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Abstract

Abstract

Object detection is aiming at localizing the objects in images and classifying
them. It is one of the most fundamental and challenging tasks in computer vision. In
the deep learning era, the models always need to learn millions of parameters, which
requires a huge amount of accurate annotations, especially for the object detection
task. The situation will be worse when the scene in images is complicated.

The weakly supervised object detection requires only the image-level
annotation indicating the existence of a class of objects in images. This remarkably
eases the annotation work. Under the weakly supervised settings, the large-scale data
in the internet could be used to train object detectors, which can be referred to as
webly supervised. This can further decrease the annotation cost.

The weakly supervised object detection task consists of object proposal
generation, weakly supervised object localization and detection estimation. In this
thesis, we first point out the problems of weakly supervised object detection, i.e.,
localization randomness and falsely localized object part. To solve these problems,
we then propose min-entropy latent model, continuation multiple instance learning
and weakly supervised X-ray prohibited item discovery framework, from the aspects
of modeling, optimization and application.

The main contributions of this thesis are as follows:

1) A min-entropy latent model has been proposed. This model focuses on the
localization randomness problem by modeling it with entropy models, which is able
to reduce the randomness and thus significantly improve the performance.

2) A continuation multiple instance learning method. The latent models for
weakly supervised object detection are always non-convex, which is prone to fall
into local minima and then falsely localize the background/object part. We then
novelly introduce the continuation optimization to solve the non-convex problem.

3) A weakly supervised X-ray prohibited item discovery framework. To solve
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the imbalance problem in the X-ray security inspection, we then propose the balance
classification framework to model and optimize the problems for practical
application.

The experiments show that the proposed min-entropy latent model and
continuation multiple instance learning have reduced the localization randomness,
alleviated the non-convex problem and significantly improved the detection results.
The methods including modeling, optimization, and application framework have
extended the horizon of weakly supervised learning and weakly supervised object
detection with incomplete annotations. It also provided fresh insights for relevant

computer vision areas.

Key Words: Weakly supervised learning, Object detection, Latent model, Multiple

instance learing, Continuation optimization
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Figure 1.6 Detection mAP of weakly supervised object detection methods and
comparison to supervised method.
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Figure 1.7 Weakly supervised object recognition task from the aspects of modeling,
optimization and application.
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Figure 2.5 None-end-o-end methods for weakly supervised object detection network.
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Figure 2.6 Weakly supervised deep detection network (WSDDN) and its improved method
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Figure 2.8 Semantic segmentation and instance segmentation
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Figure 3.1 Comparison of the training procedures of fully and weakly supervised
object detection
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Figure 3.2 Comparison of the localization results of WSDDN and our proposed
Min-Entropy Latent Model (MELM). The fisrt and third rows are localization
confidence map. The second and fourth rows are localization results where the blue
boxes are top 10 proposals and white ones are localization results.
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Figure 3.3 lllustration of the min-entropy latent model (MELM). A clique partition
module is proposed to collect objects/parts from redundant proposals; Based on the
cligues, a global min-entropy model is defined for object clique discovery; Within
discovered cliques, a local min-entropy model is proposed to suppress object parts and
select true objects. The three components are iteratively performed.
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Figure 3.4 lllustration of the proposal cliques. The proposals of high scores are selected
and dynamically partitioned into same cliques if they are spatially related (overlapping
with each other) and class related (having similar objectclass scores).Clique partition
targets at collecting object/object parts and activating true object extent.
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Figure 3.5 The min-entropy latent model (MELM) is deployed as a clique partition
module and two network branches for object clique discovery andobject localization.
These two network branches are unified with feature learning and optimized with a

recurrent learning algorithm. “M1”, “M2” and*“M3” are heatmaps about proposal

scores without min-entropy, with global min-entropy, and with local min-entropy,
respectively. N is the number of object categories.
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Figure 3.6 The flowchart of (a) the proposed recurrent learning algorithm and (b)
unfolded accumulated recurrent learning algorithm. The solid lines denote network
connections and dotted lines denote forward-only connections.
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2. I P HT AL R T SR HERFE ¢, 5

3. ¢ < ¢ -s(h)

4. AGIEAER 5

5. H, <23 (32 113} 73 A 26 A

6. IGHE BF2 9 -

7 H, <22 (3.5) [HE 4 R B /MRS TS A 1A 1]
8 Licy) (He,0) =2 (37D TSR %

9. HFRELLHEE AL -

10.  h« A= (3.8 [ Ry /MR T 5 A 1 AE
11 Lyyw,)(h0) 2K (31D IRHEHREK

12. MEESHE R

13, 0«2 3.1 MAKX 1D

14. s(h)« EHZIM%ESH o

15. WA IERIEARL LA, MR EIE 417,

(@)

BIEFRES . FIEA IR IE 3.6 (b) Frs. MEM I HIX
HrE, BIEA B SIAZ A b e n s, i, SN SCERES T2 3
B A B EEHERI SR . AT FERR I RE T, BN SO B 45 R AR
MENT =33 AT DX RS 50 S P24 2 1
HER e AR, B, FIFEA AR E MR EE T2 A Bbs, JFH
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3.5 tREUSTHR
AL 51N AE A1 0 3] 7> AN 3A 22 2] S, fe/ Mg R A ] DU (i — b
SETIESRARI TS, 1254 B SR 99 B F AR b AR A i

EZiR2n B

B 3.7 FnEfitrn B, B AR RIEERZE (TR M EREREERM (RRIET

), JRIEL R AR R T — BRI . 2R AR T RIEAE

AN ROZHTHESR BRUF R TR B B AR 7R oAb, B B AR5 72 Az
R, FOEANI T RENRIEAE ] F FMRIEAE KR P2 o

Figure 3.7 Continuation optimization. With object clique discovery (prediction) and
object localization (correction), the non-convex optimization problem is turned into a
proximate problem, which has a smoothed function and is easier to be optimized. The

smoothed function is achieved by reducing the solution space from thousands of
proposals (denoted by square boxes) to tens of cliques (denoted by circles) in each
image and averaging the class probability of all proposals in each clique.

W F— AR AR R E@O) , b o RoRBERI S L E@G) 1K
HERN T RFEREREe , wFXpr
6" = argmin E(6) (3.12)

i, BRI A (3.12) FEHRBEMENRMEIL. N1 R
Pz, Brb R RN BRI, JATT ISR (3.12) [k
TR E(6; 4) , R Er e i 7 ARk iZ IR, & LR

E(0,1) = E(0) - AE(0) (3.13)
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Frh 28 [01) B AR L R TR, £(0) RRIERM. 41

FE T TR IE” A AL R 7 28 L —H R BUF A, 12551 (6°,0)
ke ST A R AUAE (07,0) 38 5 . Fort 00 9 A =1 (AL S8 AEYIGRid R,

W E(0; 1) 72 E(Q) KT8, I HAEO) MIfREEE . R4E “ T2 #idkit

kg, JATH E(60;4) BHOZXS E(Q) B— IR . AR )5, R

HE

X 45 AT — R, R A SN R R - T PR R ZE B AT o 3XAS
IR T DU E SC— TN AR I BRI AORIBARIE AR A I 5= 2% 1R ™ Ry

B, IFmARRENRO
fER/NRRaAR A A, A3 (3.0 e L B AR iR Tk {h', 0}
i F R AR
Ex vy (Hee0) = Epyyy (0,6) = AE(y y 1y (D,6) (3.14)
RN (3.13) HE XHTAFRTTE % Ey .y, (H,,0) 2% TRIEHE H] 2
S, ZITREAT LA 2 SR F AR TR Ey o, (h, 0) FUIEALL, B 3.7 B . %3 iU

I 1 K TR0 M, 0 0 HE 1 A 0 A M P 5 2K 7
[y SSREE IS 96 HE 1) 2 4 0 40P o HE 580 R, R T R
SRARZSIA, FEEE P AR 7 P4 T H AR 2.

YE5E SUT ARG B AR TR S, AT TAT AR AR ISR 1 b7 R A (oL
S o A PR T B TE MO A 7 2k Bl RBE AR TR T . el T35
P2 By, (He,0) FUE IR By, (0, 0) B2 57 BEARBLAE T L5 R0 H 47 4204

G HE T J 4 2 5 A, 9 ELJR 5 0 i B 5 S e 6 5 T T 1 4
U, AR T D A SR IE L Egy (0, 6) B Y. BEIE T RE T
RS BUGAHE R o i R IR R SRR . BT BB TR, R
b5 R IR R AR o T PR BT B R AR

TR I W ORI SN, 5k Ay 58 W0 2 51 i) A A A1
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WERERZHE (R AEAREN RIED) PIAST. JER AR 04K in
Rl — AL H bR s B 51, A4 52 2% (0 AR 0 A 1) 5 2 5 SR

3.6 XWERS
N T IR A T P B /N RSB AT Rt , A VGGF AT VGG16
TE N SEa I BE Al I 2%, 7E H HTHCNH ALK B b5 kil 1 %045 5. PASCAL VOC
2007. 2010, 2012 DA% ILSVRC 2013 #il MSCOCO 2014 HAN##ES 1 sLis 1
RESRH I JE T U5 B AR S S E  SIRE 43 BT DA S AT
stateof-the-art 77 V25T EL o

3.6.1 K TE

AL : PASCAL VOC #ififE—ILfudE 20 A~ H AR5 . VOC 2007 Hidi 4k
—3f 5 9963 Tk IE, b 5011 sKIEME R ISR KAESE, 4952 sk -G H]T
M. VOC 2010 H¥EEa & 19740 sk MK, Hrh 10103 ik B4 H T Il 2R A0
KAESE, 9637 FKEMGH T4, VOC 2012 4 22531 7k, Frh 11540
sk FINZRAEGIESE, 10991 5K B H T4 . ILSVRC 2013 ##sfE—3t 4
& 200 NRBIM B R, ZBIEEO S 464278 TKEGH TI4k4E, 424126 5K
G TRAELE, 40152 SKEMEH TS, T REALZ AT TAE A PRI L,
FATRH T RCNN F %4> 73, ¥ ILSVRC 2013 H 156 iE £ Kl 43 BUF 36 4

(vall 1 val2), 73 3 F T I ZR At . A E PASCAL VOC #8521 5, ILSVRC

2013 ¥tk EAREIG S B B %, BN S i B R BoE 2w /> T PASCAL VOC
e, I AER B A Bk . MSCOCO 2014 #idf 4 — L4 80 N2EHIM H b,
Hrptuds 17 2 Bir, 22501800 BArZEPkbk. /£ PASCAL VOC #1 ILSVRC 2013
BamsEd, WATKH 7 P2 (mean Average Precision, mAP) HI3F 77 2
fE MSCOCO 2014 ##uterr, FATRH 13T 24> loU K mAP P77 3.

