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A Review on image object classification and detection
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Abstract Image object classification and detection are two of the most essential problems in computer vision.
They are the basis of many other complex vision problems, such as segmentation, tracking, and action analysis.
In this paper, we try to give an analysis of object classification and detection based on PASCAL VOC challenge,
which is generally acknowledged as a public evaluation for object recognition. We first discuss the importance of
object classification and detection; next we summarize the difficulties and challenges in the development of basic
object recognition. Then we review the yearly achievements in the study of object classification and detection.
Finally we discuss the development directions of object classification and detection, from the view of

representations learning and structure learning.
Key words Object Classification; Object Detection; Computer Vision; Feature Representations; Structural
Learning;
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Belief Nets, DBN)[56]. £ F #1144 44 (Convolutional
Neural Netowrks, CNN)[16]. A4=4Ji3 & sAR Y [8]%% .

[ 24 5 %% (Auto-encoder)[57] /& _E 40 80 4E
AL H I —FhRRRR AN e I 2 4, I HAE S 1%
Yt FRIEEREE AR 2 N . A DA th
Rt B RIS 22, Gl o B i N AR ¥ ) B

R AIE, RS A7 T3 RG2S A F N
(VWA v B Bl N R A€ DA R i S (D)
OB ER, CREFEEE TP R EERE R, M
SEIRECE B YR SRR GRS . [ Bl gnias e 5L TR
HERTE I BRFIE S 2 BT, IAAFEIIZR, w]
DLAF 2 R 10 A8 4k, 46 25 e B 3 g B AR
(Denoising Autoencoders)[62] « # i [ 2 4 5 28
(Sparse Autoencoders)[63]55, EEFTFHiRm. K
By REATS FIAT T ARR I 45 R

52 BR 3% /K 2% 2 HL[B5] /& —FhJC n) — 7 R AR,
& — P LY T BE 2 (AR R (Enery-based Models,
EBM). ZJTLARRA “BZR7, JEFaAE il M2 R
JRZ AT IR, AR AT R AR Bl = A AN A7
TEIERE . Z PR IR2E S ML IX MR IR A1, Al e
FATIRUF I AAT R, B e B2 #oe, a4
JERICZ ARSI, RZINR e XANFRF AL &
A DL A I — = I BT EAT IR AT Gibbs SR
FE o 52 BRI IR 2% 2 LI R A0 B RS (Contrastive
Divergence, CD[S6)5H VAR THIAI 23], SZIRIEIK
222 HUAE A —Fh 0 MBS () B R R 24 ST B G, R
TR B RRE GRS 5, S BN T L R
(1) 52 B3 7R 2% 2 AL AT LA 27 3 AR i 20 5 TS A 1)
Gabor JERE A .

TR A5 25 9 4% (DBN)[56] 2 — i JZ R A IR TE )
KR, DBN A H 0 & RBM (Restricted
Boltzmann Machine), 15 5%5% LS AGHIA A il FLJZ,
WZE—AH2 1 RBM, 28 5 [# 52 25— 2 RBM B,
DL RBM [k J2= 5 7 (1) i AT A T L2 Y2k
T2 RBM, LURHE. kX o2k 0
MBI ZR, T LUdidEAs DBN BIRUE 3] — LR
IAIEAAE, ARG AT LUINAARZEAE R, 8 = A2 2 Ek
HH TR, XA MG AT B IR R, it
— P UGE M 4 E . DBN 2 2454, TR
SRR ZIRAGIRRIE RIS, SEI A SR IE A 5L
0 10 5 T )1 225 Rt DM R TS 1 9o o 2 1Y 9%
TEH AN B H ) SR AR AEL 9 & . Hinton 55 A
XA, SN T F S8R, 5
BN HET N AR R A [13,56] -

