EORE
XA T faster-rcnn &k,

faster-rcnn JR1IE

W) demo F1 7 ZF 1 VGG16 M g4k, A BN VGG16
EEE A

VGG ILSVRC 16 layers

s
.
o
.
i ——— |
B ety -

EHET 13 R M T VGG FRIURFIE, T EFRS A 2R ILZ



rpn_convi3x3

rpn_reluf3x3

pn_cls_score

rpn_cls_score_reshape rpn_bbox_pred

rpn_loss_cls rpn_loss_bbox

|

rpn_cls_prob_reshape

'\a

propaosal
/
roi-data
\H\M
¥
roi_pool3

fcé
relut

dropé

cls_score

bbox_pred

loss_bbox

. classifier

Rol pooling

proposals

/

Region Proposal Network4 2

feature maps

¢ .h'!

conv layers I

Vo <Y LIRS

o e r—




test M%%

conv D pooling.

MxN 134 conv &, 134 relu &, 4 4 pooling &

Faster RCNN 4&

==L UL TR AN e

Feature Map <«—

18

Reshape [—»{Softmax —»1 Reshape [—¥| Proposal

PAS

36 /

BEDER

1 . Conv layers. {5 —#Ff cnn %5 B#Rr4€M A9 7554, faster_renn &5 fE F—AER,

conv+relu+pooling Z12EX image 1 feture map, 1% feature map #H£Z BT /%49 RPN

EMeEEE.

2 . Region Proposal Networks.RPN Z2 faster-rcnn s K= 5, RPN RZ& T4 B,
17 softmax #|#T anchors j§F foreground = background,

region proposcals.iZZi%

F) B box regression {&1F anchors 3%1545%4a3 propocals (anchors th Z2{EEZH CiRH Sk

B, EEHEMNSIAEHH)

2%

™,

im_info

3 . Roi Pooling.izEi & \HJ feature map F1 proposcal, ZE&iXLE(5 EIREX proposal
feature map, ENGELENEEZEHEBREH,
4 . Classification. #|/] proposal feature map it% proposcal 255, [&]Hf F
X bounding box regression FR 154 I AE (1) f 245 i Hh o7 B



HE

1 . Conv layer

7t input-data J2IF, 1EF AR B reshape il MxN K/ & Fr

conv layer HE.% T conv relu pooling =FiZ, 5t VGG16 i, #tH 13 4 co
nv =, 134 relu )2, 47 pooling JZ. 7E conv layer H':

1.0 1) conv Z# /& kernel_size=3,pad=1

2. 514 I¥) pooling JZ# /& kernel_size=2,stride=2

P kol
- ~
- s
- ~
- -
- S
- -
- .
- ~
- ~
- ~
- ~
- ~

3% 3

M+2)xX(N+2) M X N

Conv layer H'ff] pooling JZ kernel_size=2,stride=2, ix#£{§i154id pooling |2
i MxN ifE, #SAEY(MI2)*(N2) K. 4 F ik, 7E¥A4 Conv layers 1,
conv 1 relu EABAR AN H i K/, A pooling JZ A58 4 H A< B8 # AL i A HY
1/2,

M2, —A MxN K/NRIFEREZ T Conv layers [H 5228 H(M/16)x(N/16) ! X FkE

Conv layers 4= i) featuure map &R AT DLATJE BT RS SR .

Z . Region Propocal Networks
(RPN)

22 LIRS DN g R AR ORI AE B3 5 #ERT, 41 OpenCV adaboost {5 F 8 3 & 1+
B & p B85 4 IR IIHE ;. 54 RCNIN i 1] SS(Selective Search) /7245 Bl
HE, 1M Faster RCNN N3 TSR sh % D f1 SS 7k, EHifH RPN 4
RRASIAE, XAt Faster RCNN I E KA, BEARHR TR IMIAE (1) A= Rl ik



L] 18
m" “‘*D—--—» Reshape [——®{Softmax || Reshape [—# Proposal ”’.

