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iMaterialist Fashion Attribute Datasetol| A #| &%= #| A o]u|#] Hlo]E] A|EE Ao & Mask R-CNN 2|9 &gl
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[Abstract]

In this paper, in order to prepare a framework that can provide personalized artificial intelligence fashion coordination services,
fashion elements were detected using the Mask R-CNN deep learning algorithm targeting the fashion image data set provided in
the iMaterialist Fashion Attribute Dataset. As a result of performing deep learning to detect fashion elements with a total of 8
epochs, the loss of training data was found to be Lcls 0.53, Lbox 0.38, and Lmask 0.35. And the loss of Validation data was
Lels 0.54, Lbox 0.33, Lmask 0.36. Effective personal artificial intelligence fashion when fine-tuning using the deep learning
method implemented in this paper after adding various conditions such as color, season, material, trend, and brand name based

on the fashion image data set owned by an individual It is expected that it will be a coordination service.
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o] A+ R-CNN dlo]] o) A o),
2-1 R-CNN =7| 2=

R-CNN2 244 A& 274 2710l AREE S 2= CNN
ol| region proposals F7}sle] A7} A erkel o S-S A9k
ataL AlQke Gl A E HED 5= =5 2014 =0 &
A= A7), wiE 7} AR SR o] Fol 7l Fitgh Feke] ojn]#|
o4 R-CNN &arg]55 o]-8-ahd ofefo] 17 |

5
3} ko] 1A
£ AEshal ERE g U Ark 27 12 sl o] el A
F2 A S-S bounding box Z F &3}l B]E-0] bounding box
o] A7} F-olE efn)ah= A& ks 253 R-CNN
O 2 A% AL vEhit

R-CNN9| A% Bdl 2= o]n|#] §i¥, A7} EA1E
Tt 1 o 35, CNN 574 A14Y, bounding box 7]1HH] <3
o BHE Sl AAE AT 7 Q=T AT S, 49
2 A BES vhro] v Al efsta A7 E=AE d9s
dgo® CNNS HA7lE WS ovlehy a9 2%

R-CNN 2177 wel o] 7kl

2 Ao 4] g8-51arat 3l Mask R-CNN9| 7] REi]l
R-CNN ¢hare]&e tha-at o] 3dA|& 223k §- wpx|ato.
2 bounding box 413 3] (linear regression)E 53l koA B
o 19 13 o] EYE AT

d4&s

=

ZH| oA Al
Fig. 1. Example of objects detected using R-CNN
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Fig. 2. Model structure of R-CNN
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E 1. R-CNN, Fast R-CNN, Faster R-CNN2| 213 2! &2 dH|w
Table 1. Input and output comparison of R-CNN, Fast
R-CNN, and Faster R-CNN

input outputs
windows of the bounding boxles +llabels
image for each object in the
R-CNN 9 . image + New bounding
corresponding to .
obiects box coordinates for the
! object in the window
images with Object classifications of
Fast R—-CNN region each region along with
proposals tighter bounding boxes
Classifications and
Faster R—-CNN | images bounding box coordinates
of objects in the images
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3 2% wH|E g ofml ] HlolE] A EE 7IRko ® 467) =
Aozt o F MAGFL oF 52770 + IF FE 199h)E U
ERATE 46702 AHolE oF 7NAIQ] super category= A
(upperbody), 3Hl(lowerbody), 1 Xl(wholebody), ™ ](head), =
(neck), 3} £=(arms and hands), &2](waist), TF2l9} P(legs
and feet), 7]EK(others), 2] H-3(garment parts), ] (closures),
ZF2(decorations) 2.2 T4 F Tk

I 2. 46712] Bt = MolE o|F A
Table 2. Clothing objects defined as 46 types

id name super category
0 shirt, blouse upperbody

1 top, t—shirt, sweatshirt upperbody

2 sweater upperbody

3 cardigan upperbody

4 jacket upperbody

5 vest upperbody

6 pants lowerbody

7 shorts lowerbody

8 skirt lowerbody

9 coat wholebody

10 dress wholebody

1 jumpsuit wholebody

12 cape wholebody

13 glasses head

14 hat head

15 Eg;’ardabcacr;ds,sorCead covering, head

16 tie neck

17 glove arms and hands
18 watch arms and hands
19 belt waist

20 leg warmer legs and feet
21 tights, stockings legs and feet
22 sock legs and feet
23 shoe legs and feet
24 bag, wallet others

25 scarf others

26 umbrella others

27 hood garment parts
28 collar garment parts
29 lapel garment parts
30 epaulette garment parts
31 sleeve garment parts
32 pocket garment parts
33 neckline garment parts
34 buckle closures

