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Challenges of Image/Video

camera defocus partial occlusion  motion blur crowded instance background confusion
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Image Recognition

Classification Localization Object Detection  Instance Segmentation
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Single object, single class Multiple objects and classes Pixels level



ILSVRC2017-imagenet

Image Classification

Obiject localization

Obiject detection

Classification||Localization

Object detection from video

Team name Entry description e i
IWMW |Ensemble C [No bounding box resuits] 10.02251 10590987 |
o Localization||Classification
Team name Entry description B pna
NUS-
Qihoo_DPNs [E3] LOC:: Dual Path Networks + Basic Ensemble 0.062263 0.03413
(CLS-LOC)
Number of
. mean object
Team name Entry description AP categories
won
[BDAT |submission3 10.732227)165 |
Number of
Team name Entry description object mean AP
categories won
IC&USYD |provide_submission3 115 0.817265|

source: http://image-net.org/challenges/LSVRC/2017/results




Object Detection from Video

Object detection from video with provided training data

Rank 1# mAP: 81.8309%

MAP: 80.8292% (2016 NUIST)

Object detection from video with additional training data

Rank 1# mAP: 81.9339%

«  Object detection/tracking from video with provided training data
Rank 1# mAP: 64.1474%

MAP: 55.8557% (2016 CUVideo)

Object detection/tracking from video with additional training data
Rank 1# mAP: 64.2935%

source: IC&USYD



General Design

- EAEMLREER): VGG, GoogleNet(Inception), ResNet, ResNeXt
« W& MM 53%E: Region-Based, Regression

i, AleNet, VGG, convolutional rutly. classification
GoogleNet, ResNet, ...) feature maps P St

detection
Conv feature

extraction

Nfeq.: shared for tasks, segmentation

deep and expensive

N, .. specific for tasks,
shallow and cheap
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. 1£4:/55%: DPM(Deformable Part Model)
« BT XERIEZ+5TRAVGIE: R-CNN, R-FCN
« 2T EYIAMFGE: YOLO, SSD




YOLO: You Only Look Once

SERY B R
* You Only Look Once: Unified, Real-Time Object Detection, CVPR 2016

« YOLOV2/YOLO9000 : Better, Faster, Stronger, CVPR 2017

ENPE (faster)

Darknet-19M4&7E ImageNet 10002 4 L HIE & 1)11%

WgEig TRE—1MERE, WET=133FRE, BNMEHREH10241 Fiters, BN ERERZEE—MMERE
% 7R (Stronger)

ZEIREER (wordtree) , FMIFHEY 7TE] 79000, FhEZHIEE(COCO+Imagenet)ly
BREER, FRESINESE, H#TEMNERNRIS, tbRX—EHMEFERLTE . “€SEME.



Type Filters | Size/Stride Output
Convolutional 32 3x3 224 x 224
Maxpool 22l | 112 %119
2:': Convolutiondl | 64 3% 3 112 x 112
V “H =H & Maxpool 2 x %9 56 X 56
Convolutional 128 3x3 56 x H6
Convolutional 64 1x1 56 x 56
Convolutional 128 3x3 56 x 56
ey . Maxpool 2 x2/2 28 x 28
1@%[3’\]3511& (Better) Convolutional 256 3x3 28 x 28
Convolutional 128 1x1 28 x 28
, . — . — A Convolutional 256 3x3 28 x 28
Batch Normalization: FHIE)HIJ1’KE/£X—“_JQ§]£ 1j]:1’ty *IEEIEJI‘IiﬁilEO Maxpool 2 % 2;2 14 % 14
Convolutional 512 3x3 14 x 14
High Resolution Classifier:5 448 X 44843 ## % B ImageNet#{ & 1% [ 4% 1E N = Convolutional | 256 Lx1 14 x 14
] Convolutional 512 3x3 14 x 14
gEEzsm N R BT B NESSfinetune. Convolutional | 256 1x1 14 x 14
Convolutional 512 3x3 14 x 14
Maxpool o L 5 TXT
Convolutional With Anchor Boxes: Z BIHYYOLOF|FH €& E AR ROS Convolutional | 1024 3% 3 77
S Convolutional 512 1x1 Tx7T
EI"]Tﬁ))”JJ, EHELBRZNET IEﬂ1|:m_.\s NN E. [EEFaster R- CNNEF'EI’]AnChOF Convolutional 1024 3x3 7T
EH 485 Convolutional 512 1x1 TxXT
sy Convolutional 1024 3x3 T %7
Convolutional 1000 1x1 TxT
Dimension Clusters: £z 8Bounding Boxes T i#f{Tk-meansB 2, #x1{&E. Avgpool Global 1000
Softmax

Fine-Grained Features:5| Apassthrough layer, {Ef 2% _E—E4FEERIESE
BEEVIR—BBAEMR T HIP—TBIE. 1526°26*512094FIEEI T A
13*13*2048 4 FIEE, BF A /BR8N .

Multi-Scale Training: =B T A EIRTEGRBEBEE 1.
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Detection Frameworks Train mAP FPS
Fast R-CNN [5] 2007+2012  70.0 0.5
Faster R-CNN VGG-16[15] 2007+2012  73.2 7
Faster R-CNN ResNet[6] 2007+2012 764 5
YOLO [14] 2007+2012 634 45
SSD300 [11] 2007+2012 743 46
SSD500 [11] 2007+2012  76.8 19
YOLOvV2 288 x 288 2007+2012  69.0 91
YOLOvV2 352 x 352 2007+2012  73.7 81
YOLOvV2 416 x 416 2007+2012  76.8 67
YOLOvV2 480 x 480 2007+2012  77.8 59
YOLOvV2 544 x 544 2007+2012  78.6 40

 FPS(Frames Per Second)
« mean AP

* VOC 2007+2012
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« CNNM&45#91% 31 DPN, MobileNet, ShuffeNet, SqueezeNet

- BErtENFE (SERF, JERRZR . 88FE) : SSD, RON, SqueezeDet
KIS

UCB, Stanford

MSRA, Google, Facebook; /2%, Face++, JRERHY
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