\ Ixl EAS
qD 36 P N
o im_info
X

FEFEIR T RPN M2 BAkgsE ¥, nLLE R, feature map Zid—> 3x3

GBI G T Wisks, Eiil—2%@id softmax X anchors 4283k 15 foreg
round A1 background (Kl H k5 /& foregrounnd) , RN 2 5025, FrLLlER)

YERE e 2k scores.  NIHIAR A4 H T 115 anchors [#) bounding box regres
sion MW &, LAIRASHRSHIY) proposal. ‘B RI4ERE /& 4k coordinates. fi# /i
i) proposcal JZ Il 71 57 £ 4 foreground anchors A1 bounding box regression

fF% &3 proposal, [F]FF 5 B A /NFIE H 2 5L 1) propocals, 52 W 2% 31| 1x A
Proposal Layer iX 8., #t5ehk | HbrE N K Thae

1x1 E8R1%,3%3 BIR%

ARG A A A S — AP, o I BRRIFRAE AR, B
TEAFEGR G HIOHMBE R KRR HERPm WAL K&, Fril 1xd
GBRSEPR ERR MR R 5, AEAFER channels EETEMEHE (FEE

&), HORE TR WEA S, 4% depth, M58 T 4E B R 4E ) 1)



and
[Ny

a4

o WTHBERG+EESREMER, FIERESEHITT.
o NWTZBERRK -+ ZEREMER, HEARET

layer m-| hidden layer m
wi O
Wi Wi 1 | R
Wi, Wit
--------- '-.=._._:__.'.~.' : wl [
Woo W =1
Wi W

WME, WAEK layerm-1F 4 N@iE, BERE 2 PEFRZw! Flw2, S TFERZ w,
SEBAERR 4 DMBEDHEER, BE 4 DMBEERINEXREE w1 (95RaH | 51



Zw2 £, AN TENERE, TRRAEGAES O RE, HHEGBERREF
TEREHE |

X2 aliE BRI 1x 158, St R A B R I AN B TE I LG IR R 8
INAE—S,  BIAH = 30 R R AR AR %Al ST 38 T I " E kg

anchors

3| PRN %%, #tAGEA DL anchors. ATiIE) anchors, SEZfx_Est 2 —2H i rp
n/generate_anchors.py 4 KI5 . Hiziz{rE# demo H11#) generate_anch
ors.py A LATS 2| UL T 5t :

[[ -84. -40. 99. 55.]
[-176. -88. 191. 103]
[-360. -184. 375. 199.]
[ -56. -56. 71. 71]
[-120. -120. 135. 135.]
[-248. -248. 263. 263.]
[ -36. -80. 51. 95]

[ -80. -168. 95. 183.]

[-168. -344. 183. 359]

Hrp AT 4 ™ME (x1,y1,x2,y2) AEEFIEA EMAE T MR ER. 9 M8
TEIA 3 FIEIR, 3 scale with box areas 7%l & {128*128 256*256 512*5
12} f1 3 aspect ratios 732l { (1:1 1:2 2:1) ), FrbA3t 9 M.



b Filid anchors w51 1IN R T 22 RUBEDT i

vE: RXTLEK anchors size, HELREBHEGNEGZER . £ python de
mo H, &EERK/IMIBAEME reshape & 800x600 (BIE 2 Ff) M=80

0, N=600) . HE:LHKF anchors K K/d, anchors FK 5 1:2 HH KN 35
2x704, K3 2:1 HEK 736x384, EAE cover T 800x600 HIEAREFME
R

