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el )l UNIMORE Presentation

A UNIMORBJniversitadi Modena e Reggio Emilia, Italy
A funded in 1175, in 2 cities:

A Modena (11 Departments, 14.100 students)

A Reggio Emilia (3 Departments, 5.400 students)

A Dipartimentodi Ingegneria<Enzo Ferrari>Modena
A 6.000 students, c.a.100 faculties, 7 curricula

A Mechanical Engineering, Vehicle Engineering, Material engineering
A Computer Engineering, Electronic Engineering,

A Civil and Environmental Engineering
A 2 InternationalPhdCurricula (High Mechanid€ )
A 2 HighTechnology Network Centrefntermechand SoftechICT

A 2 Master in ICT: Vision Learning and Multimedia Technology (MUMET 2017),
Cybersecurity Academy
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Imagelal research since 1998

A Pattern recognition and Image processing WWW image|ab unimore.it

A Medical Imaging

A Digitalized Document analysis

A Multimedia

A Multimedia big data annotation

A Video captioning

A 2D, 3D, wearable Computer vision
A Augmented experiences in culture and museums

A Experience with Wearable devices, floors i

A Computer vision foBehavioranalysis

A Children and peoplbehavioranalysis

A Surveillance (in crowd)

A Automotivedriver behaviorunderstanding







MGGl | \vith Computer Vision

A ComputerVision is the scientific discipline studyitpw
to perceive and understand the world through visual
data by computers

A Pattern Recognitioris the ensemble of theories, models ,
techniguesto recognize patterns in unknown or
unordered data, generally images and multimedia
content.

A Machine Learnindsthe science ofetting computers to
act without being explicitlyprogrammed

ComputerVision & Machine Learningepresent now the
most advanced frontier of Atrtificial Intelligenstidies
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Computer Vision Revenue by Vertical Market, World Markets: 2014-2019
$35,000

= Automotive
$30,000  , sports & Entertainment
$25,000 u Consumer
= Robotics and Machine Vision
$20,000 = Medical
— = Security & Surveillance I
=]

$10,000 . dz(i X campuyer vision provide effectivel

Human behavior Understanding?
o l l
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2014 2015 2017 2018 2019

Source: Tractica

($ Millions)

2016




il Humanbehaviors

AWhat he is doing? MIURFAR project
DriveAttention
AWhat are they doing? 20162018

A Single and collectivieehavior

A Collaborative or not collaborativieehaviors

PRIN project &
A H mM20E8 §
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Understanding Humalpehavioroy video

AWhy:
- ¢2 AadzZLLIR2 NI &a20A2t23Aa0aQ |yR
(e.g. education, social interaction..)
to understand humans

- ¢2 AadzLILI2 NI O2YLIzi SNEQ 62 NJ
In online or oftline knowledge extraction about humans
for a huge number of applications, services and systems
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HBU: a long story

- 19972000MIT AlexPentland PFINDER projects and understandi
Interactions

- 2006 datasets for action analysis (Weizmann ICCV2005), actio
understanding now is popular*

- 2010 7 workshops orHBU(from 2010: IAPR, AMI, IROS, ACM M
ECCV, ACMMM2016)

- 2011- Chalearnworkshops 20142016; CVPR 2016 challenge
a[221TAy3 |d tS2LX S¢

- I\/Ianymanyl? PGl asaax

7™ INTERNATIONAL WORKSHOP ON =

HUMAN BEHAVIOR UNDERSTANDING [

L};g_ 4!% \&! behavior analysis &

- - " :,':l;.
multimedia for children .
(d (

A One for all: * RPopped ! & dzZNIS & 2 y Q)\ a 7\ 2 y c‘) I- aSR I Of
computing 2010
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piill .l Research in HBU

AHBU by vision:
AMore than 1000 papers from 2010 to 2015
Aln 2016? Surely more

1000 scientific papers from google scholar 2015

m HBU & surveillance
® HBU & multimedia
HBU & interaction

HBU &health care
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pttessiell )l HB U what knowledgecan beextractedby video?

