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1. INTRODUCTION,MOTIVATIGNSAPPLICATION




RESEARJEPICS

Googlingat «googlescholaw, forresearchopics
(searchune 2016)

Since

2012
VERY HOT deeplearning 23000
RESEARCH video-surveillance 18300
TOPICS I tracking video 267000

backgroundgsuppressio5190
multi- target tracking 3150

peopledetection 3160
peopletracking 3950
re-identification 8430

egocentriovision 291
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2015
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161

Average
20122014
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1803
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Application trends




SURVEILLANCE




SPORT AND ENTERTAINMENT

Tfaékiﬁéplayersin req}tﬁi.fné i 4530

Understandingplayermotion
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- AUTOMOTIVE

DR(eye)VE: a Dataset for Attention-Based Tasks with Applications to
Autonomous and Assisted Driving

Thanks$o Frances@®@oleraStefano Aletto, Andrea Palazzi,
Simone Calderara

Imagela@WCVPR 2016

adas Morane



HUMANXINTERACTION
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Human computemteraction
+ Human machinanteraction
Humanenvironmentinteraction

Humanautomotiveinteraction
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EGOCENTRIGEW

Social behavior analysi
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2. THEPIPELINEH'HE TRACKING MODELS




WHATCANWENEED

Humans recognize motion
and recognize by motion

Computer vision for 2D to 3D space

Frame spatial analysis (localization)

Video motion analysis for Temporal coherency
Learning

Recognizing similar patterns in the space and
time



THECLASSKIPELINE (BURVEILLANCE)

Low-level Information
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FromBeyond Multiple target trackingorisBazzanphdthesisVerona 2012
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Understanding the context:

calibration, 3D reconstruction

Humans recognize motion

and recognize by motion

video 7

Joatial Coherence:
Segmentation/Detection

Feature extractlon_ Machine
(Appearance Patterns, Motion, h | :

Depth, Shape, Texture, earning

Trajectory..) / l

Reidentification
Understanding:

Temporal coherence:

) making inference on
Tracking J

Action/activity/behaviour




[HE-IVECOMPONEN TS TRACKING

The (unsolved) questions in tracking a single or multiple targets

1)
2)
3)

4)
5)

Whichareato track?
Whichvisual/ motion features and representatiomo extract and how?

Whichmodel/statusto update and keep in an internal representati9on
short and long term memory?

Whichinferenceto provide?
Which modebredictionfor the spatial and temporal coherence?

Representation inference
area

model

Internal representation



DETECTION AND TRACKING

Two connected dichotomies
1) DATA DRIVEN vs MODEL DRIVEN
1) TRACKING BY DETECTION vs DETECTION BY TRACKING

The connection between tracking and detection is debated since the famous
HANnnNnQ&a t!al &aLISOAIFET A&aadzSax



[HE-IVECOMPONENTS

inference

model

1
L

Internal representation

Model ( the statukrmtﬁwrlarget(s)]:



(DETECTIGY)TRACKING

Detection by tracking
or tracking without detection

A For single target tracking

A When an initialization is given
( multimedia)

A When users are involved
(HCI)

A In disjoined multicamera
(re-identification)

O

¢

Spatictemporal
Coherent
identification

Model: the target(s)

Model definition and

updated (initial target
detection/selection)

TRACKING

DETECTION

(localization)

Data: the image frames



TRACKING BY DETECTION

Data: the image frames

TRACKING

Model creation and
updated

\ 4

Model: the target(s)

O
O

“)

Spatietemporal
Coherent
identification

Tracking by detection

A When detection is easy
(videosurveillance)

A When detection is easier
than prediction
(MTT, crowd)

A In overlappednulticamera



Spatial Coherence:
Segmentation/Detection

Ourvisualbehavior
Temporal coherence: _
Tracking Isnot sodifferentX

The path:

The stimuli from retinae through two parallel path reach the lateral geniculate

nucleus in thalamus, then to the cortex in the occipital lobe and then
1) Two parallel paths

1) The way of WHAT in the temporal lobe perceives color, shape of the
object, the face..

