JEtE 83 systemoll= TR A A 9]
detectiong &3 A Eo] MAHARE, A aloF s+= image T
7= 3 Azte]  =oldrh 6709 iR FE Ao
image=°l W3] EF CNN dAHS ©]8&3l= object detections
T8ty GPUR 7hGstdets Argte s szed ¢ gy &
vwolXeE w7 S5 FE= el 2 framerttt 3 O] ThHEE
sto] olE Fhulgteld P& GARE Agete ThWE AH
2 A&kl 670 7helete] viewpointZH-H @2 image
o, AEol AW, dFEel wWl§ ol detectionel &g
image”} Slth. wEbA AE detection®l &3t FhH|EtE A€l ElA
ol Q14 Mdese FAL F Utk AlRbsh=

=
o= Fh gkl A 92 imageolA e =Ae] A9 EA Q]

x

FA90l Ax goe] T m: wEE: BA)

At 7R ettt 24U 7|+ image®t #H A imaged
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difference=

Paire 2F STk Pgipr 7F

= JJH]_.
==

ol o 1

wow g Fheetel
=A7F Ava &

E g o
Stk Ak el A=

Payy & AT Ag Amom FEks o] ZAl ¥

WA Qo B R Zy cameraclA Hw HIEE A Py oA
£ HSV Ay ARE HAEsH n WA Fhegels 9
image°ol Al £ AdAe AT Pyp & FE VarC, ©lgt ok

VarC,°©] =L n

cam0 (2 < Y caml
cam2 UL 1| cam3
|
cam4 [¥] ]| cam5
bottom left bottom right
19 3.5 FQ dujre] Adnt doly) ghvet Mis

21 ;H

o] g3t Feksttt. Difference’} 715 threshold®.th
Hol&
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Grabbed object?] Al M2 QA& HZE3FFL, ©] YA
st FhdEl AlES gk, varc, ol 7HEXAE st 19
3.5 2 6/Z e AWl g9 9 ocam, ©
ZheletE yEpdTh AlRE B 3 ) ARk
XS o]&ste] Aol AU Awte HEIH O
top, mid, bottom AWt IS Z}7 red, green, blue® YERH
% 3.6 (b)+ lefte} right AWF J9& Z+7Z; red®} green® =
Yepd Tk wkek midelld EAE A= BF, camy AlFOlA = o

mid2} bottom FH PyprE AN, top Pyyrs HA Gt

12 hu
=5
~
ot
&L
&L
1o

ole} T WHom, AFol AUA= fAE 1" 359 6
dq T stz Ao A9 AAVE A EHE, camyoll sk

flo

detection®ll 28t =2 7hsAE AT n®HA T kel
et 7}EX S Weight, 0.2 YERATE
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6.
(@) 7zt 0~3%19 &, =, sk 9, (b) 7hvilet O, 1 9] =, %

o3l

Alb WL =Ae AVIek AAE aElste] A
Zhelets Adgsot. 2 gheeke] varc, « Weight, = AlAMst

R
e

el 2 3 719 ZideEtE AdEstth AQkE sidel dE whH e
1/5 A7]12 43 imageolA 7F&3t computer vision QAtES
ALE-s17] w o), AakEo] A,
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3 M9 frame©] selection ¥ Fol= 3702 frameolA]
EAZE EAE Aor FAH:= ROIES AAsta, o 1 29
image® F§3tt o] 5% imageE YOLOv3el 4¥3ste] 1 3vt
AME R [34]. o] WS F W framed9niet 6 &
49 images 4AM3te] YOLOv3 networks

o} it
Agato] ANTEe R Q1AE 4 gt
3.4.2 Multithreading

AlQbsk=  Fufje)  system® Aab> AA FhElE ),
object detection, Z# 1 tracking® 37}#4] HEOSZE YA
Atk 7 FES sAReR FEA HW Aol e A
o AAhe G F gld 2 ATelAM e 37HA daks A4
5HA L threadold WEE Fstes FHSIA, ZF thread
Abolel A FREE AAE A datafe HAS SR Fhd et
A= S A ste thread= 6W1] Fhdlgtell A w framevttt 6 9]
image® ¢lol= F ol W& F thread’t 9= F UEFH
bufferell A &3] Ft}. OpenMP[35]ES &&3lo] 6t 7w et
data® WHEE readste] Aoz T 4 JEF AT
Object detection thread: bufferolx 642 imageE ETL I,
Zhdlet Adgs Fa Ag® 3712 viewel diskel  YOLOv3
network 9] detection d3¥& AAstt}. vpx]u}t thread?! tracking
thread= image 6747 detection threadolx] A&H JHE 9=t}
glol 2 detection 239} image’t L3 frame® data’} HEH

guaranteedtt}t. 212 dataE ©|€3}9] tracking QXS Y3,
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111
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BEY TR E ddete HE AdE Y9It 19 34v
Kiosk systemolA] %#ale= du8]FE2 multithreading =2
B3l

3eAL] AAks 77 5y AR thread® T3t €&
ANeE ol o= Zoh AjE AIAEE GPUE &Esk= CNN
A CPUE & Ak
gy ol AlAElelM CPU 4k g9l GPU

tle

e
Fu

o
o

oo

i)\

3= computer vision ¥alE]

);l.

tlo

multithreadings E3 HEd=Z F33] aH5HOFE resources
AFEE 4= Qo). = data—level parallelism (GPU) 9} task—level
parallelism (CPU)E %3}9] latency hidingS = 33t}

3.4.3 Pruning

B AFoAE YOLOv3 a4k A7 d=

A

2 convolution
weight parameter® 93t memory space®E =°|7] 93 pruning
71HS A L3t} Network slimming [36] 7S &-83F sparse
trainings  A8£3l9  weight parameter®  channel—level

sparsityE @ UTh Sparse training< YOLOv32| loss function&
é} (31):‘74' Z;]_'O] ZH?— 6]— _0‘ 6]—1:01_0% oqo /\ o]q_

Lsparse = Lyolo + AZyeFlY' (3.1)
Lyoto == 71 YOLOv3elA AR&¥:= loss function =

olu]s}, y = batch normalization (BN) layerol* Z&3l=

scale factor®|il, 1 i= sparsity—induced penaltyE Aosl=

95 #;rﬁ'! _-SI:I_ 1—l| e



aaCli=
71 network slimming WH el A+ classification CNN¢J
tjst  automatic pruning= AL3ATE [37]. 1Y object

detection CNN2] 79, automatic prunings £ ¢ E3

{0

_I

feature pyramid network (FPN)9J|A over—pruning®| <«ojut
AR7F wo] £aA=Eth webA  weight parameter? &84 <1
pruning= %8| predefined pruning [38]%} automatic pruning=
Asrato] AMEE9AYt. ZF BN layers global redundancy®

vlEr o 2 3 fixed predefined ratio® pruning 3+$ 3., pruning

°]% fine—tunings &3 AF=E A 8= HFS F L3

71 YOLOv39 leaky ReLU activation t4l, fine tuning
¥4 ol = ELU activation function[39] & AF&-3}31th
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3.5 72 S A AF" AT 871

 ATolA st 71 o) Al AEle] s Bk
3l trainingdt YOLOv3 network? <12 AsS =433,
o] AR scenariog® TSkl el H ke 9] A
AT E Friatdet. mpAEto 2 AA system? AA F2S
Frbstdvr. A FQl At AAES] dugFS 1 e peE
T5%™ Intel i5—8500 CPU$%} Nvidia GTX 1080Ti GPU 1 7H,
18]35 16GB RAMS A3t

3.5.1 Object Detection &5 A3}

Booodof A ARE3 YOLOv3 network:= batch 48,
momentum 0.9, learning rate 0.001, decay 0.0005% 120,000 ¥
iteratione  3}%]  trainingS 3}t YOLOv39  feature
extraction= Darknet—53< AF&3t3lth [40]. Prunings 4 8§3t
sparse trainings #ZE& XAOSZ 40,000 ¥ iterations &}
training s}%t}.

2 AFelA ARES YOLOv3S Ads< H7bstzl S&,
487K classell thHall 2t class whtk °F 220 W 53sk= 91,368
Fel image® test sets TASIATE ST test set FolAE
EA7F As SASHA & imagek™ U XESHEO] Qi)
imaget 512x288 7|2 resize HATH . Ao AL+
training set© = training o ZAI}E test setO=E FH7}sF A=
g3 Zo. a9 3.72 5% YOLOv3 network® precision
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recall curveE YERAT d5% YOLOv3+= confidence scoret
0.6 oA 0.7553 2] precision®} 0.5117 9] recallg 2zi=t}.
Prunings #8335 WX precision?} recalls 7|&£ g5y &

Aol molx bt

Precision

e
'S

0 02 0.4 0.6 0.8 1

Recall
YOLO v3

----- with Pruning

19 3.7, sh5¥ YOLOv3Q PR curve
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3.5.2 FQl Fult) A|AE AA A3}

o
e

7 AT FEE 1 ddde ds A5E
t}oFst scenario® =S W= video sequenced EHE
=Ae /e Q1A Aess Brbeith =ds
H3ksl= 5 709 scenariooA  Fufel WEsle] ok gho]
JedSs H7Eskdth. AFES scenario?] U sequence: 1H
3.8 vl 7 scenario= Al A A 7HE S
=T 7 scenarior 48 RS AEel sk Ftul/wESE
action® @ o]Fo]#] Qlt}. Scenario 1< A% 3 7S5 oo
AWA e Wo 2 7147 FulE 3Fal, scenario 2 AR S
o] Fo®  FHojyo] WEEE dh= Ao®E FAH T
Scenario 3+ EAE W¥Fd A== 7]=ofA Fmi8laL, scenario
4= BAE Ade % AW gt JhEx AR ek
O % MM Holx] gEE JuE

g ol g 1AE Ay ® 3.1

],
]_

011

[_,,
ol
-

rsi

¢
ol

lm

_4
_I_z

ro

scenario b+ EAE FHj
sttt 7} Scenario®] U

el

@]
D
=t
o))
n]
o
=
Rl
ot
=y
l-'O
1>
i
©
o
R
o
H
o
ox
ojr
lo
il

=)
detection CNNRFO 2= EA35}7] o]# ¥ & accuracys MDP-
MOT tracking % 329 object associations =3 H A3}
G RAowr B F Utk 53] JEAAA ZAE
scenario 29 ZA¥+= object detection network7} AFd3]

robustd}Al detectionS G- 3Fo] 4E 9 class? bounding boxE
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Agsrs o 4= 9t} T3 scenario 39 AHE B EAES FE
H| 3= Z%9]  cameraZ} 7 A%E  MDP—-MOT  tracking

algorithme &3l A& 4 Sl detection Ao =zLE o
o

3.8. Q1 Fuj) AA®l A5 HI7ME e v scenario,

1Y
=

1

o

(a) scenario 1, (b) scenario 2, (c) scenario 3,

(d) scenario 4, (e) scenario 5
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kel

3.1. 7t scenario®l] ™k F<l HAwjc) A|Ag e

Scenario 1 2 3 4 5
No. of 7512  7.716 12,401 14,937 17.973
Frames
Z action & 48 48 48 48 48
A 46 46 42 43 39
ot} 2 1 3 2 5
uAH= 0 1 3 3 4
o 95.83 95.83 87.50 89.58
A= 7(%3»:]—5
A% 48 o . . . 81.25
A 4= 90.00%
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A 4 % H¥E] 7192} Dominant Feature Pooling

Bl A= HE] 7|2} object detection networkE 9 3h
dominant feature pooling W& Attt} thekdt AlfoA L&
features 14 dominant3t feature® ZA®ET}. Dominant
featureswr X33+ AMZL patchEs AT, MZF patche
71 object detection layer® <7tell QI+ detection layer?
e o g ALEETE Pooling® featureEa ThF3E Al AoA FE
3 ARI7F x3H o] Q7] uwjdel @l siHetE ARgste] E5 st
feature=e°l H|3] object®] FL& featureE< classificationo] Y
o] #F83te]  detection accuracy®  FAAIZITH AQbe=
el s WA A 9 classell digk JRE #Al¥sk= YOLOvS
networkE ©]83te] objectE A gTE o2 ZHHERe] object

bounding box7} F#AEEH I Ao s ZFe]AE L feature

-

vector’} scoring® i pooling® o] AlZ2 feature patch®s
st @l A]FE detection 3] $13 712 YOLOv3E
ojul o] A Hex L TEF  dataset®  FHFE7] wEol
Ajbet= WA= HE Fhdgte] diEstr] 9 F7EA<

8h#ro]l FaskA] ¥t Pooling® feature> YOLOv3 UEF<]

o

o

AeE layergS ARESY] classification® ™, XM ElEH layers<
gog g AT o WAEI weights) 22

parameters+ & Y43t F-A %o AFE-str),

Dominant feature pooling ®Hol  AFA  Add=

contribution< U3 2t}

N
o
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1) #7449l shgo] WMe gl WE  AWE object

2) HE] Zhvgt A]A"IA object detection accuracy®
a3 A o7 J|A3sF= dominant feature pooling WH-<
Ak},

3) & %<& channels A#A o7 upolst & Qle AR

feature AlZ}3s} W& A<k},

Mo

4.1 Object Detection CNNI HE] J}ld 2} Object
Clustering

4.1.1 Object Detection CNN

B Aol AR B duEFe] 71E ob7|gAE YOLOvV3
network [4]& AF&3tth. YOLOv3 network® ol7|¥€lx+= 1%
4.1 YeERY Stk YOLOv3 UIE9 A+ darknet53 classification
networkE backbone®® ARg-3lm HE object detection A¥E
=935ty &l 242 7 714 convolution layer®t YOLO layer”f
= 3 709 detection layer set”} Uth. ZF detection layer set<
A2 2 3719 bounding boxE detectdt== A A E AT}
3717 ¥ 22 bounding boxE detectdt’] 3l ZF detection
layer set Alolof= b upsample layer’} X3Fdtd 2

