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RGN SR 5 R FH A 3 R S48 42 P FR It A AR AL, 3 4 301 38 X 43Pk B2 5 B B P AR R 5 TR R B
A RRALE, [ IS ASE FE AT W0 453 2R M B 2 e, A 5 P IS 4 R 1 B . P 588 LR RS AR AE 27 >0 W 2% ] DA R 2
4 N BT 7 10 T B Bk DI 9 2% v 5 Faster RCNN 45 CUF BEAYAH LE, BT LR 7E PASCAL VOC2007 #1 KITTI
By 4E L /) mAP (mean average precision) Y8 Fr 76 A [ 72 B 3Tt
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Object detection via learning occluded features based on generative
adversarial networks

AN Shan, LIN Shu-kuan®, QIAO Jian-zhong, LI Chuan-hao
(College of Computer Science and Engineering, Northeastern University, Shenyang 110169, China)

Abstract: Object detection is a fundamental task in computer vision. There often exist occlusions between objects in real
life, which result in that some features of an object are missing, and detection accuracy is reduced. Therefore, we propose
a generative adversarial network for learning occluded features (GANLOF). It is divided into two parts: the generator of
occluded features and the discriminator. Firstly, we generate random occlusions for pictures in datasets, and the occluded
pictures are the inputs of the network. Then we use the generator to restore pooling features in occluded regions, and the
occluded pooling features and the un-occluded image pooling features are distinguished by the discriminator. Meanwhile,
we use the detection loss to supervise the generator, so that the recovered occluded features are more accurate. The
proposed GANLOF can be used as a component added into two-phase object detection networks. Compared with the
Faster RCNN and other models, the mean average precision (mAP) of model is improved on the PASCAL VOC2007
dataset and the KITTI dataset.

Keywords: object detection; object occlusion; feature missing; occluded feature recovery; generative adversarial net;
occluded feature generator
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H ARSI A2 T SRR A Y — > EE A TN 4
FE AT 552 A G R B bR B AL B I A H AR R
Al N TN B RS A D AR A, E AT
T BARE S R A A 4 X 4% (convolutional neural
networks, CNN)!! $i& B G RFAE, 38 i 2 7 A I A5
RO H AR HEAT 20 RN AL, 78 SEBR I A U H
H ARG AR TS VBOM S5 I 1, [ A 3

=

Wrks HEA: 2019-09-19; f&[E HHER: 2019-12-18.
HEWB: HEBERBHELTH (61272177).
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(1) 5 FRAFAEAS B S B k50 7 R AR A U, 12T 3 2
Sy RER. B AT B ARSI S50 5, 785 S B
MRS H FR BRFAE A B AR TG 2 R e H
FRIEAT 73 ZE A ATI AR A — ANk

A HE T A RN T AR —Fh O T R
RFAIE 7 T 19 A2 OGS B M 4% GANLOF, i i 5t 288 4 5
IE A B %% (occluded feature generator) Pk & # il 4
H ¥R R AE, 38 i % 5] 28 (discriminator) W 7B 4 38 324



1200 # % 5

xR %36%

REAE 2 > IR V. R SCIG B AR AR A Y 32 2245y
Rol (region of interest) 1 AGRFAESZ I, B ERRFAE AR
JRLAR SR AR DU A 4 AN Ay R R AR B
T2 S RS H bR, S50 a8 T W A= il g
5 3 RRAE 5 TC RS B ARRRAE (AR BLRE FE, AT A 75
U 4 A 2 ST W v A I B AL R4 P A b AR
(038 4 X 35K, 26 B4 1, 385 VGG 1612 2 B
RRAE, X6 B X IR AIE R 4714, RoLIBALRFHEAE Ay
Y ZRA: B a8 IR RE AR, 1T 508 4 546 B A 1Y) RoT AL
REAEAE AU AR R 8 1) B SAR 25