5 A 4 M 4% (CNN)[16] 5% B B 78 b 1tk
80 AL, BAINHTHFFEIUI, BT T —&
(P8l e SR, H T2 AR, AR M 4%
(10 v B B U B R A A5 e AR M Y 3 S B RS 1Y
HARRAIMTES . Wisel FI Hubel 7EA5RLHE RSt
FOTAFRERE FERH T, v d i, Bt



8 i SOl IR

2013 4

ke —Fi A T2 ML [39], 2 S R ek 2 B
LML, BRMAMS EEAIEERZACRZ,
G R T A [ RIS 1) D e 5 A AR
TR, SRABEH Wisel A1 Hubel 42 H1fr) {7 2040 o .
TR W —Fh B R, 0 SRS 2 1
T AR R X R g5 KA P38 SR IA BB RFE I
HI¥, JEEXA R — AR 1R)E
FSk AL, Wisel F1 Hubel ¢ i 53 244 il . 764
JZ2 W Y. 2 R A LA AR A e,
sigmoid. tanh. relu %%, ffif53EANMILE 1)KL RE
PR BN, 7 2% (10 o i 8 28 N T A 2
FI—AN4p258%, U softmax 432588 . RBF 4» 25 fesk,
G U2 0 28 v 25 B2 () DB I 3% 2 5 A B L =2
(17, PRI AT BAR R B AIC S E0 0 S, 300 iy 1 LA 7R
HTEARAEFE RN, I, BRERERR
TEMG AR, BReE & T R T £
prg

X HLFRATTR S Ay AT I ) A AR B 5 o 2
WA AT L, R B 2 LSRR R A A
TR R, 0] R AR AR A TR AE S i (¥ T 2,
Sps BV TR P S RZ, T
IR JZ FTHEAT A4 At 15 ] A 20 v (3 2R A —
Feo ANRZAET, AR Sir B TR E
T MNEREM—NMIRZE, HEACR TRy
XAATRFERIE2E 2], MG RUNE Z a5 T 3
ZIAME R AN, N DA T B A A 2R R HE
e, I HILEE SRR B RS, S RRAE
A DURR I 05 ST 45 AW EAT IR 4, T2 2] 315
ARSI ERIE . WNIXANMIERE, BRAMZEN
2% HAT s KN E R I RE 77, e e RS AT
S RN A S R T

TIRIFEA T L PASCAL VOC #2€F1 ImageNet
I T LR, KXW R o I R R AT R EE A 4y
o

2005 55— i PASCAL VOC 37 38 5di et &5
T 4 Wik BEFLTE. AATEE. NS RTE, I
ISR — AU 684 FKIEME, MIREELL 7 689 ik
K%, Bl AN . M7 ok, et
R UEAEAR S T4 EAR BN, (HbfFfER %
HA ik, WS FR M AA S5 B4 %%
o WEAREE KA, R B SURIN-SIFT i
JERFAE A I - ) B AL G A B 5 - SRR L 45
BT AP Ay PR [49] o X Lk PR R A
logistic [H] U=k B L mE 251 S RE ) L, Xt 1E B

BT B R A St ) 1) S ) AL A BRI
ERErE, WTDUEI S EE AR RN AL, AR
HARAN

2006 AFH I F 5 A7 B 1)k A5 AL 1] G s Y
313 7 PASCAL VOC W5 K 5a 38 e 4 [41] - 5 LA
AN, R R RSN b, AR T 3 2 2%
RS R I A, AUHE Harris-Laplace #f1 &0k il A1
Laplacian A o BRUECAAE, ARATTIEAE A T 2T [
JE PURE BRSO X, e 2 A RPE EEA Ty
TEFRI . R FFAERRBR AT H R EEAAZ Y SIFT 4y
fE[18]4F, &4 T SPIN image 51iE[40]. i AUk
BRI R ETTEE, A% Bz
LR EAE S, 5K AR T Lazebnik 4t 1 7% [H]
G I UL T VA [14], R 1x1, 2x2, 3x1 [ 43 H,
T B AR R R IE I 4 B A RV R 1 8 A 7 —
52 AR 2T, AAER 7 — AN L
FF ) EAUREATRAE 2228, 26— 4R R 7% SYM
X % ) 4 7 H DG I A5 21 1) 2% A Tl 0 Re AR Rk EAT
32, N RBF % SVM X} 25— 2 1) 45 1
AT 2K R ML SVM 4328, mT LA
ANFIE) SPM S 45 Rl ok, A B 1l iE
EFEAEH