Movements
A Bodymovements
A Gestures
A Poses
A Gaze andExpression

RRDR i
s TR
RTTTR

Activities

* Bheaviof?
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ABehavior
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HBU by Vision, multidimensionakpace

R Data source
Other sensors
., Wearable | YP€

or egocentric
cameras

Aspects

) of diversit
Mobile y
cameras
Surveillance
AN Gende
static cameras
- /I, Single Groups of  crowd Person
ac_” v " sons Persons o
Observation cardinality
target Upperbody
Body

BodyEnv

Social
constraints
Target

Purpose Collaboration
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the levels of detalls vs the level of sociality

ALevels of details

v

| | | |
| I | |
| | | |
Human : : :
parts : : |
: | |
Human I [
Full body I I

: : Lev3 Social

' ' Behavior

Human(s) :

In theenvironemnt

VT e
‘*W o/ gl Humans

In crowd

Levl selBehavior
expression

gesture pose  -€v2whol

Behavior
Action and
Interaction
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Understanding humans for New natural Human Computer
Interaction systems *

What are they doing?

Deaf Sign language

€0 ]écT Picture frggaBenjaminLewis UCLA
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Maja Pantig AlexPentland Anton Nijholt and ThomasiuangumanComputing and Machine Understanding of
Human BehaviorA Survey ICMI006

S.RautarayA Agrawal Visiomased hand gesture recognition for human computer interaction: a sukveiycial
Intelligence Reviewanuary 2015
Xo



http://link.springer.com/journal/10462

GGl | o\ 1: Expressions, poses and gestures

AHumanattention in the car

B,
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R.Vezzani,D.BaltieR.CucchiarelMM Based Action Recognition with Projection Histogram Feat@B&W2010 supported by EU

THIS Project
G.BorghiR.VezzaniR.CucchiardFastgesturerecognitionwith Multiple StreamDiscretéiMMson 3DSkeletonsProceedingsf

the 23rd International Conference on Patt&acognitionCancunDec4-8, 2016, 2016



http://imagelab.ing.unimore.it/imagelab/publicationSheet.asp?idpublication=386
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A CV P R 2 O 1 ( What if we do not have multiple videos of the same action? —

Video Action Localization Using Web Images

Wagas Sultani, Mubarak Shah

Video clip Action proposals in each op Ranked Action

A Graphrepresentationon DLfeatures
i A Graphbasedoptimization

- A ProbabilistitHoughMatchingfor proposals
A Optimizationin superpixel
A Image and videproposal

Google image downloaded Outliers Removal :
using text based search image
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Lev2: ActionAgain new trends

ACVPR201

VLAD?: Encoding Dynamics of Deep Features for Action Recognition

Yingwei Li' Weixin Lif Vijay Mahadevan® Nuno Vasconcelos!

dlogP Q
Long-range . =t e '
o{zidi1)

e B4 6066 [m.]

Short-term

or————

Athlete warm-ups Run —> Throw —> Pole-flight —>Pole-landing Shots of crowd, score board, etc.t

Figure 1: The VLAD? is inspired by the hierarchical structure of video dynamics. A short-term stage captures short-
term appearance and motion patterns with deep features. A medium-range stage models the dynamics of segments of deep
features, using an LDS. Finally, a long-range stage computes and pools a VLAD descriptor, derived from the LDS.
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Lev2 Action, Interaction to behavior

TECHNOLOGY NEWS 28 September 2016 Rﬂi Tecnologia
Camera spots (e e e
prejudlces frompnEs % | N

[ ¢ o el s ]in] =]

Razzismo, ecco
I'algoritmo
italiano per
smascherare i
pregiudizi. Anche
inconsapevoli

Scientist ==
ST
YOUR CONSCIOUS
UNCONSCIOUS

R e e AR

Palazzi,A Calderara,SBicocchi,NVezzali,L; di Bernardo,G Zambonelli,FCucchiaraR . Spottingprejudicewith
nonverbalbehaviour§ ACM International Joint Conference on Pervasive_HiiquitousComputing Heidelberg,
Settembre 2016,



http://imagelab.ing.unimore.it/imagelab/publicationSheet.asp?idpublication=398
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A Simplebut effective CVfeatures

