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What is Computer Vision? :

* Computer vision is the field of computer science that focuses on replicating parts of the complexity of the
human vision system and enabling computers to identify and process objects in images and videos in the same
way that humans do
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Major Computer Vision tasks:

Classification Object Detection Instance
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Computer Vision Tasks:

Classification Detection Segmentation
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How can a Machine do Brain’s work ? — Artificial Neural Network

* Artificial Neural Networks or ANN is an information processing paradigm that is inspired by the way
the biological nervous system such as brain process information

* Itis composed of large number of highly interconnected processing elements(neurons) working in
unison to solve a specific problem
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How does a DNN learn things? — Fundamental Work flow
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Fundamental Work flow and Key terms

I. Forward-propagate Input Signal
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IV. Update Parameters
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for learning rate i

a; — inputs ,w; — weights are the actual learning paramerters
2 — function that sums up input * weights
Ji» 9 — activation function (Relu,softmax ,tanh, and sigmoid)
b; — bias term
Forward pass calculates the output- a; t, — target E or ] — loss

The aim of the back propagation is to calculate gradients to update
the learning parameters which reduce the loss ]

Loss : Negative log likelihood , Categorical Cross entropy , MSE
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Fundamental Work flow — Loss function and Optimizers

Cross-entropy loss Stochastic Gradient descent
Randomly shuffle (reorder)
output labels y, .
nput ek 01 o | o training examples
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L - ; Repeat {
scores / logits |_ probability S(1.) p
fori:=1,..., m {
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Only the confidence for the
GT class is considered. 33 (for every J — O ..... n )
Other loss functions: Other optimizers:
1.Negative log likelihood loss 1.5GD with momentum
2.Binary cross entropy 2.Adagrad
3.Mean square error 3.AdaDelta
4.Mean absolute error 4.Adam

5.Hinge loss 5.RMSprop



Computer Vision + Deep learning : Convolutional Neural Network.

= *[ Exvactor }” Features ”[ - sl Traditional way of CV extracts features using some explicit tasks
Tradiions! Machine Learning Flow like wavelet transformation , image processing, but in Deep
ot '_,{ oo Loamming Algortnm [ o learning everything is being handled by the network itself.
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Convolutional Neural Networks — different layers of CNN

Kernel Channel #1

Action :

l
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* Apply filters to extract features

* Filters are composed of small kernels, learned

* One bias per filter

* Apply activation function on every value of feature map

Parameters

* Number of Kernels, size of kernels
* Activation function ,striding , padding
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Convolutional Neural Networks — different layers of CNN

Before and after Convolution
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Convolutional Neural Networks — different layers of CNN

max pooling
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Pooling layers:

o N * Reduce Dimensionality
¥ 1185 <103 4 180 S ] )
- . a * Extract maximum of / average of a region
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Input 6x4 | * Follow Sliding window approach
| | | | Fully connected layers:
» Aggregate information from final feature maps
* Flatten the feature maps for final classification
e | * Generate final classification with the use of
Sigmoid/SoftMax



CNN for Image classification — ImageNet Competition

From ~2012 we see that Convolutional Neural Network (CNN) have become an important tool for object recognition

IMAGE

The Image Classification Challenge:
1,000 object classes
1,431,167 images
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CNN for Image Classification : Various architectures for Image Classification

LeNet (1998)
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Hyperbolic tan activation function
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SoftMax classifier

avg-pool
2x%2

120 84 10

Alexnet (2012)
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CNN for Image Classification : Various architectures for Image Classification

VGG-16 Visual Geometry Group (2014)
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CNN for Image Classification : Transfer Learning

Transfer learning or fine tuning refers
to training a network on a huge
standard data set (e.g. ImageNet) and
then re-tuning just the last few layers
of the network for the required specific
task

Pretrained models can be downloaded
from the model zoos

++
Q T *F' theano
Caffe? CNTK TensorFlow

‘o PYTbrCcH 27K m

Chainer mxnet

TRAINING FROM SCRAICH

CAR vV
LEARNED FEATURES 935025 TRUCK X
;.: ‘" .-': |'

BICYCLE X

RAINED ON CATS AND DOGS FINE-TUNE NETWORK WEIGHTS

CAR v
a % PRE-TRAINED CNN
L TRUCK X

NEW DATA



A Deep learning and CNN based Image Classification pipeline

'y >
¥
Data collection - collecting images} Data loaders - baiches
b J ¥ Selecting the model
usingvanilla madel
=l : 2o pretrained mode
Data preparation - labeling Model building s e
-Fully connected layers -
¢ miodification
¥
Epochs ,
Data pre-processing and Batch size
augmentation Training Loss function.
Environment learning rate,
¢ setup optimizer
scheduler ,
Training and early stopping ,
validation data split, v gradient clipping
test data —
Training , .
Validation Loss calculation
Testing Back propagation
v . Inference optimizer step
> scheduler step
v
Finalizing the model
and deployment




Appendix



Questions!



