Objecct Detection with CNN
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R-CNN | possible boxes

« S S TREAE A2

* Every palr of pixels = 1 box
N
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R-CNN | Selective Search
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Algorithm 1: Hierarchical Grouping Algorithm

Input: (colour) image
Output: Set of object location hypotheses L

Obtain initial regions R = {ry,---,r,} using [13]
Initialise similarity set S =0
foreach Neighbouring region pair (ri,r;) do

|| Calculate similarity s(r;, r;)

{ S =SUs(ri,rj)

while S #£ 0 do

Get highest similarity s(r;, r;) = max(S)

Merge corresponding regions r; = r; Ur;

Remove similarities regarding r; : S = S\ s(r;.r.)
Remove similarities regarding r; : S = 5\ s(r.,r;)
Calculate similarity set S, between r; and its neighbours
S=SUS;

R=RUr,

Extract object location boxes L from all regions in R




R-CNN | Object proposals

Selective Search for Object Recognition
J. R. R. Uijlings, K. E. A. van de Sande, T. Gevers, A. W. M. Smeulders

In International Journal of Computer Vision 2013.



https://ivi.fnwi.uva.nl/isis/publications/bibtexbrowser.php?author=J.+R.+R.+Uijlings&bib=all.bib
https://ivi.fnwi.uva.nl/isis/publications/bibtexbrowser.php?author=K.+E.+A.+van+de+Sande&bib=all.bib
https://ivi.fnwi.uva.nl/isis/publications/bibtexbrowser.php?author=T.+Gevers&bib=all.bib
https://ivi.fnwi.uva.nl/isis/publications/bibtexbrowser.php?author=A.+W.+M.+Smeulders&bib=all.bib
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R-CNN | CNNEFEFEEL
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R-CNN | SVMilll&x. 22
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R-CNN | NMS

o« AFMRAESNH] (NMS)
H sl bR R AU R I AR
A e 4K R i oK fE

- P
& H8AT 70 P Fr BT HE
GEIRAT 53 e K HIAE
AR LU & JE TOU
ZFamid EAERHE, B T RS HE
X AR SR AT AR ] B # AR 20 BR




R-CNN | Bounding box[FlJH
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Training image regions

Cached region features
Regression targets (0,0, 0,0) (.25, 0,0,0) (0, 0,-0.125, 0)
dx, dy, dw, dh) Proposal is g Proposal too Proposal too
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R-CNN results on

PASCA

regression

VOC 2007 {VOC 2010
DPM v5 (Girshick et al.
33.7% 29.6%
2011)
UVA sel. search
. e 35.1%
(Uijlings et al. 2013)
Regionlets (Wang et al.
41.7% 39.7%
2013)
SegDPM (Fidler et al.
40.4%
2013)
R-CNN 54.2% 50.2%
R-CNN + bbox
58.5% 53.7%

Slide credit : Ross
Girshick
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SSP-net

fully-connected layers (fcg, fc,)
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R-CNN | SSP-Net

fully-connected layers (fcg, fc;)
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fixed-length representation
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spatial pyramid pooling layer

feature maps of conv;
(arbitrary size)

' convolutional layers
input image

SSP-net




R-CNN | SSP-Net
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} image }-’ crop / warp
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R-CNN | SSP-Net
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R-CNN | Fast-RCNN

Fast-RCNN

Rol
pooling
layer

Qutpdts bbox
softmax regressor
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Rol feature
VECEO oot



Fast R-CNN

Fast R-CNN R-CNN

Train time (h) 9.5 84
Speedup 8.8X 1x
Test time / image |0.32s 47.0s
Speedup 146x 1x
mean AP 66.9 66.0




R-CNN | Faster-RCNN

classifier

Y Rol pooling

propoy /
Region Proposal Network,

conv layers /

P i AR )

Faster-CNN




R-CNN | Faster-RCNN

s BMMIE, FEAER/NFKELLHIEYboxes

2k scores 4k coordinates <Gr=u k anchor boxes

cls layer \ t reg layer

256-d
' intermediate layer

NN

sliding window

cony feature map



Method Training data mean AP

(PASCAL VOC
2012 Test)
Fast R-CNN VOC 12 Train (10K) 65.7
Fast R-CNN VOCOY Trainval + 68.4
VOC 12 Train

