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Abstract

Object detection is a research hotspot in the field of Computer Vision, aiming
at seeking whether an object exists in an image, and if so where in the image it occurs.
Object detection is an important technology related to computer vision that focus on
detecting instances of semantic objects, such as humans, buildings, or cars, in digital
images and videos. Well-researched domains include pedestrian detection and car
detection. However, the problem of big data is insufficient under this context, most
popular method may hard to deal with the tasks of detecting objects in large scale
image sets.

The dominant approach to the detection currently is sliding windows. However,
feature extraction and object classification has to be performed at every location and
scale in an image, which increases the computational cost.

To improve the real-time appearance in object detection, this paper put forward
“Edge Boxes” method, which generates object bounding box proposals using edges.
Edges cluster into contours. We define a scoring box based on the number of
contours it wholly encloses to decide the possibility of the candidate object. The
accuracy and efficiency of this method is tested in variety of detection task. In the
last of this paper, the application and prospects of the method is analyzed.

Key words: object proposals, object detection, edge detection
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TIoU=0.5 IoU=0.7 ToU=0.9

K 4-1 PL B loU 1B 43528 0.5,0.7 A1 0.9 AT & ) LA 5% X 3 AE i 1 . 36 HX 1oU B4 0.7
F R A G 0 T A P LA i

Kl 4-2 DL loU {53724 0.5, 0.7 F10.9 IF, W44 froker il 1 o

19



I PN A A S A

4.2 AR BRI IR

X TEER loU BT, F 1 — A fsd XA il 7Rt 45 2= VA 40
RIS o X T SME B RRIENL, Befd A Bi— A SE NS T m] e i AL & 32 FAE Y 4R
B X TSEE/AIEN, BT EABRu ARl & 5e0s R VFHES, B & R 2, 14 FAERT
REHI IR B HIRZ AT get . BRIk, RIESEBRIEHL, WA —ANKE B2 B8 i 1 A A o ade £
BH/AD, 5 EEMYMARIEEEE 2 2 MR — MU . Lbr b, ARSETE
(5 DX SRR ) T B S A — 28 22, EL Ui i T-%uE X 33 “ Objectness” [10] ik HUA 5
NS, X TEIE X I “Randomized Prim” [14])3 %6 BU S RS « A 0322 7] s+ BE HA 7l
b ) E R JEE

Bk, MANEShE D — MU E . WEIARMAR Gt SRR kit
Xid. SRS Ra, aS5FEEXBHER loU A%, MEshE DR TBEKE CBR).
R AR KN FIGMR EL A E T R I, T8 30 & R 3 — N2 )5 st ae /5 2T 22 1) loU i a .
R B AR /N Va2 A TAE AR Mo = 100045 2 (8 A1 8 G AR 2 [R) 1) . A
EEHVEELZ L/t 8T, — UGN e = 3. % 5 | HRifie: W RZHHISMH, offIfEH0.65
e NN . T ERERE, 6> 0.9, Mo ing 0.85.

4.3 IERER

VB T X N R P W A i DA T T 2 5, KT 3 BE R A by BT B
I3 DX SR B ORAF TR, HOR AR X I R #2K, XHFRIAR  fadk IX a4 T LA A
B, USRI E @ X, Anirik: EAEMRE RS, Ma A E. mERKM
Y L P I R 14 X A DA T 4R K Ry o B SRR BB n, W) & 1 i A K R ek
NSRRI — ¥ — BRSIPRNKE/NT 2 MER, MFIEER,

(g XIAEAL Z )5, XS PTE R B ME CRFIEED B3 FRIFEATHE . R
XFHE U R0 FHE N RO S AT AR S KB A AL B (NMSD, X3P Al — M B A %
AMEIEHEE PR AL — A, HAR B 5Bk, R H BT - iR MRIEHER loU ER 5,
M HR TR —ABE, BARAMGEMEG AR, (E2 5 HLE CIIE, WEB =8+ 0.05
I, JCIRSIEE, #RRENS LR TR L .
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4.4 KEING

KRBT POEMRE SIS B %, AR5 T R e S el 0
X WEE AP RRRE, DAGEREREE. %2, 3. 4 R="1RHKHEZEW LS5
KB RIAGE, 1 His SRR Sy o R ORI BTz Sk i sesn af A .
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oW K ¥ W #® o B

FLE i
5.1 MM

R T 5 COHRE[13,11,14,101/ 5256 26 A A [F], 455322k 1 PASCAL VOC 2007 ##ia4E
XA BHEE S 9963 7K H AR K .

