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INTRODUCTION

Understandingfashion trends from imagesis certainly a
goal that can bring numerousbusinessbenefits It is an
arduoustask for designers.that try to get a summary of
trends.

However, analyzinglarge image dataset is difficult using
featuresbasedtechniques

In recent years,deep learning speedsup this processand
algorithmsthat detect clothesfrom imagesare specifically
developed

=

fFoantwaqy: 100%

7 ar: 100% A
> 4 -4
S —— < —
v "—L.‘ 4 \ ! i v': o ’::: |
— : i R =

&%
.



INTRODUCTION
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Veit, A., Kovacs, B., Bell, S., McAuley, J., Bala, K., & Belongie, S. (2015). Learning visual clothing style with heterogeneous dyadic co-occurrences. In Proceedings of the IEEE International Conference on
Computer Vision (pp. 4642-4650).




MODANET DATASET

Number of istance per category TheModanet datasetcontains55176imagesfully annotated

2000 which are dividedinto 52377imagesfor training setand2799
I I Imagedor the validationset
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Zheng, S., Yang, F., Kiapour, M. H., & Piramuthu, R. (2018, October). Modanet: A large-scale street fashion dataset with polygon annotations. In Proceedings of the 26th ACM international conference
on Multimedia (pp. 1670-1678).



FASHION-MNIST DATASET

FashioAMNIST is a dataset of Zalando's article

Images consisting of a training set of 60,000
examplesand a test set of 10,000 examples Each
exampleis a 28x28 grayscalemage,associatedvith

a label from 10 classesFashioAMNISTservesas a
direct drop-in replacementfor the original MNIST
dataset for benchmarking machine learning
algorithms It shares the same image size and
structureof training andtestingsplits

Bhatnagar, S., Ghosal, D., & Kolekar, M. H. (2017, December). Classification of fashion article images using convolutional neural networks.
In 2017 Fourth International Conference on Image Information Processing (ICIIP) (pp. 1-6). IEEE.



DEEP FASHION DATASET

DeepFashiorDatasetis a largescaleclothesdatabase Four
benchmarks are developed using the DeepFashion
databasejncludingAttribute Prediction Consumerto-shop
ClothesRetrieval In-shop ClothesRetrieval and Landmark
Detection The data and annotationsof these benchmarks
canbe alsoemployedas the training and test setsfor the
following computervisiontasks,suchas ClothesDetection,
ClothesRecognitionandimageRetrieval

Category Texture Fabric
Ramper  Hoodie Palm  Colorblock  Leather _Tweed

Attributes f\ N s
50 categories Bounding box ¥
800000 imgs 1000 o
Landmark
300000
Qosspose
Gossdomain

Liu, Z., Luo, P, Qiu, S., Wang, X., & Tang, X. (2016). Deepfashion: Powering robust clothes recognition and retrieval with rich annotations.
In Proceedings of the IEEE conference on computervisionand pattern recognition (pp. 1096-1104).



DEEP-FASHION 2 DATASET

DeepFashior? is acomprehensivdashiondataset It contains491K diverseimagesof 13 popularclothing
categoriesfrom both commercialshoppingstores and consumers It totally comprises801K clothing
items, where eachitem in an image labelledwith scale,occlusion,zoomin, viewpoint, category, style,
boundingbox, denselandmarksand per-pixel mask Thereare also873K CommercialConsumerclothes
pairs

Scales

180000

160000

140000

120000

100000

Occlusion 80000

heavy 60000

///_ 6% 40000
y « §Balls nr
Q@@Q \\Q}OQ AQ’%& r:}‘o% ‘;00{@ o‘—»Q}" ‘*é &ef"{j &Q’(;’ b&éo S‘é)‘)

|stance Number

0

medium

O
() L
47% R <

X
N

@
%

Ge, Y., Zhang, R., Wang, X., Tang, X., & Luo, P. (2019). Deepfashion2: Aversatile benchmark for detection, pose estimation, segmentation
and re-identification of clothing images. In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 5337-5345)



GeoStyle DATASET

Based on Instagram and Flickr
photos showing people from 44
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Mall, U., Matzen, K., Hariharan, B., Snavely, N., & Bala, K. (2019). Geostyle: Discovering fashion trends and events. In Proceedings of the
|EEE International Conference on Computer Vision (pp. 411-420).