35 zipper closures

36 applique decorations
37 bead decorations
38 bow decorations
39 flower decorations
40 fringe decorations
41 ribbon decorations
42 rivet decorations
43 ruffle decorations
44 sequin decorations
45 tassel decorations

i 24 HES I3 Mask R-CNN EEid

E 3. 204702 ME3l=E o7 &M
Table 3. Clothing properties subdivided into 294 types

no name super category
0 classic (t—shirt) nickname

1 polo (shirt) nickname

2 undershirt nickname

3 henley (shirt) nickname

4 ringer (t—shirt) nickname
289 peacock animal

290 zebra animal

291 giraffe animal

292 toile de jouy textile pattern
293 plant textile pattern

33829470 2 AlESHE o) 435 Ve 294709] Al
w3} o) £239] super category = 9 U] Y (nickname), 2151
(silhouette), 3]2] 2}¢)(waistline), Z©](length), = 2}¢1 E}FY)
(neckline type), 2323 E}F})(opening type), B 221 EFY
(non-textile material type), 7}=(leather), - P 2 A= 7]
“(textile finishing and manufacturing techniques), - =&l
(textile pattern), 5= (animal) 2 -3 €t}
3-2 Mask R-CNN2 &8st M o4 HE
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T AEF Tt
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P4, P5, P6 feature map=- A3/ 31},

597 - 25 373 feature mapoll 247}
F+3}3L bounding box regressmn =9 #s =E59ih

6T . &8 o2 I bounding box 37 #h-S A on]X]
2 projection A]#A] anchor box & AJ-d gttt
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8HA| : 242} A7]7F A= thE anchor boxE<- Rol AE S
53 sizes 9rEt
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R-CNN$&- 28310 245 o F /A|e] 455 o511 9]
19 79014 ()= 3 29 id 1091 dE3k= dress, (b)& 3 22] id
00l adsl= shirt} id 691 a@31= pants, (c)= 3F 29 id 11
ol 3= jumpsuitS B},

(c)

18 7. Mask R-CNNg o|8sto] 22|& e 24
Fig. 7. Fashion elements separated using Mask R-CNN

38 8. Mask R-CNN2Z AEE oM 24
Fig. 8. Fashion items detected by Mask R-CNN
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IV. Mask R-CNN %

Mask R-CNN9] <=4 8= Lcls(classification loss) +
Lbox(bounding-box loss) + Lmask(average binary cross-entropy
loss)Z AIRFETHS]. 917194 Lelsi= Softmax Cross Entropy,
Lbox+ bounding box regression, Lmask+= Binary Cross Entropy
& SlvIeh #05 Glol A= /IO 5 pel ol ko

= Heds Ty 23} A% Lels, Lbox, Lmask S 3E 4]
A AL 8 of| & 48] 5 5% do]E 9] Lelst 0.53, Lbox
0.38, Lmask+= 0.35% YERGt} 18]35 do]E 9] Lelss
0.54, Lbox+= 0.33, Lmask+ 0.36 2.2 UEF o 3 49] &4
S A Alzskebd 19 109} 2k

E 4, =3 do[eM 3} Z4Z Ho|HAMS 7|42 2 Mask R-CNNS

0|83 Haly MY ¥ &4
Table 4. Loss after deep learning execution using Mask

R-CNN based on training dataset and validation

dataset
epoch train_mrenn_ train_mrenn_ train_mrenn_
class_loss bbox_loss mask_loss
1 1.238566 0.733075 0.68254
2 0.782887 0.569196 0.51264
3 0.814755 0.527152 0.439102
4 0.669339 0.449124 0.410754
5 0.644507 0.423773 0.389027
6 0.610574 0.394137 0.380548
7 0.618088 0.382417 0.358057
8 0.535927 0.382605 0.356228
epoch val_mrcnn_ val_mrcnn_ val_mrcnn_
class_loss bbox_loss mask_loss
1 0.832738 0.626864 0.587931
2 0.856314 0.594667 0.517932
3 0.684806 0.506972 0.49388
4 0.639155 0.535202 0.373547
5 0.696562 0.430287 0.464404
6 0.513316 0.370181 0.368127
7 0.735358 0.383918 0.368852
8 0.542074 0.336219 0.361719
A Q2 Eo] B3 71 1512 F A o]n|#] Hlo]E]
AEE M Z/8 vlA], E20H, =X, I E, AE, H*E, &
Az, 7P, B2 29 o] F10719] 4R PolEd e 5
CNN LeNet-5 ¥a12]55 o8 }01 HPH 8408 HAESe o
2 d A kIt W, 2 Aol A = 35 200 AlAIgH46

7 el A= Al skske] Eﬂ 1235 A om|#] HloEjA

EZ 7]4ko 2 Mask R-CNN {214 F3ste] o 242
HEsIltE 1 A 19 8ol A AASH A} o] o] F Al
e WA 845 A ae7ix HED 5 A, o F
A ol Eo] Y ou]x] o] FHF|o] FpHoa ug_;qa
A A 247 EE A 9SS geled 4= ik
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#AZE 218 Mask R-CNN El&id

= val_mrcnn_class_loss
train_mrcnn_class_loss
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