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Computer Vision

Wikipedia: Computer vision is an interdisciplinary field that deals with
how computers can be made for gaining high-level understanding
from digital images or videos. From the perspective of engineering, it
seeks to automate tasks that the human visual system can do.

Sampled vision research and applications ove
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1990s

Roberts
1963
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Research Overview — Applications

medical image analysis
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Visual Recognition
Input: visual data =)  Output: label(s)

r —> swan
car
face  category
—>seashore scene
| alley
- building

Category & Scene Recognition
ICCV07b, CVPR10b, PAMI14, ECCV20a

image -

Visual Recognition

Input: visual data ~ ===  Output: label(s)
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SEENSEFRIEL N

VWMWX%/" r | Face & Age
Shape & Objects ICCV07a,CVPRI1S
CVPRO5, PAMIO7a, ECCV10

Static & Dynamic Texture Action & Interaction
CVPR10a,ICCV11a,T-1P13 CVPR13a, AAAI14, T-IP14,CVPR20b
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Application — Visual Recognition

Medical Image Retrieval
Wi 7 o -
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g | s 2 £ 3 3 :
=7 - s rd
.‘2 l !";:;. 2T It edjsnap
- — Cross-modal
Dental-based osteoporosis prescreening retrieval Species recognition
ISBI14,DMFR14,PR16,ISBI17,DMFR17,CHASE19,EMBC20 PAMI20d TAXONO6, ECCVO8, T-IP12
Visual privac De-identification Surveillance

ICDARI1, JCB14, JCST19

Re- d 2 N4
identification i E .,
AAATI8,PRI8,T-IP19 :

Material science
X X,V
Pﬂyy/\ . . Molecular

“ & X0 i
i A | E5-mmmm E= property
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L

Covert photo
classification
CVPR12¢,T-IP15,MVAI7

Classical “Traditional” Methods

* Non-deep learning
Input > feature >  classification

! !

* Eigenface (Turk & ll)entland, 1991) * Nearest r;eighbor

* Haar (Viola & Jones, 2001) * Support vector machine
* Shape Context (Belongie et al. 2002) | | = AdaBoost

* SIFT (Lowe 2004) * Random forest

* HOG (Dalal & Triggs, 2005) * Neural network

Selected/learned/optimized Independently
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AlexNet 2012

Winner of the ILSVRC2012 Challenge

ENEY L
3 X A
192 192 128 204¢ 2048 \dense
13 | 13
3|1
13 : 13 dense dense)
1000
192 128 Max | |
pooling 294 2048

Eigure 2th: Breakthrough: 15.3% Top-5 error on ILSVRC2012, ;::ion Ofreﬁp?nsibﬂities
t t! -part
atthe boué ~10% better than the next best (25.7%) 5Bt

........................................................................

the number of neurons in the network’s remaining layers is given by 253,440-186,624—64,896—64,896-43,264—
4096-4096-1000.

[Krizhevsky, Sutskever, Hinton. NIPS 2012]

Game Changing

* End-to-end
— Joint and effective optimization
— Flexibility
* Generalization to other computer vision tasks
— Visual recognition is fundamental
— Pretrain on ImageNet + fine tune for specific tasks

— Extension to other vision tasks

» Semantic understanding: detection, semantic segmentation,
tracking, etc.

* Geometric understanding: 3D reconstruction, simultaneous
localization and mapping (SLAM), etc.

* Low level vision: image enhancement, super resolution, etc.




Image Recognition for Long Tailed Data

Long-tailed data is common in practice:

0

1000

= iNaturalist 2017

2000 3000 4000 5000

Head

Instance per Category

-
5
.

