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Motivacao




Objetivos

= Jreinar redes especialistas e comparar seus resultados com o estado da arte

= Resolver o problema de calculo de tempo de fila para a CyberlLabs

= Avaliar o potencial de técnicas de adaptacdao de dominio



Historico de Métodos

“Person re-identification” Video/multi-shot re-ID Deep learning for re-ID
Multi-cam tracking appearsin multi-cam tracking Farenzena et al. Yi et al.
Huang and Russell Zajdel et al. Bazzani et al. Lietal.
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Gheissari et al.
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[3] GHEISSARI, N.; SEBASTIAN, T. B.; HARTLEY, R. Person reidentication using spatiotemporal appearance. In: CVPR, 2006

[4] FARENZENA, M.; BAZZANI, L.; Person reidentication by symmetry-driven accumulation of local features. In: CVPR, 2010
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Bases de dados Viper

« Viper = Viewpoint Invariant Pedestrian Recognition
« 1264 imagens

« 632 pessoas distintas

« 2 cameras moveis

« Resolucao média: 48 x 128

[7]1 GRAY, D.; BRENNAN, S.; TAO, H. Evaluating appearance models for recognition, reacquisition and tracking. In: In IEEE International
Workshop on Performance Evaluation for Tracking and Surveillance, Rio de Janeiro. 2007



Bases de dados CUHKO03

CUHKO3 = Chinese University of Hong-Kong v03
13164 imagens
1360 pessoas distintas

6 cameras distintas, mas imagens anotadas
considerando classificacdo binaria

Cada pessoa aparece em apenas 2 cameras

Resolucdo média: 100 x 300

[5] LI, W.; ZHAO, R; XIAO, T.; WANG, X. Deepreid: Deep lter pairing neural network for person re-identication. In: CVPR, 2014.




Bases de dados MARKET1501

- Base criada em um mercado
« 32217 imagens

« 1501 pessoas distintas

« 6 cameras distintas

« Resolucao média: 64 x 128
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[8] ZHENG, L.; SHEN, L; TIAN, L.; WANG, S.; WANG, J.; TIAN, Q. Scalable person reidentification: A benchmark. In: IEEE International 7
Conference on Computer Vision. 2015.



Criagdo da base de dados CyberQueue

match

para sair
para negativo
para positio




Bases de dados CyberQueue - Caracteristicas

CyberQueue é a base criada para calcular o tempo de fila para a CyberlLabs
117114 imagens

6261 pessoas distintas

3 cameras distintas

Cada pessoa aparece em apenas 2 cameras

Resolucdo média: 150 x 300



Reconhecimento facial x Re-identificacdo de pessoas
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Metodologia de treinamento para avalia¢gdo no mesmo dominio

Comparator

Resnet 50 /\

. | Net(z) — Net(z—)|s [ Net(z) — Net{z?) |4
= Triplet loss
= Otimizador Adam
= Fine Tunning da ImageNet
. N et Net Net
= Batch size: 64

[9] DONAHUE, J;; JIA, Y.; VINYALS, O.; HOFFMAN, J.; ZHANG, N.; TZENG, E.; DARRELL,T. Decaf: A deep convolutional activation feature for
generic visual recognition. In:PMLR, 2014 11
[10] HERMANS, A.; BEYER, L.; LEIBE, B. In defense of the triplet loss for person re-identication. CoRR, abs/1703.07737, 2017.



Resultados na base de dados Viper

Feature Extraction Net (FEN) Feature Fusion Net (FFN)

INPUT | FEN-C1 FEN-P1 FEN-C2 FEN-P2 FEN-C3 - . .
i C"'"}"ﬁ"ﬁ ,_E;;,','\. ’@*;* CNNP»E Viper Top-1  Top-5  Top-10
B R — T @m TMA 182% - 8TT%
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pooling [ cnh: -»;;'-b— cnﬁ\--»: LOMO-XQDA | 40.0% - 80.5%
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ROI | 7 CNN > N Legs Nosso 34.3% 51.4% 60.0%
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[11] ZHAO, H.; TIAN, M.; SUN, S.; SHAO, J.; YAN, J; Y1, S.; WANG, X.; TANG, X. Spindle net: Person re-identication with human body region

guided feature decomposition and fusion. In: CVPR 2017. L2



Resultados na base de dados Market1501

| Appearance l

[12] CHANG, X.; HOSPEDALES, T. M.; XIANG, T.

