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Computer Vision Tasks

Semantic Classification Object Instance
Segmentation + Localization Detection Segmentation

-
>

it bl CAT DOG, DOG, CAT
«  TREE, SKY PR y
Y ' B, A
No objects, just pixels Single Object Multiple Object

http://cs231n.stanford.edu/slides/2017/cs231n 2017 lecturell.pdf 2



http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture11.pdf

Kite: 97%
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YOLO v2

umbrella



https://www.youtube.com/watch?v=VOC3huqHrss

Object Detection Ranking on COCO Test-dev

Dataset

View

box mAP

v | by Date

Group DETR vZ: 64.500

DyHead (Swin-L, multi scale, self=training)

DetectoRS (ResNeXt-101-64x4d, multizscale)
NAS-FPN (AmoebaNet-D,.learned-aug)
D-RFCN + SNIP (DPN-98 with flip, multi-scale)

Mask R-CNN (ResNeXt-101-FPN)

Faster R-CNN (box refinement, context, multizscale testing)

Leaderboard
80
60
(=8
E
= 40
o
[aa]
Fast-RENN
20 o
0

[
55D512

2016

2017 2018 2019 2020 2021

Other models - Models with highest box mAP

https://paperswithcode.com/sota/object-detection-on-coco

2022

2023

( roupg‘ElR V2


https://paperswithcode.com/sota/object-detection-on-coco

Recent Developments of Object Detection

Q 2010 Q 2015 Q 2016 Q 2017

2020
: Deformable Part : Faster R-CNN i SSD: Single-Shot i YOLO9000: YOLO v4
i Model : : Multi-box Detector : Better, Faster, YOLO V5
| | | | Stronger
—e . o . ° . o
You Only Look Once: YOLOvV3: An
Unified, real-time Mask R-CNN Incremental
Fast R-CNN

object detection) (Segmentation)

O 2015 O 2016 @ 2017

Improvement

2018



" https://www.analyticsvidhya

om/bIog/2018/10/a-step-5y-step-introduction-to-the-ba

-object-detection-algorithmls-part-1/

s


https://www.analyticsvidhya.com/blog/2018/10/a-step-by-step-introduction-to-the-basic-object-detection-algorithms-part-1/

Region Proposal: Multi-scale Objectness Search

* Scan all possible locations and scales for objects

& '1-_#';;.. X =4 AR Y “'
v e

""...
&
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T = Gl
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Region Proposal + CNN = R-CNN (2013)

] warped region 5 aeroplane? no.

person? yes.

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

tvmonitor? no.

Girshick et al., "Rich feature hierarchies for accurate object detection and semantic segmentation," 2014 9

S


https://arxiv.org/abs/1311.2524

Bbox reg ‘ ‘ SVMs ‘

Bbox reg || SVMs
Bbox reg || SVMs
Conv
Conv Net
Net

10



Problems with R-CNN

e 2000 region proposals per image
* It takes around 47 seconds for testing one image (Nvidia K40)

* The selective search algorithm is a fixed algorithm using
shallow architecture



Fast R-CNN (2015)

* Instead of running a CNN 2,000 times per image, run just once per
image and get all the regions of interest (Rol)

- ConvNet <§§3

Outputs: bbox
softmax regressor

Rol FC ua FC

pooling

Conv

feature map

layer Ei C§_ |
Ilrlfﬁlr_

Rol feature
vector

For each Rol



classifier

Faster R-CNN

* Replace Selective Search . 4
. proposals _
with neural networks -- r A

Region Proposal Network,

Rol pooling

feature maps

conv layers /



Faster R-CNN Architecture

—>

region _ y
Rol
pooling
feature maps »
S

; classes
FC . (softmax)
FC
Layers
3 boundary box
- : regressor
14



R-CNN Test-Time Speed

R-CNN

SPP-Net

Fast R-CNN 2.3

Faster R-CNN| 0.2 On NVIDIA K40

0 15 30 45 seconds

15 {:



Summary of RCNN Trilogy

Algorithm

Features

Prediction time

Limitations

Use selective search to find
object candidate regions
Generate around 2000 regions

(Nvidia K40)

High computation time

RCNN . 40-50 secs as each region is passed
from each image to the CNN separatel
e Extract CNN features for all the P Y
2000 regions
* Only extract CNN features once . :
for each image Selective search is slow
Fast RCNN . 5 : 2 secs and hence computation
e Use selective search to find time is still high
object candidate regions &N
Faster RCNN * Replace the selective search with 0.9 sec iject proposal takes

region proposal network.

time

16




You Only Look Once:
Unified, Real-Time Object Detection

YOLO — You Only
Look Once (2016

Joseph Redmon®, Santosh Divvala*’, Ross GirshickY, Ali Farhadi*!