PPOIARAE: AT H 2 PP AR AT =FF: mAP, CorLoc 1 mAP@IloU. I
H1 PASCAL VOC ##ia 4k H Akl o FH ) mAP & mAP@loU HIRFIRTE L, RN
MAP@0.5. NI # /44 mAP Al CorLoc PN IR o

MAP: TE/28 mAP i, T/ BE RIS . IR E 14
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A 4% (Recall) wi/2 i A i A7 45 R IE 8 A7 3] BG5S b H Am il AN 4
YT HARRI s . BARRAC, SBANEERR N Bk Z,
RS I Bl o T 0 B (A R 75 B e A B H BRI AR A B 3.8 B 3
tr, EIEHE O Kom H Ak, 1REHE P Ron e gt . 18] 3.8 - MBS EE 4>
(X35 1 RISy O Rl P PR HERIAS 4R, 11 3.8 A5 Hh ) I 538 43 1) IX 4k U B
9 O FP B/MEIRFEN HF 52 . RIEHE P AT H A% O BIZZLLIF£EE (Intersection over
Union, loU) [HH AR NER:
loU (O,P) =I/U (3.15)
£ PASCAL VOC ¥4, 4 10U>0.5 ), MK P i ®] 7 Hor, it
P NIEBIFEA, 75 MSCOCO £l 4+, P AL 2] H brbr it < ARYE 10U BIER
HIR/NAEAE . Recall A1 loU H5< R AT LLRRANR . 24 Recall = 9000, ##litk
HIH 90%I1) H ARSI Sk e 2, RIZ 90%H) H AR E AL loU #1KF 0.5,
M3 1) 10%¥ H F5 W J9E AL 1oU /M T 0.5,

° o
.
: .

3.8 RN ENHERRE

Figure 3.8 lllustration of intersection and union between two proposals

MUHEREZ (Precision) FITFEA loU WG BRI SCBE. MR R R
BOEENMEBIIATA SR T, 5 HFMEEAER 10U KT 0.5 MEIEAE 5 B A £l
SR LLG] . AN EE AR R — AR g R Hiz s RS BHAR loU KT
0.5, WA G EIHERZ ) 100%. HHULFT LA i, WER 2 00 F AR i A%
FEREAS AR A1) B bR 2 A DU B, T A2 R O Aer DU A4 Hh 25 B IR
R, X AR ARG B — T AWk RE I, BP9 BE CAverage
Precision, AP), FrillFER AP BIHEAZ W (BL PASCAL VOC Jyfi)):

(1) AN HE AR IR BRI i A M 9 R R A 45

(2) X TARAEEIAR 53, S A B HE 4% 15 73 AR B0/ ISP 3047 HE T
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(3R 10U 1 1 {EL ) W G AE A 75 5 A7 2SR E H b, FIWTARHE DA 10U>0.5
NERLIEN, 2N AL R

(4) EHUTAE K TR B 6 HIMRIGHE, 150X Se e b i v 3 .

(5) KA IAF 7 BIME 6 1= MR BN/INIINGFE AT %5, 952D 4R 4 b7t
AN F E T B AERE

(6) Xf FIREFRICEY, 132 FERE (AP).

(7) BE LG L8R, 5B I prA 2 - R RE, A&
RAEPTIIPERICT L9, 13 FVEE A HARAY mAP.

CorLoc: CorLoc & H T VPl VI Zrid F5 55 Mo B SR %t H b (0 58 Ar AERF 14
HitEE AT loU, BARHEEFEM .

(L X FINGRERRFE—NIBREE, HEIA BRI HERS 77

(2) xR R, AU B K MBI AHE AT D12 R B 5 AL 4h 2R

(3) WRE BRI AL 45 KA E G A AR — > HARE loU > 0.5, %%
XS 1Z B E AL AER o

() TGN ETA BUE H, @ Ak r G AT 5 s, 1B 2R
IEHfsENL (Correct Localization, CorLoc) HITERE;

(5O AT 2 1A AE A 52 A M BEEF- 357, 15 21 AN B0 46 1) IE B o2 6 1 e

WIGHERL: FOGBEACRA K2 BTt FmE) VGG M4, 737k
VGGF #l VGG16. XF/MERIATE ILSCVR 2012 1 K15 73 415 h il Sk
VGGF (VGG-CNN-F) Al AlexNet Izt 4525100, 147 5 MEHEM 3 4
SERZE . VGG16 i 13 NERUEM 3 NEERE . T IXH AR, A1
Zfi T e — KM E, H—4> ROI-Pooling EE L. RIS L 1
Ja— AR, AR R R R B AL, AR E R A
AN EOMHE T S EON B

fRIEEA OB (RIEHEAE BUEVE R T Selective Search LA Edge
Boxes HiZk. X THREKEMR, FIERKMEA R T 2000 A2 A HIREHE . Xf
Selective Search 5i%, FRAVEA T 3L fast B4 pAFIEHE. 7RISRt fEr, K
124 T TS /T 20 MEZ FIFIEAE.
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NEHESE: M2 DREN IR Bhrkll &k —r, RITRH T2 RE
WIZRHens, TENZRd F2E o N BRI Bl S B T 2 R AN R i)
—~: {480,576,688,864,1200}. [FIFf, JIZREGIEMEBENLA 4B . 720
I, FRATHBITA I A R, G dE 80 2 5 M 3ETH 10 Tk UG A I 45
RECFY, 1930 m ARG R EIEIA S S1d R, BAVER T BN T
B (SGD), HzhEZHN 0.9, BUERRARECH Se-4, HUHNEE I EE
(Batch Size) A 1. BRZERAN MRS E—ILEA 20 MR, Horbmr 15 /N
FAR) 23R 52 5e-3, Ja 5 ANA BRI S 3R A2 Be-4.

3. 6. 2 {RIEIER FIFZ IR FN 53 47
& 3.9 (a) WLLAEH, REHERIZIEERES, & TH R0 RIEER SR
T, RS A AR AR R R IR OR R okl iz, A bRk
HER], A0HE H AR XA H A3 R I N 2Rl fe b 2 5 4 1 IE e e, TR AIE
SEREM H bR IX Sk, Wl 3.9 (b) Fiow.
53 il BffEEER  EMEIKBR

BREEER MR e

{5 cAE R

| L=

Illll%"f ||| IJIII!{EW

B 3.9 ARz A AT L. (2) NABEKERTARKEREHER, (b) RIEHE
R AMRIZAERI R 20 B -

Figure 3.9 Visualization of the clique partition, object clique discovery, and object
localization results. (a) Bounding boxes of different colors denote proposals from
different cliques. (b) Score maps of cliques and objects.

CAELE B AR e H b R AR R (g R HE D9 BE At B b g 82 70 Sk — 20 il ¢
FHE ], e ZeE A B e B B AR K 3.9 23 7 IIZRid #2 v H brfig i HE 41 1)
. FTLAEH, TEIIZGAIE (Epoch 2), HARMEEMED & T A4 H bl H
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IREHEE N RO HE . B 10T, SE B AR XK BOE R 2] 7 ORIE. 7EYIZ
AT, BEE R/ NEIUCRIEN,  H RIS i 50 H AR B g
il (Epoch 4). #Ja, /MBS 74 18 5AH bR, HEh s
T5ERH AR (Epoch 20).

3. 6. 3 EfIKEHLIE 4T

AR/NFER 8 SLBEALIE I 2 T L FE AN T T o 35— AN T3 T 2 AL I A JBE 26
PPN U SRt A2 A g s B BB, AR 23t 2 o f /MR A A P 25 150 55 52 7 Bt AL
MEAH DG B AR bR o 58 — 7 1 Ul l AR I ot A o e 7 45 SR 1 A1,
S5t 5 A BB AL A5 1 43 BT o

SENLFENLE R R BT XBENLER b, RATHB T LR ULANE, 4
NS BREE . e HERYERE AL T 2 . 18 3.10 B I T _ERPUANEAE PASCAL
VOC 2007 a4 Il Zhfn g ur 5 il 25 e /N R AR A A ik 72 . ]
3.10 () AJLAEH, FEMZMRAIIERE, 4 RARR /MBI EA BT FEIL,

R 2 8 L BEALIEAE A TP

L
adl Ih

E (I
-

A2 SRR FE#A 20

B 3.10 fRIEHE B 7E VI 2R3 12 AP O
Figure 3.10 Evolution of cliques during training
3.10 (b) FF IR 2 AT R A /Mg 7 SO B A SR SR KRR R, AR
FEARA A HA BETT LA HE AN 20 SO R 28 R AR A R B BRI S AN A . AR
SR, AR R N R (B B BK T R B B N IR R, RIS 2% 1 B AR
TR RN, Gk S HF SRR A ARRIEHER],  CAOLA B (R 3 S8 45

47



55 B AL H AR

Fos EINGRIRI, 2R R/ NG A0 BT A, LRI R 3 doe /MR SRR 5 9 =
SHAL, REWREANZREW], MR EERE TR RNME, LIIZRH
ProE LREER Rl 2% ) o

0.4 gl i
‘ = Global Min—Entropy = Global Min—Entropy|
0.3 Local Min—Entropy 2} Local Min—Entropy |
0.2 i r
= -3
0.1 ‘
- " ‘
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e PR
(@) (b)
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PIgrAH
(© (d)

10
ISk

& 3.11 PASCAL VOC 2007 HIEE R VISGMBUERES, K. 0. s RAENSGEE
IR (a) WHEAERE: (b) BERERERE; (o) EfEMEREEEE: (D &
LT E TR .

Figure 3.11 Entropy, gradient, and localization on the PASCAL VOC 2007 trainval set.

(a) The evolution of entropy. (b) The evolution of gradient. (c) Localization accuracy.
(d) Localization variance.

N SEA T 43 W 8 A BE AL ZE DI SR R vh i AR RIS, AR SO — BRI T
ABALE Y i A o (10 5 1 o B S AN s A BATL P o G s (97 A B (1 1 R 2
X AR IR E 2 5 ERR, R I ) R R AL e 5 H AR PR AR IEHE Z
[F1F 10U, loU # KRR N IZMEIEME E AL RIERT . X TRk, RATKFTH &
19393 MBI AE ¥ 52 AL AE B PEBOINACT8Y , AR R AR IERE RS p(y, h;6) »
FH A B2 BB ) 8 S AEwR I . 8 7 7 22 2 e AL e PR BT 22, B
Hp(y.h;0). E3.10 (c) A (d) 23T IR 2 e R AN e 75 22
SFHEAR AR, X p 772 WSDDN. MEIHATLAE H, /M e AR S8y
(MELM) & WSDDN & Rz ifEff P v, I Hog sy Z= 2 Lk WSDDN BEAR,
ARBLEN LR G WIE MR . XATLGARH B U BT 1 AT Firdl H 1 05 7%
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FEGIN T/ MBI 5, @A BEHLIE R 1A 21 7RI e, ARALLE g £
I RE e A A R NS, AR TRt 2 T 3271

B 3.12 MELM F1 WSDDN KIS RN . H, BETERFMNEME, BETE

NERSEERE, ARTENEMER. NEHTTLIEH, WSDDN BT EAREILIESK,

SBHEMERARE, BARMAN. MAZTRHBKTEREREMNERL, BT E
PLRENLIE, EALEREN—, BRERIIEME BF.