Market 1501 | Top-1 mAP

Context 86.8%  66.7%
JLML 8O.7%  T4.5%
LSRO 88.4%  T6.1%
SSM 88.2%  76.2%
DML 91.7% 77.1%
DPFL 92.2%  80.4%
MLEN 92.3% 82.4%
Nosso 79.1% 61.8%

Multi-level factorisation net for person reidentification. In: CVPR, 2018.
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Resultados na base de dados CUHKO03

Incep-1 | | Incep-2 | Incep-3

Incep-1 | Incep-2 | Incep-3

R e T e e e e e e e e e e e e e e e e

r'y
Attentive '®
Feature Net

FC
Output

CUHKO3 | Top-1
DGD 75.3%

Spindle | 88.5%
HP-net | 91.8%
LSRO S4.6%

SVDNet | 81.8%
DPFL 82.0%
MLEN 82.8%
Nosso | 81.4%

[13] LIU, X.; ZHAO, H.; TIAN, M.; SHENG, L.; SHAO, J.; YI, S.; YAN, J.; WANG, X. Hydraplusnet: Attentive deep features for pedestrian analysis.

In: ICCV, 2017.
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Resultados na base de dados CyberQueue

Vista 1 Vista 2 Vista 1 Vista 2 Vista 1 Vista 2
A * [ A b
B B
C C
Allshots CUHKO3 Market1501
Tipo de comparacao
Base de dados | CMC | Allshots | CUHKO03 | Market1501 | mAP
Top-1 18.9% 38.2% 34.5% 31.2%
CyberQueue | Top-5 31.2% 60.4% 50.6% X
Top-10 38.1% 67.4% 57.7% X
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Método de aprendizado por etapas

1. O treinamento se inicia com um batch pequeno
(menor complexidade)

2. Ao apresentar um aprendizado para essa
complexidade, aumenta-se o tamanho do batch

3. Repete-se o processo até que seja alcancado um
aprendizado complexo
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Método 1 - Fine Tunning

Dominio Alvo

Dominio fonte CMC CUHKO03 | Market1501 | Viper | CyberQueue
Top - 1 X 31.8% 24.8% 0.8%
CUHKO03 Top - 5 X 48.7% 53.0% 18.7%
Top - 10 X 57.3% 66.5% 24.8%
Top - 1 53.7% X 22.3% 13.2%
Market1501 Top - 5 67.4% X 50.6% 23.7%
Top - 10 | 74.8% X 63.1% 30.3%
Top - 1 56.7% 35.1% X 15.5%
Viper Top - 5 71.8% 52.0% X 26.2%
Top - 10 | 78.6% 60.5% X 33.0%
Top - 1 38.8% 23.2% 12.7% X
CyberQueue Top - 5 55.2% 40.7% 32.8% X
Top - 10 64.7% 48.1% 46.0% X
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Método 2 — Transferéncia direta

Dominio Alvo

Dominio fonte CMC CUHKO03 | Market1501 | Viper | CyberQueue
Top - 1 X 3.7% 10.1% 0.1%
CUHKO03 Top - 5 X 8.1% 22.5% 0.4%
Top - 10 X 11.3% 29.0% 0.5%
Top - 1 5.2% X 12.5% 0.2%
Market1501 Top - 5 10.2% X 25.0% 0.5%
Top - 10 14.3% X 33.1% 0.8%
Top - 1 4.3% 34.3% X 0.3%
Viper Top - 5 9.2% 51.4% X 0.6%
Top - 10 | 14.1% 60.0% X 0.9%
Top - 1 0.3% 0.5% 1.1% X
CyberQueue | Top - 5 1.1% 1.4% 4.0% X
Top - 10 1.6% 2.1% 6.6% X
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Método 3 — Pseudo Rotulos — Resultado dos agrupamentos

Dominio Alvo
Dominio fonte | CUHKO03 | Market1501 | Viper | CyberQueue

CUHKO03 X 1.50% 10.13% 0.22%
Market 1501 2.75% X 10.28% 0.23%
Viper 3.40% 4.50% X 0.23%