IO UE AP AL A BoR AR AR AR, MR EOR 4% Bon A 5 v S HAh 5 R p A
iR

52 FEERIFER

N R IRUE KR SR A 1 2 LS, TR B AR I HE A =R K2 1% DL« B 5-1[20]
(a, b) 7ZAER 1000 Mk XIAERT, 2 A2 Fro, 2R LT NMS R 0 0 1HE A 5 R
oL SRl 2, Horh oM B HREZHITE 3 & PR K

(a) Varying o, 1000 proposals ) (b) Varying B, 1000 proposals
1
ap = = 045 09 — B =060
— B =055
08 - 0.8 B =070
a7 gy 0.7 Pmors
u h “ — p =0
5 08 & 0.8 — B =085
£as Eos B =000
§ 04 § 0.4
LES 0.3
a.z [
a1 01
o a
0.5 055 LK LES or [~k ] nE 0ES og .55 1 03 L35 G 063 .7 Q.75 [+F -] 0.85 a3 (1AL ]
Intersection ower unian Intersaction aver union
. (c) Algarithm Variants, lolU = 0.7 . (d) Edge Detector, loU = 0.7
o s Edge Bowes 0.5 — Edge Bawes
s == Edge Boxes no Inner box 0 —— Eclge Boxes Multi-SE
w— Edge Bowes no refinerment ’ o Edge Baxes Fast
o7 0.7

== Edige Booes no contour rermaval s Bl Boxes Canry 4

g X3 E 0.E Edge Baxes Canny 1
3 £
Eos L
] £
Eos Eoa
[} 0.3
ol 0.2
01 ol

1 pLi 100 1000 1 10 100 1000
Mumber af prapedaly Humber of propasals

5-1 AN AL B A AE I R A LB R . () AFEIofE T, R IHERS R EE loU
{E 8L Hh 26 B CERINaffI{E N 0.65) . (b) AR BAE (B2 NMS [ IME , SERINEN0.75)
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T, K IERZERE loU (LI 26 . (o) AREVHE R FANEER EBRE (BREERA
HRITAGHE . BERAGHELL BRI D IR BRSO FAE IR R, Ao I AR = il i e [X
AR R AT AR i 2B . (d) AN FAGARN 7 CEAEASSC R B I A
R EEETNZ[15] s 2 REEG A% W SL[AT]H A28 138 S e AR R BLAS 75 B 2 4 5
PROSRETR, R0 T i 5 I ok o [X SeloAfE 8 R AR A T AR AL 11 il £ 1

loU=0.5 loU=0.7 loU=0.9
AUC Recall | AUC Recall | AUC Recall | Runtime | a B

Edge boxes 50 | .64 96% .36 55% .04 5% .25s 65 .55
Edge boxes 70 | .58 89% 45 76% .06 9% .25s 65 .75

Edge boxes 90 | .38 59% .28 46% A5 28% 2.5 85 .95
# 5-1 ASCHHEFEN 3 AN R AER LN & 5 47 I 18] : 11 Z4E 50( Edge Boxes 50,
HZHE 70 (Edge Boxes 70) FliZHAE 90 (Edge Boxes 90). R EE & () 5 035 #h4k
AR 1000 MEE X T A R, oMpERELN . HASEREAL,

of BTG N, AN LB ARAR R, g X IEME B SR AR EE BE R I, BT BE 22 ik aze [X 45K
HE 75 B AR, 27 AT IS R [F B 390, W3R 5-1. a = 0.658F, A 4Ackar il ¥y 4 [l 2 40
AUC tha = 0.70fa = 0.751 L N HMERLF— &l BIL, £E loU a8 LBURKIN %X, o=
0.65 & W R HIR 4 WAk I E R . FRAT AT LI I #5581 loU (SRS HpHIME. WHE
B =6+ 0.05K, TLibSMEEUF, HAEHE IR PRI HERAEE . R 51, W LLE
B BXFISAT I ] (R 520 £ 78 o

% 5-1 Tyl = AR, IHZHKE 50 (Edge Boxes 500, iAZHE 70 (Edge Boxes 70)
i ZHE 90 (Edge Boxes 90) F/xA A loU {568 = 0.5, 0.7F10.9M A FafBE T, AUC I
ARZERME. loU ESE RN, REXBHEREE, FtSHafEomiisis, midii
FHSATE R FAR IR S R B0, X TERAEN IoU ES, SHafMER R E N
[ 5 AR S A B AT
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Original image No contour removal Contour removal

K 5-2 BRI, Sl EBARER: FAT R R RIE A B RAE R AT
HIBRACER : Sk LB e i 0 e BT B AR AE B o dnSRBCE B Bk P 8] BB 7 IR BR Ry
kB ot = B ITEAE . O 7T, RREER g E e T A . B RE
HEE AU AT L PR 1 2 4R A e X I R 1 3l 2 1

5 A SR BRI U 3 B ) S B A0 L 400 s 2
W, W 51 (e, d). AR E SN FE0.7, WG R A B R X B
BT AR M2 . Al SCHR M B s B DI S A (T, BB K
i R BB B, BOREA B RO AE (AR . SCOREW, A B i R
AR, AR S TR, N T B A SE MR, &
ST A4 Bk B R, AR e 75024 B 10 SRR 0 O P R 0 0 25
SR 5-2[20]. % HE S S IR 0 FE R A WD P 5 K U A T3 W (e, 844
TR, VER RS R AR I A, X T A RSN, P o i i
MK, AR RIRIT, P b B A A G B AR W L

W BHE A O FAE AR, B GE FRG i Ay TT DA R BLE M L7 T
i AR HE R B ROAE A, 900 55 S FO U 0 P e 2 TR . A 0 0 R L T 3
PEMRET, U 5-1 (d). S A EETRE (0 Canny A 1IN T, TSR 454
i kel T [15] 2 RV LB R I, DA U v FE M 2 R . R 5 R 4
FI T SRR — R, R R B B4 T e 0 R
% RS IS SR, s F ARSI, SRR o — RS 4 N R T
Sl R, KPR A — RS TR I 1204 0.25 7.