Feature Space Augmentation for Long Tailed Data. Chu, Bian, Liu, & Ling, ECCV 2020

= 1S COCO detection

30 4 50 60 70 80
Ranked spacies

Data Augmentation — Image Space

* Augment long-tailed class with synthetic data

* Combining tail class foreground and head class background
— Aurtifacts and bias

aJ

Background | Foreground

“Fake” Sample
e

Combine

Feature Space Augmentation for Long Tailed Data. Chu, Bian, Liu, & Ling, ECCV 2020
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Data Augmentation — Feature Space

* Synthesize data in the feature space
* Class-specific feature vs. class-generic feature

Class-specific feature Class-generic feature

Feature Space Augmentation for Long Tailed Data. Chu, Bian, Liu, & Ling, ECCV 2020

Algorithm Pipeline

Long-Tail
Dataset

Head
Class

1. Phase-l Training Classifier 3. Phase-ll Finetuning

> N2

3 o

; 5 N |8
eature o N2
subNet 8| i = oL E

H N =

Sample Features | | L = Phase.ll

2. Online Tail-Class Augmentation

Class-Generic Features
g 1

1 Avg. Pooling
_, Feature —l—
Sub-Net
) | Binary Random T
Combination Ratio =
i 5 4 Feature Maps ’d—; Masks G aton
Class v t —
i 4 Feature » t Aug
m " Sub-Net 4'{3“5 | Feature Sample
i Activation —
_— i d From Phase-| Maps Class-Specific Features o Convolution Operation

Feature Space Augmentation for Long Tailed Data. Chu, Bian, Liu, & Ling, ECCV 2020
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Experiment: Learning Curve

With Augmentation o
Per. Class Accuracy & Precision

804 W/ A tation [ 100
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Class ID

Feature Space Augmentation for Long Tailed Data. Chu, Bian, Liu, & Ling, ECCV 2020

Experiments: Small Dataset

Long-tailed CIFAR-10 Long-tailed CIFAR-100

ResNet-18 ResNet-34 ResNet-18 ResNet-34
™M 10 20 50 100 20 10 20 50 100 200 ™M 10 20 50100 200] 10 20 50 100 200

Baseline 90.73 87.24 8232 75.16 70.22f 91.03 8732 8274 78.58 71.42 Baseline  62.59 57.09 48.55 43.65 38.87| 63.87 57.55 48.07 43.55 375
fE[E]‘} 90.79 86.61 819 7516 69.16) 91.03 87.18 8248 75.99 70.0 ff[g]‘; 63.1 57.02 48.15 43.51 38.58| 64.14 58.03 48.44 4294 38.84
:E$19]99 90.54 86.83 81.81 76.4 69.83] 90.74 87.24 81.66 74.85 70.08 :Eé19‘99 61.76 553 44.28 32.19 26.61 63.05 54.13 40.89 32.65 26.2
(;[i I(JI.]9999 89.61 86.05 804 75.04 69.21f 90.69 86.9 81.06 75.74 68.79 :‘Eé.l9‘999 60.71 53.93 42.02 31.32 2591f 62.28 53.64 40.03 29.82 26.63
:]; LZL 90.66 86.61 81.55 7499 69.060 90.76 87.18 81.91 76.5  69.87 :]; [UZL 62.64 57.02 479 42.82 3873 64.36 58.45 4831 4272 36.18
f]; []2(]1 90.59 86.83 81.79 74.07 6823 90.7 87.24 8134 7644 70.02 f]; Ez(]l 62.85 57.22 47.76 42.81 40.47| 64.83 58.78 48.24 42.64 37.29
f]; gz(]l 90.5 86.05 81.25 75.13 68.27 90.08 869 8244 7558 69.87 f]; gz(]l 63.37 57.15 47.0 42.18 4031 64.48 58.55 47.47 4333 38.11
SLA [3] - - - - 89.58 - - 80.24 - SLA [3] - - - - - 59.89 - - 4553 -

Qurs 65.08 58.69 519 46.57 42.84] 65.29 59.75 52.17 48.51 41.46

Qurs 91.75

max({N;})

IMFactor = ———
min({N;})

, N; is the number of samples in i — th class

Feature Space Augmentation for Long Tailed Data. Chu, Bian, Liu, & Ling, ECCV 2020




Experiments: Large Dataset

ImageNet-LT
>100 >100 & >20 <20 Overal

Many Medium _ Few

Plain
Model
Lifted Loss
FL

Range Loss
FSLwF
OLTR
Ours
Ours+FL

40.9 10.7 0.4 209
35.8 30.4 17.9 30.8
36.4 299 16 30.5
35.8 30.3 17.6  30.7
40.9 22,1 15 284
432 35.1 18.5 35.6
473 31.6 147 352
47 313 168 35.3