2007 42Kk H INRIA f#] Marcin Marszatek %5 A\ 3k
ARy Rt A [42], AT FH B D7 kAR 2 1] A AR
B, EARFEE 2006 04T iESA . AFTE
T, AATFE IR 2R ERT A FAT R T 5 2 1R SRR
&1, HE SIFT, SIFT-hue, PAS edgel histogram
&, Tl ZRHE DT s KAl REOR B A5 R, I
HRHEGR S AT SVM 73207 2Ok A HAG Bk )
Ao R I AR R T
R ZEIE ST, RS SR B A A1 5
A E AR SPM JHE A, IR AL kit
Tt

2008 A [ 4 ks PR 2 A LK S 2 A R A
HARAT Tt 45[43], HIEA T VAR &l sl
HEACRE AR ZAL, &2 H T
0 4138 1 ke 3 i B AR (1) 0l AN A2 R 5 00 g
[44]; H el R A g i AR T 1) A b,
RS br g, U R R AE 5 A E I
RO, RI—AN e e ik T BEFA 22 AN B 1] AH AL
PEZEAR AN, XA IS fige A5 1r) A 2 gl LA
TR B Il (AR BRG], T 22 T A [T AR AR AL
IR BE BLAR] o oA T 5 IR X FhoASOR 2 1) 8, Gemert
P TR EA YD CORRAZ LG TR B g A ) [25] 5
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AT GRS KGRI ELLHE 9

W, AR T BRI ), B T A
IR EE . T3oh, AT TR FH 1% (B A% H4 50 73 A 4 2]
T SRR AL LF R 5y SR RE

2009 TEYAR G I NG, ek 45 BTLAS F
BT 220 20 2REa80E, MERH T %
PRI SIFT HEAE, IR FHZe M o> B8 AAT AL
53 2K[45] . ABATTIAI ST PO e T RF R b I,
FH TR G = WA (Gaussian Mixture Model,
GMM) F11 J=3 6 A& 5 2 i (Local Coordinate Coding,
LCC)[38]Hi FiFAEdif JvE X i)z SIFT HEAEHEA
THEATH, 19207 m AR R EIHGr
fiERIL, W FE R IE AR T 3 R it 1
Ao T34, e gs RIS, Wik 23T T
MR SO TERE . R IR ARAR I B HA IR JR 0
PE” RS, RS R IR IE R IA R
X,z Ja B m R & R g i
(Locality-constrained linear coding, LLC)[12]H /&%
TR AL, AR IR, “MELT)”
TERIE, FEVR AT S5 IS T IREF 45

2010 e ZEAK I A R S BLfilh, Jf HRl &
T AR EN SR L [46). — 5 B 2 24
fiE A G A R0 215 ) 4 - B U I A3 21 A 11 1]
BRREIA, 5—J7TH, Wi Mean shift[59]. i
Sy HI[60]. JE T 4 EI[61] &5t 7 AL, 493
Patch 2[R IE . IX P AP RIEAE T ML B
fERIE, SR R U2 7 7 AT .
FEr R TTHL, BRATA T SVM #Z[RIA4N, a4
THETHMb BRSO Lasso TINALVE . FriBHkb L
FOCRTE MRS E A T 2 2 LA B —F
Folo HEAh bR G A A8 H] Graph Shift 77k,
FER B /NG R 22 AR B 20 AR ] Lasso 1EATFi
W HEAR BN SRR —FANR T AL R R ) E