anchor IR 4, AFAZ SPP(spatial pyramid pooling) B8 K H .
M SPP & &Rt AWE, BEKARRTHHA resize BOVHE R~ Kk
o BTRL SPP Hj¥iEh 2, WAHRRSFAmE, BHERBIARRST A .
YT RS 3x3 M E 11, AR W LUK ANE 3 A G s ORE B R 46 1 A B A0
o RIEMEERE, XA 3x3WE M, AMNEEKAEDT SPP ks3], 1
XA AR & be s, w2 — /NS anchors. #ef) g, X TR 3x3 E
1, AEFBE ERE 9 AR GG XS H AL, (H X b i 78 J5 a6 B A R i
bR, #RSEA . XA AL, EUENIRISE R, 3x3 & 1 H O s BT B
PR GEE A  p e e itk —k, RN OALE, FRATES AT DURSE A F 5
K wi Luf, ASFE R AR anchors, 39 [l 4E 5 H e Bl 2R i 46 B A B — A X
1, XA IR R SF LR AR bR, #R EL . XA Xk, St e AT EE R prop
osal.# Nk, 4 proposal A1 H i 6 ~~=%, 4 proposal #il ground tr
uth 47 LLES BRI AT AR A =R (2 230 XN E A B cls_scor
e, HT%HA proposal fl groundtruth (147 & & JR~F 2% 5 )\ proposal jiiit



P4 E] ground truth 75220 4 PR 4ESE0 G BB f E bbox_pre
d
I 2k scores | , 4k coordinates ] <mm  kanchor boxes

cls layer \ t reg layer

[ 256-d ]
t intermediate layer

|—ﬁ‘

sliding window

conv feature map

XFEHORIS R MAEIR AN HER], ASFIHEL, JSTHIEA 2 X bounding box regressi
on 1 UG IEASIAERT & o

¥NFE— A, 4s# anchors EENGREZ T, NGFEFSESIER anchors H i
HLi%EHL 128 1~ postive anchors+128 4 negative anchors #1715

softmax ¥| & foreground 5

background

—H MxN K/NEFERE% N Faster RCNN P24 )5, %I RPN 4845 A (M/16)x(N
116), AWitk W=M/16, H=N/16. fEif A\ reshape 55 softmax < i, Z&fft I 1x
1B/

18
A Reshape [——®{Softmax ’l Reshape |- >
%1

% 1x1 BRI caffe prototxt & X F:

layer {
name: "rpn_cls_score"
type: "Convolution"
bottom: "rpn/output”

top: "rpn_cls_score"



convolution_param {
num_output: 18 # 2(bg/fg) * 9(anchors)
kernel_size: 1 pad: O stride: 1

}

.
© 00 N oo o b~ N PP

[EEY
o

A LU ) num_output=18, th il & 28 ik B AR i 1 BB O W xHx18 K/, 1X
WIlZF Xt T feature maps & —> i #A 9 /> anchors, [A 454~ anchors X A]
e foreground 1 background, Bt LAIXEE(E BARLRAELE WxHX(9x2) K /NI HE
[, RMEBLX AL, PN S ) softmax 253545 foreground anchors, k&
A2 F WD $E A T A H bRfiik X 3% box (— A A B ##7E foreground anchor
s H

W2 N AR softmax Tif 5 #i4% — > reshape layer? S H 2 7 T softm
ax 3, BT ARFE R HEM caffe FISLBUE R 1. 7E caffe JEAX
4544 blob H1 DL A AR A7 B -

blob=[batch_size,channel,height,width]

e 1
X% FTH R AE bglfg anchors HERE, HAE caffe blob H £ E AN,
2*9, H, W]. M7 softmax 7335t 35 Eidk 1T fg/bg — 4335, bl reshape layer
2R AN, 2, 9*H, WK/, BB 237 ok — AN ERE DLE softmax 47
%%, 2 )5 reshape [FIEJFIR. Wi—Bt caffe softmax_loss_layer.cpp [ resha
pe REIMERE, ARSI

"Number oOf labels must match number of predictions; "
"e.g., if softmax axis == 1 and prediction shape is (N, C, H, W), "
"label count (number Of labels) must be N*H*W, "

"with integer values in {0, 1, ..., C-1}.";



e 3

. 4
2t EFTiR, RPN M2 f| ] anchors 1 softmax #):5 #2801 foreground anch
ors {E gL XI5 .

