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Detection/Tracking and
Segmentation networks

Several correlated task

P 0.6 sheep
P 0.3 dog
P

0.1 cat
P 0.0 horse

Semantic Segmentation

x

Object Detection Instance Segmentation

T. Chateau
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Several correlated task
The Task
Semantic Segmentation
Obc Detection Instanc Segmentation
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Object detection networks

Object

detector

Two main object detector structures exist:

* One-Stage Detectors

Object
/\ i Classification

I ( Box
— : ] Regression |
— i

Feature Extractor Detection Generator

(a) Basic architecture of a one-stage detector

» Two-Stage Detectors

Proposal Generator
/
_ 7 .
;
= Tm (@
Feature Extractor Regression
Box Classifier
(b) Basic architecture of a two-stage detector.
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History of object detection Datasets

« Face detection

« One category: face

« Frontal faces

« Fairly rigid, unoccluded

1990’s

Human Face Detection in Visual Scenes. H. Rowley, S. Baluja, T. Kanade. 1995.

https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx
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Pedestrians
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Faces

» One category:
pedestrians

« Slight pose variations
and small distortions

« Partial occlusions

1990’s 2000’s

Histograms of Oriented Gradients for Human Detection. N. Dalal and B. Triggs. CVPR 2005

https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx
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PASCAL VOC

« 20 categories
« 10K images

« Large pose variations,
heavy occlusions

» Generic scenes

« Cleaned up performance

metric
Faces
1990’s 2000's 2007 -

2012

https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx
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Public dataset

Coco

) . Many datasets exist
« 80 diverse categories BDD100K

i 200+K images Dataset examples
» Heavy occlusions,
many objects per
image, large scale

variations
Faces
1990’s 2000’s 2007 - 2014 -
2012
https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx
LOGIROAD
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Matching detections to ground
truth

Evaluation metric

i

https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx

https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx LOGIRO AD LOGIRO AD @




Matching detections to ground
truth

« Match detection to most similar ground truth
« highest loU

« If loU > 50%, mark as correct

« If multiple detections map to same ground truth,
mark only one as correct

« Precision = #correct detections / total detections

« Recall = #ground truth with matched detections /
total ground truth

https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx
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Why is detection hard(er)?

« Precise localization

o~

https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx
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Why is detection hard(er)?

e Much larger impact of pose

https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx L (\AD ()]
OGROADE

Why is detection hard(er)?

deformable object occluded object

™

+ background confusion

intra-class variation

=2
k&

https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx

LOGIROAD &




Why is detection hard(er)?

« light conditions make detection difficult

Credit: A Zisserman VGG Oxford

https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx

Why is detection hard(er)?

« Counting

https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx
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Why is detection hard(er)? Detection as classification
» Small objects / scale « Run through every possible box and classify
« How many boxes?
« Every pair of pixels = 1 box
N
- (3 o =
» For 300 x 500 image, N = 150K
« 2.25 x 1020 boxes!
https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx LOG!RO I‘\D EB https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx LOG'ROI‘\D




|ldea 1: scanning window Dealing with scale

 Fix size
» Can take a few different
sizes

« Fixed stride

« Convolution with a filter
« Classic: compute HOG
features over entire
image

https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx

Object detection networks
Dealing with scale

F Detection
. eature Map
. . . . : Object PR o o
» Use same window size, but run on image pyramid detector . || cussication
Feature Eﬁj@] I Box regression

Picture || Extractor Ei H

Two main object detector structures exist: @

/ Region Proposal Network
Feature Map Object:
True/False?
Feature _
Picture ||Extractor

fi= Classifier
Two-Steps detector / ; [ cusston
[
O

IBox Refinement

One-Step detector

(b)

https://www.cs.cornell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx https://www.cs.comell.edu/courses/cs4670/2018sp/lec36-obj-detn.pptx LOGIROAD @




Ren, Shaoging, Kaiming He, Ross
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.nip: paper/5638-faster-r-cnn-

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

Object detection networks

Example of two-stages-detector: Faster-Rcnn

4
C( e
Map

ResNet-50
Convolutional

region-proposal-networks.pdf.