NI, B T AT DO A0 A —HE A bR 2 A
AR B E, SRR ERE

2011 SEEFEAELE T 2010 4E 56 4 FEAHELE .
oK 1 AT R BRI P R 2 1R A M e 2 3 7 LR 4
AT ER R, R BRI ERE BT T
FIERR[47] A ATT A IR A, 5 4 Ak T T 5 DX 3k
AT DAAR B LA BUG S b v e, — ARG B
€, ENSUEBIERR AN T o« TEMIRAEE R
AL BU T, S AF I LA Je s BAT F s,
TEAFE DL AR A5 0 L Ll B AN R B D 7%
Sl. BT, AAER T SRR, A
WK, WARER G ) B 0 T VRE S . R DB AR g
FEF N TAREE 1, P FH B R e Ao 3]
AR TR R B S S I SRR 1 B e A IR o 2R 4
3.

2012 SEREFEAES: T 2010 4F LUK STy HELE,
AR RIS T I, A T SRS R
IR it Fisher [m) &2 fd AR FL—|n]
R LGG[48]. X EA A L E S, —
ANET SUZRACUC LS. 2 Re BIAE 45 (1) 23 0] 47
WL EC AR AR 5 PR A A X, XA
SEBRATESS LT AR AL, R PIXA )8, ]
] Side 15 215 2114 B B, R ZxAr) i
X R EBREEREATICSR, AN 45 21 5 4 R RFIE DT
T ANEE S R, R R
I (1) 2 SRR (R ASER 15 S P 20 B ) . AR A B
JEe D WEFEARIE AL 2D THE IS0
3) [ Graph Shift HyoRi %L 7Kl 4) 1K
] - (P SR

= 2 [H4E PASCAL VOC Z=EHLE L

En JEJERAL AL G E{ESTY IR [GliSEy

2005 wAE SIFT 7] Al G it SVM FHAEDHE

2006 DR A I+ SRR I ] AL SPM P2 SVM (=]

2007 AR ZARRE i) Al SPM ¥ svMm SR T INAL

2008 EEARMR R ZRAE il SPM EMEST ZHHE, 2y

2009 #4 SIFT GMM,LCC SPM 4k SVM LA

2010 B R, 2 RE Ji) F2 AL SPM, Al EZie s ZHRHE, 25y, 4, A
2011 B DR R, 2 RE Ji) F AL SPM, Al EZe s ZRHIE, 25325, 4, A
2012 B R, 2 RE A, Fisher & SPM, Al e ZRHE, 25325, 4, A
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HHEL PASCAL VOC %%, ImageNet SEFE(1 &
BRI K, B2, ML 5528
KL — N KAk . N HPR L 4E ImageNet
SERM B EE B — N A A

2010 4E 56 %t ¢ [ NEC WF5T Be Al UIUC 3545,
F T iy, )2 RER A T % A4 i)
HOG Fll LBP $FE, HFAEgwmbt S/l 1 5 A b
Y R ) gt , JF HoRH T 2% R 4 5 VU .
A BRI R T 36117 ¥ BE HUBR IS T B 1)
KB SVM. AL PASCAL 358550k, X B
TR 2 R T ARV B U IR JE R N G
ML, s R L T 1T 6 R A s 13t
T T8, WA T 71.8%I7) top 5 43 K5 .

2011 4 j6d 75 2 it SR WK HATE 5 A oL, FLREA T 92
(681477 IH & kT i) B A A, = B ek /e — N7 1 -
FRAEGAD 7R Fisher [E4win[22], FTLAGIA
HE RS S E R, R A PRk
FH e f &4k (Product Quantization, PQ) 5iEdEAT4s
TEF4i; oy SSae i SE T REMLRA S T B 2 S+
) F AL

2012 fENEE K240 2 K21 Hinton #dz L
224 Krizhevsky #JH] GPU 7 ImageNet 57 %% L3k 15%
THIFTAA &) [13], MR T — NS HOAR

