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[Abstract]

In this paper, in order to implement an artificial intelligence system that can appropriately match fashion items according to the
situation, a deep learning model based on convolutional neural network was designed after labeling with 10 fashion items based
on fashion-MNIST. Based on the designed deep learning model, 45,000 fashion images were used as a training dataset, and
15,000 fashion images were used as a verification dataset, and deep learning was performed with a total of 15 epochs. As a result
of the deep learning execution, the training data learning accuracy 96% and the verification data learning accuracy 94% were
output in the accuracy evaluation of fashion item classification. In this paper, we constructed a dataset that can provide 7 types
of fashion matching based on the implemented artificial intelligence fashion item classification system. The established dataset is
expected to become the basis of an artificial intelligence fashion matching service that can satisfy various fashion needs of
individuals in the future.
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olu|#] 14 7]so] W Fhl| whe}l HHo = 1T F(AL
artificial intelligence)s ©]-8-F thFsh Au|2~7} EY=|ar gl
th g9 A HiE W= JIEA 5 WHolE V|eS
o]-&3te] niAY I} M Ew AL BEE T Tof| 8351 9l
ol AAPEA Y 28 E ol IF A5 7|ES o] 83t £
S YARISkAL 2102 28 YoJH i Tl 4= 9l AlH]
25 Afesich kol et A 71952 A vES A A
H]|2~(SNS; social network service)oll G2 =511 Q1= JEFA
(influencer) E-2] A o|n|X| & FAIste] i ERE gt
o ARE-3}AL Itk 1F A4S 7]szo] =o)E A g Eoll A=
2|7} 5 U =E wrdate] Tl Al s A AlE
AR E AlgakaL, el Ao ANkl 8. o 53 viAE
2D AgA oAl Ao TS W QU wpEhA] JIFAF 7]
o] =YE A g 5S o]8she PR A &g sl
A st AL she AlE vlseg AES ARV wi
(matching) & = A= AFE 27NES = A HATHL. oA
& o) Akl 831 = JIEH|T 7]E2 Blulo]E & 7]
ko 2 3}= dlolE] ¥8Kdata science), ™Al 2]'d(machine
learning),  2]'d(deep learning)¥} 7+ 7]&o] W55 7]
7Fs gk do] HATH2].

A theFgh g okl 85 a1 9= 1E A5 7]
- w2 A wbdsta 9o LeNet-5 7ol A8¥ ¢k 27
(Yann LeCun)®] 43+ 217(CNN; convolutional neural
network)[3]- o|H|A] BF7= B2 A& Ak, 98 94
A Foll 83 885 AL vk =24 22} o|w]A| HioE
ol 3 d5l= MNIST(modified national institute of standards and
technology database)[3]5 HIX| 7] 8lo] TheFst o|u|%] H|o]E
Alo] Sdsta Jomn A Folill A Zg%(zalando)ol A
4 HOJEJ A fashion-MNIST[4]E 20173 =0l W), 3
o o] & 7|¥FO. & CNN 2aLE|5E &8-ato] g4 olo|flES
EF7E 5 AT Helde At A ¢ = AT A&
7R = ATH5], [6], [7].

ARHE 2 R1F A5 71%50] HAlE g EolA Al EE
&gk Au|F o] &3to] ARl e] TS AL et 5
o ub= S T = 3= A ofo]Bl(items) B2 -l
I Qlek AR gk A ofolHl S S8 A Bl HA
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i al7] sl AR e S Al gl shs #All= o] E] &
Alskar et o]l sk Al s A3t fl3l A2 Q1 A w A
o2 A oS Iovlo)Addd =S BA gin]e] 2n)
E o) sarjuo] Aol gk A u| 227t Al E 7] = SFSITHS].