Proposal,

Net,
% Bounding-box
Regression Loss

Proposals

Layers T ——

ROI
Pooling

| Classification
Region /7 Loss

Classification
Loss.

Regression Loss

Faster R-CNN

« At each location, consider boxes of many different

sizes and aspect ratios

Faster R-CNN

« At each location, consider boxes of many different

sizes and aspect ratios

Object detection networks

Example of two-stages-detector: Faster-Rcnn

Ren, Shaoging, Kaiming He, Ross
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. hitp:/

5.0 1/5638-faster-r-cnn-
towards-real-ti biect-detecti ith.

region-proposal-networks.pdf.

E> Feature
Map
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Convolutional

Region
Proposal

Classification
/7 Loss

Net,
% Bounding-box
Regression Loss
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Layers .

ROI
Pooling

Classification
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Bounding-box

Regression Loss



http://papers.nips.cc/paper/5638-faster-r-cnn-towards-real-time-object-detection-with-region-proposal-networks.pdf
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ROI Pooling

» How do we crop from a feature map?
« Step 1: Resize boxes to account for subsampling

.@

Fast R-CNN. Ross Girshick. In ICCV 2015

ROI Pooling

» How do we crop from a feature map?
« Step 2: Snap to feature map grid

ROI Pooling

« How do we crop from a feature map?
« Step 3: Place a grid of fixed size

ROI Pooling

» How do we crop from a feature map?
« Step 4: Take max in each cell




Faster-RCNN Loss
Fast R-CNN

¢ Multi-task loss

L(p,u,t",v) = Las(p, u) + Alu > 1] Lo (", v)

Where  [,.(t%,v) = Z smoothy,, (t}' — v;)

ie{x.y.w,h}

0.522 if |2| <1

|z| — 0.5 otherwise

smoothy, (z) = {

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

PASCAL

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




!Phase | : Deep MANTA Network

T,
fr——m
o | (5,
e > (v,

NMS

Phase Il : Deep MANTA Inference

Choose the best 3 template {¢; ]
(1)) ] .

Deep Learning for 3D vehicle understanding from monocular images g
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Deep Learning for 3D vehicle understanding from monocular images g
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YOLO:

You Only Look Once
Unified Real-Time Object Detection

Presenter: Liyang Zhong Quan Zou




We spllt thei |mage into an S*S gnd

Each cell predicts B boxes(x,y,w h) and confidences of each box: P(Object)

P(Object): probability that
the box contains an object

Each cell predicts boxes and confidences: P(Object)

Class Probability Conditioned on object: P(Car | Object)

Bicycle Car
. Dog
i Dining
Bike =0 Table




Then we combine the box and class predictions.

q-g!n?us.ﬁi!l!!

i

‘ 1 P(class|Object) * P(Object)

=P(class)

OUTPUT

Each cell predicts:

- For each bounding box:
- 4 coordinates (x, y, w, h)

- 1 confidence value

- Some number of class

probabilities

S*S*(B*5+C)tensor
L

)

+ F ok
; o,

% %

4

1st - 5th
Box #1

% %

2 6,,0/ % 9 9,0:/0 . 7
oy F,
6th - 10th 11th - 30th
Box #2 Class Probabilities

e b % % Py
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STRUCTURE

Inference

pretrain stride =2

Tarxioze

C: Convolutional

R: Relu Backbone

GoogleNet cR cR cRr cr
modfcaton — Bl el —
(20 layers)

xtax102e xaxio2e xtaxto2e

Tariozs




Other details - Non-max
suppression

How do we deal with
multiple detections on the
same object?

Other details - Non-max
suppression

» Go down the list of detections starting from highest
scoring

« Eliminate any detection that overlaps highly with a
higher scoring detection

« Separate, heuristic step

Deep Learning for Visual Tracking

Object detection networks

Example of one-stage-detector: YOLO

7]
i it ?
: a
{Bounding boxes + conﬁdence>>
—
b

Tomato detection results

S x S grid on input

Class probability map

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

Semantic Segmentation




The Task

person
grass
trees
motorbike

road

Evaluation metric

« Pixel classification!
» Accuracy?