2) The way of WHERE in parietal lobe provides localization during the
time of such objects

2) Centers hierarchically connected, process information and work together



FOR HUMANS TOO

The path: (E. Kendall, 2008)

1) The stimuli from retinae through two parallel path reach the lateral
geniculate nucleus in thalamus, then to the cortex in the occipital lobe
and then in the temporal and frontal lobes.

2) Two parallel paths

1) The way of WHAIh the temporal lobe perceives color, shape of the
object, the face..

2) The way of WHERIE parietal lobe provides localization during the
time of such objects

3) Centers hierarchically connected, process
information and than come back
to the WHAT area and work together

Based on attention and purpose




AFEVWWORD®NDETECTION

Targetdetection
A. Notarget model implicitin the contexi
B. Agiventarget model lumans vehicle animalX 0
C. Learning target model byanymanyexamples




A) NO TARGET MODEL

Detectionby backgroundsuppression

- Forstaticcamera(s)

- Forcameraswith constrainedmotion (Pt2
- Insurveillance

Stillopen (?)guestions

- Backgrounadhnitialization
- Background model upda
- Backgrounduppression




BACKGROUNPPRESSIOMOLDRESEARC

Google

Scholar

Articles
Case law

My library

Any time

Since 2016
Since 2015
Since 2012
Custom range...

Sort by relevance
Sort by date

include patents
include citations

Create alert

MOG andshadowsMOG2 OpenC

background suppression video

About 163,000 results (0.06 sec)

Detecting moving objects, ghosts, and sh:
R Cucchiara, C Grana, M Piccardi... - Pattern Analysis
... 3@ and 3c are two frames (#180 and #230) of a vide
MVO and its connected shadows at frame #180; shadc
areas is essential also for obtaining an accurate and re
Cited by 1493 Related articles All 18 versions Cite

Improving shadow suppression in movin
R Cucchiara, C Grana, M Piccardi... - Intelligent ..., 2C
... IV. SHADOW SUPPRESSION IN SAKBOT Sakbot i
ob- ject detection and tracking; it is currently tested for
a ... The Sakbot acronym derives from the model we u
Cited by 560 Related articles All 9 versions Cite

Reliable background suppression for cc
S Calderara, R Melli, A Prati, R Cucchiara - ... worksht
Abstract This paper describes a system for motion dett
suppression, specifically conceived for working in cor
background, camouflage, illumination changing, etc..
Cited by 56 Related articles All 5 versions Cite S

Detecting objects, shadows and ghosts in
information

R Cucchiara, C Grana, M Piccardi... - Image Analysis

... it Dip. Ingegneria - University of Ferrara, via Saraga’
it 2 Abstract Many approaches to moving object detect
surveillance proposed in the literature are based on ba
Cited by 165 Related articles All 12 versions Cite

Robust techniques for background subtr:
SC Sen-Ching, C Kamath - Electronic ..., 2004 - proce
... background modeling techniques like MoG and apy
On the other hand, suppressing moving shadow is mur
luminance-only video. A recent survey and comparisol
Cited by 672 Related articles All 15 versions Cite

ViBe: A universal background subtractior
O Barnich... - Image Processing, IEEE ..., 2011 - ieee:
... Simnle motion detection alaorithms comnare a static

(a) Input image (b) S&KB background (c) Shadow detection (d) MVOs extracted

Fig. 4. Examples of Sakbot system in urban traffic scene

suppression

(d) Detection w/o shadow suppression (e) Shadow detection (f) Detection with shadow suppression



BACKGROUNINITIALIZATION

Fast Background Initialization with Recursive Hadamard Transform

AVSS 2010

Figure 4: Examples from two VISOR and two CAVIAR videos: (A,B) two random frames, (C) Estimated background us

NN
O
2

Davide Baltieri, Roberto Vezzani, Rita Cucchiara

c
Q‘
x@
Table 3: Tirnip@ ults
\& Frame Background
. (\Cb\.lpdate (ms) | Estimation (ms)
Median__ &Y 46 3133
DCT-based Mo@&l [14¢G 29 1506
HO O % 7
v e‘O
Table 4: Averaged results using CAVIAR dataset
Average | Clustered
error error pixels
Median 16.00 5451
DCT-based Method [14] 14.12 3822
RHT 12.55 2334