E=FoA YOLOv3S 7} layer< I, & X7]3tth 97|14 n &=

T [
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layer®] W% o]il detection layer set Dy ng% EA R 7] 4
ng+= detect layer set7} AlZE = layer?] Waol™ 181l npe=
detection layer set®] HF layer?d wW3oltl ©x AZE A
Di7s582) . Digroap 2 Dpogroey &I ZF feature vector st 19
ojm|#] 9] 32x32, 16xX16 ¥ 8x8 HAEL Yelltt 7t detection
layer set®] ¥¥ feature vector® AE> 1024, 768 4 3640|t},

Input Backbone
image

1% 4.1. YOLOvV3 network architecture
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4.1.2 d9¥] 7h|E} Object Clustering

Az o JhgtelA] €2 FY3E object®] featuress
poolingd}7] {8 WA YOLOv3ZE detectdt object?] bounding
boxZ F#JA¥ vl WA F&3F bounding boxE ZAA s oF Fr}.
YOLOv3 HEY A= A2 A o¥ probability thresholdE 7FA
bounding boxE <53ttt Huld S F9 target bounding
boxE A7) ¢l & AFoM &8st %7] detection thresholdi=
0.200.%2 AA3FAtt.  Objectness score’} 0.202 Z343=

bounding box <FolA foreground G2 HEo] 20% o]iel

3 Ao
= T

ol
ry
i
=2

bounding box¥ F&3 boxE AEET}
Fol, F-¢l o) 744 foreground ratiod 20% <A zk<
ZEE QAo Q= bounding boxE AFAHor e HITh
Foreground "}~=+= MOG2 background subtraction [41]¢1] 2]&)
55, & Ak =o|7] Sl dE dd AV 1/4=

[

ol

N

7k 7| 2}e] /-4 3%k bounding boxE< 3.3%FA AFE-H A3
2 e ® 3AY AHHE ARgstel YA Ed. 3AHd
A2V & AFESEY] reprojection errorg AlAFSHH ol g Fhd| kel A]

¥ U objectE st Fo] FYXEE £/ & F Slth
Al 7HA] BHE detection layer set Dyzsgay. Digroay 2 Diog106)
feature® HES] F7F v =t} Features @2 patch®
poolingst&l ™ E & Fhugle] thsf] FL3t AE FE 2= Y3
layero| Al features FZ3|oF 3stoh. oA layers ZEHAHY

&% bounding boxE FA|et= Hl 7HE @Wo] AREE layerel
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w2} AeFEc ZF $-&3F bounding boxi: Al 7FA] detection
layer set & shuelA @xETh FEaEHAA 7B @2 $9

St bounding boxE A= layer”} target layer?d [, =

HE] 7t AlA"Ee] AR A]JHe]| gt YOLOv3+ output
layerol|A] % detection score® <l3 t4 objectd] H@&TH
bounding boxE E¥stA XF& F AUtk Ty alFd AlF A
A2 image°|® object classE TF{Fole d AFEE £ Q=
Q3% feature vectorZ} A& F ATk olH et FEHE feature
vectors 7] 93 detectiono] A3t FFoME tHE AH
detection A#9} 7 3% reprojections AME3Fo] bounding
boxE oI5ttt 19 4.2¢] yEhd AAH s He gAE
+23% bounding box% FTIHES YERdT A PO

YOLOv3el ola] e boxz #AHA e A 5%

E

5t bounding boxE A ¥lstal

=
Aol Fhelgtel A AL imagesell

poolingS %3 detection accuracy? 7iAde] AL wWF37]

wie] g Tl el object®t 7HAE

=
object& FHAE & F U=F JhAdste] 82 & oy E

el wels o,
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YOLOvV3 with low threshold Object clustering
- = 3 o - 7
i f Y

——

valid

‘ box A
> —~
N

predicted ‘
¢

e

e

box

19 4.2. &% bounding box AAS F3F object 8] AH W

4.2 Dominant Feature Pooling "]

HE] 7 2tS &83}9] detection accuracyS ¥°]7] 9& &
w=fo| A= dominant feature pooling WS Ajerstcl, 138 4.3&
bels daElFe] AL E HoFt. Target  objectd

A= 7z} feature vector® feature score’} AAME I

2,
o

g
i)

feature score’} W feature vector? A UE  dominant
feature vector= ¥ TI Feature vector= Z#2AHo| i)
AeE i AT Wt Ly, lgg E lg oA FEET O
AEE YOLOv3 layerolA/] A ®l¥ dominant feature vector

X33t A2 feature patchEs AT wixjuto = A4

R

K
i

feature patch:= YOLOv39 detection layer set Dingnyy 9]
Aoz Ae=, L, o =% Hu class probability=

object FHAE 9 classE wwole HFT A2 AFEHL
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ojz] FlWgte| A feature vectorE poolingdhi= ©] HHHE
ofo]t]oli= YOLOv3 UHESZ #Ae] 7]zttt Objecte] 7}
feature vectori= object class® ©eFdt RoF¥ detaild] YFE
UebdTH YOLOv3: ©hefst FEQIECA d& oiid object?
olmA|Z  8hFE7|]  wiitel object classification>  ThE
FEQJEA AL ot feature vectorz stFETh @
i gte] olu| =7} JH o A ¥ =W object detection WE YA+
class probabilitys &43}st= A4 feature vector¥t ARGt}
kA, ket FEQJEA A2 feature vector’} YOLOv39
Dygngy ol ®IZE 4oz Algdvd, objecte] FFT classs
a4dsted 4+ Q= feature  vectorZ} ©  Ho] F&¥ I

classification accuracy”} 4= 4= Q).
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4.2.1 Dominant Feature Scoring

ol8] Fhdgto| A feature vectorE poolingdhe] 83+ feature
patchE @71 S8, & AFolM= Se2EelA 2 feature
vector®] #&¥E H7}8l= dominant feature scoring WHS
Albghet, zb SE AE A oY FAelA i objecte] TEHE
YOLOv3 Hi= 3D reprojection® @ dSHtt. Tdd Fwe 2zt

il

feature vector®] tdt score’} A FE Tl Scorings 3dFi= feature
vector®] boundary®] 7] 5x%X5¢ bounding box Z7]efA]
AEstt}, Feature scoret Zb feature vectored] o3t FRE
Edste thekst WHE FI oA

A #t}. Linear regressions £3 ZAlst=

scores= +%3%t% linear

rlo

(
=

ne

regressions =3l
target Ft2  dld  feature vector $*9 object class
probabilityell tigt L2 lossE 7|F=o® oty weps F3d
score7t S&4% feature vectorZ} Fgel st ARE o
et F83 vectorol™ Dy 49 convolutiond T &ubE
class probabilityE €43 7ts/dol =tk A& ov|sith

2 At feature scoringe T3] Y oAl 1A 9
scoring methodE &-&3}9] linear regressione %3] 3+ feature
vector & 3t 7N score #S HoAsth E Agox g3
oAl 7FA] 9] scoring methods FEHeA]  feature® wiES
T3l feature vector® Aulgte] A, sld feature vector?
Q=] o 4] predictiondt class probability®] entropy F+ 7FA 9}
71 active learning FoFolA feature® uncertaintys T3}7]

93t 7kl mutual information score [42], view divergence [43],



83l view divergenceE Bl image®t Akstel sk
background divergence Al 74, F YA 71X 9] scoring
methodE & 3stlth.

Feature vector®] AU#ts UWERE score?] Sgps © 2
(4.1) 3} o] &t}

abs Zk Ollt[k]l (41)

olul I [k]+ target layer [;°] k WA channel®] #<S vk
ce WA layer?! [ ¢ channel depth #t= olw|stt}. S, 39
feature vector7} dvhy ROl Q= #F;S Wo] xIEu
NEAE ou|stt). 3§ feature vector® Zb channel®] ko] b
layer®] convolution®l] %<& 9FS vH F A= HJEA
AY#H ™ sl channel?] ko] #Hof sttt webA] feature vector?]
& TotH dub convolutionol 93%-& @Wol 5% channel #to]
ol EAlst=A & F Aok 2 AFelA Adige @& ol &ske
ol YOLOv3 UIES =S convolution®] activation function
leaky ReLUE A}E3}7] uwlito]tf. Leaky ReLU activation
function &9 #° output® EAI}EE AA] AHARAHS
deetr] flal Adigte A9 & e

Feature vector® $JX]o|A predictiondt class probability 2]
entropy score?l S, 2 (4.2) ¢} o] FahA #HArt

o

i

Classes

Sent = Xkeo o> —proby,glk] * log(prob.,g[k]) (4.2)
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olw] [, oM FE A]ZE = detection layer set®] whA|H} layer:
t+8 9 layero|™, probgglk] < lg oA kA class® class
probabilityES e Classes = Z A class? A= vhepdict.

Sene = 9l'd feature vector’} detection layer sets &3l 53t
class probability 7} drtekEe] Aol =5 YERdT}. S, 7t
gdom  dd  feature vector®] o= probabilityd EX&=
deoletal o3l classe 1 7Hga, WA= 0o 7HgA e
gadol =ua B 4 Qlal, S, /F =0 oY classolA Ast
35 F 9] class ¥ &E9o] Friil WS probabilityd EXE

jus

ety FAAo] w4 dWnau & ¢ Qo 9% 3 =
g0l =var A sl predictiono] FHA gEo]l =
ol oftye}l dd vector® convolution A¥=E o F5H #hs
networks FAlstal k= ojw|of 7Hgthe Aol

Mutual informationg €83 score?l S,,; © Aghdam©]

Rufgpo)
fr rle

r 1
2

A ergt H a2} 2124 binary network® 93+ active learning©l 4]
uncertainty s 7-8F7] $et WHS AFESHITE [42]. Aghdam->
71¥] Bayesian network [44]°A AME3tE  uncertainty &
Tote= WH [45], [46]& CNNolA &83 = s Hygs &
7} pixel®] score®d 7]+ WS ARFeItE. 7} pixeld] wjAZ
scorex= ZF pixel® prediction probability7} A= ©E 79
REEE predictionll X dviy oS Adrp dad A g
uncertainty= WEFATE Pixel score’} Rt A8 dld pixel?
<2 pixelE% H|SE3A network”’} prediction A¥E W=
A& 9ustal, pixel score’t Hthe= A FWHE prediction

A3te] zpol7b o] EAEH= Ae ovdtt. Aghdam2 @

po)



5 active learnings {3 F7t=

—_

pixel score’} ¥ pixe
label& dllof & A% W& T8y FQ3st ARE Wo] 2t

= A9 pixelZ Hdsto] F7tE s pixelE2l regions

x2

e 4

AT = pixel scored] 7MES 7FA9 dlE score’l H2
pixel5< #AA convolutionC.Z&= o= Ay} sizdes= AP
govt &g 9= target object? Q3 HES FEE T
AtkE e vUEde Zs gusides dor #Esiith
Aghdam® <74 pixel scoreE 3}7] 93] WA pixel YA
mn 7t BPAA FES YEUE pp, & 918l prediction block
K 7ellA 3t & probability matrix pk, &= YERATH pk, =
AFE3LY] pixel YA m,nol A9 spatial probability distribution<
T3he A2 2 (4.3) e YERGIT

Ak 1 m+r n+r k
pmn—(2r+1)z i=m-r j=n—rpij (43)

2 (4.3)0]lA r & spatial distributiong T37] Y WA ES

Ueldth ©]% probability matrix® %3] score matrix sk, &
Tote AL A (4.4) ] YERUSIT
. 1
Srlﬁm=ﬂ'ﬂ(pmn)—(2r+1)2 ?:Ir—r{—r ;’l:r:—rH(pgcj) (4.4)

olul binary classification®|A entropyE T3t &5 H(z)© 2

(4.5) 2k 3Fo] yehdtt

43 A = 1_l| ol

ato] dd regions labeling & i oz W73kl AFEaFdth



H(z) = —zlogz — (1 — z)log(1 — 2) (4.5)

-

HFEAH 07 pixel scorex= ZF matrix® score #HS 2 (4.6)3F

Smn = Zk=1..K Srlﬁm (4.6)

B Ao x 83 object detection network: Aghdam©]
&85k network®t Apol7F Q7] wiEel 2 VM WHES  sho
mutual information score® AFE3}3 . HA prediction block<
YOLOv3e 3 79 Z} detection layer set ®}t} 3 72] anchor]
AHRES AgstEE F 9709 anchorE AFEEFR 1, ZF class, ¢ 2
probability £ binary classification*] ¥ AFg3lo] 2] (4.5) 2} #o]
entropyE T8 ¥ score spuce T8 F AA| classel] A

s 2 (4.6) 7 #Zo] F38t] HF scored YERSIT
Smi(M,m) = Y=o classes Smn,c (4.6)

olg A #3F mutual information score¢l §,,;+ feature vector
scoringS $]3% score # F dhE AMEEL
U} feature scoring WSl view divergence score S,;
Siddiqui®] AF-ellA AQksE WS ARESkQltt [43]. Siddiquis
view point entropyE %3l semantic segmentatione 3t active
learning W= A<l on, labelst’] 9t F9= A=
=

Q& view entropy score$} view divergence scoreS A|<Fs}Si T}

44 A 21
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View entropy score: A2 ThE FhdlgtelA] 3ld 99& duht
A& A BEst= #E B7FskeE scoreolth. #Eo] viewel uwhEf
inconsistent&<%  entropy score’} =A Y2t} View
divergence scorei= oJ# view”} 7F ¥ uncertaintyE 7}A 1L
A+=AE FAGS= scoreoltf. E AFoA = view divergence
scoreEs TSt viewolA A2 objectE oW view? feature
vector’} B poolingAl &4 <Ql features Al&dt=A FsH7]
9l &8sttt View divergence scoreE 7] ¢ Siddiquis
<A image i9 mn Y2 ZF pixelo] class co £ IFHEFS
segmentation network®] D ¥ MC dropout 3F+E T 2