softmax ¥k anchors /& 77 J& T foreground 2 background, X H KB4 5L
WIS loss I £\ E ik

bounding box regression /ZEE

/-4 bounding box regression H A KRB . G B BT R SR EGHEN KL Gr
ound Truth(GT), 4Lt N$EHLK) foreground anchors, -4 B8 21 (O HE 4% 43
FAR NN KL, (HR T AL HE E AL AN, X K B 25 T3 TR e il
KL AT DAFRAT IS BE R FH — Rl 7 0 4Lt [PAE AT 10, {475 foreground a
nchors Al GT B 4%t .

v

ST O3RAT B4 & (xy,w,h) RoR, 202 E D S AR bR A1
W, WRE, e AREIEIGR Foreground Anchors, SEEHIHE G /03
HArl GT, HAK BT MR, HEHAELGER anchor A £ BT
R —AMRESLE O G B MEIHE O G, BI45E anchorA=(Ax,Ay,Aw,A

h),GT=[Gx,Gy,Gw,Gh], F-#k —F A it F:{843 F(Ax,Ay,Aw,Ah)=(G’x,G’y,G'W,G’



h),fH (G'x,Gy,G'w,G’h) =(Gx, Gy, Gw, Gh).

MAG LR AR e F A BE B 10 F1fK) anchor A28 A G ? s fay B ) JEL i
e
1.7

G'x=Aw*dx(A)+Ax

G'y=Ah*dy(A)+Ay
2. PR TI

G'w=Aw*exp(dw(A))

G’h=Ah*exp(dh(A))
WMEE LT 4 DN AR, T E2E 352 dx(A),dy(A),dw(A),dh(A)IX P AR
LI anchor A 5 GT MHZEEVING, AT LLA IR A AR i — P4 11 A2 ¥k,
T2 5 AT DA £ (o] AR @A i 3T o (E R, HA 2 anchorsAGT iR
PR, AR RARAY, 5052 B AR MR 7). X Faster

Renn J730, “PFEE (ixty) 5RERT (tw,th)iinF:

tx = (& — Ta)/wa, by = (Y= Ya)/ha, tw = log(w/w,

= (2" —w)fwe = (" =y hay £ = log(w" Ju

*
o x, y, w, h RERIFTALHE b0 SRR R S R . A8 x, AT
43 7% 8; predicted box , anchor box F1 ground-truth box [0 JE 125 A4 bR
([FF, vy, w, h) F&AT7LLX 40N bounding box regression & anc
hor box #14 % ground-truth box. 7EFATHIAZH, T A FI4FE 2 A1 ]
230 K/NILE feature maps. N T fRRANER ), —#84 k bounding-box-reg
ressionors K42~ > . &—A> regressor X B — N K/ANFI—ANLEBIME, 1mH K r
egressors AIEE weights. RIS, FATTAT BATIGIAS [5] /N FRTHE IR A AS [7) K /)N
R feature



EE, AP bounding box regression s& 7t features pooled from arbitrarily
sized regio #4047, 1 H.FATK regression weigths 7E4F = K /N region # /&
=R

Jii: Nevertheless, our method achieves bounding-box regression by a
different manner from previous

feature-map-based methods [7, 5]. In [7, 5], bounding-box regression is p
erformed on features

pooled from arbitrarily sized regions, and the regression weights are shar
ed by all region sizes. In

our formulation, the features used for regression are of the same spatial
size (n x n) on the feature

maps. To account for varying sizes, a set of k bounding-box regressors
are learned. Each regressor

is responsible for one scale and one aspect ratio, and the k regressors
do not share weights. As such,

it is still possible to predict boxes of various sizes even though the featu

res are of a fixed size/scale.

