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Abstract: In order to solve the low recall problem of the region proposals in object detection, the object region proposals algorithm, which

combines neural networks and superpixels, was proposed. The edge features, which can be represented clearly by neural networks, were extracted

from the images to be detected, and the score of edge information for per sliding window was computed by the strategy of edge clustering and the

affinities between the edge groups. The several superpixels of this images were obtained by simple linear iterative clustering algorithm, and the

salient object score of a superpixel was calculated using the location, integrity of this superpixel and the contrast with neighbors. The salient objects

score of per sliding window was received by these saliency scores of superpixels according to the Euler distance strategy between the sliding window

and these superpixels. The region proposals were determined by two components including edge information scores and salient object scores. The

comparative experiments were conducted in PASCAL VOC 2007 test set, and the experiment results show that the proposed algorithm can fast

generate a set of region proposal with higher localization.
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0.6.0.7 i}, PRPRA4 B ik 21 55z =i 1) A [0 5 %)
THUNRSE H AR, PRPA4 7E ToU =0.6.,0.7 B, A
ARATH I H I A [l AE ToU = 0.5 I, I {IR T+ SS 57
I [R5 2545 45 S IR T] TR 7 Ak P
KRF Hbsi , PRPA4 GEASAE 5t 9 H b

= A

HLHL =)

2.5 RCF W& R BEMEEIFHEERISE XN

f#i ] Canny Jz RCF W Ffr iy 2% 46 I 53 (15
HHZH a=0.2.7=0.8), #E 500 {MEELAE,
1E VOC 2007 56 3E 45 b i 4790 3k, S 58 45 52 WL
#3,
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Tab.3  Performance of different edge detectors

il H IR/ %

HF U =0.7 U=0.9
Canny  47.69/47.95 10.26 5.47/5.36  10.11
RCF  69.05/69.22 10.17 9.94/10.15 10.21

3R/ M RG] A
I3RS/ AR 5 | 5 P 1 A T 85 45
TR A B R AT L AR R
TR,

H# 3 W LIA W, Canny B F7£ loU =0.9
BF, AL AR5 05, A A PR (R T
0. 11% ) FEHRMTHEI T, 51 A W& AR5 20T
VA T X 35 174 SO i

T35 T, TEAR A & A5 50 0, AT
Canny 5+, RCF £k Bt 9 B b 468 25 HE 19 43 [1] 32 1]
WAEE . P, BE T R 28 0 2% A i ) 300 % v
UE LR PR A 533K T 8 A AT By 4 v i A
H s e e AE 1 i i
2.6 FFiRE %7 Fast RCNN E#&IERERI R

S 5 BT HR B R AR R MU HE S Fast RCNN'T
AR MERE . FEHC T Fast RCNN (1% 3 R AR
43 3] S : Model-S ( Bl CaffeNet ) . Model-M ( B[I
VGG_CNN_M_1024) Model-L( B} VGG16) .

TEHC 2 ZH X G S 55,2 000 4> e HE 7E Fast

RCNN [ 3 i iy A ks B W 4

1) REYNGR, Pl SS 531 AE il i) ik e HE
(VOC 2007 Y|Zx4E) , 233N 2k Fast RCNN f4 3 fift
BAY, SRAT NS H, HF X5 oAt 9 Ffvfoe 1 X B GA 1%
A I A e HE R A7 320 ( VOC 2007 304 ) , H:
£V 1) S B K I B ( mean Average Precision,
mAP) 73BT 4 RS/ A,

2)FllZk, 7E 10 Fpfoe e XA 4 B A2
I EHE (VOC 2007 Y4 ) |, 43 51l 5 Fast
RCNN 11y 3 FEAY (i HIIZR S5, 70550 D i 4% 5
PAE AR b AR ) i AE (VOC 2007 ) 12X
) AR AL TR 4 thAF 5/ il

T4 fFT + T AARKIRE BE mAP {43
e £55 =743 mAP {HiEVN

1 4 AL AR A AT Model-M v, 75 R
HIYNGR” B9 15 0T, PRPA4 1 46 DU K B2 22 00 T
Edge Boxes 51, X ] PRPA4 B S5 4 =y 1 ek
IR B, 72 EIIZ” 1E 00T, PRPA4 7 3
TR A v, A6 RS 32 X5 B0 T Edge Boxes 1%
[FI, 7 Model-M ;. Model-L %I th  PRPA4 4 §E
A% e e 1) mAP {H, 3 1 5] PRPA4 BEA2 K15
o B AR 8 E B s X

