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(Object Detection)
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o TWEWMN, HEEZEABRLIE, BRENKENLFTENLKELT
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o MWINFIEBIAFAE, ENSTIRAITN;
o MEAX;
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. Integral(x,y) = > > Image(u,v)
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. _, 1 ifpf(x) < po
h(x.f,p.§ = { 0 otherwise
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o f: HE—/ Haar-like feature ;
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° p: POLARITY, REEER+1 =X-1;
o MEAMFEN f,RFEN OpBYE, # h BIGEALRINERS;
o R4k
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Classification + Localization - et
Class Scores l
Fully Cat: 0.9 Softmax
Connected: Dog: 0.05 Loss
4096 y Car: 0.01
- ER S =— iyl .
- J|f =" o ala o —>Loss
4 [ ¥ 1% ] . d M \ h
: 4 . Fully
CAT Often pretrained on ImageNet ‘:ggér' Connected B
(Transfer learning) 4096 to 4 oX
Coordinates —» L2 Loss
S (x,y,w, h)
Treat localization as a T

Correct box:

regression problem!
d P <, y,w,h)
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o MEA: XF—ANBERF, AREANIZFELN, BUTERRNRIT;
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e FR—: At xkELy, EFx, AT y;
e AR Ebkx, ELy, R . &
o B BN EIESR
o BITRT MK
 BRXfE, MRk, HEE
® (COCO cocodataset.org
° 80 #fKk, 330 K @K, 1.5 M #Mik;
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import torch
from d21 import torch as d21
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d21.set_figsize()
img = d21.plt.imread('../img/catdog.jpg"')
d21.plt.imshow(img)

# LAHE
def box_corner_to_center(boxes):
x1,y1l,x2,y2 = boxes[:,0], boxes[:,1], boxes[:,2], 6 boxes[:, 3]
cx = (x1 + x2)/2
cy = (y1 + y2)/2
w = x2-x1
h = y2-yl
boxes = torch.stack((cx,cy,w,h), 6 axis=-1)
return boxes

# 1 S
def bbox to rect(bbox,color):

return d21.plt.Rectangle(xy=(bbox[0],bbox[1]), width=bbox[2]~
bbox[0],height=bbox[3]-bbox[1],fIll=Falseedgecolor=color, linewidth=2)
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o HARASRUSNMBMAMEN X, (LEE), FNENEEERTERXTNMEK;
o WRE, FMMXNHERELAZENRE, KIS AL BHRNAE;
o KER: IoU - XFLb
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° 0 RTLES, | XRTES
o BRIRLEANES A fn B:

. J(A,B) =



af://h3-9

loU =

o R AHENT
o R
o BANHER—NMNFHEREENHE, HELIEIRER, BLAXBKE—NEIZREZ
1E;
o Hh: NEETRTRSERKENHE, LRFLINVBEREER, EHERK
ENRAEER, FTUBERENE LT EATEX 7 R,
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B ERIERKRENE (NMS) HrH

o B
o HAHETN—NLEE, ERTaE—KEBERSARSANHEE,;
o NMS FIXEFHE AT ;
o SCI:
o (1) BmPAAAELP. FRAXFTUNEPF. EERLXATAKTUUE;
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o (2) xEFMAREME IoU EXT 6 HWIN;
e (3) ERLARBHEIMATMNELREF, BoRERE

RCNN
#542: RCNN

o jRJER:
o WATESRMENL (o) AEBAMEN E?
o B
o BEHARMNA —NMAENER, ML BN EBARERE;
o EUbfER RCNN . =RAEH—ik BAREYEERIR, BIER —SERNNRLEIHEHITX

BoE;
o NEERKRE. NTE—AMEEM, %3 CNN (BEBENEL) #HTIRR, BHITANE
B ER ;
° SHL:

(1) ERBERNBREEREZWE;

o (2) ERATINLKHER (k% VGG) RIS NEERBUFE;
o (3) WEk—A sum RXFTEFHITHE;

o (4) NWMEH—ANLMEEIRE R TN L ZERN R ;

e 1.{£H selective search ERARDEIEN;
o SE—IKE), BhEMEA Efficient Graph-Basedlmagesegmentation H’%, J§E
B #4733 48| (Over-Segmentation );
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o WEFTR, ILBEWEAN region FEFE/N, U AZEM, XAH4AREY region AT
AUE R RS, BARRRETH region, A region XR—A

bounding ;
o 2. NATFLRBMNERER N BTN ;
o 3. BMEA SN HRAKRE;
o ER:
R-CNN

SVMs Classify regions with

f 1 SVMs
/ ConvN Forward each

ConvN region through
ConvNet
ConvN %
1 / w Warped image regions

Regions of Interest
(Rol) from a proposal
method (~2k)