Faster R-CNN VOC 12 Train (10K) 67.0

Faster R-CNN VOCQOY Trainval + 704
VOC 12 Train



The R-CNN family of detectors

Mean AP

76
74
72
70
68
66
64
62
60
58
56

= Mean AP
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2016.1.6: Faster RCNN

L.
2014.10.22: RCNN : 2016.12.25: Yolo v2
2 i =
® ®
= o
3 2 @
2015.9.27: Fast RCNN : 2018.4.8: Yolo v3

2016.5.9: Yolo v1
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YOLO;&FJoseph Redmonig iy —F—FE T REMEME AN RIRAFIEMNE
%, HEANBEAETEERME, TIUATENZES, ETone-stageiik,
BEYOLOEZHBYOLOvV]L, YOLOV2, YOLOV3, YOLOV4, YOLOVSZEZANERZA.
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S x S grid on input Final detections

Class probability map



YOLOS4H | YOLOV1
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Bounding boxes + confidence
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S x S grid on input Final detections

Class probability map



YOLOS4H | YOLOV1

FMI%E ZFUNB/MBounding BoxHI AL & {5 B MconfidencefF &, —Bounding
Box¥f i & U ML EE B F1— P confidencefE B, confidencefR3FR 7 FrFiN f9boxH &
Fobjectl EFEEFMXMboxFUNME ZEMERFEE.

Pr(Object)* IOU
SXSANMIE, BANMAREMB Nbounding box, EEHM—NEFHEE, IEHCE,
B bounding boxZFUM(x, y, w, h)Hconfidencett5/ME, HHFES x S x (5xB+C)
HY—Mtensor,

T2
3 ;
nf S L Y mo—
:1"] ] 28 nr—'-
3; 14 3\ E i 7 7
e ) , x| <
5é
pi ] 1l 3 k: h
. T 258 Bz oz T024 Tora 4094 »
Conv, Layer Canv. Layer Conv, Layers Conv. Layars Conv. Layers Conv, Layers  Conn. Layer Conn. Layer
Fufudda-2 Jxdn192 Ix1xi28 12122567 .4 1212512 7 5 3x3x1024
Maoxpool layer  Maxpool Layar KERE¥ET] Ixdn512 Jx3xl024 Ixdx 1024
FEYE Y] 2xd-52 Txlx256 Tulx512 dxdx 1024
JxIxh12 Ax3x1024 JIxIx1024-5-2
Maxpool Layer  Maxpool Layer
2uds-2 2xdsd

PASCLA VOCHIE &



YOLOSM4H |YOLOv]

FrtestAI IR, M TIUN Ay class(E B Fbounding boxFull BYconfidencefs B 48
3k, MHEEIF 1 bounding boxfclass-specific confidence score:

Pr(Class. | Object) * Pr(Object) * IOU "™ = Pr(Class,)* IOU "™

pred pred

BB g M boxclass- specific confidence scorelfm, RERE, BESSEN
boxes, XT{REEAIboxesHHTNMSANIE, B R &L N 4

WL RE: sum-squared error loss
B 1. 8#EYlocalization errorF204 A classification errorBl FEEE A SIERY,
2. IAR—WiE I Fobject, ﬁlg/éxﬁ‘kz W 13X £ [} 4% B A9boxAYconfidence
push#0, MLETERDEFobjectlIMI, TFBMNBELREEEZLH.
Jiv5 1 BESHERARARTUN, QALXE“?J\% A E R F & A Kloss weight,
2. X% objectfboxfconfidence loss, MitF//\f¥loss weight.,
3. HobjectHyboxAJconfidence lossF1ZE EIJlﬁ’]loss[él’\]loss weight1IE B,

2

SS

i=0 j=0 i=0 j=0

mZZlob%xi—a@)%(yl P,) + coordZZlobf<@ —J6,) + (B, -

Vi)

2 S2

i=0 ;=0 i=0 j=0 =0 ceclasses

S -l S (- e S S (10— i)’