Figure 3.12 Comparison of the learned object locations by WSDDN and the proposed
MELM. The yellow boxes in the first column denote groundtruth objects. The white
boxes denote the learned object locations and the blue boxes denote the high-scored
proposals. It can be seen that for WSDDN the learned object locations evolved with

larger randomness, i.e., switch among the proposals around the objects. In contrast the
object locations learned by MELM are more consistent with each other with less
randomness.

SENLBENLAE R B AT B P e 2 IR, AT — BT L T AT fr
St 775 H WSDDN FE R BEALPESS SR o B 3.11 Hhas th 1 =5k BUR I E fr 45
BB GO R AR e . AR T DU HEAS 2 T4 H 1R da /D i B A A A
PRI REAR T e Ar 2 RBENLIE, JEEUEAHEL WSDDN B i ¥ 52 45 R
DL 3.11 Hhi) “Bicycle” 9, FEIIZRAII, WSDDN Flf /N e A8 B AR 1Y 35
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SERLRIGT o (HARREEIGRIIHEAT, So/IMFR A SR AE I AR 1 e AL RENLIE,
B EAL R HAR; 11 WSDDN W2 5E Az FEALYE RIFE,  FoE A 45 R AW AE H
PRANHbs R U, 3B R A E AR

3. 6. 4 {RBRER AT
R 3.1 PASCAL VOC 2007 WA LB HinRERE. S/MNERTEERIRMEER.

Table 3.1 Detection mean average precision (%) on the PASCAL VOC 2007 test set.
Ablation experimental results of MELM

CNN Method mAP

MELM-base 315

MELM-base+Clique 33.9

VGGE MELM-D 33.6
MELM-L 36.0

MELM-D+RL 34.1

MELM-L+RL 38.4

MELM-base+Clique 29.5

MELM-D 32.6

MELM-L 40.1

VGGL6 MELM-D+RL 345
MELM-L+RL 42.6

MELM-D+ARL 374

MELM-L1+ARL 46.4

MELM-L2+ARL 47.3

BRI AR BT an3 3.1 B, B IR ARG AE RS2 . SR id
o DEOLAG . BINIEFAALIZ DA77 TH A 48 25 A RO AR Y F 52

Baseline: #:ifE (baseline) J7ikexi Az (3.7) HhiE L4 fmfe /Mg i AL
R, FrT DL MO A 23 A IE W 5T WSDDN . %575 R — MR RS, wh
et/ MUEIR 7 R R B . BEETTEAE R A& T A “MELM-base” 7R, fE
i1 VGGF 12k R B iz, 1% 07 1EHITERE/E 31.5%.

(B AHE T FR MR - 3 3 40 fg a2 AR 0 JHL =2 TR A5 B AN S S TR ol fe i
2z )5, BATKIEUET 7% “MELM-base” itk “MELM-base+Clique”. R
BLALLEH, HTIN TIRGHE RSN 2 5, 59 B A i1tk RE AN 31.5%42 T3]
T 33.9% ($27F 2.4%) . 3X 72 PR i le J 1 51N AR 17 6340 SR A 11 e 22 1
P> TARGEREZ [ ) TC AR, BRI BT A B SE 47 i) AR B o X T 3.2.1 it
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5E SUPMBEAE AR BME v, AT HAL T A seie, segess Rk 3.2 i,
AT LLE 24 BUE TS FE 2E[0.5~0.7] 2 Al A, Rk RE el 76 5 S0 2
b, v MEUMEABE N 0.7,
K 3.2 PASCAL VOC 2007 HiE£E B EFFRNIEAE . fRIEHE BRI BIME © X/ MiERE R
BRAMHE LR R.
Table 3.2 Detection mean average precision (%) on the PASCAL VOC 2007 val set.

Performance with different clique sizes (controlled by 1) of MELM.

T 0.1 0.3 0.5 0.7 0.9 1

mAP 32.6 34.3 34.4 35.3 335 34.4

B/NEBBRISRARI T FoA DR 5/ MR R AR B AR 1) H A e A (4142 98 A0 H

PR AE 58 57 59 S22 R K “MELM-D” 1 “MELM-L”. 7E IRt 2,
RN SC BBk, A& RTEH A s . W3R 3.1 FTLLE H, 418 VGGF
I, B bRz AE T2 9080 B AR5 e AL AN 5 37 A IS 7 33.6% A1 36.0%
1 e I b L HE AR B PR BE 0 il B2 0T 1 2.1%A0 5.5%; U] VGG16 i,
“MELM-L” %} “MELM-base-Clique” $&F+3E% W3, RillltEae N 29.5%$E T+
T 40.1%, —ILIRTT 10.6%. XTI E /MBS I 51 N 55 BRI
RERE S T B

BHRMRAL: TEIRRALBI S5 RAER 3.1 F PR R “MELM-D-RL” Hl

“MELM-L-RL”, 3 5i%f B § H brfigedo A 4290 80 H B g 2 HE 5 A7 AN 73 3CAE

TEARRACHEZE A R I E B o AR 3.1 AL H, XA 32/ HIEUE T 34.1%
1 38.4% I PERE . AHLLAEHAEIREALE “MELM-D” A1 “MELM-L”, {EHE
I FI NS> BIHRTE T PN 32 0.5% A0 2.4% 1 BE . 2448 1] VGG16 {F Tyt /I,
“MELM-D-RL” F1  “MELM-L-RL” P53 305 U T 34.2%H01 42.6% )
BE. AHLLAE FAEAEALIT “MELM-D” F1 “MELM-L”, JEHARAL 5] N 4535
FTHT P 1.9%F1 2.5%[KHERE . X EEPERESRTHUIRUE T 18FR 2 1 10 &L
Y, wilE 3.6 s M S @ I AT AN S e ML EAS B, A
I BE RIS 2 T 427t

51



55 B AL H AR

BIMPERAL : ZINIEIA 2 > 1 45 RAE SR 3.1 h R R~ B MELM-D-ARL .
“MELM-L1-ARL” F1 “MELM-L2-ARL”, .43 5I%F R T H ke AE B 4248 A
A B EEREE AL 3. TEVIGRE AR, T — AN S iR = 1300 LA AR E )
At s BT — A 3. M fE A B bR R G AE T AL 4 SR
“MELM-L1-ARL” HHRELE] T 46.4%, itk “MELM-L-RL” $£F+ 7 3.8%.
M “MELM-L2-ARL” Wt RE#E— PR TH 2] [ 47.3%.

3.6.5 LIGLERFARTEL

PASCAL VOC: *IT PASCAL VOC %44, FRATKA T B brti il 14 6e
H b sE (o7 P RN R 3 SRR RR (R PGS EE o

FIIB E AR H AR A M BE T L LR 3.3 FRATHEHE S ) BN R
A B AR I B CUR R I 58 T W L. 7E PASCAL VOC 2007 %iis & -, A
T ) /N BE AR B AR AR A ] VGG Al VGG16 3 HIEX /S T 38.4%41147.3%
MtkRE . o, fEH VGG16 LAY F 45 2 i) i 14 AE L & ¥ (¥ 77 7% OICR,
Self-Taught, WCCN, WeakRPN #1 TS2C %5 5154 HI$2 7t 1 by 6.1% (47.3% vs.
41.2%), 5.6% (47.3% vs. 41.7%), 4.5% (47.3% vs. 42.8%), 3.0% (47.3% vs. 44.3%)
1 2.0% (47.3% vs. 45.3%). Xf T-IEH BA PR 99 & HARSIMES NS, X
SepE e BAERT A R . RN, FRATHIRI T 2 AL (MELM-Ens.),
BT T VGGF 1 VGG16 HIZE Ry, BAF 1 47.8%1ERE. MHELT
OICR [ Z /%R OICR-Ens, MELM-Ens f{PEAE B i 5.8%. N 1 Bt
B HIEAERATRI TR MR, AT VGGL6 AR AR I 45 51 24 bR B
F ResNet101 W44 AFEM, I T Fast-RCNN A& % 3+ BUAS T 49.0% 1) Mt -

fE3 3.4, FAIE VOC 2010 F1 VOC 2012 FAN a8 % b 7 5236 14
Be. ATLAEH, fhiElaA SR B A Fild 7 A Fxf i . 78 VOC 2010
HmsEd, M H VGGF I, KiEi#id 7 WCCN 7.5% (36.3% vs. 28.8%) 114
e MM VGG16 i, Krllgh F2 b, 7 VOC 2012 #disk I, 4fiiH
VGGF i, 45k WCCN F1 OICR 8.0%F1 1.8%; 4{#if VGG16 i}, #iit
WCCN, Self-Taught, OICR, TS?C 4.5% (42.4% vs. 37.9%), 4.1% (42.4% vs.
38.3%), 4.5% (42.4% vs. 37.9%) £l 2.4% (42.4% vs. 40.0%). fE VOC HE4E 1)
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20 NI, “bicycle”. “cow”. “dining-table” F1 “dog” iX JLANE5 A # K
M T; 4.5%. 8.5%. 14.7%F1 9.6%. SZL&F8 4156 B 1 A (A4 2
2% 3.3 PASCAL VOC 2007 WAL LRI IUTERE . B/ MR AR BRI BT T i X B

Table 3.3 Detection mean average precision (%) on the PASCAL VOC 2007 test set.
Comparison of MELM to the state-of-the-arts.

