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ABSTRACT

This study aims to achieve animal biometric identification, specifically
dogs through the use of deep learning, a branch of machine learning.
Through the application of deep learning neural network models, identify
a dog’s name from a photograph or an image. This paper focuses on
exploring the possibilities of through learning the study subject’s (dog)
“soft biometrics”, such as subject’s breed, as well as subject’s facial
biometrics, to improve subject’s identity recognition. This is achieved by
preparing datasets in stages, by altering data into “subjects’ breed full
visual appearance”, “subjects’ breed facial appearance”, and ‘“subjects’
identity facial appearance”. The datasets are then applied through the
concept of transfer learning on different Convolutional Neural Networks
to learn the subject’s breed and onto the subject’s identity. The final
neural network is deployed on a flask server, with the front-end

application interface of an android app.

Keywords: deep learning, convolutional neural network, transfer learning,

dog identification, flask server, android app
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21 BEREYAFREY
AlE- Bt BEFY R EdY anb & A FREY

2 PEBEEY HY - B3RS 4B 1T o

ARTIFICIAL INTELLIGENCE

A program that can sense, reason,
act, and adapt

MACHINE LEARNING

Algorithms whose performance improve
as they are exposed to more data over time

Subset of machine learning in
which multilayered neural
networks learn from
vast amounts of data

Bl1A1FE - -PBIEYHNZFRAEY wHF[0]

W EEF Y (Machine Learning » ML) &4 1 £ - AR+ >
T e Al R RBEETERE? pEREEY S > TR ST Y ki
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¥ 4 5% (Convolutional Neural Network » ConvNet/CNN )
- fFEFY %2 - CNN a‘%‘liﬁi%] > Bl SR i BE
HerpdEg P (FEY L > weights frim £ > bias) - i i
A gt o 2R H WA KE B 2 Apt > ConvNet ¥ AT chIE R & iR
B oo ARhas3 2P o BRBE L IR (S E e R

CNN it 5 ¥ o B ip B/ fc o
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// Z
'jT::ﬂ”Eﬂ_“ -

predicted
pooling convolutional pooling fully-connected class
it Fiae convolutional layer layer layer layer
P 9 layer
CNN

B 2 CNN 2 & % #7 & Bl[7]
Aol 2 9TF 0 R - BEA (f R Bl 2
o R BRI - B B D2 A - B R
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2.2.1 DenseNet

DenseNet 2 # £ 4= £ 3 128 69 CNN 2 #1222 4o ] 3 #757 o

& DenseNet % 42 » & - K3z 8 6 & - kfpid > F]p @ £
Densely Connected Convolutional Network o $3% 78 E42 #7325 1 L
A if‘ugja L(L+1)/2 B2 4@ 4% o 305 - & > #ma 973 K ohgs
veidi iy T’Féie?]/\ » TR p e AR K mﬁ?]/\ °

DenseNet £ & ® 5 :cd 3 54l Sl FRVAEROHERT
B PR A Apd St R ol A L B R ERE
FHCF I R RE P e 2w fjﬁiﬂ’ 4 7 o DenseNet “,f TORER R A
SRTRE o o e d T BB PR ARE Y > XX AR Sdeh

o

#e

g

AR B4 G A 5 DenseNet201 % #BWl4c# 1 #77 > £ ¢

F# & 2 7 DenseNet-121 » DenseNet-169 12 2 DenseNet-264 =45x & o
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% pax~eni w5 Dense Block 3 - Dense Block 4 ek #ic o @ 7
i 1§ Tensorflow @i F A 4F fe ek & 5 DenseNet 201 -

% 1 DenseNet201 * »* ImageNet 7382 2 15

Layers Output Size DenseNet-201
Convolution 112 x 112 7 x 7 conv, stride 2
Pooling 56 x 56 3 x 3 max pool, stride 2
Dense Block (1) 56 x 56 [ 1x1 conv] <
3 X 3 conv
Transition Layer (1) 56 x 56 1 x 1 conv
28 x 28 2 x 2 average pool, stride 2
(1% 1 ]
Dense Block (2) 28 x 28 conv]
| 3 X 3 conv |
Transition Layer (2) 28 x 28 1 x 1 conv
14 x14 2 x 2 average pool, stride 2
[1x1 ]
Dense Block (3) 14 x 14 conv] o
| 3 X 3 conv |
Transition Layer (3) 14 x 14 1x 1 conv
7 %7 2 x 2 average pool, stride 2
(1% 1 ]
Dense Block (4) Tx7 convl .,
| 3 X 3 conv |
Classification Layer 1x1 7 x 7 global average pool

1000D fully-connected, softmax

7L &R - Densely Connected Convolutional Networks[8]
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2.2.2 EfficientNet
EfficientNet £ - f& % fi#! S R FEHfrdgic= 2 c v R * 4 £

% B b — f{ﬁﬁiiﬂzfi/ﬁ’filﬁ FEF TR MR o BEE ﬁﬁ%{{.ﬂ» ¥ %

PR

hil ik 7 oo EfficientNet 5322 2 & * - 8 B Uik -

‘fﬁ”‘If BLRRE S IFROS FES o

Final layers

) 4 EfficientNet B7 28 4 (49 3 dic® 7 32501 Bl £ 4 sh=c ) [10]
® 4 % EfficientNet B7 sx A el A 284k > @ H ¢ % in g HiC
P FAeR 50607 “r7 o EfficientNet ik 7 chiE 1 A5 i B S e