SINGLESHOT MULTIBOX DETECTOR

A single deep neural network it is used for detecting objects in images This approach,named SSD,
discretizesthe output spaceof boundingboxesinto a set of default boxesover different aspectratios and
scaleger feature maplocation
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Liu, W., Anguelov, D., Erhan, D., Szegedy, C., Reed, S., Fu, C. Y., & Berg, A. C. (2016, October). Ssd: Single shot multibox detector. In European conference on computer vision (pp. 21-37).
Springer, Cham.



FEATURE-FUSED SSD

A multi-levelfeature fusion method for introducingcontextualinformation in SSDis developed,inorderto improve

the accuracyfor small objects Smallobjectsdetectionis a challengingtaskin computervisiondue to its limited
resolutionand information. Themajority of existingmethodssacrificespeedfor improvementin accuracyFeature
fused SSDdetectssmallobjectsat a fast speed usingthe bestobjectdetector SingleShotMultibox Detector(SSD)

with respectto accuracysspeedtrade-off asbasearchitecture

®
Feature fusion module
i g >
Conv3 x Conv4 x Conv5 x
SSD layers
Conv2_x

Convl_x

Prediction layer

l
VGG16 layers

Cao, G., Xie, X, Yang, W., Liao, Q., Shi, G., & Wu, J. (2018, April). Feature-fused SSD: fast detection for small objects. In Ninth International Conference on Graphic and Image Processing (ICGIP 2017)
(Vol. 10615, p. 106151E). International Society for Optics and Photonics.



CONDITIONAL ANALOGY GENERATIVE ADVERSARIAL NETWORK

.
| 4x128x96 |
B | 128x64x48
| H .
é | 256x32X24 Method to solve image ar_1a|ogy problems:
51251612 it allows to learn the relation between
- - paired images present in training data, and
-EIEﬁB“E" | . B12xxG then generalize and generate images that
| 250x10x12 | & 256x16x12 correspond to the relation but were never
g 128x32x24 E 128x32x24 | seen in the training set. Conditional
ks | 64x64x48 gi | 64x64X48 | Analogy Qeneratlve Adversarla! Netvyo.rk
- - (CAGAN) is based on adversarial training
| 9x128x96 | 6x128x96 | _
- - and employs deep convolutional neural

networks. An especially interesting
application of that technique is automatic
swapping of clothing on fashion model
photos.

Jetchev, Nikolay, and Urs Bergmann. "The conditional analogy gan: Swapping fashion articles on people images." Proceedings of the IEEE International Conference on Computer Vision Workshops. 2017.



LEARNING FASHION COMPATIBILITY WITH BI-LSTM

Two typesof fashionrecommendationare studied (i) suggestingan item that matchesexistingcomponentsin a setto
form a stylish outfit (a collection of fashion items), and (ii) generatingan outfit with multimodal (images/text)
specificationdrom a uset To this end, a jointly learn a visuatsemanticembeddingand the compatibility relationships

amongfashionitemsin anendto-endfashionisproposed
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Han, X, Wu, Z., Jiang, Y. G., & Davis, L. S. (2017, October). Learning fashion compatibility with bidirectional Istms. In Proceedings of the 25th ACM international conference on Multimedia (pp. 1078-1086).



LEARNING FASHION COMPATIBILITY WITH BI-LSTM
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Han, X, Wu, Z, Jiang, Y. G., & Daus, L. S. (2017, October). Learning fashion compatibility with bidirectional Istms. In Proceedings of the 25th ACM international conference on Multimedia (pp. 1078-1086).