I FAR TR R, T B S Kl 1000 /M K BURE HOHEL T, 4
PRI 2 R BRI — 2. 2E0ITENT, LA E — M Rl 0.625,  [RIR 45t ik [X
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B GAEILAC VAR BI{E 0.01 B9 $ 0.02. 1T H, URRASCHE I EEA R 45 M1 A
My A7IRA GRS, faEETK B VIR I (R b 21 0.09 £ &1 9 (d) HAT L
B E, bRENCNGHEDPGEF L (Edge Boxes Fast) IR, an SRS (14 i 128 [X A %5 it />
T 1000, ARAFS R RV 5L GRS IR VAR RS i 5 P A A

5.3 SHMHEENGRILE

AUC N@25% N@50% N@75% Recall Time
BING 20 292 - - 29% .23
Rantalankila 23 184 584 - 68% 10s
Objectness 27 27 - - 39% 3s
Rand.Prim’s .35 42 349 3023 80% 1s
Rahtu 37 29 307 - 70% 3s
Selective Search 40 28 199 1434 87% 10s
CPMC 41 15 111 - 65% 250s
Edge boxes 70 46 12 108 800 87% .25s

# 5-2 1£ loU BE A 0.7 MIIEHLT, ASCHEH FEIEDLZHE 70 (Edge Boxes 70) 5 H:
b ikt . A RRIR I PR (AUC) AIR/MEZIBM/NEN R RIBFHES] . Hofth B &
J7 UEAESEIL 25%. 50%AT 75% 1 [m] 32 1) fige it Xtk i, DAACAE 5000 Mg 3t [X B 1) 1
WUFERKHIA R, fE2MIESE R T, DEHERFIA LRI 7%, IR 4
H1i S [18]45 2.
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lal =05 loU =0.7 loU =09

— Objeclness  — Saelective Search == (PMLT BING

——= Rahlu —— Randomized Frim's ——— Rantalankila
o g Boops 50 e Edge Boxes 70 s Edge oxes 90

100 Proposals . 500 Proposals _ 1000 Proposals

Inbevsection aver anéon Irderssction over unken

K| 5-3 AN[EEEE, ik X I (Objectness) . kMR Z (Selective Search) [11].
Randomized Prim’s[14]#11 Rahtu[13]. A& L [AEE H6 = 0.5, 0.741 0.9 4371443 Edge Boxes
50. Edge Boxes 70 1 Edge Boxes 90, FHi#tfrfuill. F=AKEF£R: CHIAR loU BIH,
YA e X SAE B AR A I 22 AR A I AR AL BTG I . S =AM BIERIR: RIS A iz [X A
ok, MR loU BIERIK R .

ARG SR FAR ST 7R, LAk 5-20 & 5-3[20] L = AMEIRR: fE
ANTE] oV BMERITEGL N, 1A I GRERERE, WAk 0 26 B fi 17 DX ShE £ 2 A0
AR T2 . TE18 loU A ifig ik XIS Bk % 2 /b, JUZRHE 1 SRR B At Sk i 4
R VR R ORI . i MRS R (Selective Search) [11]iX AN EEELEVIRK M VR _E %%
RERLHDGHEFIENBOREA L, TEHRAEBKKT 1oU BT 22 ik i [X 3080 il 2%
REFITESL T o W 3C[12] ) CPMC Bk R 8 A2 i e Jot B AROABUE X3, (2 fgk adk DX 38 A
R, RN RESEBLR B 0 A B 2R . i SC[16]H 2 H i BING SLik R [ F45 /b, H2 R
RE A 0 T A PR I%E DX IOHE, BRIt RZE SR loU MBI E L T IE o ROMERAT A S, 14
GHEXTTANA] 1oV BB A S AN RV A e (X 3 e, AT e SEUAR 4 RO A I HERf 5 . SK2
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Br I, 7E3R 5-2 HEEMEEE], AT SLILLE IoU {H2h 0.7, AR 75%[K 5 5L T P AAAs il
AR, PATE RHILGHER L, BARANFTE 800 AMwik X 4; A RHIEFMEER

(Selective Search) 5i%, JB4 % 1400 Mgk [X4k; %7K Randomized Prim’s 5i%, T
A 2 3000 Mk Xtk b ARSI B 50h 75%, A4 F /0 #5000 A
(kX I8, B T IEREMEIE 2R (Selective Search), AR SCHEH 110 S AE 573 L HA BT SV AE
KA FIZR (87%) AL NI (AUC) bSEIl T 5 i i AR A e 22

