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Fast R-CNN

Pl 2: Frd th A I R A HIE . FRATIAS F AR BEATIR Ar IRl B Bl A 190 2650 B SR PEURRI  HA D MR BT ¥ (B0 Edge Boxes) A BTN AR
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ty =(X = Xi) [Win> 1y = = Yin)/ hins
ty =log(h/hi),
=" = yin)/ hin,
v =log(w’ [win), v =log(h” [ hin),

Horb, xo oy w R A e AERHERAHERY FRL DR AR BR . BE
JEFIRE . 2R xo x, A x* 3R T HIAE., A
REMBELEMERVLR; yo w Al o WA LI E Lo A
B v eRIHER, ¢ @A O . A R 5 2R

ty =log(w/win), @)

Ve =(X" = Xin) /[ Win,  Vy

Lreg = Z SHlOOthL] (t[ - Vi)a

ie{x,y,w,h}
3
0.5x* if |x] < 1 (3)
smoothy, (x) =
|x| — 0.5 otherwise,
Hrr, smoothy, (x) 22—~ 24 1 [l 451 2% R %L (3]

B, BeE R R AT A A

L(p9 u’ t’ V) = Lobj(p’ M) + l : 1{u:1}Lreg(t’ V), (4)
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FIARTA I, FATE Gtk 7 I e AT
PLAERIZE . TP i M 42 g, WIER S
Y I BRI ST . A, RATAS A

1) 1 RefinedBox 13285 Il 2530 78
Input: 42t 002 M 2% 18 T M %% Wyse. Re-
finedBox #Hk Wep . PIAKINELER Wh,, 5 WGP
#E4E Biy; 7E ImageNet FUIZRE T ML Wi,
Output: YIZEFH Wyee. Wrs Fl Wp,,
Step 1: Wygg « ch;c;v Wrp < random()
Step 2:
Step 3: B’ « rerank(Bi,; Wycc, Wrg)
Step 4:
Step 5:
Step 6:
Step 7: Wgp « finetune(Wgg; Wycg, Bin)
Step 8: B’ « rerank(Bi,; WyGe> Wra)
Step 9:
Step 10: Wp,, « finetune(Wp.;; Wyga, B’)

Wvee, Wrs < finetune(Wyge, Wra; Bin)
Wyvee — Wiee: Wpe < random()

Wy, Wper < finetune(Wygg, Wper; B)

Wrp < random()

Wper < random()
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o AT I RefineBox A= i/ H iy it W AR HEEE 1)
BB, FATUE &K E B RefinedBox A2 B 10
ARSI T ARG DU
mE2fR, MTEEREZ GEE - NELN
MHEZE Fast R-CNN [3], $HAE A5 RefinedBox 347
(1) —"43 3o Rl RefinedBox 43 32 A AL J 1) 4
R HEE iy A B Fast R-CNN /1, /T fif RefinedBox il
Fast R-CNN St [/ & BUFIE, AV T—1 %2
AT RO AR, SRR . PRSI A I R
YT S BRI AR S SR HE T M R . AEA R 6
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VEIGE T AR5 . BRI R, Il TR U
%5 # RefinedBox i [ HEATR B 2%, 2T 55
#1 RefinedBox F:ZAH[A] A& T M 4%, Itk A BB S
Bl B T Mg —IK.

75328 (Floating-Point Operations, FLOPs) [f
Bl i TR R TR, HiR s AR
Fe iz (Multiply-Add Operations ). X434 {4
FAHE | Fast R-CNN 43 % [ 4 &8 247 120.0M (million)
4~ FLOPs, [ RefinedBox 7 ¥ ZERERA 3.2M
A~ FLOPs. [, RefinedBox 4337 H &M HAR 145
HPEYTHETT R

3.3, EIMmp

Xt T RefinedBox [l 25, & BEVLES E T B
(Stochastic Gradient Descent, SGD) 7/t &#F 2 M
— R MG A% 256 AN HEFHE A SR I ZRAE AR 4 2 T
1o TER—Htrp, FrRFEIEERE 2 IR, —2F
HMtikEAs ., B % (Intersection-over-Union, IoU) 2§
PIAHE A AZ AR 5 H AR T AR R L. TESRAFHE 5 FUE
HERY ToU EESFEZ /DK 0.7, 1M HFORAEHES B R K
IoU H&RTE [0.1,0.5) ZI[A]. #IIa% > FRER le-3,
HAE 12 MTT/ERPA 10, SGD gdtizf7 16 ~427t.

