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Description

m Process & analyze visual signal
m Extract information from visual signal
m Perform on raw signal (pixel intensities values)
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Tasks in Computer Vision

Object Recognition
Image Retrieval
Object Detection
OCR

Pose Estimation

Tracking

Scene Reconstruction
Optical Flow

Semantic Segmentation
Image Reconstuction
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JJeCt De[ecnom

Tasks in Computer Vision

m Object Recognition
|

m Object Detection

]

Semantic Segmentation
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Convolution Operator - Definition

Definition
Let A/B € D C R™". Convolution operator, denoted as x
maps the space D x D to a field of real numbers and is defined

as follows:
n n
AxB=>>">"A;B;

i=1 j=1
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Convolution Operator - Example
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Convolution Operator - Example

1 2 3 01 0
4 5 6|1 0 1| =2%x14+4«x1+6*x1+8x1=20
7 8 9 01 0
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Convolution Operator - Example

1 2 3 010
4 5 6|1 0 1| =2%x1+4%x1+6%x1+8%x1=20
7 8 9 010
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Convolution Operator - Example

1 2 3 01 0
4 5 6|1 0 1| =2%x14+4*«x1+6x1+8x1=20
7 8 9 01 0
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Convolution Operator - Example

1 2 3 01 0
4 5 6|1 0 1| =2%x14+4*%x1+6*x1+8%x1=20
7 8 9 01 0
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Convolution Operator - Example

1 2 3 01 0
4 5 6|1 0 1| =2%x14+4*«x1+6*x1+8x1=20
7 8 9 01 0
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Filters - Examples

m Vertical Edge Extractor

m Horizontal Edge Extractor
m Sobel filter

m Sharpen

m Gaussian Blur
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Filters - Edge Extractor
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Filters - Edge Extractor
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Filters - Sobel
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Filters - Gaussian Blur
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Multiple Input Channels

3x3x3 Ax4

6x6x3

Figure: Convolution of multichannel image
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Multiple Filters

Figure: Convolution of multichannel image with two filters
21
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NETWORKS
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Basic Concepts

5x5 * -.’ uon
D\ ZxDZ ¢

Figure: Convolutional layers stacked
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Basic Concepts - Takeaway

m Image Classification

m Parameters (filters) Learning [LBD "89]
m Weight Sharing

m Feature Extraction

24
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Basic Concepts - Feature Abstractions

Low-Level| |Mid-Level| |High-Level Trainable
) R R
Feature Feature Feature Classifier
4 " A\

Figure: Feature Visualization [ZF13]
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Basic Concepts - Pooling Layers

m Sampling important Features
m Reduce Computation Time
m Make Features Robust

26
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Basic Concepts - Pooling Layers (Example)

Pooling Layer - Max Pooling

9 2 4 1
318 2 9 8
455)2—>[69}
56 0 1
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Basic Concepts - Architecture

00000000

Outputs

Input
Pooling 2

Convolutional Pooling 1 Convolutional
layer 1 layer 2

Figure: Convolutional Neural Network - Example
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CNN Architecture - Lenet-5

it C3: f. maps 16@10x10
1: feature maps S4: f. maps 16@5x5
INPUT B@28x28

3232 @26 52:1. maps
B@14x14

Convolufions

‘ FuIImnAecﬁon | Gaussian connections
Subsampling Convolutions ~ Subsampling Full connection

Figure: Lenet-5 Architecture [LBBH98]
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Object Detection

Convolutional Neural Networks

Traditional Computer Vision

CNN Architecture - VGG
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Figure
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Convolutional Neural Networks

Object Detection
000 oc

CNN Architecture - AlexNet

Figure: AlexNet Architecture [KSH12]
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CNN - Problems

m Vanishing Gradient
m Exploding Gradient
m Computational Complexity

32
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weight layer

_F[x} rrEII..l

weight layer

x

identity
Flx)+x

Figure: Residual Block (Skip Connection) [HZRS15]
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Residual Network

34-layer residual
mage

emen ]
avepool
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VGG-19
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Figure: CNN Architecture - ResNet-34 [HZRS15]
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1x1 Convolution

xﬁz

1x1x32 6x6xn
6x6x32 n filters

Figure: 1x1 Convolution [LCY13]
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Inception Module - Idea

Filter
concatenation
1x1 convolutions 3x3 convolutions 5x5 convoluions 3x3 max pooling
Y
Previous layer

Figure: Inception Module Naive Version [SLJT14]
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1x1 convolutions

Qlions

__——-"'—’.-____——'————_______-__’

Figure: Inception Module With Dimension Reduction [SLJ™14]

Convolutional Neural Networks

Inception Module - Redone

Filter
concatenation

ﬂ\

3x3 convolutions

5x5 convolutions

1x1 convolutions

[}

)

1x1 convolutions

Previous layer

[}

3x3 max pooling
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Inception Network

Figure: Inception Network (GoogLeNet) [SLJT14]
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Visualizing the Task

I : \WEEZ&M;!