University of Washington®, Allen Institute for AIT, Facebook Al Research¥
http://pjreddie.com/yolo/

17




YOLO vl

* One neural network predicts bounding boxes and class
probabilities

* Divide an image into S x S grid, each grid predicts B bounding
boxes and C class probabilities
—bounding box vector: (x, y, w, h, confidence)
—Final prediction vector size: Sx S x (B*5 + C)

18



CNN Architecture of YOLO v1

* YOLO v1 network for PASCAL VOC dataset. The authors set S=7, B = 2. 20 labelled classes C = 20.

* Final predictionisa7 * 7 * (2*5 + 20) tensor.

;-m
i -

448

112

)
3 14 3 7 7

12 3
28 3

A

3 192 256 512 1024 1024

Conv. Layer Conv. Layer Conv. Layers Conv. Layers Conv. Layers Conv. Layers

7x7x64-s-2 3x3x192 1x1x128 1x1x256 Ix1x512 3x3x1024
Maxpool Layer Maxpool Layer 3x3x256 3x3x512 3x3x1024 3x3x1024
2x2-s-2 2x2-s-2 I1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024 3x3x1024-s-2
Maxpool Layer  Maxpool Layer
2x2-s-2 2x2-s-2

1024 4096 30

Conn. Layer  Conn. Layer

19



Example: Detecting Objects in the Grids

* 3 classes: pedestrian, car, motorcycle
* 1 bounding box per grid

—
L

Is there an object?

Bounding box

Class labels

L, TR P, TR W IR T (R T IS TSR [P |

https://heartbeat.fritz.ai/gentle-guide-on-how-yolo-object-localization-works-with-keras-part-2-65fe59ac12d 20



https://heartbeat.fritz.ai/gentle-guide-on-how-yolo-object-localization-works-with-keras-part-2-65fe59ac12d

YOLO Detection Flow

Preprocessed image (600, 600, 3)
i S

Deep CNN

Reduction

Factor: 200

Filer boxes by Non-max
class scores suppression

https://heartbeat.fritz.ai/gentle-guide-on-how-yolo-object-localization-works-with-keras-part-2-65fe59ac12d 21 4:


https://heartbeat.fritz.ai/gentle-guide-on-how-yolo-object-localization-works-with-keras-part-2-65fe59ac12d

Intersection over Union (loU)

* Measure the similarity between the predicted box and the ground-
truth bounding box

Intersection

loU =

Union

https://d2l.ai/chapter_computer-vision/anchor.html



https://d2l.ai/chapter_computer-vision/anchor.html

Checking Intersections

X
- — -
* Define bounding boxes using {mﬂﬁiﬂ- «1), max(y1, v1))
two corners: upper left (x1, (x1, y1) =(eLvl)
y1) and lower right (x2, y2)
y
B
B, (%2, y2)
I:min{ﬂ; v2), min{x2, ﬁ_.-':-.'J:l

¥ E{Hzi ‘r’E]'

https://heartbeat.fritz.ai/gentle-guide-on-how-yolo-object-localization-works-with-keras-part-2-65fe59ac12d 23

NS


https://heartbeat.fritz.ai/gentle-guide-on-how-yolo-object-localization-works-with-keras-part-2-65fe59ac12d

Non-maximum Suppression

* Combine multiple bounding boxes
— Discard all boxes with confidence less or equal to 0.6.
— Pick the box with the largest confidence output as a prediction.

— Discard any remaining box with loU greater than or equal to 0.5.