AT g, AN EEA 256 Sk H
[F— R Y R Ha#E . 5 Fast R-CNN [3] H—#f, X
ey AHERE A 25% MR S EUER ToU SR /D
H0.5, BTN IEREAS . A1 AR S EAE )
K IoU EESRLEXE [0.1,0.5) M. {#if] RefinedBox 4
BT 1000 MEREIEA TR xR0 12 A~400t, 2F
S FH 1e-3, MXT 4 4 N4EIT, 2= FERPA 10,
XTI, AR EMR AU A RefinedBox HYHT 10 M4k
1E. M2 T, BamwikiEtz ik (Hilan Edge Boxes
i Selective Search) Jf# 7 AL T MERE. FATET A
TR RS SEL T TR R T . IR A —
GTX TITAN X GPU _F#£7H).

Lhttps://github.com /rbgirshick/py-faster-rcnn

% 1: 7 PASCAL VOC2007 Ji4E 16T DR MUIFIIZER (%). Refined-
Box'. RefinedBox?. RefinedBox®. #il RefinedBox* 4} 5| /RE T Edge
Boxes, MCG. Selective Search fil RPN [#] RefinedBox.,

DR (IoU=0.5) DR (IoU=0.7) Time
WIN | 10 | 30 | 50 [ 100 | 10 | 30 | 50 | 100 | (5)

BING 37.5 | 51.0 | 60.4 | 70.1 | 16.9 | 20.2 | 22.5 | 24.4 | 0.003
CSVM 40.8 | 56.1 | 64.2 | 74.3 | 16.2 | 20.9 | 23.1 | 25.5 | 0.33
EdgeBoxes | 45.9 | 60.0 | 66.7 | 75.4 | 31.0 | 43.8 | 51.1 | 60.8 | 0.25
Endres 54.8 | 68.9 | 75.6 | 83.3 | 35.1 | 47.1 | 52.2 | 59.0 | 19.94
cop 13.7 | 29.5 | 40.7 | 60.0 | 0.7 | 15.6 | 22.3 | 35.6 | 0.29
LPO 38.2 | 59.4 | 66.4 | 75.3 | 17.5 | 34.8 | 41.3 | 48.8 | 0.46
MCG 51.7 | 69.3 | 75.8 | 82.1 | 30.2 | 45.4 | 51.7 | 60.1 | 17.46
Objectness | 38.2 | 50.2 | 56.4 | 65.4 | 17.4 | 22.6 | 25.0 | 29.3 | 0.91
Rahtu 34.3 | 46.9 | 53.3 | 62.3 | 21.9 | 32.1 | 38.1 | 45.8 | 0.67

RandomPrim 34.4 | 50.7 | 59.2 | 70.7 | 16.4 | 28.1 | 34.4 | 44.5 | 0.12
Rantalankila 06 | 3.1 | 6.5 | 149 | 0.2 1.2 | 26 | 7.4 | 3.57
SelectiveSearch | 37.1 | 54.3 | 61.8 | 71.8 | 19.9 | 32.7 | 39.6 | 49.4 | 1.60
RPN 60.1 | 73.8 | 80.7 | 89.0 | 32.9 | 47.6 | 54.5 | 64.4 | 0.10
DeepBox 58.1 | 71.8 | 77.2 | 84.5 | 40.7 | 55.4 | 62.7 | 70.9 | 0.45
DeepMaskZoom | 61.8 | 78.5 | 84.7 | 91.0 | 44.2 | 58.1 | 63.8 | 7T1.1 | 1.20
SharpMaskZoom | 62.6 | 79.5 | 85.4 | 91.9 | 47.0 | 60.9 | 66.5 | 74.0 | 0.57

RefinedBox! | 80.4 | 88.3 | 90.6 | 92.7 | 67.9 | 76.4 | 79.2 | 82.4| 0.31
RefinedBox? | 80.5 | 87.6 | 88.8 | 89.6 | 68.2 | 75.2 | 76.4 | 77.1 | 17.52
RefinedBox® | 79.2 | 86.4 | 88.2 | 89.7 | 68.6 | 76.1 | 78.0 | 79.6 | 1.66
RefinedBox* | 79.5 | 88.6 |90.8 | 92.4 | 65.3 | 75.2 | 77.6 | 79.5 | 0.16

4.1 FERE

B dl: FATLEWAS ) 12 60 0 VRS D0 £k 46 L7
WY FHE R Y, B PASCAL VOC2007 [24] fil MS
COCO [25]. PASCAL VOC2007 $i#ii4E [24] By 2501 8
Y. 2510 FKIGHER 4952 5K ER AL, BT EI15ER
WA AN 20 NPAZEBIFIFRTE . FATHE VOC2007 (1)
trainval £ (YIZRAEEIESE ) EUIZEIRL, I7E VOC2007
I A TR . MS COCO $idiidE [25] Hy 82783
kU2 AT 40504 RIGIF IR AL AL . FATIFHN 25
TN, FFILEGIEEE TP R HERR R I .

