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Deep Learning for Visual
Tracking

T. Chateau

Credits:
Marvasti-Zadeh, Seyed Mojtaba, Li Cheng, Hossein Ghanei-Yakhdan, et Shohreh Kasaei. « Deep Learning for Visual
Tracking: A Comprehensive Survey ». CoRR abs/1912.00535 (2019). http://arxiv.org/abs/1912.00535.
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What is Visual Tracking? From single view single object

Deep Learning for Visual Tracking -

LOGIROAD

What is Visual Tracking? To multi view Muti-non rigid-objects

YA

Deep Learning for Visual Tracking

What is Visual Tracking?

State Vector

The dynamic configuration of the the tracked object at time k is
modelled by a State vector denoted:

LOGIROAD

Xk

State Sequence

| \

The state sequence is given by the set (sequence) of State vectors,
denoted:

X = {Xp}r=1,..K

A\

Observation

Observation: Z = {zy}r=1,. K




Deep Learning for Visual Tracking e Deep Learning for Visual Tracking .. ¢
Off-line Tracking (Deferred Tracking) OnIine Tracking .
Estimation of the state x; uses the entire observation sequence Estimation of the state xj, uses the current and past observation:

- Z():k
Z = {zk}k=1,..K
. - Available Observations
Available Observations
k-3 bl Zk-2 [l Bh-1 [o| Zk |of Zh+1 |of BE 4D
5 6

Deep Learning for Visual Tracking Deep Learning for Visual Tracking

Why is Visual Tracking difficult? Why is Visual Tracking difficult? (Object representation)
T T— * Object approximation:

The state X is a hidden state and must be deduced from — Segmentation / Polygonal approximation
observation . .
— Bounding ellipse/box 8 o
 Position only A AR ﬁ B\ AR
@ Object Modeling: how to define what an object is in terms /\ /\ KA [ \
that can be interpreted by a computer ? " ® Lo @
@ Appearance Change: The observation of an object changes e Goal: Measure afﬁnity _..'.""-.
according to many parameters (illumination conditions, ' f Tt
occlusions, shape variation...)
o Kinematic Modelling: How to inject priors on object kinematic " Y
and interactions between objects. ) ) < .

LOGIROAD

;-
|

Image from A. Yilmaz et. Al : Object tracking: A survey. ACM Computing Surveys, 20%€é|kn«r>

;-
|
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Deep Learning for Visual Tracking

Why is Visual Tracking difficult? (Appearance change)
Variation des po

Z ]

Deep Learning for Visual Tracking
Why is Visual Tracking difficult? (Appearance change)

scale variation

LO‘G‘IIKWD ECAL LO‘G‘I;E("\D !?;ML
9
Deep Learning for Visual Tracking Deep Learning for Visual Tracking
Why is Visual Tracking difficult? (Appearance change) Why is Visual Tracking difficult? (Kinematic modelling)
Sl State Vector:
; - 2D position on the ground plane
3 - 2D motion vector on the ground plane
: 1 - Steering angle
TN . - Acceleration
=@

LOGIROAD

PASCAL




Deep Learning for Visual Tracking

The classical (probabilistic) view of tracking

P(Zi| Xy) Observation

-

LOGIROAD

[
l,

Deep Learning for Visual Tracking

The classical (probabilistic) view of tracking

p(Xk—l\Zkz—ﬁ p(Xk\Zk—l) p(Xk\Zk)

Prediction
(Chapman
Kolmogorov)

[ Pk |xk-1) L p(zk|xk)

Dynamics Likelihood

>

R

13
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Deep Learning for Visual Tracking

The classical (probabilistic) view of tracking

i b

light vehicles

-<

LOGIROAD

[
l,

Deep Learning for Visual Tracking

The classical (optimisation) view of tracking

State

The State vector is an unknown parameter vector which can be
estimated using optimisation techniques :

X = arg min &(Xg, zx)
xp€X

The search space X is often reduced using priors on motion and
previous estimation.