(4.7) 3} zEo] gty

P = 5 Zam P @ (4.7

o]% t}& image jol < pixel YAE 3x¢ cross projectione
23 9o N2 99X xyol P probabilitySe Hael

probability distribution Q™™g 2] (4.8)3 o] &t}
_Ql_(m'") = {13.("'3’),]' | Ii(x,y) cross —projects to I;(m,n)  (4.8)

Probability distributione T3+ % view divergencet: 2 (4.9)%

Bl et

(mn) _ 1 (mn) | pxy)
VDi - mzpjengm,n) DKL(Pi ”I:; ) (49)
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View divergenceE %3] A& tE imageolx] d& U3

=z

=49 feature vectorgs % ©H feature vector”’} U disagreeing
stal, ot ARE & F U=AE ddsted E89n £
Aol 4= MC dropout ™A mutual informationol A AF-g3t
A ME Y& anchore] A¥E Fo o] &ttt

kA8t scoring W Q1 background divergence scoreQl Sy,
background image®} target imageE view divergenceE 3=
U FAskAl AArete]l dA "ok 2 AFeA] &8sk <l
S AL 1A JhdElE AFE-SE 2 background imageE
L3 4= Qlth. Background imageE view divergences Tk
2 91711, ;& YOLOv3E $HAA &2 A3gk= &3l feature
vectors A< image ;29 divergence® T-8Fo] ARE-stry,

= Al 7FR9 scoreE HI® O ® E Ao = feature

e

vector?ttt 32 scoreE Fo3t7] Y@l linear regressions
ggato] FHE HF score S,& TIFATE S, = regressiond}/|
$3l dataset®] AH-E 7FA 9 2} feature vectorel s3SFE Sy,
Sent» Smi» Spas Spas ET T T A class wE9 feature
vector 919 YOLOv3 class prediction result 78 L2 lossE

Ago=z  Fo]  linear regressions 339t  Linear

regressions F3 A score S, 2 (4.10) ¢ HEE LpERI
ST == Wosabs + Wlsent + Wszi + W3Svd + W4_de + W5 (410)

Regression A% W, < dataset 7ot ©- =27 YEbY™ ZF score
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2 0~1AFe] W9 Z normalize 3} AFE3FA .

olglA AL HF scorerx L2 lossE AYOE regression
stz UesE A9 features YERATHE oW 2 feature
oz gtk Fhdlel n oA dL olu[A o] pixel 1A

(wv)ol EAs= layer t9] feature vectorE yy5" ™ eta EFF).

a8 al dF 94 vector? scoret S,(Pyp ek EF B
4.2.2 Dominant Feature Pooling

A et3dl= dominant feature poolinge 2} feature vector®l
AFE st & oy Fhdgelr] d& 2 oA feature
vector< poolingste] AjZ-2 feature patchs A3
Dominant feature pooling® ] 7o+ 1% 4.4 vepdo, 17
4.4 (@eo) EANE AAY feature score S, "M E M BE
feature vector poo™m = 1Y 4.4 (b)ol AR AAYH 7 2
#EE AdeEg. 49 feature vectorg AMZE  feature

i

1X1 convolution®} A 789l 3X3 convolution®Z T A

N

1o

patch® pooling ¥t} Z} detection layer set Dingnpy = 5]

70l convolution layerg= T ¥t Al 7l¢] 3X3 convolutions
A= detection layer set®] T%2 9430 F pooling¥d 3 X ol A]
HE ARs EYste Y vectord  (uov)
{Uc—3:c43, Vezicrs) B featured FFS He=th o] 5 T
A8 feature vectorg< Yw W& convolution #<F 3X3
convolutions t© o] FdetA =HERE F feature vector

(ue,vo) ol o B2 93Fe v, m2bA] feature vectorv 1H
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4.4 (c)¢} Zo] YAFO=ZE poolingHe] A feature patchs
AT " 4.4 (Dol siE 28l=E 99 AV|E cropd

oln| 2] & ARg-sko] A]ZkslE Al feature pooled patch7} VeI

7t 22 =% feature vector Py ™S UERATE o] patchi A
T o % H7)o& deformed® FE L] o]w]AAH HoOJX|RE pooled
feature vectorg< e #AoA L2 target objectel thst
ZHI ARE ¥EsHEa k. 4 I8 =7 EE feature
vectorg°] w3t convolutions 8317 98 AMEZF patch+e=
7TxX7 A7|2 BAAET. Score’t Ho¥ feature vectorq F F7t
7X7 patch® ¢+ Wl FEskA oW patche ywA| FiEL
0% 2 paddingdt}t. ©@3stE 8] 29 44904 = 5X5 A7 =
LER Sl
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$2(0,0)
5i(1,-1)
$2(1,0)
SH(1.1)

SH2.1)
S2(1.1)
$:(1,0)
52(0,0)

St(1,-1)
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v
v

(c)
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4.2.3 YOLOv39) Detection Layer AAFE

Dominant feature pooling &3] ¥oixl A= HE Fhdt
feature patchi= Dpngy o Wet Ao Alg=™, 2} object
ZAE 9 class probability= lnf9] =4 oA SFHr. Abd
W ol A4 YOLOv3 2] Dingnpy A e+3l+= dominant feature pooling
B o) o] A HE A ZE feature patch®] classifications £ 3l
7€ YOLOv3E IdFE  AXFEET. o FUHE
classifications 3t7] 9 WEYZE AASy 9L g5
ol dAQstA] oot AMERE UEYAE AAsta, olF s
datasets Y51l labeling 3t @& F7F # glo] 7]l &
Fhel2t  dataset®  SF¥E YOLOv3 WIEYAE Abgste] 4
dataset®} 2 classE Zi object® detection 7] $1$ HE
7t g} 7ol A classification A¥E 7fAe 4= Qi

M2 feature patchi= [, 9] feature vector yye™mES Hof
dominant feature pooling= 3Fo] A Y, o]+= 1,9 v AS<
bng 1A A2 Dy g ol A3 78] convolution o]0 9}
9] YOLO d#@¢]*i+= bounding box F 3, objectness % class
=3

9] class probability:x= AMZE feature

<

o

probability 2] prediction A¥#}E X3 lnf"’ﬂ outputs A4
o] output A3 F I,
patch® classE w#/ste d AFEET 2 AFeAes AM=EE
feature patch® <4 feature vector® 3! WA anchor® FHuj
class probability s #F classificationd = F sttt 2t Dy 39l

Al 789l anchord A¥AE BT FHose dTE FUHHOowE

50 A =T II =1,



4

S~

o
off

td o =2 435 95 & AW, A WHA anchor®t

i

35} %= classification accuracy S /A 717 F 735},
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4.3 Feature A|Z 3= E3 A ¥y A

Dominant feature poolings ©E& AFS 7k dH
Zhel 2kl A objecte] ThFE EE5S UEME feature vectorgs
ofolt]jolE  7IWEe® ;. Pooling®  feature  vector7}
classification accuracy 3 3] FayAo|g= A
A=F3st7] fldll  feature vectorgE: AlZtslets AMlEE WHS
Al_rstrr, Aljtsl= Az WS v AHES 7E feature

vectorg oju|X| 2 XdSI] A AAN HKRE A st}
4.3.1 A3 Feature A1Z+3F w1y

Feature AlZ3} oJu]x]:= t© convolution layere] thst
2dsk= Zlol Festth. YOLOv3S
convolution layer+ activation®® leaky ReLUZ A}&3tc}
wEkA Adigke]l o & feature %2 convolution® T layerol

o W& o3kS u Al Feature vector? RE Zro] Id|Z®

5

=} O
feature vector PIFS

A Z+3l ¥W feature vector? ¥ AHE B 4 Qlon) 3t ro
ABAR AHE gofstrloles W st Feature vector9

EE channel? S EF Ydte] e pixel® AlZH3 &4
AA feature map? ZHAAE Z7}3FA Wt channel AA 2] feature
el Fxe] st AR A"k Ajtsle AlAE WA=
feature vector® w3 X 9 convolution®] 7/X& FFS BT
HEA o FAs] 918 RGB Aol Sl 4x4 oA = st
feature vectors AlZtsbsttl, AlZbs} olu|A] = [, 2 XAIH L, 9

¥ + R
52 -":lx_i "T. -1 |



<)

HAALZ pyey = FEAEHE N A7]8 channels 7FX feature
vector® 4%, A WA N/16702] channel #< 2o A= A
Poooy O ERECE 29 4.5 (@) o] 10247019 Mg

feature vector®] A 64712 Ade] 19 4.5 (b))t Zo] RGB

it

< 7K

AR TdHy, 7 A 29 4.5 (0 2] pyeeol HERTTL

U5 N/16 7§ channel®] Hhik> pyao) o WEFATE Feature
vector® YmA FES &2 WHOR p,gphol Hebdr 1% 4.5
(& 5X5 feature patch® AlZtste]l o9& yepdo. [, 9
AREA QL BH7]+= feature vector?] AA| Al =Z7|E Ho|Fr
I, 8 ANkAl w7 dress e feature vectorZb Ui
convolution layerel] © & JIFS v|HA 7lsAo]l Aves A=
ojustar, ARkAQl W77} o5t v convolutione] WA=
= Zloltk g ZS Yu|stth. Azkst | o1, 9
ol feature vector 7Fe] 39 FAM = 7
ol channel®l A feature vector?7} 3= #k<
7VA =2, AA channeld]l oj®  F3E feature  #E0]
TAst=AE fJA Herd = vk ol AlRbE feature A1ZFEH7F
detail?} #¥# B5FE Z83) feature vectors wA3H= 9 ¢

832 et

N
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4.3.2 71€ 94 718 YOLOv3 9 Feature AlZ}3t

I%¥ 4.6 YOLOv3e 7} layer ' feature vector®s
Azt sbste]l RoJFth, TI” A, 1,~1g, 2l feature vector®] AlZ}s)
9 15,9 class probabilitys X.oJ=th AlZFs} o|u] ] oA A g3}
B Fo vy JAL §d J9 feature vector? Fo] AL
T AEE AFTte AS et [, 9 LelAE 1As it
St EA9l Seagram©] U= Y99 feature vectorZ} A 3HA
A ZFstEo] w@e ARFs Xt las YETE s, 1y, 2
;08 I,= 1X1 convolution®] A¥E HoFET 1X1 convolution
Go|x= o] layer? A3t feature vector: o] 3] A3t}

3% 3 convolution®A AAHE [, ;3 Z g8 A1ZtstE feature

of|

vectors= convolution®l#4] F%¥ feature vectorel] <J&] QTS

W=t A& HojFu. Class probability:s 39 feature
vector7} YERY = gridolAd] EE class® probabilityd FXE
HojFEtl  Class  probability  A1Z+de] A$  ZF class9
classification probabilityE A1Z+3}sl7] 938 4 x4 RGBe| zZ+zt
3] class®] probabilityE mappingste] 1,5 AAAASAT. 19
4.69] class probability A]1ZF3} image®] =oFo] w-zkA I Ao
target object class?l Seagram®| class probabilityE YERATH F+
HA ] gridefli= target object®] feature vector’} &% A
geth 2y A W

convolutione =& &2 Hko} target object classol] thal] &=
probability® RolFth AlzZbsl AFoa <o & 9l%o], A H ko]
I feature vectori= ¥ class probabilitys A3t AH

grid®] class probabilityel® QTS vk w2bA A Qksk=

HA 3 C] target object®] feature vector2}e]

95 "-:l:" | ""I-.|- 1_-“ ¥ L2



HHH S =3 dominant feature vectorE pooling® 72-¢, A=
143t feature vectors7l8] 93-S v A A class probability ¢

=
e o ¥Y 5 9 AOR 4T 5 vk

ETEEES
ExdFSE
EEETCDO

MR
¥H SR
TEELLEOEEDR

Layer 79 Layer 80 Class probability

i
s

=

~3

EE

1% 4.6. YOLOvV39] layer ® feature vector A|Z}3s}
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4.3.3. 9¥] M8} Dominant Feature Pooling®] Feature A1Z+3}

Dominant feature pooling®] &35 #5537 &) A= th&
Fhalete] 918 9 pooling® patchES A 21343t images 1%
4.7 bt 18 4.7 (a) oA 2k 2ol 1,9 feature vectore
target object® G HAYstA YEFATE Dominant feature
pooling®l ]3] o]zl feature patch® A1Ztdt= 19 4.7 (b)el
YEelY Qlt}, Target object 949 feature vector”} pooling ¥ o]
e Alzbst AR pooled patch7b A 914 Bup FE o] Wil
23t feature vector?} pooling ¥+ Ho=rh o] A2 Alte
dominant feature pooling WS AFg3H feature vector”’}
A S Z poolingdS HolFt}

Dominant feature pooling®] class probabilityd o=l
w2 geke 77 4.79] class probability AlZ3tE UERdTE
YOLOv3+ camera 2914 %F &4HFE class?l Seagram= 212 gkt
I 4.7 (@A ZHx FE 1, o Wik AL Seagram
class® &E5 Yetli, 9F std 2Age 54 JALS paper
cup class® &5 UEUM, &% AT EAZY 54 A48

cider class® &S HoFU} o] feature vectors ZolA,

N

AMZ patchi= 4702 7hHlebE4] dominant feature vectorg=
poolingsl$l 11, A2 patchi= &8} class?l Seagram©] 71
=2 probabilityE ¥ SeagramO @ EFEHUTH o] oA AJoA 2
T Y%o], A= dominant feature pooling WH & 7]&

vete] 4RE Q14 AnE £HE 5 AUk
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feature vector visualization of the 4x4 grid

