Rolling Planet

The Combination of Augmented Reality & Deep Learning
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3. XERES

3.1.

B F{=RHEE - YOLO 9000

Yolo %31l (You only look once, Yolo) ZEAM¥1{4{=:8 (object detection) HI%E 4T
MMEE L, LUNRZERE darknet B1E, BEZZE#EMIEE Joseph Redmon 2F
REERERFESEIER K2, KEBELD. FEEZESWE EIXEREHER
BE, FlwmiT AER. TEZBENES,
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3.2.

1. 5| A Faster RCNN #2#J anchor box, FEE#% mapping bounding box i
. MaEFERFEE R anchor box #1228k, i K-Means 3K anchor box
L5l
2. &1 Fully Connected layer, B £ & A& conv layer,
#RE L batch normalization, Zis dropout,
IRINARATEE - B0 ImageNet pretrain BIFRHTEE, 1 224x224 1A=
448%448,
MARERAZNREFESEER M LEREREREIOS FEXRKL, ATH
BUREBNRN, ERERT, EHERH. HREERMERZERE m
YOLO v3 #9Z24& 2 LIDarknet-53 ¥E &Backbone, YOLO v2 BI{# &Darknet-19, {&
#%#0.2 MB Z2fH, MERIBackbone ZERABLLEINT -

Type Filters Size Output
Type Filters | Size/Stride Output Convolutional 32 3x3 256 x 256
Convolutional 32 3x3 224 x 224 Convolutional 64 3x3/2 128 x 128
Maxpool 2 x2/2 L12x 112 -
Convolutional 64 3x3 LI 119 Gonvolui!onal 32 1x1
Maxpool 2 x 2/2 56 % 56 1x Con_volutlonal 64 3x3
Convolutional 128 3x3 56 x 56 Residual 128 x 128
Convolutional 64 1x1 56 x 56 Convolutional 128 3x3/2 64 x64
Convolutional 128 3x3 56 x 56 Convolutional 64 1 x1
Maxpool 2 % 292 28 x 28 :
Convolutional 256 X 3 28 x 28 2x CDI‘I:U’D|U?IDI"I&| 128 3x3
Convolutional 128 il 28 x 28 Residual 64 x 64
Convolutional 256 3x3 28 x 28 Convolutional 256 3x3/2 32x32
: Maxpool = 2x2/2 14 > 14 Convolutional 128 1 x 1
“onvolutional 312 I x3 14 x 14 .
Convolutional 256 e | 14 x 14 G Con_voluilonal 256 3=3
Convolutional 512 3% B 14 x 14 Fie:-‘,ldual_ 32 x 32
Convolutional 256 o | 14 x 14 Convolutional 512 3x3/2 16x 16
Convolutional 512 Ix3 14 x 14 Convolutional 256 1 x1
& “‘14”‘[?‘;‘,0' o | 23X><2é2 z . g 8x| Convolutional 512 3 x3
“onvolutiona 2 .
Convolutional 512 1804 T T HESICIU3|. 16 x 16
Convolutional 1024 3x 3 TxT Convolutional 1024 3x3/2 8x8
Convolutional 512 110 T Convolutional 512 1x1
Convolutional 1024 3x3 TXT 4x| Convolutional 1024 3 x 3
Convolutional 1000 Lz 1 TXT Residual 8x8
Avgpool Global 1000 Avgpool Global
Sy Connected 1000
Softmax
Table 6: Darknet-19. Table 1. Darknet-53.

FR{EAHEE : CNN LeNet

LeNetsFEAE 12 19944F, BREBHBEMEHEI®RZ—, HBYann LeCunTil, #ET
FESTMEBMERE, TIRRE ZAGPUEBIGER, EECPUMEREHREIR
. ALt, LeNets:@@IFWHIERET, FIABE. SHHE. MLFRFRIVFE, &
RTRENFTERER REBERASEERMKCRBETIERR, SERKLER
A EMEHERERER KREEBEFRTHZER HERERBNT,



C3: f. maps 16@10x10
INPUT C1: feature maps S4: f. maps 16@5x5
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Fig. 2. Architecture of LeNet-5, a Convolutional Neural Network, here for digits recognition. Each plane is a feature map, i.e. a set of units
whose weights are constrained to be identical.