Bl 7 chiciedida & o B & BRAEHDLEIL 257 o

M e -- = Padding -“-

Stem

o

Final Layers

@ 5 EfficientNet s 7| (B0-B7) % r 2 21 iz it 5 & [10]

17



[m ‘ - "

Module 1 Module 3

Module 2

Module 4 Module 5

@) 6 EfficientNet % 7] (B0-B7) i * 15 B % [10]

Module 1 Module 2 Module 2
Module 3 Module 3 Module 3
Module 5
Sub-block 1 Sub-block 2 Sub-block 3

@] 7 EfficientNet s 7] (B0-B7) d B 6 (15 Bfirie e & @ = th3 H.[10]

# 2 ImageNet * 7 EfficientNet 4 5c 5 % v %

Model | Top-1 Ace.  Top-5 Acc. || #Params  Ratio-to-EfficientNet | #FLOPS  Ratio-to-EfficientNet
EfficientNet-B0 76.3% 93.2% 53M Ix 0.39B 1x
ResNet-50 (He et al., 2016) 76.0% 93.0% 26M 4.9x 4.1B 11x
DenseNet-169 (Huang et al., 2017) 76.2% 93.2% 14M 2.6x 3.5B 8.9x
EfficientNet-B1 78.8% 94.4% 7.8M Ix 0.70B 1x
ResNet-152 (He et al., 2016) 77.8% 93.8% 60M 7.6x 11B 16x
DenseNet-264 (Huang et al., 2017) 77.9% 93.9% 34M 4.3x 6.0B 8.6x
Inception-v3 (Szegedy et al., 2016) 78.8% 94.4% 24M 3.0x 5.7B 8.1x
Xception (Chollet, 2017) 79.0% 94.5% 23M 3.0x 8.4B 12x
EfficientNet-B2 79.8% 94.9% 9.2M Ix 1.0B 1x
Inception-v4 (Szegedy et al., 2017) 80.0% 95.0% 48M 5.2x 13B 13x
Inception-resnet-v2 (Szegedy et al., 2017) 80.1% 95.1% 56M 6.1x 13B 13x
EfficientNet-B3 81.1% 95.5% 12M Ix 1.8B 1x
ResNeXt-101 (Xie et al., 2017) 80.9% 95.6% 84M 7.0x 32B 18x
PolyNet (Zhang et al., 2017) 81.3% 95.8% 92M 7.7x 35B 19x
EfficientNet-B4 82.6% 96.3% 19M Ix 4.2B 1x
SENet (Hu et al., 2018) 82.7% 96.2% 146M 7.7x 42B 10x
NASNet-A (Zoph et al., 2018) 82.7% 96.2% 89M 4.7x 24B 5.7x
AmoebaNet-A (Real et al., 2019) 82.8% 96.1% 8§7™M 4.6x 23B 5.5x
PNASNet (Liu et al., 2018) 82.9% 96.2% 86M 4.5x 23B 6.0x
EfficientNet-B5 83.3% 96.7% 30M Ix 9.9B 1x
AmoebaNet-C (Cubuk et al., 2019) 83.5% 96.5% 155M 5.2x 41B 4.1x
EfficientNet-B6 | 84.0% 96.9% H 43M 1x || 19B 1x
EfficientNet-B7 84.4% 97.1% 66M 1x 37B 1x
GPipe (Huang et al., 2018) 84.3% 97.0% 55TM 8.4x -

L kR : EfficientNet: Rethinking Model Scaling for CNNs[9]
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2.2.3 ResNet V2
ResNet » » # % 72 £ 4 (% % (Residual Network) £ = ¢

oA KA et drinB i h- BA A SRR ALY TR

TRUEIRE IR E- S R Ry o R P S § . 1
X1 Xi
. .
i
BN RelU

RelU addition
+
X+t Xi=1

) 8 ResNet - ResNetV2 sz £ ¥ = (Residual Unit) [11]

Bl 8 5 ResNet t7w ez £ B = JL A FF fr iy % - ResNet V2 £
KT - AL RRAAE A (HR) o ol 8 + 2 907 > Bji
#a (2 BN E ReLU) BB A 2 5 » 252 — & “Fp 0% > ;¢
(pre-activation) ” &% » @ 3 £ “fEpcE” 2N 0 ¥ YOI EE D
HAd B R A R i g o] 8 =X AT o B AT

I PFs 3 4c 7 ResNet ez v 4 o
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2.2.4 Inception V3

Inception v3 & % g Inception )i 5| i ff 40 5 4 % ¥ 4f o
Inception v3 i & i £ ** 3 1 i 222 % £ Inception 7 ¢ K4 L v
3HE T4 o Inception V3 % R HaE 0o T AriE e A
FARRERUR -

APREF D e E A MR T RT RS R ik
R o AeB 9T L ER Y 1A SxS Rk E o FEkE S Sx
5=25- Wit 2k 3x3 kB FHclcE S 3x3+3x%x3=

18 o i@ PR > 28% N dicdic & -

[ /] X
i )
/ /\\ [\
.47 (. (O [ R |
O (S (|
[ JENE e
/| N (S |
[ [ [ N | ]

Bl OB~ % 5x5 % chgk n e o [12]

et g BA A ALY B Rk 2 B - ) ch CNN -
A i A AR A P R g andp A ¢ o & GoogleNet ® o g B4 4 A7

