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ABSTRACT

In this paper, we propose a new approach to dog breed identification model through the computer vision and
deep-learning and perform the relevant experiments and describe the results. These experiments will be a
cornerstone for research to implement ‘smart pet care services’. The identification of dog breed is based on
CNN(Convolution Natural Network) model, which shows excellent performance in Feature representation learning.
CNN is known to improve performance if unnecessary areas and noise are removed. Therefore, the proposed
model combines U-Net to remove all unnecessary areas through Instance Segmentation and performs identification
through CNN. The proposed model showed 17.86% higher performance than the CNN alone model, and 91.62%
accuracy in identifying eight dog breeds. However, experiments have shown that the CNN model does not
clearly identification between two breeds of similar color arrangements or shapes in the image of a dog that
shows only a face or body part. These results has another different significance to the Identification accuracy and

the direction of our future research to improve it.
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I. Introduction
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II. Related Works
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. Proposed Identification Model

3.1 Basic concept of the proposed model
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3.2 Pre-process and Dataset
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Fig. 2. Basic concept of proposed identification model

uzbr], & A= 4l
T4 VA& 2 Z Otsu- Thresholdlng < A
83 = 243l 7N(dog) &

<l 722 (web crawler) S 3l

g o]

§3h= ZloR on|A7} |ar g

Felshs AgS Sl
[Fig 3] 5l o]n|A] 5 th4lS& Thresholding

= A83 o] Ao}, 18-S A, 25

E o]u|X|(Source)E 71:F 2= ThresholdingS 4

o >

<
_’_X

/g

FE
2

n%

gl W 92 oA} vehde el
Histogramo] &%) o]zfgh Aol o]n]#]¢]

B A ofzt A Tkt
gk

u}2}4], Thresholding®] Best-conditions 123}7]
213l 507fe] FH o]n|R|E yAte g [Fig 3] 9] HL/\T
o7 AES $3slgir)t 1 A7), Gaussian-filter™ &
Ag3h= Ael, 134 @2 ZHrl Noise AlAA
Aoz v Eadel AnE mgle
Open-CVol|#] A-8-3}= Binary-Thresholding"”’ %};
2]Z ®r}, Otsu-Thresholding!”'o] ZAAA 7453} 1)
o19)i= FH(hole) 2] Aol g S A= o] T2
e ngle

B3PR8k, Thresholding®] AollA] veht= Z1A)
W Hleisl= 7 (hole)2- 35 HlolEl 2 ARES1A =
o FA7} 2 4= gl “}E]r/ﬂ [Algorithm 1] 3l
Hlolohs THES Avve IS ke 7

W7 g

o] Open-CVelA] Zﬂd—ﬁ}l‘— floodFill &5 &8
aha, [Fig 417} 220] %

< ol Ae 5 9l

= AR vlegle TS

— Result
(Bulldog, 0.91)

Output Image
Identification

2325

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences ’19-12 Vol.44 No.12

Table 1. Used convolutional architecture of U-Net

Source Histogram Binary-Thresholding
Source Histogram Otsu-Thresholding
Gaussian-filtered Histogram Otsu-Thresholding

12! 3. ek Thresholding A131e] Az}
Fig. 3. The results of various Thresholding experimental

Thresholded Thresholded + Filled holes

- §

32| 4. Thresholding ©]% ®lei3le & Al A7}
Fig. 4. Result of filled holes after applied thresholding

Algorithm 1 : A Method for Filling Holes
Input : img(thresholded)

cv2.floodFill(img, mask=np.zeros((h+2, w+2), np.uint8),
seedPoint=(0,0), newVal=255)
cv2.bitwise_not(img)

o

14

filled_img =

S
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Layer Output Shape Connected to
input-layer (None, 256, 256, 3)
conv2d-01 (Conv2D) (None, 256, 256, 32) input
conv2d-02 (Conv2D) (None, 256, 256, 64) conv2d-01
max_pooling2d-01 (None, 128, 128, 64) conv2d-02

(MaxPooling2D)

conv2d-03 (Conv2D)

(None, 128, 128, 64)

max_pooling2d-01

conv2d-04 (Conv2D)

(None, 128, 128, 128)

conv2d-03

max_pooling2d-02
(MaxPooling2D)

(None, 64, 64, 128)

conv2d-04

conv2d-05 (Conv2D)

(None, 64, 64, 128)

max_pooling2d-02

conv2d-06 (Conv2D)

(None, 64, 64, 256)

conv2d-05

max_pooling2d-03
(MaxPooling2D)