RECOMMENDING OUTFITFROM PERSONAL CLOSET

The2 dziigtadingproblemis consideredfor 2 dziiredbdmmendationwhere it is assumedthat usershavea closetof
items and the aim is producinga scorefor an arbitrary combination of items in the closet The challengein 2 dzi U
gradingisthat the input to the systemis a bagof item picturesthat are unorderedandvaryin size Forthis reason,a
deepneuralnetwork-basedsystemisbuilt that cantake variablelengthtemsandpredicta score
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Tangseng, P., Yamaguchi, K., & Okatani, T. (2017). Recommending outfits from personal closet. In Proceedings of the IEEE International Conference on Computer Vision Workshops (pp. 2275-2279).



RECURRENT FASHION RECOMMENDATION

Fashiorfocusedkey opinion bloggers
on Instagram, Facebook,and other
social media platforms are fast
becoming critical influencers They
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by these bloggersvia a BiLSTMhat
integrates a large corpus of visual
postsandcommunityinfluence

Zhang, Y., & Cawerlee, J. (2019, November). Instagrammers, fashionistas, and me: Recurrent fashion recommendation with implicit visual influence. In Proceedings of the 28th ACM International Conference
on Information and Knowledge Management (pp. 1583-1592).



DISCOVERING FASHION STYLE

Theevolution of clothing stylesand their migration acrossthe world is intriguing yet R A F Udlddzicribe
quantitatively An approachto discoverand quantify fashionA y b dzSign® &/érydayimagesof people
wearingclothesis proposed Thisdetectswhich citiesA Yy b dz@hic@d@her citiesin terms of propagating

their styles
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Al-Halah, Z., & Grauman, K. (2020). From Paris to Berlin: Discovering Fashion Style Influences Around the World. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition
(pp.- 10136-10145).




DISCOVERING FASHION STYLE

Trend

City Bangkok Seattle Chicago Rio

Attribute Yellow color No sleeves T-shirt Red color Yellow color
Keywords dad, father halloween, freaknight  songkran, festival cup, stanleycup worldcup, brasil




DISCOVERING FASHION STYLE

Influence
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UNIVPM EXPERIMENTS

Extra features

Liu, W., Anguelov, D., Erhan, D., Szegedy, C., Reed, S., Fu, C. Y., & Berg, A. C. (2016, October). Ssd: Single shot multibox detector. In European conference on computer vision (pp. 21-37).
Springer, Cham.



UNIVPM EXPERIMENTS

Cao, G., Xe, X, Yang, W., Liao, Q., Shi, G., & Wu, J. (2018, April). Feature-fused SSD: fast detection for small objects. In Ninth International Conference on Graphic and Image Processing (ICGIP
2017) (Vol. 10615, p. 106151E). International Society for Optics and Photonics.



UNIVPM EXPERIMENTS

R The dataset choose for the experiment is
ges . . C
Modanet In particular, the training set splitted
\ / In Training, Validation and Test Set because the
\/ W_/ Validation set of this dataset is not annotated.
Traning Set

Validation Set
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UNIVPM EXPERIMENTS

Model configuration parameters

img_height = 308 # Height of the model input images

img width = 3060 # Width of the model input images

img_channels = 3 # Number of color channels of the model i
mean_color = [123, 117, 1e4] # The per-channel mean of the
swap_channels = [2, 1, @] # The color channel order in the
n_classes = 13

scales_coco = [@.07, ©.15, ©.33, ©.51, ©.69, .87, 1.05] 4
scales = scales_coco

aspect_ratios = [[1.8, 2.0, 0.5],
[1.e, 2.0, 0.5, 3.0, 1.0/3.0],
[1.e, 2.0, 0.5, 3.0, 1.0/3.0],
[1.e, 2.0, 0.5, 3.9, 1.0/3.90],
[1.e, 2.0, ©.5],
[1.0, 2.0, ©.5]] # The anchor box aspect

The training parameters

Batch size is 64, for 120 epoch with 256 step per
epoch.