R SCAS I #% % B Faster RCNNI AL 4 g 6 ) Y
4. N7 BIE BT ER ALY A ROhE K L S AT
BT 4R AE 2 ) B9 Faster RCNN LAY DL Az HoAih S5 38 7
IRHEAT X E, FEE TR 1) 32— AN R B PR
11 19 2E A 3T 9 2% GANLOF, 7] LR Ny — A 4144
N EITA 5 B B bR A AR L o 2) Y1 2R i 7 o,
B THE S IR Linges RTHUHRK Loy K52
L =387 15K bR 40, o 55 i3k A7 vty 380 0 )1 G, A= 1)
BEATLIEE 12 P R 2 T PRI R A, 389 0 T VI 2R3 1) %2
FEPE, T3 50 7 RS20 (¥ 4 P ; 3) 5 Faster RCNN 5%
RUAR L, BT 42 H B 7R #F PASCAL VOC2007( K 3 & Fk
VOC2007) $ 4 424 F1 KITTI %45 4157 _E () mAP 43
AR T 0.2 % F110.46 %o [F1H2 FF, [F] B . ft T HoAth o
HBERBLRY.
1 AHXRITAE
1.1 B

A B ARSI T v 2 By N A R i X I
VR A B v R R T (R U ) — B B 5 Y. R B BT vk
¥ B ARG I 3 SRy B A 5 DX sl RS A% 3 DX S ik 47
S R5 EEABEAY B — W BT 08 B bR AR DI 1
[ U ] A, B TE AR 2 AN 00 B AT H ARG B
(=] )1, iR B R o B 7 7 A 4E R-CNNI, SPP-Net! 7l
Fast-RCNN'®! l Faster-RCNNB! 25 ik [6] #2 HH —Ff
HE T [X 35 1 35 B 0 24 W 4% 45 #4 R-CNIN, i i 2% %
P 48 22 5V (selective search)!®) A= A A 16 [X 32k, 1|
CNN [ 26 55 A — 4k, J5 P 4% 348 [X 384T R AE B X, B¢
JE A SVM HEAT 43 2 0 FH 26 1% [m] U= 55 7 B 47
. SCHR [71 ) FH CNN 76 32 5K BEE 1 B HURFAE, 42
TET VRS E. SCHR [8] 2 H R X 34 B ol 28 ) 2%
Fast RCNN, H-4& H H S R AE H HUM 26 Fl Rol it Ak, 42
T 7 AG WU 5 RS BE. SCiR [31 42 % SCiik [81 BT 77 v
H133E— 0 gk, $ i RPN (region proposal network) [
24 2 KL B LA 34 X 45K, S B s 21 vty (1) U1 5. STk [10]
F2 H H A5 Ok R B 45 B 4% ORGCN (object  relation

graph convolution networks), & T F i& B 73 & 77 4L
i, A S RIS H b & HAH AR B Ax A R4S
B MY 1 — B B 7 5 45 YOLO (you only  look
once)!'!1, SSD (single shot detector)'?! . SCRR[11]4F
H AR AT 55 B R [0 )3 o) 3, B R 2 M E
X H AR AL B AT B, SCHER [12] 42 H SSD ALY, fif 4%
W I B 7 15 Faster RCNN FH R4 AEE (Anchor) A1 SZER
% R H AR, ABH T YOLO B AU A RS B2 A T 1R
KETt.
1.2 EiHAIE

SCHR (131106 73 0 55 M B H b e A2 42 HhAE I
SR A2 Aok BIGORE AT Bl AL IEE 14 1) BB, 1% SRS 43 i)
7E AlexNet!'* F1 GoogleNet!!> (x| 4% | %F B 15 43 25 i3t
AT S5, 73 FKG BE XA BT iR T, SCHR [16] 4 HH— b
T IX 355 ik 5 & R B AR AL I 77 7 R-DAD (region
decomposition and assembly), 1% /5 23 ixf 43 E {5 i X
3553, B Rol Hhie) AR s 1) DX 38k, 38 Il 4 H b
TG FS R 4 R AE AN B, DLAS 3 5 AT 5E R RRAE, [F] B
FIH 22 ROBE I gt DX S8 5 B AR B RSB B
1.3 B4 poxin g iy B AR