LeNet-52Yann LeCunFE AEZ XA RIREMNREREBHLMEBREE, —iK
LeNetBl$5/<LeNet-5,

LeNet-5@1ZLE, TaEFHA S—EHASWIIRBH (BE)  ERERAN
WMARIEE32" 326 FMER. TEZXREMHELeNet-509#51E, HH, HBRBAFACX
FR, FREBRIWMIFERLRASx, TEEEBHFLAFx, HPxZRRSI

EBC1E2EANESSHBIERINIBIERE (convolution) , $HERETHIK/INAE28*28,
ERFIUSILEEABGMNEREREEKER ., C1E2E156(EIIZEBEF1122304
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#ith B o ) B ST E B C1 R R B FE S it Bl 2  2{E #Bisk . S2Fh B A1 PN {E
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BSHEHEEIR, ANR22ERZEAESE, FUS2HFHERACTIPHFEE
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3.3.

BCSRER120X/NA5*SHBERMNBIERE., BEETERTIS4MFTA16/E
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ESEEEEMET ., C5EH48120ME T HIRRERE.
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AR (Augmented Reality)

RS thAHEVRERER —FAMNNEEAERERIRERRE 2REE6EE
THTEGHMERAEFREL N EEG RN, ZEELHWERERENEEE
HRERETHSREBMNRN, ERRMMN1990FRY., BERSETFERER
RENMERT, RISERMAGEhBKREE.
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4.2.

a. Random Crop

Class Distribution

Label Count
15,140
14,890

13,640

12,930

10,340

9,810

TGN - AR

MARERAENRERESLTEL N EECEEERTIOS FEXRHKEL, ATH
BFEREBMRNY, REEERT, ERERN. HREERMERER m
YOLO v3 #y%2#& 2 LiDarknet-53 #£&Backbone, YOLO v2 BI{# ADarknet-19, {£
#%0.2 MB M, FTLUEEIRAYOLO v2 EMiEE I

e Training set: 440 (Raw data) -> 20000 (Data Augmentation)
e Class number: 6

e |[terations: 15000

e Batch size: 32

e Validation Set: 1150 Items

e Loss:0.982

e Training_Acc: 94%

e Validation_Acc: 92%
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44,

Loss
0.982
Snapshot at Iteration 14,830
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When we observe:

- The number of dice change between two consecutive frames.

- If the prediction of two consecutive frame are different && the

bounding box don’t overlap over 0.85.

Interpreting model output

FRPEEIER - LeNet + MNIST dataset

RARRERESHE UERT —EfELeNet HEHIES, JREFMT -
e Model Size: 0.2MB
e Training set: 60000
e Class number: 10
e |terations: 30
e Batch size: 32
e Loss: 0.1441
e Training_Acc: 99.17 %
e Validation_Acc: 99.19 %



e Platform: Colab

Layer (type Shape Param #

conv2d_1 (Conv2D) 28, 28, 6)

dense_2 (Dense)

dense_3 (Dense)

Total params: 61,706
Trainable params: 61,706
Non-trainable params: 0

Training and validation loss

Training and validation accuracy 05
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renderBounds width negative width
origin -
(x,y)
negative
height height
origin (x, y)
origin (x, y)
negative height
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origip —— —— >

transform (x,y) width negative width




While there exists any stroke:

1. Keep update the position of the final stroke

2. if minX of final stroke > MaxX in previous stroke:

New digit detected!
Inference old digit and push into queue.

Comparision each digit with the result of objected detection.
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Rules of the Game

Roll one or two dice
Move the planet by:
1. Addition

2. Substraction

3. Multiplication
Winner Condition:

First player went back and right on the sun.

5.2. EMFEERDemo

T49:46 1568 A=

https://www.youtube.com/watch?v=Bzim9ouyL NA&feature=youtu.be



https://www.youtube.com/watch?v=Bzlm9ouyLNA&feature=youtu.be
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