Class probability

S K

pooled patch

NS

feature vectors

class probability

(b)
1% 4.7. Dominant feature pooling® A1Z}+3}k, (a) 2z 7hd ke

feature ¥ class probability A]Z}3}, (b) pooled patch®] feature

]
=

class probability A]Z}3}t
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4.4 Dominant Feature Pooling 23 % &2

Aol A Aorek= HEl FhlEl object detections $1%F
dominant feature pooling WY& grab—and—go AEFIS] Fol
iy dE ghHler #3E ARgStel Adssith Aol =
Alop7b o2 Zheler 6di7E AAH o™, 4870 target e
A8 YOLOv3 networks Sh53tich. a8l 487 A& =

|

AolZ 18719 objectE AlElE}e] dominant feature poolings
A7) Y% test setS TAEATE. ZF object classel i@l
st e w et 670 &8skl sAlel AT F, o] F
120709 frame= F2¢1= AEslo]l 7207019 imageE A5k
Z 2160709 frame, 12960702 image® test set2 A3t}
A2 Intel Xeon E3-1245 CPUS® NVIDIA GeForce RTX
2080—-Ti GPUZ F#aqirh st5¥ 7] YOLOv3 HEH A=
512%288 4% o]m| Ao Al mAP50 42.77%2] s HolFth
o] Ao AFE ¥ probability? threshold:= 0.29]14 ground
truthe} Bl gk i0U 50% =29 HE A= 39.57%°)H,
=% % bounding box? 7 AT E+= 41.53%°|t}.
£k ¥7l dataseteld A3RE HFsH] A o= gt

delA COCO dataset [5]E AFE3t= AMZEE test sets
FAs]  AMESITE. COCO  datasets 88 YOLOv3<]
weight¥ Redmon©] #7013 weightE AF£3l% 99, o]+= mAP50
55.3%9 ds& HATY. AHEE weight= [40]°14 3& <
AT

L9}

jany

}_‘ﬂ

1
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A3 vus flal 71E "y JheeE ARgEiA AaE RS
2= )+ majority voting " 3 multi camera CNN [6] 2] feature
pooling®l A A% ¥ max pooling ¥ average pooling= 3%t

uhy o] A3 kA YERY AT
4.4.1 COCO Datasetel|4]2] Dominant Feature Pooling Z %}

&7l datasetellA] #|Qt¥l dominant feature pooling WS
A=3s7] Y COCO dataset?] object = 12702 object=
ARgstol HEl FhHlet test sete TdSEATE 7} objectell thE
cAA o7 bt 6tHE &Eeto] FAlel AT 5, 100749
frames F29 2 A83te] class®E 600712 images A4 3tod,
= 1200709 frame, 7200702 imageE AFE3}o] test sets
TAd8k3ltE. COCO test setell A€ dominant feature pooling?]
A= % 419 yERdTh Ground truth7b EAE= 120070

719} = majority voting methodE AFE3hd 11887 frame©]

f

I

detectionS %3t} Feature poolingS 3t clusteringS =3l

false detection®] W& frame= AAsHA 10177 frame®]

_

detectione =H3%th,  Ar¥® WS majority voting THH

precision®} recall®] 2}z 14.69%, 4.17% 34AZ0tH}

I
o

average poolings A£32 uwo B3] precision¥} recalle] Zt

10.33%, 8.75% ¥ oM, max poolings &3S weo] s
precision¥} recalle] Z}7Z} 3.64%, 3.09% A= Atd. COCO 7|4k
],

3

test set? A= %3] A¢kE dominant feature poolingdH]-&

single camera detection®] false positive A¥}E A A3t 25+
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ftlo

feature pooling

¥ 4.1. COCO test set°ll A9 dominant feature pooling 23 4
o2 e vl

Majority | Average Max Proposed

voting Pooling Pooling method

box detected 1188 1017 1017 1017
ground truth 1200

correct boxes 663 608 676 713

Precision 55.80% | 59.78% | 66.47% | 70.11%

Recall 55.25% | 50.67% | 56.33% | 59.42%

: Sk



4.4.2 Custom Datasetol] A 9] Dominant Feature Pooling 23}

custom datasets &3t
4.2 vebdtt. Ground
truth7} £A18k= 21607] 2% % majority voting method&
ARE-ElE 204870 =g
poolingg 93t clusterings =3 false detection®] @2 frames
AASH 199770 frame©] detections Z¥ 3}, A|td W
majority voting ©H] precision®} recalle]l 22t 6.45%, 4.49%
average pooling= &= wel  wls
precision®} recalle] Z+ZF 9.81%, 8.89% 3AEUSW, max
poolinge Z €32 wjo] v]& precision®} recalle] Z+2} 5.00%,

4.63% 3= ALt

ol @i e P

dominant feature pooling A¥+= X

frame©®] detectionS Feature

AN,

3 4.2. Custom dataseto] A 2] dominant feature pooling 43} 4
s Wi vl

Majority | Average Max Proposed
voting Pooling Pooling method
box detected 2048 1997 1997 1997
ground truth 2160
correct boxes 1280 1181 1277 1377
Precision 62.50% | 59.14% | 63.95% | 68.95%
Recall 59.26% | 54.68% | 59.12% | 63.75%
62 A E-tf] &



4.4.3 Scoring Method ¥ Dominant Feature Pooling 2}

c

B dFoA= thekst  scoring methodE E3  feature

‘

it

vector?] ZQ9%E H7}3e]  poolingdtdtlh.  ©]# 3  scoring
method® &S B7] 18 ©FFst scoring methodE 48319
COCO test set®] dominant feature poolings 33 A= I
4.3 etk Fels S48 #E AYE $ASE poolingsh=

center first, regression®] &P t}Fst score=<Ql absolute

i

sum, mutual information score, view divergence %2 #t¥
| ¢Fel= regression score?] dominant feature pooling 2 3}3ko]
LFeRLQl T}, Regression score® poolingS 8t & HHHE o)
precision¥} recallo|A 25 4E 2371 YEtEES & 5 St
o]Z %3] t}ek3t scoring methodE linear regressions E3
3t score® UERY O] o5 7]F£°F poolingdh= Zo] w$-

aH9e 2 ok

3 4.3. COCO test setoll A 2] score ¥

dominant feature pooling 2 ¥}

Mutual

Center | Absolute |. . View  [Regression
. information| .
first sum divergence| score
score
Correct
628 684 581 634 713

Detections

Precision 61.75% | 67.26% | 57.13% 62.34% 70.11%

Recall 52.33% | 57.00% | 48.42% 52.83% 59.42%
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4.4.4 Dominant Feature Pooling®] 3 A7+ A3}

Al eF3}= dominant feature pooling®] timing overhead+ X%
4.3 o yetdtt. &= 699 tF 72t object detection A
T A H 0.2241F%0]t}. a3t bounding box® &2
FYAEPE Fd A HdE 0. ZQd, o= 699
Zhe gkell gk YOLOv3 detection®l] 23 53] A|7Fa} H| wa}hod
A5 3.
frast
AlZE2 0.13% overhead?l 0.0093%°]t}. A= W
YOLOv3 detection A7+ 7.62%2] timing overhead®t QA =F
stty, 2 AFeM = OpenCVE W& function?! MOG2=
foreground detectiong g +=d], o]& ¢ st duglFo R

A sHH timing overheadE F712 ¢ =9 4 Ut}

o~

O
O
J
oo

49%2] overhead®l 7}At}. Foreground detectionsS %3l
b < OTS

ounding boxZE A3} feature scoreE AALS= 53

&=

¥ 4.4. Dominant feature pooling?] timing overhead

Average time

(sec) &
YOLOv3 on 6 Cameras I 0.2070 I 92.38
Foreground detection 0.0093 4.13
Clustering 0.0003 0.15
Dominant feature pooling 0.0044 1.98
Detection layer reuse 0.0031 1.36
Total I 0.2241 I 100
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A 5 % Retinex Applied Object Detection

o

-

Object detection CNN< ©}&Fst 344 robustdhAl

FAHES EADE AA%D % damsetd WEO Sug

‘

stoy, a3y ohekst Ao F o gissigEts 2529 dAstds
Fokst S HATh 53] A% Q0 A% object®] dynamic

range’} o] detailo] Fw3h#] X3t AltlE detections 3+
Fohs wAIZE Atk QD ool S Ao Al 2
7AW EA4 2HA7E 7teles & Fed 9o =T wot
A Y2 detections FA| FEol= Asto] A 4 Ut} HdF object
detectiong A =2o® &&st= Asst Fay A& F3 49
2 opdloME AxEAAME tS8 = 3= object detection
Walo] vk vekd AdSelAe diE w90 P Ase
A Mg 5 Sl

2 AT AxE e ds & 7 AES 3 A
d11E]S5¢% Retinex €ilglEs E8&sto] object detections
MAdsks Rl diste] Agsldlth Ak A= vekst gl
o3& WAYSk=dl, FdA| dynamic range® =}o]7} Y 2tE Retinex
N EEe §3 Uled 4 3 robust$t object detection]
g0l 7hsstth Aljtek= StsWWS 38l image conversions
B8 42 AxE 949 Retinex 7N 502 AL AFsloA]

AZE 972 object detection®] 7fAe] yERGTH
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5.1 7| Retinex 2-& A

Retinex 41852 7]¥£ object detection @AM AFXE,

haze, underwater image 5 %% AES AAsF 3= HHFS
MAs=d AFEEHSITE. 53] Retinex ¢3Esg  ATete

Folo M= g dagFe Ades H7FE Y8 input image:

M

AQFeli= Retinex daFo=Z 74 st £ object detection
459 WHzlE EdE ARke dagFo] ayFoln gt A
HolF= Ae B7F Ax=E &y [47], [48], [49]. =3t
T o #Fe® Qs QAo ofg Askdel Wiy CCTV
deqe] wazk QA AT [50], 2 A B Fofl S+
=17 =&AE A7l 913k object detection A7+ [51] & ¥
Ao 2 <ld] object detection®] A=z FHA U= A o=
Ask7] 9@l RetinexE 2 &3st= A77F 3= .
Xiao[13]+= AxE 84S 73t object detection dataset?]
ExDARK [52]%5 @§3}o] Retinex /MAZ Ax% 4449 sheol
st dAAE BHeta, AxXEE axdgoer sy 9
network TxE AMFA ATt Xiao= RetinexE &-§-3lA
MdE skel object detectione st A HU AxE JA

o
=
Qg Sgsts ol § ERAYS AL Fd e

ftlo

N
-
w

usgkow Axjgle] FLE+= dugFe Aargo] Wl A7)
wj Fo] o] 5 imageE THIE A0 %

Xiaox Retinex 7|AS F3] ofF% FHo



o
El

noise’= &7 7l =] object detection®] FFS wH = 3l
AT Ty o] Ad}e BRI AxE A
ExDARK datasets training set¥} test set®@ uFo] AiE
A3lom, training set¥} M3 T FFe] AxE Fdo] dHow
Sole= Aol "M e thA = HAEo] AA et
2 Ao &85 object detection F<1 Fofc) 37
o gler, dni 54 A AXx AL 283
TR A et 25 Aso] AAtew wWetH, O B
gsa & e AXE datasets vlE] W= AL BVl
upebA thekst dynamic rangeel W-g3hr] Sl AxE S8
w2 Ad#EA £H3F+ Retinex dElEFS FEIvhd 2%
7ol mp# o]k object detectiono] ©g& 4 Qlth EE
7

AZEE 3 training datasets THA] #FG3= ol Hl8)] 7=

o
o
AR
iy

training dataset®] Y7]E ZAdo] o]FF datasets WEIL
RetinexE A &3sle= Aol AEE networks o5shed =&
burdeno] & Atk welx B7]E Z4ste] datasets WHEIL
RetinexE #&3sto] 8tgs st kst =n ghAo tiafA

7]Ee] Z9¥ dataset= 7HA AL skl tiled ¢ gl
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5.2 Retinex Applied Object Detection

5.2.1 Retinex Applied Object Detection 8+

oAM= ol deidie] Axk Sl object
detection ¥ dominant feature pooling®] &S FA37] ¢
71%€ training set?] image? intensity #te] scale factor®
WMt AZXE set& ®HE©Y] object detection networkE
gkEotet EEstltt. stse 91§ scaling factor+ 0.1, 0.2,
83 0.55% AHESFITE 22 image® 0.1, 0.2, 0.5% W
imagetw= 1% 5.1°] uYEdt T3 Y imageE Retinex®
MASE Aab= 13 5.29] YERATE o %2 imaged Hd 2=V}
0.13 0.57F 5Hlf ZFo] = Zlof H]sl], 1% 5.2¢] YEld Retinex
M Aol =2 2ol 0.1 0.5 image ZFell 2.038) Aol
=olEo] oFe AL oiv] da8 AAts dHehde A B
Atk oF 2.549) Zo] Y= 0.29F 0.59 4% Retinex® 7434

1.58) zFo]Z FojEo] YE dynamic range? FZEX Retinex:

Fal vwA dAHA 289 F UAes B 5 Sk 2 AN
Retinex? Z8€3 o]F2 image? 3dr5o] st vluwE: Y3

Ao zE=2 353 YOLOv3, AZE image® 3F53%F YOLOvVS,
7123 Retinex® 7RAsto] k53 YOLOv3el disll 212} testE
&ty vl waldet. sy =1 momentum 0.9, decay 0.0005,
learning rate 0.001% X 8s3 o™, ©o]FF training set<>
90,000¥ iteration, RetinexE Z &3} training set< 60,000

iteration 3}o] 853t weightE AFE-3FS T}
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(a)

(b)

(c)

% 5.1. A2 Y& scale factor 2 &3t image,
(a) 0.1, (b) 0.2, (c) 0.5



(c)

1% 5.2. A% tE scale factor & ¥3H3F image 9] Retinex
A4 Ay (a) 0.1, (b) 0.2, (¢) 0.5
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(b)

