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ABOUT ME

/ Finished study at MMU Mid June 2017
/ Co-founder BOTAHEAD PLT
/ ML Developer at Cognitig Sdn Bhd

JACK GOH
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ABOUT THE PROJECT

/ Final Year Project (July 2016 - Feb 2017)
/ Food Tag : Automatic Classify Food Photos

/ (Hot dog or not Hot dog)
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10S APP

https://github.com/jackgOh/foodtagApp

esees | Mobile 3G 5118 PM @ 4 85% (00| eeses U Mobile LTE 11:45 PM @ 4 22% 0 ++ |eeses Ubobile LTE 11:46 PM @ o 24% 0 k4
Back
Facebook
FOOdTag & Jack Goh
Posting to Facebook
1. Snap #KuihSeriMuka

2. Press #foodname

3. Share to Facebook

#KuihSeriMuka —— 18.3%
#KuihDadar = 6.0%
Start
#SeriMuka - 5.6%
Take Photo #Ketupat - 5.6%
#DurianCrepe = 4.4%

Post

XX X X X X X X X X X X
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Facebook eecco 5 8:37 PM @@

< Home (2) FoodCario

CHATBOT (MESSENGER)

Hi ! Please send me
&  some food picture.

https://m.me/foodcario

or

Your food maybe is :

http://foodcario.com e

HainaneseChickenRice
1.8%
NasiGorengKampung
0.3%

XX X X X X X X X X X X
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HANDCRAFTED DEEP LEARNING
e Handcrafted feature e Automatically learn
extraction features
e Specific e Robust
e Pre-defined e Generalizable

e Performance improves
with more data
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There is a 97%

P Curved (0.99) — chance that it is a

Smooth (0.97) BANANA

/7 with the tags YELLOW,
Yellow (0.95) SMOOTH, and CURVED

7
&

Source: Convolutional Neural Networks in Practice // Cassidy Williams, Clarifai
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Neural Network

Source: ¢s231n Standford University
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Convolution Neural Network
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Feature Extraction

Finetuning

My Purposed Pipeline
(Transfer Learning)

AlexMet CNN Model

Confident

RRRRR

First Training | convi MaxPoo| Conv2 | |MaxPooll | Conv3 Conv4

Convs

IMaxPoo

FC6

FC7

Second Training Convl Mupuoi Conv2 MaxPoo Conv3 Curve

Cunnd

MPUJ

FC6

FC7
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Data Augmentation
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Results (Accuracy)

Without Data Augmentation

With Data Augmentation

Method Used Top-1 (%) Top-5 (%) .
Foldl Fold2 Awvg Acc Foldl Fold2 Avg Acc
TrainedFromScratch 3070 29.59  30.19 59.77 5806 5892
DeepCNN features(fc7) 33.97 33.55 33.76 62.10 62.58 62.34
Finetuning(fc6, fc7) 36.67 3666 3667 6605 6616 66.11
Finetuning(convs, fc6, f¢7)36.66 36.87  36.77 6597 66.16 66.07
Dual fine-tuning (fc6, fc7), 40.10 39.78  39.94 70.12 7012  70.12
then (conv4, conv3, fcé, fc7)
Method Used Top-1 Top-5
Trained From Scratch 57.53% 87.38%
Finetuning (fc6, fc7) 49.26% 79.59%
Finetuning (conv), fc6, fc7) 68.25% 92.73%
Dual fine-tuning (fc6, fc7), 58.25% 85.58%

then (conv4, conv3, fc6, fc7)
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Results (Speed)

With XEON 2670v1 With GTX1060 6GB
Method Used CPU GPU
Trained From Scratch 903 seconds 50 seconds
Finetuning (fc6, fc7) 597 seconds 32 seconds
Finetuning (conv3, fc6, fc7) 596 seconds 30 seconds
Dual fine-tuning (fc6, fc7), 624 seconds 33 seconds

then (conv4, conv3, fc6, fc7)

Table 6.4: Deep Learning Method Computation Time (second/epoch) Without Data

Augmentation)
Method Used CPU GPU
Trained From Scratch 1070 seconds 106 seconds
Finetuning (fc6, fc7) 690 seconds 112 seconds
Finetuning (convS5, fc6, fc7) 716 seconds 109 seconds
Dual fine-tuning (fc6, fc7), 722 seconds 107 seconds

then (conv4, conv3, fc6, fc7)

Table 6.5: Deep Learning Method Computation Time (second/epoch) With Data Aug-
mentation
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Code Demo?

https://github.com/jackgOh/barcampcyber2017
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What next ?

Region Based CNN
(RCNN)

Dbject 1= a cat Refine BB position

Object or not object BB proposal . =
| propo's'als/ _ /
Region Proposal Network !

pre-train image-net

CNN
i 4
A |
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Resources

http://keras.io
http://cs231n.stanford.edu/
https://blog.keras.io/building-powertul-

image-classification-models-using-very-
little-data.html
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Thank You!

https://m.me/foodcario
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