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Fluxo de um projeto de Deep Learning
Introducao aos problemas classicos de visao
Métodos para resolver os problemas classicos
Jesafios em sistemas reais

Jiferenca entre borda e cloud

Processamento e limitacoes da borda
Aplicacoes Reais




Fluxo de Projetos de DL
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Tecnologias Uteis




Deploy de Modelos
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Problemas Classicos de Visao

Classification Classif!cat.ion Object detection Instance_
+ localization segmentation
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Classificacao

Modelo CNN
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Classificacao

Modelo CNN

Low-Level
Feature

Mid-Level
Feature

High-Level]
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Trainable
Classifier

Ex. LeCun, 2015




Deteccao de Objetos

Modelo YOLO

S xS grid on input
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Class probability map

Final detections



Tracking de Objetos

Pipeline de Tracking

Video Extrator de Detector de Filtro Método de
Frames Objetos Matching

Pipeline de Tracking - Exemplo

Extrator de Filtro de Método
Frames Kalman Hungaro




Tracking

Filtro de Kalman

3. Fusion

A 2. Measurement

PDF

1. Prediction
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Tracking

Filtro de Kalman




Tracking

Método Hangaro - Problema




Tracking

Método Hingaro - Matching

- Foca em minimizar uma funcao de custo

- 0 custo pode ser a distancia entre as deteccoes e as estimativas
de Kalman (IoU, Euclidiana, Manhattan)

- Se ha mais deteccoes do que estimativas ha um possivel objeto
novo

- Se ha menos deteccoes do que estimativas um objeto saiu de
cena
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Método Hungaro - Matching

Step 4
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Tracking

Tracklets

ID Pessoa: 7

Vezes Detectado: 2

Strikes: O

Ultima Coord.: 200,30,80,30

ID Pessoa: 21

Vezes Detectado: 25

Strikes: 5

Ultima Coord.: 200,10,80,30




Leitura de Placas
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Leitura de Placas - ALPR

Deteccao de Placa
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Input Output Object high Square to object
Feedforward feature map probability cell transformation



Leitura de Placas - ALPR

Desafios Praticos - (amera

a

d

Figura 4: modelos de camera a) bullet, b) box, c) dome, d) PTZ




Leitura de Placas - ALPR




Leitura de Placas - ALPR

Desafios Praticos - Iluminacao

Camera without BLC Camera with BLC




Leitura de Placas - ALPR

Desafios Praticos - Iluminacao

b
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HLC OFF HLC ON



Leitura de Placas - ALPR

License Plate Recognition Camera Shot Regular Camera -- no-shutter speed

1/1000 1/32
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Computacio em Borda (Edge) vs. Cloud =
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Borda vs. Cloud

Borda Cloud

Computac¢ado ocorre em dispositivos 0T | Computagcdo ocorre em ma3aquinas mais
potentes

Menor custo de processamento Maior custo de processamento

Custo de manutengdo e substituicdo de | Custo previsivel e flexivel
equipamentos

Processamento limitado Processamento "ilimitado"

Solucdo boa o bastante Solucdo 6tima (mas custosa)



0 que sdo VPUs/NPUs/TPUs?

Google Coral Intel NCS2



0 que sdo VPUs/NPUs/TPUs?

Vision Processing Unit, Neural Processing Unit, Tensor
Processing Unit.

GPUs podem ser utilizadas para treino, inferéncia,
processamento em geral.

VPUs, NPUs, TPUs muitas vezes realizam apenas inferéncia.



Desempenho de Modelos em VPUs/NPUs
|

Framework

Raspberry Pi
(TF-Lite)

Raspberry Pi
Intel Neural Stick 2

[]

Raspberry Pi
Google Coral USB

EfficientNet-BO | | 14.6 FPS (Pi3) 95 FPS (Pi 3) 105 EPS (Pi 3)
(224x224) 25.8 FPS (Pi 4) 180 FPS (Pi 4) 200 FPS (Pi 4)
ResNet-50 ensorflow | 24 FPS (Pi3) 16 FPS (Pi 3) 10 FPS (Pi 3)
(244x244) 4.3 FPS (Pi 4) 60 FPS (Pi 4) 18.8 FPS (Pi 4)