BN R % > @ & Inception V3 ¢ o HES A SEE Ly R

W
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| 17x17x640 | 17x17x640 |

Pooling \
Filter Concat
17x17x320 35x35x640

(Inceohon) -
X

35x35x320 35x35x320 stride 2

i
‘ 3x3 3x3
TTx17%640 \ stride 1 stride 2
X17x
i [

conca

Pool

x4 1x1
X * stride 2

17x17x320 | | 17x17x320 |

conv pool
Base /
35x35x320

%]10(_,)7#%15 (=7) e Rign (v) Frpfigp o

I<

% H[12]

4ol 10 #7770 Wiy drinieft ) ﬁﬁz}é‘ » 320 B 4FHcBl 4 conv

N

El

5 o

i'..m.

Ao g E 20320 BAFACRIE B A S B TR

J4:

FETE)

AR P 3= 640 B AFH<E - £ & > T - K o Inception Hod. o il

e

Grid Size Reduction o .
(with some modifications) Grid Size Reduction

Input: 99x299x3 Outpul BxBx2048 2% Inception Module C

5x Inceptlon Module A Ax Inceptlon Module B
Convolution Input: gu‘;ugéda
X8 X
- ﬁ.;g:;»?; 2992993 Final part:8x8x2048 -> 1001
== Concat - -
== Dropout Auxiliary Classifier
== Fully connected
mm Softmax

® 11 Inception-v3 7 1 #l (Conv 2z #¢ # * Batch Norm §= ReLU ) [13]

21



2.2.5 InceptionResNet V2

Inception ResNet £_ ¥] ResNet | it chfc s @ & 4y R & 7]
CNN - Inception ResNet 7 = 5= > vl o v2 o v E_ > Inception
{- Residual & &7 {2 £ A $ - & Inception-Resnet 42 » 5 i ~ /|
PEFRARTEARLRRZNGE ARLHE PR * 2 TELT DR
% ‘é}’f#.&];‘l&mjg CRPRE > M PR D DIRPEER o

TS H MK 29 K & e Inception-v3 - i i #- Inception ik
#& 4% 5 Residual Inception #. > 3 4c 7 { % 0 Inception i » T &

Stem #-¥. 2 12 3 4v 1 — FAATA 0 Inception ##. (Inception-A) & {7

HEHBACE 12 #77F > @ & BHCe4cB 13 #0F o Stem 5 4
57 0 A~ F § - 4fr a9 CNN % ﬁi » H- 2 Inception-A 5 i * 4
Inception % fﬁ_ » @ H ¢ 5.0 i InceptionResNet A & B e R & 3% 3

J&* 07 4§ > Reduction A v B % #+ 7 - 49 Pooling 7 1

Inception- global
B =
*10

B 12 Inception-Resnet i 7] = % ehige % % 4 [15]

22



Stem

Inception-A Inception-ResNet-A

Inception-ResNet-B

Inception-ResNet-C

Reduction-A Reduction-B

] 13 Inception-Resnet = i i e 5 38 47 [15]



2.2.6 VGG19

v

VGG19 ¥ VGG A ch& > fa 249 19 & (16 & %4
B3 BardiEg -5 B MaxPool £ - 1 % SoftMax & ) = o
VGG &7 # = %48 > 4 VGG11 ~ VGG16 ¥ - VGGI19 7 196 &K=<
FLOP « # % f§ Bl4c% 3 #7177 o

% 3 VGGNet & 7% # (415 ReLU jri# &%k

ConvNet Configuration
A A-LRN B C D E
11T weight | 1T weight | 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers
input (224 x 224 RGDB image)

conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 [ conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-312 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soff-max

4L kR : Very Deep Convolutional Networks for Large Scale Image

Recognition [16]
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B F Y (Transfer Learning ) [4] E4p 2~ - BRI § Y
e BT P N BATOME R AL o Bilde o G F ¢ aug
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Vg » v fonlicdp > 0@ B2 REE R e R SR e

AEREYOTET o BBEY ERF L auiai L A

BB P BB 2. BT UL AARa Ry & ¢ B

viRE ZeEe 4, 3. t_;gt;%@i ﬁqugm;;lt de— B Freh s T O D

Koot P R-E Y R (L AT B TR o 4 Aldp B
D RETR o

Bofs - B 7 E 9 F A B (Fine-Tuning) o j2if L@ chfE B
) (R H P - 3RA ) o X 2 F M hE Y AT
WU oo WEIEH AW R AR RATEYE 0 BT A 6 LH

B o
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2.4 4 SRTRBER
2.4.1 Anaconda

Anaconda [17] &_Python = R =57 0pen-source 2 {75k« o ¢ *
BAE CSEFY RREVE o UEF 300 5 BEAMAE LS
M ¥ E RS R Koo Aanaconda 1 (TR EAp Y AR *
iy £ 4 - Anaconda § B4t it @ f Ae3RF o Anaconda ' %
BERAOLE > TR /P T Y e Al X 2R K E B R
o f By o