SCHR [17] 82 H AR o 1 3K W 4% 45 #4 GAN
(generative adversarial net), J# i A= 75 5 ) 71 25 7§
A PR 28 B 0T B A58 AR A AN 25 T TR g 7 e AR el T
AT 3L S HOHE o A KA OB S, GAN B )T IZ B
F T 1H AL % SR HE AT 55 . 72/ H An ks AT
25, — S gt SN /N B BRSO R AE A D AR RS )
BN, B AR RS AR R R T R R R AL, I AT
A sz U191 52k [20] 2 T A= Bovt bt i) AR, B2
Xt 7% 6] 25 75 W 2% ASDN (adversarial spatial dropout
network), 4= B H Fr 43 2840 2% e KRS HE RS A
TEPHBAR SR 1)1 25 ASDN P 2%, A= B A5 JBE 24 14T PR S A
DA A WA 2 f 6 i M. SCRiR [10,16] A B R SUAE
S FE ORI E bRIE R SOR F 38 58 H bR RHE
FT, RS G2 A FH B T R 00 R I S5l 2 T - S0P A
- S R I Y o= WY R D2 B N 3 - TSR v
FRAESEAT 732, 2 Re AR R 2 71 B IR, 2 P A1 o ) A 7Y
(AR Z . AR ST S A JEE PRI 1 A7 B LR R, 3 th
T S BB RS AR 0 A RO I 285, 38 5 A ORI
28 X B R H bR R I RFE AT KR 15 B T 90 28
() B AT SE R RFAE R,
2 ET RPN 4 S B AR R

iy Ry i

AT VEAN A 44 B Ak e TR R R 2
ST A T BN 4% GANLOF. I Zrid R i i i £4



CRE S OME S T A R R 2 5 S AR A5 A AR AY B ARK I T ok 1201
WP (/A -

v o e =
E, A N Il R R N Ly,
-;gg‘ —— VGG16 R R e e NN ¢
AR < B E 3 B E SL,
HERS L ‘ Rol e

MR e L TR

RPN
e
RPN —

——‘ ! — — -

b | AR

hvf‘»mmﬁf» 2 Tz Tz & e &L,

e 8 8 8

RGP _ Rol

HACRHE

B 1 %76 GANLOFEHA B Hrie &R

RRAIEAE FCA 2 S S B ARSI R IR, Ji I 45 ) 2
A5V S R AR H 00 TG I P AR, e 2 R {5 P A
X PR PRI T K.
2.1 MLRLEH

FI A6 00 ]R8 235 Ky n 1 1 BT, 3 249 A Rol it
ARG AE B 0 PR 2E A% L S ) % A 28 44
oy
2.1.1  ERIRE T

TEINZRH 7 GANLOF BEE 1] H Az A il /) 2%
Y 54 P 55 T T g ) T A X A A ) 45 P
. BRI B B TR AR SE T DL, F R R R g it
PSS H AR TG PR IE RS, BT LUK B RN H
FRIEAT BEALIEFS, T Bk R 424 P P R s T P ) )
B R 6F, FH V11 0 A 4 R 1 A i 8 R 6 31 88 0 ik
(1) A2 ORI I 28 G PR 1 BT . O TR R RN, A T Y
Ik /) D 2 A 5 0 4 I 285, A S R K U A 52 B B
R B ARG, AR RO /INE 24 (4 P, i
PARADNEEEN (w/3,h/3), FrHw. b3 B AR B S
FRAEI)DE 1. B ()5 R Rol it B2 H bk 1) 2 1 A
EVEVELIA=S
2.1.2  HFEFREL

R I Hp R R — M oy A AR L — 2 B
B 4 S AR A5 AG DU B AR, 2 B PR TE SR A I
$4. 68 T AT, W B A R AT R R 1 B R K
5, ME AR IE RS RFAIE 2% DRI, AR SR H A A Y
BT Rol AV AFAEBEAT B E RS H ARFFAE 1 22 ). it
VGG 162 $72 BURFAE, F) F RPN [ 25 31 76 45 F P i) 4%
AN B AR AN TR K /N RREE (03 X 3. H TR
Rol i A0 5 AAF 5] 2 AH FL sk ST FLAS S 00 FR), A0 30 2405 1
A B A E VR SR W3S B AR 1K Rol WAL RFAE I, AN 25 24
AR PRI L Rol th Ak 47 11E, 75 Rol AL RFAE - idk

