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Visual information
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Classification

= What is depicted in the image?

Categorisation

Localisation

Deep Learning - Computer vision beyond classification



Detection

= Where in the image?

Detection Instance segmentation
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Segmentation

= What does every pixel represent?

Semantic segmentation Panoptic segmentation




Recognition

= Recognition of
= oObjects
= properties
= faces
= rooms
= affordances
= actions
= relations
= jntentions,...

= (Categorisation

= Multimodal
recognition
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Other computer vision tasks

Visual retrieval

Visual tracking

Motion analysis

3D computer vision
= 3D reconstruction
= Measurement

= Pose estimation

Deep Learning - Computer vision beyond classification



Main computer vision tasks
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Classification

= Image classification: What is in the image?

@ T. Pogacar
® W. van Aert
@ P. roglic

@® L. Doncic¢
@ J. Oblak

@ E. Klinec

= Typically Cross entropy loss is used
= Any CNN backbone architecture can be used
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Localisation
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Localisation

= Object localisation — Where (besides what) in the image (is the only object)?

@ T. Pogacar

@ W. van Aert

@ P. Roglic Classification loss

@ L. Donci¢ (Cross entropy)

@ J. Oblak Multitask
0 + = loss

0

@ Regression loss

o (L2)

0

= Regress the bounding box
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Semantic segmentation
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Semantic segmentation

= (Classify every pixel

= Training using (image, segmentation mask) pairs




Naive approach

= (Classification of every pixel

. %
&
= Classification of every patch . -
= Sliding window approach ) \ij

= Very inefficient!
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Fully convolutional approach

= Encoder approach
= Downsampling
= Small output resolution ®

= Convolutions withouth
downsampling

» Inefficient ®

= Encoder-decoder approach
= Downsampling + upsampling
= High resolution ©
= Efficient ©
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Upsampling

= Increasing the resolution

= Nonlearnable
= Nearest neigbour
= Bilinear interpolation

switch i
variables m o \S/\grlrggles
= Unpooling - pocled }j
= Transpose convolution - '—F map
Pooling Unpooling

Long et al., 2014
Noh et al., 2015 Convolution Deconvolution
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https://arxiv.org/abs/1411.4038
https://arxiv.org/abs/1505.04366

FCN

= Fully Convolutional Networks for
Semantic Segmentation

= Leaernable upsampling

= Skip connections for more accurate
results

forward/inference

backward /learning

00 0
| aeh agh P 807 p0

FCN-32s FCN-16s FCN-8s Ground truth

Learnable

-
AN p ooy
“ﬁv -il I -I i
upsampling!
| 21
% 32x upsampled 2x upsampled 16x upsampled 2x upsampled 8x upsampled
!‘ prediction (FCN-32s) prediction  prediction (FCN-16s) prediction prediction (FCN-8s)

pooll pool2 pool3

pool4
prediction

pool3 .
prediction 4

Long et al., 2014
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https://arxiv.org/abs/1411.4038

Deconvolution network
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Deconvolution network
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Noh et al., 2015
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https://arxiv.org/abs/1505.04366

Segmentation results Noh et al., 2015

Input image Ground-truth DeconvNet EDeconvNet EDeconvNet+CRF
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https://arxiv.org/abs/1505.04366

SegNet

= Encoder (VGG16) - decoder architecture
= Upsampling with max-unpooling by storing pooling indices
= Convolutions with trainable filtes to densify activation maps

= SoftMax at the end

Convolutional Encoder-Decoder

RGB Image

Deep Learning - Computer vision beyond classification

Pooling Indices

- Conv + Batch Normalisation + RelU

-P{:nling -Upsampling Softmax

A Deep Convolutional Encoder-Decoder Architecture for Image Segmentation

Output

Segmentation

Badrinarayanan et al., 2015



https://arxiv.org/abs/1511.00561

SegNet results

Test samples

Slovenia Get Random Image

Google

Deeplab-LargeFOV

Sky Building Pole Road Pavement Tree Sign Fence Vehicle Pedestrian Bike

Marking Symbol

Deeplab-LargeFOV-
denseCRF

FCN (learn deconv)

Sky Building Pole Road Road Pavement Tree Sign Fence Vehicle Pedestrian Bike

Marking Symbol

http://mi.eng.cam.ac.uk/projects/segnet/demo.php
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U-net

= Encoder-decoder T

network 128 64 64 2
= Contractive and input

: : output

expansive path |mat%:_:z »> ) > -; segmentation
= Shortcut connections 3 o map
= Does not require a e g 3 E

lot of training data 5] 5] 3 l

"128 128

256 128

[
o
&

512 256 '