LRI IR TR B A P AR ) AT
AR, FATRE TR B J5IA-5 A B9 R A YRR
DA T R, AR T AR 2 I B 73k, 4 BING
[17]. CSVM ([33]. Edge Boxes [10]. Endres [30]. GoP
[37]. LPO [31]. MCG [11]. Objectness [32]. Rahtu [29],
RandomPrim [27], Rantalankila [28] F Selective Search
9], BAC T B T VR STk, 4 RPN [14]
DeepBox [19]. DeepMaskZoom [15] #1 SharpMaskZoom
[16]. Frfdi Y DeepMaskZoom Fil SharpMaskZoom 43
55 DeepMask [15] #1 SharpMask [16] A& GAS . F&
MTEE SR ETRAT U MR L. A5, Xt



Recall at loU above 0.5

To)
o 0.8
o
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@ o
o
S
04
:é ——DeepBox
w ——MTSE-EdgeBoxes
S 02k —— EdgeBoxes-default
3 EdgeBoxes-NMS-0.9
I\ = ours: RefinedBox
0 | | )
10° 10" 102 103

#WIN

Recall at loU above 0.7

09
™~ 038
o
07
o
% 06
8
; 0.5
B 04 r 7
= 03 —— DeepBox
— ——MTSE-EdgeBoxes
§ 0.2 ——EdgeBoxes-default
& o1 EdgeBoxes-NMS-0.9
= ours: RefinedBox
0 : ‘ :
10° 10° 107 10°

#WIN

A 3: PASCAL VOC2007 ¥4 EAREALEE RN . XA B4 312 RTE ToU BIEA I8 0.5 (4) 0.7 (F) FRIEENHE PR vs. ) AIfEEEL
(#WIN). EdgeBoxes-default {#iJf] Edge Boxes [10] J7iERIERIAS S, EdgeBoxes-NMS-0.9 FFAEM KAEINH] (Non-Maximum Suppression, NMS) 1S5k

Uk 0.9,

T PASCAL VOC2007 ##iadk [24], AKX LT IR
A R A i A B T DO W (A DI AE R Frast
R-CNN [3] Hr, PASET7EM (A I o D0 77 4 S5
FATRY IR, FATAI T35 7T DA (A D0 A s Joi
PR, I HACRMR .

fabs: N TR AR, FRATEE B FE AR A PR
il H B # (Detection Recall, DR) . ‘P H{EESXR
(Mean Average Best Overlap, MABO) FI -1y ] %
(Average Recall, AR). il F % (DR) iAh24HE(E
YRS — AU RS ToU BES X KT HER, B4
A XA EAEW AR E] T TR 2 5
FEEAEESR (ABO), FATHE (BT H3EM)
— FEAEARTE 5 R AE Y G A B PR HE R 2 A Y A
IoU H&ZR, FXHZIEN i i BED R F- 17 2)
MABO & SCHFTA 2518911 ABO [9]. Hosang %
A B8] 5IAT AR, PATE— @ BEM YRR ToU
BB N [0.5:0.05:0.95] FHFHE R,

4.2. & VOC2007 $4% & Loy th bt kAR 6935

XHL, FRATE SR T Y RefinedBox 5 HABLY)
AT VAT IR, £33 DeepBox [19] il MTSE
20]. B3R TARFMEEA 2 I e g5 28 .
fi1i%4% Edge Boxes [10] S AE ik A BX L0 5L 1)
WIRRHESE , (E 2 FATTRE AR R AE 0 1 i BN S EON
0.75 BUH 0.9 KRG HZHEEME . FRATRI, Y4 ToU
>k 0.5 F1 0.7 &}, Frigih Y RefinedBox 35 b HiAth 7
VRS TR S A A A Tl R, B A YA Z TRl

2% 2: #F PASCAL VOC2007 ik 4 F X1 AR, MABO #il mAP (45K
RAEF 10 NPRHEER P AR EERE) FITFIEES (%), RefinedBox!. Re-
finedBox? . RefinedBox® #1 RefinedBox* 4}~ & T Edge Boxes, MCG.
Selective Search #1 RPN Y RefinedBox.