« Heavily unbalanced ' '
« Common classes are over-
emphasized

« Intersection over Union
« Average across classes and
images
« Per-class accuracy

« Compute accuracy for every
class and then average

Things vs Stuff

THINGS

Person, cat, horse, etc
Constrained shape

Individual instances with separate
identity

STUFF

« Road, grass, sky etc

« Amorphous, no shape

« No notion of instances

« Can be done at pixel level

Challenges in data collection

« Precise localization is hard to annotate
» Annotating every pixel leads to heavy tails

» Common solution: annotate few classes (often things),
mark rest as “Other”

» Common datasets: PASCAL VOC 2012 (~1500 images, 20
categories), COCO (~100k images, 20 categories)




Pre-convnet semantic
segmentation
« Things

» Do object detection, then segment out detected objects

o Stuff
» "Texture classification”
« Compute histograms of filter responses
« Classify local image patches

Semantic segmentation using
convolutional networks

Semantic segmentation using
convolutional networks

w/4

Semantic segmentation using
convolutional networks




Semantic segmentation using
convolutional networks

Can be
considered as a
feature vector
for a pixel

Semantic segmentation using
convolutional networks

Semantic segmentation using
convolutional networks

« Pass image through convolution and subsampling
layers

« Final convolution with #classes outputs

« Get scores for subsampled image

« Upsample back to original size

Semantic segmentation using
convolutional networks

bicycle




The resolution issue

« Problem: Need fine details!

« Shallower network / earlier layers?
» Deeper networks work better: more abstract concepts
« Shallower network => Not very semantic!

« Remove subsampling?

« Subsampling allows later layers to capture larger and larger
patterns

» Without subsampling => Looks at only a small window!

Solution 1: Image pyramids

Higher resolution
Less context

Small
networks
that
maintain
resolution

Learning Hierarchical Features for Scene Labeling. Clement Farabet, Camille Couprie, Laurent Najman, Yann LeCun. In TPAMI, 2013.

Solution 2: Skip connections

upsample Compute class scores
at multiple layers, then
upsample and add

Solution 2: Skip connections

Red arrows indicate
backpropagation




Skip connections

without skip with skip

Fully convolutional networks for semantic segmentation. Evan Shelhamer, Jon Long, Trevor Darrell. In CVPR 2015

Skip connections

Visualizations from : M. Zeiler and R. Fergus. Visualizing and Understanding Convolutional Networks. In ECCV 2014,

Solution 3: Dilation

« Need subsampling to allow convolutional layers to capture large
regions with small filters
« Can we do this without subsampling?

Solution 3: Dilation

» Need subsampling to allow convolutional layers to capture large
regions with small filters
« Can we do this without subsampling?

%




Solution 3: Dilation

« Need subsampling to allow convolutional layers to capture large
regions with small filters
« Can we do this without subsampling?

Solution 3: Dilation

« Instead of subsampling by factor of 2: dilate by
factor of 2

« Dilation can be seen as:
« Using a much larger filter, but with most entries set to 0
« Taking a small filter and “exploding”/ “dilating” it

Putting it all together

mean loU on PASCAL VOC

69
66,5
64
Best Non-CNN
61,5 approach:
~46.4%
59

Basic +Skip +Dilation

Semantic Image Segmentation with Deep Convolutional Nets and Fully Connected CRFs. Liang-Chieh Chen, George Papandreou,

lasonas Kokkinos, Kevin Murphy, Alan Yuille. In /CLR, 2015.

Popular Segmentation networks (segnet)

Encoder Decoder

Pooling indices

. Prediction
Input Image

Conv + Batch Normalization + ReLU Unpooling

ﬁ Pooling @ Dense prediction @ Softmax




L

N-band input

Popular Segmentation networks:
UNET

Concatenate

UNet predicting UNet output Fully-connected
conditional random field

Output

Popular Segmentation networks:
UNET

64 61
128 64 64

input

p output

|ma!?|: g *|* | segmentation

= conv 3x3, ReLU
copy and crop
§ max pool 2x2
# up-conv 2x2
= conv 1x1

Using UNET for Inpainting

input
dtput ——-—_—-——-
image }. >[* Segmentation
map
' |
,I.I [ofs > conv 313, Rel U
§ t copy and crop
) [Ty #max pool 2:2
0 0 # up-cony 222
e e > conv 11
o
I
SR I
. b+ =1 Using partial convolution
!
LI !
I
i