Name PhC-U373 DIC-HeLa

IMCB-SG (2014)  0.2669 0.2935 } |:I.,I.I

KTH-SE (2014)  0.7953  0.4607 3| Wl =>conv 3x3, RelU
HOUS-US (2014) 0.5323 - S copy and crop
second-best 2015  0.83 0.46

u-net (2015) 0.9203  0.7756 ¥ max pool 2x2

4 up-conv 2x2
mp cOnv 1x1

Ronneberger et al., 2015
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https://arxiv.org/abs/1505.04597

PSP-Net

= Pyramid Scene Parsing Network Zhao et al., 2017

= Developed for semantic scene
segmentation

= ResNet50 backend feature
extractor

= Pyramid Pooling Module
= Auxilliary loss

—= (CONY
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https://arxiv.org/abs/1612.01105

PSP-Net

{e;j Im_ag_ﬁ .{b_] Ground Truth

Zhao et al., 2017

(c) Baseline
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(d) PSPNet

road

sidewalk
building

wall

vegetation

sky

person
rider

car

truck

bus

train
motorcycle

bicycle
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DeeplLab

= Based on pretrained VGG-16 (v1) and ResNet101 (v2)
= Atrous convolution

= Fully-connected Conditional Random Fields

= Atrous Spatial Pyramid Pooling -

= Multiscale structure input stride SEE“ e e )
= Cross-entropy loss O O O E %

rate = 24
~—
R

Atrous Spatial Pyramid Pooling

8

Input Feature Map

@ ©

Output stride

Aeroplane
Coarse Score map

Deep
- 2 > convolutional > [~
w Neural h“‘
Network

Z h =]0) et da I .y 20 1 5 Final Output Fully Connected CRF Bi-linear Interpolation

P i "
Zhao et al., 2016 55 : \ 4 (a) DeepLab-LargeFOV (b) DeepLab-ASPP

Deep Learning - Computer vision beyond classification


https://arxiv.org/abs/1606.00915
https://arxiv.org/abs/1412.7062

DeeplLab

= DeeplLabV2 results

Zhao et al., 2016

Image/G.T. DCNN output  CRF Iteration |  CRF Iteration 2 CRF Iteration 10

{a) Image (b) Before CRF (c) After CRF (a) Image (b) Before CRF (c) After CRF (a) lmage (b) G (c) Before CRF (d) After CRF
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https://arxiv.org/abs/1606.00915

DeeplLab v3

= Going deeper with

rate=2

Block4

-

rate=4 rate=8 rate=16

-

rate=2

E] Blocks E] BlOCKﬁEBlOCk?

16

atrous COnVOIUt|OnS Pogll Blockl Block2 Block3
» Better ASPP 1 | B
= Multi-grid, Multi-scale image . =4 8 16 16
and Output Strides
= ResNet backbone
= Without CRF
. . Blockl Block2 Block3
= Analysing different — - -
architectures
Image %fﬁﬂit 4 8 16
TE o ﬁup Small R?esolution 4@7 D
L7 Merge vy LT — 7 E @7 DSpatialgframidﬁoling —
f ! f }2xup | | —
q 7 q %Dl' DT’ i q
2% up -
L ST L L L L
Image Scale 1 Image Scale 2 Image Image Image Image
(a) Image Pyramid (b) Encoder-Decoder (c) Deeper w. Atrous Convolution (d) Spatial Pyramid Pooling

Deep Learning - Computer vision beyond classification

16 16 16 16
(a) Atrous Spatial
Pyramid Pooling
o 1x1 Conv
E 3x3 Conv Conca‘t
rate=6 +
Block4 3x3 Conv | 1x1 Conv
—- rate=12 —
3x3 Conv
rate=18 16

(b) Image Pooling

O

Zhao et al., 2017



https://arxiv.org/abs/1706.05587

DeeplLab v3

() Image (b) G.T. (c) w/o bootstrapping (d) w/ bootstrapping

Zhao et al., 2017
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https://arxiv.org/abs/1706.05587

DeeplLab V3+

» Encoder-decoder architecture

= Atrous depth-wise convolution
= Modified Aligned Xception

Entry flow Images
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Prediction
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(a) Depthwise conv.

(b) Pointwise conv.

Zhao et al., 2018

(c) Atrous depthwise conv.



https://arxiv.org/abs/1802.02611

Semantic segmetation arhitectures overview

Other(5) Custom(11)
PSPNet(6)

Other(10) (remote sensing domain)
Hoeser et. al 2020

Custom(39)

Image
Segmentation

Architectures
n=261

Usage Over Time

0.003
=
g
3
< 0002 U-Net(87) == Deeplab
w
g — J-Net
o ~ FCN
= = Seghet
§ 000l DeeplLabv3
= — ENet
(=8
=
o

0
2015 2016 2017 2018 2019 2020 2021

[paperswithcode.com, 2021]

& This feature is experimental; we are continuously improving our matching algorithm.


https://www.researchgate.net/publication/344298612_Object_Detection_and_Image_Segmentation_with_Deep_Learning_on_Earth_Observation_Data_A_Review-Part_II_Applications

Beyond segmentation

Image to image translation
Optical flow estimation
Depth estimation

Monocular depth estimation
Normal estimation

Edge detection
Superresolution

Colouring

Image enhancement, deblurring
Surface anomaly detection
Inpainting

Counting/density estimation
Video segmentation

Image restoration

Image synthesis,...