Volumedistance Mutual distance
Foor(f) = Vol(DT(P(f))) Do (f) = dist(C?, C°)
DT (P(f) = Delaunayfriangolation . .
CPf) = oy Dodoint(f)  C°(f) = o D jeini()

aaaaaaaaaaaa
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Lev. 3 socidlehavior people in the environmer

AWhat are they doing? Realtime surveillance
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Differential Motion

8 Segmentation/detection in surveillance

Detection with
learning and
classifiers

Segmentation by .
motion

A 4

HOG, part based, CNNs People detector

kS .
£
H
E }
]
3
Background s :
| Ll S 3 i
é

R. Cucchiara, C. Grana, M. Piccardi, A. Prati iDet ect i ng Movi nBEnddbEne People

Ghost s

and Shadows i n ViThesonPRAMIr e260@s i,  IRgEskll StewartylykhayloAndriluka Andrew YNgCVPR2014



S. Calderara&R. Cucchiara, A. PratBdyesiarcompetitive Consistent.abelingor PeopleSurveillance"ilEEE
Trans. On PAMI , 2008



e e Detection and tracking in commercial systems

Tracking by detection: using people detection for initialize-ROlI
based trackingeggparticle filter)

Vlswn-

Vision Engineering [

www.vision-e.it

In semiconstrained world
Tracking is possible

www.k-sport.it




UNIMORE (), [Vl tracking single (people) target

Als tracking a solved problem? & &
A2S UONRASR G2 | yag SederimkEniaBevaluataSa G A 2 v &
A Even in case of single target tracking*

1315 video ALOV++
A - a very large dataset www.alov300.078

_ in ‘unimo.it/dsm:
A of 14 categories of challenges I

MOTA: OTADeviatorX @

A - a large set of performance measures FMeasure
SURVIVACURVES..

_ _ 19 trackers
A - a large experimentation BASELINES

A (with code available over 3 clusters in 3 labs)  SHAR= @l=an =48

* D.ChyA.SmeuldersS.CalderaraR.CucchiargA. Dehghan M.ShahVisualTracking: an Experiment&@urvey
Transactions on PAMI 2013
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O1-LIGHT
E— IH‘

02-SURFACECOVER
03-SPECULARITY
04-TRANSPARENCY

05-SHAPE

06-MOTIONSMOOTHNESS 2

07-MOTIONCOHERENCE

08-CLUTTER
09-CONFUSION
10-LOWCONTRAST
11-OCCLUSION
12-MOVINGCAMERA
13-Z00MINGCAMERA

14-LONGDURATION

#l’/ 1/



http://imagelab.ing.unimore.it/dsm/index.php/component/dsmanager/?task=showcategory&cid=2
http://imagelab.ing.unimore.it/dsm/index.php/component/dsmanager/?task=showcategory&cid=3
http://imagelab.ing.unimore.it/dsm/index.php/component/dsmanager/?task=showcategory&cid=4
http://imagelab.ing.unimore.it/dsm/index.php/component/dsmanager/?task=showcategory&cid=5
http://imagelab.ing.unimore.it/dsm/index.php/component/dsmanager/?task=showcategory&cid=6
http://imagelab.ing.unimore.it/dsm/index.php/component/dsmanager/?task=showcategory&cid=7
http://imagelab.ing.unimore.it/dsm/index.php/component/dsmanager/?task=showcategory&cid=8
http://imagelab.ing.unimore.it/dsm/index.php/component/dsmanager/?task=showcategory&cid=9
http://imagelab.ing.unimore.it/dsm/index.php/component/dsmanager/?task=showcategory&cid=10
http://imagelab.ing.unimore.it/dsm/index.php/component/dsmanager/?task=showcategory&cid=11
http://imagelab.ing.unimore.it/dsm/index.php/component/dsmanager/?task=showcategory&cid=12
http://imagelab.ing.unimore.it/dsm/index.php/component/dsmanager/?task=showcategory&cid=13
http://imagelab.ing.unimore.it/dsm/index.php/component/dsmanager/?task=showcategory&cid=14
http://imagelab.ing.unimore.it/dsm/index.php/component/dsmanager/?task=showcategory&cid=15
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A comprehensive view Survival curve

