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ReSults with additional training data

A Object Detection from Video (VID)
2nd place (MAP: 73.15%)

A Object Detection/Tracking from Video (VID)
2nd place (MAP: 49.09%)



Overview

|. Faster R CNN Object Detector

+ Context region

+ Larger feature map
+ Ensemble

+ Data configuration

Il. MCMOT: Multi - Class Multi-Object Tracking

A Tracking by Detection
A Detection: Ensemble of CNNSs
A Tracking: MCMOT using CPD
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|. Faster R-CNN ODbject Detector
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Object Detection from Video
Challenge |: Small Object
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Object Detection from Video
Challenge |: Small Object

| Height = 59 pixels Height = 64 pixels Height = 51 pixels_|
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Object Detection from Video
Challenge II: Blurred Object
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Object Detection from Video
Challenge II: Blurred Object
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Network Architecture
|. Faster R-CNN with VGG16
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Network Architecture
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Network Architecture
|. Faster R-CNN with VGG16

+ Larger feature map (remPve Fpool 48
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Network Architecture
|. Faster R-CNN with VGG16

+ Larger feature mapH29%emPve T pool 48
+ Context region (+2.6% mMAP)
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Training Data Configuration

Overview of ILSVRC VID Dataset

ILSVRC VID
1122397 176126
3862 555
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Training Data Configuration
Overview of ILSVRC VID Dataset

1122397

A Redundant images within each snippet
A Diversity is too low  to train CNN

ILSVRC VID Validation

176126

* Images are fromthe ILSVRC VID dataset
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Training Data Configuration
Overview of ILSVRC VID Dataset

1122397

A Redundant images within each snippet
A Diversity is too low  to train CNN
A We need more data

ILSVRC VID Validation

176126

* Images are fromthe ILSVRC VID dataset
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Training Data Configuration




Training Data Configuration




Training Data Configuration
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Training Data Configuration
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Training Data Configuration
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Detection Components

Baseline

VGG 16

MAP(6) ResNet101 ™
70.7% Baseline 78.8%

* We used 12 anchorsfor RPN

* Performances are evaluated on VID minival (onlyused initial 30 frames per each snippet, total 16,524 images)
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Detection Components

VGG 16 ™™ ResNet 101 ™"

Baseline 70.7% Baseline 78.89%
+ Larger feature map 73.6%
+ Context layer 76.2%

* We used 12 anchorsfor RPN
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Detection Components

VGG 16 ™

ResNet 101 ™"

Baseline 70.7% Baseline 78.89%
+ Larger feature map 73.6%
+ Context Ia_yer 76.2%
" Faster RCNN |
VGG16 Detection
S MCMOT
_________________ Results > Tracking 82.3%

ResNet

* We used 12 anchorsfor RPN
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* Performances are evaluated on VID minival (onlyused initial 30 frames per each snippet, total 16,524 images)



Il. MCMQOT: Multi -Class Multi -Object Tracking
using Changing Point Detection
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Motivation

ILSVRC Object Detection Performance
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A Object detector becomes robust
A Should we use complex multi-object tracking algorithm?
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Motivation

Based on high performance detection,
simple & fast MOT algorithm
can achieve competitive result



Results

A ILSVRC2016 ObjectDetection/Tracking from Video (VID) with additional training data
2nd place (MAP: 49.09%)

https:// motchallenge.net/results/MOT16/
http:// www.cvlibs.net/datasets/kitti/eval_tracking.php 27
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Results

A ILSVRC2016 ObjectDetection/Tracking from Video (VID) with additional training data
2nd place (MAP: 49.09%)

A Our MCMOT also achieves state-of-the-art results in different MOT datasets

Multiple Object Tracking Benchmark 2016 KITTITracking Benchmark (Car)
0 624 62.2 25 721
60 57.3 72
52.5 50.9 215 71.44
—~ 50 —
S S
< 40 < 70.5 70.15
= =
O 30 @) 70 69.73 69.46
= = 69.5 '
20 '
69
10 68.5
0 68
MCMOT NOMTwSDP16&FILDAWSDP EAMTT AMPL MCMOT RBPF DuEye NOMT  CNN-OCC
Method Method

https:// motchallenge.net/results/MOT16/
http:// www.cvlibs.net/datasets/kitti/eval_tracking.php 28
B. Lee, E.Erdenee S.Jin, & P. Rh@lass Muitif@db | eict Tracking usi ng Canxavga0dé. ng P