1T e AT e bk /b 76 2% ST HY B ARRFIE I
T o K S A AR AIE P 5

T P P 3 e AR FR B L Rol Ak A i A 4
F R IALERHE B2 A6 R FERFIE SR Rol it Ak,
JEREMALSRAE Fi | (Fi., Fi) 15 GANLOF Hi)I
GRFEAR, Hor i RIRE i1 Rol.
2.1.3 BOEPSRHEAE AR

Wl R AFAE A A T B R 2 I RS B A
TCHERS H bR 8] (R RFAE 22 57, B0 TR 1Y H AR e
P BTG £ H AR AR, 3 24 R AE A2 B8 BN
& ROIVBALAFAE F2 AN RHE I K/ N d x d x e,
Horb d NFFEEITE S &, c NHFAE B3 I £ (A S A
VGG162 & T M2, fa N K/ 1000 x 600, Rol
HWALJS d = 1000, c = 600), i Hi A # BRI AE 5 T
PSRRI 2 18] (1 22 48, i B R ARRAIE R/ IN S i N RFAIE
UK /INAH ). B i B RS AR AE 2 5 Ml 4 2 il 2
¥ G(FL) AT XS R E AR DN, 15 20 &5 14
WEFSEAE LN

Fres = Fooe ® G(Fog,).- (1)

Wl PR AE A R AR IO R 2% W B N2 1 TR, B 6

NG RUZFI R, A T 1B G J2 X 282 SR PRI FE ¥ 2 2
£1 WEHEERBEASLE

7 #fE N EIIPN it

0 conv 1x1x128 Tx7Tx512 Tx7x128
1 conv 3x3x128 TxTx128 TxTx128
2 conv 1x1x512 TXTx128 TXTx512
3 res - TXTx512 TXxTx512
4 conv Ix1x128 Tx7Tx512 TxTx128
5 conv 3x3x128 Tx7Tx128 Tx7x128
6 conv Ix1x512 TxTx128 Tx7Tx512
7 res — TXT%x512 TXTx512
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7] R, 5 N R ZE R AN R E A AN L < 1
B —3 x 3B, ff H ReLUP2 E i s 4L
214 K5 %

S0 F5 FH R B N B80S SRR T A R AR A
A2 S A P A R I A LS, o N R S I
B IEPSRHE 5 5 aa Tt A REAE, B AR N REAE SRR
(AR Sy A T 0 1 22 1), B3 04X Ry N %K
I R T A BB, 2T 1 AR R S N B SRR T LS
s, S50 88 3 EBE 32 A E A, WS B AT
A2ERR A ReLU, N T i G id LA, 76 A Bt fE vh ik
47 dropout!?3. %5 5l 35 1) W 2% 15 B 41 3% 2 FiT R, B K
NI x 1, TP 2 AR ) B T R 2 048
1024.

*x2 KHBENEEE
= HAE R LITDN i H
0 conv 1x1x256 TXTx512 TXTx256
1 conv 3x3x128 7XTx256 TxTx128
2 conv 3x3x128 TxTx128 TxTx128
3 fc 2048 6272 2048
4 fc 1024 20438 1024
5 fc 1 1024 1
2.1.5 B

GANLOF [ 2% £ il % >K ] Faster RCNNP! A6 il
SN, B WEILER TR — R eEE N
Ko UL Je— JZ A H A B TR VA 43 3. AR SR
MR RFAE A B A%t RV S AR S T A R AR AR
Shar U2 RV N A0 s PR A R U DR E B ) SR
A S S5 LR E.

22 RERE

TR 1 B 1) B FRA 45 74, 32 S B AR 2 )
1K Linse~ STPUR Laay~ RIS Lo 14 SR BE &
7 2 oR K, DL S 3 o 3 i PR I . G PRORRAIE 2 ST 2R
Lynse FI T8 T A2 BLAS 7 2] OB 4 T AL R AR SR 2% (R4S
SR HUA R Laay T FIRNRFE B RS, X 53 Ho 4
PSRRI A2 JE AR R A0 Aar 45 2% L F T4 A it
T, A SRR (] U F 5 SR B Tk . 8 3 21 3 )1 3
b, i B MU IR 45 2K, A A9 A B o7 ) B B
I JEUUEARFAIE R 5 JEE P RRALE, 50 45 1) #45 BR A% B A 1 . [X.
G35 N SRR, [ B A ks 0 110 225 SR 5 n A