(None, 32, 32, 256)

conv2d-06

depthwise_conv2d-01
(DepthwiseConv2D)

(None, 32, 32, 256)

max_pooling2d-03

conv2d-07 (Conv2D)

(None, 32, 32, 256)

depthwise_conv2d-01

depthwise_conv2d-02
(DepthwiseConv2D)

(None, 32, 32, 256)

conv2d-07

conv2d-08 (Conv2D)

(None, 32, 32, 256)

depthwise_conv2d-02

add_layer-01 (Add)

(None, 32, 32, 256)

max_pooling2d-03
conv2d-08

up_sampling2d-01
(UpSampling2D)

(None, 64, 64, 256)

add_layer-01

concatenate-01
(Concatenate)

(None, 64, 64, 512)

up_sampling2d-01
conv2d-06

conv2d-09 (Conv2D)

(None, 64, 64, 128)

concatenate-01

conv2d-10 (Conv2D)

(None, 64, 64, 128)

conv2d-09

add_layer-02 (Add)

(None, 64, 64, 128)

max_pooling2d-02
conv2d-10

up_sampling2d-02
(UpSampling2D)

(None, 128, 128, 128)

add_layer-02

concatenate-02
(Concatenate)

(None, 128, 128, 256)

up_sampling2d-02
conv2d-04

conv2d-11 (Conv2D)

(None, 128, 128, 64)

concatenate-02

conv2d-12 (Conv2D)

(None, 128, 128, 64)

conv2d-11

add_layer 03 (Add)

(None, 128, 128, 64)

max_pooling2d-01
conv2d-12

up_sampling2d-03
(UpSampling2D)

(None, 256, 256, 64)

add_layer-03

concatenate-03
(Concatenate)

(None, 256, 256, 128)

up_sampling2d-03
conv2d-02

conv2d-13 (Conv2D)

(None, 256, 256, 32)

concatenate-03

conv2d-14 (Conv2D) (None, 256, 256, 32) conv2d-13
conv2d-15 (Conv2D) (None, 256, 256, 2) conv2d-14
reshape-01 (Reshape) (None, 65536, 2) conv2d-15
activation-01 (Activation) (None, 65536, 2) reshape-01

reshape-02 (Reshape)

(None, 256, 256, 2)

activation-01

[Table 1]& 7-81% U-Net AW 725 2|u
v} Up-sampling®]
convolution feature map3} channel®] H}gk©

resizing= =38t ¥ concatenation = LRl

ol Falsiele
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Input Image Prediction result by U-Net
Post-Process applied

12l 5. U-Net2 E3F Segmentation 2] 2}% 2 Z3z}
Fig. 5. Process and result of segmentation through U-Net

Optimizer= gradient$} learning rate s 257 78]
&= Adam optimizer''Z 83l 7, £AIFE
(Loss)= categorical cross entropy'?S &-8-3}3lc}

[Fig 5= °l"IAE W42 U-Nets 53
Segmentation®] *|2] A3} 7 A}E onlgc} 1
2 Al uH, WA <% (Trained) U-Netg =3
Prediction- =33} SegmentationS =33t} o]
213+ A4l output-> Segmentation map >z el
], A object)> 12, YmA]= 002 A=3ch

°]F, Post-Process(F-#2l) A& Tl AIEe
BASH= 7S AR e, o] Open-CVY ol A
3= Morphology'®) 34} 5= 312 (Erode)2 &H-4-3}
o] =2 Noise®| A7} Z3Al that HEdE g
3}37, Gaussian_Blur® 2 %3 9JZAHAE)S £
=5A ste] A Eele] Aes Tl e 2
=t} ©o]z]&F Post-Processel THEF A=
[Algorithm 2]2 # <]k}

SegmentationS £3l 7l(dog)2] AAE wlz e
3} o]Fel|i=, CNN(Convolution Neural Network)? &
23l Feature representation learningS- 5=3J3ic}. o]
v|x]ol|4] £A]S- 2= Feature Engineering=S 2~
T35|= CNN-2 o]u|X|of|4] &2 g3} 33} Noise
£ A= Aeo| st Aol & Adas Fria o4
A oodek olHE ARl whl oA AHgst
Segmentation> &5 thAkl 7H(dog)E Alelsla =

Algorithm 2 : A Method for Segmentation

Performance Improvement

1. Input : img(applied Segmentation)
element =
cv2.getStructuringElement(cv2.MORPH_RECT,
(2*EROSION+1, 2*EROSION+1),
2. (EROSION, EROSION))
img = cv2.erode(img, element)
improved_img = cv2.GaussianBlur(img, ksize=<(10, 10),
sigmaX=6, sigmaY=06)
4. Output : improved img