Table 5: Averaged results using ViSOR dataset

Average | Clustered
error error pixels
Median 11.080 1929
DCT-based Method [14] 13.55 1807
12.62 968

the median filter, (D) using the DCT based method of Reddy et al. ( [14] ), (E) Our proposed enhanced method




BACKGROUNNPPRESSINEWS

very few news

A maodified Gaussian mixtubackgroundnodel via spatiotemporal
distribution with shadowdetectionH Xia, S Song, L H8ignal, Image
andVideoProcessing, 2016Springer

BackgroundubtractiorMethodsin VideoStreams AReview

SabaloudakiMohd Shahrizabin SunarHoshang<olivandDzulkiflibin
MohamadJSCDSS 208alaysia(!)

Many improvements for technical engineering applications
Very few toprank publications in the last fhyears

(See google scholar)

Good commercial solutions

LT @2dz 92N)] ¢S ai0lFidA0O0 OF YSNYaxo !


http://link.springer.com/article/10.1007/s11760-014-0747-z
http://link.springer.com/article/10.1007/s11760-014-0747-z

B)WHENOBJECWIODEULSKNOWIX
C)WHENTISLEARNED

Detectors
People detectors (anokther targets)

Pedestriandetectois f 2y 3 & 0 2 NB X

A Detectors:Dala) TriggsSCVPROFelzenszwallCVPRO&avrilaet al
1IJCV08, PAMIO9

Benchmarks: Dollar et al CVPR09

Search modes Lampert et al CVPRO08

Detection in crowd Ge Collins PETS09

Detection and tracking in crowd Rodriguez ICCV11
Survey Dollar et al TPAMI11

o o o o I

Improving speed and accuracy
Multi-Stage Particle Windows for Fast and Accurate Object Detection

[Gualdj PratiCucchiard PAMI11]
form silidingwindows to particle window search for people and other targets



DETECTING PEOPLE

Improving speed and accuracy

Multi-Stage Particle Windows for Fast and Accurate Object Detection
[Gualdj PratiCucchiard PAMI 2011]

from silidingwindows to particle window search for people and other targets




ANEGOCENTRWMEW
PEOPLEETECTIAUN AUTOMOTIVE

Complexask withverylimited performance irrealscenarios
Reasonablautomotivedataset(CaltechUSA)

4 Challenges

A Figuresize:
Far pedestrianappear very small in the imad&G with VGA resolution and 36deg vertical
FOV, the figuref a 1mheight child at 30 meters is only 25 pixels long.

A Fast dynamics:
The detection latency must be small, and decisions must be obtained within a few fran

A Heavy clutter:
Pedestrian detection is typically taking place at urban scenes with a lot of background
texture.

A Articulation:
Pedestrians are nengid objects, spanning high variability in appearance and cause
tracking difficulties.




PEOPLBETECTIGBKPERIMENTS

3 mainapproachesn literature
PartBasedvlodels People bodisa collectionof partdteected
separatehallatentvariablegFelzenszwall201q

Pros Robusto occlusionsAccurate <15 % miss rate per
image
Cons Slowapprox10fps,Needretrain, Needhighresolution

DeepnetworkModels Aconwnetisusualllytrainedlearningboth
featuresandclassificatioriunctions/Anelia2015]

Pros Fast 25fpgrlexiblesAccurate <20% miss rate parage, .
easyretrain, hardwaramplementation

Cons Scalelependent Needmanydata for training, No
control over the model, Higiesolution

Standardeature/ classificatiomolisticmodelsDollar2014]

Pros Scalenvariant Fastapprox30 fps, Featuresare
handcrafted Flexibleand controllablemodel performances

ConsLessaccurateapprox30% miss rate pamage, must
selectfeatures speeddependon featuresextractionand
numberof scales




RESEARCGHRFORMANCE OALTECBATASE

Performan ce Re pOF'[ fl‘0m [BenenSOH 2014] Ten Years of Pedestrian Detection,
What Have We Learned?
Noperfectmethod
A . . . . Rodrigo Benenson Mohamed Omran Jan Hosang Bernt Schiele
Stillimpossibleo haveNO FRat satisfyingmiss
Saarbriicken, Germany
rate firstname.lastname@mpi-inf.mpg.de ECCV 20 14