FETN ORI 0] R 2 G AeT i 1 2 (eI 3R 1S dx(A),dy(A),dw(A),dh(A) T . Zett[=]
HE R4 BN PIRHIE A & X, —HS W, 20 26 1% B H J5 R E R A
SR Y dEEEEE, B Y=WX. T EmEE, A X i — K E @il BRI
(1] feature map, & NS, [N IEHINZGAENTR GT, Bl (txtytw,th) o fit K
& dx(A), dy(A), dw(A),dn(A)IYANE4, A4 H bR R T AR IR N

d,(A) = wT - D(A)
HA$(A) XM anchor [ feature map H &, wiEfEE S, d

(A) SR FIE o x,y,w,h, e — AR IR — A H bR
HO o TAETIIME (txtytw,th) S B Z iR, Wik s

N v
Loss = ) (ti— @7 - a(a"))’
i

P B AR A:  (smooth L1 loss)
N

2
. = ' ti—wl-o(4") )+ Allw, ||?
w arthTnnZ( ( )) . ||

i



Xi proposals #77 bounding box

regression

Tf# 7T bounding box regression J&5, FEIILKE RPN ML 42088, W

s

JoREE FEY 1x1 BT caffe prototxt & X :

layer {

name: "rpn_bbox_pred"

type: "Convolution"

bottom: "rpn/output”

top: "rpn_bbox_pred"

convolution_param {
num_output: 36  # 4 * 9(anchors)
kernel_size: 1 pad: O stride: 1

}

°
o N o o b~ W N B

.
©

e 10
AT LU 2] num_output=36, BIZit & R %0 H EIE WxHx36, fE caffe blob 17
i A[1,36,H,W],iX B A1 24T feature maps &4~ S #H 9 /> anchors, & anch
ors LA 4 /N T EE I [dX(A), dy(A),dw(A),dh(A)] 25 i & .



Proposal Layer

proposal layer 715722 & A I [dx(A),dy(A),dw(A),dh(A)]2E #: & Al foreground
anchors, 15 HIFSHER) proposal, XA J5%Ef) Roi  pooling layer.
A5 EFE proposal layer ) caffe prototxt & X

layer {

name: 'proposal’

type: 'Python’

bottom: 'rpn_cls_prob_reshape'

bottom: 'rpn_bbox_pred'

bottom: 'im_info'

top: 'rois’

python_param {
module: ‘rpn.proposal_layer'
layer: 'ProposalLayer’
param_str: "feat_stride": 16"

}

.
© 00 N o o b~ W N PP

[ ) ]
=
N B O

[EEN
w

proposal layer & 3 Mg \: fg/bg anchors 43252845 5 rpn_prob_reshape,
Xt bbox reg HI[dx(A),dy(A),dw(A),dh(A)]ZE 5 rpn_bbox_ped, LA & im_i
fo, 7 ME A S % feat_stride=16, X F1_E FE %

5

AR im_info, X —lEAERE K/ P*Q B, 1L Fsater Renn A&
4 reshape 2] M*N K/, im_info=[M, N, scale_factor] I £RA4E T R 48 R T



HEE. R4 Conv Layers, 43t 4 ¥k pooling 2% A WxH=(M/16)x(N/16)
K, ﬁﬁlj feature_stride=16 N f3f7 T ZfEE, HTiH% anchor &

Faster RCNN 4%

M 13 4 conv [&, 134 relu &, 44 pooling B (M/16) x (M/16)

Proposal Layer forward (caffe layer (IRIALEAED %5 DL U A AL B -

4 g anchors, FA[dx(A), dy(A), dw(A), dh(A)]XFrE B anchors fif bbox regression
Bl)3 (3X 2 A anchors 4 BNk 22 —%)

¥% BB# \ HY foreground softmax scores gk Z|)/\HEfF anchors, 2EUE]
pre_nms_topN(e.g. 6000) anchors, RI{REV{&IF & /5 foreground anchors,

F) A im_info 4% fg anchors M MxN R EREI[E] PxQ FRE, ##T fg anchors 2 SEEIE
Winst, HIBR™EBLILSR fg anchors,

#47 nms (nonmaximum suppression, IEFRAEINF) (IUFNHE NMS B9RE)
BX3%B8 nms A9 foreground softmax scores f A Z/)\HEF fg anchors, 12EXRT
post_nms_topN(e.g. 300)z5 R £ 4 proposal %t .