Tracking by Detection

Object Detection

Multi - Object

Tracking < “[

“51' o—

Sequence Trajectory

A Object Detection : Ensemble of CNNs
A Multi -Object Tracking: MCMOT using CPD

29
B.Lee, E.Erdenee, S.Jin, & P. Rhee. r M@ldsg Multi-Object Tracking using Changing PointDetection RarXiv 2016.



MCMOT using CPD

Video sequence (a) Likelihood Calculation  (b) Track Segment Creation
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Track Segment Creation

A MCMC-based MOT approach

Changing number of moving objects are challenging, which require  high
computation overheads due to a high-dimensional state space

A Separating motion dynamics

The method separates the motion dynamic model of Bayesian filter into the
entity transitions and motion moves

No dimension variation in the iteration loop by separating the moves of birth
and death

H. Sakaino. r V-bdeseed tracking, | earning, and recognition method for mxiddaoltei:hpdlogy.Z@ﬂ(S.viéhg
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Track Segment Creation

A Estimation of entity state transition (Birth, Death)

The entity transitions are modeled as the birth and death events

We estimate the entity prior by data -driven approach,
Instead of the inside of MCMC loop

H. Sakaino. r V-bdeseed tracking, | earning, and recognition method for mAddaoltethdeogy.Z@ﬂ(Svi@g
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Track Segment Creation

A Separating motion dynamics

Pros

Since the Markov chain has no dimension variation in the iteration loop,
It can reach to stationary states with less computation overhead

cons

such a simple approach cannot deal with complex situations that occurin  MOT
Many of them are suffered from track drifts due to appearance variations

Drift problem is attacked by a CPD algorithm

H. Sakaino. r V-bdeseed tracking, | earning, and recognition method for m/iddaottethpdlogy.zmﬂd%.viégg
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Changing Point Detection

A Two-Stage Learning for Changing Point Detection

Read x,
: A Driftsin MCMOT are investigated by detection
. Leam“;g Pr_ft’bab““y o such abrupt change points  between stationary
€nsi . .
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Changing Point Detection

Ek- : Track segments
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Changing Point Detection
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Tracking Speed

Method MOTAt+ MOTPt FAF, MT{ ML| FP| FN| ID Sw} Frag| Hzt
GRIM 145% 73.0% 10.0 9.9% 49.5% 59,040 147,908 1,869 2,454 10.0
JPDA_m 26.2% 76.3% 0.6 4.1% 67.5% 3,680 130,549 365 638 22.2
SMOT 20.7% 75.2% 2.9 5.3% 47.7% 17,426 107,552 3,108 4,483 0.2
DP_NMS 32.2% 76.4% 0.2 54% 62.1% 1,123 121,579 072 944 212.6
CEM 33.2% 75.8% 1.2 7.8% 54.4% 6,837 114,322 642 731 03
TBD 33.7% 765% 1.0 7.2% 54.2% 50804 112,587 2418 2252 1.3
LINF1 41.0% 74.8% 1.3 11.6% 51.3% 7,896 99,224 430 963 1.1
olCF 43.2% 74.3% 1.1 11.3% 485% 6,651 96,515 381 1,404 0.4
NOMT 46.4% T76.6% 1.6 18.3% 41.4% 9,753 87,565 350 504 26
AMPL 50.9% 77.0% 0.5 16.7% 40.8% 3,229 86,123 196 639 1.5
NOMTwSDP16 62.2% 79.6% 0.9 32.5% 31.1% 5,119 63,352 406 642 3.1

MCMOT_HDM (Ours) 62.4% 783% 1.7 31.5% 24.2% 9,855 57,257 1,394 1,318 34.9

Tracking performances comparison on the MOT benchmark 2016

A The timing excludes detection time
A With a Titan X Maxwell GPU, the detector runs at approximately 3.5 FPS
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Results
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