(a)
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5.2.2 Retinex Applied Object Detection 43}

mlm

sty 9

training set¥} TFE test setS A|Z3}o] 7]& object detection

RetinexE ZA£3t object detection®] &}

network, o5 dataset®® %53t network, 183 Retinex®
223 networks H| W3 T o] F% training set< F<Q1 Zujjc)

Aol V& 2= olwA 5, Fujd]l flol Adl= 2HS
8

k=1
L R N R ] L T B
4 object7} AAFYAA 7= object detection network@ i+
AAS 3F7] ofHh Tgk B2 test set® o] AyE B3]
RetinexE AE3S ] opfst 2% Ao o8 = A=AE
At AxL FAoNA YT test set?] or= 7 5.4
ettt 29 5.4 ()& AHEE AA ¥HA 29 E test sets
HojFa, 79 5.4 (b)) 2WEE 74 oFA 299 test setd
HojEtt

71% dataset®. & 853t original YOLO, o5 dataset® @
8t53t darkened, “1¥]1 RetinexE Z&3Fo] 8h53 Retinex
network®] YOLO A3 ZAy= 3% 5.1° YHEFUUTE Retinexs
A gste]  &<53%  network’} originalZ}  darkenede]  H]3|
precision¥} recalle] 7IAESFS B F At 53] £HS 7AA
AF 7 test set?] A9, precisions original¥} B S=sFA] W
recalle] 2.13¥} 7§ o] E4 ¢ WS Ads 5= A &

T Y. o F% training set®.Z 5% H9 o] FF test setolA



AZA T 3] S precisions YERATH
2 EAES #ZHE ¢lA3 false detection©]

Original YOLOZ} Retinexel #J8] #¥&

w2 ArgtelA #Z¥ training set¥ €], AMEL test set
o] 7% AolA THrtolel Sl FHow ¥l WHEZ] Wil
A7 G 7k WA YEuARE, Fd FFel Sl R
oAF5A Hets T HAAAFHOSE dynamic rangel H3¥eof Xo]rf
Stk weEbAl original YOLO®| H]3| Retinexgs A-&3stH o]efst
kol 2 A7) = AAES Astele Audo=z e F s &

F 9k

¥ 5.1. 2% W3} test set?] YOLO detection 43}
YOLO Training Original Darkened Retinex
method
Precision 38.36% 8.34% 45.86%
Bright test set
Recall 47.93% 19.69% 56.50%
Precision 31.15% 19.69% 32.10%
dark test set
Recall 14.10% 17.75% 29.98%
Precision 36.48% 13.80% 40.09%
all
Recall 31.12% 12.52% 43.40%
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Retinex® #&3% YOLOE &&3t dominant feature
pooling®] A3 A= % 5.29 YEFATE Tkt ZFEoA] A&
feature® £ 3ok dominant feature pooling method® 54 73
YOLOS <ol &o] oj=ALE IFH 2 precision? recalls
Hol&tk ¥ 522 HW original YOLOS &£3 dominant

feature pooling®] 7F& ¥ precisions K F1, RetinexE

A

243 dominant feature poolings original YOLO$%} B3t
precisione HOFI, & recalld HAFTF E3] ofF2 test
set® 7% original WH] 25.6%, darkened ©W¥H| 33.2% Y

recalle ®o B @ A9s d53Se = o Ao 19

o

5.501 o]F2 test setlAe 7} network® dominant feature
pooling® precision—recall graphE YEFAT}. Precision—recall
graph® 54 4 22 4] AT E ¢ =& HAss
et RS 9vsity. Original YOLOE AFE3H dominant
2 precision® YEMIAW, ¢ &
E 83 dominant feature pooling©]
Tz o] At o THEA SlAlEkE As & 7 AT ol F3l
Retinex Z€©°] dominant feature pooling?|Ad%E tTheFs 2%

FdelM o adAds & 5 Stk

m

feature pooling®] Y

m

recall® 7]=3F Retinex
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¥ 5.2. % W3} test set? dominant feature pooling 23}

DFP Training Original | Darkened | Retinex
method

Precision 72.73% 15.95% 71.97%

Bright test set
Recall 67.20% 12.00% 68.80%
Precision 94.19% 51.67% 86.83%

dark test set
Recall 32.40% 24.80% 58.00%
Precision 78.55% 29.87% 78.08%

all

Recall 49.80% 18.4% 63.40%

~«

/

Retinex
= ®
&)
Q
(a'
o
Original
Darkened
Precision

19 5.5. Dark test set °|A 2] precision ¥} recall graph
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5.3 Object Detection= 9]¢+ Retinex F 4 3}

5.3.1 Gaussian filter =7]°l] W2 Retinex &3 &4

Retinex €1e]Fol4  Retinex® A5 Gaussian filter
kernel®] Z7]ol &-& W=t} Gaussian kernel®] o7} Fs|A 1
AMESHE kernel Z7]17F WSEtd o) Fe HE M @te
deFS v X, BE kerneld Z4F /MA adrt A veERdL
a8y VA g3 2 32 9 images AMEC] wo®E HOkE
o] Aytolty, &8 A#E B kernel? A7|7F AXH o FR
F9 noise® #o]l HA AW halo effect?} 71 52 side
effect™ AY71A #rh T3 Gaussian filters AAbs7] 93k
kernel size’} #AA™ o] memory AFHEH F7FeF AR A|zE
S7FE o]ofA Al #rh Retinex ¢ F= T8 oFE image:
MRSt olE HF AYES AFESHE A, object detections
18l networkell input®® W7 f1F AAe2 AR uf o]
M &3} side effect 7HY G &o] tE 4 v}t wWeEbA object
detection networkel]l #8&3t7] 1% Retinex? HZsHE 2l3)
kernel =L7]¢f| m& object detection®] A¥}E 433t
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001 001 001 001 001 0.01

001 01 02 025 02 0.1

001 02 04 02

001 025 025

001 02 04 02

001 01 02 025 02 01

03 01 02 025 02 01 001

001

001

001

05 01 02 025 02 01 001

05 001 001 001 001 001 001

Original image Gaussian 3x3 Retinex

(a)

15% 3% 34%

1% 9% -15%

3% 15% S% -15% 1%

15% 2% 6% -1% 1% -11% -15%  -14% 3% O% T 23% 15%

(b)

719 5.6. Gaussian kernel size o W& Retinex 2] z}°],
(a) Gaussian filter X% 2 Retinex 43},
(b) F Retinex A3} 7+] *}o]
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%" 5.6 22 o#kel disl A= v =719 Gaussian

kernel®] Retinexel] ©|A&= TS ofF1 ¥ blobo] Q+=
example imagee°l| o3| YeE ok 2R ¥ S
e

edge$} o5& edge, 18|13 ¥ral o]F 7 blobs A4 st
intensity zte]7} Sl oy EA4 Tl Retinex7t oJd
X =A5 & 4 JA WEAT. Gaussian kernel?] F7]&= 9X
¢} 3x3 F7/HA FFE AREStel YEIY. I¥ 5.6 (@& F
719 kernels E3st A¥e}l, @l Gaussian filter A3
AHE-3F Retinex A3E HolFth IdA & F Q%
A717F A B2 edge®} blob ol § WIF & S &
gtk =717F ZE Gaussian kernel2 AFEshH o] T HE ]
w A mde B 5 AR Ao ® 377 & kernelktt
T edge’l o= AS B Qv 1™ 56 b F
3719 kernel®] Retinex ZA#ge zpolE HolFEd F& Moo=

¥719 BEL2 9X9 kernel? AHgto] ¢ F A2 HF1, H
7

lo

o

iy

o] Gaussian

Mo g H7|E HEL 3xX3 kernel? A¥Ho] ¥ E AES
RAZET 7 YAY AE7t =555 1 zko] el ¥ At s
oulgtt, 19 5.6 (h)E B & edges blob FEoA =717}

& kernels A& W ¥718 W7 vig- Ave Aes & 5 UTh

a¥ 5.7 AME HE A7 F filters AAl image?l
AEAE W A AFolE yErdt. O 5.7 (a)v 3X3
filters A€ S w9 Retinex A¥gkS Uek L, 19 5.7 (b)+
TX7 filterg A& wWeo AFNE YEpdo. TdHOA E F
Aol TXT filtere] AFgho]l 2w U AWsiAl HolA|uE o

=
O FE HE noise’t ¥ A FZA4H1, EA AFA HE2 halo
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effect7} =5 © st detv= 2e & F Aok + 2339
2= 29 5.7 (o)l dEhelth w3t F2E 3X 3 filter 9
Aygrol ¥ & FEs U, 25 &2 7X7 filter 2
Adgrel © & HiEe dedt Jdeld & & 9ol filter
A717F A AA FEelA ¥ Fell halo effect7} © AA
e, filter A7]17F 2o o] 7 %ol halo effect’} WERH
drh. A717F & filter7k At wellE U] AdWEiAl B 5 glov
o] 3t noise 3}t object Gl W =AA YERE= halo effect
59 A7} object detection CNNoj|+= t}h& Jg-S v]d 4= Qi)

(a) (b) (c)

a8 5.7, AA #F9 GAo tis] Gaussian kernel size ©] W&
Retinex 2] =}Fo], (a) 3% 3 filter, (b) 7 X7 filter, (c) 2=}
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5.3.2 Gaussian filter Z7]¢] W& Object Detection 23}

A717F 9E filters ¢ Retinex® 7fA3 object detection
CNNO A= 98 filter 7|5 W38l Retinexs #-§3}o]
Ads S yedleh. =717 2 Gaussian filters 283
Retinex ¢85 ° % "= training setl® st5 3 & ¢ z2
719 filter 5% test S W JFS F3 Retinex ¥+
AA2 ] AARE Ageld o A2 filters T3 A i
aYE 95 F A=A FAsHUT 3 5.3 Gaussian kernel
A7]9] mE YOLOS} dominant feature pooling 435 YERHATE
FoAAM B F ARe] ofF# test setel tlElA © e A7]9
filterE AE3lY% YOLOS} dominant feature poolingd] & ol=

2 Aol7h el B 4 vk YOLOS A%, A717F AL filter &
S

o
ftlo

S Z  precision®} recallo] =7}st= <k
Ko+, dominant feature pooling® 7A-$ precisione 43
g3t o recalle 2% FUEhE 5 AAZHOE 1% oY
zZtolE HojErh, TX7 A7) filter tiH] 5X5 filter9t 3X3
fiter= 77} Gaussian filter 3 A|ZFS 75.8%, 58.9%=
g oR dHAM 4 vk webA object detection CNNoJ
Retinexs A2 A L3t A9, filter sizes ZF99A4 A &3t

ol 2 ARIE glo] AAY AT A 5 A @HY

1o
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3 5.3. Gaussian kernel Z7]°] W& YOLO2} dominant feature

pooling®] A}

YOLO DFP
Dark test set
precision recall precision recall
7 X7 37.45% 25.39% 86.50% 53.80%
5X5 37.58% 25.59% 85.80% 54.40%
3X3 37.60% 25.64% 85.44% 54.00%
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5.4 Retinex ST 9o] Al2¥le] By 9 7|E 47

Retinex €1g]&FS o7 d9s MAdstH FAlol image?]
detaile 7HAdstedl 843 Ao 7 Zloz d8d glon
FelM &gd 7HA7F v oo A [63], [54]. Object
Detection?} ZATFS wo= Retinexiz AZXE A
detection A5 gl Z=wol Hw ALt dominant feature
pooling®] As ek =wol He s = F Aok 194
Retinex €118/ computational cost”} "¢ oA AA|zto &
SAE717F ol AIE zbeth Object detection CNNKE.TH
Retinex ¢tirelFe] 43 AJgto] of 1568 © wWo] &4 Hth
Retinex ¢iglE5S FHASsIH S object detection CNNEJ
AA ez dgat7]ole= AUAA AAtEFo] Wt

8P E o]#]3t Retinex algorithm< H]E3F adaptive
approache< € hardwarez HW) F3d3o F2
computational cost TAHE | As= A5 3] MY AT
Y. Li [55], D. Ustukov [56], 283l S. Marsi [57] 5¢] A7+
Retinex ¢ g|&FS 7|Hto g 3t Jaxe] LdueFo] AAgte g
2 g =S FPGAE #E&sto] HW= Fdsiqlth. ol &
71E& A= throughput SFWHolA = Al AAF T2
GARAR e 22 3 7HA olfE o4Hds] AdFer we
HW resource® AFE3t7] dwiitel ©E  application? 37
AR E ALY Bt 7171 el AR E 7 el= e vE ok BOA,
A8 942 memoryol AT F AFE3L7] wjFol (frame buffer)

input¥} output 7Fe latency”’} £A5h= ©@o] . Li ¢F Marsi

e

|



+ external memory?l SRAMS AFE3lY imageE A &st3 L, D.
Ustukov + Ui BRAM®] images A&ste] AF&sk3ich
External memoryE 24 W memory access® 9%t
overhead”} 47131 F7F41 SRAM controllers &8 ottt
FESH U BRAMe images AalA AREStAl HW A 7hsdt
image size’7} FPGAZ2 #Ho BRAM =A7]|&2 #3txEv 3skg=
BRAM= ol ARgst7] wiZel & R85 785 ofHA Rt=x=