YOLOST4H |YOLOV1

YOLOV1HIfE Gk s :

o 1 HEER, 4IBEETPLAZT|45ps,
2.2 1gE %R, TS ERATEMNKE.
3. BTUNEIRERR, FAEEWKE R BEIMNEEmHETHUN,

A LBWARTEZE: ATHEEATEREE FUIERNE, YOLO JI%iR
BRZFSINHERGRERNBAD IR, HEDHRFEHEDUNLLEEDFEEK,
2. /R BARUBURA G MG R S AN L — M. S
HEELEGIBRNY, EMETESS IR, BARENEEF—1,



YOLOST 4 | YOLOV?

ARSVEEMFEENAREIER, YOLO fEEA2017FiZH TYOLOV2, Lk vl
s TWGRBRNOHR, MTUUEAER, REER RINKREZX=/1TTEi#*
778, ARRBEZHREEEYT REIGEBQMIOOMARTR, Rz H

YOLO9000,
DarkNet
image «—-—} itk stsiss 4 conv. < conv, 2000V, | o 5 eany —-—lﬂ 3 conv. —h-+-—l- conv. l—]H Glasf =
: g i 7 max pool max pool max pool max pool max pool ' il B e T ; : boundary boxes

= ]
a ' L5
= #
................................................................................................................................

W% BKEINGREE

B AN ETREM 2 K EGESE LIS E N2 (Object Detectors ) , F1&
MERENEUEZIVMENERMNE, B XEIEENEUERENDERNETIE.

AT, —
= COCORMKIRE KB

YOLO9000

ImageNet K IEE e
geNet7> SRHER HEES



YOLO &% 20182 H 7 YOLOV3,

YOLOAM 4 |[YOLOV3

AR ENER . Darknet-53,

X FFPNZEMKLINZ RERN: BA416x4160T:

1x

2x

8x

8x

4x

Inputs
(batch_size, 416, 416, 3)

v

Conv2D 32x3x3

1| (bateh_size, 418, 418, 32)

!

Residual Block 1x 64

i | (baten_size, 208, 208, 64)

|

Residual Block 2x 128

i | (batch_size, 104, 104, 128) H

|

(13%13),(26%26),(52x52)

Conv2D Block 5L 128
(batch_size, 52, 52, 128)

Conv2D 3x3 + Conv2D 1x1
(batch_size, 52, 52, 75)

h

Residual Block 8x 256
(batch_size, 52, 52, 256)

Concat
(batch_size, 52, 52, 384)

Conv2D + UpSampling2D
(batch_size, 52. 52, 128)

|

1

Aesidual Block 8x 512
(batch_size, 26, 26, 512)

Concat

» (batch_size, 26, 26, 768)

Conv2D Block 5L 256
(batch_size, 26, 26. 2586)

Gonv2D 3x3 + ConvaD 1x1
(batch_size, 26, 26, 75)

l

f

' | Residual Block 4x 1024
i | (batch_size, 13, 13, 1024)

Conv2D + UpSampling2D
(batch_size, 26, 28, 256)

Type Filters Size Qutput
Convolutional 32 3x3 256 x 256
Convolutional 64 3x3/2 128x128
Convolutional 32 1x1

Convolutional 64 3x3

Residual 128 x 128
Convolutional 128 3x3/2 64 x64
Convolutional 64 1x1

Convolutional 128 3x3

Residual 64 x 64
Convolutional 256 3x3/2 32x32
Convolutional 128 1 x1

Convolutional 256 3x3

Residual 32 x 32
Convolutional 512 3x3/2 16x16
Convolutional 256 1 x 1

Convolutional 512 3x3

Residual 16 x 16
Convolutional 1024 3x3/2 8x8
Convolutional 512 1x1

Convolutional 1024 3x 3

Residual 8x8
Avgpool Global

Connected 1000

Softmax

Darknet-53 G

-~

Conv2D Block 5L 1024
(batch_size, 13, 13, 1024)

| Conv2D 3x3 + Conv2D 1x1

(batch_size, 13, 13, 75)




