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Convolutional Neural Networks(CNNs)

» Deep learning in machine learning (2006)
®» CNNs

= Convolutional layers

» Acftivation layers

» Batch normalization layers

» Pooling layers

» [Fully-connected layers




Convolutional Layers
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Activation Layers

» Rectified linear unit

» |eaky RelLU Activation Functions
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Batch Normalization Layers

Input: Valucs of x over a mini-batch: B = {x], . }:
Parameters to be learned: v, 5
Output: {y; = BN, 5(x:)}
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yi < 7T + 8 = BN, g(x;) // scale and shift




Pooling Layers

max pooling
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Fully-connected Layers




Image Classification &
Image Segmentation

» AlexNet [1]
VGGNet [2]
GoogleNet [3]
ResNet[4]
SegNet [5]




AlexNet
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VGGNet
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GoogleNet
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ResNet
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SegNet
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CNNs for Segmenting
Translucent Partly
Overlapped Objects




Transfer Learning
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Proposed Network
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Proposed Residual Network
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Results




Datasets|
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xamples of Image Textures




Dataset3
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Results for Dataset]

Image segmentation (Pre-trained network) Image segmentation (Non-residual proposed network)
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Results for Dataset?

Image segmentation (Non-residual proposed network) Image segmentation (proposed residual network)
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Results for Dataset3

Image segmentation

Mixture (proposed residual network) Ground truth image segmentation
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Segmentation Results

= Acc = Z6=Zrly 109
14
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Accuracy (%) loU (%) |Time (Sec)
Transfer_First 98.14 95.13 13425
Proposed1_First 99.06 97.48 2907
Proposed1_Second 99.37 97.59 3043
Proposed2_Second 99.55 98.07 829

Proposed?2_Third 99.78 95.81 101320




Conclusion & Future Work

» CNNs forimage segmentation using partially-overlapped translucent
objects

» Pre-frained network for transfer learning (SegNet)

®» New non-residual network

» New residual network

» Applying our residual network on real data.




Questions
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