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2.1.9r&] Segmentation

2.1.1 EF CNN B & 4&)

2.1.1.1 &F FCN B &5

FCN[d001]: G B 58 a3 M E R LW T 0280 CNN - LLF= A= 75 [A]

K
“tabby cat”
. "b 3%h ‘5%5‘ 1‘)6&09 o@b 000

conv olutlonallzatlon

l tabby cat heatmap

© 00 o0
1(,6 0,00’ 509 \00

forward/inference

backward /learning
)
/ﬁ‘
l ” I o° oc,b 21

il i ot

25°

2.1.1.2 &F U-Net iEHE5 )

U-Net[d002]: @453k N SCHIIRE B4 (IRRAE ) FITSZEIURS B 58 A7 10 5 AR
PRI (MR . SR REMWIEEA PO ER:, RS BRI AR 25 N2
LIEAR S S A AL o



2.1.1.3 SegNet #ll Bayesian SegNet

SegNet[d003] Bayesian SegNet[d004]: fi#hD s b — 4118 RAE A G AR Z 4,
i Ja A 2 softmax 72848, F T Tl 5 5 A\ G B A A R 40 P (0 HE B R
PR o ARG #S o IR N RAE E T LT w253 350 23 R i B Rt Ak o 1 28 A FH 4
T 25 B B H R AR AIE B S 11 B it 28 5 R B SRR AR S 1R A7 1 KA S8 e s |
b P 5 — 2 T YN R A E U 2 23T B A, DAAE B 4R BOASAE LSS o SRR AR I
KIS 2 R 46 70 HER I, BT softmax 732888 DLAE i 4 53 %1

Convolutional Encoder-Decoder ‘ Output

Input

Pooling Indices

RGB |mage I Conv + Batch Normalisation + RelU Segmentat|on
I Pooling I Upsampling Softmax

2.1.2 BEERMMERER
FKATBEN Y, HEE, ZRIEREG, BT CEEER
2.1.2.1 DeepLab

DeeplLab[d005,d0066]: F|H Krahenbiihl #1 Koltun i) 5¢ 4% 1) Bk CRF
VERNFAETE F 1) 43 B8 J5 AP Rk 4L 7 B4 B el MR R BB R
o FEHX TR R R AT, LR EAI T 2 QRERIFR N % A5k
SEAER R T ED . AR, R R KR ?CFL ﬁﬁa%éﬁ eI
HH T CNN [ 23 (B AN T & R 4y Be R R Sl . R T JE AR Y
FETCRL, AH 2T DB N e B A 5t A 2

* ~ JEC €] €]
el o] ]

) CNNout ) CRFitl ) CRFit2 ) CRFit10




2.1.2.2 CRFasRNN

CRFasRNN[d007]: i T35z P iR T4 RNN, # CRF 5 FCN
SEAEEI,  JFN LA X 45 3347 i 3 ity (1)1

2.1.2.3 Multi-scale-CNN

Multi-scale-CNN[d010,d011,d012,d013]: AbFE |- F <2130 82 B i 5 — v ]
Be T SR 2 R . JLT- CNN RN AN S B 2 5o i A i ) B R
LAl o bl A A B 2R AR N BR G = E = A, 18 R AR
LSRR B AR AR B 03X S M I P82 4 P X STR R 2 ROBEIRRAE (AT R
BAEFAZED . o, XS T HF LM n 8K MG, AL
e BIAE R o 58 BBt 0 — i m] B 7 V2 2 Ad FH 2 RN 2%, 1% 4% 38
FIREERIAFE R E R 2 AW LS, SR 56 I DA A 5N

Input

Scale 1

‘-—;;v/pool full conn‘-

upsample

upsample

Scale 3

2.1.2.4 ParseNet

ParseNet[d014]: 5 GG, K2 R R b 8O 5 R SR A AR [R] (1) 23 18] K0S
SR G BT DERS R DUAE BRAE T — 2 WA B A R IR B 2] 2K



(2) (3)
Global feature L2 Nopn UnPool
(1

Globall g \
Pooling

. (2). .