About the 30%, correctly tracked only Theupper bound,taking the best
of all trackers at each frame 10%

1.08 ‘.
-©-NCC(0.57)
09 ——KLT(0.47) A
== KAT(0.43)
0.8 ] - o A |—FRT(0.52)
-—-MST(0.36)
07 bV T |=—LoT(0.52)
_ ' _ IVT(0.55) B
oe b\ s L K TAG(0.38)
o TST(0.62)
805 —TMC(0.15)
W ACT(0.27)| C
0.4 L1T(0.56)
L10(0.60)
0.3 —FBT(0.64)
~HaT(0.49)| D
0.2 —SPT(0.47)
=p=MIT(0.57)
0.1 . | |—TLD(0.61)
SN\ | ~¢-STR(0.66)
0 50 100 150 200 250 300 E

Thelower bound,what all Vicieo

trackerscando 7%
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&7 Multiple Target Tracking
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Tracking by detection wittransductivelearning *
NULAR 04 099 99 000 1 00000 6 I 0 00hRR B

"“x LLIRUIR LRI RTIIRTE RIBHS TR
h.9.4 A nﬁmﬁﬁunmlvmlmlm
User Init TR Tmmmemmm s
H ll = i
\ \ Labelled Models xit 4
Video Frames af.?&’lir‘l?ei‘fa'ﬁﬂn l
Xy
| X W < Models
EVO-UPD
Graph Transduction

Tracking by detection with structural SVM **

*D. Coppj S.Calderara w & / dzenSdkdtivéedple Tracking in UnconstrainfddzNJ3S A f £ | y OS¢
Transactions on CSVT 2015

** Francesc@Solera Simone, Calderara; Ri@ucchiardlLearning to Divide an@onquerfor Online Multt
TargetTracking Proceeding®f ICC\2015



http://imagelab.ing.unimore.it/imagelab/publicationSheet.asp?idpublication=332
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Understanding anomalourehavior

BENN

(c)
Fig. 2. Irregular partitioning of the image area through Voronoi diagrams: (a) Reports the first regular division of the image (50 x 50 = 2500 cells in this example); (b) shows
the top view of the 2D histogram, while (c) shows a side view; and (d) shows the resulting Voronoi diagram with 50 cells.

A 4 oA = T

S.CalderaraU. Heinemann, APrati, R.CucchiaraN.Tishby h5 SGSOUGAY 3 ' y2YIFfASa Ay tS2L) SQa ¢
Graph! y I f & & A & &isidonand Lddmje & hderstanding, vbl5, n.8, pp.10991111, 2011
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Features: Proxemics and Granger causality
Structure function: pawwise correlation clustering
Group detection: Structured SVM grdupq

F.Solera, S.Calderara, R.Cucchiara"Socially Constrained Structural Learning for Groups Detection in Crowd IEEEHRANSACTIONS ON
PATTERN ANALYSIS AND MACHINE INTELWWGESCED.1-14 , 2015


ICIAP_GROUP_Detection.wmv

il Resultsn Multicamera MTT

MODFENA F RFGGIO FMITTA

AUNIMRE and Dukéniversity

4 cAM4

cam3 cam3

(a) Group clustering at T} (b) Group clustering at T}

Fig. 2: The problem of tracking groups is cast as correlation clustering. In (a) all the detected groups D; observed in the time
window T}, are taken into account, all the pairwise correlation W (s, j) are computed (dashed lines) and a solution to tracking
is found (solid lines). In (b), since time windows overlap in time, Tj4; will include group associations that were already
solved in Tj. The new clustering is thus constrained by the previous solution forcing some observations to join (green lines)
and others to remain separated (red lines), inducing consistent results across different time windows.