=l =2 =4

Several losses

o 2 I

P=1 Tomp o
p _ e - g
perceptual = N N
p=0 w9 p=0 v, || o#xexase
128x128x128
s
5625664

Perceptual loss: L1 norm from feature maps of a pertained backbone (VGG16) AX

P-1
1 Tou\ T /o Tout . e
Ertean = 22, [ o) ) = )" @)

P-1
Lty = 3o g | Ko@) @) = @) @)

»=0

Style loss: Kernel on dot products on feature maps




Deep Learning for Visual Tracking - &
What is Visual Tracking? From single view single object
oo
Deep Learning for Visual Tracking - ¢ Deep Learning for Visual Tracking N
BASEAL - | B

LOGIROAD

What is Visual Tracking? To multi view Muti-non rig o

id-objects What is Visual Tracking?

AL

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

Xk

| \.

State Sequence

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

X = {Xptk=1,..K

A

Observation

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



https://www.youtube.com/watch?v=jLEv14GAcbs

Deep Learning for Visual Tracking o, W Deep Learning for Visual Tracking .. ¢
Off-line Tracking (Deferred Tracking) OnIine Tracking :
Estimation of the state x;, uses the entire observation saquence Estimation of the state xj, uses the current and past observation:
- Z():k
Z = {zk}k=1,. K
x - Available Observations
Available Observations
k-3 [l Zk—2 [o Zk-1 5] Zk |of Zh41 |o] Zpto
Deep Learning for Visual Tracking Deep Learning for Visual Tracking
Why is Visual Tracking difficult? Why is Visual Tracking difficult? (Object representation)
Hidden State * Object approximation:
The state X is a hidden state and must be deduced from — Segmentation / Polygonal approximation
observation . .
— Bounding ellipse/box 8 2 8
. . ; ?; q )
_ Position only A ﬂ K A
@ Object Modeling: how to define what an object is in terms /‘\ /\ < ON / \
that can be interpreted by a computer ? giisss=gsnesay @ .'
@ Appearance Change: The observation of an object changes e Goal: Measure afﬁnity 5 S
according to many parameters (illumination conditions, ) [ :
occlusions, shape variation...) J ¥ W
e Kinematic Modelling: How to inject priors on object kinematic " " “
and interactions between objects. . o
o LO‘G‘\RF\’\D IA» Image from A. Yilmaz et. Al : Object tracking: A survey. ACM Computing Surveys, ZUQSG]W 1-

FASC




Deep Learning for Visual Tracking

Why is Visual Tracking difficult? (Kinematic modelling)

State Vector:
- 2D position on the ground plane
- 2D motion vector on the ground plane
- Steering angle
- Acceleration

Deep Learning for Visual Tracking

The classical (probabilistic) view of tracking

P(Zi|Xk) Observation

Dynamics

i = e
Deep Learning for Visual Tracking Deep Learning for Visual Tracking
The classical (probabilistic) view of tracking The classical (probabilistic) view of tracking
5 - i =3 ’ :é
p(Xp-1|Zp-1) p(Xk|Zx-1) p(Xk|zk)
Prediction
= (Chapman |
Kolmogorov)
p(xk[xx-1) p(zk|xx)
light vehicles
Likelihood i ., »




Deep Learning for Visual Tracking

The classical (optimisation) view of tracking

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

X) = arg min & (X, zx)
X EX

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

-

LOGIROAD

©

PASCAL

Deep Learning for Visual Tracking

The classical (optimisation) view of tracking (Meanshift)

R = e A

LOGIROAD

e

PASCAL

Deep

.
Learning for e
=
- ‘ments -
Visual o Visual
. .
Tracking & A Tracking
scenarios o Multi-view
e tracking
Generic
;:‘__i‘::g Visual Tracking Sltr:gai;:::w
Overview of Speciti Number
. object and Type Perfc;ntr;n.nce
tracking = i plof
Visual RS e
tracking
Single Multi- Benchmark
object object Dataset
tracking tracking
Performance
oo
2 S Short-term Long-term
LOGROAD !‘; = — e
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ork
architecture