Feature map L2 Norm Combined feature

S

2.1.2.5 PSPNet

PSPNet[d015]: $i2 {5 £ 48 DU AN AN [R] 555 RUSE RRFAE R 65 10 <6 7 B AR AT A
B, DMEBRAKR AR 5 &R 5

| Conv|— LS
E — P ofcoNV] - b
*{CNN |-+ *|{POOL|—> F—iZ -
S — \_‘ i i S
it CONCAT

SCONVI=eLH,

(a) Input Image (b) Feature Map (¢) Pyramid Pooling Module (d) Final Prediction

2.1.3 ZF RNN ¥ B & 55

2.1.3.1 ReSeg

ReSeg[d016]: A K& VGG-16 MZ% 2 —Z B, 75 2R IE 5
RMELE . HEA—APEZA ReNet ZHEATHIN. &)a, HHETHRESRN L
RS2 R BRI S IR o AR MO iR, 1 TR E3 A #e (GRUD,
PN EATIAE A A7 RTRT TSR RE 0 5 TS T R AR RE T4

2.1.3.2 LSTM-CF

LSTM-CF[d017]: {3 F B FAS A (53R U5 : RGB FIVARE. RGB ik



#17- DeeplLab A& R 454 (AR AAAE =N AN A R _ BB IE AR B R IER R . 4
Jey BT SCAETR BRI G FE SR IR _E 5 B A, (I SeT B N SO AR AN I ) bk
PTG

2.1.3.3 2D-LSTM

2D-LSTM[d018]: Fr NEUR B/ AR E S 1 1, IX L5 gk 15tk 2 Py A~
BB LSTM i o X0 TAR SR LA 8% CPU b AR T 5 52 6 R A Y
{7 B o

2.1.3.4 rCNNs

rCNNs[dO19]:  Hod i {3 F AN 7] B s A\ B 1K/ =5 R S i i 10000 v Jse 52
WERRA AR NG DR XA, Wb~ BT, WimiEm
P RE

2.1.4 ET LB 5K E &R F

2.1.4.1SDS

SDS[A020]: 26 fd il F 11 E 10502 B R 4 B N 2 R 4L 5 4L
(MCG) [d027 ]I % b i FE K315 X B o AN, S
Region-CNN (R-CNN) [d028]f1 st A AHR LT, SLA i MCG 7 142
9130 FHETI S S A 2% DA X 0 B O . S 3L ¢ CNIN 4
(L2 E A PSRRI ERL (SVM) KA KA X BRI

2.1.4.2 DeepMask

DeepMask[d021]: % T-#41 ConvNet [t SR XA AT
FINANT 895 B DL S tbah T B8 0 R P RE T . IXPAMESS 2 BE 5 1,
HEEANMZHE, KERZHZE, BT &E—MESRENE.

2.1.4.3 SharpMask

SharpMask[d022]: 5| A\ T — Nt gt i, 78 5 R i) 224w gl
HTHI— 22T — 2856
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2.1.5 MFHHBIM%

2.1.5.1 Clockwork Convnet

Clockwork Convnet [d024]: iZ %%+ FCN F)ekgm, AR ALAT A i i a) 28
ZORDHEERIT 0], (RIS CREFFERR M o RRAIE 0 BE 9 2% FR R AIE RIS TR) AR R - 5
WA FZ, PR 2 R E A LR R P RFIE R . fEZ R R, AT LK E 4l
BB, ARYEFLURFE AN RSB B R A B e AT XA, BT s R
P, AT CAFEMT_E ORFFER BERFAE, AT 1548 HEER I (8] . /RS FRH 1 A BB 36
SE N G o [ 5 B (8] 3% FONE R F RN R A BUW IR W B T —AME 8 IS
()Y . B O S B DA SR 3 i 7 ko B AN b, B, B T2 3 EEE
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Segmentation

2.1.5.2 End2End Vox2Vox

End2End Vox2Vox [d025]: 5| A Convo-lution 3D (C3D) %%, JFfifid
TEB SN INR GRZERY R & LLEATIE X a#E]. T Rg@ B mA 7 16
it BB R T AR, 23 % BN B AR AT T . B R sk 2 A 3D B, X
SE AR = 4EYE g 2%, IX ROk 280 FH T 55 22 183 I I B RIE S 2 .