-

LOGIROAD

o
I,
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Deep Learning for Visual Tracking

The classical (optimisation) view of tracking (Meanshift)

L v PN o
A - -

-/ el

LOGIROAD s

Deep
Learning for Fo—

ments

Visual e,
Tracki
rac Ing Realworld  Bnvironment
e Mnlti—frisw
tracking
Gez)adc
hﬁm | Visual Tracking Si:ild&dv:;w

Overview of Specific  Number
. object  and Type Perlf;:l;mce

- [ of States Evaluation
Visual \ Metrics

tracking
Single Multi- Benchmark
object, ] object Dataset
tracking tracking
Performance
s
aZAl b Short-term I"“fl dw"““‘
LOGROAD ool PR sequences
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Deep
Learning for
Visual
Tracking

HCFT, DeepSRDCF, FONT, CNN-SVM, DPST, CCOT, MDNet, HDT, STCT, RPNT, CNT, RDLT, CREST, UCT/UCT _Lite, TSN, WECO, IBCCF, DTO, GNET, PF_HCFT,
VRCPE, DCPF, ECO, DeepCSRDCF, MCPF, BranchOut, DeepLMCF, Obli-RaFT, ACEN, SANet, DRN, DNT, STSGS, DSLT, UPDT, RT-MDNet, CPT, STP, WAEF,
DecpSTRCE, DRT, LSART, MCCT, DCPF2, VDSR-SRT, IMLCF, DAT, HCFTs, adaDDCF, YCNN, DeepHPFT, CFCF, P2T, LCTdeep, HSTC, DecpFWDCF, CF-CNN,
MGNet, ORHF, ASRCF, RPCF, CODA, SMART, MRCNN, MM, IMM_DFT, DecpTACF, DCDCF, CF-CNN, DecpTrack, TCNN

SiamFC, GOTURN, SINT, PTAV, DSianvDSiamM, CFNrt, DCFNetDCFNet2, DET, TripletLoss, DaSismRPN, StructSiam, MMLT, Siam-MCF, Siam-BM, N,
SA_Siam, FlowTrack, RASNet, FCSFN, FRPN2T-Siam, FMFT, FICFNet, ATOM, C-RPN, GCT, SPM, SiamDW, SiamMask, Si i++, TADT, UDT, DiMP, MTHCF, CF-|
FCSiam, TAAT

ACT, TRACA, DCTN, CFSRL, DRRL, AEPCF, DRLT, EAST, P-Tracker, ADNct, DRL-IS, HP, SINT++, RDT, C2FT

20
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HCET, DenSRDCE, FCNT, CNN-SVM, COOT, HDT, RENT, CREST, WECO, IBCCF, DTO, PF HCET, VRCPF, DCPF, ECO, DeepCSRDCE, MCPF, DespLMCE,
ObliRaFT, STSGS, UPDT, MMLT, CPT, WAEF, DeépSTRCF, DRT, MCCT, DCPF2, RT, HC HPFT, LCTdécp, DecpFWDCF, CF-CNN, ORHF,
RCr RECF, TADY, IMM DPL. DeepTACE, DCDCE, CF-ECaam.

ST R ECSN, GNET, LST, CFNet BranchOut, ACFI, SANet,
RACA, VITAL, SiamRPN, SA Siam FlowTrack, RASNet,
T R F FICFNu MGNet, ATOM, C-RPN, Gt M, Sia
T, MAM, DecpTrack, TCNK, STCT, CNT. RDLT, TR, BeT,
2FT, ADNet, DRLT

Network exploitation

DSEmDsiam¥, R,

DPST. GOTURN, SiamFC, SINT, MDNet, PTAY, UCT/UCT.Li
DCPNUDCENet, TripleiLoss ACT, BaSiam RT-MDNet, StructSiam, STP, Siam-MCl

RPN2T- NLCE, TGUAN, DAT, BOTR, FPRNet, YCNR, CFC
SiamMasks SamRPN- . UDT, DIVIP, ADT, CODA DRRL, MRCNN, MV MITICE, AEPCE, TAX
'DRN, DT, DSLT, LSART, adslbDCE, P2T, HSTC, SMART, SINTL 5. RIT. B Tracker, WP, EAST, DRI1S