Tracking Social Groups Within and Across Cameras
Francesco Solera, Simone Calderara, Ergys Ristani, Carlo Tomasi, Rita Cucchiara

IEEE Trans. On Circuit and Systems for Yédboolgoy2016
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[ S Gofha back to selbehaviorunderstanding
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A Understandinghe human pose/gaze

A Understandinghe humanattention/distraction

A Learnthe humandrivingbehavior
; Xuseboth car and humamntelligencegogether.

—I . - ~ " =
- Lo %‘\‘\ ~

Look outside
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Lookinside
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Stefano Allettd , Andrea Palazzi Francesc&olera , Simone Calderara and R@aicchiardDR(eye)VE Dataset for
Attention-Based Tasks with Applications to Autonomous and Asdtiethg CVPRW2016
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LAl DREye)VEdataset overview

Acquisitionrig:

A Carmounted camera:GarminVirbX1080p/25fps,
embeddedGPS

A EyetrackerPOV: SMI ETG HD camera 720p/30fps

Gaze positioprojectedon the video of theoof-mountedcamera

GroundTruth:
A Attentionalmapintegratedover 25frames(1 sec)
A SpeedGPS andlriving courseinformation
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Almageregistrationand synchronization
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Asynchronization

Subsampling

|

Gaze-60 Hz

ETG-30Hz Subsamp‘ling

Homography

GAR -25Hz

GPS-1Hz

{Hz
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A 8 different drivers

A 3 different landscapes
{Highway Countryside
Downtown}

A3differentg S I (I Kdhditiors
{SunnyCloudy Rainy}

A3 differentf A Jdénidifibés
{Morning, Evening Night}

74 videosof 5 minuteseach
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Otherdatasets

Dataset Frames Drivers | Scenarios Anmnaations | Real-world | Public
Countryside, Highway | 9 classes in Environment

uges : 58,068 A. - ’ : . e

Pugeault et al. [17] 158,66 .l Downtlown Road, Junction, Attributes Vs Lot

Simon f af, [1Y] 40 3 Downtown CGiaze Maps No MNo

Underwood ef al. [ 23] 120 Tl Urban Motorway mn.d No MNo

Fridman ef al. |6] |.860, 761 50 Highway 6 Gare Locabion Classes Yes MNo

; Countryside, Highway . i _

Drieye)ve 355,0KK) ! ) : _ T © | Gaze Maps Yes Yes

Downtown

Cityscapes [2]:

25000 frames depicting street scenes. Each frame is annotated for both
pixel-level and instance-level segmentation (20000 coarse, 5000 fine).

frames differentiation real world benchmark addressed tasks
Dr{eye)ve 500000 landscapes, ves no visual saliency
¥ ' weather, daytime S ’ ; y
semantic
. . .- segrmentation,
Cityscapes 25000 cities ves ves BT
: : instance level
segmentation
steren, optical
fow, visual
depends on
- odometry,
Kitti the landscapes ves ves .
; ; object
benchmark .
detection,
tracking
. . semantic
PfDy 25000 weather, daytime no yes

segmentation
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Dr(Ey¢gVeproject @Imagelab




Sl Dr(EyeVeprojectHBU

L I R
Semanticsegmentationwhat are we actuallylooklng at’P

Look foruson http://imagelab.ing.unimore.it/dreyeve



http://imagelab.ing.unimore.it/dreyeve

pitall .l SoMmeresults Attentive Behaviormeasured
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I 1 1 I H B >
(a) 0 < kmm/h < 10 (b) 10 < km/h < 30 (¢) 30 < km/h < 50 (d) 50 < km/} (e) 70 < km/h
COUNTRYSIDE | | | | |
]
HIGHWAY
]
DOWNTOWN C)\()$
| I Night ] Daylight] @\c’
480 490 S00 510 520 5;'3 54‘-0 550 %0%
gaze position [pixels from top] Q,Q\
0%0 0.01
%\\
Q\

0.005

road sidewalk buildings ftraffic signs  trees flowebed sky vehicles people cycles

* Under submission



o e //*7/ Someresults Attentive Behaviorpredicted

(@) 0 < km/h < 10 (b) 10 < km/h < 30 (c) 30 < km/h < 50 (d) 50 < km/h < 7 () 70 < km/h