Kl 5-3 1 E=ANER IR AR SR ik XISECR, FRATH S AN ZFE 10U
BEAZ AR &R . 5E9 (a, b) MBI, WRXEEERE 5N loU BES
S, AR R g LR o X ASE B loU BIME, BR T IAZHE 70 577% (Edge Boxes
700, A —NEVEEE S SN B AR UG S AR I MR e ORI o X T id %
& 70 5%, loU BIMEAE 0.5 3 0.8 L IAIERRE WS A R & AR IVEERfA 2 o % T~ 75 BAR
loU 18, Z1ZHE 90 (Edge Boxes 90) Fyzk (K444 il 255 S d 4F-

% 5-2 HUEL AR H I A 510 5 FUA R0V A8 IR ) 460 0 JH Al e 225 38008 AR 155 100
LGAEFVLE R I8 (AR RIZED N 0.1 Ak EIR . £ 5-2 KB, ACHEEN
I IS BE /b, ELAA R 0 A o B v o P — T LA 5 000 R BV LU AR 1 38 ) B
PSR (Selective Search) Hy:M CPMC 5y, (HZX A EIVE RN A TR R K. M
— ] LA 1 GHE ik LU (R A R B0 E 2 BING B3, (HU2 BING HVETE loU B 0.7
(R B0 5 At BT 1 S vk L A T () A A DN i R f 1K o

feJa, K 5-4 REMERYIERINGS RIE . V2 R AEE R I s, XSRS K
2t /NI B 5 A T AR
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o ok B e GO

0.06922

577

st
Fo

S o

Kl 5-4 bR P ARG I 25 2R P o 4t SR ATE S AR T s MK U ) 23 B )
PRAGILEIXIFHE . AR HE R B R M AL SEZibr g, Kb B R Fom R Ok e, 4t

4t

SRERTR A RIS 1oU BIME Y 0.7 I, BEWS ELAUE M/ Rl M VIR O AL B . S5 R Jeos 1
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4% 70 (Edge Boxes 70) A 1000 M4k X IR DL . AEIXMILERTIR T, A0
H 5 2 Re 515 21 75%00 IERRAAAN E

5.4 RRARG

54.1 ®it¥H

PP MATLAB 1E N R G4 . MATLAB H 7742 Bk wlh B A 7 (8 10 B8 ol 4L
WIhRe, LK AR BRI k. AT TREA A LR K R4, B
MATLAB i&%& EAEKETEH P A (GUD IHIE B TR RIS, i34 Raaee R
FEAMHAFR SRR

5.4.2 Piotr Doll& By ToolBox RIE N MIBE

BATARS () B2 75 2248 Piotr Doll& 5 ) — 48 L B e 4 1 eR 38, DR 5 B2 360X
A toolbox.

DAL H RN

%—: 7E http://vision.ucsd.edu/~pdollar/toolbox/doc/index.html | %k Version3.30 1)

Toolbox;
%0 22%5 Toolbox: >>addpath(genpath(‘C:\toolbox’));% Matlab 4%
>>savepath;
>>toolboxCompile; %A 25 i3k 4T 4 1k
%compile Ik 2, 1 VS2010 544 1%, &7~ Done compiling
7E: J#IT“which xxx.m” KA IEIX ™ Toolbox A& 75 22 2% pl I o

F= TEE R HEES: BSR_bsds500.tgz.

543 EFESMAAE

IOF S,k 5-5. ERE BRI EIE Bl bR,
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http://vision.ucsd.edu/~pdollar/toolbox/doc/index.html上下载Version3.30的Toolbox

o ok B e GO

-
main_interface = | X ]

ETaErREYIEE L

= 318
Z5: 11123610
H2. Bt

RS E

WiXAEE

5-5 H:T- R i G 1B A BRI WA E o7 (1 2 S
s F TS S #HL,  5 H ER A S, an &l 5-6.

B main_system = Bl

Untitled 1 o

BT B R

AR & ol 2 A SRS ol
SETHIE. ITEuE
A EITEE. AR E
SEESHE. KIFRNERNEE

1r 1
08f 0.8
06 0.6
br 04} 04
02f 0.2
1 1 1 1 I} L L L L i} L L L L i
0 0.2 04 0.6 0.8 10 02 04 06 08 10 0.2 04 0.6 0.8 1

5-6 KT HRIH I G 1A A BRI WA S A7 (R0 1K 5 T
TR IR, R RIS PR R KB )5, AR M7 HEH
(EELI TN
A BA G P HEL, B LR R L 2 AR
AR, RS N AR I AE R (e LB ARSI B DAL SCBR
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o ok B e GO

R 2 AL ED
BoRGRANE 5-7. B, R R A RIEAE DT R ONRE . (PR,
v,n main_system L= )

Untitled 1 £l

T304 ER B e b

TFBER ERE%E Yot
FEIEAE: ELE
LRIEAE. ANEIMLE
SFRELE RIMENRNLEE

€] 5-7 - PRl S & (i P P A4 g o7 i 45 R 5

J8 T 4 [ P A TR 7 1 P raaelTU 7 -4 €2 S 725 I L MR e €7 S 2op =R TP ]
5-8,
" detection _rate = = )

ETiagEeREEEL wilE

| - KR E |

| HWE-oUE |
| HAEZE

K] 5-8 F& T Puisiad 2 B 1) HRs ) Ak s or iR I i 4 S i
AR I R - 3 DX A R R - loU B il 2k B 45 R, 40 5l S 7s I BSDS500
HAaEmas R, WK 5-9 F15-10.