24



DarkNet

* On ImageNet
— VGG (30.69 billion FLOPS)
— GoogleNet (8.52 billion FLOPS)
— DarkNet (5.58 billion FLOPS)

* DarkNet uses mostly 3 x 3 filters
to extract featuresand 1 x 1
filters to reduce output channels

Type Filters | Size/Stride Output
Convolutional 32 3% 3 224 x 224
Maxpool Gacals | 112112
Convolutional 64 3 X J 112 %112
Maxpool 23 2/2 56 x 56
Convolutional 128 3% 3 Hh6 X H6
Convolutional 64 L 1 56 X 56
Convolutional 128 3 X3 56 X 56
Maxpool 2 X2/ 28 x 28
Convolutional 256 3 X3 28 x 28
Convolutional 128 Tkse 1 28 x 28
Convolutional 256 3x3 28 x 28
Maxpool 2% 232 14 x 14
Convolutional a2 3 X3 14 x 14
Convolutional 256 Jise 3 14 x 14
Convolutional 512 3 X J 14 x 14
Convolutional 256 15 1 14 x 14
Convolutional 512 3 X3 14 % 14
Maxpool I x 22 Tx7
Convolutional 1024 3 xJ Tx7T
Convolutional 312 11 Tx7T
Convolutional 1024 3 x 3 7 R
Convolutional 512 I ) TXT
Convolutional 1024 3% 3 Tx T
Convelutional | 1000 13 1 TXT
Avgpool —ﬁ““‘“mﬁlﬂhﬂ‘___ 1000
Softmax T



Real-Time Systems on PASCAL VOC 2007

9 conv. layers

45 <— 24 conv. layers

Real-Time Detectors Train mAP FPS
100Hz DPM [3 1] 2007  16.0 100
30Hz DPM [31] 2007  26.1 30
Fast YOLO 200742012 5277 155
YOLO 200742012 634

Less Than Real-Time

Fastest DPM [35] 2007 304 15
R-CNN Minus R [20] 2007 535 6
Fast R-CNN | 4] 200742012 700 0.5
Faster R-CNN VGG-16[25] 2007+2012  73.2 7
Faster R-CNN ZF | 2¥] 200742012 62.1 18
YOLO VGG-16 200742012 664 21

Running on Nvidia Titan X

26



Limitations of YOLO

* Lower recall rate and higher
localization error compared to
Faster R-CNN.

« Each grid can only find 1
object (with 2 bounding-
boxes proposal).

» Struggle to detect small
objects.

27




YOLO v2 — YOLO 9000: Better, Faster, Stronger

e Batch normalization
* High-resolution pre-trained CNN (224%224 -> 448*448)
 Convolutional with Anchor Boxes

YOLO

YOLOv2

batch norm?

hi-res classifier?
convolutional?
anchor boxes?

new network?
dimension priors”?
location prediction?
passthrough?
multi-scale?

hi-res detector?

SNENENES
SNENENENEN

SNENEN

SNENEN

NENEN

NENENEN

SNENEN

SSENENENEN

<A

(Adding anchor boxes
led to same accuracy
but higher recall rate)

VOC2007 mAP

63.4

65.8 69.5 69.2 69.6

74.4

754

76.8

AR NN

28



Anchor Boxes

* Detect objects with different shapes
e Detect overlapping shapes

https://heartbeat.fritz.ai/gentle-guide-on-how-yolo-object-localization-works-with-keras-part-2-65fe59ac12d 2°



https://heartbeat.fritz.ai/gentle-guide-on-how-yolo-object-localization-works-with-keras-part-2-65fe59ac12d

Detecting Objects using Multi Anchor Boxes

Anchor box 1 Anchor box 2

o

30



Each Grid has Multiple Anchor Box Predictions

Preprocessed image (600, 600, 3)

Deep CNN

Reduction

Factor: 200

Anchor box 1
Anchor box 2

# of Anchor Boxes

Encoding (3, 3, 2, 8)

pc bx by bh bw C1 C2 C3

ARRRRENN

12, 8)

Anchor box 1
Pedestrian

Anchor box 2

Car

31



Using K-means Clustering to Find Anchor Boxes

@.75

1 2 3 4 5 6 7 & 9 1@ 11 12 13 14 15 I
# Clusters

32



Bounding Box Prediction with Priors

: b =0(t)+c,
: b =o(t )+c,
} b,=p,e"
» b=p e*

* Predict t,, ty, Tw th T
* Cell offset c,, Cy

b:r — O_(t:r) T Cyp
by = o(ty) + ¢y

.tq_u
bu-' — Pw€

by, = ppe™

Pr(object) * IOU (b, object) = o(t,)