Deep Learning - Computer vision beyond classification

X

Liu et al., Zhang et al., Jonschwski et. al,
Pan et al., ECCV2020
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Segmentation for various computer vision tasks sualgnitive

Detection of surface visual defects
= industrial products
= damage on car body

= Polyp counting

= (QObstacle detection

= Image enhancement

= Semantic edge detection

Deep Learning - Computer vision beyond classification



Segmentation-based surface-defect detection V%ﬁ:a%?mge

ystemsla

Number false (FP+FN) classifications

Surface images with a possible defect
- SAR TEZEE  GeET R )
3 EA ) STAEEN ' - g7 a
e s - ..‘ - o
% = | BN 5 "’ "l.‘J % 6 -
- = & e . R =~ i
: Fond BT e é
N e Eaaon . Z5
’ | e o Tes et w i
e 1 . sy Y i - -+
a vt J“. . %- 4':.“ & 41
2 g, &
..‘ A '.3 L~¥ 7»4-_“: 3:{\ e ‘g 34
RN R i_,g-}f';;‘: T | £ 5
= e o b A Z <
3 T8 N i N o i
R e o RN '
RS s CoaRUPRR, | NN 1
SRl AN S 8 P isf et S s . L
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Tabernik et. al, 2020
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https://link.springer.com/content/pdf/10.1007/s10845-019-01476-x.pdf

i Vic®s
End-to-end network architecture sualgnitive

ystemslab
= Training the model
= Inference
= Segmentation and classification
= End-to-end learning
Segmentation Classification sub-network
sub-network
Architecture and approach Learning stages Number of positive training samples
33 25 20 15 10 5
Extended Segmentation+Decision Network (ours) end-to-end 100.00 99.78 100.00 9988 9931 96.71 Vv
Segmentation+Decision Network [9] separate (two stages) 99.0 97.5 99.5 97.4 08.8 05.8 B 0ZIC et’ a/ L 2 02 1
Cognex ViDi (commercial software) [9] - 99.0 97.4 95.7 97.1 95.6 89.2
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https://arxiv.org/abs/2104.06064?utm_source=feedburner&utm_medium=feed&utm_campaign=Feed%3A+arxiv%2FQSXk+%28ExcitingAds%21+cs+updates+on+arXiv.org%29

i ViC®s
Surface-defect detection Salgnitive
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Surface-defect detection sualgnitive
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sualgnitive

Surface-defect detection Sualgniby
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Surface-defect detection

Mask, WxH Image, WxH

Kemel 7x7

Kemel3x3 _‘

S [
\{cmcl 5x5

Auxiliary output, WxH

Input

Scoring loss

Segmentation loss

Label

Segmentation stage

| Kermnel 3x3, 5x5, 7x7, channels 32
\ Kernel 3x3, 5x5, 7x7, channels 32

e - Max-pooling 2x2
| L S Kernel 3x3, 5x5, 7x7, channels 64
— Kernel 3x3, 5x5, 7x7, channels 64

Kemel 1x1, channels 1 Iﬁ Max-pooling 2x2

TriNet

Kernel 3x3, 5x5, 7x7, channels 32

Auxiliary output, WxH

Kemnel 3x3, channels 256
Kernel 3x3, channels 128 Detection acuracy vs. Inference time
Kernel 3x3, channels 128 1.0
Max-pooling 2x2

Input

» < — - i
Kernel 1x1, channels 1 Kernel 3x3, channels 64 1
] Kernel 3x3, channels 32 E
Lol Kernel 3x3, channels 32 i
Upsampling 0.8 H
Segmentation output, WxH - - -
¥ g 3
g
&
o 0.6+
2
Kernel 1x1, channels 1 § -
Kemel 5x5, channels 64 ,g '{3
Kcr.mzl 7.!_(?. channels 32 E 0.4
Upsampling =
@ BN DeepLabVa+ (RasNet)
;:E DeepLabV3+ (Xeeplion)
Scoring stage DeepLabVi+ (MobileNet)

TriNet (no auxiliary}

0.2 B SepNet
T
I | Global max-pooling vector, 5x1 BN ScgdDec Net

. TriMet
Fully connected layer

U'U-ﬂ 20 40 60 %0 100 120 Ra(\fkl et. al, 2021

Inference time (ms)