31



o ok B e GO

@ il Z-fige ik X A R N 2802 . nm="EdgeBoxes70;
boxesEval('data’,data,'names',nm,'thrs',.7,'show’',2);%loU [&{&: 0.7

@ Kl ZE-10U {H DL A i 42 B 45 RS N 2802 . nm="EdgeBoxes70";
boxesEval('data’,data,'names’',nm,'thrs’,.5:.05:1,'cnts',1000,'show’,3);

%IloU {H A 0.5 2 1 #FRAEAL 0.05; fiik[X 5% & 1000
@ BIEHEIZITIESH: EdgeBoxes70 T=0.70 A=0.46 M=823 R=0.86.
Horr: TRARWER loU BIfE: AR TFHA TR (AUC): M KR [B13>0.75
I /D BB XA R Rl KTl 26 R A .

1 N 0 8
{ EdgeBoxes70 {
0.8
L
S 06
c
k=
g
5 0.4
o}
0.2
O 3
10° 10" 10° 10°
number of proposals
5-9 Wit il Z 5 gk X A FUr ok R K
1
{ EdgeBoxes70 {
0.8
o
&5 0.6
c
k=
O
(0]
o© 04
o
0.2
0
0.5 0.6 0.7 0.8 0.9 1

loU

32



I PN A A S A

€] 5-10 #IHRRINIE S loU {1 R
5.5 WA EREZ KT

5.5.1 B{xZEiE

| e |

SN e
N LA

TR RLE |«

P

THRINGU(S, -, S,

TEIAGA 2 1A HIARBUE a (i, §)

|

THRRIE X I 22 AR S,

|

T8I0 S H BUE Wh (S))

|

TS DXISAHE A 2> by

l

MR HE P e B AR &

K 5-11 iz R
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1=

W 0 G i)

5.5.2 IS5/

(1 BEREGC T

[filename,pathname]=uigetfile({*.png";}, &N\ K4
Yo 15 MG S (1 SO 44 FH R A
if isequal(filename,0)|isequal(pathname,0) %% % 1 &4
errordlg(V& A e H U, RS,

return;
else it 5
file=[pathname, filename]; %IR1T EIZ %A
I=imread(file); % ENEAE B
axes(handles.axes1); %1 B KIE B R AL B axesl
imshow(l); %X IR o 7 axesl |
handles.img=l; %t BB AL s fRN, DA ILARE A
guidata(hObject,handles); % B HT HAR A

end

(2) BLZ KM

%% WEIIZGISENZSE

opts=edgesTrain(); % REHLARAM I BN S B OR E
opts.modelDir='models/"; %I B I SRl I AR B 1 7
opts.modelFnm="modelBsds'; %1 B B HLARAR ) S FR

opts.nPos=5e5; opts.nNeg=5e5; %IE MREARANE (WREL AR, MRLEAIE)
opts.useParfor=0; Y ISRk 2 B EIFATIHE

%% YIZRIL LA T
model=edgesTrain(opts); YU RBENLARI L INGRLF, B4 E %A

%% B I ZAGIN S EL

model.opts.multiscale=0; %A s ik B, B4 E multiscale v 1
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model.opts.sharpen=2; %ty s HOR R, B4 E sharpen 4 0
model.opts.nTreesEval=4; %At n e FIRE R, B4 E nTreesEval iy 1
model.opts.nThreads=4; % FE AR AR VAT 1) BB %k

model.opts.nms=0; %A E AN L, NI NMS &

%% Foril 1R 134 %
E=edgesDetect(handles.img,model); %k E& 1% )14 2

axes(handles.axes2); %k B G I ER AL E axes2
imshow(1-E); % ik S )3 2%
guidata(hObject,handles); % B ET AR R R R

(3) il & R r &

%% T EELIIN R B GRNFEA, HiRE S
model=load('models/forest/modelBsds'); model=model.model;

model.opts.multiscale=0; model.opts.sharpen=2; model.opts.nThreads=4;

%% B H ARkl r S5

opts = edgeBoxes; %V & H bl BRI S5

opts.alpha = .65; %R HH R B IR KIESH

opts.beta =.75; % B bS58 BT NMS BRI{E 241
opts.minScore = .01; Yo 346 X AR A1 AR A /) BEAS I 281 P A
opts.maxBoxes = 1e4; okl el o F A H e A I 12 X e K A3

%% A5 B i [X 1
bbs=edgeBoxes(handles.img,model,opts);

%obbs S4B 5L DX K, LRGSR B RS AR

%% JERRIINZE R CofF Peppers %)
gt=[122 248 92 65; 193 82 71 53; 410 237 101 81; 204 160 114 95; ...
9 185 86 90; 389 93 120 117; 253 103 107 57; 81 140 91 63];
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%Peppers K% A xf N 8 NESEAE (SEFRALE )
ot(:,5)=0; [gtRes,dtRes]=bbGt(‘evalRes',gt,double(bbs),.7);
% FREUITALE loU 25 0.7 Yo Fl A AR E VIR B A5 B (gtRes) AR B A (g [X 4545 5
(dtRes)
axes(handles.axes3); % B KU B R AL axes?2
bbGt('showRes',handles.img,gtRes,dtRes(dtRes(:,6)==1,:));
% lIREs
% dtRes(dtRes(:,6)==1,:) &7~ 1L I & 2% A B3 1% [X 35
guidata(hObject,handles); % B ET A R A R