FEAE 2] 405K Linse K I MSE (mean square error)
PN

N
1 . .
Lmse: NZ||FI‘7’65_F3H||2 (2)
i=1

Hop: FL NI A BB PR AE, B, 8 a6 B

Rol Vi ALAS1E, N 9 Rol ) # &.
KUK Laay K S, H

N
. 1 * i
Lagv = Hlén mgx N Eﬁl p; [logD(Fun)_

log(1 — D(Fy))]- 3)

Horp D () 28700 N AR AE SR R PR, 75 Y11 255 1)
SRR, Y5 N N AR AE R, D(FL) BIFRES
N AN A B B R AERS, D(FL,) FIFRE A
0. FEUIZRAE M 28 ()t B b, D(FE ) BIFRZE N 1. @
Tt e /MR R BR B, {5 45 AR A AR R VK SR R A e
Sk B 42 T 5 AR B AL SRR AE. AR SO Rol Vb A REAIE 2E 47
Pk, Rol HH A7 AE K & AURE AR, BV S5 i gk [X 33, 1 A
SO H AR 34T BE LIRS, Fr DL B (1) 7 RE A
Rol AL RHAIE 5 R 46 B R 1 47FF A Rol i AL FFAEAH
[]), AN 75 2L X 73 5URE S Rol SRR T3 4 B i 2 i 4
. A8 3R AT 80 B2 8] A% i) o B30 TR A 4R Rol (43 2K,
Hor 2 Rol N IEREARS, pr 4 1, 75 24 0.
AR SR ARG 458 2% 24 Fast RCNN 43 28 Al [ 15
IS E]
La(p,u,t*,v) = Las(p, w) + Au = 1] Liee (%, v).
4)
For: p 9 TR 25 R 6, u R LS R BIARZE, t N
) TN 20 HE PR AR FE B, v S 0] w B ) B 5
T HE R A AR FE .
e 2 IR 40 2K R U T o
L = Lyse + aLaqy + BLg. Q)

Hort oy BN A5 S RIAS I 45 2 A ASUARL, AR 8 S 56 45
BASL o B H0.001, Bi%E H0.1.

3 ST
31 BIEE

N T B E GANLOF [ A &, A SCHE AN A FF
a4 VOC20074 5 KITTIS E#E47 5256, VOC2007
HHm A LA 20 AN 200, U SR BHE B 5011 5K K]
Jr, MR £ B 4952 7K B B, 7R VOC2007 i HE 4
I, 5 Fast RCNNBI,  Pruning Reduced RPN Multi-
Feature®!, Faster RCNNB!, ASDN?%1 | ORGCNIOT 4%
BUFAT X L.

[ B, 4 A< 3 77 7% &5 Faster RCNN #5524 7% KITTI
Bl g b HEAT BB KITTI B8 48 vl 25 808 5
7481 5K B, WA £ 7 7 518 5k I Fr. BT KITTI
MR R EAEE NS HAREN., A 8%
PR2EAE B, TOVETH AR E KITTHIR B i mAP
B, A% SO KITTL I 2R 808 3847 X 53, 53 il GRS iE



%58

2 M5 KT A R AU 5 5] AR IS A AR 69 B ARSI 77 ik 1203

£ MR AR AN TR 2, 8 T X BB B AT V. R4y S5
BV RIS UE S AT AR 730 & 6 3 740 7K L 3741 7K K]
Jv. KITTIE U th A2 B AR RS 2 205 B, N 9e ik e
P& 7 V20 B A AR (RS AR R R AR K 4
32K, 43l e 58 4] WA AE (fully visible). #8573 24
MR (partly occluded) AR T AR B 14 JI1K 4E (largely
occluded).

32 HIATS

NS BB RS H bR 5 RS B AR UIZAEAR, 45 51
X VOC2007 F1 KITTI 4 £E v (1) & v HEAT BEA LI+,
T I 25 GANLOF [ 28 [ 3 38 44 RoI A4 HFAIE TG 18
4 Rol HUALAFAE M ZRRE AT 3 B R A AR 20
3 x 31PN, BEATLIE B — A WA AT 1Y, {5 P B
NUEC RS A B G AT I 7. 1 5 1) B 4R
VERVNGRREAR, T4 1) S5 4 s B 1 o oxf LI 14 ]
AR REAR.