CyberQueue 0.25% 0.12% 1.42% X




Método 3 — Pseudo Rétulos — Sentindo semantico
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Método 3 — Pseudo Rotulos - Resultados

Dominio Alvo

Dominio fonte CMC CUHKO03 | Market1501 | Viper | CyberQueue
Top - 1 X 5.7% 10.1% 0.1%
CUHKO03 Top - 5 X 11.9% 22.5% 0.3%
Top - 10 X 16.4% 29.0% 0.4%
Top - 1 6.5% X 11.4% 0.2%
Market1501 Top - 5 11.8% X 22.5% 0.5%
Top - 10 16.9% X 33.3% 0.8%
Top - 1 2.0% 14.6% X 0.2%
Viper Top - 5 5.5% 26.5% X 0.4%
Top - 10 8.9% 33.9% X 0.7%
Top - 1 0.3% 0.3% 1.1% X
CyberQueue | Top - 5 1.1% 1.0% 4.0% X
Top - 10 1.6% 1.6% 6.6% X
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Método 4 — Uso de GAN ciclica para pré-processamento de dados
Exemplos

CUHKO3 Market1501 Market1501 CUHKO3
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Método 4 — Uso de GAN ciclica para pré-processamento de dados

Resultados
Dominio Alvo
Dominio fonte CMC CUHKO03 | Market1501 | Viper | CyberQueue

Top - 1 X 6.2% 11.6% 0.7%
CUHKO03 Top - 5 X 12.8% 25.5% 1.8%
Top - 10 X 17.4% 34.7% 2.8%
Top-1 | 13.9% X 9.8% 0.3%
Market1501 Top - 5 23.1% X 26.9% 0.8%
Top - 10 | 29.8% X 36.4% 1.3%
Top - 1 9.5% 21.8% X 0.4%
Viper Top - 5 18.1% 36.9% X 0.9%
Top - 10 | 24.6% 45.1% X 1.3%

Top - 1 0.3% 1.1% 1.7% X

CyberQueue | Top - 5 1.1% 2.7% 7.3% X

Top - 10 1.6% 3.8% 9.8% X
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Comparacdo dos métodos de adaptacdo de dominio

Target domain

Source domain | Método | CUHKO3 | Market1501 | Viper | CyberQueue
1 X 31.8% 24.8% 9.8%
CUHKO3 2 X 3.7% 10.19% 0.3%
3 X 5.7% 22.6% 0.19%
4 X 6.29% 11.69% 0.7%
1 53.7% X 22.3% 13.29%
Market1501 2 5.2% X 12.5% 0.2%
3 6.5% X 11.49% 0.29%
4 13.9% X 9.8% 0.3%
1 56.7% 35.1% X 15.5%
Viper 2 4.3% 34.3% X 0.3%
3 2.0% 14.6% X 0.29%
4 4.3% 21.8% X 0.4%
1 46.19% 23.2% 12.7% X
2 0.3% 0.3% 1.3% X
CyberQueue 3 07 0.3% 3.0% <
4 1.3% 1.1% 1.7% X
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Conclusoes

= As arquiteturas modularizadas mostraram um grande potencial para resolver o
desafio em questao

= Mesmo com baixa performance de resultado, a rede treinada na base de dados
CyberQueue ja possui valor para aplicacdes praticas

= A técnica de pseudo rétulos reduz o custo computacional da adaptacdo de
dominio, no entanto para aplicacdes reais seria interessante iniciar esse método
com um percentual dos rétulos anotados a mao

= As GANs apresentaram resultados interessantes de adaptacdo de dominio, contudo
alteraram a morfologia da imagem da pessoa
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Trabalhos Futuros

= Melhorar a baseline do trabalho explorando o potencial das arquiteturas
modularizadas

= Experimentar mais métodos de aumento de dados.

= Estudar uma maneira de incrementar a GAN ciclica para preservar mais a imagem
da pessoa.

= Experimentar uma combinacdo das técnicas de adaptacdao de dominio utilizadas.
Por exemplo, utilizar a técnica de pseudo-rétulos apds o uso da GAN para pré-
processamento.
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Obrigado!