Anaconda # 7 pip fvconda % gkl e FIL kAL @ * ¢ T
EF A N L BHRAE W AN AN A @A R ¢ R P s
o pip (i@ﬁﬁf “pip £ £ " ) E- B Python ¢ X ZER o v £
PrEERERERY e o ke WA VAL EREL LTS
BoRADE e o € AN HIFBRIVE AT AP F 7 1 2 kTR o
Conda # - B & g EDRFF > » H - fﬁ&ﬁ%ﬂ% o T IR A
fe 5 python frficdf e A » F]pt v 2 €497 23 o 2 & > Conda
B i SRR RN B U en% K0 KR Anaconda poE chgr i e ¢
T2 PR 7% > Anaconda Cloud » # ¥ % 7 3 $i# & chB 378 F TR 2 4

Y N A
Ik L= X

A
)

L
&
T
N
4
‘m
(N
3
i
9
E-1y
b
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2.4.2 Tensorflow §= Keras

TensorFlow [18] &#_d Google B % I >t 2015 & % # g |8 F
BRFERE VAR o v U et R 4F T B E A A foinF E
s PR fsu 2RI R L (B 4e Android) s $F o
TensorFlow & - B % 4 SR imid g @B R > i £ B- (7]
FRenBdp i AT o HTR Y R A S 12.3.00

Keras [19] & - #&* Python %8 7% 38 %4 SR ZR* 25
A2 v (API) o iz 1% open-source 4! SR o AR EIRERAN SRR
chp-id F % 0 v ¥ 12 & CNTK ~ TensorFlow - Theano z * & {7 o
Keras & 33 B it ~ % 2 A e v B o T F AIE M 5 4p
Fov Rt Pl y - B PR - Keras » 2017 # # ¢ 43
* ¥ & X 3] TensorFlow ? o #* = ¥ rif i tfkeras #-ei&F > 4 &
NE B iEE Keras B o #7i@ % arisk A 5 1240 23 p o oo
Keras ¢ £ TensorFlow = > & = - Keras B3 # £ { &7 2z Keras
b= R A o f118 ATk T e Keras #-F f24]% & & 4 TensorFlow *
APl @ 2 £ H jheafh= B o

2 B APl 124 1L Stk 4 907 o
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4 LIFERE Y AEE 5 [20]

Keras Pytorch Tensorflow
API Level High Low High and Low
Architecture  Simple, concise, Complex, less  Not easy to use
readable readable
Datasets Smaller datasets Large datasets,  Large datasets,
high high
performance performance
Debugging Simple network, so Good debugging Difficult to
debugging is not capabilities conduct
often needed debugging
Does it have Yes Yes Yes
trained
models?
Popularity Most popular Third most Second most
popular popular
Speed Slow, low Fast, high Fast high
performance performance performance
Written in Python Lua C++, CUDA,
Python

74 kR ¢ simplilearn [20]
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2.4.3 GPU & =_

¢ 3% Keras fp 7 TensorFlow 7§ #-& 7 P rreni g e § 5
Py 8- GPU &7 o TensorFlow GPU & 3 B AR R
CUDA + & Ubuntu = Windows & 3t o viE— cofd 2 & RE G & 5
CUDA 3+ & it 4 5 NVIDIA GPU =+ - TensorFlow = =£[21] * 5 % #
L F R A - ik F K5 ¢ Tensorflow - Nvidia 5§ # > CUDA
Toolkit[23] » ™ %2 cuDNN[24] - &9 Z%#7# * & GPU i Nvidia
GeForce RTX 2060 Super -

% * GPU pF > 7}“% 7 O T F oseed fr % B ¥ K
TF_DETERMINISTIC_OPS » = & ;# 3 Model 52" 441 & 100%
Z 35 (Deterministic) - § 2 BF Fen i R FHE P FFFEPF > A
FEAEZREIMBIAFEEELER o« IREFHPHFHA & e
PREFHITTF LR > F blde o B SR R A S
o L FREIHNFHEAETERHF > GlAot B R {opF - K& T

BB o B @ BtV IE A (7 AL B R S B
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F2F FE e AR

ERBEY

BY 23 UBEBEF ANERPERLIES- LT
REFEREOEY LY AR LSV LT 0 0k
T F R ERE LR P o E L HEIPERF .

2R B

R A A AR BEOTREIOBTHEERS A YR
3 4% - Stanford Dogs Dataset [25] - £ Jﬂz 2 7 7 IV HEEh X
%5 Bl -4 & > Columbia Dogs Dataset [26] * 12 & % - & jj g
IR R H B 3 enF R B o Flickr Dogs Dataset [27] » # 15 R
LA 8 T gogo 3 14k, e end i £ £ T e p in
AL R AL
3.2.1 Stanford Dogs Dataset

B 20580 3 0 120 KRG EE X T AP R TR E
B E s SERGTRATRE ETREDNF F s

o S B FR > N e BEE R PERAEE o AR
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TFMETE RO R R FE L B S HRRIE T R A

Rz S EHEET o AoRl 14977

3.2.2 Columbia Dogs Dataset

B 8351 %k > 133 X ARGFTHE c THRERFF 0L
AR R R 0 Jg e Ran 8 I AR HRBE AR ~ R RRIGEE TR
ABRH R LA A B seed h7 RN E T AR

Eh s F A TR E R EST AL S o BT A

PRI R S A S FHLR T s B S 2T
K Rg AR R IFHR 0 o] 15 957 o

B 15 Australian Terrier & *~ B £ 1 7 %, B
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3.2.3 Flickr Dogs Dataset