AL g FH Faster RCNN R B Ay s il X 26, A5 284
ARG {5 ] Tensorflow FiRAIZ), F-44 ] 5 T~ ImageNet 1
E R0 VGG16 1E A4 HURFAIE B - 2% 15 585t
Faster RCNN [ £ 3£ 47 Il 5, 8045 8 2 A5 6 R AE 73 2
1 B8 71, I 2515 E () Faster RCNN 7E VOC2007 - ]
mAP B4 70.7 Yo. 5 i X Az BRI T 2% (45 A J
PR 00 ) AT s B3 PR DI, 2 SO RN A Y
RFAE. IR A 2% ) Adam 352 RO R AT fRAK, 2
21 E Y E 0,000 2; Il 25 4 551 7% A8 SGD (stochastic
gradient descent) fLAL J512%, 2% 2 K % B 4 0.001.

3.3 mAPIFMNIEFR

mAP & FH T PP H brr 52 1 v 4 48 b, E
BLIE K FE (precision, P) #1144 [B] 3K (recall, R) T .15
F. mAP TSI AR 0] LA2r I W T 45 2R SRR
FERA R mAP =M.

1) 4 BT 000 25 - 1 S AR A T 45 SR 5 T S HE
11 ToU HI W7 . J& T & 141 (true positives, TP) i 2 1

1EH (false positives, FP), K IoU KT B, HAEXS
[F] — [ b (1 T 225 SR mp B A P8 A R 1) ) &5 SR 3k
TP, 75 JUJic Y FP.

2) TS AN A [8] R PR RS2 1 T
S5 S (1) TP £ B 5 1% 28 0 T 45 SR e B B 1 LU A,
R

TP

" TP+ FP’ ©
11 2 R 200 T 5 S v 1 TP #5120 H bl
LA, Bl

P

TP
Recall = TP 1PN’ @)

3) T mAP: R 5 PR(AEAf -4 [2] %) i 2 115
FEAS ST 2945 2 AP, BV PR 1 28 5 A A b 1) THT R,
FHE AT 285 AP [T {HE, 15 25 & I mAP.

34 LIHER
3.4.1 5Faster RCNN RN L 45 5

1) VOC2007 £ £ s 45 S5 b

A S5 VEAE VOC2007 IR 4E ) mAP {E R
70.9 %, £t JE v 77 % Faster RCNN #7102 %. % 3 43
! 7 GANLOF 5 Faster RCNN 7£ VOC2007 35 % I
20 AN 2K I AP B &5 2R, AR SCRE A X K3 43 50 11
APESA T A ELE T AN RN 4% mAPE Bl %A%
BB A L, A B 2 Frzs. fH P 2 B DL, AR S Y
£ 60 000 VXA I mAP IA £ 70.9 %, Faster RCNN 7
70 000 LA 1A £ 70.7 Y.

72
70F
& 681
<
E 66 L
64t —— GANLOF
—B- Faster RCNN
62 . .
4 5 6 7

iterations / 10°

2 FEHREN)IZUSTER

F= 3 FEVOC2007 HiEE LAY mAPEXIEL

model mAP aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv

Faster RCNN

70.7 69.9 78.3 65.6 56.8 55.7 782 82.4 84.6 52.6 76.9 67.8 81.5 83.7 744 778 43.6 70.7 65.6 75.0 73.0

GANLOF(ours) 70.9 70.8 77.8 68.2 58.2 55.1 78.4 81.4 86.1 52.6 76.0 67.9 82.0 839 758 77.6 418 70.0 655 759 72.9

2) KITTI #4452 56 45 5 ouf . A il 5
Faster RCNN 1 FJ #H [&] ()1l 2 42, 35 & B 3740
k. FR B 3.1 1 KITTLINR A2 X)) 3 77 =0, A A )
53 N 58 A AT LA 4R« 5020 Bl S 0 4 DA KK THI
FEURG 024 K0 4. 3R 4 BT, AR SCAS B 7 A 5k