AR MABO

mAP

WIN 10 30 50 | 100 10 30 50 100
BING 16.5 | 21.3 | 24.6 | 27.9 | 37.9 | 45.7 | 50.5 | 55.7 | 34.4
CSVM 17.0 | 22.7 | 25.5 | 29.1 | 40.3 | 49.2 | 53.1 | 57.9 | 35.7
EdgeBoxes 26.3 | 36.3 | 41.3 | 48.0 | 45.3 | 55.7 | 60.4 | 66.2 | 39.1
Endres 31.1 | 40.5 | 44.8 | 50.6 | 51.2 | 60.9 | 65.1 | 70.2 | 42.8
GOP 6.8 | 14.6 | 20.7 | 31.9 | 19.8 | 35.2 | 44.0 | 56.4 | 13.3
LPO 17.2 | 31.1 | 36.7 | 43.2 | 41.1 | 54.6 | 59.7 | 65.7 | 34.5
MCG 27.6 | 40.5 | 45.9 | 52.9 | 50.1 | 62.1 | 66.5 | 71.6 | 41.2
Objectness 16.8 | 22.0 | 24.6 | 28.8 | 39.4 | 46.5 | 49.9 | 54.8 | 34.9
Rahtu 18.5 | 26.5 | 30.8 | 36.8 | 37.2 | 46.5 | 51.3 | 57.3 | 32.4

RandomPrim | 16.1 | 25.8 | 31.3 | 39.6 | 37.9 | 49.6 | 55.3 | 62.6 | 31.9
Rantalankila 0.2 1.2 2.7 7.0 4.1 85 | 12,9 | 223 | 24
SelectiveSearch | 18.6 | 29.8 | 35.5 | 43.6 | 40.0 | 52.0 | 57.4 | 64.3 | 34.1
RPN 28.4 | 38.1 | 42.7 | 48.9 | 50.8 | 60.6 | 65.0 | 70.1 | 54.1
DeepBox 33.9 | 44.5 | 49.2 | 54.9 | 52.9 | 62.8 | 66.9 | 71.8 | 50.9
DeepMaskZoom | 37.1 | 48.5 | 53.2 | 59.1 | 55.6 | 67.6 | 71.6 | 76.0 | 52.7
SharpMaskZoom | 39.7 | 51.5 | 56.1 | 62.0 | 57.0 | 69.2 | 73.1 | 77.3 | 53.5
RefinedBox! 53.0 | 58.7 | 60.6 | 62.4 | 68.4 | 74.1 | 75.8 | 77.4| 65.4
RefinedBox® | 53.7 | 58.4 | 59.3 | 59.8 | 68.9 | 73.8 | 74.7 | 75.3 | 65.2
Refined Box® 53.5 | 58.7| 60.0 | 61.1 | 67.9 | 73.2 | 74.6 | 75.8 | 65.5
Refined Box* 49.8 | 56.1 | 57.7 | 59.0 | 66.6 | 72.9 | 74.3 | 75.4 | 65.0

ZEWAER R MEIREGAE— TR, RefinedBox
1E 1oU 0.5 #il IoU 0.7 mf A& 004 [ml 5535102 43.2%
M 34.2%, TiE4s Edge Box BYH HZ 4 5128 29.1%
M 15.2%. M4h, RefinedBox 7] PA-5 f5 22 1) ) 1446 )
=B R H H RefinedBox [ H A )ZAEITHE &
RGN, HIL RefinedBox 12—/ i 00 #6 I AE 22,
5Bz b, RefinedBox 1 Ji5 £ 9 44 I 1) G B[] Y AR SR
{)F Faster R-CNN [14], &5k EER KAFE 0.13 Fb.
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#F 3. 76 MS COCO BiFfE L% T DR HIFMEs 4 (%) . RefinedBox!.
RefinedBox?, RefinedBox®, #l RefinedBox* 4> #|3E /R T Edge Boxes.
MCG., Selective Search #il RPN [/ RefinedBox.