33



Introduction to Anchor Boxes by Andrew Ng

coursera BR v

TIRRBHE? ﬂ t¥E EEaes 35 PRV

MIEARES 1 ESHARE - 38 - /2 (ERF . BRSHEEIREE -

Anchor Boxes

QR
5
st

7
2
e

1
— N 9N Y0

https://www.coursera.org/lecture/convolutional-neural-networks/anchor-boxes-yNwQOQ 34



https://www.coursera.org/lecture/convolutional-neural-networks/anchor-boxes-yNwO0

Hierarchical
Classification

airplane apple backpack banana bat bear bed bench bicycle bird 70 zebra

ImageNet

- - - - -

Afghan African African African African African Airedale American American American 22 zucchini
hound chameleon crocodile elephant grey hunting dog alligatorblack bearchameleon

WordTree

physical object

natural object phenomenon

LLLF
S

..'QEEE:
fish  vehicle
-"u.n‘
% vascular
plant
tabby Persian
~ ‘4:“_';_.'
biplane jet airbus stealth golden potato felt seqd American 35

fighter fern fern fern lavender twinflower Y&



Performance of YOLOv2 on VOC 2007

* Running on

nn 80 5 y,
Nvidia GTX Faster R-CNN ssps | © o Gi(}L?
Titan X o ° . ©

Faster R-CNN ! SSE;EE
o) " ©

Fast R-CMM

Mean Average Precision

[0 30 5@ 1606
Frames Per Second

36



YOLO v3: An Incremental Improvement

e Using Feature Pyramid with 3 scales; 8 clusters for COCO dataset

38 [ W YOLOWS
i RetinaNet-50
RetinaNet-101
36 @ Method mAP time
[B] SSD321 28.0 61
[C] DSSD321 28.0 85
[D] R-FCN 29.9 85
E [E] SSD513 31.2 125
[F] DSSD513 33.2 156
[G] FPN FRCN 36.2 172
E RetinaNet-50-500 32.5 73
RetinaNet-101-500 34.4 90
RetinaNet-101-800 37.8 198
YOLOv3-320 28.2 22
YOLOv3-416 31.0 29
YOLOv3-608 33.0 51
50 100 150 200 250

inference time (ms)

37



Single-Shot Multi-Box Object Detection (SSD)

* W. Liu et al., “SSD: Single Shot MultiBox Detector,” 2016

s > conv.
s » conv.
conv.
é : classes
—}i +

conv.

4 boundary boxes

Hpfi

- conv.

: image —>» VGGI19 conv. conv. conv. conv. conv. conv. conv.

https://arxiv.org/pdf/1512.02325.pdf

38


https://arxiv.org/pdf/1512.02325.pdf

SSD vs. YOLO

VOC 2007 dataset
Extra Feature Layers Nvidia Titan X
VGG-16 ; . \
— _th_r(lu_g h_C 0nv5__§ I_ai%r Classifier : Conv: 2x3x(4x(Classes+4))
I < = c
A N Classifier : Conv: 3x3x(6x(Classes+4)) § o
I » O 7
| \\ \\ = () $
—t—— - - - =
w L | \ 18 |8
I o~ 3
% | I = I 1 18 o |:> w | 74.3mAP
B ||| | | ® E| 59FPs
| | Conva_3 | | comvs Conv7 o 5 Conv: 3x3x(4x(Classes+4)) | 2 E
| | || 7o Fen Convdl_2 ™, o =
300 = . 2
| | [ Convi_2 k=
\ | | NI i =
38 2
N | N9 19 10 s Con{ri0_2 Convli_2 o c
E ol | : N a >
\\I _______ 52| 1024 1024 512 258 258 hﬂ
Conv: 3x3x1024 Conv: 1x1x1024 Conv: 1x1x256  Conv: 1x1x128 Conv: 1x1x128 Conv: 1x1x128
Conv: 3x3x512-s2 Conv: 3x3x256-s2 Conv: 3x3x256-51 Conv: 3x3x256-s1
c
)] o
: : o 2
YOLO Customized Architecture T“; i
______________ = -
- N I s |5
- AN @ @ 63.4mAP
o o 12150 | €
= mage ! e — 2 - @ S| 45FPS
| | S =
| | 2 =
R I\ | 7 % g
\\ I 7 ﬁ ]
c
N - e S
’ N i
- T Fully Connected  Fully Connected
39