Zfafitt proposal=[x1, y1, x2, y2], &, HBTFEFE=FHK anchors BL5t B REHIHTZ
ABHBSR, X 2R H A proposal EX K MXN M ANEBRRER, XaEREMEH
BH. BINIAA, FEREX ENNNIZEILRERT . BEHPNIZBETIRAT
RPN 45 4544 e 25

A% anchors -> softmax 4335284282 fg anchors -> bbox reg 71 fg anchor
s -> Proposal Layer 4% proposals

Rol pooling

Rol Pooling 2 i 57Uk 4E proposal, 115 i proposal feature maps, iEA
JE kM. K 2 thATLLE 2] Rol pooling 26 2 M :

JE15 ] featrue map
RPN %t #9 proposal boxes (K/N&A4H[E)



41522 ROI Pooling

ek E AR GHTAESE ) CNN( alexnxt, VGG), 24 /9 2& Il Zx 1 I 4\ 1) 1K
GRST AR [ % 1), (RS I 25 4t A1 2 [ 2 K /NI ovetor B matrix. W01 2R %
ANBITEUG R /INAE ;3 A 0] @k A8 45 LA BRI T

H 2 FPff g Ipik:

- MG H crop — o4& 21 2%

- K EME warp BURE BRI JE AR 2%

crop warp

P RER R S E I, FTRLE RIS RBUR M MBS LT, 224 crop Ja iR
TR e R Ry, B warp SR T R IR IGTIRTE B

112 RPN W 2% 4 B i proposals 1)757%: X foreground anchors i#47 boun
d box regression, HAIXFEFAZH proposal th2& K /NEAR S AHFE, BitAF
7E bk, Frbl Faster RCNN #2H T RIO Pooling f##ix A~ iA# (RIO Po
oing #fisEs2 M SPP KRR E, SPP HATLLE i

RIO Pooing R

T2 i ERA156KE RIO Pooling layer ) caffe prototxt ft 7€ X

layer {

name: "roi_pool5"

type: "ROIPooling"

bottom: "conv5_3"

bottom: "rois"

top: "pool5"

roi_pooling_param {
pooled_w: 7
pooled_h: 7
spatial_scale: 0.0625 # 1/16

}



°
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e 10

o 11

o 12
Hr A B 2% pooled_w=poold_h=7, % — N spatial_scale=1/16
RIO Pooling layerl forward id#2: 7EiX2 #iA H#HIEE]: proposal=[x1,y1,x2,
y2l& Xt v MAN RUEE(), BT AR e fd A spatial_scale Z240Ks i [E1 (M/16)x(N
116) K/)H) feature map R 2 JE¥HEA proposal 7K-F 77 [a) F1E B 7 [F] #87>
BT Ay, SR #REAT max pooling 4bF, XEEALFRS, BIERK/NASER pr
oposal, it i4E AR 757 K/NME), SEBLT fixed-length output ([ & K
FrHD .

Proposals

ey

Feature maps
Size=(M/16)x(N/16)

Fixed-length 7x7 representation

Classification

classification 34> F| FH CL£4: 3k 45 ) proposal featuer map, JEil full connect
725 softmax 11551 proposal EA&JE TN A (4, N5 , Hitcls_
prob HEZ )&, [FFCH ] Bounding box regression 3:434:4> proposal ]



A B W% & bbox_pred, FT[EIHE SR B ArtlAE. classification #B4>
024 S -

A
. ------ » |Softmax| ——#® cls_prob

M RIO Pooling 3R] 7*7=49 K/ proposal feature maps f&, 15N G4k
FIM2s, ATLLE B 7T 2 {5