YOLOST 4 | YOLOV3

YOLO &% 20182 H 7 YOLOV3,
PF{FIRENES . Darknet-53,

R FAFPNZEMELIM Z RERN: #AN416x4168F: (13%13),(26%26),(52x52)

ﬁ
//
/// p .

e T 2 e,

(a) Featurized image pyramid (b) Single feature map
/7

a
yd

/ predict

(¢) Pyramidal feature hierarchy (d) Feature Pyramid Network



YOLOST 4 | YOLOV3

38 w voLow3
r— 1Hetinawet-5ﬂ
il e - RetinaNet-101
36 Method mAP time
[B] SSDa21 280 61
341 [C] DSSD321 280 85
[D] R-FCN 209 85
[E] SSD513 312 125
i [F] DSSD513 332 156
[G] FPN FRCN 362 172
E RetinaNet-50-500 325 73
. RetinaNet-101-500 344 90
S0 E RetinaNet-101-800 37.8 198
YOLOV3-320 282 22
I YOLOvV3-416 310 29
28 YOLOv3-608 330 51
| | | |
50 100 150 200 250

inference time (ms)
YOLOV3ZECOCOMKESHEWME LN LLE



YOLOSI4H |YOLOV4
202084 H23H, Alexey Bochkovskiy & 7 YOLOV4,

B L HIRET 7T —MEREESHNBReNEE, BERT7UIZIE,

5 F2080Ti L)l Zk B IR R A AR B AR =S
2. 7E|&ad iR B, BEE T B IBag-of-FreebiesFIBag-of-SpecialsXtYolov4 B S0 ,
3. BLIARS AL T — iR ENE L, MAfEYolo-V4ARETSZE—IRGPU L5 o] M)

AP

MS COCO Object Detection

——YOLOv4 (ours)

—8—YOLOv2 [63]

' | —S—EfMcientDet [77]

ATSS [94]
k— ASFF* [48]
CenterMask™ [40]

30

YOL.0v4 (on

. YOLOv3

FPS (V100)

o] PUE—ER1080Ti



YOLOMT4H | YOLOVA

Two-Stage Detector
.

!
-
L e S e e S L S O———

i &
" _©® @ B
@N - g
< €
MHP [~
* -
@0 -]
m [=+]
=z
o
LL

Backbone: CSPDarknetb3

Neck: SPP, PAN
Head: YOLOv3

608*608*3
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SSD: Single Shot MultiBox Detector

SSDM LR 2 & Wei LIuZEECCV2016_F & FHIE X,

S F#5 AR ~F300x30085 N £& 15 FINvdia Titan XZEVOC 2007 M £E A F] 7 74.3%mAPRBEE 7 Y B &8
BFaster RCNN (73.2%mAP) .




SSDE&E EEFaster-RCNNAIYOLOWE S

LXAETEENER (ENERITAVE)
2 P AETRENMS (ZEIEXEERAROI)

SSDEZEMS:

Single Shot Detection:

Z RERHMIEBLST B (Multiscale Feature Maps)
JEISAHE (Priors)

TRIHE FEAE

e KAEHIH] (Non-maximum Suppression)



ERRFERELFNARRENRA

Extra Feature Layers
VGG-16 ) A ,
pmagh Lonh 2 layns Classifier : Conv: 3x3x(4x(Classes+4))

\\ \\ Classifier . Conv: 3x3x(6x(Classes+4))
5 Y
SR SRR SRR, ‘_\
I
|
|
|
|
|
|
|
I
I
I
|

|
|
|
|
I
' I
: I
| a8 || 19
Imaga I i
I o
Conwd_3 | | Convi Con? n: widx(Cl +4)
| b | (rce) e Conv: 3x3x(4x(Classas+d))
300 : I g
\ = I
\\ | 1% 18 cnpi0_2 Convit_2
E W : N
NN sz | 1024 1024 256 256 -

nv: 3x3x1024 Conv: 1x1x1024 Conv: 1x1x256 Conv: 1x1x128 Conv: 1x1x128 Conv: 1x1x128
Conv: Ix3x512-s2 Conv: 3x3x256-82 Conv: 3xIx256-51 Conv: Ix3x256-51