5.6 AE /NG

AT T AR SR R I, KSR, T BLE e
fesrisaf e, BATROMERIE. AN, AFEAL T Piotr Dolld i TR bLAFT
MIEATIE ., BOR RS, RS R,
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BRE BH5

6.1 ZAXFEANR

T EREGERER, REZ RS R AR B S K B 1. AR Y
X5 1% (objectness) mJ LLAT 2ok R I8 R =S 1), ARG RS AR I, i
AR T DL S S A 00 PO

N TN SC[20] BN SR, FRIFIIS I B 32 1 [21, 22, 23], X P s o e [X 3 i) A2 BB DR
Z. ARZ SRR I IR SR, 140 BING 45, #28 T27 I BRI 75k, sAh, &
VN, HEREAN, MERTEENEREEZEELN, mAZEF.

“fi L X35 (proposal) XML& ARH EE . HIATHE D08 BUR AR, FAT4850 A
RGAEGR M FLIRE, WG Bt e, e IR AR/, BERAKIA
PRRBERINLE™, ARJEE— DA . ik X R AN JEX ot Ja A3 K. M 5
W, EFERTTI EE IR (EE, AR X ISR U AE, AR A w1 .

N T ARSI E A R G SEI I, AR SCEESE TGRS, RTERNG
o7 AR R G DX ISAE o A2 RIS A BT, MR 58 4 ok ade X A P9 [ e R ok
R A XA ) 7T REE

6.2 REENARR

ARG SR MR, a2 n] IREEAT IR R . T A SCAE SR U S & R A 1
R, AR I R R A R S I B, BRI IR R, AR 2 A
e RSN, JA R SRR AR, IRV R A e .

ALK 1 A Ak I A HER R AR, £ R BRI AT, aTRAN 22 5 %
M. EIRMIAELE H el B e vh SR YIRS, EHE . "AL PRS2 AU
A SR BEAL o

37



Eol R Bl 3 Gx i)

ER'8°Y

BING: Binarized Normed Gradients for Objectness Estimation at 300fps

Ming-Ming Chengl Ziming Zhang2 Wen-Yan Lin3 Philip Torrl
1The University of Oxford 2Boston University 3Brookes Vision Group

Abstract

Training a generic objectness measure to produce a small set of candidate object windows, has
been shown to speed up the classical sliding window object detection paradigm. We observe that
generic objects with well-defined closed boundary can be discriminated by looking at the norm of
gradients, with a suitable resizing of their corresponding image windows in to a small fixed size.
Based on this observation and computational reasons, we propose to resize the window to 8 %<8
and use the norm of the gradients as a simple 64D feature to describe it, for explicitly training a
generic objectness measure.

We further show how the binarized version of this feature, namely binarized normed gradients
(BING), can be used for efficient objectness estimation, which requires only a few atomic
operations (e.g. ADD, BITWISE SHIFT, etc.). Experiments on the challenging PASCAL VOC
2007 dataset show that our method efficiently (300fps on a single laptop CPU) generates a small
set of category-independent, high quality object windows, yielding 96.2% object detection rate
(DR) with 1,000 proposals. Increasing the numbers of proposals and color spaces for computing

BING features, our performance can be further improved to 99.5% DR.

1. Introduction

As one of the most important areas in computer vision, object detection has made great strides
in recent years. However, most state-of-the-art detectors still require each category specific
classifiers to evaluate many image windows in a sliding window fashion [17, 25]. In order to
reduce the number of windows each classifier needs to consider, training an objectness measure

which is generic over categories has recently becomes popular [2, 3, 21, 22, 48, 49, 57]. Objectness
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is usually represented as a value which reflects how likely an image window covers an object of
any category [3]. A generic objectness measure has great potential to be used in a pre-filtering
process to significantly improve: i) computational efficiency by reducing the search space, and ii)
detection accuracy by allowing the usage of strong classifiers during testing. However, designing
a good generic objectness measure method is difficult, which should:

« achieve high object detection rate (DR), as any undetected objects at this stage cannot be
recovered later;

* produce a small number of proposals for reducing computational time of subsequent
detectors;

« obtain high computational efficiency so that the method can be easily involved in various
applications, especially for realtime and large-scale applications;

« have good generalization ability to unseen object categories, so that the proposals can be
reused by many category specific detectors to greatly reduce the computation for each of them.

To the best of our knowledge, no prior method can satisfy all these ambitious goals
simultaneously.

Research from cognitive psychology [47, 54] and neurobiology [20, 38] suggest that humans
have a strong ability to perceive objects before identifying them. Based on the human reaction
time that is observed and the biological signal transmission time that is estimated, human attention
theories hypothesize that the human vision system processes only parts of an image in detail, while
leaving others nearly unprocessed. This further suggests that before identifying objects, there are
simple mechanisms in the human vision system to select possible object locations.