Feature Pyramid Networks (FPN)

* Traditional featured Image pyramid can increase accuracy, but cost too
much memory

predict |

i predict

> predict

Tsung-Yi Lin, “Feature Pyramid Networks for Object Detection,” 2017 40



Using CNN Pyramidal Features

* ConvNets create feature pyramid naturally

A

Resolution value

41



Feature Pyramids Comparison

predict predict

predict

predict
predict

predict
predict

predict

(c) Pyramidal feature hierarchy (d) Feature Pyramid Network



FPN (Top-Down) 2
/7

* FPN is accurate but slow 7 /
/ﬁ
* FPN-based Faster R-CNN system ~ /e
on a single NVIDIA M40 GPU /
— 6.76 FPS for ResNet-50 ‘.J
—5.81 FPS for ResNet-101. ' l
2x up

:
|
|
:
|
|
—»| 1x1 cnnv—)—!f} i
|
|

— e mm mm o m E mm Em Em Em Em Em e Em e e e Em o e Em Em Em e e e

predict

predict

43



RetinaNet

2018

Focal Loss for Dense Object Detection

Tsung-YiLin  Priya Goyal Ross Girshick Kaiming He

Facebook Al Research (FAIR)

Piotr Dollar

(a) ResNet

(b) feature pyramid net

class+box o g
subnets y class
L7 subnet
class+box || W J---p|| WxH +—

subnets

box

|
|
|
|
|
|
|
|
\ : / /
\ I —
class+box | ! / /
subnets \ :
I
|
: subnet / /
|
| = =

(c) class subnet (top) (d) box subnet (bottom)

https://arxiv.org/pdf/1708.02002.pdf

44


https://arxiv.org/pdf/1708.02002.pdf

Focal Loss

* Solve class imbalance problem by reducing loss for well-trained class

5
CE(p:) = — log(p:) ; =
FL(p;) = —(1 — py)¥ log(p:) g,
well-classified

b

0 0.2 0.4 0.6 0.8 1
probability of ground truth class

45



RetinaNet Performance

 Nvidia M40

38 r

COCO AP
@ W W oW
o N K O

N

Qo

I
[}

—@— RetinaNet-50
+ RetinaNet-101

AP time

[A]YOLOV2T [27] [21.6 25
[B] SSD321[22] |280 6l
[C]DSSD321 [9] |28.0 85
[D]R-FCNT [3] 299 85
[E] SSD513[22]  [312 125
[FIDSSDS13[9] (332 156
[G] FPN FRCN [20]]362 172
RetinaNet-50-500 325 73
RetinaNet-101-500 [34.4 90
RetinaNet-101-800 [37.8 198

TNot plotted t Extrapolated time

100 150 200
inference time (ms)

250
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Keras: Object Detection with RetinaNet

&

CO

{x}

<>

e & colab.research.google.com/github/keras-team/keras-io/blob/master/examples/vision/ipynb/retinanet.ipynb#scrollTo=5t763001A9%X & % B & @ © * * 0O g
@ Downloads ¥ Bookmarks Labels on Google T... Deep Learning Journals Python Drone Unreal Reactjs Hashtag Microprocessor » Other bookmarks
O retinanet

fEx fRiE 1OREE BN PUTRER

Big 0O X

Computing pairwise Intersection
Over Union (I0U)

Implementing Anchor generator
Preprocessing data

Encoding labels

Building the ResNet50 backbone

Building Feature Pyramid Network as
a custom layer

Building the classification and box
regression heads.

Building RetinaNet using a
subclassed model

Implementing a custom layer to
decode predictions

Implementing Smooth L1 loss and
Focal Loss as keras custom losses

Setting up training parameters
Initializing and compiling model
Setting up callbacks

Load the COC02017 dataset using
TensorFlow Datasets

Setting up a tf.data pipeline
Training the model

Loading weights

il G ekl

©® HE & @

RAM K Ry =
v iR . x V4 ?‘ﬁiﬁ A

IR =\ =

+ BB+ XF 2 EEB TR
N input_image, ratio = prepare_image (image)
° detections = inference model.predict (input image)
num_detections = detections.valid detections[0]

r Lo G

class names = [

int2str(int(x)) for x in detections.nmsed classes[0][:num detections]
]
visualize detections(

image,

detections. nmsed_boxes[0] [:num_detections] / ratio,

class_names,

detections. nmsed_scores[0][:num_detections],

v AR SSRKESRS: EF7:23 5 %

https://keras.io/examples/vision/retinanet/

47
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https://keras.io/examples/vision/retinanet/