2.1.5.3 SegmPred

SegmPred [d026]: FrFif 7%, BEME TN AR SR i AU %2 21 (RS ) 1 S
rEIE. ﬁi‘%i@/\g/\ﬂﬁ‘fﬂﬁﬁi%‘\ g, DO HTATEERS B i 7 Rk T U1 2k
DA A PR ASOR) ) F0 225 SR

2.2 ¥ Detection

2.2.1 Region Based 5%

2.2.1.1 RCNN

[0001]first to explore CNN for generic object detection.Region
Proposals=> warp=>feature extraction =>SVM Classification =>Bounding Box



Regression
2.2.1.2 SPPNet

[0002]introduced the traditional spatial pyramid pooling(SPP), Enable
convolutional feature sharing

2.2.1.3 Fast RCNN

[gO03]First to enable end to end detector training (when ignoring the
process of Region Proposals generation).Design a Rol pooling layer (a special
case of SPP layer),

2.2.1.4 Faster RCNN

[0004]Propose RPN for generating nearly cost free and high quality Region
Proposals instead of selective search; Unify RPN and Fast RCNN into a single
network by sharing CONV layers;

2.2.1.5 RCNN ©R
[g005]Replace selective search with static RPs
2.2.1.6 RFCN

[9006]Fully convolutional detection network; Minimize the amount of
region wise computation; Design a set of position sensitive score maps using a
bank of specialized CONV layers; Faster than Faster RCNN without sacrificing
much accuracy.

2.2.1.7 Mask RCNN

[g007]object instance segmentation; Extends Faster RCNN by adding
another branch for predicting an object mask in parallel with the existing branch
for Bounding Box prediction

2.2.2 Unified 5%

2.2.2.1 OverFeat

Enable convolutional feature sharing; Multiscale image pyramid CNN



feature extraction[g008];
2.2.2.2Y0LO

First efficient unified detector; Drop Region Proposals process completely;
divides an image into grids and predicts class probabilities, bounding box
locations and confidences scores for those boxes. [g009]

2.2.2.3 YOLOv2

Propose a faster DarkNet19; Use a number of existing strategies to
improve both speed and accuracy; Achieve high accuracy and high speed;
YOLO9000 can detect over 9000 object categories in real time. [g010]

2.2.24SSD

Effectively combine ideas from RPN and YOLO to perform detection at
multiscale CONV layers. [g011]

2.3 43 Classification

2.3.1 ZF iDT (improved dense trajectories )L ) 5=

DT 572 [e001]#) 3 A JE ¥ A F FH 637 RSRAF AT 51 b i — Se s, 15
WSE AL HOF, HOG, MBH, trajectory4 ffiE, M HOF T K JE K]
HE, HAMNIANET dense optical flow CE 6D 115 . )5 A A FV (Fisher
Vector) FFiEM AT 9, FEE T gwbdss F)IlZk SVM 72545 . 11 iDT[e002]
et b 5 E T R H S PO 2 18] ) 6 A & SURF D8 s 14T ILIL,
TV BRI SS AR N LI B R g2, 5ok fa i B 4 s warp optical flow

Tracking in each spatial scale separately Trajectory description

Dense sampling
in each spatial scale

= .
- s B ~ v
-
1 1 ‘.;](
N 9D \ N
VL HOG
\ \ A
Fig. 2 llustration of our approach to extract and characterize dense The trajectory shape is represented by relative point coordinates, and
trajectories. Left Feature points are densely sampled on a gnd for each the descriptors (HOG, HOF, MBH) are computed along the trajectory
spatial scale. Middle Tracking is carmied out in the corresponding spatial i a N x N pixels neighborhood, which is divided into ny x ny x 0,
scale for L frames by median filtering in a dense optical flow field, Right cells