1. 84 %R E AN softmax X} proposal #E47702%, X szbr EE 4 2R M TG
W 1

2 . FCH proposals #4T bounding box regression, FRHEUEE Sk E [ rect b
0X

X HRAKE B 4 ERE InnerProduct layers, 8RR EEWTF

X1‘X2‘X3

Yi Y,

Hit®E AT
W11 Wi

(X1 X2 Xx3)| W21 W2z |+ (by by)=1 Y2)
W31 W32

Hrf W Al bias B AR TSGR, BIME R/ E, SR %A X At Y
W2 E RN Frel, XWmtENE 7 Z A RIO Pooling %21



o g ~ 0w N PE

Faster RCNN 7%

fastrcnn I1Z5 77 08 = Fh-

ERAZB AR RIS
I BX A%k
BXE Ik

AN

faster rcnn illlZk, HSZRAE LA UIZEF K model (41 VGG_CNN_M,_1024,
VGG,ZF) iRl EAkseil gy, SEhrillZrimiid i27 Jy 6 1D 3R

FEFZE model £, 1)I% RPN W4k

M AINZEFH) RPN

FE— X%k Fast-RCNN W&

FoRilll%k RPN 4%

FRAAPER 4 )I15:47H RPN [ 4548 £ proposals

% 7 K)I1%k Fast-RCNN 4%

AT LUE BRI AR R T — Mk AR R, A RER T 2 k. &1 REH
T2 WIKRRE N oNEE R F]: "A similar alternating training can be run fo
r more iterations, but we have observed negligible improvements”, I

WHEZRBAHRT T -
N DV =y

HiZE N T IIgRsE

AN



% RPN fy4

FEZA PR S iU 25 model, JHaaBEATIRACIZ5

data

e

v

conv5_3

rpn/output

rpn_relu/3x3

rpn_cls_score im_info gt_boxes
/ rpn.data \
rpn_bbox_pred rpn_cls_score_reshape rpn_labels rpn_bbox_targets rpn_bbox_inside_weights rpn_bbox_outside_weights

rpn_loss_cls rpn_loss_bbox

SR 2L, #ARME T conv layers $2HY feature map. 2N £&48 FH 11 los
s WK

LU (1) = 5 3 Letspiop)

il
N reqg

+)‘ Zp:Lreg (tiat:)°

7

iR AR A, i I8 anchors index,pi &7~ foreground softmax predict %,

PUie et it GT predict #E% (EI24%5 i 4> anchors 55 GT [i] 10U>0.7,i\ J9i%



anchor 72 foreground, PP-1, K2 10U<0.3 1, ikHi% anchors £ backgroun

d, P20, % T2 0.3 /T I0U<0.7 [ anchors MR Z 5%, —f—k [l
HX 256 > anchors,—f% bg 1 fg=1;1) ; t{t# predict bounding box, I"{{#

X} M foreground anchors XM GT box. A[LAEZF], 4 LOSS 4k 2 A4
oy

1. cls loss,Bl rpn_cls_loss JZ11 5[] softmax loss,H 4325/ anchors A fg
5 by 1)/ 45 1)1 Zx

2 . reg loss,Bl rpn_loss_bbox Z115i1 soomth L1 loss, H 7T bounding bo
X regression M5l ZxiE E 7R 1% loss Hi3ke T pi*, 24T A <0 foreground an

chors [RJ[EIA (CHLSEAE [a]JH At 58 42 ¥ 2225 550 background) .

T 7EsLbridFEd, Ncls A1 Nreg ZFEil K, HZEN P —3#% (Wl Ncls=25
6, Nreg=2400 K& E A=10) , {HEAIM% Loss t1H I ARSI 51 % BN
Ff Loss. X B EZE Lreg f ) soomth L1 loss, iH&ARAIT:

Lreg (ti: t:) = SmOOthLl (ti o tz*)
ie{x,y,w,h}

. 7£ RPN JJII&BER, rpn-data (python AnchorTargetLayer) E<1%IEF1 test By EX Proposal
E5Ee—Hm7TTNAE M Anchors Tl %k

. X5 rpn_loss_cls, #HiAH] rpn_cls_score_reshape #1 rpn_labels 7> 7|%f p 5 p*, Ncls
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