Aol Tk = A, 719 HW 74 AF4E2 25 A5 S
98l Multi—Scale Retinex (MSR)E to=® 3h3l=d MSR#%
22 AF, oY Retinex? A¥}E &E3ofetr] o] AAtZol
Hold A= Ad oz B HW resources F Q7 3t Al A,

oX,

d5 ¥ HW resource 9] trade—offE & dHA] &2 A F& 9|
7] wEel e a&do] we Yk

o]fl 7]& Retinex ¢1gFe HW #Hd A=< EAMNES
Beksty] glete] # AFeAi= MSRel obd Y. Shin [27]°]
A|kst Efficient Naturalness Restoration €ilg]l5$& FPGA
targetO.Z 3dFo] T33O Z A low—complexity real—time Retinex
HW IPE Alstetth Agd dae]se Adase A3, FHojd 4
29, 783 MSRS H]E3 U}E Retinex algorithm tH] &
A A A ZAEe 7] ditel AAal real-timel ®
g5 e MdstaAt sk HA o] 2 R Rk oy}
At HW+ 7159 A459 353 memory A8 2 latency
A S stream WO % image datas 1 WHe WS 48351
g dstcE 3 ¥ AFoA = hardware resources A&X O R

A7 Al e HW resource 3FS] trade—offE 1l2]d}o]
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approximate computing [58] 7I@& A&Fo2H UF REE2
B Aty dagsels b datgol @2 FE<d
Gaussian filterelX& H2 9] ogt& Aato] filter sizeE BRI,
9]% memoryE AFEEA %= line bufferits o] &8

latency s HAst & F JEF S B3 resources ®Ol
ZHA8F=  multiplication  7]WEe]  Gaussian filterE  shifter 2}
adder® F&¥3t% approximations 3Tt [59]. ¥l
naturalness restoration®] 7d-%-, exponentiation <1Ako] FQ 3k
S stAl H=d o] AAake] non—trivial operation
ofyzt HW= F@atr]el JAs] oJH7] ujel o5 E&%XO0=
T/t AER WHE 29t Tde sHSith

2 AT7Y = sty Ade A4S nyeditke Aol
AA A 2wlo] FPGA ZgelM &2 w, HDMI/DVI @2 974
dE9 AHG 3 HEER FHEHNY] wiEel HEHEHOR
ARE-E = 1920x 1080 (FHD) ai4=9] 60fps G4 =9 x4

AN 53ko] Heslng dgx U &g Wt v$

e
=
rEl
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5.5 AQt st A|A” T e

2 AFelAi= Y. Shin [27] ©] AQFEF naturalness
restoration algorithm2 RTL F3dg %3 Adaoe=w
AAEER o™ FPGA  AelA AR &8s AHSSATH
Naturalness restoration €185 2 FPGA T@d°] challengingdt
o]-f-+= Gaussian filter®} exponentiation®} #S HW T30
MRS AAES 23S 7] witoltk. ¥l oy gl naturalness
restoration €1 Foll= frame A S92 B HdoF =
W °]A frame memorys AH&SHA] kil Trdlo] ol Hoh
% 5.8 old oHe e TEAOE AHYI Altst= 3HA
A dg]E P9 block diagram= H.oJ 5t}

At P F 7702 main module®Z TF#H3AT 7
module 34 A daglES HA$HS] HW resource WO =
AAE AP & JdEF FEE e, 53] latencyE =Y F

= frame buffer ¢l°] A% line bufferits AME-st- =
data® Y HAFEH ZF module AFo]olA stream o= A |3}t
T3t image MAE Y2 Fol W& ke AREdoF S+ dataw
14 frame®] AI}E AFE3}o] frame T latency’} A71A
geE skt Rk ofyEt JA e e AFRH
cycled 1 pixel? ¥2 throughpute A F A=
TFasolch. AA A"l Verilog HDL¥ Xilinx A% IP &
TFdson 7 EE Y datad AHE]+= AXI4 Stream Bus

=°]
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image® ¥ ¥ ¥ intensity channels w#83ts 9&g ot

olw], intensity channel RGB channel & ZHitS 3514

N

Ay2d sk}, Gaussian filter module< intensity channels Gaussian
kernel¥} convolution 3F¢] FHAwS estimatione 7] ¢ F
channel® AA3ttl. Weighting map generation module
calculate E, module®l* F channels modify 3}%] modified
illumination channel®! E,< A4S = AEH weightE AAe=
osks $tth. RGB creation module ¥ 974 R, G, B
channel| X F-€] E, channels 217} Uro]lso]  HRARAIRE
channel®! Ry, Ggr, 1383 Br= AA3F= moduleo]t}. Calculate
F,nn module exponentiation AAHS &3t E, 3 7]E
intensity channel® 3+ 3tS ©]&3te] FHAF  channel©l
adaptive gamma corrections %23t channel?! F,, = 74t}
B A= SWolA double precision floating point® THH
gdy8E5ES RTLE Fd3t$th whebA double precision floating
pointE @7} 7HE HASE Hi= W ¢kl HW &8

U&= 13bit fixed point® T3 RGB §1¥& 8bit®

kS uwl ZF @A oA 7HE H A9 fixed point precisions A &}o]

o]

)
A = =

o

m

i
ftlo

~

PN
&
g}

-
ol
o

At} ZF module? fixed point precisions Q—formatO. =
5.4 vhelsitt.

.9+ AAl block diagram®lA] Z} modules A% $9
A7 WX E depdth. 29 5.99 R(x,y) channel&
Retinex® &2 g o= ofFHAA Holx od
ol Aol gdstA =eus e Fdg = Qv Py

R(x,y) channel®] ZA3}ghd AAAe M7bo] Atebd Qi 8h7]7})

AR
ar

¢
FK

<
29

¢

2]
=

N
o

rlr

i

27
[H=)
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3o yeRtr]  wEel  F,, (x,y) channel?} F&3s}o]
HFA oz ol Fito] MAE AAXxR NEY Lp(ny) &

A

ke

5.4. Z} module® &%l t§3t fixed point precision

Module Integral bit  Fractional bit Q—format
Gaussian filter 0 13 Q0.13
Weighting Map 0 13 QR0.13

Calculate E, 1 13 Q1.13
RGB creation 5 13 Q5.13
Calculate F,_ , 0 8 Q0.8
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5.6 A¢t F=go] Al2" 7 534

2 Ao = Retinex algorithms HW=Z T&3}7] )3l
HW=Z  F3&o] ole]® Gaussian filter, exponentiations
E82%4C0 %2 approximationdtd ow, T3 BE module®] FH A3
latencyE 7HAIEE H A3 line buffer?t2 AMg3sdc. =3t
AArow FAsE HWZFE vE A& AR S g

HE= HDMI/DVIE %38 datas 1 W2 F A= 133

o
o

5.6.1 Gaussian filterd +3d

Retinex algorithmoll A 32 7)Ao & IS v x| = FHo
Gaussian filter module©|t}. £3], Gaussian filter® o #te] A

Alzaele] s A Al 2 S vIAA Hed o9 A7t

S4E o)Fe BES WAstE 29 AXA do agy &
o e AFEEHY] Yl E & filter sizeZt HLEA a1, filter
sizeE® 5842 memory, DSP 59 resourceE o] AF£3HA

Ao, TS filter sizeol 3 dlE pixel®] FWHE line bufferol
AAsoF SFERE  line bufferd A7|7F AA= WF JEHEE
= 7#] A= latency®™ AAA A}

2+ AFelAME Fgd A a9 FEEA UEYES
Gaussian kernel& o¢=10°%2 A3tk 719 5108 =W
Gaussian filter®] sigma #tell W Retinex algorithm?] 4 3E&
T AT o el AAW contrast7t Aob= @HTE QLA

ofFE FE AMelE IWF A% sheel 4k B ATelAE

e

2
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ofF& s NSk Aol 7 dAolER RS H2 o
e Fesx fuh. ¥ 5109 FEel v oFE F

detailo] Aolp= AEE HSE wW o ko] 1091 A ofF&
ol 7PE #Z Heldw & 4 vk & AFollA= Gaussian
kernel®] %t& 13bit fixed point® A 7] W&o ¢=102 ZH$2
Gaussian coefficient’} B F&E3H gt& ZHA sh filter size:
53x530|th. a8y FelA Hel "ol FIE9| coefficient
wje- Za o Filter A3 Fell  wAIE dFo] Hormw
approximation computing @< A L3te] ] FS filterE:E
T3 E subjective qualityell & QG3Fo] k. # filter=
TAsA HW 1% line buffers 2 AME3te] Ui BRAMS
AA AR ¢ Qlal, AAbel] AFRE = resource® AA =Y ¢
Ath= AHol Stk adEE 2 AFedAeE s resource
79l trade—offE 1E3sFe] 29x29 filter sizeE AFE3sF oM,
coefficient®] %k normalize 3¥Fo] kernel®] o] 1o] =H

A= sk
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1% 5.10. Gaussian filter?] ¢ kol W= Retinex 43},
(a) 98 94 (b)) 6=2.5, (¢) ¢=5, (d) o¢=10,
(e) 0=20, (f) 0=40

,
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I% 5118 B9 o g 1022 AYS o filter sizeol
& normalize factor #= & F St} Normalize factor #t>
filter kernel®] RE #t° o= o] FHSF kerneld normalize
a7l kernel®] Fo] 1o] HEF o] F& gholth. o] Ftol
AZAFZ filter sizeZ} W u] shape?} @o] @2t 227 A7
A71A ®o}. Filter sizeZ} 29x29 9 wl normalize factor@t©]
0.9599¢]2=2 0.95 o]io] Ho ex7F AA A7|A For=z
EHAOE resources =Y T UEF 29X29 sizeR Mfilters
ARt 13 5.129)+= approximatedt kernel® shape2} 7|&
kernel shape”} YEeRY} Ql=dl, + kernelgtel zFo]7} A9 o=
geld ¢ vk 29x298t ©f o)Al =¥ full size filter 99
shape xfol7} AAA Hol HF FrelA Apol7p HAs7] wiiol
29x29% A2 a3

92 A 2T



1.0
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0

normalize factor

1 5 9 13 17 21 25 29 33 37 41 45 49 53
Gaussian filter size

7% 5.11. Gaussian filter size®] W& normalize factor

-26 -22 -18 -14 -10 -6 -2 2 6 10 14 18 22 26

e 53%53 29x29

19 5.12. Full size2} approximated size2] Gaussian kernel

shape
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T3t Gaussian filter7} AF&-8F= resources #HA3} 7] 93l
fixed point multiplication 914t thAlef shifter®} adderE AFE-3h+=
Gaussian filters T&3te] AFE-3F3I Tt Gaussian filter kernel?]
coefficient 3= fixed point 13bit®E rounddt Ft2 pixel Zkoll
wote WX WAl coefficient® Hol 3709 shiftere} 27]2
adderite AFE-3t=5 coefficients 3k th i HAl Gaussian

coefficient®] # fi= 2 (5.1)¥% Zo] xdH I, pixel p&} f; 9

7o 4 (5.2)9 pol XA & Y},
fi = 2%+ 200 4 26 (5.1)
prxfi=p<Katp<LKb tp<KLcg (5.2)

ZA4% kernel® 1WHAHFE 159HA7FX2] 13bit fixed point
kernel coefficient value$} f; & ¥HAS ¥ 5.5 helqlch
16WHF-H 299 coefficients= o] #k¥ th3d €1}, Shifterel adder
2ME AFEE A4S 1 cycleo ¢EsHA Fd3sFe]  Gaussian
filterg %1 resource® 3T 29%X29 Gaussian filterE
Fd3t7] Al 1920x32 A719) line buffers 839 filters
TdsFA T HW resource® ZoFstr] 918kl 1D filter 27HE 7
horizontally and vertically AF&3te] 2D filterE T3 0.1,

vertical filterE WA AAFsLaL, horizontal filter A 37} AAF F

N

kil
S module® filtering¥® pixel dataE stream®Z HAET

s mEA 0w AAG.

94 A L) ¢



3% 5.5. Gaussian filter approximation

Real Value 18pit Fixed Approximated Approximatgd
Point Value Kernel Value Kernel Notation
0.0082794 68 63 26— 20
0.0108457 89 88 26424428
0.0139262 114 112 27 — 2%
0.0175275 144 144 27 4+ 2%
0.0216233 177 176 27 +25 + 24
0.0261479 214 216 28 —25-28
0.0309933 254 254 28 -2t
0.0360091 295 292 28 +25+22
0.0410082 336 336 28 426 4 24
0.0457765 375 376 28427 28
0.0500875 410 416 29 —26_25
0.0537192 440 440 2% —26-28
0.0564735 463 464 2% — 26424
0.0581934 477 478 29 —-25-21
0.0587782 482 482 29-25421
95 1



5.6.2 Exponentiation?] &

Fopn = En, 3 719 intensity channel® A+ S o] 83}

ZW A Eo] channelell adaptive gamma correctione Z-&3F

channel®|t}. 313 channels TF+&3H7] 3k 212 2 (5.3) ¥ £}

Fonn(x,y) = Ep(x, y)y(x,y) (5.3)

Y, y) & Fopp & ©1A module?! F,,, ¢ @3}, intensity
channel®] 7 ats &3l Al4lEl& adaptive gamma gkolw, ©]
e pixelvttt thE2A AajAl= WHEgoln, A (6.3) oA =
Foun 5 AlAFsH7] €814+ exponentiation 914Fo] & Q 3jc},
o] AAk2 base?t exponent’} RF W4l dibolw RTLE
T Al HFE7F ug = 2 AT elX & exponentiation
F&Now Fdsy] 98 Zad bit widthell A #s

el
=
# A 9] exponentiation hardware module2 33} t}.

v}

oA A ASF= exponentiation hardware module<
base 2 logarithm¥} exponentialg A}&3}o] base®} exponent’}
T W9l exponentiation 99AHS decompose 3F A SFI T
Foon & T8317] $1% exponentiation 219 base®} exponent®
vy x ¢} y#tal 31, ©]& base 2 logarithm3¥ exponential®

EHHE o 43 2t

xV = 2v*log:x (5.4)



!

2l (5.4) A exponent F y ¢ log,x & wAIS
o]Foix] Sltt. Exponent F+2] #h& 7] f3A= log, xoll Ul
Axryp FA Aare]l HQ3FHA  ®rh Exponent Hi

SR (L) 9 2SR () e Foz mads| A (5.5 9 k.