AW 374 042 R R B L H R R TS o §

>

Bop hypmen Tt L4 5 0 2 Bpysen Top = gy B 0LF

3

Lo H P gk AR 4B 16 172 2 B 17 #77 o

\
L l

] 16\% = f Bandit B 17+ L % Apolo

3.2.4 Nanhua Dogs Dataset

Wie 44 TjR gogo &1 Ak #“Tie i PR T AL B o 4
2 103 3PS > ¥RRP 12 R B L o A g § I
BUOuE L ik BRI LR E Y RA R RPN RTRINE o 4o

B 18 777 o
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3.3 Tensorflow 2" 3 42 ;% B

G TBBEY ) 7 NG LA e (CNN) 57
o 12 imagenet MRS R fEE L A #H T 2 L 1 model -

i %8k i P Seed = 0 ( z python > numpy - tensorflow ) -
batch size = 20 > epochs = 100 - Seed & g%+ - * 304~ 4> 1 R g
A 2 Befics (w8 ) - batch size 7 & { #7072 # &2 ik

A¥coepochs 5 B RE DT FEE B o (FAHEBE LD

LS i

7" 94k epoch X batch _size
#r /s * Tensorflow APl ] i FF k@ 30 5% 5

datagen = ImageDataGenerator(

shear_range = 0.1,

zoom _range = 0.1,

brightness_range =[0.9,1.1],

horizontal flip = True,

validation_split = 0.3,

preprocessing_function = preprocess_input
)

train_generator = datagen.flow_from_directory(

file_dir,
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target_size = (224, 224),
batch_size = batch_size,
class_mode = ‘categorical’,
shuffle = True,
seed = seed,
subset = "training"

)

test_generator = datagen.flow_from_directory(
file_dir,
target_size = (224, 224),
batch_size = batch_size,
class_mode = ‘categorical’,
shuffle = False,
seed = seed,

subset = "validation"

ImageDataGenerator £_17 § B ficdy T AL 3 56 30 4 o8 3 =0 Al 1 F
#3i 3% o shear_range & 454 33 B 4 [F] > zoom_range & % £ K
l - brightness = % & 3% & # Fl - horizontal_flip % & » f»#& -
validation_split (i * »+ Test split) Eap i Fa bz o) ket 3t

Bl 0] (03 Pl 7 3t -3 S anplERE) o
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Preprocessing_function=preprocess_input | €45 2% % # CNN 7 fie

AR

)
i

train_generator {c test_generator R £_* *t 4y TR fopliE o
FFHE o FiE & 97 & ¢h imageDataGenerator 7 i ¢35 3
flow_from_directory 4= B -7 AL 4% & B 2w 7 o file_dir 5 4 & 0
B j= > target_size % M 2 A < - - class_mode % #c 5 #F Al

(category % #g%|A#c¥p ) - shuffle 3 & F #cdp iR £ - subset * 3R
B~ & @ 97 %3 ¢ imageDataGenerator 3+ F 4L & (R ¥ i
“training” &« ;p|3& * &1 “validation”)

“r & * Tensorflow API =7 callbacks 5

checkpoint = ModelCheckpoint(
checkpoint_dir,
monitor = 'val_loss',
save best _only = True,
save_weights_only = False,

save_freq="epoch’

ModelCheckpoint &_# »* w23 2 df F 3 3| 2 £

I&

checkpoint_dir &4 % & i 8 /< - monitor = ‘val_loss” &.4p & 5% £ 72

il
s

¢ #ic (val_loss % validation loss » &7 3 4% & ehdf 4 5
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val_accuracy - S F R hiFr S ) o save_best_only B dp ik PR T E
FreniE#ic o E2 0% 43 ¢ model - save_weights_only % 7 % {#
¥ osave freq 5 REFHE S o e PIE_NE B epoch 2§ 5 4F
FEEKRPIT RS
reducelr = ReduceLROnNPlateau(
monitor = 'val_loss',
factor = np.sqrt(0.1),
patience = 5,
min_Ir =0.0000001
ReduceLROnPlateau &_# ** § 4 4% % 1k s prrf M ¥ F o §
dp ik 5 Si- 0 ‘val_loss’ - factor 5 ' K F ¥ F eh¥]+ (new Ir =
Ir X factor) - patience 7 #73k T e 22k & epoch F % i s
F¥ 3o ominr 3 ¥ 597 U@ -
earlystop = EarlyStopping(
monitor = 'val_loss',

min_delta = 0.0001,

patience = 20,
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EarlyStopping £ * % 5 4p # 12 1k 2z
cu— 7 ‘val_loss’ - min_delta = &t 4R 5 e

|7 € AART e o patience % L F :x i e epoch #c o S R iRk 20
Bo

#r i * 59 CNN model 3 : DenseNet 201 - EfficientNet B7 ( &

’

8 B % > batch size € #7% .5 5) InceptionResNet

V2 > Inception V3 > ResNetl52 V2 12 2 VGG19 - 12 imageNet » 3"