3
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https://link.springer.com/content/pdf/10.1007/s00521-021-06397-6.pdf

i i ViC®Ss
Segmentation for polyp counting Sualgnitive

= Segmentation based counting
= Challenges:

= Appearance variability

= Blurring

= Heavy occlusions
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Polyp counting

-2012-03: Finali recall: 97.76%, precision: 94.26%; counted: 1063, anno

+ TP (annotated)

FN
* TP (det)
= P
+ ignore

. g ‘5:‘1'_ E +- R X
Vodopivec, Mandeljc, Makovec, Malej, Kristan, Polyp'counting made easy:

towards automated scyphistoma census in underwater imagery

TP (annotated)
FN

TP (det)

FP

ignore
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Polyp counting

é 3x3 conv, n 3x3 conv, n g

' i 3 [ 9 comn neanis | 2

= U-Net-based architecture for segmentatlon o, ] &
Zavrtanik et. al, 2020 = —— i
s Cpeamie 2 | & O
c ° l T Noa
= 2

Distance

Image

h

Quput

Sigmoid

3x3 conv, 1

r S

Localization - i
x k-1 3x3 conv, 2°1n Q
~ |3x%3 conv, 2% n i 5
8 3x3 conv, 2¥n| <
transform 2 [3x3 cony, 2K1n o Concaterats | 2
z max pool, 2 Upsample, 2 =
8 =

N

Bottleneck

Dropout

3x3 conv, 2%n
3x3 conv, 2*n

= Thresholding + postprocessing segmentation outut:
Input image CNN seg p>0
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https://prints.vicos.si/publications/378/a-segmentation-based-approach-for-polyp-counting-in-the-wild

ViC@s

sualgnitive
yster%slab

Polyp counting

= Data set (37+ 7 images (488x2844), ~50k polyps
= 7 annotators, ambiguous annotations

Image Expert diver Expert annotator Volunteer Ground truth Relative error (max.)
#1 358 378 397 455 17%
#2 617 571 561 655 14 %
#3 455 453 462 543 17 %
#4 637 678 715 770 17 %
#5 622 676 744 723 14 %
#6 336 296 270 350 23 %
HT 384 304 323 398 24 %
Volunteer 1
Image
Day1 Day2 Day3 Day4
#5 490 472 576 597
Method Ratio Rel. err. AP AR F-1
SegCo*6%) 0.99+0.02 0.01+£0.02 095+002 094001 0.94+0.01
SegCo*10) 096 £0.03 0.04+003 096+£0.02 092+003 094 +0.01
PoCo Vodopivec et al. (2018) 0.82+0.16 0.23+£0.08 0.79+0.08 0.63+0.06 0.70+0.03
RetinaNet 092+£0.05 0.08+005 096+0.02 089+004 0.92+0.01
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Semantic segmentation for obstacle detection sualgnitive

} Bovcon & Kristan, 2020 ‘

!
.
.g

USV equipped with
different sensors:
« stereo camera

- IMU
« GPS
« compass

Segmentation based on
RGB + IMU

Segmentation mask

Frequency weighted |1OU; 92.15%

Mean pixel accuracy: 95.27%

Mean IOU: 81.95%
Code and info
W, Edge: 9.1px [0.7%] E] ;
Total TP: 704 =
Total FP; 0 :
Total FN: 23
Total F1: 98.4%



https://arxiv.org/abs/2001.01921

. ViC®s
WaSR architecture sualgnitive

ystemsla
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Extracted water-region

Encoder Decoder Segmentation mask and obstacles
Architecture fledg TP FP FN F-measure
PSPNet [12] 13.8 (16.0) 5886 4359 431 71.1
SegNet [35] 13.5 (18.5) 5834 2139 483 81.7
DL2nocrr [11] 128 (21.4) 3946 227 2371 75.2
DL3+ [14] 14.1 (20.9) 5311 2935 1006 72.9 ﬂ
BiSeNet [13] 124 (19.2) 5699 1894 618 81.9
WaSR 9.6 (18.5) 6166 679 151 93.7 =
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WaSR results Sealgnitive




Vic@s
Image enhancement R

= Deblurring, super-resolution

Deep Learning - Computer vision beyond classification



ViC@s

Spatially-Adaptive Filter Units S ek
Classic convolution filter DAU convolution filter Image Tabernik et. al. 2020 image
Unit: [wg, 2, ok i _

- il

Filter kernel:

A 3x3 grid p Yy

X v

' Convolution

! //
/ s

_ pixture model

,/

Aggregate
(average)

Sub-feature 2

Residual Block, 64
3x Residual Block, 64
Residual Block, 64
po?l, 12
Residual Block, 128
Residual Block, 128