Deep

earning for
isual
racking

HCFT, DecpSRDCF, FCNT, CNN-SVM, DPST, CCOT, MDNet, HIY CNT, RDLT, CREST, UCT/UCT Lite, TSN, WECO, IBCCF, DTO, GNET, PF_HCFT,

b DCPE, ECO, DepCSRDCF, MCPF, BranchOut, DEspLMCF, Obik RaFT, ACEN, SANct, DRN, DNT. STSGS, BSLT, UPDT, RT-MDNet, CIT. STP, WAEE

DupSTRCF DRT, LSART, MCCT, DCPF2, VDSR-SRT, IMLCF, DAT, HCFTs, adaDDCF, YCNN, DeepHPFT, CFCF, P2T, LCTdeep, HSTC, DeepFWDCF, CF-CNN,
(GNet, ORHF, ASRCF, RPCF, CODA, SMART, MRCNN, MM, IMM_DFT, DeepTACE, DCDCF, CF-CNN, DeepTrack

SiamFC, GOTURN, SINT, PTAV, DSianyDSiamM, CFNrt, DCFNet/DCFNet2, DET, TripletLoss, DaSismRPN, StructSiam, MMLT, Siam-MCF, Siam-BM, N,
NOT-Siar, FMET, PICENet, ATOM, C_RPR, GCT, SPAL, SamDW, Siambask, SamRPN- -, TADT, UDT. DIMP, MTHCE, CF-
FCSiam, TAAT

Siamese network SA_Siam, FlowTrack, RASNt,

ACT, TRACA, DCTN, CFSRL, DRRL, AEPCF, DRLT, EAST, P-Tracker, ADNet, DRLIS, HP, SINT++, RDT, C2FT

FPRNct, RFL, MAM

VITAL, TGGAN, ADT

Custom networks

Deep
Learning for

HCFT, DeepSRDCF, FONT, CNN-SVM, CCOT, HDT, RPNT, CREST, WECO, IBCCF, DTO, PF_HCFT, VRCPF, DCPF, ECO, DeepCSRDCF, MCPF, DecpLMCF,
Obli-RaFT, STSGS, UPDT, MMLT, CPT, WAEF, DecpSTRCF, DRT, MCCT, DCPF2, VDSR-SRT, HCFTs, DeepHPFT, LCTdécp, DecpFWDCF, CF-CNN, ORHF,
. TADT, IMM_DFT, DeepTACF, DCDCF, CF-FCSi

SRT, R-FCSN, GNET, LST, CFNet, BranchOut, ACFN, SAN

Network exploitation,
ACA, VITAL, SamRPT. SA_Sim, FlowTreck, RAw«.

DPST, GOTURN, SiamFC, SINT, MDNet, PTAV, UCT/UCT Lite, DSiam/DsiamM, RFL,
S;

Deep e or vial DCFNeUDCFNet2, TripletLoss, ACT,
P faturs SEN, FRPACT: Siam. FMET IMLCE, 5CT, §)
ing SiamMask, 'S +, UDT, DiMP, . MAM, STCT, CNT, RDLT, TSN, DET,
Ny DT, DSLT, LSART, adaDDCE, P2T, HSTC, SMAR b Toacker, 1. EAST, DRLIS. CFT, ADNet, DRLT

Methods

Deep
earning for
isual
racking

. MTHCF, CECF,
RFL, TGGAN, DCTN,

ST, CPNet, DeSimRPI, S im-BM, SA-Siam, SIamRPN, C-RPY, GCT, SPM, FICF
- DIMP, Siam-MCF, Sk, S SamDW, FlowTrack, RASNet, ACH
T, RO 1, BAST, Car, BRLT

GOTURN, SimFC, SINT, R CS!
MLCE. MAM, PTAV, UDT. DRRL,

Only offline pr
training

CFSRL,

[Network training for visuall
e SMART, TCNN, TSN, DNT, DSLT, LSART, adaDDCF, HSTC, STCT, DeepTrack, CNT, RDLT, P2T, AEPCF, FRPN2T-Siam, P-Tracker