£

o

Y *1ogy X = Ioxp + Foxp (5.5)

o€ HalstA HW exponentiation QA Al (5.6) 1} 7o)
®dg 4 A Hrh

23’*10g2x = Zlexp"'Fexp = Zlexp * ZFexp (56)

AFHo] 3t base 2 exponentialS shift GAtC 2 A 4
=

Aol tigh AAke sk AAl Ak A (5.7) 3 ol

2exp 4 DFexp = QFexp > |Iexp| (5.7)
Exponentiation®] input valueS! x&= &4 1XH T 22 HIE

THABR, Iyl Adgts F3 ¥ right shiftE sk 2 (6.7) ¢}
2ol yekd 4 2t} o]g A exponentiationg decomposedtH
FA T GlAl shift, 28]31 base 2 logarithm¥} exponential®)
AAFS Z3 exponentiation @Are] 7Fsa Xt}

HA GAl - shifty= RTLOA 1 cycle ©]3t=E A

rU?L'

-
R

kE

—

AAFO] AW logarithm¥  exponentials o3| E33F 3o
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Q34 Ho B dAFo M= logarithm¥}  exponential®l
5= ke H9vE dalA Qlar, At 94 FalXl bit width
7F dohs 5A4S Jvto® LUTS 1xp3 029 ZAE S F
AAS AHYsHY. 2 A AHOA  A}E¥ exponentiationd
base°ll aFet= F, = 3 0olA 1 Atold #& ZtAl Hrh
WebA log, x 9] 004 1 Ake] ks IARHH date #h= = +
ATk 2# Y 0olA 1AF0]19 log,x o 1@~ 1™ 5.13 (@)%}
o] 7=7] Wzt Ad 53 AEFS Ho| A 17F o
Hho] 104 2 Atol9] log,x & 1¥H 5.13 (b) 9} ol 7177}
Rbate] ZAF &b7] A FElE yEbd

o,

98 J’—-! '“1]
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Iog2 X

Iog2 X

09

08

071

06

05

04r

03r

02r

017

01 02 03 04 05 06 07 08 09 1
X
(a)

11 12 13 14 15 16 17 18 19 2

79 5.13. HYel
(a) 0<x<1, (b) 1<x<2

(b)
< log,x2] 1=,
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kA log, x 8 Al xo HAE 194 27F HEE log,x &
Heksto] ZAFE AlESdTh WSE WEketr] 8l x o fixed
point precision®| 4] & nonzero bite] A<l k= ol A (5.8)

Zo] F HEOoZ rrh
log, x = log, 27% x (2kx) = —k + log,(2Fx) i.e. 1 <2kx <2 (5.8)

2 (5.8) &= 4 3ol x9 A nonzero bitE Zo} 1<
2kx <27} He kE F = AT ko WA 1oA 29
M  logarithmo® W 4 ity WHIs W oA]9
logarithm> 7]&7]7F w3 ¢kubsk FejsE Ay Q7w
w9 ZFS @ ARk ZtEE HEAYo R ZAME 4 Qlth

12bit precision® xS o4
Az ZAbsld "HA exp #4& Sa AAbskd. 25 719
entryE 7= seed$t 71719 LUTE AREste] Hi AFo=
TAREE A WeE AN LUTE Eees 212 37|xHu 649
44 FdS & ok 28 A7E £9 LUTS 4% 28
3 logarithm® 2= 1% 5.14 (a)°] Yeplch 2¢ &= o]n

o AgRE urolx Q7] wiZel OdA 19 HeE
gElol  lom, ol 1o 2 WY logarithm¥ 2
HoelA el 34 dAlolmr Ze WAow FiE HAY ZAL
7bFsstth kAR oAk BAS S A #HAH e LUT A7le
logarithm¥ s dstw, ojmje] @+ 77 5.14 (b)el| Yetslet.

7 3 11 3
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%107

error

(a)

%1074

error
o

0 01 02 03 04 05 06 07 08 09 1
X

(b)

a% 5.14. 2% 2719 LUTE 243 ¥4 b eah,

ShebA S @ AbE UEhaL F3A @A A2 12bit
precision®l A& FHAELE HEFAY (a) logyx, (b) 2%
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7% 5.159]%  exponentiations T3s7] Y3 B

i

approximationg Z#-€3 module? block diagram< YERTE
o3t AMEE TX9 exponentiation €A HW P& A %59
H37E A9l QoW R HA3O resourceTro® EHH O
TdES 7] W&o image enhancement hardware Gaussian
Filter?} #©o] BRAM¥} DSPE o] AREd|oF 3Fi= module©]
3] resourced utilized ¢ UEF = FFo] vk HSH
E2sE Aaks 1k @A) WA E decomposesto] dfd kel
A2REE cycle &% ¢ Aol 2A7F image processingell
Astsith. TE3E fixed point precisiono]A FEIEUA T, 29
exponential® 7|HFO 2 3= floating pointdll® #2 ¥ E
TAFE A8 4 39lo] floating pointE: BRE = AEel=

oA oAl Aekehs WM e AT 5 ek

integral part

x— log, k |
ylog, x xY
Zk
y— fractional
part

1% 5.15. Exponentiation module?] block diagram
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5.6.3 HDMI/DVI Al & g latency FH43}

outpute A3 3, HDMI inputs ®7] €3] Digilent FMC—
HDMI expansion cardE AF-3}$ T HDMI inputS o} external
memory 8t S buffere] A&38FA 1 vFZ AXI4 Stream bus®
image enhancement module®] AE3t & &% AXI4 Stream
bus® HDMI ©@#E Fa] Wrdth TE datat video stream
data A& W43} T8 1 pixel per 1 cycle® &g}

ol WEAo] FHor ZEHY] SleiM= device®} HW IP
kel FAlelA latency”b flolok k= Zlo] wig- FQdtrh &
Ao frame bufferthdl line buffers ©]&3&=d, ©]
whalS wlsto g g A2 Jatency® image enhancement
modules T7#E 4 3Ith Frame buffers AFE3HA WA bufferd
ARG el webA 9l JAH =¥ FAd Zhel latency7t 1
frame ©]4 A7|Al ®rh Line buffers AFE-ECS24 1 frame
o]’F2 delay WAl line buffer®] ARF A7]9HF°] latency ™t
HASHA @t o] gk v Zopx AR display devicedlA =

Ay a3 vl W FAw A,

o

w3t F,,, channelol 23t ai= intensity channel®] 7|
Fardks ARgste] FEfof stth Fargks tek7] @A = image
o

intensityE ©&loF dt=dl, A frame FHIS

A A

7 3 11 3
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Tt 1 frame® delay’}F A71A #dh B AGE= F
latencyE HXEZ TS sFS7]A 1 framed delay’} 2714
UEE al AAtel Zod Hdate oA frameolA 7HAHLEE
39tk Target video’} 60 fps ©]|E =2 &3 F frame Z+Ho
intensity channel® B+ 2 zpol7b A9 glok. weba old
framecl 9] e AREstol: Ao JFFo] glvy. 1% 5.16=
B 60 fps video 6 F7FNA Z} frameol A9 a #S HoFr}
Frameo] W3}&s= o gh2 vHlwd 2 For Wstebx|nt, 143k
F frame ZFo] zpole] i g 0.001272% H+ alpha %9
0.08% <Futell A 9=t} 100 frames 7Hg =fol7F Wol L=
Fi% AH-S F frame® a@tel 27F 0.01687019 o]= 3T
frame?] alpha %28 1.14%°]t}. o€ A Apo|7} & A3k 2 F
F frameo] wZA3% 3t Hgo] s wolm, o]yl AgelM=

o] " frameolA HAZA X3 adtS 7FA L color restorations

ol

¢

ol

=
HAT 3 Ao AgelA olEE ¥ Wile e Be

ArEl = 1 Zfol 7t wlg- &) wEe] AREE 4 Q)
Ak HW [PE old Halo g A83l% devicedt 335+
m-$- 22 Jatency® A Q37| wjEo image

KR
=
Q3 AF3lo A timing loss $lo] ¥ A9 system©]
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1.7

1'65 (XA AR AN E RN RN NN
16 -—\ .......'......""""“o;_.‘
1.55
S 145 g .
14 B = S g = -
1.35 --_-_--"~—--—-—;;-‘ ‘-“‘
1.3
1.25
1.2
0 10 20 30 40 50 60 70 80 90
Frame number
e basketballdrive « « « « « « bqterrace == == == tush_hour
- station2 == = qunflower s tractor

19 5.16. 60fps GAFol A
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57 At st=do] AlA"| FE Ay W EA

5.7.1 AAZ F& 9 92 latencyol st 4

2 =2ollAl ARESE Retinex 7IRE o]w]A] 7| A|AES FHD
5=, 60 fps? inpute HAZFOR Hsto] FAT Y=}
frame rate?] output= Wt} &3 module video stream=
pixel / 1 cycle® AZ3}l= AXI4 stream busolA E2FsH7] w9l
sld  throughput®Z FHD 60fpsE Wat7] Hsixe HAx
1920%1080%60=125MHz 9] clock frequency”’} & L3}t}. video
processing module®]X+=  148.5MHz9 clock frequency®
AbEE= Zlo] HEZAHolm=E  [61] Aotee A|AHE
148.5MHzo A &2tel= = At Clock frequency s 0]
throughputs =94 & JAT Ivg Ay ARV F7ksit. 2
ATelM= A9 &=
3ok throughputs 471 98l A st 52 clocks A3t

UM AF Il omH AL A A" 544 input video®}
output video Zrell latency”} 22 Zlo| wj-$ F Q37| wFo] &
AToM = AQtst frame buffers AFE3HA] = A 7S
Z3) latencys FHA3belth ¥ 5.690+= Y A W] uE
dd oiw] =g Aol Q. cycle ¢ latency? H w7}
AAI = At Q15 frame bufferE AlE-shs WAldA = dAF o=
1 frame ©]49] delay”} @& 4 ylo ¢l7] witeol A= FHD
60fps, 148.5MHz clock 7], #H4& 13.96ms® latency”}

rE
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HEth Double, =+ triple frame bufferE AFg3sl= A-$ 9]
latencyi= B AojXA #t}. Al line bufferE AFE3}al, line
bufferel pixelo] Q3 THF stream = 21 F utZ A&t
A pixels AH#stes FAoA A7 latency:E HAstE F
AT
ARk Bl BekE A, & Aol AREete
YHEA o2 latencys 7H ®ol §33F= module
7V B335k 25 2 Gaussian filter module©|th. & AT A
A3 oakEe A flol $Fdh= 53x53  A7]e] filterg
A28 line bufferg AFEst 2% Gaussian filter module®l A
2 0.349ms?] latency’} HASHAl ®Htl. Frame Buffer®
Abgsk= el vls 2.5% FF2 vl A latency® Gaussian
filterg AH&st7] 918 window 4 2 A4ksE AT 5+ QA
Aot B A Es 29%29 A7]9 windowE F3 TASE
approximations ZAETOo=ZH FI7FHOZE  latencyE 0.2ms
TEO® 53x53 filter AHE tiW] 57.3%WHE % ZAESih
71eF REEE Q13 latency”t 9zt S7FAANE HEA O Z At
7IW2  °]ld  line buffer® #8&3}  Gaussian filter?
approximations &3 latencyE frame buffer® 1.7% =9I
0.241ms7HA  Zastgien  oldd  FHASEY] latency®  T-HO|
371 wiZoll 148.5MHzS] %4 ¢4 clockelX %= FHD 60fps=
=A) 7] A2 display device©olA] input¥} output A}o]e
latencys Al71sks Zlo] 7hsstth 0.241mse] g AE3shd
oj1t2] display device®] &% %9l bms 2] 4.82% Hell A

=
dormz AAZR input} outputs FAlO &=HIS W, latency”’}
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A48 et ekt

3 5.6. Frame buffer®} line buffer,
A etsl= Al A~EQ] latency H] 1L

Architecture

Cycles to Process Latency (ms)

Frame buffer=

2073600 13.96
Line buffer — 53X 53 filters= 51840 0.349
Line buffer — 29X 29 filter* 28800 0.194
Proposed systems#x* 35732 0.241

# cycle? latency #+& A4S 3 F3kioh

« FPGA 78 ¥ 249 £ 7ot
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& A

5.7.2 AREsE A|AHE

of
I
oX,
ofr
il
5=
M
1%

Approximation computing®] &S =2 WAEE= subjective
quality®] A7} gtk S Hol7] ¥ 3349 full resolution
image?} 25§ phantom W& H474 AHlZ A E image 1
Ao deia 4 AdxE 1" 5.17-209] YERAY. 1§ 5.17-
200 B ¥ AT} full Gaussian / approximate Gaussian
rel= st xfol7bF =8y, Retinex® A& o2 Qg o] 7%
ol FAs] FHEHISS G = vk ®bde] full size
Gaussian filterE AFE3t A9 approximation computing®]
AgEo] 29x29 A7]9 Gaussian filterE A3 A3} Jlho| &=

Hol= Zol7b gla= & F AUk 7} image°ls g€
= Holk olFf FHES MM eyt e ¥ ooyl
A detail®= ZUR FXA & 4 Aok I 5179
Hel EAsk= Elolo] 9] edge T2 @A ofol 9] W 2le] detail]
Aropub= Flol fAIEI, ¥ 518X & ofAtete] d=E W
7ol Holx k"l uiiele]l detaile]  HHdE &3t
approximated filterol A= FAES & 4 Qtf. 19 51994 %
Ul detaild} A& W Mo] Aopb= At fAES & T
Qlal, ¥ 5.20°04% phantom WH <AF A7 detail?]

approximated filterS Z g3l % /fAEE G971 xpol7F 9lee
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(a) ¥ 32 (b) full size filter, (c) approximated filter
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(a) 9 g2k (b) full size filter, (c) approximated filter