Places-LT
>100 =100 &> <20
Many 20 Medium __Few Overall

45.9 224 036 272
41.1 354 24 352
41.1 348 224 346
41.1 354 232 351
43.9 299 295 349
44.7 37 253 359
42.8 375 227 364
422 364 24 36

Feature Space Augmentation for Long Tailed Data. Chu, Bian, Liu, & Ling, ECCV 2020

iNaturalist iNaturalist

2017 2018

ResNet-50 60.5 62.27

Baseline  ResNet-101 61.81 65.19
ResNet-152 65.12 66.17
ResNet-50 58.08 61.12

CB ResNet-101 60.94 63.88
ResNet-152 64.75 66.97
ResNet-50 61.96 65.91

Our ResNet-101 64.16 68.39
ResNet-152 66.58 69.08

Vision
Overview

Recognition

2/18/2021
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What is Visual Detection?

* Locate object(s) in an input image
JUDYBATS

Viola & Jones Dalal & Triggs Felzenszwalb, Girshick, McAllester
IJCV 2004 CVPR 2005 & Ramanan, PAMI 2010

» Extensions
— Object segmentation
— Object detection in videos
— Salient object detection

Yana Fan Chu Rlasch & [ ina

Deep Learning Solutions

Apply bounding-box regressors
Bbox reg || SVMs Classify regions with SVMs
Bbox reg || SVMs

Bbox reg | | SVMs Forward each region
ConvNet through ConvNet
ConvNet
ConvNet . )

y - 4 Warped image regions

Regions of Interest (Rol)
from a proposal method
(~2k)

Girshick et al. CVPR14. Post hoc component

R-CNN after region proposal

Slide credit: Ross Girschick

2/18/2021
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Our Studies on Visual Detection

Model-based Object Detection

MLFPN TOM

Generic object detection Specific application scenario
ICCV09, AAATL9, AAAI20 1CCV19¢
Salient Object Detection Video Object Detection

Depth  pucoder

Deection from
Color Image

ICCV13b,CVPR14c,ICCV Detection from RGB-D Input CVPR19c. PAMI21b
17b,PAMI17a, PAMI17b ECCV20b ’

Application of Visual Detection

Medical Image

”‘_ & Retinaliet +LD
. Pateh-based SSM

Breast image analysis 3D Landmark Detection
ISBI09,ISBI10, ISBI1 1,ISBI12 CVPRO8, CVPRO9 EMBC20

Deriving Assistance

Pedestrian detection Road crack detection Traffic scene understanding
T-ITS19a,T-ITS19b T-ITS19¢ T-ITS18b, T-ITS18c, WACV19b,T-ITS21

2/18/2021

12



Object Detection in Aerial Images

* Object detection in aerial image

— Detection object in an image taken by drones, or
general UAVs, equipped with cameras.

— A wide range of applications, including agricultural,
aerial photography, fast delivery, and surveillance.

UAVDT VisDrone DOTA

Clustered Object Detection in Aerial Images, Yang, Fan, Chu, Blasch, & Ling, ICCV 2019

Issues of Existing Detectors

. State-of—the-art detectors on aerial
images
— Faster RCNN+FPN (ResNet50)
— 36.7 AP on COCO
— 21.4 AP on VisDrone

* Issues of aerial images
— Large scale image
— Many objects
— Small object
— Large scale change
within an image

Clustered Object Detection in Aerial Images, Yang, Fan, Chu, Blasch, & Ling, ICCV 2019

2/18/2021
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Motivation

e Clustered detection

— Objects are unevenly distributed and locally
clustered = clustering before detection

— Within cluster scale variation is low = cluster
dependent scale normalization

Clustered Object Detection in Aerial Images, Yang, Fan, Chu, Blasch, & Ling, ICCV 2019

Method (CIusDet)

Sl‘ale Baseline Detections on cluster chips
sub-net
"~ Cluster
m: proposal =+ 1CM
; sub-net
Cluster cmps
y Fusion
D;me-net Final detections

Detections on global image

ICM: iterative cluster merging
PP: partition and padding

Clustered object detection (ClusDet) network

* Three key components:
* Cluster proposal subnet (CPNet)
* Scale estimation subnet (ScaleNet)
* Dedicated detection network (DetecNet)
* Final detection results:
* Fusing detections from cluster chips and global image.

