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# 1: £ PASCAL VOC2007 WIi&4E 156 T DR MSFIISE S (%). Refined-
Box'. RefinedBox?. RefinedBox®. #ll RefinedBox* % ##& /R T Edge
Boxes. MCG. Selective Search 1 RPN ] RefinedBox.

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

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
GOP 13.7 | 29.5 | 40.7 | 60.0 | 0.7 | 15.6 | 22.3 | 35.6 | 0.29
LPO 38.2 1594|664 | 753|175 |34.8 |41.3 | 48.8 | 0.46
MCG 51.7 |1 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 34.3 146.9 | 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 | 65 | 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 | 71.1 | 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

GTX TITAN X GPU #4717,
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[17]v CSVM [B3]. Edge Boxes [10]. Endres [30]. GoP
B7]- LPO [31]. MCG [L1]. Objectness [B2]- Rahtu [29].
RandomPrim [27]. Rantalankila [28] #I Selective Search
9], DA Kol 5 T IR FE 22 I 19773, W RPN [14].
DeepBox [19] DeepMaskZoom [15] A1 SharpMaskZoom
[16]. {1 DeepMaskZoom # SharpMaskZoom 43
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l 3: PASCAL VOC2007 ¥#i#E FARFALEIEKPEN . X AT B RR1E ToU BIES AN 0.5 (F7£) 1 0.7 () FNIERINE E R vs. Yk
¥ (#WIN). EdgeBoxes-default {§if] Edge Boxes [10] HFiEMIZRINSH, EdgeBoxes-NMS-0.9 ¥ M K{EHIH] (Non-Maximum Suppression, NMS) [f]

SHEN 0.9,

5l f& DeepMask [115] Al SharpMask [[16] FIH LA . 3
ITE e 5 RS TAT U R R L. R )E, X
T PASCAL VOC2007 ##E4E [24], FATHF X LL 77
A RSP AR R S N B T DI P AR R I HE 22 Fast
R-CNN [B] ", DUE T ZEW A4S I v P70 HE 75 1) o B
WA TIR R, FRATI 02 0T LI A Aar I A2 s v ot
BRI BRI .

$e¥R: AT VENIIARHERE, WAV A IR Wik
A Bl Z (Detection Recall, DR) . “FHREESEK
(Mean Average Best Overlap, MABO) F1-F-14)# 5] %
(Average Recall, AR). faill #[r1% (DR) A4 HAE
MRS — NIRRT ToU B &2 KT BMER, A5
INNIXAS BEAEIARBAR B T o 8 T TSR e SR 1 F 88
RAEESE (ABO), BAHE (8 TR F—HE
PRt -5 9 AH B UG A B AR HERE A K B i ToU HE
B, FERRZIA T B T BT T35 . MABO
W A 5035 ABO [9]. Hosang 55 A\ [3§]
FINT AR, LOHHE—EHEMEHETELE oU BfH AN
[0.5:0.05: 0.95] FHI T A,

4.2. £ VOC2007 %% % L &gt K A% 4915 )

B, BATE ST I RefinedBox 5 H Ak
PRHEFER AL 7 VLT LU, B4% DeepBox [19) A1 MTSE
2d). EHRR T AR RS 2 G s R 3R
{114 Edge Boxes [10] 2 i A B £ 0 46 5035% 1
VIR, ERTRA T AR (0 ) 1 BR A B BN
0.75 BN 0.9 RIRAFHE ZHEEE . AT, 4 ToU

# 2: £ PASCAL VOC2007 Jlik4E L% T AR. MABO #l mAP (%}5K[&]
BAEF 10 ANEHER AR PE RS BOTFIINZS SR (%) RefinedBox! Re-
finedBox?. RefinedBox?® fll RefinedBox* 4} %%/~ % T Edge Boxes MCG.
Selective Search 1 RPN ] RefinedBox.

AR MABO

mAP

WIN | 10 30 50 | 100 | 10 30 50 | 100
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GOP 11.3 | 22.7 | 30.0 | 41.1 7.3 13.8 18.1 25.1
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