EfficientDet (2020)

e Based on EfficientNet

— Mingxing Tan Ruoming Pang Quoc V. Le, ““EfficientDet: Scalable and
Efficient Object Detection™, Google Research, Brain Team

P;/128 I_TI_I

Ps / 64 I=A=I

Ps/32 1

A

P,/ 16 *

P3/8
P, /4 BiFPN Layer

Pi/2

Input
EfficientNet backbone 48



Feature Network Design

Pr OO vairi::
Pso >é - P‘SC)_>

A
Ps O >(!) > Ps O_’CY)_"CA)—’
b O @ Py @»i:,_.
Ps3 O I-r‘ o P3 O_’ .—’
(a) FPN (b) PANet

repeated blocks

(c) NAS-FPN

repeated blocks

(d) BiFPN



EfficientDet-D7

D4 AmoebaNet + NAS-FPN + AA

- #’.
D3 __,.-""
-
15- =W =———— =" "[{5Net + NAS-FPN
performance & |2 7 .-
. 8 101 D1 ',-":..- ol ﬁe;n;Net
of EfficientDet & e
™ Mask R-CNN
O n I\/I S CO CO 95 AP FLOPs (ratio)
e EfficientDet-D{) 338 2.5B
YOLOv3 [ 1] 33.0 71B (28x)
r YOLOv3 Efﬁcil:-:;tl}t-t-lJl 30.6 6.1B -
;‘ RetinaNet [ 4] 39.2 97B (16x)
309 EfficientDet-D7x" 55.1 4108
J AmoebaNet+ NAS-FPN +AA [—'.“']i 50.7 3045B (13x)
I Not plotted.
0 200 400 600 300 1000 1900

FLOPs (Billions)




YOLO v4

* A. Bochkovskiy, C.-Y. Wang, H.-Y. Mark Liao, “YOLOv4: Optimal Speed and Accuracy of Object Detection”, 2020
» https://github.com/AlexeyAB/darknet

MS COCO Object Detection MS COCO Object Detection

50 70
EfficientDet (D0-D4) real-time EfficientDet (D0-D4) real-time
45 it
YOLOv4 (ours)
46 : 66
YOLOv4 (ours)
4 o4 ﬁ\
42 62
=
= w0 a6

—4—YOLOv4 (ours) - YOLOvV3
8 58

—a—YOLOV3 [63] ——YOLOv4 (ours)
36 | —m—EfficientDet [77] | —e=YOLOV3 [63]

—8—ATSS [94] fMici 77
34 YOLOvV3 54 | —S—EfMicientDet [77]
- —&—ASFF* [48] o | ~#ATSS [94)
’ CenterMask* [40] " | —a—ASFF* [48]
30 S0

11 30 S0 ELL] L] 110 130 10 30 =0 0 L1 110 130

FPS (V100) FPS (V100)


https://github.com/AlexeyAB/darknet

Me and YOLO v4
Authors

* From left to right

— Me, Dr. Mark Liao, Dr.
Wang




Architecture of Modern Object Detectors

Dense Prediction

&

Input Backbhone Sparse Prediction

- . - - - - S S - - S S -

,_
I
|
|
I
I
I
I
I
I
I
I
|
|
I
I
I
I
I
I
I
I
|
|
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I
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I
I
I
|
|
|
I
I
I
I
I
I
I
|
|
|
I
I
I
I
I
I
I
I
|
|
I
I
I
I
I
I
I
|
|
|
I
-

Input: | Image, Patches, Image Pyramid, ... }
Backbone: { VGG16 . ResNet-50 . ResNeXit-101 . Darknet53 g oin g
Neck: { FPN , PANet . Bi-FPN .