Clustered Object Detection in Aerial Images, Yang, Fan, Chu, Blasch, & Ling, ICCV 2019

2/18/2021
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Experiment on VisDrone

RetinaNet+FPN RNet50 139 23.0

pedestrian people
trieycie

RetinaNet+FPN RNet101 14.1 234
RetinaNet+FPN RNeXt101 144  24.1
FRCNN+FPN RNet50 21.4 40.7
FRCNN+FPN RNet101 214 40.7
FRCNN+FPN RNeXt101 21.8 41.8
FRCNN+FPN * RNeXt101  28.7 51.8

= T FRCNN+FPN+EIP RNet50 21.1 44.0

:

= s i f’b! FRONN+FPN+EIP  RNetl0l 235 46.1
FRCNNAFPN+EIP  RNeXt10l 244  47.8

FRCNN4FPN +EIP* RNeXtl0l 257 484

ClusDet RNetSO 267  50.6

ClusDet RNet101 26.7 504

ClusDet RNeXt10l 284 532

ClusDet* RNeXt10l 324 562

* Multi-scale inference & bounding box voting utilized in testing

Clustered Object Detection in Aerial Images, Yang, Fan, Chu, Blasch, & Ling, ICCV 2019

Experiment on UAVDT

A

| Method __|_backbone | AP _| APy

R-FCN ResNet50 7.0 17.5 39 4.4 14.7 12.1

SSD N/A 9.3 214 6.7 7.1 17.1 12.0

RON N/A 5.0 15.9 1.7 2.9 12.7 11.2
FRCNN VGG 5.8 17.4 2.5 3.8 12.3 9.4
FRCNN+FPN ResNet50 11.0 234 8.4 8.1 20.2 26.5
FRCNN+FPN+EIP ResNet50 6.6 16.8 3.4 5.2 13.0 17.2
ClusDet ResNet50 137  26.5 12.5 9.1 25.1 31.2

Clustered Object Detection in Aerial Images, Yang, Fan, Chu, Blasch, & Ling, ICCV 2019

2/18/2021
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Experiment on DOTA

large-vehicle ship plane

RetinaNet+FPN+EIP ResNet50 249 41.5 27.4 9.9 32.7 30.1
RetinaNet+FPN+EIP ResNet101 27.1 44.4 30.1 10.6 34.8 33.7
RetinaNet+FPN+EIP ResNeXt101 27.4 44.7 29.8 10.5 35.8 32.8
FRCNN+FPN+EIP ResNet50 31.0 50.7 329 16.2 37.9 37.2
FRCNN+FPN+EIP ResNet101 315 50.4 36.6 16.0 38.5 38.1
ClusDet ResNet50 322 47.6 39.2 16.6 32.0 50.0
ClusDet ResNet101 31.6 47.8 38.2 159 31.7 49.3
ClusDet ResNeXt101 31.4 47.1 374 17.3 32.0 45.4

Clustered Object Detection in Aerial Images, Yang, Fan, Chu, Blasch, & Ling, ICCV 2019

Vision
Overview

Recognition

Detection
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What is Visual Tracking

Visual Tracking

Keep track of something across time

Object defined manually or by detection

Model-free single object tracking

ICCV 2009, CVPR 2011, PAMI 2011, ICCV 2011, CVPR 2012, ICCV 2013, ECCV 2014,
ICCV 2017, PAMI 2019, CVPR 2019a, CVPR2019b, PAMI2020

with C. Bao, E. Blasch, H. Fan, J. Gao, W. Hu, H. Ji, X. Mei, Y. Wu, J. Xing, F. Yang, et al.