1M[e003] 1 PR fv g, MiiZiedk T+ iDT Tk sludt MOR S i3



2.3.2 Two Stream Network RA74E &

2.3.2.1 Two-Stream Convolutional Networks for Action Recognition in

Videos

Two Stream[e004]77 Vi W 7R IR f SCEE h Ak H th, A S5 3 R AR 7

B R B R, RIS S] (B temporal 5 8. S8 ExTT

YEG (spatial) A4S (temporal) 23 5liIlZ% CNN iR, AN S 1)

KR £ 3 S 3t SR O 2 ) 34T BT, B Jia BLFE ST B AN 2% 1) class score 347 fusion

(B BB P svm BIF 1), BBIREMRER. FE, NEHRANDL
i F 7 MR 2D CNN RR28 4544

z Spatial stream ConvNet
conv1 || conv2 || conv3 || conv4 || conv5 || fullé full7 ftmax|
7X7x96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 4096 2048
; stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
norm norm, pool 2x2

single frame  [P90! 2x2 || pooi 2x2

Temporal stream ConvNet

conv1 || conv2 || conv3 || conv4 || conv5 || fullé full7 [oftmax

7x7x96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 (| 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
norm pool 2x2 pool 2x2

pool 2x2

Figure 1: Two-stream architecture for video classification.

2.3.2.2 Convolutional Two-Stream Network Fusion for Video Action

Recognition

[€00513X fi 1 SC 1) 3 B TAF A{E two stream network FI3EAtE I, FIF CNN
W25 34T 1 spatial UL temporal G, Mimdt—245Em 78R ok, %3
I IR K spatial A1 temporal (2% #R % T VGG-16 network.
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2.3.2.3 Temporal Segment Networks: Towards Good Practices for Deep

Action Recognition

[€006]iX i S % #2 H ) TSN W 2% 52 spaital+temporal fusion, 5 & It
T, XESCES a5 two stream J7iEHEAT THERMIIHE, FEA
PRI}

1. BINBHEFZER,. BRr2: two stream JiiAf) RGB image A1 optical flow
field iX P i N Ab, iX s e ik 243 7 RGB difference 2 warped optical flow
field BRI N . & 455 & RGB+optical flow+warped optical flow 4 & %5 5
IF

2. MkEER: 2T GooglLeNet,VGGNet-16 }2 BN-Inception =i 4% 4
4, Fr BN-Inception (XU 4T

3. IZRsknmg: ¥ BTG, BN, i ss

Video Snippets Temporal Segment Networks

1

E—n»
I

_r{'g mental

L Temporal ConvNet
i ||

,(
Spatial ConviNet
m_ 7\
m il

I

|

I
I!ﬁ-
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High Jump

Class Score
Fusion

.
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2.3.2.4 Beyond Short Snippets: Deep Networks for Video Classification

Joe

[€00713X f 3C & 2 LSTM KA two-stream network [f] temporal fli&

Optical
Flow

30 - 120 seconds
video clips

BRRRNRNN DODDONED

[ ]

CNN Feature
Computation Aggregation

/ Feature

P

-

Class Prediction
Scores

Class
Scores
Fusion

. LSTM
Feature

2.3.3 C3D Network R HARRATEFTE

C3D[e008],2 facebook fj—4~TAF, KH 3D &A1 3D Pooling #% 1

%%

Convla
64

!

Conv2a
128

i

Conv3a
256

Conv3b
256

]
|

i’

Convda
512

Convdb
512

Convsa
512

Convsb
512

fcb
4096

fc?

4096/

J

Figure 3. C3D architecture. C3D net has 8 convolution, 5 max-pooling. and 2 fully connected layers, followed by a softmax output Layer.
All 3D convolution kernels are 3 = 3 x 3 with stride 1 in both spatial and temporal dimensions. Number of filters are denoted in each box.
The 3D pooling layers are denoted from pooll o pools, All pooling kernels are 2 » 2 x 2, except for poollis 1 x 2 x 2, Each fully
connected layer has 4096 output units.