Stillimpossiblgo achieved MR per image
Performance arevaluatedon image

independently Miss Rate MR
1 — T Lt E R TP LI TP SO EO PRI EP P PP FPIPLRRPORR
: : :
. o . 80_ 2 = e = s._____\ ................... P o
Googlerequirementfor selfdrivingcarisa 0,07 sec g4} T S R e
responsef the system 50f B N N e

40} 94 730 Vo ___________ A _____ e ______________
— 68.46% HOG by ; :
30r

— B63.26% LatSvm-V2

Currentfastestmethod SDN 10fpaccuracy60%

CurrentmostaccuratemethodKatamaraccuracy =~ .20 >1#% P8t NG T T e
50.17% Qurs-SquaresChnFtrs (I)
80% S5fps 48.35% Roerei
——— 37.87% SDN : _
10k 37 64% MT-DPM+Context ~ --- s Yog gl -

GOOGLRtestmethodDEEPCASCADE[Anelial5] |~ 38!% Ours-SauaresChnfs (C)

= 34.60% InformedHaar
Accuracwo% 15[)5 = === 31.28% Ours-SquaresChnFtrs+DCT
05 | = === 30.34% Ours-SquaresChnFtrs+5Dt
: 29.42% Ours-SquaresChnFtrs+2Ped
p— 22 49% Ours—Katamari-v1

10° 10?10 10° 10
False Positive per image FP




Arxn2016

Bestnowoncaltech

Scale-aware Fast R-CNN for Pedestrian Detection

Jianan Li, Xiaodan Liang, ShengMei Shen, Tingfa Xu, and Shuicheng Yan

miss rate

10

Height Gate

o Weight1

Function

Large-size Sub-network

poullng

Lfee L_fc7 L cs_score

L I:I:Dx «_pre

cs cs
score prob

false positives per image

A 4096 2
L .
'I
W
I\
A
W
%,
A Y
.
- T
9473% W
----- 68.46% HOG
M 24.80% LDCF
~ 22.49% Katamari
""" 21.89% SpatialPooling+
---- 20.86% TA-CNN
[J o 18.47% Checkerboards
11.75% CompACT-Deep
— 9.68% SAF R-CNN
) 4 L
10° 10° 10" 10° 10'




NEW DNMPPROACHESGRAUTOMOTIVE

Topscorerson Kitty Benchmark:
A Combine CNN arf@egiomproposals

A DOnot treat Peopleexplicitly DetectPeopleCarsand Objects
simoultaneously> Exploitgeneralizatiorcapabilityof CNNilters

A Use 3Dwhenavailable

3D Object Proposals for Accurate Object Class Detection@ Exploit All the Layers: Fast and Accurate CNN Object Detector
NIPS2015 with Scale Dependent Pooling and Cascaded Rejection Classifiers
@CVPR16



PEOPLBETECTIGBOLVED

ICCV 2013

CVPR 2016

Learning People Detectors for Tracking in
CrowdedScenes

S Tang, MAndriluka A. Milan, K. Schindler, S.
Roth, B. Schiele

How Far Ar&Ve FromSolvingPedestrian
Detectior?.

ShanshaZhang, RodrigBenensonMohamed
Omran JanHosangBerntSchieleCVPR2016



NEXTTRENDS

FROM

Detecting in the space

: ) = Tracking in the time
(localize and recognize) \

T0

Saliency and o _
ODJECINESS s 11ACKING N the time

l

Recognition




OBJECDISCOVERND TRACKING

A coworkingapproach
Objectdiscovery
And tracking

nating in r,y1. A spatio-temporal tube is any sequence
r = [rq,...,ry| of temporal neighbors in the same video.
Our goal is to find, for every video v in the input collection,
the top tube r according to the criterion

T-1

T
D(r) =D @lresve, N)] + A D $(r,riga), (1)
t=1 t=1

where @[r;, v¢, N(v;)] is a measure of confidence for r; be-
ing an object (foreground) region, given v; and its matching
neighbors, and (¢, r¢+1) is a measure of temporal con-
sistency between 1, and 1;.1; A is a weight on temporal
consistency.