4x Residual Block, 128
Residual Block, 128
pool, /2
Residual Block, 256
30 Residual ?lock. 256

pool, 12
Residual Block, 512
3x | Residual Block, 512
Residual Block, 512
avg |pool

Classic deep network

Residual block

1x1 conv, 128

DAU Residual block

1x1 conv, 128

DAU 2U, 128

relu

1x1 conv, 512

Concat

ResNet features

ResNet features

DAU Residual Block, 64

3x | DAU Residual Block, 64

DAU Residual Block, 64
pogl, 12

DAU Residual Block, 128

DAU Residual Block, 128

DAU Residual Block, 128

DAU Residual Block, 128
pool, /2

DAU Residual Block, 256

DAU Residual Block, 256

4x

32x

DAU Residual Block, 256
pogl, f2

DAU Residual Block, 512

3x |DAU Residual Block, 512

DAU Residual Block, 512
avg jpool

Deep network with DAUs

Classic residual blocks replaced by DAU residual blocks

(a) Atrous Spatial Pyramid Pooling pathways (b) DAUSs pathway

Limited grid-based receptive field
from classic ConvNets (W)

Sub-feature N
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Segmentation for semantic edge detection sualgnitive

100 200 300 400 500 600 700 800 900 300 350 400 450 500 550 600 650 700 750

Project
FootSegment
(2018)

.‘."

100 200 300 400 500 600 700 800 900
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Segmentation for semantic edge detection sualgnitive
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Segmentation for various computer vision tasks Sualgnitive

= Segmentation is very useful
= For various applications

= In combination with classification and
other problem-dependent loss functions
= Elegant/general way of problem solving
= Data-driven learning-based problem
solving
= Key ingredient: training data!

Deep Learning - Computer vision beyond classification
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Detection

= Object detection — detect (localise and categorise) all the objects in the image
= Unknown (arbitrary) number of objects

= Naive approach: Sliding window + classification
= Too many locations, scales, aspect ratios!
= Very expensive!
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Region proposals

= Solution in early approaches:

1. Find region proposals (regions of interest, potencial object candidates) — very fast
2. Use CNN to classify these regions only (resize them to a predetermined size)

1. Many region proposals algorithms: objectness, selective search, BING,
Edge boxes, etc.

T
= )

Alexe et al., 2012 E.g. Overfeat

Uijlings et al., 2013 Sermanet et al., 2013

Cheng et al., 2014

Zitnick & Dollar, 2014
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https://www.researchgate.net/publication/262270555_Selective_Search_for_Object_Recognition
https://www.pure.ed.ac.uk/ws/files/17686204/Alexe_et_al_2010_Measuring_the_objectnessi.pdf
https://www.robots.ox.ac.uk/~tvg/publications/2019/Cheng_BING_Binarized_Normed_2014_CVPR_paper.pdf
https://pdollar.github.io/files/papers/ZitnickDollarECCV14edgeBoxes.pdf
https://arxiv.org/abs/1312.6229

R-CNN

= Regions with CNN features - Region-based CNN
= Rich feature hierarchies for accurate object detection and semantic segmentation
= CNN as feature extraction only (ImageNet pretrained)

= Use external region proposals (Selective search)

= Use external classifiers (on CNN features)
= SVM classification
= Bounding box regression

= SOTA in 2014

" Extremely slow! Girshick et al., 2014
= Each region passed through CNN

warped region

aeroplane? no.

person? yes.

tvmonitor? no.

Deep Learning - Computer vision beyond classification


https://arxiv.org/abs/1311.2524

Fast R-CNN

» Fast Region-based Convolutional Network » Faster than R-CNN, however still slow
= Still external region proposals = Due to external region proposal method
= Detection on CNN features = SOTAin 2015

= |Images passed through CNN only once

* Rol pooling — project Rols to CNN features
= Snap to grid + maxPooling

Girshick, 2015

— .E. i Outputs: bbox
: e %= = . softmax regressor
2 o= ConvNet| | N\ == ==
- Rol coOFC  EFFC
\ pooling

== S FCs
fRol ||| R Hj—l]—[]-
projection\_
7 Conv X, Rol feature
feature map vector

For each Rol
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| 2k scores | | 4 coordinates |
Fa Ste r R- C N N cls layer ‘ t reg layer

256-d

Region Proposal Network
= Included in the method

= Anchor boxes \ _\
= Sliding window on feature map

sliding window
= Two stage method (four losses)

= Detect region proposals
= Object bounds - RP cls loss (is object?)
= Objectness score - RP BB loss (bb corrections)

» Classify individual proposals
» Cls loss (what it is?)
= BB loss (refine RP BB)

= Alternating / end-to-end learning
= Significantly faster than Fast R-CNN
= SOTA in 2015

intermediate layer

conv feature map

Ren et al., 2015

<mm k anchor boxes

classifier

Rol pooling

y.