FHIR B SCIE A [e009][e010]



2.3.4 HAhek

2.3.4.1 A Key Volume Mining Deep Framework for Action Recognition

Baseline Framework

—d B f X
; Z CNN S = ' multi-class loss
= 9 3 : :
the same
Key Volume Mining Framework " :':&%E]‘ -_-P-;) ------ ’
R !
CNN s @ i = :
hared Pz | —log(ps) . :
share . ., I‘ ) : :
omm—r | | I
: ;i L) CNN e E ! bel: 2
/ hared | I
share . ' ) !
\ ]
' b+ —log(l /o B
CNN e ) | !
; o :
video 3D volumes sigmoid scores  © - Maxout

® ; stochastic out

A [e011]F E A1) /2 key volume [ H B1R A o 18 AR 2K — B B B /E LA
BT, TS RIX B A A — i S5 Zh R0 R IFA K . PRI HEAT SC S o
(1243, PR SCEEMT 3k T CNN B [ 7 A Bh T m i R AR

2.3.4.2 Deep Temporal Linear Encoding Networks

A [e012] EE 4L H 7 “Temporal Linear Encoding Layer” I 525 1 4mis )=,
F= BRI AN [F] A7 B R AR AT Bl S b o = TREAE SR EUN) AT DA F & AT,
LSS | two stream DL S C3D P Ff ) 28 S B BURFAE
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2.4 IREE Tracking

2.4.1 Observation Model

2.4.1.1 Appearance Model

Visual Representation: Color histogram[b001], Gaussian mixture
models, sparse representation, manifold learning ,hidden Markov random field
model, Robust Principle Component Analysis (RPCA)[b002].

Statistical Measuring:



Strategy Employed Cue Ref

Boosting Color,HOG,shapes,covari [b003],[b004],[b005]
ance matrix, etc

Concatenati Color, HOG, optical flow, [b006]

ng etc

Summation Color, depth, correlogram, [b007][b008][b009]
LBP, etc

Product Color, shapes, bags of [0010][b011][b012][b
local features, etc 013]

Cascading Depth, shape, texture, etc [0014][b015]

2.4.1.2 Motion Model(mutual motion model)

Linear Motion Model :[b016], [b017], [b018].
Non-linear Motion Model:[b019],[b020]

2.4.1.3 Interaction Model

Social Force Models:

Ref employed Forces

[b021] repulsion, constancy, fodelity

[b022] replulsion, constancy, attraction,
coherence

[b023] coherence

[b024] relulsion, coherence

[0025] constancy, fidelity, repulsion

[b026] constancy, coherence

Crowd Motion Pattern Models:[b027],[b028],[b029],[b030],[b031],[b032]
2.4.1.4 Exclusion Model

Occlusion Handlin

2.4.2 Tracking Model

2.4.2.1 Probabilistic inference[b028],[b012],[b033],[b034]

Kalman filter [b035], [b036]
Extended Kalman filter [b037]



Particle filter [b016], [0010], [b038], [p008], [b039], [b040], [b041], [0042]
2.4.2.2 Deterministic Optimization

Bipartite graph matching: [0016], [b043], [b044] ,[b045], [b046], [0023],
[b047], [0048]

Dynamic Programming: [0049], [b050], [b051], [b052], [b053], [0054],
[b055], [0056] [b057], [b058]

Min-cost max-flow network flow: [b054], [0059], [b060], [b061], [0062],
[b063]

Conditional random field: [b064], [b020], [b065], [0066]

MWIS:[b006],[b017]

2.5 ¥l Prediction

2.5.1 Action Prediction

2.5.1.1 Early Action Classification

integral bag-of-words , dynamic bag-of-words [c001]
sparse coding [c002]

motion velocity peaks detection [c003]

information divergence [c013][c004]

deep learning:[c016][c014][c017][c015]

2.5.1.2 Intention Prediction

Stochastic Context Sensitive Grammar [c019]
hierarchical event[c018]