ICCV2015

Unsupervised Object Discovery and Tracking in Video Collections

Suha Kwak'**  Minsu Cho™*  Ivan Laptev*  Jean Ponce®*  Cordelia Schmid"

Inria ?Fcole Normale Supérieure / PSL Research University

Object Discovery across Videos Tracking Object within Video




OBJECDISCOVERNXD TRACKINGGNT

W e

RO

Motion coherency

max max
(b) Measuring the motion coherence score for a box.

— vy,

Figure 5. Visualization of examples that are correctly localized by our full method: (red) our full method, (green) our method without
motion information, (yellow) ground-truth localization. The sequences come from (a) “aeroplane”, (b) “car”, (c) “cat”, (d) “dog”, (e)
“motorbike”, and (f) “train” classes. Frames are ordered by time from top to bottom. The localization results of our full method are spatio-
temporally consistent. On the other hand, the simpler version often fails due to pose variations of objects (a, c—f) or produces inconsistent
tracks when multiple target objects exist (b). More results are included in the supplementary file. (Best viewed in color.)



Spatial Coherence:
Segmentation/Detection

]
Temporal coherence:

Tracking

4.REIDENTIFICATION




PEOPLEEIDENTIFICATION

People relDtwo scopes
1) Longtime memory Searchn gallerieswhatchinglist etc: softbiometry

2) Shorttime memory usedin multrtarget tracking witmot overlapped
camerar occlusion®r if the framesarenot continuou®

Answerto manyquestions
WhereA Q@tSeenthis persor?
Whereis he/shegoing?

Isthis peopleappearedmore time?

[R.VezzanD.Baltierj andR.Cucchiara
Peoplereidentificationin surveillanceand
forensics Asurvey ACMComput Sur4é,
2, Article29 December2013)]




PEOPLEEIDENTIFICATION

People
Reidentification

(iﬁeaaprljifr?(rjzltg]l!;gf I I Extension of théracking

magesandvideos problem(in videog

As a component in the tracking problem,

A re-identification aims at finding associatiometweenpredictionand
observation

A It supposes that apatictemporal coherence of the target position and
appearance is satisfied, but there smme blindspatiotemporal area

A it matches a previously seen target if it appears again isaine camera
after ashort time in aposition closeéo the previous one, and with a
similar appearance



A MULFDIMENSIONAPACE

[Signature]
[Body model]

[Sample set]

soft-biometry

[Machine Learning]

position

[Application scenario]

- 5
7

long-term tracking

short-term tracking image retrieval




SDALF for person re-identification

Symmetry-driven accumulation of local features for human characterization and
re-identification

L. Bazzani, M. Cristani, V. Murino

Computer Vision and Image Understanding (CVIU), 2013.

SDALF code / bibtex

FEATURES

Person re-identification by symmetry-driven accumulation of local features
M. Farenzena, L. Bazzani, A. Perina, M. Cristani, V. Murino

In Conference on Computer Vision and Pattern Recognition (CVPR), 2010

SDALF code / video / bibtex

N ]

SALfbasedfeatures
Nowreferencemethodfor approachesisingcolor andshape

Figure 1: Sketch of the proposed descriptor. (a) Given an image or a set of images, (b) SDALF localizes meaningful body parts. Then, complementary aspects of
the human body appearance are extracted: (c) weighted HSV histogram, represented here by its (weighted) back-projection (brighter pixels mean a more important

color), (d) Maximally Stable Color Regions [1] and (e) Recurrent Highly Structured Patches. The objective is to correctly match SDALF descriptors of the same
person (first column vs. sixth column).