74.3mAP
59FPS

SSD

[ Detections:8732 per Class |
| Non-Maximum Suppression |

) { 138 SSDMBZE R T BEMMNE, HEEREMTNERE:
e WENETRE . IRES R R S

e TNSTRE: W TR EORERE SR %ES

ot iax




Same Convolutional Layers FC -> Convolutional Layers Auxiliary Convolutional Layers
1 | R |

= = = = =l S ::né 3 3
33| 33| f3E 8385 F@i| @5 1111L1L
3233 AMREEREFEEE g3 = = 2 §4 & & 2 2
3 inEaaagRaiEiaaREes oo Ll
25 5.8.5.5.5.5.5.£.5.5.5.5.5.5.5.5.5.2 LR
2z %z2:8:53:285%533 3 3 o # 8 . .
HIiHHBHHHULHE S - - L HDEREEREMNESRED
182332333 gx 11111 . +EegeBags5.8,3,.3 iy
Tttt = ¢ 1111110 WEMSE, BITETRHEMNE
. 7] g o e g 9 g AR -0-8B B 0B AL —_ +
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L A—EE R, tERFZdERMEMLZL (CNN) REUUFIE, FF4 R feature map.
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PASCAL VOC 2007

Method data mAP | aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train v
Fast [6] 07 66.9|74.5 78.3 69.2 53.2 36.6 77.3 782 82.0 40.7 72.7 67.9 79.6 79.2 73.0 69.0 30.1 65.4 70.2 75.8 65.8
Fast [6] 07+12  |70.0177.0 78.1 69.3 59.4 38.3 81.6 78.6 86.7 42.8 78.8 68.9 84.7 82.0 76.6 69.9 31.8 70.1 74.8 80.4 704
Faster [2] 07 69.9|70.0 80.6 70.1 57.3 49.9 782 80.4 82.0 52.2 75.3 67.2 80.3 79.8 75.0 76.3 30.1 68.3 67.3 81.1 67.6
Faster[2]| 07+12 |73.2|76.5 79.0 70.9 65.5 52.1 83.1 84.7 86.4 52.0 81.9 65.7 84.8 84.6 77.5 76.7 38.8 73.6 73.9 83.0 72.6
Faster [2] | 07+12+COCO |78.8 | 84.3 82.0 77.7 68.9 65.7 88.1 88.4 88.9 63.6 86.3 70.8 85.9 87.6 80.1 823 53.6 804 75.8 86.6 78.9
SSD300 07 68.0{73.4 77.5 64.1 59.0 38.9 752 80.8 78.5 46.0 67.8 69.2 76.6 82.1 77.0 725 41.2 64.2 69.1 78.0 68.5
SSD300 07+12  |74.3|75.5 80.2 72.3 66.3 47.6 83.0 84.2 86.1 54.7 78.3 73.9 845 853 82.6 76.2 48.6 73.9 76.0 834 74.0
SSD300 | 07+12+C0CO 79.6|80.9 86.3 79.0 76.2 57.6 87.3 88.2 88.6 60.5 85.4 76.7 87.5 89.2 845 814 550 81.9 §1.5 85.9 78.9
SSD312 07 71.6|75.1 81.4 69.8 60.8 46.3 82.6 84.7 84.1 485 75.0 67.4 823 839 794 76.6 449 699 69.1 78.1 71.8
SSD512 07+12 76.8|82.4 84.7 784 T3.8 53.2 86.2 87.5 86.0 57.8 83.1 70.2 84.9 85.2 839 79.7 50.3 77.9 739 825 75.3
SSD5312 |07+12+COCO | 81.6 | 86.6 88.3 82.4 76.0 66.3 88.6 §8.9 §9.1 65.1 88.4 73.6 86.5 88.9 85.3 84.6 59.1 85.0 804 87.4 8§1.2

PASCAL VOC 2012

Method data mAP|aero bike bird boat bottle bus car cat char cow table dog horse mbike person plant sheep sofa tram W