CNN Method aero bike bird boat bttle bus car cat char cow
MiLlinear™® | 413 397 221 95 39 410 450 191 10 340
Multi-fold™® | 30.3 430 288 204 80 455 479 221 84 335
PDA] 49.7 336 308 199 130 405 543 374 148 39.8
LcL+Cont™! | 489 423 261 113 119 413 409 347 108 347

VGGF | wsDDNPl | 429 560 320 176 102 618 502 290 3.8 36.2
ContextNet!® | 571 520 315 76 115 550 531 341 17 331
wCcNPe 439 576 349 213 147 647 528 342 65 412
OICRI®I 531 571 324 123 158 582 567 396 09 44.8
MELM 564 547 309 211 173 528 60.0 361 3.9 47.8
wsDDNPl 1394 501 315 163 126 645 428 426 101 357
PDAY] 545 474 413 208 177 519 635 461 218 57.1
OICRI®] 58.0 624 311 194 130 651 622 284 248 447

VGGG Self-Taught® | 522 471 350 267 154 613 660 543 3.0 536
wccNPe 495 606 386 292 162 70.8 569 425 109 44.1
TS2C!6] 59.3 575 437 273 135 639 617 599 241 46.9
WeakRPNI®4 | 579 705 378 57 210 661 692 594 34 57.1
MELM 55.6 66.9 342 291 164 688 681 430 250 65.6

Ens OICR-Ens.®¥l | 585 630 351 169 174 63.2 60.8 344 82 497
MELM-Ens. | 60.3 650 395 290 175 66.1 66.4 448 18.6 59.0
Method tble dog hrse mbke prsn pint shep sofa train tv | mAP
MiLlinear™ | 16.0 213 325 434 219 197 215 223 360 180|254
Multi-fold!®®] | 236 292 385 479 203 200 358 30.8 410 20.1|30.2
PDA 94 288 381 498 145 240 271 121 423 39.7 | 31.0

VGGE LcL+Cont*! | 188 344 354 527 191 174 359 333 348 465|316
WsDDNP1 1185 311 458 545 102 154 363 452 50.1 43.8 | 345
ContextNet!®? | 492 420 473 566 153 12.8 248 489 444 478|363
wccNPe 205 338 476 568 127 188 396 469 529 451|373
OICRI®] 39.9 31.0 540 624 45 206 39.2 381 489 486|379
MELM 355 289 309 610 58 228 388 396 421 548|384
wsDDNPl | 249 382 344 556 94 147 302 407 547 469 | 348
pDA] 221 344 505 61.8 162 299 407 159 553 402|395
OICRI®I 306 253 378 655 157 241 417 469 643 626|412

VGGL6 Self-Taught'®™ | 24.7 436 484 658 66 18.8 519 436 536 624|417
WCCNIS! 299 422 479 641 138 235 459 541 60.8 545|428
TS2C88] 36.7 456 399 62.6 103 236 417 524 587 56.6|44.3
WeakRPNI®4 | 573 352 642 686 328 286 50.8 495 41.1 300 | 453
MELM 453 532 496 686 20 254 525 568 621 57.1|47.3

Ens. OICR-Ens.!®l | 410 313 519 648 136 231 416 484 589 587|420
MELM-Ens. | 484 532 530 672 110 265 500 557 63.1 624 |47.8
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£ 3.4 B/MEBREZEBEAMBE H LR VOC 2010,2012 AT ILSVRC2013 FyAa it g H .

Table 3.4 Detection mean average precision (%) on the PASCAL VOC 2010, 2012, and
the ILSVRC 2013 datasets. Comparison of MELM to the state-of-the-arts.

Dataset CNN Method Dataset Splitting mAP
pDAP?] train/val 21.4
VGGF/ wcenbel trainval/test 28.8
AlexNet MELM train/val 35.6
PASCAL MELM trainvalltest 36.3
voc PDA!] train/val 30.7
2010 '
WCCNIPE] trainval/test 39.5
VGG16 -
MELM train/val 37.1
MELM trainval/test 39.9
PDAY] train/val 22.4
MILinear!] train/val 23.8
wcCCN[sel trainval/test 28.4
VGGF/ ContextNet[6?] trainval/test 35.3
AlexNet OICR-VGGMI®3] trainval/test 34.6
MELM train/val 36.2
PASCAL MELM trainval/test 36.4
VOC PDAP!] train/val 29.1
2010 Self-Taught[54] train/val 39.0
WCCNIPE] trainval/test 37.9
VGGLE OICRI®I trainval/test 37.9
Self—Taught[61] trainval/test 38.3
Ts2cbl trainval/test 40.0
MELM train/val 40.2
MELM trainval/test 42.4
MILinear!*’] - 9.6
ILSVRC | VGGF/ PDAP! vall/val2 7.7
2013 AlexNet wcen[Bel - 9.8
MELM vall/val2 134

SR, R RN R AR BRI &4 VOC Hdm &R vERREEFHR K, (R
JELE “person” IXNFBETH I T EKIPERE TR . X ZFEA “person” 1X 4N
A2 55 B B AR AR SS i R BRI 2 —, AR B bR [a)4E
HHEETRKAES, PR, SERERERED . [, “person” HERH
E X WFEIRZFEZRBEIERE A2, #lan “person” ) H AL G H 0] BE 2
TS RS HGEE R AR I SRRt 5 80 T YA 5
STZFFFAE IR B A AERAPE . Dy T B8 RS Mo HEmR 1 72 A2 2] “person” H
i, S R RRIE U AR T ) X, % X E e A . R “person”

54



53 E /MR A

XA SEVERERRAR 1, (B HAR RIS A P RE AT KB SR TT -

//////////// ((( (////:'..v

& 3.12 PASCAL VOC 2012 1 MSCOCO 2014 B MR Brp. HPHERRE
WELAME, SERSENERIERH, THERSENRK.

Figure 3.12 Object detection examples on the PASCAL VOC 2012 and MS COCO 2014
datasets. Yellow bounding boxes denote ground-truth annotations, green boxes correct
detection results and red boxes false detection results.

AR Z AN Z T ARH K H RS, BATE DU ERE H e hs 167> 5 H
b, AHSREIANRE TS A UHERR I E AL H AR, 85 A g5 A B bR E LA B loU 7
T 05. N T REWHE P IIESFIAR E AL RE S, BATER T RUEALAIEIN . RE
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AL PFIE AT CorLoc 2840, ME— X il /2, CorLoc & H I B e e 1970
g e 2 5 e AL B H AR, T s A2 U2 P W e i 159 0 AR 3R U 15 96 AE H AR
IEHE VL N o 8PP e A, AR T “person” XA, FUE
BT REL F] 97.1%, XMW RI] [ FIELER E A ZORBURKI & KN FHVE 77 .

Kl 3.12 gy 1 — L/ N AR B AR A I 4 R AT DA HY B/ MRRE AR
AR RERS HERA B 2 AL B A S H AR, JF HRe eI 2 ek KR P £
ANEDR, BT HEAA IR R

FEE RO 550 E H bR iEIZE PASCAL VOC 2007 I ZR51IE
% (trainval) 58, FH B PRI BRI ZRd A vt H s & S R I
M 35 ATLAE Y, B VGGF 1E M, e/ MRika AR A 7 )k i i

% 3.5 PASCAL VOC 2007 BRI BAREALMERE. B/ MRS BRI &R 75Xt

Table 3.5 Correct localization rate (%) on the PASCAL VOC 2007 trainval set.
Comparison of MELM to the state-of-the-arts.

CNN Method mAP
MiLinear[®] 43.9
LCL+Context!41] 485
pDAP] 49.8
WCCN[PE] 52.6
VGGF/AlexNet ) 15

Multi-fold M1L25] 54.2
WSDDNU7] 54.2
ContextNet[62] 55.1
MELM 58.4
PDAPI 52.4
WSDDNU7] 535

VGG16 5
WCCNIPE] 56.7
MELM 61.4

WSDDN. WCCN 4.2% (58.4% vs. 54.2%) #15.8% (58.4% vs. 52.6%); 4
F VGG16 1F g 5= P iisf g /)N Ik B AR = AR A 43 il o e b K R K 5507% WSDDN
WCCN 7.9% (61.4% vs. 53.5%) F14.7% (61.4% vs. 56.7%). {EFEENZ, Xt
T “bus”. “car”. “chair” Al “table” X35, /M@ EMALEL T XLk
BoR BRI TAE 7~15%. 1X 785350 00F 1480 T (5 A (4] 1) de /N Jal B AR A Y
EEXT EE 7 WCCN H ] N 43 B SR 1R 75 15 5 9 24
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BB TEARTIR IR/ NERRAR BRI, H AR EEHE F2 48 R H Ax
FEATE RSBSOS B B H AR X, X ek SRR B T OE
R ER . 123 3.6 H, FATVRN T Fe M e AL 2R AE PASCAL VOC 2007
B EMERE . MR VGGF I, BRI RIITEREIA R T 87.8%: 4{fH
VGG16 i, B2 AR RIS 93.1%, X et b ik & # 1 J57% WSDDN
AT WCCN 437 /5 H 3.4% (93.1% vs. 89.7%) F1 2.2% (93.1% vs. 90.9%). {E1SE
BEHE, ] VGG16 [/ Miska A2 BRI 5 7r M RELL VGG16 Bl 2k
S 43 2 O 1 BE B T 118 3.8% (93.1% vs. 89.3%)

%R 3.6 PASCAL VOC 2007 JUliR4E ERIEE > KM Re . H/MiFa 3 BRI ST /7 isxf b

Table 3.6 Image classification mAP (%) on the PASCAL VOC 2007 test set.
Comparison of MELM to the state-of-the-arts.

CNN Method mAP
MILinearl 72.0
AlexNet[31] 82.4
VGGF/ 5
WSDDN[?7] 85.3
AlexNet
WCCNIPE] 87.8
MELM 87.8
VGG162 89.3
WSDDN] 89.7
VGG16
WCCN[PE] 90.9
MELM 93.1

ILSVRC 2013 1 MSCOCO 2014 $iEE M LI R FINF . : T PASCAL
VOC HR &L, BATEERMAEIR L ILSVRC 2013 A1 MSCOCO 2014 |
BEAT T SRIGRT . Ferp, 7ESHA 200 AN HARZEAHT ILSVRC 2013 Hda sk b, i
H VGGF A3 W i) i /NS A B AU INAS 1 13.4% Ikl Pt B, Bl 1
WCCN 3.6%. £ MSCOCO 2014 ##a4:h, AN 7 B335, e H
bRk RE . Forb, UGS RTINS L3R 2 % (P-C 1 P-0)\ %
A FE (R-C 1 R-0) FIZ /M F1-E (F1-C F1 F1-0). AWK 3.7 a] LA
/M R AR BRI (1) RG4S PE R LU S U (19 0925 SPN (114 BB 1 23.19%(79.1%
vs. 56%), sisEfiPERELL SPN 7 9.8% (65.1% vs. 55.3%), [F] I AR I 14 BE 4
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7 WSDDN.,

3 3.7 MSCOCO 2014 HBER BB S, HAARIKSE S e tkfs. R/MEREZEHRE
TR HEN .

Table 3.7 Image classification, detection and localization performance (%) on MSCOCO
2014. Comparison of MELM to the state-of-the-arts.