Deep features for visual
tracking

Vethods

Deep
Learning for
Visual

SINT, R-FCSN, LST, CFNet, DaSiamRPN, StructSiam, Siam-BM, SA-Siam, SismRPN, C-RPN, GCT, SPM, Fl CF, CFSRL,
IAM, PTAY, UDT, DRRL, FCSFN, DM, SiamMCF, Samiotk, SamRP s SamDW, FlowTrack, RASNet, ACPN: R, TGGAN, DCTN,
' RDT, HP, EAST, C2FT, DRLT

GOTURN, SiamF
SRT, IMLCF,

[Network training for visuall
- SMART, TCNN, TSN, DNT, DSLT, LSART, adaDDCF, HSTC, STCT, DeepTrack, CNT, RDLT, P2T, AEPCF, FRPN2

Only online
training

Offline and online
training

DRN, DSian/DSiamM, TriletLose, MM, TAAT, DPST, MDNet, GNET|, BranchOut, SANet, RT-MDNet, TRACA. VITAL DAT, ACT, MGNet, FMFT, DET,
DCFNeUDCFNet2, STP, MRCNN, CODA, ATOM, UCT/UCT_Lite, FPRNet, ADT, DRL-IS,

21
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, DCFNeUDCFNet2, DSLT, TRACA, SA_Siam, FlowTrack, LSART, RASNet, IMLCF,

- et GOTURN, sdaDIDCF, CNT, UCT/UCT -Lite, DSiamDSamM, TSN, R-FCSN, CPet
& cgression-base: DCTN, FPRNet, CFCF, FICFNet, HSTC, UDT, MTHCF, AEPCF, DRLT

i

. Nework DPST, SiamFC, SINT, STCT, DecpTrack, RDLT, CF-CNN, PTAY, RFL, GNET, LST, BranchOut, ACFN, DET, DRN, DNT, TrpleLos, StrctSiam, STP, Sam-MCF, S
& BM, VITAL, FCSFN, FRPN2T-Siam, TGGAN, YCNN, GCT, SamDW_SiamFC, CODA, DRRL, MM, MAM, EAST, HP, P-Track, RDT, SINT++, ADNet, C2FT

objective

mRPN, FMFT, DAT, CFSRL, P2T, MGNet, ATOM, C-RPN, SPM, SumDW_SamRrN, I
s

MDNet, TCNN, SRT, SANet, ACT, DaSiamRPN, RT-MDNet
, DIMP, ADT, SMART, MRCNN, TAAT, DRL-1

‘SiamMask, SiamRPN

Classi
regression-bascd

Deep
earning for
isual
racking

SiamFC, STCT. UCT/UCT Lite, DSm/DSiam, TSN, RFL, R-FCSN, LST, CFNet, DCFNeUDCFNo(2, DNT, TripletLoss, DSLT, DaSiamRPN, StructSiam, STP. SiamMC
Siam-BM, TRACA, SA_Siam, FlowTrack, LSART, RASNet, FCSFN, FRPN2T-Siam, FMFT, TMLCE. TOOAK, BCTN. sdaDDCF, YONN, CRCF, CPSRLFICHR HSTC,
N, GCT, SiamDW._S T, DIMP. ADT, SVART, MTHCE, MAM

Confidence map.

o 7o —|
per T T |
oo —
prm——— B v

GOTURN, SRT, FPRNet, P2T, SismMask, SiamRPN-++, DRLT

DPST, SINT, MDNei, DecpTTrack, TCNN, PTAY: GNET, BranchOut, ACFN, SANet, DET. DRN, ACT, RT-MDNet, VITAL, DAT, MGNet, C-RPN, SPM, SiamMask,
iamRPN-++, DRRL, MRCNN, MM, TAAT, MAM, HP, P-Tratk, RDT, SINT++, ADNet, DRL-1S

