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Fashion Trend Analysis using Deep Learning Techniques
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ABSTRACT

Fashion retail is an essential business involved with necessary things in human
life. In addition, a high level of profitability can be generated to entrepreneurs. Therefore,
knowing fashion trends can lead to appropriate product design corresponded to the needs of
customers. Regarding to advanced technology in computer vision field, it is possible to collect
customer data via CCTV. Then, they can be presented in business intelligence system to

further trend analysis in real-time.
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In this work, we present the approach to extract the customer information e.g.
gender, age and clothes using deep learning techniques. In order to increase the efficiency of
data extraction, we first detect human in the image using ImageAl and OpenCv. Then, age
range, gender and emotion can be predicted from human face. In addition, clothes can be
extracted by dividing into the top body, bottom body and shoes using YOLO technique. Once
finishing extraction process, all information are stored in NoSQL database and visualized by
using business intelligence system (Qlik Sense). Our approach offers high accuracy when

evaluates on the test dataset. Including a report system that can meet the needs of the system.
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1. 7MI03331KIAYU (Person Detection)
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4. Mm5nadaulaaa (Model Evaluation)
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O-FASHION HOME  DEVOPS  CONCEPT  QuIZ

PERSON FACE GENDER AGE EMOTION TOP BOTTOM FOOTWEAR
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1. @ (PERSON) 89.1 PERSON TRUE
2. Tunth (FACE) 100.0 FACE TRUE
3. Lwel (GENDER) 75.1 FEMALE TRUE
4. 08 (AGE) 85.8 (25-37) TRUE
5. 21586l (EMOTION) 2.3 SCARED FALSE
6. iduuU (TOP WEAR) 65.2 T-SHIRT TRUE
7. Yinua N (BOTTOM WEAR) 100.0 LONG TROUSERS TRUE
8. 589191 (FOOTWEAR) 99.1 SPORT TRUE
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1. 179%7 Mean Average Precision 8134 Non-Maximum Suppression
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TumsTamegidelaligadayaniwdrniu 260 s (fvua 20 Mwee 1
Useioniag) lu 13 ﬂszmmi’mqﬁl,l,mnshqﬁ'u 1¢ud Faia (T-Shirt) [#odanaun (Polo)
\#0130 (Shirt) (HDUSALAN (Jacket) (HDUSALAALUUEINITY (Jacket T-Shirt) L%BQ‘YI (Suit)
n3¢lU59817 (Maxi-Dress) N19un421e17 (Long Trousers) ﬂmmqmg’u (Short Trousers)
nselUsedu (Skirt) n5elusamly (Dress) sa9uhialy (Normal) waz 599 (Sport)
ToeTuudazmwimualiasuuu 10U desumiszasiagiudlaisnannni wiaohdy
0.5 azfludhadedayaluidan (Positive Sample) Tuamziienshnilfiiudayaluids
au (Negative Sample) A1aNuUNUL (AP) ﬂaqmimawﬁmqiumiwﬁ 3 NAANBLHA
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eI 3 dayaudasmsilaudisulseaninnwlues

Accuracy Score : B.9538461538461530

Report :
precision recall fl-score  support
T-shirt 1.68 8.95 B.97 28
Polo 8.95 1.68 8.98 20
Shirt 8.91 1.68 8.95 28
Jacket 8.88 1.68 .89 28
Jacket T-Shirt 1.68 8.78 .82 20
Suit 1.68 8.95 B.97 28
Maxi Dress 1.688 1.688 1.688 208
Long Trousers 1.66 1.66 1.66 20
Short Trousers 1.68 8.95 .97 28
Skirt 1.68 0.98 8.095 20
Dress 8.87 1.68 8.93 28
Normal 1.68 8.95 .97 28
Sport 8.95 1.68 0.98 20
accuracy 8.95 268
macro avg 8.%6 6.95 6.95 268
weighted avg 8.96 8.95 8.95 268
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NINTIAINING Tﬂﬂﬁ@i’uaﬁﬂm’ml,l,ajuz‘hagiﬁ 0.9538 138 95.38% mni’mqﬁ'wmﬁ
LR

msthlueafiieiawazaansarneualawivthinlnuiy dwsznaudas
ﬂﬁ(ﬂi’m‘ﬁﬁ’ﬁl Tagld pretrain 971 MS COCO ¥§1§573%10U (Person) kag ImageAl NN
75999 LUK
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M38319 Web Application %8 O-FASHION §lu User Interface (UT) dwiulslumsasune
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