# 4: £ MS COCO HiiF£E F X+ AR Ml MABO WiFZER (%) . Re-
finedBox' . RefinedBox? ., RefinedBox® , #il RefinedBox* 43 |3/~ T Edge
Boxes, MCG. Selective Search fil RPN [#] RefinedBox.,

DR (ToU=0.5) DR (IoU=0.7) AR MABO

WIN | 10 | 30 | 50 [ 100 | 10 | 30 | 50 | 100 WIN | 10 | 30 | 50 [ 100 | 10 | 30 | 50 | 100

BING 11.8 17.3 | 22.4 | 28.8 2.1 2.8 3.5 4.2 BING 3.5 5.0 6.4 8.0 16.3 | 21.7 | 25.5 | 31.0
EdgeBoxes 177 | 262 | 307 | 37.7 | 11.4 | 18.1 | 21.8 | 2755 EdgeBoxes 9.9 | 151 | 17.9 | 22.3 | 21.0 | 282 | 32.0 | 37.6
GOP 11.3 | 22.7 | 30.0 | 41.1 7.3 13.8 18.1 25.1 GOP 6.6 12.5 16.4 | 22.6 15.2 | 274 | 33.9 | 42.3
LPO 151 | 266 | 322 | 421 | 7.0 | 14.4 | 184 | 24.7 LPO 6.9 | 134 | 169 | 22.6 | 20.8 | 30.4 | 35.3 | 43.1
MCG 245 | 36.7 | 425 | 50.6 | 14.7 | 23.5 | 28.1 | 34.6 MCG 13.6 | 21.3 | 25.3 | 30.9 | 27.5 | 37.9 | 42.9 | 495
Objectness 13.9 | 209 | 25.0 | 316 | 58 | 83 | 97 | 118 Objectness 58 | 85 [ 101 | 12.7 | 185 | 24.5 | 27.6 | 32.2
Rahtu 12.2 19.7 | 24.1 30.1 7.4 12.6 15.9 | 20.6 Rahtu 6.5 10.7 | 13.3 17.0 16.3 | 23.1 26.8 | 31.9

RandomPrim 12,9 | 224 | 282 | 37.2 | 6.2 11.7 | 15.3 | 21.4
SelectiveSearch 12.2 | 20.1 | 24.6 | 31.6 4.5 8.7 11.5 | 16.0
RPN 30.6 | 46.2 | 55.1 | 65.0 | 19.8 | 31.6 | 38.4 | 46.6
DeepBox 219 | 32.3 | 384 | 47.5 | 14.8 | 23.0 | 27.8 | 34.7
DeepMaskZoom | 37.4 | 52.6 | 59.1 | 66.4 | 28.4 | 40.3 | 45.6 | 52.2
SharpMaskZoom | 37.6 | 52.9 | 59.4 | 66.6 | 29.3 | 41.5 | 46.7 | 53.2

RandomPrim 6.1 11.1 144 | 19.7 | 183 | 27.2 | 32.1 | 394
SelectiveSearch 5.0 8.9 114 | 154 | 175 | 245 | 28.2 | 33.6
RPN 16.1 25.0 | 30.2 | 36.1 | 29.3 | 41.2 | 47.7 | 55.0
DeepBox 125 | 189 | 22,5 | 27.8 | 23.9 | 33.2 | 38.2 | 454
DeepMaskZoom | 23.6 | 33.5 | 38.0 | 43.4 | 35.6 | 48.6 | 53.9 | 59.6
SharpMaskZoom | 24.6 | 34.8 | 39.3 | 44.7 | 36.2 | 49.3 | 54.6 | 60.3

RefinedBox! | 44.7 | 57.1 | 61.8 | 67.3 | 37.9 | 48.0 | 51.8 | 56.2
RefinedBox? | 45.4 | 56.9 | 61.2 | 65.9 | 38.3 | 47.3 | 50.5 | 53.6
RefinedBox® | 44.4 | 56.5 | 61.3 | 66.8 | 38.5 | 48.9 | 53.1 | 57.6
RefinedBox* | 44.6 | 57.3 | 62.4 | 68.1 | 38.3 | 48.6 | 52.6 | 56.7

RefinedBox! 30.3 | 37.9 | 40.7 | 43.9 | 41.0 | 51.0 | 54.8 | 59.1
RefinedBox? 31.3 | 384 | 40.9 | 43.4 | 42.1 | 51.8 | 55.3 | 59.2
RefinedBox® 309 | 38.8 | 41.8 | 45.2 | 41.0 | 51.1 | 55.1 | 59.6
Refined Box* 30.4 | 38.2 | 41.1 | 44.3 | 40.9 | 51.3 | 55.4 | 59.9
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