Network
output

CNT, RDLT, CF-CNN, SiamRPN, SiamDW_SiamRPN, CODA, AEPCF, IMM_DFT

23
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[HCFT, DecpSRDCF, FONT, CCOT, HDT, PTAV, CREST, WECO, IBCCF, DTO, PF_HCFT, DCPF, ECO, DeccpCSRDCF, MCPF, DeepLMCF, ACFN,
STSGS, DSLT, UPDT, CPT, WAEF, TRACA, DecpSTRCF, DRT, LSART, MCCT, DCPF2, VDSR-SRT, IMLCF, HCFTs, DecpHPFT, CFCF, CFSRL,
‘decp, DecpFWDCF, CF-CNN, ORHF, ASRCF, RPCF, CODA, SMART, AEPCF, IMM_DFT, DeepTAFCF, DCDCF, CF-FCSiam, P-Tracker

DCF-based methods

Exploitation of corrclation filter

T e ATy ———

Deep
Learning for
Visual
Tracking

Visual tracking datasets Developing SNN- Developing RL- and
and challenges based methods GAN-based methods
. o o o o o
2013 2014 2015 2016 20'17 2018 ZOI'IS
Developing CNN- D RNN- D i
based methods based methods NN-based methods

Recent history
of Visual
tracking

25
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Deep Learning for Visual Tracking
CNN based model: MDNet (Multiple Domain)

Shared Domain-specific
Layers Layers

fc61

2

input convi1 conv2 conv3 fc4 fc5
3@107x107 96@51x51 256@11x11 512@3x3 512 512

Learning Multi-Domain Convolutional Neural Networks for Visual Tracking

Hyeonseob Nam
Bohyung Han
POSTECH
The Winner of The VOT2015 Challenge

Deep Learning for Visual Tracking

CNN based model: MDNet (Multiple Domain)

Selected the domain branch and
fine-tuning it according to the target

Learning Multi-Domain Convolutional Neural Networks for Visual Tracking

Hyeonseob Nam
Bohyung Han
POSTECH
The Winner of The VOT2015 Challenge
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Deep Learning for Visual Tracking
CNN based model: MDNet (Multiple Domain)

~—

— -

-~

~—
S ——
e

MDNet (Ours CNN-SVM s MUSTer wsmm MEEM s DSST

Deep Learning for Visual Tracking

SNN based model: GOTURN

Generic Object Tracking Using Regression Networks

e e

———

earch Region ‘_, N

—

Current Frame

2

Prediction

== Juisti } =}
Fully connected

1 (G0 layers
emplate

Previous Frame

30

Deep Learning for Visual Tracking

SNN based model: GOTURN

Generic Object Tracking Using Regression Networks

TRAINING

Previous
video frame
centered on

object

Current video frame,
shifted, with
ground-truth
bounding box

Held, David, Sebastian Thrun, et Silvio Savarese. « Learning to Track at 100 FPS with Deep Regression Networks ». CoRR abs/1604.01802 (2016). http://arxiv.org/abs/

1604.01802.

Deep Learning for Visual Tracking
multi-object tracking

Based on Tracking-by-detection

1) Object detection

2) Metric estimation between detected objects
and targets (set of objects with the same
identity)

3) Association between object and target

4) target birth, death and loss.

31
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Deep Learning for Visual Tracking

Object detection networks

Deep Learning for Visual Tracking

multi-object tracking

Intuition: predict next position along each track.

Object

detector

Two main object detector structures exist:

[
A ’_D-—--D'-‘-Cl
» One-Stage Detectors » Two-Stage Detectors

\
track 1 A\ P
- pi
A
/g h

-~

\A —_—— _A_ R “ Proposal Generator
4 1
’ |
track 2 o’ observations —r/\ —
o-- - a0 N =
o 1 5 <=
How to determine WhiCh Observaﬁons Feature Extractor Detection Generator LT LT
to add to WhiCh traCk? (a) Basic architecture of a one-stage detector. ‘ Pﬂﬂﬂ{('lmiﬁfr

(b) Basic architecture of a two-stage detector.

33 34

Deep Learning for Visual Tracking
Object detection networks

Example of two-stages-detector: Faster-Rcnn

Deep Learning for Visual Tracking
Object detection networks

Example of one-stage-detector: YOLO

YOLO: You Only Look Once

Classification 2
— E H {
“ee ﬁ
Bounding-box a3 ) ) - \ %
Regression Loss Comv.lapee  Cosvolitonsl Layers Comn. Layw _Comn. Layer
Ta7ssinz Oesecton Layer

Redmon, Joseph, Santosh Divvala, Ross Girshick, et Ali Farhadi. « You Only Look Once: Unified, Real-
Time Object Detection ». In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 2016.

