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TOPICSOF TODAY

1) Introduction, motivation and applications

2) The pipeline: the tracking models

3) Tracking by detection.. Thus we need detection, first!

4) And Re-identification?

5) If Single target tracking is difficult,

6) Multiple target tracking ƛǎ ƳƻǊŜ ŘƛŦŦƛŎǳƭǘΧ

7) The problem of performance

8) New ideas:  Cognitive Based and Deep Learning based MTT

9) Multi camera Multiple target tarcking

10) Conclusions, at the end.



1. INTRODUCTION,MOTIVATIONSAND APPLICATION



RESEARCHTOPICS

Googlingat «googlescholar», for researchtopics

(searchjune2016)

Since
2012

Since
2015

Average
2012-2014

deeplearning 23000 16600 2133
video-surveillance 18300 8820 3160
tracking video 267000 81300 61900

background suppression5190 1620 1190
multi- target tracking 3150 1620 510
peopledetection 3160 999 720
peopletracking 3950 1120 943
re-identification 8430 3020 1803
egocentricvision 291 161 43

VERY   HOT

RESEARCH

TOPICS    !!



FROM DETECTING
TO REASONINGON PEOPLE

Motion analysis

Activity
analysis

Posture, 
Gesture, 
Gaze, Emotion
Trajectories..

Action( & 
interaction)
analysis

Bheavior  
analysis

With environment
With movingobjects
With people

People
segmentation

People 
tracking

People 
Re-identification

People 
Identification

Face detection 
& recognition

Identity assessment
Biometrics

Localization

Spatio-temporal coeherency
Soft-biometry

Understanding
Modeling

Fingerprintet al.
Biometricidentities



Application trends



SURVEILLANCE



SPORT AND ENTERTAINMENT

Tracking playersin real-time

Understandingplayer motion



AUTOMOTIVE

Thanksto Francesco Solera, Stefano Aletto, Andrea Palazzi, 

Simone Calderara

Imagelab@WCVPR 2016



The FLORIMAGE project

Understandinghuman behaviouron sensingfloors

in Internet of Things

Intern. PatentFlorim, 2015

( Thanksto Martino Lombardi and Roberto Vezzani)

.. New projectFESR2016 JUMP with RE-LAB

HUMAN-X-INTERACTION

Human computer interaction

Human machine interaction

Human environmentinteraction

Human automotiveinteraction



EGOCENTRICVIEW

Social behavior analysis



More in large!



2. THE PIPELINE: THE TRACKING MODELS



WHATCAN WENEED

We need
Å Computer vision for 2D to 3D space
Å Frame spatial analysis (localization)
Å Video motion analysis for Temporal coherency
Å Learning
Å Recognizing similar patterns in the space and 

time

Humans recognize motion 
and recognize by motion



THE CLASSICPIPELINE (IN SURVEILLANCE)

From Beyond Multiple target tracking Loris Bazzaniphd thesisVerona 2012

Humans recognize motion 
and recognize by motion



twh.!.[¸ L¢Ω{ bh¢ ! PIPELINE

Spatial Coherence:
Segmentation/Detection

Temporal coherence: 
Tracking

Understanding:
making inference on 

Action/activity/behaviour

Machine 
learning

Understanding the context: 
calibration, 3D reconstruction

video

Feature extraction
(Appearance Patterns, Motion, 

Depth, Shape, Texture, 
Trajectory..)

Re-identification 

Humans recognize motion 
and recognize by motion



THE FIVECOMPONENTSIN TRACKING

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

1) Which areato track?

2) Which visual/ motion features and representation to extract and how?

3) Which model/status to update and keep in an internal representati9on 
short and long term memory?

4) Which inferenceto provide?

5) Which model prediction for the spatial and temporal coherence?

area

model

Representation

Internal representation

inference



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 
нлллΩǎ t!aL ǎǇŜŎƛŀƭ ƛǎǎǳŜǎΧ



THE FIVECOMPONENTS

area

model

inference
Data ( the video framesand the world)

Model ( the status of knowntarget(s))

Representation

Internal representation



(DETECTION BY)  TRACKING

Detection by tracking
or tracking without detection

Å For single target tracking

Å When an initialization is given
( multimedia)

Å When users are involved
(HCI)

Å In disjoined multi-camera
(re-identification)

Spatio-temporal
Coherent 

identification

Model: the target(s)

Data: the image frames

Model definition and  
updated (initial target 
detection/selection)

TRACKING

DETECTION
(localization)



TRACKING BY DETECTION

Data: the image frames

DETECTION

TRACKING

Model: the target(s)

Model creation and  
updated

Spatio-temporal
Coherent 

identification

Tracking by detection

Å When detection is easy
(video-surveillance)

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

Å In overlapped multicamera



Ourvisualbehavior

Isnot so differentΧ

Spatial Coherence:

Segmentation/Detection

Temporal coherence: 

Tracking

Feature extraction

(Appearance Patterns, 

Motion, Depth, Shape, 

Texture, Trajectory..)