4 b 1) mAP 7 H Faster RCNN ##7 0.46 %, 7£ 3 /4>
TR 4E 5 Faster RCNN AH EE 43 51 & 4 0.03 %o
1.61 % F10.29 %. 7] LA i, GANLOF 7 JC i £ 54 §is
(fully visible) b A MK B 42 5 A B, 31X A2 R S A S
T3 1 R R YK ST GBS H AR (1) Rol AL RFAE, % JC 18
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4 H AR RRAE A 3E— 0 0 5. 175 23 4 R U
R 2 (partly occluded) 1, GANLOF $ /& %% 5 % N W]
LR TE T 1.61 %o; £E K THUAR B 2 44 1L 4R (largely
occluded) E 2T+ T 0.29 %, iX f& B T A S0 7E 4 K 15
BEAT P BEATLEE RS T H AR 1/9, 1 K T A £
s H AR A D B 1Y 50 Yo, K K THI R B 1S H bR
()RR AIE 1 52 3% A 30 40 1 4 H A B REAIE D B RCR
5. B CA, ek I H b g G 4 5], 38 i GANLOF
28 6 B ME SRR AR HEAT VR A2, REASAG 0] 25 S A 1 A DU
H B xR
F4 FEKITTIHHESE EFImAPEXTLE

model KITTI fully visible partly occluded largely occluded

Faster RCNN 78.41 88.45 85.22 72.64
GANLOF  78.87  88.48 86.83 72.93

A 38R 1 ToU BIME Trou 7371179 0.5+ 0.61 0.7 =
PRI OL SR mAP A 32 FHROCR, WiER 5 B s, AT
Faster RCNN 4 342 7+ 1 0.46 %+ 0.62 % £10.2 %. 7]
DA H, 2R R B P A N, AR SO VR — 2
TR,

%5 7T [EIoUH{E T GANLOF 5 Faster RCNN 25 8 %3tk

model Tiou = 0.5 Tiou = 0.6 Trou = 0.7
Faster RCNN 78.41 74.75 65.66
GANLOF 78.87 75.37 65.86

342 S5HAWEEIX AR

645 H T 1E VOC2007 Hiln 4 F AT ik H
fiy B ARG DA R mAP A [T bh 25 . iR 6 v] WL, A
X J7 %M BT Fast RCNNBI, Pruning Reduced RPN
Multi-Feature®!,  ASDN? fl ORGCNI!!?! J5 7%, mAP
H A — & 4T, 5 R 7E T GANLOF Ji it A4 pi 4=
Az R H AR S (LA RRAE, A I 25 H AR
HEAT 3 R T A SRR .

6 SLILERITEE

model backbone mAP
Fast RCNN VGG16 66.9
pruning reduced RPN multi-feature VGG16 69.1
Faster RCNN VGG16 70.7
ASDN VGG16 70.8
ORGCN VGG16 70.83
GANLOF VGG16 70.9

K] 3 R T BEBAE VOC2007 S8R 45 1 5% 4 B 4
REAIE AR 2 30 380 . R AT T P A AT S BB 14 7 B )
TE, AN ) 7 FEAR R AN [F) AR AR (L. b P 3 ] L, i 124

AR AR A A R BT 1 It Ak R I B T TG I Y
Rol AL RFE.

(a) WS T

(b) BOEFALRFE

(c) TCIERHALRFE (d) TR 5 B RRAE
B3 HOERES STR

4 & @

ARSCHR T — P T R R AU 2 S 7 R
70 000 245, B A 200N W A PR HE HEAT DR AT, B e O
4 B (6K 0 24 . GANLOF 55 250 7 D44 Sy 38 Fi 41
e 157 FH BT Y B I A U 78 e 5f RoT VAL
GEREAT R . AT, A SO B b 2SR 1143 9
3 3 IR, 3 3ok AL 395 358 IO A 47 S0 24 2 e 4 )
P X A RS T B A T H BRIZNE A
[X 358, - oA 0 ) T PR 44, 7 — s R b
7 GANLOF % T2 F AR AE )2 =1 2R b
TE Sk A el 2 RS I 98 S I £ 1R 3 Oy vk, b —
SR TR RRE 2 ST R84k SERF 55 20T
PR RSN ZR T 125, R R A AR A R
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