Only online
training

tracking

AAT, DP:
STP, MRC}

DRN, DSiam/DSiamM, TripletLoss, MM, , MDNet, GNET], BranchOut, SANet, RT-MDNet, TRACA, VITAL, DAT, ACT, MGNet, FMET, D]
DCENeUDCFNet2, N, CODA, ATOM, UCT/UCT Lite, FPRNet, ADT, DRL-IS, ADNet

Offline and online
training

eep
earning for
isual
racking

LSART, RASNet, IMLCF,

Rogression besed GOTURN, adaDDCF, CNT, UCT/UCT-Lite, DSianvDSiamM, TSN, R-FCSN, CFNet, DCFNeUDCFNet2, DSLT, TRACA, SA_Siam, Flow Trac
aross! DDCTN, FPRNet, CFCF, FICFNet, HSTC, UDT, MTHCF, AEPCF, DRLT

N, DNT. TrleLons, Sructsiam, a-MCF, Siam|
AST, ok, R, SINT++, AN, CoFT

DPST, SiamFc GNET, LST, BranchOut, ACFN, DET. DR
SiamFC, CODA, DRRL, MM, MAM,

INT, STCT, DecpTrack RDLT, CF-CNI, FTAV, RF
BM, VITAL, FCSF) 3

GAN, YC

Deep Visual Tracking

Network
objective

MDNet, TONN, SRT, SANet, ACT, DaSiamRPN, RT-MDNet, SismRPN, FMFT, DAT, CFSRL, P2T, MGNet, ATOM, C-RPN, SPM, SamDW_SiamRPN,
‘SiamMask, SiamRPN-+, DIMP, ADT, SMART, MRCNN, TAAT, DRL-IS

Classification- and
regression-based




Deep
Learning for
Visual
Tracking

SmFC, STCT, UCT/UCT. Lite, DSamDSiami, TSN, RFL, R-FCSN, LST, CFNel, DCFNeDCFNet2, DNT, Tripltl oss, DSLT, DISmRPN, StructSiam, STP, Siam MCF,
Sian-HM, TRACA, SA_Siam, FlowTrack, LSART, RASNet T-Siam, FMFT, IMLCE, TGGAN, DCTN, adaDDCE, YCNN, CFCF, CFSRL, FICFNet, HSTC,
TOM, RPN, GOT, SADW SamFe. UDT. DMP. BT, SVART, MTHCF, MA

Confidence map

soumang o —]

roor | oww s s corr, e

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

DPST, SINT, MDNet, DecpTrack, TONN; PTAV: GNET, BranchOut, ACEN, SANet, DET, DRN, ACT, RT-MDNet VITAL DAT, MGNet, C-RPN, SPM, Siambask,
. DRRL, MRCNN, MM, TAAT, MAM, HP, P-Traik, RDT, SINT++, ADNet, DRL-IS

Network
output

Feoremars . RDLT, o, SR, S SR, CODA, ABPCE, 1NV DFT

T . v
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[HCFT, DecpSRDCF, FONT, CCOT, HDT, PTAV, CREST, WECO, IBCCF, DTO, PF_HCFT, DCPF, ECO, DeepCSRDCF, MCPF, DeepLMCF, ACFN,|
STSGS, DSLT, UPDT, CPT, WAEF, TRACA, DecpSTRCF, DRT, LSART, MCCT, DCPF2, VDSR-SRT, IMLCF, HCFTs, DeepHPFT, CFCF, CFSRL,
LCTdecp, DecpFWDCE, CE-CNN, ORHF, ASRCF, RPCF, CODA, SMART, AEPCE, IMM_DFT, DecpTAFCF, DCDCF, CF-FCSiam, P-Tracker

DCF-based methods

Exploitation of correlation filter

UCT/UCT Lite, DSian/DSiamM, CFNet, DCFNeUDCF2, FlowTrack, RASNet, adaDDCF, FICFNet, ATOM, TADT, UDT, MTHCF

Deep
Learning for
Visual
Tracking

Visual tracking datasets Developing SNN- Developing RL- and
and challenges based methods GAN-based methods
2013 2014 20I15 2016 20I17 2018 ZOI‘|9

Developing CNN- Developing RNN- Developing custom
based methods based methods NN-based methods

Recent history
of Visual
tracking

Deep Learning for Visual Tracking

SNN based model: GOTURN

Generic Object Tracking Using Regression Networks

CNN

Prediction

Fully connected
@ layers

emplate

Previous Frame
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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.