Head:
Dense Prediction: | RPN ,YOLO . 55D , RetinaNet . FCOS y uin §

Object Detection Workflow (Bochkovskiy et al., 2020) 53

Sparse Prediction: { Faster R-CNN , R-FCN ", ...}


https://arxiv.org/pdf/2004.10934v1.pdf

New Techniques Adopted in YOLO v4

* Bag of Freebies (Training)
— Self-adversarial Training (SAT)
— Data augmentation (cutmix, mixup, mosaic,...)
— Cross mini-Batch, Normalization (CmBN)

* Bag of Specials
— Weighted Residual Connections (WRC)
— Cross-Stage Partial Connections (CSP)
— Mish-activation

https://pyimagesearch.com/2022/05/16/achieving-optimal-speed-and-accuracy-in-object-detection-yolov4/
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Bag of Freebies

Normalization of
Network
Activations

Data
Augmentation

Batch-Norm
Cross-GPU Batch Norm
Cross-lteration Batch Morm

Regularization

Data Imbalance

~

Objective
Function for
Bounding Box

) Regression

Dropout
Dropblock
Dropconnect

Hard Negative
Mining

loU Loss
GloU Loss
DloU Loss
CloU Loss

Focal Loss

Two-Stage

One-Stage  GloU - shape+orientation
DloU - distance+shape+orientation
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N

Bag of Specials |
J
Attention Feature Expanding Post
Module Integration Receptive Field Processing
FPN - Feature Pyramid MNetwork
PAN - Path Aggregation Network
ASFF - Adaptive Spatial Feature Fusion
SPP - Spatial Pyramid Pooling
RFB - Receptive Field Block
ASPP - Atrous Spatial Pyramid Pooling
. : RelU i
Squeeze- Sk'P'G;;EEUtIGH SPP T Non-Max SS;J:Przasgmn{NMS}
and- Spatial Attention PAN RFB LRelU CloU-NMS
Excitation| | Module (SAM) ASEF ASPP gﬁ;ﬁ DloU-NMS
(SE) 1
Sl MISH ANCHOR BASED
CHANNEL-WISE SPATIAL-WISE Hard-SWISH DETECTORS
ATTENTION ATTENTION ACTIVATION
FUNCTIONS
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Final Architecture of YOLO v4

HEAD
BACKBONE NECK (Dense
INPUT  m—csPDARKNETS3[ | SPP + PANet >|  Pprediction)
YOLOv3
Feature Extraction Aggregating Feature Maps Predicts the box coordinates

from different stages and class label of an object

57




fo vRr
71 pperttte s bortle oo o P v

Y/ 7 2/ [y -

W™

o

O ouy Hire.

-
\. Sho/o

—

Download on the \. Coming Soon on
App Store Y/ Google Play




YOLO v5

* No published paper. Created by Glenn Jocher. Implemented in PyTorch

* https://github.com/ultralytics/yolov5

COCO AP val

55 Better -
YOLOv5x6
50 - .
45 A
40 A
—eo— YOLOV5N6
25 | —o— YOLOV5s6
—eo— YOLOV5M®6
—eo— YOLOV5I6
30 A —o— YOLOV5Xx6
YOLOvV5Nn6 o EfficientDet
25 T T T I |
0 10 20 30 40 50

Faster <@ GPU Speed (ms/img)
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YOLO v4 vs. YOLO v5

* https://blog.roboflow.com/yolov4-versus-yolovs/

e Similar accuracy but smaller model size

Model Storage Size (mb)

400
300

200

Model Storage Size (mb)

100

0

YOLOv4-custom YOLOv5x YOLOVvSI YOLOvV5mM

YOLOv5s
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https://www.analyticsvidhya.com/blog/2019/07/computer-vision-implementing-mask-r-cnn-image-segmentation/

U-Net: CNN for Biomedical Image Segmentation

* Ronneberger et al. 2015
* One of the best models for image segmentation

https://Imb.informatik.uni-freiburg.de/people/ronneber/u-net/ 62
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mage segmentation with a
J-Net-like Model

e F. Chollet,

https://keras.io/examples/vision/oxford pets
image segmentation/
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Mask R-CNN

I\/l a S k R - C N N ( 2 O 1 8 ) Kaiming He  Georgia Gkioxari  Piotr Dollar  Ross Girshick

Facebook Al Research (FAIR)

* Extend Faster R-CNN by adding a branch for predicting an object mask
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Torch Vision