WA, R4 ] & B .12 Object-ness .BING |
Edge Boxes, PRPA4 B ¥, 7 Model-S ., Model-M .
Model-L. 1 3 Fisd B vpr | Bl 25" 44 fE KM 4 55
EUAR i A6 00 4 B2 RS B2 T 19 28 Ak 38 L
1.64% ~8.40% ) ,

&4 2000 MRIEHEA Fast R-CNN K 3 FhiREY a4 MIHE =
Tab.4  Detection precision of 3 models of Fast R-CNN using 2 000 region proposals

%

. Model-S Model-M Model-L
Sk mAP Atrain mAP Atrain mAP Atrain
Object-ness 46.13 / 52.26 + 6.13 46.31 / 54.71 + 8.40 57.74/ 65.02 + 7.28
BING 41.11 / 46.62 + 5.51 43.03/ 50.26 +7.23 55.95/ 62.08 + 6.13
CPMC 55.65 / 53.23 - 2.42 57.27/ 54.69 - 2.58 65.10 / 63.40 - 1.70
SS 58.21 / 58.21 + 0.00 60.04 / 60.04 + 0.00 67.59 /67.59 + 0.00
Edge Boxes 55.79 /57.77 + 1.98 57.80 / 60.90 + 3.10 67.26 /68.90 + 1.64
Rantalankila 55.81 / 54.49 -1.32 58.06/ 55.93 -2.13 64.73 /63.71 -1.02
Rand. Prim’s 57.74 / 56.95 - 0.79 60.31/ 58.94 - 1.37 67.40 / 67.10 - 0.30
MCG 58.22 / 58.49 + 0.27 61.06/ 61.02 - 0.04 68.45 /68.23 -0.22
Geodesic 57.28 / 56.62 - 0.66 59.40/ 58.67 -0.73 66.29 / 65.18 - 1.11
PRPA4 55.40 /57.84 + 2.44 57.83 /61.33 + 3.50 66.86 /69.24 +2.38

FEFR 4 [ Model-S 5B pr, “ H Il 257 1)
PRPA4 IS mAP £/ F MCG Bk N
UEHIIE LR B A, e B S o

HH &S AT, 2532 3 Lk ToU BUE # 0.8 ~1.0
), MCG 8836 A= B 0 e E HE 22 H PRPA4 (1 45 [
RiE X F W M LT PRPA4 89, MCG 854
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JR F AR B AE A S 1) H AR EAE A 5 A
B AN BRI R 45 Model-S I 2k, i T
T2 M 25 AN RE AR 4F st A H AR 09 18 LA 8,
PRPA4 5330 A B A7 o 15 AR R 852 2 1) H o Ak 1k
fEo HITFEIATHIMNY T AR L, HAF RS
JEZL/INT MCG 5595 A i) H s e 1 HE i) A6 0
I o

17 B8 & A I K9 2% B TR A, 0 Model-M K
Model-L 57 B, 3k £ ) 2% RE 6% AR 4 b 1A H b
3 SCAR L s AR ZRok P IS ) i A v, RO

T MCG 553, PRPA4 B3k A5 1) H Fr e BEAE A
B L IEFEAS (Positive Samples, PS) |, 3% ¥ 4ig 17
AR H bR A I E R FE . P FE Model-M
Model-L AR H {1 EI LR AL, PRPA4 AR
1) H A 2 HE 1) ~F- 7G4 32 8 1 T MCG B3

5 B T AERE Model-L F EHK 2 000 4>
fo AR , “ HYNZGR B, 253248 VOC 2007 )it
& FRRIREEE . W, AN g 20 2K H
PRI mAP {5 b, B2 FARA B i 1 I0KS 2
(B AR AR