What is Visual Tracking

Visual Tracking

Keep track of something across time

Plane/Pose

ICRA 2017, PAMI 2018, ICRA 2018a, ICRA 2018b
with L. Chen, P. Liang, T. Wang, et al.

2/18/2021
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What is Visual Tracking

Visual Tracking

Keep track of something across time ¢

Deformable structures

Hand pose Curvilinear structure

ICCV 2015 CVPR 2014, MICCAI 2016
with P. Li, X. Li, C. Liao with E. Cheng, P. Chu, Y. Pang, Y. Zhu

What is Visual Tracking

Visual Tracking

Keep track of something across time J

Deformable surface

With Wang, Lang, Feng, & Hou, ICCV 2019

2/18/2021
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What is Visual Tracking

Visual Tracking

Keep track of something across time

Multiple targets

L - SR Co B

Highway vehicles Neutrophil cell motion

CVPR 2013, CVPR 2014, EMBC 2018, IICV 2019
with P. Chu, W. Hu, MLF. Kiani, Y. Pang, X. Shi, F. Soroush, J. Xing, et al.

What is Visual Tracking

Visual Tracking

g

t

Keep track of something across time
Camera pose & environment geometry (SLAM)

Oblique corridor - The scene contains multiple Manhattan worlds

T-RO 2019
with D. Zou, Y. Wu, L. Pei, W. Yu

2/18/2021
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Application of Visual Tracking

Biomedical image analysis

2ex24x32 12X12x32  BXBxBE  4xd6h 256

F7 ar'ZIff_ .

e Docaees oGkl Wk
©28x28
st s Fllyconnected . .
” o i Neutrophils cell tracking
Curvilinear structure analysis MICCAT09,CVPR14b,MICCAI16 EMBCI18

Traffic Surveillance Highway vehicle pmmmmg=

3 monitoring [

CVPRI3b, CVPR14a, =28
1JCV19, 1JCV20

ll Nighttime traffic
surveillance
T-ITS15,T-ITS18a

Augmented Reality
AR Game g

ICRAI17, PAMI18a, ICRA18a, |
ICRAI8b, ICCV19b

3D Cylinder

e T

a4 i 1”‘1,.

1 (1" {
—\!F‘l-“‘l- ol L S by
SIS W

LaSOT: Large Scale Slngle Object Tracklng
Benchmark

Fan, Bai, Lin, Yang, Chu, Deng, Yu, Harshit, M. Huang,
Xu, Liao, Yuan, & Ling

CVPR 2019 | IICV 2021

2/18/2021
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B b -}

Large: 1,550 seq, = Diversity: ~85 = Quality: per frame

3.52M+ frames categories manually annotation
= Long-term:>2,000 = Balance: ~20 = Language: text ’ = '-IT'
frames per seq seg/category description per seq U

Multiple Object Tracking

Object
detection

Detection-Based Tracking

E_’—7/Trajectory /

W. Luo, et al., Multiple Object
Tracking: A Literature Review

FAMNet: Learning Feature, Affinity and Multi-dimensional Assignment for Online Multiple Object Tracking, Chu & Ling, ICCV 2019

2/18/2021
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Problem Formulation

A toy example: K= 3, N=3 Input:

¢ K+1 frames
— “+1” for convenience
‘ ¢ Each with N detections

— Usually with false alarms
— N can be frame-dependent

Output:
* Trajectories over time

FAMNet: Learning Feature, Affinity and Multi-dimensional Assignment for Online Multiple Object Tracking, Chu & Ling, ICCV 2019

Multi-Dimensional Assignment

(K+1)-dimensional assignment,
(K+1)-partite problem

N N . - . “
b \
min E E C W
be . A LTI B
4

7 ~ T . . .
p 4 ix ~o_.7 Sa_-7 ~ Trajectory indicator

~

N
N
N
(K+1)-order trajectory cost

T Ny =L k=010 K, i =1L N
?ia'siln;-’_il(_}i_ik_ o _--<Z
==~ Trajectory disjoint constraints
sty .
V3 - - e T . .
U Xy € {0,1},,,\\10,...,1K =1..,.N