EH R AR P 2%, I i K& 20 A= o
dropout AN HIA Y (1) L5, A8 KB UG 70 AT
5 LA T AR RUR, IS T 58— A I s,
top 5 M ISKG LA R T 84.7%, ELEE 4 1di ] Fisher
) S i SRR [22] s K2 10 N 4 s AT o
TURPES R R IA BE

Xttt PASCAL 3%3%, ImageNet 5o 2% H i)
SEE TN s, AR S e S o A K
BEEMG R SR, ARG G R 2 BEFH,
RGP, e SR, &N AEHFE
85, ZRFIE. ARLME S AR X ELYE PASCAL 3E4¢
WA SRR I CEAE ImageNet IXAE R
LA A RS . AEVE e R IR
BT B A ] BRI SRR (CRAREAIE  RRIE R 4 2k
PRV A KA AR kI, B3O T3
PR AN IR BE 27 S B (R A Jee, SEB T E m RRRE
TEFRICS B2, K R o3 2R 10 e et i) — N
() o

# 3 [14F PASCAL VOC FTEAEME %

0y iRl JERJZARFAIL FEAE G i R et e

2005 WAL ER SIFT F x 1k SvM P

2006 WalE % RUiZ HOG VR 7 £k SVM ZRE

2007 WalE % RiZ HOG VR 7 & SVM ZRIZ, SR8

2008 W % RJE HOG, #4E SIFT x SRAR Ltk SVM. 4 2SVM  ZHRIE, £532as, sr2shif
2009 HahE N ZRFAIE i) Al F5 249 SVM ZRHE, 2%

2010 TEslE O Boosted HOG-LBP 7 AJis ZEM)L 3K TR B2 SVML RBF SVM B3 kAR
2011 TEslE O Boosted HOG-LBP x LRSS EZies REER BRI
2012 HahE N PRI T TR i 73 EZies pandl

4.3 Pikam

PASCAL VOC 353\ 2005 4E55— Jm JT 4t 5|
N T YMAKEIAT S5 588, EBAT S5 45 2 ik A
THIN I AL B A AR ) G AN TEAE o P Ak
1255 5YR 0 FAT S e B FAE T, Dikai i
G RAEY PR I s e AR, sy
FNHE 22 2 8 (e ik el R I A R ik . ik

R B AT B S RIS 1, T4 3 SR
NG, maE R IS, PR A AR A
FAESEI RS o) 2R BT T IR KRR R 2
FE, WAk 3 Pros. MR B AL B S (1A
[, AR 5 PR ER] 73 Do Sl e ) SR
ARHPRTTE . Tl & DOk e, el
A IR B (B ARAE S N BB 1 2 A4S RO B3k AT
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WL BBk

K SRS )

HEEMESE T IS UBURTIM S PN IINE VA N SR N7/ L LT
AMER o ) B RS E N il AR S 4 )
HEAT N, AR R AR B R A B ) T, AT
DU TAT =R B U D — e AR AT 55 o T 3
T 5 i T IR SR Sk, 7R AR PASCAL
VOC e 48 43 28] 777z A H o %ol 2
HOG(Histograms of Oriented Gradients) 5 %4 | JEAR &
PRI BRI A JE, A4 30 2 T B o
YIRS 51 o