Image Classification

Method mAP | F1-C P-C R-C F1-O P-O R-O

cAME3 54.4 - - - - -

SPN[EI 56 - - - - -
ResNet-101%8] 75.2 69.5 80.8 63.4 74.4 82.2 68
MELM-VGG16 79.1 72 79.3 68.6 76.8 82.5 71.9

Pointing Localization (with class prediction)
Method WeakSupl®® | Pronet(®] DFM#] SPNIE] MELM
MAP 41.2 435 49.2 55.3 65.1
Object Detection
Method CNN mAP@.5 MAP@[.5,.95]
WSDDN7] VGGF 10.1 3.1
VGGF 11.9 4.1
MELM
VGG16 18.8 7.8

3.7 KENE

KRB T M RRIREE S 2B, BRI RS R, T g5
B BRI o e/ MERSRE D RGERIBENLYE, 81 51N /Mg R AR AR,
BOFAE USRI B € L ENLIEAS 2 1 FEAR,  PRIL RERS SE AR E 105 2] HFRARHE,
eIt Hbp e L I HERATE . SR/ MRS AR AR () Dok S A5 U T

o SR R B Ao 22 ) % 45 5 e /MRS R AR B AR R DA B A RO 2 40 H bk ize
HE, FHoeMES ST R e S BE R s — 8 SR e A (21 8 4 4% 4 H AR 1)
B R IFIOE S B H AR, AT RERS SEAERA BRI H bR . =R MER I HE
2205 5K B8 4 2R H bR IIE i “predictor” AT “corrector”,  Jf HLF FH % 4L
At (Continuation Optimization) ffj 7A@ YR L4k a8, PY&7E PASCAL
VOC #ifls4E LS T state-of-the-art (14325 52 (7 FIARIIPE AE
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FIE FiE S THIFES

He G 55 B Ao AR 2R 368 5 SR 22 - 1) SIHE SR I LSt HE S, i i
HEZRI A AR REAEAE AR . B bR 5 AR R 1 R 23 R R AR DAL 1 T A
FRER BN RERIL. F35h, Xl E BAME IS S, 2P0
e Hbs 2B G& 2, IFAR B ARt . IR 7 SRR 2 2 i R 25 30 A 21 e A
AHGIVER DX, 1% X308 2 B AR XIS R iR . AR AR AR 5 R A2 H
bR JE X A BB, A% SR 95 B F AR SR E S B N R AR i, AT
BRI K E AL 2T R s B bs R

AR =5 F, FATFEH R MEFRAS AR LY IR R, — e
FEEZEf 7 99 M BHESR A AR AL R R, BB A, B S SN BB 5N
() S50« b1 SCAE SRR 73 A 1A 45 L D 33 7 R 2 A R A o BT i R R R
(BRG] R GE ik (0 AL BRAR R (0 [, DS PR i FEE A o 55 M B I b
D7 Ty BN SR s e E 1 ) R ST PR R Z W 7

A FARGHTAE AR I IE GBI Z - 22 ST AEZE, SR 1 it 2 o il 22 5
BT SR i e 55 B H ARAS I B AR A i, i 4.1 pos . Herp, E14.1 (b)
MG 2RI R E . WEFR T LA, BT B hs/AR R R 8o AR 1,
FEREN RN R R S BN BB B i, AT B 28 5E A 2 H AR 1 i B AT
FIRAT R R (Rt E LA HD o« RAE AT, FATRKIZ RG] SIRERZ
FITLAE G B N JR il i I, 2 RO B AL I R 2 o /5 B i B FImI M ) —
Ao gEHE), FFAE R EHE L X BRI bR 5o X T AbnBRim =, His
HATPGIVER) R R s nAs g, AT BB, HILERSEEAN
Aot . IR NGV ek, sk E BRI Rk
Nk Z RS R AL BAREAS B ITCVE 5 B S e A A iR 1) H AR R, S B0X e
AEANERA 1) H AR5 B AEAE 5 SEI U R R rh IR B ok, IR il i ke
TP I . Oy 7RI AN R, BATGIN THTEAL S 205,
K41 (@ Pm. SEGENZRE IS, #dt 2 mpl 2 AR E
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(b) ZRBIFS]
B 4.1 ZRBI%EIRETHRL R EIEIRXT . BT 2RpEIRRREEARN, EZTTERS

BN ZI RIS AR - #3270 B2 ST @R 5 —A P 5 R R B a0 BB 5 R A R
BB RAEFRHKRREEE D SBHIMARE, B&EME B ik,

Figure 4.1 Comparison of the optimization procedures of MIL and C-MIL approaches.
Due to the non-convex loss function MIL often falls into local minima and falsely
localizes an object part. By constructing a series of functions which are easier to

optimize to approximate the original loss function, C-MIL alleviates the non-convexity

problem and localizes full object extent.

FIRFHRME BB 28, T2 e e AT R 7, ARJE TR 7> 2
Ja BB HE TR LA BB 2K, 8 IRy 2UIE S R 1) 52 o 45 R P\ 12
—A AR, ELIAR BB, RN R IRE AR AR B A e
ML, AR EE —ANELRAR B %0 R S IR R B R, AEUIZREE
REFFIZ 1% S5 s B R T sR B,  SRETIE JRREOR I B R AR T R KL
K 4.1 (a) H _Eifi B Fraso 5 eR g ADUU 3 i 3 i S A Ry sh 24 70 K e il o
25K BB A A IEAE R R 70 B — S ERIN, IR e gt ARy B A )
FReRH, BE B ARTTRE Y pR A B IR HE R AR oy REIZ AT R, X
WHEZHT R AN B O, AR R, XA AR R, A5 5%
1 A 5 (10 HORT B R P e HE (N RO R . Bt A B M e 2R Ay
—AMEEHE, BRI B AR R R 2R 2 S U RE B IR, et
2 715 ST RENS UL — A0 H bs 5 R AU ™ R Ok s, BT AL R S
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BRI e 2, AT AEAS U0 A ] RS 25 2 SR, A TRt A ™ )l B 5

ARTEJEEERENTE SO 4.1 17 BB 7= 12 5T [ i ASURI A 55 B H A sz )
AR NI s SRR AE 4.2 TR 2 o5 ST AR AR AR IRE AT BAR I o, JF
256 55 B H AR AR 55 B th BRI D 8B 7E 4.3 b, AR 2
LRI ) FE KR E 4.4 TR 4.5 75, JRATTRE 23 A G 22 s 2 o
R PR 2% SR T SEELAR T« DL BAR B S 25 R AN 4

4.1 ZRfBES)Em

T2 SIMESE T, BUEBE R — DBl E, R T s IENER R
YER— Bl Zon) &SI H s e RG el rbr 5 G T, 2238
TR K8y . FHrboRBIEL 8 IE R BB AURORBIEL, w5 8 IE R
. HR R, WRRFIESEDE AN IERE], WZoR6 68 1E R
A oo Hr (A3 s 5135 9 ROl izl e ol . ST BE SN
TE T R 6 22 78 2 ST 1) 1) R HEA T AR AN AT, AT SN N ISR SRR

B eB: nflfl (g BRETRHIBES (FEBEHIEES B.

B, €B: mBl (fRILHE) B, 2Rl B I — ol

y eY: mElbRTy,, HEEEE MR SEEY ={1,-1}, Ky, =15%R
AR EIERE CHER, BENEGESG; v =-1R EG P AEEIER
B, B4 K

;€Y mbES Yy, Hlje{l,2,.. N}, NZRGIEB R,
RISy, FEUETE AR S EAY ={1-1), Hrhy, =1FREG ha &
BETHAR, ROVIEGIEE; y, = 18 BB AEBOGERE H s, BIOY &G
B

w: ARA S H

L(): HiKRmE.

HH =2 P TR RARKRE, RERNSERMETRrmpl (Rt
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HED ARflt (BB ZIa Rk &R, PIERH TR GIRI A, %R —
H T8, s =8 sk R UM ERR R AR E, IR 7 RS
KRB RAE TR IEM

WRAE EIR5E S, 2Bl > 5 55 WUEF F ARl b 1 52 S0 iR ) DARE 2508
ANPIFZIRAR A ORBI3RE) PP IR

(1) RBlEdE. IERBIFEIE BB ] — ARG FE 58 £ (B, w, ),

HBHOw,, W5 St Jon I iz 2R CHbD B, AR

R FR A RFTR
B, =argmax f (B, w, ) (4.1

j
Horf, [ FRRRI B RS AR BINE S, W 42 FR. IR RS
SSRTIIRER, BATAT BB ARG R R E A R, AR EII%
NIEFBIRRG. T, PSR 10 075 ) fr B 6 R FO AR AE 2
51119 10U Scfir it

(2) Kol 882257 . MBRE 2 STRL AR AU _E— A58 b 4 5 R
AR o, (B, Bw, ). HzeY o w, Flw, 40 BLER G4 3 F R
HBH.

TEME G 27 I ST AR, SRBISAR I £ () RIS o (-) R —HUm 9 52
BHFENS S, NG RLR, XFA R BER, EBFTE Rl
SRE R ORISR R AL R, B RS & T R
B AL .

AT, FEVRIE 2 STRERE R, O ST S H SRR FE 1. AT RIS 5)
BRIV 2R ST, AR AL £ () FORI 8 g () 2 BAiA A
TR, R MR AN RS, 4 /R B A
23], WAL £ RBERESE 0 270 02 ST 2 bR S S T
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570
%5

— 33 &3

B 4.2 261 5EHZ RIS NBIER . 2R01%3 8T REFE— A TE
BrR, JzrBlh BRI, 55 RBUEBFRE. S8l 5 rel
TH, BRYFEE-NrOIEE, RLER WIS B,

Figure 4.2 For a “bag” of instances (region proposals), CMIL and MIL use different
strategies to selection instances. MIL tends to select the most discriminative instance
and activate the object part. In contrast, C-MIL selects the most discriminative
instance subset. The instances in the subset are activated equally during
back-propagation and thus the object extent is activated.