Re-identification

where

what

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 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

3) Centers hierarchically connected, process 

information and than come back 

to the WHAT area and work together

Based on attention and purpose

where

what



A FEWWORDSON DETECTION

Target detection:

A. No target model (implicit in the context)

B. A giventarget model (humans, vehicle, animalsΧύ

C. Learning target model by manymanyexamples



A) NO TARGET MODEL

Detectionby background suppression

- For staticcamera(s)

- For cameraswith constrainedmotion(Ptz)

- In surveillance

Stillopen (?) questions

- Background initialization

- Background model update

- Background suppression



BACKGROUND SUPPRESSIONςAN OLDRESEARCH

(From ICIAP 2001)

MOG and shadowsMOG2- OpenCv



BACKGROUND INITIALIZATION

AVSS 2010



BACKGROUND SUPPRESSIONNEWS

very few news

A modified Gaussian mixturebackgroundmodel via spatiotemporal 
distribution with shadow detectionH Xia, S Song, L He - Signal, Image 
andVideoProcessing, 2016 ςSpringer

Background SubtractionMethodsin Video Streams: A Review
Saba Joudaki, MohdShahrizalbin Sunar, HoshangKolivand, Dzulkiflibin 
MohamadJSCDSS 2016 Malaysia(!)

Many improvements for technical engineering applications
Very few top-rank publications in the last five-years
(See google scholar)
Good commercial solutions
LŦ ȅƻǳ ǿƻǊƪ ǿŜ ǎǘŀǘƛŎ ŎŀƳŜǊŀǎΧΦ ¦ǎŜ ƛǘΗ

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


B) WHENOBJECTMODEL ISKNOWNΧ
C) WHENITISLEARNED

Detectors
People detectors (and other targets)

Pedestrian detectorsŀ ƭƻƴƎ ǎǘƻǊȅΧ
Å Detectors: Dalal, TriggsCVPR05, Felzenszwalb, CVPR08, Gavrilaet al 

IJCV08, PAMI09
Å Benchmarks: Dollar et al CVPR09
Å Search modes  Lampert et al CVPR08
Å Detection in crowd Ge Collins PETS09
Å Detection and tracking in crowd Rodriguez ICCV11
Å Survey  Dollar et al TPAMI11

Improving speed and accuracy
Multi-Stage Particle Windows for Fast and Accurate Object Detection 
[Gualdi, PratiCucchiaraTPAMI11]
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 
[Gualdi, PratiCucchiara TPAMI 2011]

from silidingwindows to particle window search for people and other targets



AN EGOCENTRICVIEW
PEOPLE DETECTIONIN AUTOMOTIVE

Complextask with verylimited performance in realscenarios

Reasonableautomotivedataset(CaltechUSA)

4 Challenges

Å Figure size:
Far pedestrians appear very small in the image. EG, with VGA resolution and 36deg vertical 
FOV, the figureof a 1mheight child at 30 meters is only 25 pixels long. 

Å Fast dynamics:
The detection latency must be small, and decisions must be obtained within a few frames.

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

Å Articulation:
Pedestrians are non-rigid objects, spanning high variability in appearance and cause 
tracking difficulties.



PEOPLE DETECTIONEXPERIMENTS

3 mainapproachesin literature

Part BasedModels: People body isa collectionof part dteected
separatelyal latentvariables[Felzenszwalb2010]

Pros: Robustto occlusions, Accurate <15 % miss rate per-
image 

Cons: Slow approx10fps, Needretrain, Needhigh resolution

Deepnetwork Models: A conv-net isusualllytrainedlearningboth
featuresand classificationfunctions[Anelia2015]

Pros: Fast 25fps, Flexibles, Accurate <20% miss rate per-image, 
easy retrain, hardware implementation

Cons: Scale dependent, Needmanydata for training, No 
control over the model, High resolution

Standard feature/classificationholisticmodels[Dollar2014]

Pros: Scale invariant, Fast approx30 fps, Featuresare 
handcrafted, Flexibleand controllablemodel performances

Cons: Lessaccurate approx30% miss rate per-image, must 
selectfeatures, speeddependon featuresextractionand 
numberof scales



RESEARCHPERFORMANCE ON CALTECHDATASET
Performance Report from [Benenson2014]

No perfectmethod

Stillimpossibleto haveNO FP at satisfyingmiss 
rate

Stillimpossibleto achieve0 MR per image

Performance are evaluatedon image 
independently. 