Fastf6] | 07++12 |68.4/82.3 784 70.8 52.3 38.7 77.8 71.6 89.3 44.2 73.0 55.0 87.5 80.5 80.8 72.0 35.1 68.3 65.7 80.4 64.2
Fasterl2) | 074412 |70.4|849 79.8 743 53.9 49.8 775 75.9 885 45.6 77.1 53.3 86.9 81.7 80.9 79.6 40.1 72.6 609 81.2 61.5
Faster|2] | 07++12+C0C0|75.9|87.4 83.6 76.8 62.9 59.6 81.9 82.0 91.3 54.9 82.6 50.0 89.0 85.5 84.7 84.1 52.2 789 63.5 854 70.2
YOLO[S|  O07++12 |57.9(77.0 67.2 5.7 383 22.7 683 55.9 814 36.2 60.8 485 77.2 723 T1.3 635 289 522 54.8 739 50.8
SSD300 | 074412 |72.4|85.6 80.1 70.5 57.6 46.2 79.4 76.1 89.2 53.0 77.0 60.8 87.0 83.1 823 79.4 459 75.9 69.5 81.9 67.5
SSD300 | 07++12+C0C0{77.5{90.2 83.3 76.3 63.0 53.6 83.8 82.8 92.0 59.7 82.7 63.5 89.3 87.6 85.9 843 52.6 81.5 T4.1 88.4 74.2
SSD312 | O7++12  |74.9|87.4 823 75.8 59.0 52.6 81.7 815 90.0 55.4 79.0 59.8 88.4 84.3 847 8§33 50.2 780 66.3 86.3 72.0
SSD512 | 07++124C0C0 | 80.0{90.7 86.8 80.5 67.8 60.8 86.3 855 93.5 63.2 85,7 64.4 90.9 89.0 889 868 57.2 85.1 72.8 884 759

RE DT

SSD300
more data augmentation? v v v vV
include {%,2} box? | ¢ v v Vv
include % 3} box? | ¢ v v
use atrous? | ¢ v v v

VOC2007 test mAP [ 65.5 71.6 73.7 742 743

Table 2: Effects of various design choices and components on SSD performance.

Prediction source layers from:

mAP

use boundary boxes? |# Boxes
convd_3 convy convB_2 conv9.2 convl(.2 convll.2 Yes No

v v v v v v 74.3 63.4 8732
v v v v v 74.6 63.1 8764
v v v v 73.8 68.4 8942
v v v 70.7 69.2 9864
v v 64.2 64.4 9025

v 62.4 64.0 8664

Table 3: Effects of using multiple output layers.



Table 1. Comparison of object detection methods on the basis of inference time and detection procedures.

Methods
R-CNN |[1]

Fast R-CNN
[1]
Faster R-CNN
[1]
Mask R-CNN
2]
SPP-net [3]
R-FCN [7]
FPN [6]
SSD [4]
YOLOvV3 [5]

Detection
Procedures
Selective search

Rol projection
RPN
RPN

Edge Boxes
RPN
RPN

Frameworks

Caffe

Caffe

Caffe

TensorFlow/
Keras

Caffe
Caffe
TensorFlow
Cafte
Darknet

inference
time
47 s

238

0.2s

035-2s

04s

0.1s

0.2s
0.15s
0.05s

Language

MATLAB

Python

Python/
MATLAB
Python

MATLAB
MATLAB
Python
C++
&

Use case

Not used for real-time
application
Faster than R-CNN

real-time object detection
real-time object detection

real-time object detection
real-time object detection
real-time object detection
real-time object detection
real-time object detection



Code Examples

%% Bl FasterRCNN 253 FF B 4xte
openkxample('vision/CreateFasterRCNNODbjectDetectionNetworkExample')
openkxample('deeplearning_shared/DeeplLearningFasterRCNNODbjectDetectionExample’)

%% {55 FH Yolov3 AT B #ri& N
openkxample('deeplearning_shared/ObjectDetectionUsingYOLOV3DeeplearningExample’)

%% £ A SSD AT Bt
openkxample(‘deeplearning_shared/ObjectDetectionUsingSSDDeeplearningExample’)