S5y SR 1) AN ], A I ) R A B2
ARG X S RE Y ZEFCR,
XY AT N, Mo gt
B, faw TR AMER DRI, &N
(R 45 KAk 2 2T ) . &5 K A4 S 1] L (Structrual
SVM, SSVM) [65] T KA ZAEN, 55738 2
e EAAE T B Re e A B At AR T
SCREM BTN TG, o7 DLACBEEIA | A5
— MBS, R AARE T A PLE ). A
U TN A5 e 52 B ROk B 22 1R DG
B Ay & 57 HF ) & L (Latent SVM, LSVM)[37] &
Pedro Felzenszwalb %5 A\ 7E 2007 S H H T4 #E4)
PRSI ) R, LA AR AR A A A 5
JRNSCRE AL H bR R Eoh g4k, LA
THFEAF BN A RS B o F9hREE S5 RIS 1] 1
Hl.(weak-label Structrual SVM, WL-SSVM) & —Fh i
In— e gk A2z SIHESE, Bt E 202N T Ak
FRBRAE A (AR A H 25 AN — U0 ) 8, %) T 2N
TG MR, BEAFEARPRZEH AN R 2
“HGFRZ . SSVM FI LSVM B H] DL
WL-SSVM [1J£5451], WL-SSVM i ik — 5 [ £ w]
LA — 1) SSVM Ail LSVM. 4 EBE ALY
(Conditional Random Field, CRF)/} g £ it () 45 k4 Ak,
) EE, ARSI S5 EARAR B IO .
Schnitzspan %5 A [66]44 JE A H {11455 704 55 25 1) 44,27 >
gity, T MR LIAET (latent CRFs),
T I B PRI AR RS AR B JF HoRH EM
FERAT A 2], AL T 1548 CRF 75 F3h4h
SEFRFN SRR T, RS B Bl 5% 2] 2 TR R ) 4
o, BB RAR TR B RS SRS . KA
PE T AT EAR IR BN Y B 3l 45 i A 2] [671K
MINZRE A 2 2 o GG R gk . T — K
IR G52 20— NP e[ 8, sk$E TR A 45
R 2175, K S ML oy i— A 59 45 K TR 5 45
R0, 59 S5 A6 0 AL S8 IR S5 A AR A 3], T iR

SE R TN 3 SR SE AR B AL Y DL E 3K 5h 77 X A
1330,

N IIFRATTHG LI PASCAL VOC #44 K I 5%
FERBT P ARSI 1) T 1R 78 5 R

2005 FAARTIN 55 34T 5 KBS, SRHII)
771k L2 FEAL[49], Darmstadt {#1] 7 SUFE KA
e, TE IR SR IAN BT IR AR A O A TR
fEFek, JFlRL) X Hough BEFERAEWT I A FUEE S
R, &TTEAAAT IS N J LR TR #4531 T i)
PEfE. INRIA (1) Dalal IR TIE30% DAL, K
JERHEMEH 72T SIFT BUHhA, 728 as i S Fr
) S, 38 I SR A A A R R 2 R 1R AT 95 R4
K, OREE DAL BRI ROBERAL &, 1T
VRN FHUE T e X Hough 2848t BE 47 ) 1 fig
BAEN BAT SRR EYERE IFALF[49].
2006 “F i AL 535 2L Dalal F1 Triggs 4 Hi i)
HOG(Histograms of Oriented Gradients)##4[5]. 4
AT TAE T 2 berp T B EUR R IE IR BT, 321
TR I s b BT A B HOG RFAE .
HOG &6 K77 In) B 77 EIRAAIE , 2 A5 23 1 s
(1) Cell, 7EREA Cell NESHEATARE DT M G815 2 H
JiE A . 5 SIFT FrEAHEL, HOG FHEA AT L
FEAASNE, RSO SR 2 o AR IINAE L 4K
SRAETE B T SRS A A, IF LA 26k 7y S a it
AT XA b & — A4 S WP AR AR
B, HEREA YR IAT 2 R UL, YA TEARAN
REAR G Hh DL e AL 3

2007 4 Pedro Felzenszwalb %5 N 32 H T ¥1&K:
I entak R ) A B AR EB A28 (Deformable
Part-based Model), JfLALEUAS T 2007 4F PASCAL
VOC WAl 56 28 1) e ZE [37] o IRJEZHFAER T T
Dalal 1 Triggs #2 f) HOG $54E, {H 5 Dalal 5 A
()4 SR WA RS AN [R] R A, TR AR BB A AR —
AR TR JEAR TR A . oy — D e
HEE e T B SRR SR, i B AR f ok
PRI s TR, A R D O R AT I 25
Pett. TEARFAF BN BT 5 T 2 A W AR I S0 7T
f%ERS, thph J5 4L PASCAL VOC Sa3€4 1A il
{155 IR HEREHESL