Google requirementfor self drivingcar isa 0,07 sec 
responseof the system

CurrentfastestmethodSDN 10fps accuracy60%

Currentmostaccurate methodKatamariaccuracy
80% 5fps

GOOGLE latestmethodDEEPCASCADE[Anelia15] 
Accuracy70% 15 fps

False Positive per image FP

Miss Rate MR

Eccv 2014



Arxiv2016

Best  nowon caltech



NEW DNN APPROACHESFOR AUTOMOTIVE

Top scorerson KittyBenchmark:

Å Combine CNN and Regionproposals

Å DO not treat People explicitly. DetectPeople Carsand Objects 
simoultaneously-> Exploits generalizationcapabilityof CNN filters

Å Use 3D whenavailable

3D Object Proposals for Accurate Object Class Detection@ 

NIPS2015

Exploit All the Layers: Fast and Accurate CNN Object Detector 

with Scale Dependent Pooling and Cascaded Rejection Classifiers 

@CVPR16



PEOPLE DETECTIONSOLVED?

ICCV 2013

CVPR 2016 How Far Are WeFrom SolvingPedestrian
Detection?.
ShanshanZhang, Rodrigo Benenson, Mohamed 
Omran, JanHosang, BerntSchieleCVPR2016

Learning People Detectors for Tracking in 
Crowded Scenes.
S. Tang, M. Andriluka, A. Milan, K. Schindler, S. 
Roth, B. Schiele



NEXTTRENDS

FROM

TO

Detecting in the space

(localize and recognize)
Tracking in the time

Saliency and 

objectness Tracking in the time

Recognition



OBJECT DISCOVERYAND TRACKING

A co-workingapproach

Object discovery

And tracking

ICCV2015



OBJECT DISCOVERYAND TRACKING (CONT)

Motion coherency



4.RE-IDENTIFICATION

Spatial Coherence:

Segmentation/Detection

Temporal coherence: 

Tracking

Feature extraction

(Appearance Patterns, 

Motion, Depth, Shape, 

Texture, Trajectory..)

Re-identification



PEOPLE RE-IDENTIFICATION

People re-ID two scopes:

1) Long-time memory: Searchin galleries/whatchinglist etc: soft-biometry

2) Short-time memory: usedin multi-target tracking with not overlapped
camerasor occlusionsor if the framesare not continuous? 

Answerto manyquestions

WhereƛΩǾŜjust seenthisperson?

Whereishe/shegoing?

Isthispeopleappearedmore time? 

[R.Vezzani, D.Baltieri, and R.Cucchiara.

People reidentificationin surveillanceand 

forensics: A survey. ACM Comput. Surv.46, 

2, Article29 (December2013)]



PEOPLE RE-IDENTIFICATION

As a component in the tracking problem, 
Å re-identification aims at finding an associationbetween predictionand 

observation.

Å It supposes that a spatio-temporal coherence of the target position and 
appearance is satisfied, but there are some blind spatio-temporal area. 

Å it matches a previously seen target if it appears again in the same camera, 
after a short time, in a position closeto the previous one, and with a 
similar appearance.

People 
Re-identification

Searchfor similarity
(in a plaindatabase of

imagesand videos)

Extension of the tracking
problem(in videos)



A MULTI-DIMENSIONALSPACE



FEATURES

SALF-basedfeatures

Nowreferencemethodfor approachesusingcolor and shape



3D RE-IDENTIFICATION

Data drivenmodel: 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




RE-IDENTIFICATION: EXAMPLES

Models: 2D vs 3D

Davide Baltieri, Roberto Vezzani, Rita Cucchiara, 3DPeS: 3D People Datasetfor Surveillance and Forensics
WsMA3CHO, ACM Multimedia 2011

Better (only if you have tracking, already)



3D IS BETTER

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

Also with Kinect based or camera based  re-identification 



3D FEATURES

Using RGB-D sensors

Input

images

Segmented 

point 

clouds

Point cloud

partitioning

into bone-wise

clouds



NEW FEATURESAND APPROACHES

CVPR 2016