2 =X A oto|glS o whet A et mi S
T = 1A T AH|2=F A7) 21814 fashion-MNISTS
|9to g2 EJMZ/§H(T-shirt/top), HFA|(Trouser), &2
(Pullover), =2 2~(Dress), Z.E(Coat), 215 (Sandal), 4 (Shirt),
U7 Z(Sneaker), 7 (Bag), U= H-*(Ankle boot)°l| 3lF5}
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S 7 s Elz] sl ofo|jIES 771 s v 4
2 A = vloEALE sk, 35 Q1] s s ofo]
Bl MH|~E 915k ZJA 5 AT 2 AFellA] AljE
H 77K 9 w845 B Z=/RH(T-shirt/top) 2} BFA|(Trouser)
A, E-Q W(Pullover)$} WEA|(Trouser) "%, FE(Coat)2} H}A]
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ZNE(Sandal) "3, HEX|(Trouser) 2} 2~U#Z(Sneaker) W1, ¥}A]
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olo|glo g JHEste] HlolEP e & HeldoR 5s A
g g Ade AEES F5s] SdEA A dlolg Al
fashion-MNISTE #4]3}3L, #4]% fashion-MNISTE 7]RFO.
2 77HA A wA 8A4AR A ¢ e tlojEAlS AAs
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Fig. 1. Flowchart of GAN
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Fig. 2. Visualization of distribution and discrimination of
data generated by GAN
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Fig. 3. Fashion design colored by deep learning
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CNN 7|8 Z2ig g o8t M ofol®) 25 o Zet
H AL M= Held 238 A A S w51 Qs T+
¥ Held 2dS 0]-8-810] fashion-MNIST & d]o] €Al

60,0007 Z-oll A 75%¢]l 2ld3h= 45,000715 ¥ (training) Hl
olEfAlo®, umxl 25%cl dFsHs 15000718 HE
(validation) to]E] A o2 A4 3}o] - 153]2] ol F(epoch) 2.
2 Hed RdS S5AIz o s I35 ol o) ATk

O - ==

#EA F=S 93t g

cnn_model = Sequential()

cnn_model.add(Conv2D(filters=32, kernel size=(3, 3),
input_shape=(28,28,1), activation=relu', padding='same"))

cnn_model.add(BatchNormalization())

cnn_model.add(MaxPooling2D(pool_size=(2, 2)))

cnn_model.add(Dropout(0.2))

cnn_model.add(Conv2D(filters=64, kernel size=(3, 3),

input_shape=(28,28,1), activation=relu', padding='same"))
cnn_model.add(BatchNormalization())
cnn_model.add(MaxPooling2D(pool_size=(2, 2)))
cnn_model.add(Dropout(0.2))

4 ER2 o5 wag

cnn_model.add(Flatten())
cnn_model.add(Dense(units=128, activation="relu'))
cnn_model.add(Dropout(0.2))
cnn_model.add(Dense(units=10, activation='softmax"))

#ehd w el
METRICS =

keras.metrics.Precision(name="precision’),

[ 'accuracy’,

keras.metrics.Recall(name="recall')]
cnn_model.compile(loss ='sparse_categorical crossentropy’,

optimizer="adam' ,metrics=['accuracy'])

#Hed 2l o

epochs =15

batch_size =32

history = cnn_model. fit(
X train, y_train,
epochs=epochs,
verbose=1,
validation_data=(X validate, y_validate))

4-2 CNN 7|gte] IjM oJ0|Ell E=E 9|5t

B2

g 2

& el AR CNNE: ©]-8510] 10714 I ofol|l =
913 lefd Reks AR At 9 8 3 2 Aap S ERI:
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Table 1. Loss and accuracy after deep learning execution
using CNN based on the training dataset and
validation dataset

Epoch | loss accuracy val_loss val_accuracy
1 0.4840 0.8281 0.3383 0.8816
2 0.3231 0.8810 0.2882 0.9004
3 0.2844 0.8960 0.3990 0.8683
4 0.2547 0.9058 0.2510 0.9089
5 0.2297 0.9147 0.2535 0.9096
6 0.2129 0.9216 0.2385 0.9184
7 0.1968 0.9270 0.2353 0.9249
8 0.1830 0.9320 0.2276 0.9258
9 0.1664 0.9383 0.2420 0.9249
10 0.1546 0.9422 0.2271 0.9287
11 0.1484 0.9429 0.2177 0.9335
12 0.1388 0.9489 0.2256 0.9300
13 0.1330 0.9502 0.2362 0.9320
14 0.1229 0.9532 0.2361 0.9264
15 0.1165 0.9572 0.2227 0.9364

el ® 15 o &4 B ALEE e A 743te)
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