Classification
Region Loss
Proposal /7
Net,
% Bounding-box
Regression Loss

Ren, Shaoqing, Kaiming He, Ross Proposals
Girshick, et Jian Sun. « Faster R-CNN:
Towards Real-Time Object Detection
with Region Proposal Networks ». In
Advances in Neural Information
Processing Systems 28, édité par C.
Cortes, N. D. Lawrence, D. D. Lee, M.
Sugiyama, et R. Garnett, 91-99. Curran
Associates, Inc., 2015. http:/

papers.nips.cc/paper/S638-faster-r-cnn-

ResNet-50
Convolutional
Layers

=

towards-real-time-object-detection-with-

region-proposal-networks.pdf.

ROI
Pooling

35 36




Deep Learning for 3D vehicle understanding from monocular images:
toward many-task networks k

NS TOTUT

System Outputs PASCAL

Deep Learning for 3D vehicle understanding from monocular images:
toward many-task networks g
Ia—

NSTITU

PASCAL

3D samples of shape and template dataset

< @
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Deep Learning for 3D vehicle understanding from monocular images:
toward many-task networks g

Bounding box and part detection PASCAL
(with visibility estimation, green and blue) T

© @

Clermont
Auvergne

+ Level 2 : first refinement y L
H Finer object | EROR RS
H — proposals |+ [
'
ROI C 2D b H
; » S o 2 ]a(B,) |

o

(8,
e

=N

v parts visivity | (V/,

> Template similarity | > [T.

i

;
5

I
v

Elormont
Auvergne
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Deep Learning for 3D vehicle understanding from monocular images k

vvvvvvvv

PASCAL

L=L'+ L2+ L0
with
L= Lopn,
L2 =37 L3er(i) + Larss (i),

L3 =Y L30b(6) F Lares(§) + Luis(i) + Liems(d),

AAAAAAAA

Deep Learning for 3D vehicle understanding from monocular images g

i

PASCAL

41

Deep Learning for Visual Tracking
Object detection networks

2020: Using Transformers for object detection

transformer
encoder-
decoder

set of image features set of box predictions bipartite matching loss

Carion, Nicolas, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, Alexander Kirillov, et Sergey Zagoruyko. End-to-End Object Detection with Transformers, 2020.

Deep Learning for Visual Tracking

Association: define metric and match
objects and targets

Track 3
Track 2 E D
r v,/}’/

p

’

"

1
l@ Track 1 Video Frame
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Deep Learning for Visual Tracking

Association: define metric

X; Vi I Original Space
Mapping Mapping
Function W Function
VO] fe)
a, = f(X,,W) bi =f ()', W) T Target Space

| Cost/ Loss Function  J(-) |

T
1
v
Attract a similar pair
Separate a dissimilar pair

Deep Learning for Visual Tracking

Association: define metric

O > —1
Network l,,,,\ .G(Xa)

G(Xa)
/)(G(Xa), G(Xb))
Y
E> Base . —_ IJ G(xb)
Network o
G(Xb)

Y=0, same category, minimize Dw

L=|1- Y)%(DW)2 H- (Y)%{m(mt((],m — Dw)}?

Y=1, different category, maximize Dw to m

45
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Deep Learning for Visual Tracking

) Association:
f&' I . Embedding Space define metric

dy = d(f(xa),f(xp))

dy = d(f(xa).f(xn))

fxa) -

ﬁ&' - I Ltriplet = [dp - dn + a]+
f(xn) where [z]; = max(z,0)

Deep Learning for Visual Tracking

Association: define metric and match objects and
targets (association matrix)

We have N objects in previous frame and M objects in
current frame. We can build a table of match scores
m(i,j) for i=1...N and j=1...M. For now, assume M=N.

1 2 3 4 5

095 0.76 0.62 0.41 0.06
0.23 046 0.79 0.94 0.35
0.61 0.02 0.92 0.92 0.81
049 0.82 0.74 0.41 0.01
0.89 044 0.18 0.89 0.14

OB WN =

problem: choose a 1-1 correspondence that
maximizes sum of match scores.