~~ Binary constraints

FAMNet: Learning Feature, Affinity and Multi-dimensional Assignment for Online Multiple Object Tracking, Chu & Ling, ICCV 2019

2/18/2021
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From MDA to Tensor Analysis

MDA €=>Rank-1 Tensor Approximation
3 Vs affinity tensor

Ny
Tensor V}'
construction

Local assignment Rank-1 tensor
vector approximation

X 3 A

Shi, Ling, et al., CVPR 2013, CVPR 2014, CVPR 2016, IICV 2019

End-to-End Multi-Object Tracking

Images Sequences Candidates SOT Predictions
- Forward/Tracking
X i
X MDA Sub-Net i Target
iy Management
Affinity Power L1
Sub-Net Iteration Normalization X“()(
Detections Layer aL Layer ’ Ground
% TR0 LNy Truth
Feature . Ly * By ox Assignment
Sub-Net —| Hypothesis
e Trajectory <— Backward/Training
Generation
Feature Sub- (o) Affinity Sub-Net
ets 2 o) S,

Detection
Attentien Mask

o(Fb08Y) Caa

Jo-0%

s SOT Predictions
ﬁ[ﬁ " EI’
220,
Smm!sn sesis (49 ‘;

d/ zeroPadaing

FAMNet: Learning Feature, Afﬁmty and Multi-dimensional Assignment for Online Multiple Object Tracking, Chu & Ling, ICCV 2019

2/18/2021
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Qualitative Results

MOT2015

Test Set
11 Videos
(First 100 Frames Each)

FAMNet: Learning Feature, Affinity and Multi-dimensional Assignment for Online Multiple Object Tracking, Chu & Ling, ICCV 2019

Vision
Overview

Recognition

Detection
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Graph Matching

* Graph matching:
— matching vertices and edges.

* Graph neural network for
graph matching.

O NN NN N N N N S N S N Ry,

{ - = oy m = »’ N\ o= = \
Assignment Graph ‘I Edge Node Edge Node \
f\+ Generation II baeoder I Conv.| | Conv. Conv.| | Conv. Decoder | |
0.0 ®.0 IF ™
I @ 1—> ! . ! T @ —I—{ Loss
L. e e e @ e |
Input Graphs _—— = - \Conv. Module #1 Conv. Module#irll ==

-

Graph Network (GN) Blocks

Learning Combinatorial Solver for Graph Matching. Wang, Liu, Li, Jin, Hou, & Ling, CVPR 2020

Projector Compensation (ProCams)

Uncompensated projection result, i.e.,
Projectod input image (a) projected onto (b).

Nonplanar Projection
surface with a texture
pattern

Compensated projection result, i.e.,
Compensated image (e) projected onto (b).

End-to-end Full Projector Compensation

Huang, Sun, & Ling, CVPR 2019, ICCV 2019, PAMI in press.

2/18/2021
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Projection surface Uncompensated Desired (GT)

il

TPS textured w/ SL CompenNet w/ SL CompenNet++

(b) Model tralmng

E*m. WarpingNet é} CompenNef g:'+ wt
== H 2 Innim

o= ge R
t.c-
[ -]

- uwﬂﬂﬂ—ﬁ

Huang, Sun, & Ling, CVPR 2019, ICCV 2019, PAMI in press.

3D Body Reconstruction

* Recovering patient body shape (mesh) from

RGB

multi-modal inputs.

Uncover RGB Cover 1

Depth RGBonly Depthonly RGBD

) B Thermal RGB only Thermal only RGBT
r r ‘. = £ £
(a) Qualitative results on the SCAN dataset (b) Qualitative results on the SLP dataset

Robust Multi-modal 3D Patient Body Modeling. Yang, Li, Georgakis, Karanam, Chen, Ling, & Wu, MICCAI 2020.

2/18/2021
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Detection

Conclusion

We have summarized our work on various computer
vision tasks and applications.

End-to-end modeling has dominantly outperforms
traditional strategies in computer vision tasks.

Performances in many vision tasks have surged so as to
largely boost their deployment in real-world
applications.

Challenges such as data imbalance and data
insufficiency encourage integrating domain knowledge
into network design, data augmentation, etc.
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