Probabilistic Suffix Tree [c019]

Predictive Accumulative Function [c020]
conditional random field [c018]

2.5.2 Motion Trajectory Prediction

Clustering to learn pattern[c021][c005][c006][c007]

inverse optimal control; inverse reinforcement learning[c011][c012]
dynamic Bayesian network[c010]

Gaussian Process

Hidden Markov Model



deep learning (RNN/LSTM/GAN):[c008][c009][c022][c023][c024][c025]

2.6 % Comprehension

2.6.1 Temporal action localization in untrimmed videos

via multi-stage cnns

TR S B TR A G B RGT IRL B (segment), PR £
F‘JIEIEI’JI_J?%(Segment CNN)RALPE.SCNN F: ZEALFHE =/>7 /2%, B ] 17 C3D
network. #~—/-/Z proposal network, FIRFIWT = AT A KA B —1~3)
1’!55’]1‘%1 % AN classification network, iZ M 2% F T 45 WA A Bt 4325, HiZIN
%Tﬁﬁﬁ‘{)’”ﬁﬂﬂ 1M A2 FA1ERIEE4L localization network; 55 =T M 2& N
localization network, % 2% )% H T XK TH R IR, (HAEUIZRI DN T
HSFEMHRBII R REL, 1528 B8 S I A T — M B R F S
BﬁFﬂtﬁﬁTﬂH&ﬁ%i‘fﬂﬁ%U (NMS) ﬂézﬁﬁf%éﬁ’]ﬁ? SERCTIN . [KO01]

e
EUE N Sy | PO AT
== > Lonss §
4 L
ﬁm‘" . - Segment 3D ConvNets 16 fc7 feB P, t
emon of not?
1) Proposal
40 segments
- Wheres |
64 frames | i i e ‘m,‘ e =9 =5 i‘;
| cccmmcnancos B MUl scale segmentgeneration. Segmen D Conviets 6 fe7 fcd et
....................................................... 2) Cla: bt
s temponsl
> =
Sackground ClitfDiving Background
. ",‘ - . — sg
i
{lE 9 075 X J
Lt
‘ | Segmen 3D Con fcb fc7 fc8 P u .
(3) Locatizat bel
¢) Post-processing (b) Segment-CNN

2.6.2 Convolutional-De-Convolutional Networks for
Precise Temporal Action Localization in Untrimmed

Videos

% C3D (3D CNN M%) Wit | — MR HRML, WA — /N
B, fiH frame-level ROUZEIEEBIMEZR . %M %% T3¢ H kX temporal action
detection W FIBNEL S AT ROA , 143 37 VR 1 5 5 hn#ER , A $2 = mAP . [k002]



2.6.3 A Pursuit of Temporal Accuracy in General

Activity Detection

F TSN(Temporal Segment Network, - Action Recognition [f] state-
of-the-art 777, L RARATA K TAR) A 71 b AERR JLCH izt 21 )& T 3k
Pt GESNEIARZINME), R T X MR 7 —Mi Temporal
Actionness Grouping(TAG)I¥] proposal /7. 2 Ja BHE47 K501 #)Kr . [K003]

2.6.4 Temporal Unit Regression Network for Temporal

Action Proposals

KH 7 2440l Faster-RCNN F 8L, 322 2 4F N proposal 1) 7772 . pipeline
bb 5 1 B [k004]

2.6.5 UntrimmedNets for Weakly Supervised Action

Recognition and Detection

P T —FA LLH T Action Recognition #1 Action Detection 1) 53 i B
J7i%. [k005]

=\ HXIARATRER H

FHB AP ER R, AR o R BRI, (AU A B bs 30 15 A2 75 2 AL
E IRER

A AR AR AR ) — 5 2 R Eh 1

PRAESIAEARAT: AE B sh e e, A Hhs s e, oAt W
A B B e R R HEBURIBS <5 88 AN R B R 2 8] ) i 5

BB R &H Tk T FHORR R BRI 34T B DA TR

Feik: B zhBYHAA BRI RBk
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