2% L A# > £ 2 include_top = False 35 & {& ¢

’\

—J %] ;IHE BA
i SR
from tensorflow.keras.applications.efficientnet import
EfficientNetB7, #CNN % F
preprocess_input
base_model = EfficientNetB7( #r2 2 CNN % F i® i3
include_top = False,

weights = 'imagenet’,

input_shape = (224, 224, 3)
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L Ef L@ w4 CNN 5 A#H DB (8- & (SfLs output)
da e > o A AV 4 - K global average pooling > 2 2 A =
dropout > batch normalization §= dense & > # &£ #7950 o &1 - &
dense E i gy R o AZFAR S
X = base_model.output
X = GlobalAveragePooling2D()(x)
x = Dropout(rate = 0.2, seed = seed)(x)
x = BatchNormalization()(x)
X = Dense(
1280,
activation = 'relu’,
kernel_initializer = glorot_uniform(seed=seed),
bias_initializer = 'zeros')(x)
x = Dropout(rate = 0.2, seed = seed)(x)
x = BatchNormalization()(x)
predictions = Dense(
classes,
activation = 'softmax’,
kernel_initializer = random_uniform(seed = seed),
bias_initializer = 'zeros')(x)

model = Model(inputs = base_model.input, outputs = predictions)
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global average pooling * **%f#4& & 52 CNN ¢ = > 45k o
dropout & 73" SREp [ e — @300 ¢ ek 2eE 5 (0.2) :rfbﬂig?l
~BEH$28 2 0 o batch_normalization 17 #13%k Z_# batch % A & > Js =
- RS R R o B {8 o Feade o dense B o r R T
softmax & i 3t o % 4E Kernel_initializer » L w7 2 47 chg 8 8
+ seed » ¥+ S8 558 glorot uniform 4v random uniform # £ 47 4
# & o & {4 2 bias_initializer ='zeros' st— 7 £ B AL E 5 0o

BHEEYRAH LTV RIS - K o A5 - & dense E i

R o TR A A4 model Bofd s KA XL R
TATE L o ARG S
model = load_model(old_model_dir)
x = model.layers[-2].output #popping output & prediction dense layer
predictions = Dense(

classes,

activation = 'softmax’,

kernel _initializer = random_uniform(seed = seed),

bias_initializer = 'zeros')(x)

model = Model(inputs = model.input, outputs = predictions)
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B SR Adam G B S R AW R LAY o e

categorical crossentropy 5 loss & ;% 5mi¥Ad SR o FAREL 4o A

A

R AT T R EATR TL TR o A2NAB S
optimizer = Adam(lr=0.0001)
loss = "categorical_crossentropy"
for layer in model.layers:
layer.trainable = True
model.compile(optimizer = optimizer,
loss = loss,

metrics = ["accuracy"])
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IR R A g 54 % model i iF Flask P PR B o B
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3.4.1 Flask R %

PR E L F P 3 pb Rk o & model XA fe dhie s S 3k i
AR Fered o PUREEJIZ S VL 1A Android Jk SLH X flask
i?;ﬁi%lﬁg]f‘g»\— 5o T REFRIRE PN o B 1R v ImageNet 1 £ i R
Bl AT 2 - Ty ERE» FEe T 5 IE g %1 Json
i@ F QI w @452 Json i 4 o

A SRR A AN BEER FlNT g o -~ Ak i Y

PP a2 A B2 7 B Model s o -~ 2 s

\
it
b
c
—

% 5 s Github AT » & 91— % AJL b F el i

Ik
ETINS
a1
o
o
<
W
R
Ik
A=
\3;
<
@)
o
1
>
&
“

Pz ki - B'ER > 4% § H model ;ﬁsf#«gi‘w AR F el

B oo BRART UM iE g B hpFiEet el g £ 402 o model fofdc 0
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3.4.2 Android App

App HEIE S 345 S A IRB S R B8 & > & v @ 5] Flask

PIREE RS RS L P B E v A A b o ¥ L T
EHEM RS P R 7| Flask @ PR B i 17 2z ezt iy o
#

PieiAzs o AR LR IPREFIRE - & ¢

e
P (PR LF A SMAE LB Model 5uE 5 ) 0 B A RPIRE

A TEEENEROEERELH F

\uh::

Bu AP AL T Bk EA

o 4] 21 #7o7 o

B g% FF NS ERPL P ORYA A SERRA G R

FRE T GBS RIRBag R Y > B P Ao B 22 AT o

@O

AndroidClient

Ip Address Menu

Ip Address  192.168.3.12
Port Number 5000

Function predict-breed-VG.. v

CANCEL 0K

SNAP A NEW PHOTO
PREDICT / TO SERVER
Select e: /s ated/0/Dc¢ ad

223 BRT A6
® 21 Android App Ip 3% % frs it £ 224 BRY 45
#45
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P B PREE

SNAP A NEW PHOTO

Bofs it —‘Fﬁ‘ 2L:E TPREDICT /POST TO SERVER ; #:-4t4 R #

2

>

—_\\
P
N

S R chw > T SRR 5 kAR

PR e e VA Ak 0 Ao 23 11 £ B 24 hdTor o

BRI s BB g R BT Y IR T € PR S D

bO
J
&
>y
=
W
oy
N
¥
ey
4k
4=
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S
a3
HY
3
N
3
FIIRS
Ny
¥
ey
J},
g
rad
i

AndroidClient
AndroidClient

S

Norvuch_terﬂé '( g
“?" \ o
i ¢}y

Nutty

(

Brunetté®,

SNAP A NEW PHOTO

PREDICT / POST TO SERVER

PREDICT / POST TO SERVER

result

Norwich_terrier 51.251996 % result
& 2
Afghan_hound 18.820556999999997 % ;‘/l;vls?l/wem 19‘;52;2‘2
Border_terrier 8.164045999999999 % y CAReTaE
llon 5.464286 % Brunette 18.488736 %
pap : § Mimi 11.613201 %
Yorkshire_terrier 4.580951 %