2008 AEAAARAS TR [RIFE R T W 3h & 1y
A [50]. FFIELRIEFIH T HOG HrfiE FIE 25 L4 I
SIFT (i Rk, MRl fExtar. Jo. 2. £
I3 NN IR, A8 Zetth 7 S8 a8 AR 7 #%
SVM #4773 28 M BER T T P B B, S —
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B B i e 2 7 SR 23 282849 B K E T R
IR S, 55 BT HOG A1 SIFT 41k
O HI T — B B A 20 A M AT T 235 i AR
RAMBIFE LR AT I & 1, Jf RS 732845 /1T
PR AR ML R o X B K5 BT LUR o —F b
FOE R, XA DR AT ST ) A A
o

2009 HFFR T AT B ASR, A KA
JURTIFR AW B i O RESR R, T 2052 2K K
J£ PHOW. it PHOW.PHOC. %{# PHOG.SSIM.
PR B8 2 PR e TR, AR T SRR
BORAHIE 2R, IR L RIS e 4 [61]. 2447
SRHHT 2R ZBIENS W EZIRNE, LA
B2 X 2 AR RERIRCEE , I 7 380 d5 R S 7R il
BRI HEENE S E D RBCE NS, BT
FALLZ I Adaboost 75 3 (1) 2 G o3 AR A5 o B — 2]
Iy AR HGNE SYM 4283 LA 3l B 11 5l Bk R
7l 7 PR S i DA TR0 2 58 R
WEtE SVM A R Tt — B A 3255 =
GRS AR E R 7 -RBF 70 2K4%, X—Difk
iff 52 S v E LG i T P SR AR SEOR, el TR T
PO AP PERR T 2B L, Xl DL
T HMEIREA T

2010 A= [EFRFAE B H S AR5 I R
FOHE R RS T IR R 7 [52], Horikad
DUEAR AR Ol BEhl, XHKJZ HOG 45 1ERT T
ek, #2247 Boosted HOG-LBP #4iE[33], HIHH
Gentle Boost L+ H—#7 LBP F#fiE 5 HOG ik
RlGr, AEf AR g R e T S — AN
B RERA T ZMBIR EFSC, mEEaEE B
VAN =3 = T ol N~ 11 N 1 I ol N A e e ey
T DL E S I 6 4E R, AR BRI
G 20 HERIMIA S EORT 20 HER BT 43
B, KR A T A NS I S Mg
[10]. I #OC ROV VETH A IR AR A Rk . K] B
NICH T EAAR AR R TR 55 A (R DG FR, il
20 Y1) 11 PR fe 55 1) HOG HRAE 4 HUF LBP 454E
IR, F AT 87 4EMMRFE, fH RBF SVM
AT ERC33] ZJ7VEAE VOC2010 ¥ 21
76—, 5, FRIRALE]T 36.8%.

2011 AEW A D et A5 AR 2 v LR B B B
AT AR S TR B K S %5 [B3], ik b
2010 HFEAN[A) 2 AR E OB AR SRR Y T Fol
i RSk, I T A RNE A @R B S

3] [34].