Girshick et al, *Rich feature hierarchies for accurate object detection and
' semantic segmentation®, CVPR 2014
In PUt Image Figure copynight Ross Girshick, 2015; source ¢. Reproduced with permission

Girshick, Ross, et al. "Rich feature hierarchies for accurate object detection and

° semantic segmentation." CVPR. 2014.
o |a]EL:
o (1) ERBERENXFHEXRERT, BRE+HME, LE-KETREE—D
iR

e (2) AENXEHI/NN, MERKRSERNRIEEES;
2 RoIl MfLE

o R
o BE—/NHEAE, HEAKEBIR nxm R, MHSHRENRAME;
o FEWMEZK, RERE nn 4ME;

2 x 2 Rol
Pooling

Fast RCNN
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1% Fast RCNN

° {ER:
o FRRT RONN HIRKEEER HA;
o S
o . BREEKRKEGBMAZ—INRAEILESN NN F, EFEHFE—IFAFERRZERER;
o Bl: WENEZRBMAIERE;
e 2. 3#4T—K Pooling, BFRIZ/N X RZEF
o BU4ERE LAY Pooling 7538y K a LA RN E F LB X,
o BREFRENFE—ETN;
o M
o XFAFERFEANEE AL, ANCHOR 48K 9 NEFY, #H 3 MHRKEHLAKRLRN:
width:height=[1:1, 1:2, 2:1] =f, SZPrL3E anchors MIIATAMFEARIK
ZREHE;

o EAEBA/NIMAER reshape BX 800 x 600 (BIE 2 8§ M=800, N=600);
° BELXRE anchors BJK/N, anchors FKF1:2HH AN 352 x 704, KHF2: 14K
K 736 x 384, EARE cover T 800 x 600 HIENREFMIR;

o ER:
Fast R-CNN
Linear +
Softmax coftran Bounding-box
classifier regressors
Fully-connected layers
Z—7 "Rol Pooling” layer
Regions of ‘,;— :7 £ . 75/ ‘conv5” feature map of image
Interest (Rols) /
from a proposal Forward whole image through ConvNet
method
Garshick, “Fast R-CNN°, ICCV 2015,
° Figure copynght Ross Garshick, 2015, sowrce Reproduced with permission,
Faster R-CNN

1%7@;: Faster R-CNN
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o B
e FRA-NMRFRUNERERBRLARR, KRBEFHNWHAE;
e #2: Region proposal network
o EX CNN BIEWBMEME, FIERIMWILBARNEE. BNEHT N2,
o BRIXNMIZML, NEEEREFHREE;
° IFHEEMEH N RoI HIMILE;
o A DAZERRAMT FURTIN ;

° ZEM:
Category Bounding box
prediction prediction
Dense layer 4 X
| Binary category :
1 I prediction ;
I
. 1] > Bounding box ) '
Rol pfolmg 4-: NMS |« prediction < Anchor box :
|
! I
| -
CNN — ~  Convlayer :
1
1 \ )

Region proposal network

Faster R-CNN:

Make CNN do proposals!

Insert Region Proposal '
Network (RPN) to predict Rol pooling

proposals from features

proposey /
Jointly train with 4 losses: T A—

1. RPN classify object / not object Region Proposal Network
2. RPN regress box coordinates '
3. Final classification score (object TR e

classes)

4. Final box coordinates

CNN

) Y 4

en et al, "Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks™, NIPS 2015 —— &l
'Y “igure copynight 2015, Rioss Girshick; reproduced with permission

B4

* R-CNN B&RE. WERALW—EEXTHEM CNN 89 B E %,
e Fast/Faster R-CNN IF4LiZAPEgE:
* Faster R-CNN #u Mask R-CNN REERRSREZERTHNERAEX;

YOLO
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¥4 YoLo

o R
° SSD PHEAEES, RETMREINITE,;
o MAMBEERZBAERNBETINES;
o Eilt: voLo KEFRHALK sxs NHEIE;
° YOLO PARMHELEIHER, URAKRBITHE;
o HANHERN B NALKIE;
o EAATRENLZES. AIFLANIE;
o EHERMBE S*S*B
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