MobileNet-v2 8.5 FPS (Pi 3) , ,
(300x300) TensorFlow 15.3 FPS (Pi 4) 30 FPS (Pi 3) 46 FPS (Pi 3)
SSD Mobilenet-v2 | - | 7.3FPS(Pi3) 11 FPS (Pi 3) 17 FPS (Pi 3)
(300-300) 13 FPS (Pi 4) 41 FPS (Pi 4) 55 FPS (Pi 4)
Tiny YOLO V3 0.5 FPS (Pi 3)
(416x416) Darknet 1 FPS (Pi 4)
VGG-19 0.5 FPS (Pi 3)
(224x224) MXNet 1 EPS (Pi 4) > FPS



https://arxiv.org/pdf/1905.11946.pdf
https://neurohive.io/en/popular-networks/resnet/
https://ai.googleblog.com/2018/04/mobilenetv2-next-generation-of-on.html
https://machinethink.net/blog/mobilenet-ssdlite-coreml/
https://pjreddie.com/darknet/yolo/
https://medium.com/coinmonks/paper-review-of-vggnet-1st-runner-up-of-ilsvlc-2014-image-classification-d02355543a11

- Quantizar os modelos (32bits -> 8bits)

- Pruning dos Modelos (Poda)

- Utilizar modelos otimizados para borda (EfficientNet,
MobileNet)

- Utilizar frameworks e bibliotecas otimizados para
inferéncia (ONNX, OpenVINO)

- Aceitar resultados sub-dtimos (modelos menores)




Quantizacao

guantization >

index é[in bits] value
0 i [oo] | -06
1 [01] 0
2 | [10] 0.4

32 bit




Pruning (Poda)




Deploy em TPU (Google Coral)

TensorFlow model TRAIN EXPORT Frozen graph
—— > | TensorFlow model | ——

32-bit float b g > .pb fil
SRR IMIENIAES Quantization P =

aware training

or

CONVERT

Post-training TensorFlow Lite Converter
quantization

COMPILE

TensorFlow Lite
—
8-bit fixed numbers .tflite file

DEPLOY
—_— Coral Hardware

Edge TPU model




Deploy em NPU (Intel NCS2)

T Tensorflow  Caffe O PyTorch @xnet [dKeras € ONNX

®penVIN®

optimized performance

|
{ ! ! '
CPU  GPU  iGPU  VPU

intel intel. T intel
CORE J ATOM M XeON IRlS intel} MOViDIUS
Coovne I 0 Grap




Deploy em NPU (Intel NCS2)

Inference

s Run Model

Optimizer Engine
xml
bin
Intel® Distribution of OpenVINO™ toolkit




Quantizacao reduz acuracia

Memaria limitada

Limitacoes para multiplos modelos paralelos
Incompatibilidade com funcoes de ativacao, modelos,
bibliotecas

Exigem re-treino para alguns casos



Problemas com VPUs/NPUs/TPUs

Number of operations that will run on Edge TPU: 133
Number of operations that will run on CPU: 72

Operator Count Status

CONV_2D
QUANTIZE

QUANTIZE

RESIZE_NEAREST NEIGHBOR
STRIDED_SLICE

PAD

LEAKY_RELU

TRANSPOSE

RESHAPE

RESHAPE

MAX_POOL_2D

ADD

MUL

HARD_SWISH
CONCATENATION

~J
®

Mapped to Edge TPU

Operation is otherwise supported, but not mapped due to some unspecified limitation
Mapped to Edge TPU

Operation version not supported

Only Strided-Slice with unitary strides supported

Mapped to Edge TPU

Operation not supported

Operation not supported

Mapped to Edge TPU

Operation is otherwise supported, but not mapped due to some unspecified limitation
Mapped to Edge TPU

Mapped to Edge TPU

Mapped to Edge TPU

Operation not supported

Mapped to Edge TPU
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Aplicacoes




Aplicacoes

Contagem: 90, F/m: ~165



https://docs.google.com/file/d/1EvOOJjk6KNV4JpGeOpLNI_69kWMd0EPF/preview

Aplicacoes



https://docs.google.com/file/d/1JVeswm2vygiUbnuob1EVrIIvfmVI6ZKi/preview

Aplicacoes



https://docs.google.com/file/d/1QP7FOP5_MU-xZXLo973HojeG8nVrmMUZ/preview

Aplicacoes

Alameda (=g



https://docs.google.com/file/d/1Q7P7E1Iw9oLf0ZVqmJet06Hj3WDMHY9R/preview

Aplicacoes

& alertas-staging v

[1Z1PLACAS

Alerta Placas APP 12h15

Possivel Carro Roubado.

Placa: Q 242.

Marca/Modelo: PEUGEOT/208 GRIFFE.
Cor: Branca.

Ano: 2015.

Cidade/Estado: RIO DO SUL - SC

Correto Incorreto

2 arquivos v

Quinta-feira, 7 de abril v




Perguntas?’

Gabriel Salomon
gabrielsalomon@gmail.com
//www.linkedin.com/in/gabriel-salomon