Table 2. Used convolutional architecture of CNN

Layer Output Shape Connected to
conv2d-01 '
(Conv2D) (None, 64, 64, 32) input_layer
max_pooling2d-01 (None, 32, 32, 32) com2d.01

(MaxPooling2D)

dropout_01 ]

(Dropout) (None, 32, 32, 32) | max_pooling2d-01

conv2d-02

(Conv2D) (None, 32, 32, 64) dropout_01
max_pooling2d-02 1 - o 16, 16, 64) conv2d-02

(MaxPooling2D)

dropout_02 ]

(Dropout) (None, 16, 16, 64) | max_pooling2d-02

conv2d-03

(Conv2D) (None, 16, 16, 128) dropout_02

conv2d-04

(Conv2D) (None, 16, 16, 128) conv2d-03
max_pooling2d-03 ]
(MaxPooling2D) (None, 8, 8, 128) conv2d-04

dropout_03 ]

(Dropout) (None, 8, 8, 128) | max_pooling2d-03
flatten_01 (Flatten) (None, 8192) dropout_03
dense_01 (Dense) (None, 256) flatten_01

dropout_04

(Dropout) (None, 256) dense_01

dense 02 (None, 13) dropout_04

T AAsRE dele]7] wliiel CNNe| As 74 =}
2 AEREHE 2=k

[Table 2]= 7-81% CNN ®dlo] 22 ou]glc),
s mdle] S-S 9)8t Pre-ProcessZ+= H|o|EE
float At&3 o2 WFsl= 7P Bl whe] A
3K Normalization) 'V & E3l k2] Scales FA3}
Ak

[Table 3] A5 sk XS ofn|ghel FE-2
< ZE|(web crawler)E E3l =] 7li(dog) ©17l

£ At en, 1 AA A A TkeR 5
7&"]’3 Fefale] FHEE onIX|E g wiAsls
o} FES ok A 2Jg) U-Net .‘}_‘ﬁg %3l 7N(dog)<]
3 #]e] = ¢33} noise} SHH 3] AlAFIG oM,
% gl AEE 7HaEE A ]—,\ir:}, ol ol
S5 T3 Al Aeg aEsh] A 54
© 2, American Bulldog Z12]3 French Bulldog} %+
< fAkeE gl mlele] AES REo R ARSI
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Table 3. The training samples by dog breed

Dog breed Count |Percentage(%)
6‘ American Foxhound| 4,852 14.30
A
é« " | American Bulldog | 3,917 11.54

f\? Beagle 4,792 14.12
L

Q\“j: Basset Hound | 3,804 1121
Dalmatian 4,798 14.14
o
. French Bulldog 3,872 11.41
‘i"h
i Golden Retriever | 3,109 9.16
b : e
,-3 Korean Jindo Dog| 4,782 14.09
Total 33,926 100
ACCURACY CURVES
09 T
06 —/f::i_
ACC /
04 /f‘

1/ == tran_accuracy val_accuracy

2 3456 7 8 9 101112131415161718 1920 2122 23
EPOCHS

LOSS CURVES

= train_set_loss val_set_loss

LOSS ==

EPOCHS

J% 6. CNN R training 7Fe] Agwel &4 341
Fig. 6. The Accuracy and Loss curves to training of
CNN model

IV. Experiments

4.1 Accuracy of Proposed Model

B AT Algkshs mele] Aol B3k 27
A5 A7kl Aes vlayitses 7 A
& Sasigich WA, Aldehs wale) [Fig 219 &
= 7w, A% SA-E [Table 319 3¢5 F2-2 njet

© 2 2l Train 3} = 47442] 7l(dog) °®IX]el

i}
o

Table 4. The experimental samples and results by
proposed model

Experimental Samples and Result

Dog breed
Count | Percentage(%) | Accuracy(%)
American Foxhound 58 12.23 89.65
American Bulldog 72 15.18 93.05
Beagle 62 13.08 85.48
Basset Hound 58 12.23 87.93
Dalmatian 60 12.65 93.33
French Bulldog 51 10.75 92.15
Golden Retriever 55 11.60 100
Korean Jindo Dog 58 12.23 91.37
Total 474 100 ( /fvle'r,‘;:e)

&} Identification Accuracy S ZA 3tk olul, =
Aol 8=l olrIA|= il AMESIA] 32
< AHg3Rch