< C' @& pytorch.org/vision/stable/models.html 2 Y s @ O ¢ » 0O
5 Apps @ Downloads Y Bookmarks Labels on Google T... Deep Learning Journals Python Drone Unreal React,js Hashtag Microprocessor » Other bc
Docs > Models and pre-trained weights Shortcuts
Package Reference . . . .
Object Detection, Instance Segmentation and Person Keypoint Models and pre-trained
Transforming and augmenting images DeteCtiO N weights

i i + Classificati
@ Models and pre-trained weights assification

+ Semantic Segmentation

Datasets The models subpackage contains definitions for the following model architectures for detection: _ ‘

. + Object Detection, Instance
Utils Segmentation and Person
Operators ¢ Faster R-CNN Keypoint Detection
Reading/Writing images and videos * FCOS + Video classification
Feature extraction for model inspection ® Mask R-CNN + Optical flow

® RetinaNet
- ® SSD
Examples and training references
® SSDlite
Example gallery
Training references The pre-trained models for detection, instance segmentation and keypoint detection are initialized with the

classification models in torchvision.

https://pytorch.org/vision/stable/models.html#object-detection-instance-segmentation-and-person-keypoint-detection
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TensorFlow
Mask R-CNN

https://github.com/matterport/
Mask RCNN.git
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Instance Segmentation on COCO test-dev

60
SwinV2-G (HTC++)
. _ .
Swin-L (HTC++,/multi scale)
50 DetectoRS (ResNeXt-101-64x4d7multi-scale)
Mask R-CNN (SpineNet—l@O', 1536x1536)
o PANet /
<
X 40 /
< Mask R-CNN (ResNeXt-101-FPN)
=
FCIS+++ +OHEM
30
MultiPath Network
¢
20

2017 2018 2019 2020 2021 2022

Other models - Models with highest mask AP

https://paperswithcode.com/sota/instance-segmentation-on-coco



https://paperswithcode.com/sota/instance-segmentation-on-coco

Semantic, Instance, Panoptic Segmentation

* https://www.v7labs.com/blog/panoptic-segmentation-guide

(a) Image (b) Semantic Segmentation

(c) Instance Segmentation (d) Panoptic Segmentation
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Deepl_ab \/3+4 ¢ https://keras.io/examples/vision/deeplabv3 plus/
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Semantic Segmentation on COCO-Stuff test

MIOU

60

50

40

30

20

10

ViT-Adapter-L (Mask2Former, BEIiT pretrain)
SenFormer (Swin{t)
HRNetV2 + OCR + RMI (PaddleClas pretrained)
./'
DANet (ResNet-10 1)‘
CCL (ResNet-101)
—e
DAG-RNN (VGG-16)—®—
FCN(VGG-16)
[ 4
2015 2016 2017 2018 2019 2020 2021 2022

Other models - Models with highest mloU
https://paperswithcode.com/sota/semantic-segmentation-on-coco-stuff-test
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Panoptic Segmentation on COCO test-dev

70

60
Panoptic SegFormer (Swin=lY)

Panoptic FCN* (Swin—L.)/./

DetectoRS (ResNeXt-101-64x4d-milti-scale)

20 AUNet (ResNext-152-FPN) —— ——

4
TASCNet
40
30 jsiS-Net
¢
20
Jan '19 Jul '19 Jan '20 Jul '20 Jan '21 Jul '21

Other models - Models with highest PQ

https://paperswithcode.com/sota/panoptic-segmentation-on-coco-test-dev
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Meta Al’s Segment Anything Model (SAM)

segment-an

Al Computer Vision Res

Segment Anythlng Model
(SAM): a new Al model from
Meta Al that can "cut out” any
object, in any image, with a
single click

SAM is a promptable segmentation system with zero-shot generalization to unfamiliar
objects and images, without the need for additional training.

- | Try the demo



https://segment-anything.com/

Reference

* https://pjreddie.com/

* https://www.analyticsvidhya.com/blog/2018/10/a-step-by-step-
introduction-to-the-basic-object-detection-algorithms-part-1/

* https://heartbeat.fritz.ai/gentle-guide-on-how-yolo-object-
ocalization-works-with-keras-part-2-65fe59ac12d

* https://towardsdatascience.com/retinanet-how-focal-loss-fixes-
single-shot-detection-ch320e3bb0de

* https://medium.com/@jonathan hui/what-do-we-learn-from-single-
shot-object-detectors-ssd-yolo-fpn-focal-loss-3888677c5f4d

* https://pyimagesearch.com/2022/05/16/achieving-optimal-speed-
and-accuracy-in-object-detection-yolov4/
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