§:L (B w, )+L, (B Bj.w,) (4.2)

Hodr, T2 R A0 B bR I24E 8 R R 8, B OB

Lf(Bi,wf):max(O,l—yi max f (B;,w, )) (4.3
IR R BCAFRHER hingle H2K R 8. 35 —IUARIN 28 Bk e B, BpksE X
i I

L, (B, By, ) =—>">"5,, logg, (B;,w,) (4.4)
z ]

Horr, IRBIIER S y, HR4E PASCAL i 1E s 51 X 73 bt e SCIn R -

1,if loU (B;,B..)>0.5
-1, otherwise

He, A3 (44 H6, NP NTRE, Ba=bNHENS,, =1, BN
5,,=0s

a,

NGRS, M@ AR (4.2) g LIRS & I, &S
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BT Bl 2R, RV H bkl &

4.2 koA
FEX R BB A (4.2) BAT IO A28, RATeSE AL
(1) 2tk s B2 R 5
(2) X4 T BB R, 73 201K B8 25 9 e 2

WRyE LIRS, ATATULE W, 2y =-11KE, 23 (4.3) 2§

B Hy=18, AKX (43 Z2IENW. HTAK 4.3) Z2AK (4.2) HApH

I, AT DR A3 (4.2) 2RO AR B R RS S SO AR
SRV D AN SR BB UL, S0 H ARos B30 (R nERR 1, 2E i S ) 2% 1Y)
2o XA RELE H A5 MEALE B ARSI 8 O AL, 3 BRI A
FEIE7R ) B R0 17 ] B2 908

WRAE LR3I, AL G2 7] 2] (T3 % R AL A A DR 1 ) 7L

(L AL 2 o= Bl I AR H AR5 R, 56 T Rk 1) 42 s e Do s

(2) FE/RBIZIR GBI W EZR T o OIS fige, WFUE MZRAI], g Sz
ik NIVENR

4.3 it %R S)

N s BB R, AR TR G, R X
BN (EMTIEZR ST T, BRATEA BB P TE 0I5 25 AR A B K 450 %
BB T BB AR A0 AR X — IR, 7RSS I B ARRR R, A3
SINGSEME T4, S RAA R MEE AT R Sr 4 JF R 2R 12 S H4 A
o R AR R TR R, S S AR (4.3) BT, @i
W BN BT SRR, BRATE LT — AN MU 41 23R B S AR 1R Y A
TR

W3 2 AR SR T AR G DL A S o O A 1 R R B — 4
AR 5 ST @rﬂmmﬂ,ﬁﬁﬂM~Am%£w/®ﬁ %5( 1),
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Horbr, wOORIKBREL(B,wW,A) fEA=0 R FIfiF; wHURREL(B,w,A)1E
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W Wy
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Figure 4.3 The modules of continuation instance selection and continuation detector
estimation are implemented atop a deep network for weakly supervised object
detection. C is the number of object categories.
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Forblr S iRt R EAIARERE S, MRS BRI 48 .
FESFAERE I RE T, 2 B2 A% AR I S £E BEHLBEFE K B e IR & itk
AL R L8 IR AR S AR, W28 S BT S8, B & S RUAH LAY H Arder il
o

45 KIWERG S
T IR A T TR T 2 R ) (R e, AR SO VGGF R
VGG16 fEJySEuEalm4s, 78 H frscy s K Hbs el & i 48 PASCAL
VOC 2007 #1 VOC 2012 #ffadie 525 1A B H 1 7735 o S5 T LA /N5 K 70 3l
IR B SLIR B E « S5 7 A LA A stateof-the-art 777 (5% EE o

4.5.1 LWFTE

FAEE: PASCAL VOC Hidii & —HLAHE 20 M H A7 . VOC 2007 #i#i &
—3 A5 9963 Tk IE, b 5011 s R ISR KAESE, 4952 sk -G H]T
MR . VOC 2012 7 22531 5K EIME, Herf 11540 5K Tl ZR MG ESE, 10991
5K B T D4R

VEARAE: A% A B IF AR EA B F: mAP, CorLoc. Hrr, &APF
hrdERE S 3.6.1 715

PRNZRARRY: TSR R F 16 2 H B LB ) VGG 4%, 43l VGGF
A VGG16. X MMEAILIAE ILSCVR 2012 KB AT T #iI%. VGGF
(VGG-CNN-F) 1 AlexNet M4 451425100, #1145 5 BRI 3 M E .
VGG16 I 13 MEREM 3 Mz . X TIRRMAER, AT T &)
— AR E, A ROI-Pooling E# . [RIN 248 1 e — D4z
B2, IEH - BENVIR I AR TR, ZAERE I AR
BB L o

{5 B HE AR BRI : (e AE A2 B LR FH T Selective Search 5741 Edge Boxes
Bk XTRKENR, FEKMAER T 2000 /N7 A FHEIEHE. X Selective
Search 5%, AL 7 H fast XA i, ENGRdREd, FATEH T
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—~: {480,576,688,864,1200}. [FIF}, JIZREGIEHEBENLA ARG . 7ENK
IR, BATRATA 1 FA U, AR 2 5 BRI 10 5K BUE AN 25
RECFY, 1930 m ARG R EIEIA S S1d R, BAVER T BN T
P& (SGD), Hi#h&SH0N 0.9, BEZRALCH be-4, M KB F
(Batch Size) &y 1. MEBIFEREANHHRAE - —ILIkAR 20 N JE W, Hdhar 10 4~
HAR 2 3] 2 5e-3, 5 10 A K% 5] %2 5e-4.

4.5.2 FEHEMA T EVEN

WESE A . N T RS A A BRI RS, FRATTIRNE T
Fir kS84 AL R S, Wk 4.4 () Fios. PEISERE 4.1 frs. W&
FRILAEH, SIN T #TE RIS 5, SRR R PERESR Tt T 1.1%~4.7%,
BRI 8 AL PEREAR T T 1.4%~4.5%.
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Figure 4.4 (a) Functions of continuation parameter. (b) and (c) Evolution of image
classification and object localization performance during training.
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R 4.1 B SEO). BAMRE RTINS eI SR, LRBIEEN PASCAL VOC
2007, M~ VGGF.

Table 4.1 Comparison of five functions controlling the change of continuation
parameter L. Detection and localization performance (%) on the VOC 2007 dataset

with VGGF.
Approaches/
Method . ] . mAP CorLoc
Continuation Functions
MIL ContextNet[??] 36.0 55.0
Linear 37.9 58.9
Piecewise Linear 37.6 57.4
C-MIL(Ours) Sigmoid 38.3 58.4
Exp 37.1 56.4
Log 40.7 59.5

§T1§1] "
ﬂ 3
TR &ED&&

AL R
B3

FEHA 14 A 20

k] V14

4.5 e RE XK.
Figure 4.5 Stable Semantic Extremal Regions (SSERS).

BERAL RN . % 4.2 vh BB T T HER P A A0 A DI 5% 27 2T AR
L. WRHATLUE Y, SIAERRIAREE, 2 Rt Gz e s s, Al
PERESRTT T 3.00% (39.0% vs. 36.0%); =4 R fs HIMHERr I &2 >0 IR, Szt 12k
REFET 1 1.4% (37.4% vs. 36.0%); M =4 4 T2t DAL SR A4 18 IS, A 7k
REAE I FEAERI Y 4.7% (40.7% vs. 36.0%) . 1XLegh BHE M0 UE 1 #Tdk i ih SR mg

IEIPATE NS NDE (P
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R 4.2 Wik R~ O RFRLR. SCRBIREAN PASCAL VOC 2007, EMA VGGF.

Table 4.2 Ablation experimental results of C-MIL. Detection performance (%) on the
VOC 2007 dataset with VGGF.

Instance Object
Method mAP
Selector Detector
miL - - 36.0
N, 39.0
C-MIL(Qurs) N 374
N, N, 40.7

K 4.4 (b) A1 (o) 231 BIGR M A ArsE AN ZRd A AR a8 R . 2
B S SR AE I ZR AT 30 (4 B 5 o SRR RE AT H A 28 A2k RE 250 v -3t 22 s 51 27
25 FEJR SRR ZRA, Btk 2 - )5 >0 1) s AL MR REIZHTIE bR 2 s B2 2] .
HA W ERER, Z2abl S UG KRN, FFRFIEEMAES, H
K& SERE T E N ZRATIIRERS B E S (R DLAL . SR, ZoRBE I ROV RET S
P AT AINE R BB XA X BB, IR S e L2 B bR 52
ANE A, #2222 2038 5 2o )1 52 R DAL AR 23 A0 B b sE £
DAL B 2 e R D E o7 1) 52 2 1) H A

4.5. 3 FEXIREREXSE

N 0 BT A, FRAT TR VI SR R 2 5] B B R AR T AT
WAL, HEER AN 45 Pros . AEIH AT DU 248t 25 A /N R, 30 )
XIIZWAL /N o FENGATH, 7] 75 B FH 2 AT e 4R H AR el H AR
TRRME R BEEWIZRIVIEAT, W0 I DXI0R /N R B A e ok, i IXIAE
H BRI GBI E o FRA TR L8 X IFAR A AR R [T OB X35, 773X 26 [X 35k
i L I8 R 1) H A 1) 5 B X I D s AL 2

R R PRI TR SURIARL DX 5 ) H 302 B 38 22 7= A7) 2 > #E )N SR R rhoadt i He ol 75
oI B AR X8, XN IR e K AR e IR AE X 38, (Maximally Stable Extremal
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SCH B E AR IO 55 B 7 A ST

71



55 B AL H AR

4.5. 4 LM EEANXTEE

A3 gl 7Tt 2 ORI S NscE ©k 3R JT15AE PASCAL VOC 2007
T H ARSI BE RN EE o TRE 2 s S AEA ] VGGF A1 VGG16 1E 94k M
INf 73 A T 40.7%H0 50.5% I RE . 4 VGGF I, it 2 741 77 > 73 il
#Eid 7 WCCNM, OICRPB F1 MELMI 3.4% (40.7% vs. 37.3%), 2.8% (40.7% vs.
37.9%) F1 2.3% (40.7% vs. 38.4%); 4ffiH VGG16 B, #rit 2 =15 > 73 il
7 WeakRPNES!, TS2CE8 F1 MELMET 6.2% (50.5% vs. 44.3%), 5.2% (50.5%
vs. 45.3%) F1 3.2% (50.5% vs. 47.3%), IXEEHEFHLE SN E BRI —E 5 A
AR AL oo R

WATHE— D BIREET VGGL6 [t 2 M5 % I BB Rl 45 1,
HHAVEFRS, 14T Fast-RCNN Rrillgs. B3R 4.3 Fgi ReTLIE H, A
Fast-RCNN = i)l 2 J& HIR AL i PE R — 0 371 31 1 53.1%, %45 Rk 1
H ol R R T 2.7%~6.1%. H i, “aeroplane”. “bird”. “cat” F1 “train”
SRR AR 2] T KIS Tt

K44 h R 2R S Mo © R R JTVEAE PASCAL VOC 2012
AR IR RE RIS E, B VGG16. LA Y, Wi 2 R S 0
i 7 WeakRPNE®! TS2CE8 F1 MELME! 5.9% (46.7% vs. 40.8%), 6.7% (46.7%
vs. 40.0%) F1 4.3% (46.7% vs. 42.4%). & 4.6 Hgh H T HB A8 45 ol

& 4.3 VOC 2007 H#EE L)Lt gext Lo

Table 4.3 Detection performance (%) on the VOC 2007 test set. Comparison of C-MIL to
the state-of-the-arts.