3 5.7. Full size filter &} approximated filter 7F2] absolute
difference 2] 3 3t
Figure Boy Building Girl Phantom Average
Average of

Absolute 0.4143 0.4082 0.3622 0.1366 0.3303
Difference

FRAQ Aol oAl wlmdty] HsM E 5.7 ol TS
47FA] image°ll th3l] full size Gaussian filters Al8-3lo] =%
Retinex ¢i2]59 Z3}9} approximation computings 483

A3} Ato] o] pixel & ¥t absolute differences A A8 T
A¥E AvEW BEs JAelA 0.4290]8k2] pixel #folE HolH
FHA o pixel T 0.33°]8k ApolE Hol= A& 41T

At} ©olE %3 approximateE Ed 22 7] Gaussian

Filterg AR&stl % 214 Aol & Aol7t flas & + AUtk
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5.7.3 Aekst A|AHC] FPGA Resource Utilization

AlQksk=  FPGA olu#] 7B AlA®EE Xilink  ZC706
evaluation HEe°] Fd3}ctt. EE image processing logice

programmable logicoll %1+ FPGA resource®t AF£3}3 3L, 9%
w2 = ARESER] &gk}, 94 Gaussian filtere] approximation
computing®]  JHE= A&kl  Fole= A7 filter$}
shifter/adder?®t 0.2 AH| LS F F&3t resource saving aI7}
X 5.8  AAHJAY. A}E A3 HEW approximation
computing= AE3tH 7]£€ Y] slice LUT+ 35.61%, slice
register= 58.42%, memory+ 42.86%, DSP+= 377/) At&3std
AE A3 ARESHH oA " YR Esta 1" 5.17-
203 3£ 5.7° AAE AAF Ads Adts v vEdE & o5

AT,

¥ 5.9 Adsts AJAEY FPGA +& resource A¥E
veRdth A systemoll A utilizatione 7P Wo]  AA|EH=
FEO  Gaussian filterdS oagd 4 Qup. E AfoAE=
@A o2 Gaussian filter module®A AlE¥ = resource®
=93, o] HAA system resourcedE Z FHO0F Zo|lx= AR

o
2
X

& B % 9o

3 ) =11 =
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¥ 5.8. Aeksti= A|AHS] Gaussian filter approximation© =

723 resource utilization % H] W

53 X 53 Filter 29X 29 Filter Decreased %

Slice LUT's 36498 12998 35.61

Slice registers 10416 6085 58.42

Memory (RAMB36) 140 60 42.86
DSP (DSP48E) 37 0 -

3 5.9, A= A AES] £ 9 module? resource utilization

Slice LUT Slice Register RAMB36 DSP
Util. % Util. % Util. % Util. %

Gaussian 12,853 5.88 6,254 1.43 60 11.01 0 0
Filter

Weighting
Map 3,565 1.63 5,094 1.17 24 4.40 6 0.67
Generation
Calculate F, 285 0.13 1079 0.25 0 0 2 0.22
RGB creation 1,893 0.87 4,263 0.98 0 0 0 0
Calculate F,,; 1,684 0.77 1,420 0.32 0 0 5 0.55

Full system 24,176 11.06 22,787 5.21 93 17.06 13 1.44
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5.7.4 A3t A AR TFE A)AE ] Resource Utilization 8]

Atst= A|AES] HW resource 545 Hol7] 93 *%
5.10°= Gaussian filterE AF&-3F Retinex &i8]Fe FPGAR
T&3 Y. Li [55], D. Ustukov , 7183l S. Marsi [57] 9
A3 A vluEsE TN v AAEI AFE A AF S
target FPGA7F th=7] wjfol w53 22 Blddt A< o3|
HwE F3skaint

HWE 93] ZF FPGAQ user guide°] WAE fabric w9l
2} 2} FPGA logic units= 453 memory 9=
wakatelch. Liel A% Xilinx Virtex4 FPGA©l &3t
Virtex42] ZF LUTS register+= 16 bit memory 8 &2 IA7|E
Adot [62]. Ustukove] AF-9F  Aljbst= A A2 747
Virtex7¥ Zynq7000 FPGA°l F33t¢l=d, + FPGAT 7-
series FPGA®| 43, Z} LUTS} register= 32—bit memory £t
2 4715 AdY [63]. Marsi®] A+ Cyclone III FPGAY
TAHUY. AMZ e AZRARS] FPGA fabricg H]ad article
[64]] w=w Cyclone IIIe] 2¢l logic element® 3+ unita
Virtex4®] LUT® ¢ unit®] °F 1.3v] size7} Atk veptglch
webA o] gk FPGA fabric® =Apo]lE HIFOoZ  Zb A|AHI9

1>

=

utilizationg  A$3t=  memory® X %8lo]  normalizedlo]
ATt olg gt WAl Arolst fabric®] FPGA resource
Hlw = J. Choi®] dAelA: &&= [65

% 5.109 1094 =5 R normalized ¥ HW resource’}
Mbite] @& 7)o} Stk ZeM & F %ol MAl AlAHl]

=1l

off
o

T & =11 =
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throughputs 1LE3HA] LHete Absh= AlAEO] & Ao
Hlsl] 22 9 resourced: AFEFSS E 4 SYh. Resource
A71eA F AolE Hole= AL UE ATE
bufferg E¢jste]l FAE At frames AAstr] 9%
memory”t HEsHA AFEE Q7] o Zolrt. AlQbsk= AlAEE Lif
Aol vlsl 89.37%, Ustukove <«A7-ell ulsf|l 20.78%, 1¥]il
Marsi®] A7-e Hls] 41.51%%°] resourced AME3to] FGPARE
T@A A

Abet= AT vE AFtel HlEsiA ¥ throughputs
7FACE, E 5,109 11WA] == throughput ™H] normalize ¥
HW resource® 1000 pixel A7 @ KbitezZ yYeRHar it}
Throughput< ZF A|A~ES] A EQ}l color space, 181 frame
rate® I 3}o] A4S Y. Throughputs T#H S W FPGA
resourcex= Li, Ustukov, 12|31 Marsi® 479 Z}7} 5.96%,
3.08%, 6.92%%t°] resourceRt AF-g-3ko] &SI

gl
flo

BE5 frame
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¥ 5.10. Algtet= Al AEY thE A AEIFES] Resource H] il

Li [55] Ustukov [56] Marsi [57] Proposed
Xilinx .. . Xilinx
FPGA Virtex4 Xilinx Virtex7  Cyclone III Zynq7000
Resolution 720X576 640x480 720X576 1920%x1080
Color space Gray RGB RGB RGB
Frame rate 60 fps 60fps 50 fps 60 fps
LUT 18186 20043 21608 24176
Register 12724 420331 - 22787
SRAM 1616 Kb 9252 Kb 1179 Kb 3348 Kb
External memory 3317 Kb 0 995 3K b 0
Normalized HW
resource (Mbits) 5.43 23.34 11.69 4.85
Normalized HW /
Throughput
(Kbits / 1000 39.26 75.99 33.81 2.34
pixels)

* converted to LUT based on Virtex—4, where Cyclone III utilizes Logic Element instead
of LUT and Register.
% resource usage is estimated because the paper stated the use of frame memory, but

the utilization information is omitted.
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At A AR B]2d TS sk dag|E<Ql local tone
mapping= T¥3% FPGA 792 [66], [67] resourceE WL gt
Ay= ¥ 5119 YeERRITE Retinex €385} local tone
mapping €1 EFe BV v=23, daugFe Ad=e] s
el Aol7t vERE AR A Hlue ofHANE w2 dynamic

e R Arks SHel

Y

L —

range® imageZE 7HA3I:=

12
ok
o

Hlwafl s 4= 2t 9% & AL local tone mapping &8 59|
Retinex €¢18lF9 HFERTT d4 vk Fdoltt [68].

Tone mapping? HDR& &&3t F A+ Aldbste=
Al2~"|RTE 22 F7]°] Gaussian filters AFE-$tth. Licciardo
[66]2 AT+ 4x4 A7]5 AFE3FY 3, Ambalathankandy [67]2]
A= 5X5 A71E AHE-SE T Gaussian filter®] Alo]=7F FPGA
A 2B A9l resourceo| & FFS mIAIEER, AQtslE A|AHN
29%x29 A7]¢ Gaussian filterg 5%x5 =A7|Z AFLFo
7}43kal resource®s W EFGITE. Resource normalizes #H
WS AFE-SFSITE. Licciardo®] A7toll AR&H Virtex6+ AlFsh=
A" e w99l Jogic  element®  ARESTE  [69].
Ambalathankandy 2] A7l4 AFE® Cyclone IIi= Marsi
Ao} S #H © 2 normalizedhSith.

E 5.1 Yelglzol Ajtet= A A®E Licciardo®] -9}
B3-S o 94.51%, Ambalathankandy® -9 vBlwdS of
120%2] resource® Abgsto] T&SFUTE. Resource AR
et A% Frkskdlvhes 2 & F Utk 284 Retinex
Ady8]5e EFE7} local tone mapping Aol HlE] FHA 168%

g Bgsiths e 9% dchd [68] Adkeh Axde] o

flo
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R

e dudEs 2 53 LaudEe FPGA I M

=]
=9 resource’t AREdto] TG AL = 5 9l

E 5.11. Aljkehs Al2" vt daelss AT Aok

Resource H| i

Licciardo [66] Ambalathankandy [67] Proposed 5% 5

Algorithm Inverse.tone Tone mappmg with Retinex
mapping halo—reducing
.. . Xilinx
FPGA Xilinx Virtex6 Cyclone III Zynq7000
. 1920x1080 1920x1080
Resolution RGB 1024 X768 RGB RGB
Frame rate 60 fps 126 fps 60 fps
LUT 51300 122186+ 14888
Register 9200 - 21627
SRAM 1460 Kb 87 Kb 2052 Kb
Normalized HW
resource (Mbits) 3.40 2.04 3.22
Normalized HW /
Throughput
(Kbits / 1000 1.64 1.30 1.55
pixels)

* converted to LUT based on Virtex—4, where Cyclone III utilizes Logic Element

instead of LUT and Register.
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5.7.5 ALt A|AH] I3 A As A Y

2 AT Aotd [P 3 434S ASSH] 5k
Aektdl FPGA A|A~¥lS computer HDMI=H¥, DVI =9, 181

processor 2} Sony LMD—-2760MD medical display © <14 3}¢]
F2HS AS5E9t) Karl Storzye WA A 9 B2 A1) 9] leading
manufacturer® %2 WA Karl Storze W& Ag st
weom o5 AFteM Wol AREEI itk [70], [71]. Sony<]
medical display 9] £2 Adeoz d3] g ALEEHI S+
o7& 7l7]elty. I¥ER old AH|EHe HFTES
2Eo s34 W A3t e BHEd HSol st
Medical display°lA= 49 F43 =% 4= PIP mode®=
Aol st € =9 1+ latency’t HEYA] dee =
9tk A€ medical device®} dAEO] AAZFSF latency
alo] & 2tsh= demo B
http://capp.snu.ac.kr/?p=research#Demos oA &<ls 4 Qit}.
2 AFeA e FPGAYE HDMI/DVIZ 94 d&9o] 7hedt
OE J&std FuEx s30] 7hsstth
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AleFH FE

2 e=EAe v Zhelel el e] object detection]
st W AxE A

gk Retinex ¢ag|Fe =4 H
AxrteFe] W2 Retinex €15 HW
Arstet, tE Zhelel A ok ARl
features<S @94 92 Y S+ dominant feature pooling WS
Atst, ¥ Fast Feet7] $3t scoring WS
linear regressione &3l SrFshe WS AQrsith Esh thekst

Az &4 thes 2 F AEF Retinexz AAZE T g7l

classification FgLEE =ol]7|
object detectione 7§43}H7]
#HAst, a9n
T MRS

thall object detectiond BhFslo] ARgshE= Zlol o &3A S
Ads Ff dEhdide. 22l §34Q1 Retinex ¢ilg|+o]
Aoz FARYE £ JEF HWZ Fdsiglon, HW F+d$
#HAgtet7] 918 Retinexoll Al ARgH= AAabzFo] W2 Gaussian
filtering?} exponentiation A G4 OS2  approximated}o]
Tt WHE  AREETE AlRtsteE AIAES FQl v

B34 Agsn PFeex, A9e AL a7
=
w
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Abstract

Dominant Feature Pooling for Mult1
Camera Object Detection and
Optimization of the Retinex
Algorithm

Jin Woo Park
Department of Electrical and Computer Engineering
The Graduate School

Seoul National University

This paper proposes a novel dominant feature pooling method
utilized in the detection phase for multi—camera object detection
CNNs. Multi—camera systems can capture images of objects
from various perspectives and utilize more of the important
features of objects for detection. Thus, the detection accuracy
can be improved by pooling the features of the multiple cameras.
The proposed method constructs a new feature patch by
selecting and pooling the dominant features that provides more
information among the feature vectors obtained from various
viewpoints of objects. The proposed method is based on the
YOLOv3 network for a single camera, and does not require

additional learning processes for multi—camera systems. To
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show the effectiveness of dominant feature pooling, a novel
method of visualizing feature vectors is also proposed in this
work.

Furthermore, a method of utilizing Retinex algorithms that can
improve response to low—light environments for object detection
CNN 1is proposed. Although improvements can be made by
learning low—light images as they are, experimental results show
that Retinex improvements are essential because the degree of
illumination cannot be predicted accurately to create new
datasets in practical environments. This work proposes a method
to optimize Retinex algorithms through HW designs. An efficient
implementation of the exponentiation operation and the Gaussian
filtering, which are essential for Retinex algorithm operations is
proposed to implement HW that can operate in real time at high

resolution.
Keywords : Multi—camera, object detection CNN, CNN features,
Retinex algorithm, FPGA
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