In this paper, we propose a surprisingly simple and powerful feature “BING” to help the search
for objects using objectness scores. Our work is motivated by the fact that objects are stand-alone
things with well-defined closed boundaries and centers [3, 26, 32]. We observe that generic objects
with well-defined closed boundaries share surprisingly strong correlation when looking at the
norm of the gradient (see Fig. 1 and Sec. 3), after resizing of their corresponding image windows
to small fixed size (e.g. 8<8). Therefore, in order to efficiently quantify the objectness of an image
window, we resize it to 8 < 8 and use the norm of the gradients as a simple 64D feature for learning
a generic objectness measure in a cascaded SVM framework. We further show how the binarized
version of the NG feature, namely binarized normed gradients (BING) feature, can be used for
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efficient objectness estimation of image windows, which requires only a few atomic CPU
operations (i.e. ADD, BITWISE SHIFT, etc.). The BING feature’s simplicity, contrast with recent
state of the art techniques [3,22,48] which seek increasingly sophisticated features to obtain greater
discrimination, while using advanced speed up techniques to make the computational time
tractable.

We have extensively evaluated our method on the PASCAL VOC2007 dataset [23]. The
experimental results show that our method efficiently (300fps on a single laptop CPU) generates
a small set of data-driven, category-independent, high quality object windows, yielding 96.2%
detection rate (DR) with 1,000 windows (=~ 0.2% of full sliding windows). Increasing the number
of object windows to 5,000, and estimating objectness in 3 different color spaces, our method can
achieve 99.5% DR. Following [3, 22, 48], we also verify the generalization ability of our method.
When training our objectness measure on 6 object categories and testing on other 14 unseen
categories, we observed similar high performance as in standard settings (see Fig. 3). Compared
to most popular alternatives [3,22,48], the BING features allow us to achieves better DR using a
smaller set of proposals, is much simpler and 1000+ times faster, while being able to predict unseen
categories. This fulfills afore mentioned requirements of a good objectness detector. Our source

code will be published with the paper.

3. Methodology
Inspired by the ability of human vision system which efficiently perceives objects before
identifying them [20, 38, 47, 54], we introduce a simple 64D norm of the gradients (NG) feature
(Sec. 3.1), as well as its binary approximation, i.e. binarized normed gradients (BING) feature (Sec.
3.3), for efficiently capturing the objectness of an image window.
To find generic objects within an image, we scan over a predefined quantized window sizes
(scales and aspect ratios1). Each window is scored with a linear model w € R®*(Sec. 3.2),
s =<w,g; >, (D
l=(@xy), (2)
where s;, g;, [, i and (x,y) are filter score, NG feature, location, size and position of a
window respectively. Using non-maximal suppression (NMS), we select a small set of
proposals from each size i. Some sizes (e.g. 10 < 500) are less likely than others to contain
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an object instance (e.g. 100 % 100). Thus we define the objectness score (i.e. calibrated filter
score) as

0, =v; 5+t 3)
where v;, t; €R are sperately learnt coefficient and a bias terms for each quantised size i (Sec.
3.2). Note that calibration using (3), although very fast, is only required when re-ranking the small
set of final proposals.

3.1. Normed gradients (NG) and objectness

Obijects are stand-alone things with well-defined closed boundaries and centers [3, 26, 32].
When resizing windows corresponding to real world objects to a small fixed size (e.g. 8 % 8,
chosen for computational reasons that will be explained in Sec. 3.3), the norm (i.e. magnitude) of
the corresponding image gradients becomes a good discriminative feature, because of the little
variation that closed boundaries could present in such abstracted view. As demonstrated in Fig. 1,
although the cruise ship and the person have huge difference in terms of color, shape, texture,
illumination etc., they do share clear correlation in normed gradient space. To utilize this
observation for efficiently predicting the existence of object instances, we firstly resize the input
image to different quantized sizes and calculate the normed gradients of each resized image. The
values in an 8 = 8 region of these resized normed gradients maps are defined as a 64D normed
gradients (NG) feature of its corresponding window.

Our NG feature, as a dense and compact objectness feature for an image window, has several
advantages. Firstly, no matter how an object changes its position, scale and aspect ratio, its
corresponding NG feature will remain roughly unchanged because of the normalized support
region of this feature. In other words, NG features are insensitive to change of translation, scale

and aspect ratio, which will be very useful for detecting objects of arbitrary categories.
I .

(a) source image (c) 8 < 8 NG features
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(b) normed gradients maps (d) learned model w € R®*®

Figure 1. Although object (red) and non-object (green) windows present huge variation in the
Image space (a), in proper scales and aspect ratios where they correspond to a small fixed size (b),
their corresponding normed gradients, i.e. a NG feature (c), share strong correlation. We learn a

single 64D linear model (d) for selecting object proposals based on their NG features.

3.2. Learning objectness measurement with NG
To learn an objectness measure of image windows, we follow the general idea of the two stages

cascaded SVM [57].