proposals —

Region Proposal Network

feature maps

conv layers I

et e e - ZH

A s s e e i
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Instance segmentation
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Mask R-CNN

= Add segmentation head
= Additional segmentation loss

= Produces segmentation mask \7< el class BB mask
for every Rol e e

= Rol align S PO IR Q ﬁ ?\T
= Other extensions possible ] b
3 i 3 3 Rol pooling

_______________________ Leeed /—;l
proposals T
/E - 7/

Region Proposal Network

feature maps

/QD ~

RolAlign

Y

He et al., 2017
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Mask-RCNN results
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Mask R-CNN extensions

= Add task-specific heads
= E.g. human keypoint prediction
= Key-point head
= Predict 17 masks for the individual body parts

Deep Learning - Computer vision beyond classification

He et al., 2017
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FPN - Feature Pyramid Network

— 1x1 conv

14x14
320x320 [256x256]

14x14
160x160 [128x128]

A - Lin et al., 2017
x14 BOxB0 [64x54]
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Panoptic segmentation
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Panoptic Feature Pyramid Networks

» Instance segmentation + semantic segmentation
= Mask-RCNN + FPN + semantic segmentation branch
= A single network

conv—x—conv—2 x—Cconv—2x

lﬂxl L

I-di

e

/Le, 1} : (a) Feature Pyramid Network

COMV— 2x—~Conv—2x

256 = 115

128 x Ls

| ]

conv— 2=

128 x Liy

-
4.&1 /

— DDt e

128 = 14

(b) Instance Segmentation Branch  (¢) Semantic Segmentation Branch
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https://arxiv.org/abs/1901.02446¸

Panoptic FPN results
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SSD: Single Shot MultiBox Detector

= Multi-scale feature maps for
detection . -
= Convolutional predictors for A SHE
detection = A = g = i

= Default boxes and aspect ratios I e el EURPL
. . BE Sk Yloc : A(ex, cy, w, h)
= Real time operation conf : (c1. ¢, cp)

Extra Feature Layers
VGG-16 ; A \

———— == Classifier : Conv: 3x3x(4x(Classes+4)) N
X \\\ :. \\\ Classifier : Conv: 3x3x(6x(Classes+4))
\\ \\ | B
i e B NI R
19 19 \
10 )

|
|
|
|
|
|
Conv4_3 | Convb Conv7
|
|
|
|
|
|

300

38

SSD

5 Conv: 3x3x(4x(Classes+4))
Convg_2 AN

Conv8_2
3 \

19 19 10 ° Con10_2 Convi1_2

(FCB) (FCT)
300

N\
AN
AN
\

\
I
\
\
I
|
|
|
Image |
|
|
|
|

38

Detections:8732 per Class
Non-Maximum Suppression

le

NS

NN 2 1024 1024 512 256 256 Q
Conv: 3x3x1024 Conv: 1x1x1024 Conv: 1x1x256 Conv: 1x1x128 Conv: 1x1x128 Conv: 1x1x128
Conv: 3x3x512-s2 Conv: 3x3x256-s2 Conv: 3x3x256-s1 Conv: 3x3x256-s1

Liu etal., 2016
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SSD results

Deep Learning - Computer vision beyond classification 73



YOLOv3

Cx

= You Only Look Once
= Prediction of bounding boxes on 3 scales C T -
= 3 anchors as prior box shapes
= Prediction of objectness score for each BB : 2 b =o(t )+,
= Multilabel classification of each box Ey:‘;(eﬁf)“y
» Non-maxima suppression E P b =p, e
= Real-time performance : :

=== | Redmond et al., 2016 T NI

75

| , 11 | Redmond et al., 2017

Avg I0OU

Final detections

]

Redmond et al., 2018 | " * ‘i ldwere T

Class probability map
Deep Learning - Computer vision beyond classification



https://arxiv.org/abs/1506.02640
https://arxiv.org/abs/1612.08242
https://arxiv.org/abs/1804.02767

YOLOvV3

’
’
7’
4
4

1

1

1

\ Prediction Feature Map
A}
.
~
~
-~ ~a
3] e
\
I
4
4
4

Attributes of a bounding box

C

A

th]{po ][Pl D2 | iess

Pcﬂ X B

Box Co-ordinates

Objectness
Score

Class Scores

82 Stride: 32

Scale 2
94 Stride: 16

106

(s ) Concatenation

(+'{ Addition

Residual Block

Detection Layer

Upsampling Layer

Redmond et al., 2018

e Further Layers

Images from https://towardsdatascience.com/yolo-v3-object-detection-53fb7d3bfe6b

Scale 3
Stride: 8


https://arxiv.org/abs/1804.02767

YOLOvV3 results
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RetinaNet

= Focal Loss for Dense Object Detection 5 Bl = log(n) —
= Weight loss to deal with class imbalance s FL(m) = —(1— p)7 log(n) —t
= Dynamically-scaled cross-entropy loss al b ify=1 —1s
= RetinaNet - single-stage unified network i ne {1p otherwise.