Deep Learning for Visual Tracking

multi-object tracking

Intuition: predict next position along each track.

A [

\ - Tre e
track 1 A -7 92
e -

A A J

Fh-a__ a4
track 2 ) ,D,/ observations
--

How to determine which observations
to add to which track?

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.
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Association: define metric and match
objects and targets

D Track 3
T |

] _E 2
lE”/ Track 1 Video Frame

Deep Learning for Visual Tracking

Association: define metric

X, M s Original Space
1 1 H
Mapping Mapping
Function W Function
1O RAQ)
a, = f(on) b] = f(.VI’W) PR 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

> [ —1
Network \ G i
G(Xa), G(Xb))
E> Base —
Network T

G(Xb)

] G()(b)

Y=0, same category, minimize Dw

L=|1- Y)%(DW)2 H- (Y)%{ma:r,(O. m — Dw)}?

Y=1, different category, maximize Dw to m

Deep Learning for Visual Tracking

Association:

;S f&’ I\ Embedding Space define metric

d, = d(f(xa), f(xp))
.
) mh /’
ﬂ ‘ ﬁ( ’ I dy = d(F(x0). S ()
Xa fxa) /

SL - ﬁ' I Ltriplet = [d - d + a]+
x, feon) where [z]4 = maz(z,0)
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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
0.49 0.82 0.74 0.41 0.01
0.89 0.44 0.18 0.89 0.14

AP WN =

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

Deep Learning for Visual Tracking

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

5x5 matrix of match scores

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 0.44 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)

0.76 0.62 0.41 0.06
0.23 [0.46] 0.79 0.94 0.35
0.61 002 [0.92] 0.92 0.81 score: 2.88
049 0.82 0.74 00
0.89 0.44 0.18 0.89

095 0.76 0.62 [0.41] 0.06

23] 046 079 094 035

067 0.02[0.92] 0.92 0.81 score: 2.52
0.49 0.74 0.41

0.89 0.44 0.18 0.89

0.95 [0.76] 0.62 041 0.06

0.23 0.46 0.79 [0.94] 0.35

0.61 0.02 0.92 092 score: 4.14
0.82 041 0O

0.44 0.18 0.89 0.14

Deep Learning for Visual Tracking

Object detection networks

SORT: Tracking-by-detection

$tate Vector : X = [u7 v, 8,7, 1, D, .S"]I s
Position, scale, ratio

Trajectory prediction: Kalman filter

Association: IOU distance and Hungarian Algorithm

A Detections
al a2 a3|a4
*
= A score = 2~ area(A and ) bt b2 b3 | b4
Y /& area(A) +areaB)
& B cl|c2 c3 c4
E—
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.



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

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

SORT WITH DEEP ASSOCIATION METRIC

— Input Video Sequence_

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

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

SORT WITH DEEP ASSOCIATION METRIC



https://www.youtube.com/watch?v=yMBhnKy0KmU
https://www.youtube.com/watch?v=hO7n1mBwr7c

Deep Learning for Visual Tracking

RvitaTrark: Multi Ohiart Trarkina

Frame t; Frame t, Frame t;

1

Deep Learning for Visual Tracking
ellow: high score boxes ByteTrack: Multi Object Tracking

red: low score boxes

\

MOT17-10 MOT17-13

Deep Learning for Visual Tracking
Yellow: high score boxes ByteTrack: Multi Object Tracking

red: low score boxes

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

S

Institut Pascal  5AscAC




The power of video interlacing

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

- learn appearance
association within a
deep convolution
neural network

Institut Pascal  Eiscal

The power of video interlacing

ntrelaced dataset|
(Anno(ated) —— R Interlaced

DCNN detector
Fine-tuning ——

/

Generlc DCNN detector \

1
= i

Multi-object tracking framework
(Proposed framework)

Input video sequence

Object trajectories

S

Institut Pascal  5AscAC

The power of video interlacing

Build a interlaced video

Conﬁgurnnon 2  4.1: Configuration 2_2_4:
D=2,s=4,g=1 D=2,5=2,9=4

The power of video interlacing
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