Method aero bike bird boat bttl bus car cat char cow
PDA] 49.7 336 308 199 130 405 543 374 148 39.8
LCL+Context*] | 489 423 261 113 119 413 409 347 108 347
VGGH/ WSDD|\|[57]62 429 560 320 17.6 102 618 502 29.0 3.8 362
Aot ContextNet[6?] 571 520 315 76 115 550 531 341 17 331
wccNbe 439 576 349 213 147 647 528 342 65 412
oIcrl63 531 571 324 123 158 582 567 39.6 0.9 4438
MELM[®5] 56.4 547 309 211 173 528 600 361 39 478
C-MIL(Ours) 545 555 344 203 167 534 592 446 84 46.0
WSDDNLE] 394 501 315 163 12.6 645 428 426 101 357
VGG16 PDA] 545 474 413 208 177 519 635 461 218 57.1
OICRI®] 58.0 624 311 194 1300 651 622 284 248 447
wccNbe 495 606 386 292 162 708 569 425 109 44.1
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TS2c!68] 5903 575 437 273 135 639 617 599 241 469
WeakRPN[54] 579 705 378 57 210 661 692 594 34 571
MELM59] 556  66.9 342 291 164 688 681 430 250 656
C-MIL(Ours) 62.5 584 495 321 198 705 661 634 200 605
OICR-Ens.[%%] 655  67.2 472 216 221 680 685 359 57 63.1
FRCNN | TS?2C[66] - - - - - - - - - -
Re-train | WeakRPN-Ens.® | 630  69.7 408 116 27.7 705 741 585 10.0 66.7
C-MIL(Ours) 61.8 609 562 289 189 682 696 714 185 643
Method tble dog hrse mbke prsn pint shep sofa tran tv mAP
pDAI 9.4 288 381 498 145 240 271 121 423 39.7|310
LCL+Contextt | 188 344 354 527 191 174 359 333 348 465|316
VGGF/ | WSDDN] 185 311 458 545 102 154 363 452 50.1 438|345
AlexNet | ContextNet[?] 492 420 473 566 153 128 248 489 444 478|363
wccNPe 205 338 476 568 127 188 39.6 469 529 451|373
OICRI®] 399 310 540 624 45 206 392 381 489 486 |37.9
MELM59] 355 289 309 610 58 228 388 396 421 548|384
C-MIL(Ours) 402 408 47.7 632 228 232 394 443 538 523|407
WSDDN['! 249 382 344 556 94 147 302 40.7 547 469 | 348
PDA] 221 344 505 618 162 299 40.7 159 553 402|395
OICRI®] 306 253 37.8 655 157 241 417 469 643 626 | 41.2
VGG16 wccNbe 299 422 479 641 138 235 459 541 608 545|428
Ts2cléel 367 456 399 626 103 236 417 524 587 56.6 | 44.3
WeakRPN[®4] 573 352 642 686 328 286 50.8 495 41.1 300|453
MELMI®®! 453 532 496 686 20 254 525 568 621 57.1|473
C-MIL(Ours) 529 535 574 689 84 246 518 587 66.7 635|505
OICR-Ens.[%] 495 303 647 661 130 256 500 571 602 59.0 |47.0
FRCNN | Ts2C!6] - - - - - - - - - - 48.0
Re-train | WeakRPN-Ens. | 60.6 347 757 703 257 265 554 564 555 549|504
C-MIL(Ours) 572 669 659 657 13.8 229 541 619 682 66.1|53.1

F 4.4 VOC 2012 ¥#m4E E RS gL RexT

Table 4.4 Detection and localization performance (%) on the VOC 2012 dataset using

VGG16. Comparison of C-MIL to the state-of-the-arts.

Method mAP CorLoc
wcenit 37.9 -
Self-Taught[?! 38.3 58.8
OICR3 37.9 62.1
Ts2cl%el 40.0 64.4
WeakRPNI] 40.8 64.9
MELME7] 42.4 -
C-MIL(Ours) 46.7 67.4
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B 4.6 PASCAL VOC 2012 $¥E4E FR il 45 Rl -
Figure 4.6 Object detection examples on the PASCAL VOC 2012 dataset.

FEFR A4 F0 4.5 v, JRATTVFI 1 0k 22 74910 2 >3 1) H b e A M RE . £ PSACAL
VOC 2007 ##ifE b, Wit 2 -5 2173 il WeakRPNE®! F1 TS2CE8 1.296
(65.0% vs. 63.8%) #14.0% (65.0% vs. 61.0%); VOC 2012 ¥i#54 |, #Wiit£R
15124 21 43 )8 WeakRPNE®! i1 TS2CE81 3.0% (67.4% vs. 64.4%) and 2.5% (67.4%

vs. 64.9%).
#* 4.5VOC 2007 HirEhrt:RExt

Table 4.5 Localization performance (%) on the VOC 2007 trainval set. Comparison of
C-MIL to the state-of-the-arts.

CNN Method mAP
WSDDNP] 535

wcCNPel 56.7

OICRI®] 60.6

VGG16 o5

Ts2c!6el 61.0

WeakRPN[®4] 63.8

C-MIL(Ours) 65.0
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Figure 5.1 Examples of prohibited items in X-ray images.
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RBFEFATERE N eI FE s A il i X StE G WA 5.1 s,

Xtz ta BB E th X OGS ET Hbn B i, @ vh 5 XM T iE R %R
TS X e IR, H B2 2 A S X e s e, AL Rl AR
SR WA AR PR AT K. AESERR AR, YIRRER ey M e EE,
XHE R AR XOLEB R AR S N E SR RN i YA R i A7 1
EXME. ZOMUL N Z RES R, BEmARZE AL 5. Xk
ZIEHE AREEE R EL WA RS S, RELRE NS’ Xt
AT RAEARE R, ERSPR AR LR AR EAR, XA 2R B A
RIS+ e, AR KRB I B S b, ARERIEEE RS R, RN &4k b
FIEG CEFD MALSHARKER OxGD WEFEHER K, XSEULSN
WL 7 ) BEAE X R 2 2R

N TR, AFESEH g5 E R X Ot BB e AL RS . 7E
MESE R ARTE# W R B0 Y R A e 28 DAL 2 i 200, AT 2ExE
SRR ERSEARE, MTIBOR B> T hRiE AR, IR 52 S A KRR
XOGHE S LRI BN AT e o
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Figure 5.2 The overall architecture of the class-balanced hierarchical network
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o R B B HARIE L EAE LR P EN0.2x N o Al A o R HR A
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A, EHIREER A RE - MRERIRE, RO EAERE A, &

{2 BEREAE P M ARSI 2 337 37
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B KR FEBR R I SR AL R UG A 41 i R ) e ), BATTHAIE T S1Xray1000
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1,050,302 Js2 f5i| B 1 Ky Bl o B — A1 B AR AR S B BT 73 9 train A test, J o train
AR EE R 80%, test (5 EEIRAEM 20%, YIZREEATIR AL UG LA 4:1,
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PRI 51 V- 250 BE B mAP, 5 (0 SR FH I 5 1 F) TE B 36
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Mg, HAP AR EIRA 8,929 IF, MRS F B /NF:
s T RF . BIIR ST, il 5.3 B SIXray RS H) X
Mg, R IRA T RGN FEEE I EE, B2 a1 5 Bl
bR R A E, RoAl PG H A S HERNPEIE. AEH
A DA H O B 1) R S S B 2 R st P i BB — B0 . #2 He X L
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Figure 5.3 Image examples in SIXray dataset
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% 5.1 SIXray $HEE L HH#R

Table 5.1 SIXray dataset statistics
SIXray ##f £ (1,059,231)

1E#1 (8,929)
w1 wmE &y @ mr | P
3,131 1,943 2,199 3,961 083 60 1,050,302

ATLLVE H: IEGIERIGE B AR AT 9,000 i, 1 sl B FIE H 2 IEH B
KK, A 105 FEAiA, R BUE IR A I LU B ™ AT . E
FEIXFE R ECHE 0 A BRI SE 37 R BT 0 A 2 — B0 RS s el g 2 —
RWAZER—HANEREM, SRR SRS EEREEEES, 4
AR EEEED . NRFEE L, AFRZAERE S SR A EER
KIZE 5, 71X — I A 60 i &, A T8 HdlE££ 19 100 2 58K T,
Pt CAAE S 86 R I B0A VR 71X — AN 0 8dE, B seie e pl BB A4 5 28,
MR BT 200 ) EHGAR IR SR SR T IE A R LS ), SEUIAE IR
IEB AR B RS 2RO T EBEN ThRE 1 &
FONMPNER S, HEGTRESaEEEM, JFH TIPSR A E N TERE,
TEMRAE 45 H 7 1455 1) bounding box 15 8., HHAEN xml STHFH . #di4E
R KN 100K B2, T 1 B #BAF 9 JPEG #g 3K
FRATRHAE B bR 005 BT B Gt & 5.4 il fEos T B bR
RIFE S T8 LEANTAR K 0 A i 0L, ARl B HHAE O 21 180 2V A A1 1
1o A LLiBE 20, R A AR AE A7 ARG F I 2 A T8 LA I AR ) 20 A A
XSRS, KIELRZEH DT 2, HIsHmBARZHENT 5 TTBRER A
SIXray HHE4E FEAT LU REAL: — SIXray Zs 4 Hh it U R 2 I e A sf
A X TR A AR, RN EECEREIER, 2 X 5
L O AT, X ML) 5 E VR W] DU B E s i oy
WL Z AT SIXray BRI B R RBIREAR: HERME, — 348
MAFEREZ M. ZOMMEE, HER—ADRPRELE AR A
72K, XA FESEAZERVERR, W KGR, =, K&
WA 0L, BOYBEP T REA A R PUHRAT, ARXMEFURME T7 5t X 42 BT

83



55 B AL RE H ARG
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Figure 5.4 Distribution of object angle, aspect ratio and area in SIXray test set

5.3.3 SEMEMKIE

SIXray10. SIXrayl00. SIXray1000 f#)4r 252845 oy HIfESR 5.2 K 5.3 &
5.4 1, NEHFLLEE] CHR fERAN RS EIIUE T HEHEAR 256 N 2% 4 (1 5
BE, A HILER R L CHR 76 T IR 1) I 45 o 215 56 4 (¥ P R, XFF Inception-v3
A DenseNet, CHR 7t SIXray1000 #i#4E b4 714 8.22%+1 9.08% 14 EHIIE Tt

e TR AN FA RN I HEREREAT 23T, CHR 7E8 —38 ErEREM IR A
FIFE, DL DenseNet A, % THx—3, s KRG EIRE LHRE
T, X E X — RIS, BT IR B R IAE . B
A TATELR]: X T BA LLAMK HAB S 2 A PERE AR TR, JCHX T 8T )X
—2, VEBESE T USRS 30%. MK 5.1 RTLLEH, BYJ1IX— 2501 BB
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F 5.2 SIXrayl10 4L LorHtkae

Table 5.2 Classification performance on SIXray10 dataset

J5 i ies 7] wFE Hr B P
ResNet34[*] 89.71 8546 6248 8350 52.99  74.83
ResNet34+CHR  87.16  87.17 6431 8579 6158  77.20
ResNet50[%] 90.64 87.82 6362 8480 57.35 76.85

ResNets0+CHR 8755  86.38  69.12 8572 6091  77.94
ResNet101[%] 87.65 8426  69.33 8529 6039 77.38
ResNetl01+CHR 8545 8721  71.23 8828 64.68  79.37
Inception-va®1  90.05 8380 6811 8445 5866  77.01
Inception-v3+CHR ~ 88.90  87.23  69.47 8637 6550  79.49
DenseNet[®®] 87.36 8771 6415 8763 5995 77.36
DenseNet+CHR ~ 87.05  85.89 7047 8834 66.07 79.56