3D REDENTIFICATION

Datadrivenmodel: 3D to 3D or 2D to 3D Model match

Baltieri, Davide; Vezzani, Roberto; Cucchiara, Rita "Mapping Appearance Descriptors on 3D Body Models for
People Re-identification"International Journal of Computer Vision, INTERNATIONAL JOURNAL OF
COMPUTER VISION, vol. 111, pp. 345 -364 , 2014



http://imagelab.ing.unimore.it/imagelab/publicationSheet.asp?idpublication=8

(b)

Fig. 2 Different snapshots of the same pedestrian viewed by
a network of cameras, under varying light conditions
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Ranked list of

g i i ig. 4 Genesis of SARC3D: (a) a human 3D model, (b) av-
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L uman model, and (d) different sampling densities of the
ARC3D model used in our tests
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REIDENTIFICATIOBKAMPLES

Better (only if you have tracking, already)

Cumulative Matching Characteristic (CMC)

100

: : : —+— SDALF
1 I} SRR .................. .................. ............. sARCID M

g0

f0F

60

S0

40

30

20

10F

o

DavideBaltieri, Roberto Vezzani, Ri@ucchiara3DPeS: 3D Peoplzatasetfor Surveillance anéorensics
WsMA3CHO, ACM Multimedia 2011



3D IS BETTER

For typically 3D objects with different shape in different views, as
persons are.

Also with Kinect based or camera baseddemtification




3DFEATURES

-~

Input

Segmented
point
clouds

N

hlllnllnllTlﬂ Frm Q""PHMI«MI
ST il I oint cloud
(aﬂllﬂlll.l:l“m!'“ﬂllﬂlllhl.\ Al ) _ Earti:ioning

rFTE 7 into bone-wise

clouds

J \_ Y




NEWFEATURENDAPPROACHES

CVPR 2016

=

Human ID

50 Recurrent Attention Models for Depth-Based Person Identification.
Albert Haque, Alexandre Alahi, Li Fei-Fei

51 Learning a Discriminative Null Space for Person Refldentification.
Li Zhang, Tao Xiang, Shaogang Gong

52 Learning Deep Feature Representations With Domain Guided Dropout for Person Re-ldentification.
Tong Xiao, Hongsheng Li, Wanli Ouyang, Xiaogang Wang

53 How Far Are We From Solving Pedestrian Detection?.

Shanshan Zhang, Rodrigo Benenson, Mohamed Omran, Jan Hosang, Bernt Schiele

54 Similarity Learning With Spatial Constraints for Person Re-ldentification.
Dapeng Chen, Zejian Yuan, Badong Chen, Nanning Zheng

55 Sample-Specific SVM Learning for Person Re-ldentification.
Ying Zhang, Baohua Li, Huchuan Lu, Atshushi Irie, Xiang Ruan

56 Joint Learning of Single-lmage and Cross-lmage Representations for Person Re-ldentification.
Fagiang Wang, Wangmeng Zuo, Liang Lin, David Zhang, Lei Zhang

57 A Multi-Level Contextual Model For Person Recognition in Photo Albums.
Haoxiang Li, Jonathan Brandt, Zhe Lin, Xizohui Shen, Gang Hua

58 Unsupervised Cross-Dataset Transfer Learning for Person Re-ldentification.
Peixi Peng, Tao Xiang, Yaowei Wang, Massimiliano Pontil, Shaogang Gong, Tigjun Huang, Yonghong Tian

59 Pedestrian Detection Inspired by Appearance Constancy and Shape Symmetry.
Jiale Cao, Yanwei Pang, Xuelong Li

40 Recurrent Convolutional Network for Video-Based Person Re-ldentification.
Niall McLaughlin, Jesus Martinez del Rincon, Paul Miller

61 Person Re-ldentification by Multi-Channel Parts-Based CNN With Improved Triplet Loss Function.
De Cheng, Yihong Gong, Sanping Zhou, Jinjun Wang, Nanning Zheng

42 Top-Push Video-Based Person Re-ldentification.
Jinjie You, Ancong Wu, Xiang Li, VWei-Shi Zheng

63 Improving Person Re-ldentification via Pose-Aware Multi-Shot Matching.
Yeong-Jun Cho, Kuk-Jin Yoon

&4 Hierarchical Gaussian Descriptor for Person Re-ldentification.
Tetsu Matsukawa, Takahiro Okabe, Einoshin Suzuki, Yoichi Sato






