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Clothing Image Retrieval Method Combining Convolutional Neural Network Multi-layer
Feature Fusion and K-Means Clustering
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(Engineering Research Center of Hubei Province for Clothing Information, Wuhan Textile University, Wuhan 430200, China)

Abstract The booming of clothing e-commerce has accumulated a large amount of clothing image data.and the “image
search” of clothing images has become a hot research direction. Apparel images have rich overall semantic information
and a large amount of detailed information,and achieving accurate retrieval is a challenging problem. Traditional me-
thods of clothing image based on artificial semantic annotation and methods of image retrieval based on artificially de-
signed content features such as color and texture have significant limitations. This paper proposed a clothing image re-
trieval method based on multi-layer feature fusion and K-Means clustering of convolutional neural networks, which
makes full use of the effectiveness and hierarchy of deep convolutional neural network in image feature extraction, fuses
the detailed information and abstract semantic information of different convolutional hierarchical features to improve re-
trieval accuracy,and uses K-Means to improve the retrieval speed. The proposed method firstly performs uniform size
processing on the clothing image data set,then uses the convolutional neural network for training and feature extrac-
tion, extracts multi-level features of the clothing image from low to high,and then fuses various levels of features. Final-
ly,the K-Means clustering method is used to efficiently retrieve large-scale image data. The experimental results on the
DeepFashion sub-category data set Category and Attribute Prediction Benchmark and In-shop Clothes Retrieval Bench-
mark show that the proposed method can effectively enhance the feature expression ability of clothing images,and im-
prove its retrieval accuracy and retrieval speed. The proposed method is supprior to other mainstream methods.

Keywords Clothing image retrieval, Convolution neural network,Feature fusion, K-Means clustering
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(FusionCNN) , FusionCNN+ K-Means J5 3 H # CNN ## 5
R AR ST B B BB SRS TE A AR A 2R 2 A T s e A

w2 30 TT B R TA) 5 3/ OR W) 37 5% B9 LR pairs,
Fashion & 4 4~ T # . Category and Attribute Prediction

Deep-
PERCIE N

1 KRGEREGPHE 10 KB B mAP Fl Recall L
R Original Watermark Rotate Crop Mirror
mAP Recall mAP Recall mAP Recall mAP Recall mAP Recall
HSV+SVM 0.125 0.0508 0.193 0.0458 0.112 0.0488 0. 146 0.0544 0.114 0.0491
HOG+SVM 0.264 0.0725 0.278 0.0591 0.281 0.0658 0.262 0.0566 0.252 0.0644
FusionCNN 0.625 0.1289 0.615 0.0961 0.684 0.1069 0.424 0.0663 0. 685 0.1227
FusionCNN+ K-Means 0. 845 0.1398 0. 885 0.1227 0.712 0.1113 0.525 0.0820 0.823 0.1286

R AR, AR SR A FR [T AYHT 10 3 181 R R 31 58 HE 5 R A0
ZERMFE 1A,
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R IR 2 PR o1 B A O A SR S ) R B Y R R TR B AR
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SCER T Y B e 2 RS B AT A R 4

ASCH T U E ] K-Means %%N*ﬁ%ﬁ%?iﬂ’ﬂ%ﬁ
Wi R FEAT 3 X HSE B % 48 1 CNN B GoogleNet
BEATHRHESR B, SR 5 H LT KR (GoogleCNND 5 i I A 3L 2
) (R R AT RRAE SR I, SRS PN SR Y ) B — — 5 PR
JEE e A 1 R R AT X HE (FusionCNIND 5 i A SC A6 5 20 452 B
fiE , Fd F K-Means Z 2847 #: K (FusionCNN-+ K-Means) ,
mAP J A g W ] 945 b dn 2 2 B 51, FusionCNN f mAP
E s R 2 FusionCNN + K-Means 7 . mAP % X () 2
GoogleCNN J7#: ., GoogleCNN 5 FusionCNN + K-Means [
K 253 BE AR AL, T FusionCNN -+ K-Means 114 #5238 BF B 2 Pt
T FusionCNN, il & 22 2 N 4% ¢ AiE -5 B ) £ 2 038 n i 1
T A A R R AR (R K-Means #F 17 R &K
R T KR EZXK, i L) GoogleCNN 5 FusionCNN + K-
Means B8 2R HORAT . H R ZE P08 K N 50, HE T A
FH SR A R I L4 3 TR 50 i

# 2 AFEITEK mAP KA R ] A Xt L

HoEHA mAP Time/s
GoogleCNN 0.625 0. 254
FusionCNN 0.862 13.752

FusionCNN-+ K-Means 0. 845 0.235

T BB HL GoogleNet A [R] I 2% 2 VE by £ 2 1) FRAE 1)
R B RS L E R [0 3% A UCBCT U 2R BT 9 fil
FH 3 SO AR AR 1 AN (] 99 26 )22 (0 RRAIE S L3R mAP, Al 5 i,
ME AR LE B, R 3B Inception Module (1) J& #8457 HE/E A
FRE 2R oR 19K 2 M B B 22 L Inception Module (2) $2 B8 45 1E
KR REM I, R Inception Module(3)4F 4 HF1E 278 E A
P AF A = AE Z 5 R RO B 4. (R A B U 2k
AN TR 1 22 AR O 52 36 i A R BOUR WA TJ” N O NI

ANBEIA BRI RO N Rk Ed 2 2377 R i A R R AU
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09
48 7T
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X 06
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