Figure: Object Detection Task
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Understanding the Bounding Box Error

Figure: Bounding Box Missmatch
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Defining the IoU

Area of Overlap
loU =

Area of Union

Figure: Intersection over Union
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Gaining Intuition on IoU

loU: 0.4034 lol: 0.7330 lol: 0.9264

Figure: Intersection over Union - Example

43



Object Detection
0000e0

Similar Bounding Boxes Problem

Figure: Elimination of Multiple Bounding Boxes
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Non-Maximum Suppression

m Threshold every bounding box

m Sort bounding boxes by detection probability in
decresing order

m For each bounding box b; remove all bounding boxes
b;(j # i) such that IoU(b;, b;) > t for some fixed t

45
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YOLO - Introduction

<
Il
(on

>

i G
| AR P G
4 il Ak “‘ k—. \
Figure: Grid for YOLO LCn |

%You Only Look Once: Unified, Real-Time Object Detection [RDGF15]
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Limitations (already?)

Problem: Multiple objects centered in same cell
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m Choose a number of anchors (predefined bboxes)
m Select a ratio (width and height) for each of them
m Modify the output to include this anchors

|

m Profit

48
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Anchor Boxes - Example

Cn1 | L Cn2 |
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YOLO - Loss Fucntion

L ’A coordZZﬂObj ‘1'0// ) ]
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+ 3177 (pil) — pi(0))?
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Region Based Approach

m Propose Regions of Interest
m Classify each Rol
m Regress Bounding Box Coordinates
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Region Models

m Regions with CNN (R-CNN) [GDDM13]
m Fast R-CNN [Gir15]

m Faster R-CNN [RHGS15]

m Mask R-CNN [HGDG17]

52



Figure: Selective Search Algorithm Visualized
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R-CNN: Regions thh CNN features

aeroplane? no.
P person“' yes.

1.Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions

Figure: R-CNN Pipeline
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Fast R-CNN

m Convolution Based Sliding Window
m ROI Pooling
m Softmax Classification

55
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Fast R-CNN - Sliding Window

=] ] R |
B mE:CC
5x5
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convolution pooling conv conv conv
| Il Il I
input 1st stage classifier output

H W LEL T = R =)
H 2x2 2x2 2x2
H 6x6
INNENENEN N H
PR 1232 2 5x5 1x1 1x1
16x16 convolution pooling conv conv conv
| Il Il I
Input 1st stage classifier output

Figure: Sliding Window - CNN Implementation
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Fast R-CNN - Visualized

Outputs: bbox
softmax regressor

Rol EIFC  E3FC
pooling

Rol feature
vector

For each Rol

Figure: Fast R-CNN Pipeline
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Fast R-CNN - Loss

E(pa u, tu’ V) - Lcls(p7 U) + )\[U > 1}Lloc(tua V)

Las(p,u) = —logpy
Lioc(tY,v) = > smooth, (t! —v;)
ie{xy,w,h}

0.5x2,  ifx<1
smooth;, (x) = .
x — 0.5, otherwise
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Faster R-CNN

m Bottleneck: Region Proposals by Selective Search (2s)
m Solution: Region Proposals by CNN (0.01s)

59
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Region Proposal Network

| 2k scores | | 4k coordinates | <mm  Kkanchor boxes

cls layer \ t reg layer ;

| 256-d \
t intermediate layer

sliding window:

conv feature map

Fiaure: Reaion Pronosal Network for Faster R-CNN
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RPN - Loss

‘C(piv N ZLC/S P/ap, zp/ Lreg t,,t,)
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Faster R-CNN - Architecture

classifier
O
-

Region Proposal Network

feature maps

conv layers /
B ﬂ

Figure: Model Scheme of Faster R-CNN

62



Traditional Computer Vision Convolutional Neural Networks Object Detection
00000000000000000000 00000000000000000 000000000000000000000000e000000000

Mask R-CNN

Faster R-CNN

Instance
seamentation

Figure: Model Scheme of Faster R-CNN
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Other Influential Models

m RetinaNet (Focal Loss) [LGGT17]
m Single Shot Detector [LAET15]
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RE EINE

class
subnet

(a) ResNet (b) feature pyramid net (c) class subnet (top) (d) box subnet (bottom)

Figure: Retina Net - Overview
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Speed vs. Precision

Object Detection
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Figure: GPU Time vs. Precision [HRST16]
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Lecture Pronouncement

CONVERGENCE
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