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http://www.asimovinstitute.
org/neural-network-zoo/
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Data Source:
https://www.kaggle
.com/c/facial-keyp
oints-detection/dat
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o 0=Angry ANGER DIGUST
o 1= Disgust Data Source:
o 2=Sad Challenges in
o 3 =Happy Representation
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Challenge | Kaggle




Knacudikauisa 300pakeHb

INPUT IMAGE
TARGET
CLASSES
CLASSIFIER Angry
(DEEP LEARNING Disgust
MODEL) Sad
Happiness

Surprise




LUTY4YHMN HEUPOH

ARTIFICIAL NEURON

INPUTS/INDEPENDENT
VARIABLES
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Unit step (threshold)

y=fX W) + X,W, + X3W3 }A)Kq gc@j
y=f(1%07+3%01+4x0.3)=f(2.2)
y = 1 (because 2.2 > 0)
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(output from first node * link weight) + (output from second node

x = (output from first node * link weight) + (output from second node x =
* link weight)

* link weight)

x = (1.0 * 0.9) + (0.5 * 0.3) x = (1.0 * 0.2) + (0.5 * 0.8)

x=0.9 + 0.15 x=0.2+ 0.4

x = 1.05
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THESE ARE MY TRAINING DATA (INPUTS

/_ AND OUTPUT) \
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CONFUSION MATRIX
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