5 VOC 2007 it See 20 2 BARAOK TS
Tab.5 Detection precision of 20 classes objects on VOC 2007 test dataset

%

=73 aero bicycle bird  boat bottle  bus car cat  chair cow table dog horse bike person plant sheep sofa  train v mAP
Object-ness  66.92 72.21 64.27 52.02 37.64 75.50 75.63 78.42 45.99 72.72 60.13 81.08 79.44 71.78 66.26 34.79 64.10 62.88 74.22 64.32 65.02
BING 63.96 68.14 62.58 44.76 43.94 68.12 75.30 78.40 40.86 71.86 62.40 72.60 75.54 67.61 65.09 27.86 61.18 60.66 70.52 60.29 62.08
CPMC 67.63 67.88 61.68 51.25 29.71 77.05 73.76 81.95 35.81 72.33 67.55 79.50 78.65 72.25 63.50 26.90 61.27 63.48 76.50 59.38 63.40
Ss 72.59 79.07 70.79 57.42 39.43 75.54 78.73 78.49 45.58 73.15 68.20 77.34 78.57 74.69 72.60 32.98 68.44 67.47 75.25 65.49 67.59
Edge Boxes 68.04 78.32 67.63 57.37 48.24 80.28 78.37 80.07 49.25 74.15 66.72 81.47 80.44 77.28 74.71 36.91 71.87 66.29 75.91 64.65 68.90
Rantalankila 69.65 69.27 65.64 49.45 29.49 76.04 69.28 83.66 37.87 71.11 69.30 76.96 79.84 74.18 63.38 25.15 63.58 65.83 75.54 59.01 63.71
Rand. Prim’s 76.28 77.27 69.43 51.44 34.55 78.78 76.14 83.05 44.74 74.09 70.04 82.33 78.87 77.04 66.10 29.96 64.77 67.04 78.21 61.92 67.10
MCG 71.57 77.60 67.54 55.40 44.27 82.28 78.60 78.71 49.65 73.73 68.76 77.02 80.34 74.64 74.00 36.09 64.23 67.37 77.76 65.12 68.23
Geodesic ~ 67.68 75.93 64.04 52.13 35.15 77.48 77.54 79.18 42.12 73.09 64.40 76.59 79.72 72.70 67.15 29.36 65.04 64.79 75.92 63.65 65.18
PRPA4  69.42 78.86 71.28 58.58 47.54 81.16 78.90 83.64 49.41 74.14 65.28 81.74 80.68 75.62 75.39 37.96 69.93 65.26 74.81 65.27 69.24

o1& 5 Al D Fr 48 5 1k PRPA4 714 Al
“bird” “boat” “ car” “ horse” *“ person” “ plant” }: 6
AR EERER AT, X R AEE S Fik g5t HAR
I, AT G ] PRPA4 B0k s @5 Hifth 9 Ao ik
FAEG , T S50 1 ARG DU A 82 Sy d5e e (L 1Y) H AR
6,ILIL KT SS ik (4 Fi) (Edge Boxes 571 (4
1) .Randomized Prim’s ¥ (3 Ffr) |, X 2 W fr 2
SR ARSI P B A B R Y M s D P HR AR 1Y
mAP {H % 5
2.7 FREZEMEBEEXNE

SCHR[ 28 T A A 101 2 | i 32 DX sl ) 7 A3 o
H (Proposal Localization Quality, PLO) I % & 19
18 8 %4 & ( Computational Efficiency, CE) 3 i B
AR BT A B A BE XS I i . AR SO T
A& 1 A 1] 3R 5 5 B AR I IR BT A B 45 5
VY SE AL BT 5 s R RO IR IR O i A A%
BRI PERE

T EIE AR h A 2 1P Y e S
& (Mean Average Best Overlap, MABO) i 5 fiz %6
DI Y S O A

7 g ifed 1000 /e e HE I, 45 328 [X 35
SE A [a] 38  MABO DL K iz 55 1f [] i % L ]
& 7 (a) I : BING 53032 f i i [a] e 6, {H 2 44

[ A% s PRPA4 553K Jie it B (8] AR 500, {H 204
eI R d B 7 (b) Al 1 PRPA4 S35 1
MABO #%i MCG %3k, {H iz 55 i} &) i /)y F MCG
Bk DAL, Wik SRk A R It T, sk RE R A
1 JO R P 1 DX S
2.8 FREZEHBRENER
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Tab.7  Performance comparison of region proposal

methods on VOC 2007 dataset
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Fig.8 Object detection results of region

proposals algorithms
3 Fig
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