The learning rate is scheduled by epoch ranges:

. for the epoch < 8@ > Ir=0.001
« for the epoch <100 > Ir =0.0001
« for the epoch > 100 > Ir =0.00001

To use the same aspect ratio of Instragram photos




UNIVPM EXPERIMENTS

Training Evaluation for SSD

Batch size 64

120 epoch

256 iteration per epoch
Optimizer SGD

In thetraining phase the best epoch
was 62.



UNIVPM EXPERIMENTS

Testevaluationfor SSD

The evaluation confirms that for

19

partially occluded and small clothes the

neural network has low performance

bag AP e.674
belt AP e.285
boots AP e.26

footwear AP e.27

outer AP e.785
dress AP ©. /84
sunglasses AP ©./9

pants AP & .885
top AP e../a5
shorts AP .74

skirt AP e. /54
headwear AP 2.809
scarft/tie AP e.387
All categories mAP @.625
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UNIVPM EXPERIMENTS

Training valuation for FFSSD

e Batch size 64
120 epoch
256 iteration per epoch
Optimizer SGD

With the FFSSD the loss graph of the
network tends to overfitting earlier
than the SSD




UNIVPM EXPERIMENTS

Test Evaluation for FFSSD
Detection Preformance FF550D
bag AP @.697
belt AP @.318
boots AP ©.243 os
footwear AP @.243
outer AP e.7/82
dress AP @.788 .
sunglasses AP @.77 i
pants AP @.888 :
top AP 0.707 2
shorts AP @.738 "
skirt AP @.765
headwear AP @.828 — ranon
scarf/tie AP 0.391 02| — w2
:m:ﬁ.&ﬂfﬂl
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UNIVPM EXPERIMENTS

Small ObjecDetection

bag AP 9.549
belt AP 0.15
boots AP 0.185
footwear AP 0.14
outer AP 0.769
dress AP 0.763
sunglasses AP 8.078
pants AP 0.874
top AP 0.639
shorts AP 0.607
skirt AP 0.697
headwear AP 0.478
scarf/tie AP 9.205
mAP 0.479




UNIVPM EXPERIMENTS

Data augmentation
The following data augmentation steps are used and are applied in the order listed:

Photometric Distortions
Random Brightness
Random Contrast, Hue, Saturatior
RandomLightingNoise

Photometric
— Distortion
Random Expand

Geometric Distortions o
Expandimage

RandomCrop 4
error Note: width = height
¥

Random Mirror — 2%0

Note: width = height =
300. Ground truth box is
rescaled accordingly.



UNIVPM EXPERIMENTS

Data augmentation

With the date augmentation applied to
the SSD 300 the network needs more
than 120 epoch, in fact as we can see
from the graph of the loss it continues

to improve.
So we ended the train at epoch 150.




UNIVPM EXPERIMENTS

Data augmentation

Detection Preformance 550300 with Data Augementation

bag AP 0712 T
belt AP 0.361 A o
boots AP 0.204 h.

footwear AP 0.231 o

outer AP 0.809 -

dress AP 0.821

sunglasses AP 0.792 "

pants AP 0.889 2

top AP 0.745 t

shorts AP 9.795 ;

skirt AP 0.809 .

headwear AP 0.829 |z

scarf/tie AP 0.443 —smwnen

All categories mAP  0.649 00| — e i 01
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UNIVPM EXPERIMENTS

Data augmentation

FFSSD with this parameter:
» Batch size 64

» 120 epoch

w 256 iteration per epoch



UNIVPM EXPERIMENTS

Data augmentation

Detection Preformance FFSSD with Data Augmentation

The evaluatiof FFSSD with data
augmentation, shows us that there is a
worsening of the results compared to the
FFSSD without data augmentation.