Stage I. We learn a single model w for (1) using linear SVM [24]. NG features of the ground truth
object windows and random sampled background windows are used as positive and negative

training samples respectively.

Stage Il. To learn v; and t; in (3) using a linear SVM [24], we evaluate (1) at size i for training
images and use the selected (NMS) proposals as training samples, their filter scores as 1D features,

and check their labeling using training image annotations (see Sec. 4 for evaluation criteria).

Discussion. As illustrated in Fig. 1d, the learned linear model w (see Sec. 4 for experimental
settings), looks similar to the multi-size center-surrounded patterns [36] hypothesized as
biologically plausible architecture of primates [27, 38, 54]. The large weights along the borders of

w favor a boundary that separate an object (center) from its background (surrounded). Compared

42



Eol R Bl 3 Gx i)

to manually designed center surround patterns [36], our learned w captures a more sophisticated,
natural prior. For example, lower object regions are more often occluded than upper parts. This is

represented by w placing less confidence in the lower regions.

Algorithm 1 Binary approximate model w [28].

Input: w, N,

; Ny, Ny,
Output: {8}, {aj}j,
Initialize residual: e = w

forj=1to N, do

a; =sign(e)

B =< aj, e >/|laj||? (project € onto a;)

£« &— Pja; (update residual)
end for

3.3. Binarized normed gradients (BING)
To make use of recent advantages in model binary approximation [28, 59], we propose an
accelerated version of NG feature, namely binarized normed gradients (BING), to speed up the

feature extraction and testing process. Our learned linear model w € R can be approximated with

a set of basis vectors w = 2?1”1 Bja; using Alg. 1, where Nw denotes the number of basis vectors,
a; €{-1, 1}54 denotes a basis vector, and pBj € R denotes the corresponding coefficient. By further

representing each a; using a binary vector and its complement: aj:aj+—aj_+ , Where aj+ €{0,
135 a binarized feature b could be tested using fast BITWISE AND and BIT COUNT operations

(see [28]),

NW
<w,b>=x Z B;(2 <a;j*,b>—Ib|). (4)

j=1

Algorithm 2 Get BING features for W > H positions.

Comments: see Fig. 2 for illustration of variables

Input: binary normed gradient map bw =+
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Output: BING feature matrix bw <t
Initialize: bw 1 =0, rwx1 =0

for each position (x, y) in scan-line order do
My = (Fe-1y<<1) | bxy

byy = (Dxy-1<<8) | rxy

end for

brixy € {0, 1387
shorthand: by, or b
Meixy €{0, 138
shorthand: ryy or ry
biixy €{0, 1}
shorthand: by

Figure 2. Illustration of variables: a BING feature byy, its last row ryy and last element by,y.
Notice that the subscripts i, X, y, I, k, introduced in (2) and (5), are locations of the whole vector
rather than index of vector element. We can use a single atomic variable (INT64 and BYTE) to

represent a BING feature and its last row, enabling efficient feature computation (Alg. 2).

The key challenge is how to binarize and calculate our NG features efficiently. We approximate
the normed gradient values (each saved as a BY TE value) using the top Ng binary bits of the BYTE
values. Thus, a 64D NG feature g, can be approximated by Ng binarized normed gradients

(BING) features as

Ng
8= Z 287kby, (5)
k=1
Notice that these BING features have different weights according to its corresponding bit position
in BYTE values.
Naively getting an 8 < 8 BING feature requires a loop computing access to 64 positions. By
exploring two special characteristics of an 8 < 8 BING feature, we develop a fast BING feature

calculation algorithm (Alg. 2), which enables using atomic updates (BITWISE SHIFT and
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BITWISE OR) to avoid the loop computing. First, a BING feature byy and its last row ryy could
be saved in a single INT64 and a BYTE variables, respectively. Second, adjacent BING features
and their rows have a simple cumulative relation. As shown in Fig. 2 and Alg. 2, the operator
BITWISE SHIFT shifts rc-1y by one bit, automatically through the bit which does not belong to
Ixy, and makes room to insert the new bit byy using the BITWISE OR operator. Similarly BITWISE
SHIFT shifts b,,-1 by 8 bits automatically through the bits which do not belong to byy, and makes
room to insert ryy.

Our efficient BING feature calculation shares the cumulative nature with the integral image
representation [52]. Instead of calculating a single scalar value over an arbitrary rectangle range
[52], our method uses a few atomic operations (e.g.ADD, BITWISE, etc.) to calculate a set of
binary patterns over an 8 x 8 fixed range.

The filter score (1) of an image window corresponding to BING features by, can be efficiently

Noy Ng
S| & Z B; Z Cikr (6)
j=1 k=1

where Cjx = 28 ¥(2<a}, bxi>—|bki|) can be tested using fast BITWISE and POPCNT SSE

tested using:

operators.

Implementation details. We use the 1-D mask [—1, 0, 1] to find image gradients gx and gy in
horizontal and vertical directions, while calculating normed gradients using min(|gx| + |gy|, 255)
and saving them in BYTE values. By default, we calculate gradients in RGB color space. In our

C++ implementation, POPCNT SSE instructions and OPENMP options are enabled.
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