Dudu 7.542521000000001 %

Bl 23y facnis % 1 o Bl 24 i &en % i &
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Srd 9L iEG

4.1 CNN "3 = %

VIR EZESFE R EEFA o F i RE S BB
& Model 7% — Epoch 2" et # B fodff £ @ =l SR 5 +f
&L B 5 % Tensorflow e Model Checkpoint & ;% #8 B~ g ik
Model erysahs % > H P & B 5 fidp B> 3 A Raz R4

WE K P R RN E e R EE o 22 AT A AR

Training and test accuracy Training and test loss
10 3 | Faining loss
0.8 | st loss

20
08
07 15
06 | ‘
05 L0
0.4

054
0.3 ‘ Taining accuracy K
0z TEest accuracy 0.0 —

o 20 40 o 20 40
B 25 DenseNet201 nanhua 2" & %
Training and test accuracy Training and test loss
10 | Taining loss
Test loss
09 2o ‘ st los
081 |
07 | 15 ‘
06
10 |
05
D4 051 |
03 Taining accuracy L.
Test accuracy 00
02 T T T T T
o 20 40 o 20 40

B 26 DenseNet201 nanhua £ # 3" 4 % % (Stanford-Columbia-Flickr-Nanhua)
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Bl 25 = DenseNet201 75 ** Nanhua Dogs Dataset ¥ — 7 & 3"
RS T iepoch S5 a3k > 42 T2 4842F) » F¥8 5 5 93% ©
Bl 26 % Ah2 hF bk THE BB E Y k¥ 2 % 1 L epoch
48 w g dk o B ¥ FTAE (Nanhua) crgepr i 5 248 43 450 ¢ 3
wh R R RS 3P 1 248 10 ) - DenseNet201 & 4

FERALF R R E o B iEs A REFART o

Bt gen s B CNN 2 A4 > & F 4355 2.4 % model 425 3
1> VGG19 thsg it i § g 5 B % eho 4o 26 7t 0 VGGI9 B ¥ -
2" 5 Nanhua Dogs Dataset == % : 100 epoch % £ 2" R » % 4= PF 9 &
o FERF L 53% 0 0 G EEFESE R TR o A 5B
AmT R E ok T EREBE Y DB S K QAR 27 Y17 o B
Be' g & L tepoch 61 e FE R R 05 A 31 s s TR
Bl de b mieanz BEOREIR O RACPEL S [ 4] 448 06

P SRR s T1%
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Training and test accuracy Training and test loss
06
—— Taining loss
10 Test loss
0.5
l J \“
04 B
03 &
02 4
01 f — Taining accuracy 2 \K’\\,\,.,,.Nh
st accuracy g
o 25 50 75 100 o 25 50 75 100

Bl 27 VGG19 nanhua 3" R % %

10 Training and test accuracy Training and test loss
—— Taining loss
300 Test loss
0.8
250
200
06
150
|
049 100
|
I 50
0.2 ) — Taining accuracy
Test accuracy o4+ LIl ATMA
o 20 40 (] o 20 40 60

Bl 28 VGG19 & 4 23 & & (Stanford-Columbia-Flickr-Nanhua)

S\

"

SRR € AU S TR B IR ) I3
AEAFR Gt o 4ol 29 #7570 538 Flickr » £ 9" 5 Nanhua 74 & ¢h
R FER L 8% R AR AELE P E A - # 4
( Blackey ) #2 chgsah % I § 45380 o 28 /% & InceptionV3 -

InceptionResNetV2 > ResNet152V2 2" s k42 i § A > 4@ 30

22 gl 31 #1o o
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Training and test accuracy Training and test loss
10 | Taining loss
20 Test loss

09
0.8 15 |
07
0.6 10
0.5

| 0.5
04

‘ Taining accuracy
0.3 Test accuracy 00

o 10 20 0 40 o 10 200 30 40

%] 29 InceptionV3 flickr-nanhua 3" s % %

Training and test accuracy Training and test loss
10 ”~ ~ TFaining loss
Test loss
09 20
0.8
| 15
0.7 |
0.6 ‘ 10
0.5 l
04 05
Taining accuracy
L3 Test accuracy
¥ 0.0 E—
o 10 20 30 ] 10 20 30

B8] 30 InceptionResNetV2 columbia-nanhua 3" 3t % %

Training and test accuracy Training and test loss
25
10 | TFaining loss
Test loss
09
| 20
08 |
07 I's ‘
0.6
10
0.5 .
0.4 05|
03 Taining accuracy
Test accuracy
02 T T T rl T GO T T T T
o 20 40 B0 ] 20 40 B0

] 31 ResNetV2 stanford-flickr-nanhua 2" 3 % %
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4.2 CNN F ik *

ERU SIS Fé”,/]% T Bk ¥ - B ﬁg@,—]‘&;{gr@ g o B
chpE o Earlystopping & 5% 7 @5 waf] gl - B § skehp ok - B
Model ¢ 38 & 3" #73¢ = < overfitting o