101

bag AP @.562
belt AP @.289 1 \ ‘
boots AP ©.188

g VN N
footwear AP 0.197 ¢ / AR\
outer AP 0.753 " V0 W
dress AP @.761 L :h HF
sunglasses AP @.65/7 Hizﬁ-ﬁhz \
pants AP e.866 — oas 0TS AR\
top AP B.665 — s o \ \
shorts AP 9.708 | = ' \ NN
skirt AP 0.726 = e i | | I
headwear AP @.715 recall
scarf/tie AP @.252

All categories mAP  @.558



UNIVPM EXPERIMENTS
SSD300 (AP) FSSD (AP) SSD300 D_A(AP) FFSSD D_A(AP)

Bag 0.674 0.697 0.712 0.562
Belt 0.285 0.318 0.361 0.209
Boots 0.26 0.243 0.204 0.188
Footwars 0.27 0.243 0.231 0.197
Quter 0.785 0.782 0.809 0.753
Dress 0.784 0.788 0.821 0.761
Sunglasses 0.79 0.77 0.792 0.657
Pants 0.885 0.888 0.889 0.866
Top 0.705 0.707 0.745 0.665
Shorts 0.74 0.738 0.795 0.708
Skirt 0.754 0.765 0.809 0.726
Headware 0.809 0.828 0.829 0.715
Scarf/Tie 0.387 0.391 0.443 0.252
mAP 0.625 0.627 0.649 0.558




UNIVPM EXPERIMENTS

Fine tuning

We implementthe fine tuning of
SSEB00 with the original models
of PASCAL VOC models
(07++12+COCO



UNIVPM EXPERIMENTS

Fine tuning
Detaction Preformance SS0300 - 07++12+C0C0

bag AP B.649 10
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boots AP e.217

footwear AP 2.246

outer AP a.777 e

dress AP e.771

sunglasses AP 28.719

pants AP @.877
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scart/tie AP 2.332
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UNIVPM EXPERIMENTS

Visual Evaluation on the test set
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UNIVPM EXPERIMENTS

Visual Evaluation on Instagram Images
We download data from Instagram using three #hashtag:

#streetoutfit

o |

#outfit

#streetstyle

=~ e




COMPUTATIONAL TIME COMPARISON

UNIVPM Architecture ENEA Google Colab

RTX 2080 Tl (11GB GDDF Quadro P3200 (6GB GDDF Tesla K40m (12GB GDDR Tesla P100 (16GB HBM2

4352 CUDA Cores 1792 CUDA Cores 2888 3584 CUDA Cores
16 hours (120 epochs) 4 days (120 epochs) not  N/A* 24 hours (120 epochs)
finished yet

* The framework version do not support this GPU The Hardware CUDAVersionis holdest (3.5 instead of 5.2
required)



DL-Application

SSIx Trainingresults¢ UNIVPM- RTX

— loss
val_loss

—— accuracy
val_accuracy
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USE CASES— REAL EXAMPLES

Post

Imgs

Text

txt

1 Text

1 Text

Deep Learning Framework

e e e o e e e e e

' 1 Sent-Text

Text Classification

i N Sent-Texts

N Texts

N Imgs

: 5 Text Extraction
: (OCR)

b

Overall
Sentiment

Sentiment

I

>Emage Classification}

___________________________

. N Sent-Imgs




USE CASES — REAL EXAMPLES

* Copy of social activities for future investigations (Posts, comments, influencers, sentiment, media,
geolocation)

 Identification of "activity" peaks (n post + m like)

« Time trend analysis (geographical origin, sentiment)

» Detection of negative sentiment peaks

* Inspection of Influencers due to high activity / low sentiment period

o Multi-tracker Influencer

» Geographical origin of the influencers cause of the high activity / low sentiment period

* Exclusion users and hashtag

« Average / noraverage



DATA FROM |G-HASHTAG
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DATA FROM |G-HASHTAG
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DISCUSSIONSAND OPEN QUESTIONS

Analysis and Executive Design

* Development of a tagging tool

o Adjustment of the learning systems present in UNIVPM laboratories and development of the complet
learning system and proposal of a subset of results to the user for manual verification

 Management of the test phase, analysis of results, assistance and improvement of the approaches ir
progress