47
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Deep Learning for Visual Tracking

Association: define metric and match objects and
targets (association matrix)

5x5 matrix of match scores

0.95 0.76 0.62 0.41 0.06
0.23 0.46 0.79 0.94 0.35
0.61 0.02 0.92 0.92 0.81
0.49 0.82 0.74 0.41 0.01
0.89 044 0.18 0.89 0.14

working from left to right, choose one number from each
column, making sure you don’t choose a number from a
row that already has a number chosen in it.

How many ways can we do this?

5x4x3x2x1=120 (N factorial)

Deep Learning for Visual Tracking

Association: define metric and match objects and
targets (association matrix)

[0:95] 0.76 062 0.41 0.06
0.23 [0.46] m 0.94 0.35
061 00 ﬂ 0.92 0.81 score: 2.88
0.49 0.82 0.74 00
0.89 0.44 0.18 0.89 [0.14

095 0.76 0.62 [0.41] 0.06

[p23] 046 079 094 035

0671 0.02 0.92 0.81 score: 2.52
0.49 074 041

0.89 044 0.18 0.89

0.95 062 0.41 0.06

0.23 046 0.79 [0.94] 0.35

0.61 0.02 092 0.02 [0.81] score: 4.14
0.82 0.41 TO
0.44 0.18 0.89 0.14
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Deep Learning for Visual Tracking

Object detection networks

SORT: Tracking-by-detection

State Vector : ) X = [u U, 8,7, T, §]T7
Position, scale, ratio

Trajectory prediction: Kalman filter

Association: IOU distance and Hungarian Algorithm

A Detections

a4
b4

al a2 | a3
score= 2 area(A and B) b1 | b2 | b3
é’ area(A) + area(B) Trai
)
& B cl|c2 | c3

c4

_—
d1|d2|d3

d4

Bewley, Alex, ZongYuan Ge, Lionel Ott, Fabio Ramos, et Ben Upcroft. « Simple Online and Realtime Tracking ». CoRR abs/1602.00763 (2016). http:/arxiv.org/abs/1602.00763.

Deep Learning for Visual Tracking
SORT: Tracking-by-detection

https://medium.com/neuromation-blog/tracking-cows-with-mask-r-cnn-and-sort-fcd4ad68ec4f
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Deep Learning for Visual Tracking
DeepSORT: Tracking-by-detection

SORT WITH DEEP ASSOCIATION METRIC

https://medium.com/neuromation-blog/tracking-cows-with-mask-r-cnn-and-sort-fcd4ad68ec4f

Deep Learning for Visual Tracking

DeenSORT: Trackina-bv-detection SORT WITH DEEP ASSOCIATION METRIC

53

Deep Learning for Visual Tracking
DeepSORT: Tracking-by-detection

SORT WITH DEEP ASSOCIATION METRIC

The power of video interlacing

Introduction

The classical tracking-by-detection scheme:
- object detection (for each frame of the video sequence)
- association (spatio-temporal and/or appearance models)

- birth and death trajectories algorithms

q

Institut Pascal  FAScAl
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The power of video interlacing

The key idea
build an interlaced video to:
and train an interlaced - increase overlapping
pedestrian detector between successive
- frames

- learn appearance
association within a
deep convolution
neural network

S

Institut Pascal  S4scal

The power of video interlacing

i -

!t/reiaced d;llxsel
(Annofated) Interlaced
DCNN detector
T — Fine-tuning i

pl plw pl=.

Multi-object tracking framework
(Proposed framework)
Input video sequence Object trajectories

S

Institut Pascal  FAscal
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The power of video interlacing

Build a interlaced video

i;;(% y) = Z (kg+ds (95 y)-0(y[D] —
d=0,..,(D—1)

=3
Conﬁgurnnon 2.41: Configuration 2_2_4:
D=2,s=4,g=1 D=2,s=2,g=4

The power of video interlacing
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Tha nnwar nf vidan intarlarina

Detection Tracking

Institut Pascal  Fiscal
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