well-classified
examples

= Backbone: ResNet+FPN

= Translation invariant anchor boxes (A=9)
= Classification subnet: small FCN % 0o 04 06 08 !
= Box regression subnet: class-agnostic rel. offset probability of ground trith class

class+box ! ’
* subnets ‘
yd class+box
// / >$ subnets
L
- .

dboc | ] / / /KA

—————————————————————————————————

w 71 /1

subnet

subnets |
A
A
Y
1

Lin etal.,, 2017

- " o
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FCOS: Fully Convolutional One-Stage Object Detection

= Fully convolutional
= Approaching segmentation methods
= No proposals, no anchor-boxes
= Regressing distances to bounding box
= Multilevel prediction with FPN
= Center-ness to down-weight distant pixels
= Non-maximal suppression

7x8 /128 fp’jj Head
13x16 /64 f ot L—» A Classification ",
A HxWxC |
25x32 /32 E{ Head —_— i _____ ’i _[ Ceﬂieﬁx;?ss .
i x4

= = | HXWx256  HxWx256
50x64 /16 ; —| Head : Regression
/ Zj L - cression. |
A dl » — |
3 P3 ‘ x4 :
100x128 /8 -
k128 / Head L1 HXWx256  HxWx256

Shared Heads Between Feature Levels

HxW /s Backbone Feature Pyramid Classification + Center-ness + Regression

Tian et al., 2019
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FCOS results

S AAN

Tian et al., 2019

Deep Learning - Computer vision beyond classification

38
o 36
=4
34
2_
3 —8— FCOSRT
—8— FCOS
301 - CenterNet
—a— YOLOv3
28 - —4#— RetinaNet
T T T T T T
20 30 40 50 60 T0

FPS

Tian et al., 2020
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i .. Vic@s
Detection of traffic signs e

ALAAAAAAAAAAAAA
IV VNV VVVV V.V VY

Num. of instances per category

» DFG database "
= 200 categories .
= 6.957 images

= 13.239 signs 1« 50 100 150

Category

' mrof
. - . - R

eeeeeeeeeeeeeeeeeee ;“ﬂQi(( (

[vts] mmm P € KLK

Tabernik & Skocaj, 2020

Smlednik |
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Detection of traffic signs Ve

ystemslab

= Data augmentation

Rotation - x axis Rotation -y axis Rotation - z axis
2500 2500 600 - ¥ 5 : .
Original Normalized Synthetically generated distortions
2000 2000 S fPHLe I PA
1500 1500 400
1000 1000 200 1,
500 500 of
0 0 0
-20 0 20 -20 0 20 -20 0 20
Rot (deg) Rot (deg) Rot (deg)
Brightness Scale
250 600 _
200 ¢ 1
150 | ] 400 |
100 1
200 r
50
0 0
0 0.2 04 0.6 0.8 1 0 100 200 300 400
Size (px)

= Mask R-CNN +

= Online hard-example mining

= Distribution of selected training samples

= Sample weighting

= Adjusting region pass-through during detection
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Detection of region proposals Soaonihye

= Top proposals are very good
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Experimental results sualgnitive

ystemslab
= Swedish traffic sign dataset DFG traffic sign dataset
Mask R-CNN
Average  RCNNECN. - Faster _ (ResNet-50) Faster _ Mask R-CNN (ResNet-50)
o 6 6] R-CNN Aot RCNN With  With adapt. and
No adapt. N Oadapl. . dapt.  data augment
(ours) pt. g -
: : : S. . 50:95
F-measure 888 950 946 93.8 97.0 mAP 80.4 82.3 82.0 84.4
mAP?° / / 943 94.9 95.2 Max recall 93.8 94.6 96.5 96.5
Error rates on STSD _
14 . . - loU o‘lverlap 0.50 | 100 - Top-5000 regions
=T | N ——
I Faster R—-CNN -"mi:&g:: Egg;—ours v
BB Mask R-CNN | 2513 1 v
[ Mask R-CNN (our) 3 \ ® By \ 1
1 Y |& Vi
“ 15 LA 1= 4
| g 1 v \h‘s § 0 | "
] =< -..."_,,:'L = == FasterR-CNN 1 'i
05} el Tt w1 MaskR-CNN (50) 1
MaskR-CMNN (50)-ours H
. 0 : ' 85 : : : Ll
10 107 103 0 0.2 04 06 0.8 1
Top-N regions ol overlap

Miss rate (%) False positive rate (%)
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Experimental results Soelan
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Experimental results
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yster%slab

False detection:

Similar category*
{correct det. in dash)

k.