% iF Earlystopping &0V E 2053k & 2 & 5 1 0 epoch edfdr £

ETRS

o

Setsr @ HP e g [ edicded 647 o L ff 5 AT RURE
A BEELLRE PO R o L fE & B CNN S 0B B
te4k > full-trained % = # 100 epoch 2" » & &% % & & -

% B 5 ’f\." 6 ) fpf‘ FLo4e Py F N

(.2 epoch #c— # 5 B2 epock #) x (#2 /% + # % # epoch #)

RGO E o4 T 4 o
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Z 5 F B AFRS SRR A AT dF P epoch B g
Stanford |Columbia| Flickr | Nanhua | DenseNet201 | EfficientNetB7 I!%r:;?\?:tle/r; InceptionV3 | ResNet152V2 VGG19
1 epoch 28 epoch 21 epoch 21 epoch 29 epoch 31 epoch 45
1 epoch 35 epoch 24 epoch 69 epoch 35 epoch 46 full-trained
1 epoch 76 epoch 71 epoch 71 epoch 65 epoch 76 epoch 75
1 2 epoch 38 epoch 59 epoch 32 epoch 50 epoch 46 epoch 33
1 epoch 65 epoch 64 epoch 36 full-trained epoch 46 epoch 91
1 epoch 59 epoch 75 epoch 38 epoch 55 epoch 40 epoch 98
1 2 epoch 59 epoch 62 epoch 47 epoch 46 epoch 51 epoch 81
1 epoch 55 epoch 78 epoch 40 epoch 43 epoch 59 full-trained
1 2 epoch 55 epoch 44 epoch 32 epoch 43 epoch 58 epoch 41
1 2 epoch 64 epoch 54 epoch 33 epoch 53 epoch 42 epoch 63
1 2 epoch 65 epoch 47 epoch 62 epoch 46 epoch 41 epoch 93
1 2 3 epoch 60 epoch 91 epoch 33 epoch 55 epoch 47 epoch 93
1 3 epoch 85 epoch 31 epoch 35 epoch 41 epoch 62 epoch 79
1 3 epoch 71 epoch 52 epoch 26 epoch 55 epoch 80 epoch 86
1 2 4 epoch 48 epoch 36 epoch 40 epoch 54 epoch 43 epoch 61
Lok % % 4 epoch k| 57.53333 53.93333 41 51.33333 51.2 75.93333
%% % & epoch | 28 21 21 29 31 33
HB#5 %4 epochik |85 91 71 full-trained | 80 full-trained
e %% epoch #c | 863 809 615 770 768 1139
4 & % epoch & | 637 691 885 730 732 361
265 BYRARS BARE L EpE
Stanford |Columbia| Flickr | Nanhua | DenseNet201 | EfficientNetB7 LZCS?\");S'; InceptionV3 | ResNet152V2 VGG19
1 L[ B 47 48| 4] pF35 4| 1) 26448 1AL A4 2 B 37 A48 4] pF 1L A4
12 #) 10 4 30 4 37 %) 36 4/ 56 1)/
: 56 248 1045 2/ 10 4] 2152044 48 A 4R 184y 1] PF 44 ~4h| 3 FF 47 A 43|
55 4 16 #) 12 4 64
1 644 58 F)| 1944 17 4 Sasm2fy|  Assmsas] 94144 84 E46H
) ) Lol asnl S 2744 1 F6as 110448 1 pF4disml 101444
33 4 45 4 114 47 %) 28 4/ 17 4
1 2 T A3H 2004314 64434 848434 TA46H] 1054264
1 » ThA3F| 2454274 SA4S3IF|  45458F TAE204| 1144264
1 5 B 6442 19448364 TAESI| 4448184 84445H| 94 B2
1 Ty 1TAE L A4S 4432 844 144 9 4 43|
1 5 648 TH|  9LBS6H| 4rE24H| 42334 TABISH| 3448474
1 2 7489 4 1254248 458245 4485948 SA&3TH S54ELY
1 5 TA&25F 1044334 TA2SH| 448224 SAB21F 848294
1 2 3 T g4 1944845 45438F S54&13F 644164 8454234
1 3 844856  TAISH| 4S04 34T TAH284) 7 2 48]
1 3 8asm 11| 1144194 3o434  SAs20f 948 49H  TAE48H
1 P 4 Saga3f 84334 Sag2  4sasTH|  SAE3R2H 548431
o o pE 3 PEI3 A4 4 P24 Ak 2 PE 04 A4 2 PEA3 A4 3] PE39 A 4| 2] PF 56 A 4|
38 4/ 374 56 4 29 #) 13 4 59 %)
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+ %2 20l % 2] 4 PR N
F T LV RIDDVRATE Y L pE
Stanford |Columbia| Flickr | Nanhua | DenseNet201 | EfficientNetB7 F';;CS?\?;S;; InceptionV3 | ResNet152V2 VGG19
1 3o P42~ 4b 17 [ E 14 2 4] 5] PE 25 A 4B 13| 3] % 36 4 48 33| 5 50 A 445 5] % 08 4 4b|
54 9 | kY P
) 1] PF A4 248 6 P5 54245 12( 1/ pF O3 24502 1] pF29 44555 2] pF 02 4 4824 #
k2 ki i i
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7 ™
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% 8 & M I % (stanford-columbia-flickr-nanhua) =% B
CNN ZE - 3u vt fd o EfficentNetB7 >+ # 47 32 » R s /2
BB o VGG st A B H R4 BhE " ERFREFLLEEL G
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