# 5.3 SIXray100 $iE4 L H)2-2K kA

Table 5.3 Classification performance on SIXrayl00 dataset

Jii: 1 J] WF o My 3] 15

ResNet34[%] 83.06 7875 3049 5524 16.14 52.74
ResNet34+CHR  81.96 77.70  36.85 64.56 14.49 55.11
ResNet50[%] 84.75 7792 2849 5053 19.39 52.22
ResNet50+CHR ~ 82.64  79.60 41.19 58.02 27.89 57.87
ResNet101[%] 82.83 76.16 3559 54.82 20.63 54.01
ResNetl01+CHR ~ 83.25 7753  42.02 68.01 32.33 60.63
Inception-v3[®l 8118 7728 3247 66.89 2263 56.09
Inception-v3+CHR ~ 79.22 7348 3720 69.01 31.81 58.15
DenseNet[®®! 83.23 7724 3772 62.69 24.89 57.15
DenseNet+CHR ~ 82.06  78.75 4322 66.75 28.80 59.92

2 5.4 SIXray1000 $HE4E KRk
Table 5.4 Classification performance on SIXray1000 dataset

Jii i JI wF T 31 P

ResNet34[9! 7205 56.42 1647 1424  7.12 33.26

ResNet34+CHR  73.35 6046 2372 1798 1819 3874
ResNet50[%] 7419 5982 1603 1659 2.87  33.90
ResNets0+CHR 7343 61.32 1888 1232 19.03  37.00
ResNet101[%] 76.04 6353 1365 1557 11.28  36.01
ResNetl01+CHR 7538 64.80 1527 19.02 1621  38.14
Inception-v3® 7552 56.33 2401 1675 20.72  38.67
Inception-v3+CHR ~ 76.91 61.29 29.60 19.11 4756  46.89
DenseNet[] 7500 6555 2357 18.09 1418  39.28
DenseNet+CHR ~ 74.87 7123 2979 2157 4427  48.36
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100 A1 1000, A& 5.5 H R LA Hi 2814 3 S W0 WX 28 A5 73 RN o () 14 g B
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Figure 5.5 The accuracy gain of CHR becomes better with larger negative-positive
ratio

N T BRSSO 9 48 AN AE 43 S S5 T I R A ORI T, AT
% CAM AE RN . R 5.5, £ 5.6, & 5.7 FER T HIEEAF LR
T EWEAERE. 7E SIXrayl00 74+, CHR Lt DenseNet f:fEE 5.61%
(50.31% vs 44.70%), fE SIXrayl000 F4£H, DenseNet+CHR Lt DenseNet {4
RE 57 9.26% (43.87% Vs 34.61%) . JLHX T SIXray1000 £di 4 4k F1X 4~ 51,
Inception-v3+CHR Lt Inception-v3 1§42 5 16.04% (23.53%vs7.49%), Fritbz
Ak, ] DA IR ) 9 28 25 ¥ 2= A B 4 R PR R
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% 5.5 SIXray10 HE&E e hr ke
Table 5.5 Localization performance on SIXray10
T3 % i 7] wFE T BT P

ResNet34[%] 7160 51.28 4332 6888 2216 51.45

ResNet34+CHR 7562 5538 5241 5844 19032 52.23
ResNet50[%! 63.89 57.44 4973 6888 17.05 51.40
ResNets50+CHR ~ 68.83 58.46 5401 77.04 1591 54.85
ResNet101®! 7377 6513 2834 6224 21.02 50.10
ResNetl01+CHR ~ 80.86 73.85 5241 930 4034 51.35
Inception-v3®l  79.94 7538 5936 5958  40.34  62.92
Inception-v3+CHR ~ 78.70 7436 5241 59.96 5227 6354
DenseNet[®! 7438 7128 59.89 7154 3523  62.46
DenseNet+#CHR ~ 79.01 7692 59.36 7249  40.34  65.62

2 5.6 SIXray100 ¥iE & e fr ik fe

Table 5.6 Localization performance on SIXray100

T3l 1 J] WFE B P

ResNet34[%] 50.62 55.38 26.74 3454 7.95 3505

ResNet34+CHR  60.19 63.08 3583 5370 0.00 4256
ResNet50[%] 4753 5282 2834 3985 170 34.05
ResNet50+CHR ~ 57.72  49.23 4118 4991 1534 42.67
ResNet101[%% 7315 64.10 2513 3150 11.36 41.05
ResNetl01+CHR ~ 79.32  69.23 27.81 4839 625 46.20
Inception-va®l  64.81 6564 4011 3283 26.14 45091
Inception-v3+CHR  67.59  63.08 2353 5427 3920 49.53
DenseNet!°] 7160 62.05 2460 5560 9.66 44.70
DenseNet+CHR 7840 6256 41.71 63.76 511 50.31

% 5.7 SIXray1000 ¥tiB 5 2 A kA

Table 5.7 Localization performance on SIXray1000

T3l 1 7] WF o T B P

ResNet34[%] 53.93 3897 2246 1369 6.82  27.17

ResNet34+CHR 7041 26.15 3797 2510 227 32.38
ResNet50[%] 4232 4872 1979 1977 284  26.69
ResNet50+CHR ~ 60.67  37.44 2246 2091 1364 31.02
ResNet101[%3] 7041 60.00 1551 14.07 568 3313
ResNetl01+CHR ~ 79.03 6154 21.93 17.11 1932 39.78
Inception-va®4 7116 5231  7.49 1863 170  30.26
Inception-v3+CHR 7341 4154 2353 7.60 11.36 31.49
DenseNet!°] 58.05 56.92 26.20 20.53 11.36 3461
DenseNet+CHR ~ 76.78  57.95 39.04 39.92 568 4387
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5.3. 4 {RBVIGIESLI

fE SIXray i EXT & AMEHBEAT 08T, B SEX T A IR I 2% 25 1,
7 E T A% (ResNet34+HR) 7E SIXray100 #idi 4 . (ResNet34+H) 43
FAE ARG FE 73 1%F0 6.52%, 7£ SIXrayl000 #i#E4E 53427t 3.15%
A 2.13%, FEJFEHZGHRMIE 2 RICGERAEE B . AT T AR %K
BRER, W13 5.8 ATs ResNet34+CH FoRiiin 7 8B d Bk s 5, 4 28A0
SENLIEE R AT 1.00%F1 3.77%7E SIXray100 HidE4E. 3.10%A1 3.44%7E
SIXray1000 ##i4E [ 3@ Kt or 2 4040 1 X 46 25 1 5 28 Pl Bk R B s
(ResNet34+CHR), 73ZRA1ENERELE SIXray100 $ik & L4y HIHE T+ 2.37%F0
7.51%, ff£ SIXrayl000 #t#& % 4 742 F+ 5.48% Fl1 5.11% Lt Jk X 2% 45 214
ResNet34. MREMFET R 75 2 LB MBI THE =, ResNet34 752 7.68ms
AbPE—mE R S, 1 ResNet34-CHR 75 % 8.28ms R IA 524 7E Tesla V100
GPU 1Y 7% 7.81% 40 41 (I 1] FF4

2 5.8 CHR 7 SIXray ¥4 L2 itse

Table 5.8 Classification and localization performance using different options of CHR

T SIXray10 SIXray100 SIXray1000
ResNet34 7483 5145 5274 3505 33.26 27.17
ResNet34+H 7443 4991 5359  38.70 34.78 28.68
ResNet34+CH  76.28  48.01 5459  42.47 37.87 32.12
ResNet34+HR  75.87 50.19 53.72  41.57 36.41 29.30
ResNet34+CHR  77.20 5223 5511  42.56 38.74 32.28

5.4 REFNE

FEARTS, TATRY VT2 2 BOE 2%, 2R B IR 2 RS
R ERFIE A I E, A5 B R AL BE S 15 21 SRS 4R AL B0 4 R I HLAE el Ik
P BEAHORRIE . BRIEZAE, it 13O Bk pR &, Gl e b s A
FEARRIACE, RE R GRS BB TR B — AT, JF Hazai ek Bt
TR IR S5, AEAG IR T I Ay ) AR 453 2 R 800 3 2 000 H 402 2% o A 4
FEM . 1E SIXray Bl P =474 b, 5255 S fm R, A
IR ST 7 R ORI e RE IR T, BRibZ b, fE AR S BE R
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6.1 AXTERLE

AR SCH S5 W B H AR 1), AR, ARAANSEBR R 2 AN D5 kAT T
WEoE, IR T KRG ITIEREIEAESL.,

(D T —Fa S i/ NERAR BRI, T 55 8 AR % . 5
EAEVIZRR B sE L BEN PRS2 1 BRAIC, DRI RENS SEASE 1025 2 HARRFIE, $2
T+ EHFREALRIHERTE . R/ NERR R BB DTS T — R IRE A
WA 2 &35 £ ot /NI AR B R TR DR B A 25 0 1) I A e e, I HL It/ >
AR B CLRELIE s 2 R A — MBS HE ] 58 e 348 2 H AR 1M BT 58
B EARIX I, AT AR S AR DRI B H AR . =R —ANMIEFR 2 21 5% 5 )
W G 3 280 B ARAS I — N TR IE, IF BRI RS Ak i 7 i@ ek
EARAL TR R . DU AE IS I AT 8 & B 1 state-of-the-art 114325 &
A7 e 14 BE

(2) $RH T —Fh A 20 59 B 2 IR T, RO 2 o ] 2 2
(CMILD. it 2 7w 2 >3 1 5 800 TR At 9t 2 7l % 20 D5 AR L Ak
B I 5NN FEIF AR R, TEVIGRIE AR o DL — AN 5 SRR
PR RO A IBWAGZT A IR R s A, B R BUR B HOR AR5
TR RH . % IS R R 5 N F B 1 7 e ) o ik 2 R ] 2 )
FIRTL T 590 B SRR gS B H hvE L vERE, IR T BB CR R L
TEo A PR A BRI R B2 I 28 4 A i, B R PE I i 72 il 48 4 H A
B3 B AR 7 S T B AR SE R I, AT e 2455 20 3138 AR e AR ARLIX
5o BT H PR T 170 559 MBS 2 o B ARAK D7 VR JE 1 AR ST SRR i) R A AT 7 S B

(3) $&HH T 2Pl 43 JZ WG P 45, (2 ASE AL S I 384 0 R FE R R w2 REAE
MBS, A e ] SRR AE RE A% 5 80 SR A0 1 A D 28 22 9 HL BB 8 1L JiE il — LE AN A
KEUEE . Wik TR IR A, b RGN SR, RER
TR B A R B TR B — AN, I FAZAR R s B T 20 J2 N 4 Sy, A
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