2012 AF Pl Ub 3R PR 2 SR AT AR D e %
[54], 7L T LU TP R . IREFHE
it HHIEERIA T HIIZE . EG ik
KGRI TR, AR — A B
WP, P R IGEAT R, (5
ANER EATIR PR R, AT DU R TRl i) 44 1]
o FERNZ I ) A G A AT /N (R AE 2 )
I PLRENE IR ST 2 U AN, R T r BN
A7, 1A ) g AL AT Fisher [ i (gm0 A5 25
G T ] IR R IA 2y By ey, R
() 73 e m] DL SO R i PR 40715, 2R X P i
i, fet TIRARHEg AL, KM g
I ARl 31—

5 MRS ESEMAYER

Wik s I8 SR a7 L PASCAL VOC 5%
FENT G MER A E L L OSWE T — RS
[Pk, Zr BN T DA AR TR R BT 2 ) A5
TR BERIR A ZRAESE, A AR R ) DA AT T AR AR Sy
ORI Z 075 7550 BT H BT 73 SRR
SRR b, A SCEE N AR MR o SRS I 57
G — PR 2 AT TiHe, R Tk s
SR S R R T 19 o
5.1 $RQN AR D KRG —1%

« Yytdhr BT ABAR 1A 2R 7

PRI AT 55 2 it R P s P 1 A 67 8 )
PRIy FSIAT 55 2 PR AR I RS, ANECRE L=y
5o AR RS AR SRS TR,
gl i S A T 2 LR SR
Pean T EAR N, AT o0 A4 N AR
fH 6 DLk AIMT NALE, WX, )
PRRIBLP- B85 TR SRV B, i YAk
MR AERS 1 “ AT AW iAEAt ATy, HX A
—AMRK HR ATl ke i, W
FOTAEN R R AR I, TR B RIS I4S
o AR IPPELEB RO OL T, e YAk
Maess HAERII AR DL T, WA AE — e f%
JE ERTEAF “ A A RAEAT A Tr 7, {HAE LS
(RIttE S rp, AR AL BERRCAS RERE— (¥ St 4
Ok, U RELH “ATREA AT A IRAEAT A
W7, BERAGR RN NIRRT L2 T . it
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WL BBk

K SRS §

AL, DRI AN B AR A 2 211
o YRR IIFIY) A3 IR 2 T R 22 A A0 EL A M

DL PASCAL VOC e384,  MABEZY 1) £ B2 1
T WIURESIN R IR nT AR IR AR,
(I SR ERAIE, 0445y 2 v S B (R SR 2 ] G
B, AR HE A FRRERE, AATR IS B2
11, A ARA BE 2 2 RH Tk B SHME R,
WA JRBAE B, MR B2 R T BRI
HE, W aRNER. MiSsaEimys, R
BEIETHZ AL R, XA AR A
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Background

Object classification and detection are two of the most
essential problems in computer vision. They are the basis of
many other complex vision problems, such as image
segmentation, visual object tracking, scene understanding, and
action analysis. Due to the large variants of view, scale,
illumination, deformation of objects, object classification and
detection are still challenging tasks in real environments.

In this paper, we try to give an analysis of object
classification and detection based on PASCAL VOC challenge,
which is generally acknowledged as a public evaluation for
object recognition. From 2005 to 2012, PASCAL VOC
challenge is held annually with three main competitions task:
object classification, object detection and segmentation. The
methods adopted in VOC challenges can be viewed as the
state-of-the-art object recognition algorithm, which are
reviewed in this paper. We summarize the difficulties and
challenges in the development of basic object recognition in
three levels: the instance level, the category level and the
semantic level. Then we review the yearly achievements in the

study of object classification and detection. For object
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classification, bag-of-words (BoW) and deep learning models
are two of the most successful models. For object detection,
deformable part based model is the state-of-the-art method,
with many extensions, such as grammar model, context, etc.
Most of the methods used in competitions are combinations of
many different algorithms, with lot of carefully chosen
hyper-parameters.

Based on the analysis of recent progress in PASCAL VOC
competition, we discuss the development directions of object
classification and detection, from the view of representation
learning and structure learning.

Our group won the PASCAL VOC 2010 and 2011 object
detection competition and got 2nd place in PASCAL VOC
2010 and 2011 object classification competition. The method
used for object detection is deformable part based model with
context and boost HOG-LBP feature. We used salient coding,
dictionary learning and code relations in object classification
implementation.
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