'False doiowon: ( False detection:
Similar category* Similar category*

(correct dat. In dash) (correct det. in dash)

Missed object:
Unusual viewangle

Missed object:

Heavy mlusitg
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Ship detection Voaalal
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Face detection Salgniye
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Object detection arhitectures overview

Custom(10) Cusmmg.u}stomlﬁ}

(remote sensing domain)
Hoeser et. al 2020

Object Detection

Architectures
n=167

YOLO(13)

Usage Over Time

R-CNN(96)
RetinaNet(5)

0.001
=
2
© 0.00075
< — FCOS
g — Faster R-CNN
F 00005 — Mask R-CNN
G - SSD
=] ﬂ
5 /\\ RetinaNet
ioi 0.00025 — YOLOV3
g /
=
N /\/\/y_

; P

Jul'14 Jan'15 Jul'1s Jan'16 Jul'lG Jan'17 Jul'17 Jan'18 Jul"18 Jan'19 Jul"19 Jan '20 Jul'20 Jan'21

& This feature is experimental; we are continuously improving our matching algorithm. [paperSWIthCOde' Com/ 2021]



https://www.researchgate.net/publication/344298612_Object_Detection_and_Image_Segmentation_with_Deep_Learning_on_Earth_Observation_Data_A_Review-Part_II_Applications

Object detection overview

ObjECt Detection Milestones | +Multi-resolution Detection

’_,l' + Hard-negative Mining

55D (W. Liu Retina-Net

: T. Y. Linetal-17
YOLO (1. Redmon , =t 916) ( )

peM f + Bounding Box Regression et al-16,17)
HOG Det. (P. Felzenszwalb et al-08, 10) One-stage
(N. Dalal et al-05)
VJ Det. detector
(P. Viola et al-01) |+ AlexNet >
/ 2014 2015 2016 2017 2018 2019
.‘ L]
2001 2004 2006 2008 2012

2014 2015 2016 2017 2018 2018

Traditional Detection Hmﬂ\ \ Two-stage
. R. Girshick et al-14
Number of Publications in Object Detection / ( ) SPPNet detector

; . (K. He et al-14)
1400 " Deep Learning based Fast RCNN

1200 Detection Methods (R. Girshick-15)
1000

Technical aestheties of GPU Faster RCNN Pyrumid Networks
800 (S. Ren et al-15) (T. Y. Lin et al-17)
600 . + Multi-reference Detection + Feature Fusion
A00 I.f [{Anchors Boxes) 'f
0 | I I Zou et. al 2019
g = H = N [ . I I I
2828282382828 888528E¢838¢8 [Zou et al, "Object Detection in 20 Years: A Survey”, 2019]

Year
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Pe I‘fO rmance Of (o) bj ect d etectors Object detection accuracy improvements

90%

83.80%
a5% _ 83.50%
= Benchmark datasets so% | —O—VOCO7maAP ?’ﬁ-ﬂﬂ%/
= Pascal Visual Object CI 20 cl vocizmap N
ascal Visua ject Classes (20 classes) 75% 00O mAP@ (5. 95] N /7 749% g5 00
= ImageNet Large Scale Visual Recognition 70% COCO MAP@ 5 " 70.40%
Challenge (200 classes) 655 /' 68.40%
29.10%
» MS-COCO (80 classes) 0% s f i
- i r 59.20%
Metrics Zou et. al 2019 o 3% P
= Average precision E 500 33 1% 46.50%
= At IoU 0.5 5% 42.70%
= Averaged over AP at 0.5:.5:.95 20% B
. 33.70% [ 35.90% 41.80%
= mMAP: Mean average precision 359
36.20%
26.80%
Dataset train validation trainy 30%
images objects | images  objects | images 259 =+ mil'%%
VOC-2007 2,501 6301 | 2510 6,307 5,011 209 '
VOC-2012 5,717 13,609 | 5823 13,841 11,540 e1%
ILSVRC-2014 456,567 478,807 | 20,121 55,502 | 476,688 15%
ILSVRC-2017 456,567 478,807 | 20,121 55,502 | 476,688 $ RO R RARORTON
MS-COCO-2015 82,783 604,907 | 40,504 291,875 | 123,287 %cf* PP PLPLEL PP
MS-COCO-2018 | 118287 860,001 | 5000 36781 | 123287 ¢ﬂ§ﬁ+1 SFTPS o Fe
OID-2018 1,743,042 14,610,229 | 41,620 204,621 | 1,784,662 1& & *-‘Sj{_bg»‘;‘ q‘e‘lﬁ‘%ﬂ?‘ﬂﬁ
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