[Table 4] A3l AR el 33k w2} A
QFsl= Zdell ok AEAge] Aok oy vig
7A%£9]  Accuracy 12 91.62%°]™, Golden
Retriever(§) 2] 7% 5542] oln|x] wFE A5}
F23l9ic)k SRRk Beagle(‘?)iﬂr Basset Hound
X)) 7%, 27t 85.48%7F 87.93% 2 Fturt =
Al G Ad5s B o], Al AME ZE
A1 7N(dog)®] AAle] B viehd olrl]elA =
A HARE A7 F-2 AlA A el o]
PRl M= 5 7 7F Ade] wiedelvt ezt Ak
3lod, CNN mdlo] o] & HEs}A 73] Z3lsdrh

4.2 Performace Comparison Analysis

[Table 5] 755 A8ske I A7E53] A
oo My Aehe Al Aret o Axs ovidt
t}. AFP-& 24 7|43 Dog Landmark™™e] %3}
CNNS 5507 Al Aol A5, 28]l £ =
Al Alskehe wele] As-g wlasslth

Dog Landmark 4§ ¢] 7-¢- Z|AA|(dog) 7t A

Table 5. The breed identify performance of various
algorithms

Algorithm
Catego
80 | Land Mak® | CNN Proposed
Model
Dataset 5,892 33,926 33,926
p 0?;?;:36 o | 33691% 68.1298% 87.8592%
(]
a ngcﬁf;ie o] 370837% 73.7525% 91.6237%
0
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Segmentation®] % ¢lo] CNN<2
=A3= 7§ do], Convolutional Architecture+= #|
kel Bl Fdg FEolrh

[Table 6] Dog LandmarkZ £3F 7AZ2g Al
Hol| AMEl ZHol| I3k AHre} Age] Zjo|rt
o35 wle] 79| Accuracy HT-S 37.08%°]%1A]
vk AAE oy W] Al AR sle At
veh ] ookt o], Landmarks &3f viehd
ZAellA] mark®] 914 AH(x, y)7t T dAEA]
okar, 54 oluAleA= ofe] W] AelA =
4 frelgh Wsl szl wiielc) ol=ldh A
o] A= sied b Eo] /NA|IFdE(detection) A=
w7} glAuE, E(classification)2] 7dellx]& &
& dlolele] <kt FAIGle] FAjIRS AARRI

[Table 7]<- CNN-& 53t 521 Alglel] A%
el ¥R Axe} AFe] Asjolrh CNN& 53
o5l wh] Z%5°] Accuracy - 73.75% 2 E 4
FollA Algkshs melvh= 17.86%2] Ato]7} )ik
Al&lo|A]  American Bulldog(é'), French Bulldog
(¢, Korean Jindo dog()e A%, 2 62.50%,
60.78% 12]3L 70.68% = HyrHc} = 2 A2
E‘ﬁiﬂl 53] 2 Fgo) N7 MR Se F
= AdE 1ok o]y, AlFel AR x| v
(background)®] AAte] 3Ael A -5 S5k
o] Zrj= Ho g w|Fo] B uf o]n]|x|oA] BT Q:
%393} Noise S A|A3= 7Zlo] CNN2| Al53 &
FAJA) Slvke AEe] AxbEch

O&‘

fr

=

FAE A

m:[ﬂlo

3
ox

Table 6. The experimental samples and results by
Landmark[2]

Experimental Samples and Result
Dog breed
Count | Percentage(%) | Accuracy(%)
American Foxhound 58 12.23 39.65
American Bulldog 72 15.18 375
Beagle 62 13.08 41.93
Basset Hound 58 12.23 32.75
Dalmatian 60 12.65 36.66
French Bulldog 51 10.75 37.25
Golden Retriever 55 11.60 38.18
Korean Jindo Dog 58 12.23 32.75
Total 474 100 3(;"33;)5

Table 7. The experimental samples and results by CNN

Experimental Samples and Result
Dog breed
Count | Percentage(%) | Accuracy(%)
American Foxhound 58 12.23 68.96
American Bulldog 72 15.18 62.50
Beagle 62 13.08 77.41
Basset Hound 58 12.23 77.58
Dalmatian 60 12.65 86.66
French Bulldog 51 10.75 60.78
Golden Retriever 55 11.60 85.45
Korean Jindo dog 58 12.23 70.68
Total 474 100 vazrz:es)

4.3 Future works and contribution
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Fig. 7. The Smart pet care service in future
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V. Conclusion
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