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Why do we need segmentation?



Classification

Neural Network [3p FIVE

Image classification problem, the network is trained to assign single
class label to an entire image. Like in above image as Cat, Five
and Dog.



Classification

What about me?
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Neural Network |------
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Sol’'n 1: Object detection

Train the network to regress a bounding box over the objects of
interest.

Detector Network




Detector network

Famous detection network is R-CNN proposed in [Gir+14].

R-CNN: Regions with CNN. features
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Figure: Given an image, first we extract around 2k Regions of Interest
(Rol) using various search algorithms. Then we train a classifier to
identify objects in these regions.

Later developments, automated the region proposal extraction by
replacing search algorithms by neural networks.

A disadvantage with this approach is that if we need precise
localization of objects, we need to extract large number of
region proposals.



Semantic Segmentation



Sol’'n 2: Segmentation

Segmentation can be defined as classification at pixel level —
Network is forced to learn fine details

Neural Network

\ 4

= Classification: What object in the image?

= Segmentation: What object in each pixel in the image?

Segmentation isn't a magic bullet. It is computationally expensive,
and evolved as orthogonal task to object detection.



Autonomous Driving - Laser segmentation

Z Fraunhofer
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Figure: A part of segmented point-cloud from TUM City Campus
dataset [Geh+17]. Full video can be found here.


https://obj-web.iosb.fraunhofer.de/content/3d-sensordaten/testdaten/tum-mls-2016/arcisstr_labeled.mp4

Figure: Segmentation in soccer robots to understand the boundaries of
the playing field.



Medical Image segmentation i

Figure: A transversal prostate image and it's expert segmentation.



Medical Image Segmentation ii

InputCascadeCNN*

Figure: Brain tumor segmentation using MRI images with T1 weighted
image (T1C) on left, ground truth (GT) in the center and DNN
segmentation (InputCascadeCNN) on right [Hav+17].
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Newspaper Understanding
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Figure: Understanding historical newspaper formats using semantic

segmentation. 11



Segmentation Types

= Semantic Segmentation: Classify each pixel in the image
= Instance Segmentation: Classify pixel based on the instances
of the object

= Panoptic Segmentation: Semantic + Instance Segmentation

SEMANTIC IMAGE INSTANCE PANOPTIC

SEGMENTATION SEGMENTATION SEGMENTATION

Figure: Types of segmentation [Blo22].
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Semantic Segmentation
Architectures




Recap: Pooling

Figure: Max-Pooling applied on image of shape 4 x 4 with kernel size
2x?2

Figure: Average-Pooling applied on image of shape 4 x 4 with kernel

size 2 x 2 13



Recap: Convolution
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Figure: Visualization of fully padded convolutions with unit strides
[DV16].
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Convolutional Encoder-Decoder

As the name suggests, it is a combination of encoder model
(convolution block) and decoder model (deconvolution block).

2212 Convolution network
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An example encoder-decoder model proposed in [NHH15]. Encoder
block consist of convolutional layers for feature extraction.
Intermediate max-pool layers provide aggressive downsampling of
spatial features. Decoder block consititute of unpooling layers

followed by convolutional layers. 15



Building blocks of decoder

' 312 Convolution network
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There are majorly two special layers used in decoder block.

= Unpooling (Average and Max)

= Transposed Convolution

These layers are used to increase the spatial resolution of the data.
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Average Unpooling

.

Figure: Average-Unpooling applied on image of shape 2 x 2 with kernel
size 2 X 2

>>> input_ = th.tensor([[3., 5.], [7., 9.]]).unsqueeze(0).unsqueeze(0)
>>> input_
tensor ([[[[3., 5.],

[7.,9.111D
>>> avg_unpool2d = th.nn.Upsample(size=(4, 4), mode="nearest")
>>> avg_unpool2d(input_)
tensor ([[[[3., 3., 5.,
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Unpooling

Figure: Max-Unpooling applied on image of shape 2 x 2 with kernel size
2x?2

>>> input_ = th.tensor([[3., 5.], [7., 9.]]).unsqueeze(0).unsqueeze(0)
>>> input_
tensor ([[[[3., 5.1,
[7., 9.111D
>>> indices_ = th.tensor([[0, 2], [8, 10]]).unsqueeze(0).unsqueeze(0)
>>> indices_
tensor ([[[[ 0, 2],
[ 8, 10]11])
>>> unpool_layer = th.nn.MaxUnpool2d(kernel_size=2)
>>> unpool_layer(input_, indices_)
tensor ([[[[3., 0., 5., 0.],
[e.,
[7.,
[o.,

0., 0., 0.1,
0.,9.,0.],
0., 0., 0.]]1D
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Conv vs ConvTranspose

Given Input image (Hi,, Wi,) convolved with Kernel (Kp, Ky,).

Convolution output size with padding (P, P,) and stride (Sp, Sw)

is defined by
Hin — Ky + 2% P
Hout:( L gh - h)"‘l;
Win — Ky + 2% Py,
Wout:( S )"'1

Transposed Convolution output size with padding (Pp, P) and
stride (Sp, Sw) is defined by

Hout = (Hin = 1) * Sp+ (Kp — 1) = 2% Py + 1;
Wout = (Wi — 1) % Sy, + (Ky — 1) = 2% P, + 1
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Transposed Convolution

Figure: Transposed convolution applied to image (2 x 2) with kernel size
of (2 x 2) and stride 1.

>>> input_ = th.tensor([[3., 1.], [2., 0.]]).unsqueeze(0).unsqueeze(0)
>>> kernel_ = th.tensor([[1., 2.], [3., 4.]1]).unsqueeze(0).unsqueeze(0)
>>> trans_conv = th.nn.ConvTranspose2d(1, 1, kernel_size=2, bias=False)
>>> trans_conv.weight.data = kernel_
>>> trans_conv(input_)
tensor ([[[[ 3., 7., 2.],
[11., 19., 4.1,
[ 6., 8., 0.]111]1, grad_fn=<ConvolutionBackward0>) 20



Transposed Convolution Strided
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Figure: Strided transposed convolution applied to same image and
kernel with stride 2.

>>> trans_conv = th.nn.ConvTranspose2d(1, 1, kernel_size=2, stride=2, bias=False)
>>> trans_conv.weight.data = kernel_
>>> trans_conv(input_)

tensor ([[[[ 3., 6., 1., 2.1,
[9.,12., 3., 4.],
[2., 4., o., eo.], 21
[6 8., 0., 0.]11], grad_fn=<ConvolutionBackward0>)



Transposed Convolution Padded
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Figure: Transposed convolution with padding being 1.

>>> trans_conv = th.nn.ConvTranspose2d(1, 1, kernel_size=2, padding=1, bias=False)
>>> trans_conv.weight.data = kernel_

>>> trans_conv(input_)

tensor ([[[[19.]1]1]1], grad_fn=<ConvolutionBackward0>)
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he U-Net structure [RFB1
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Figure: The U-Net architecture [RFB15].
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U-Net Applications

= Semantic Segmentation
= Diffusion [HJA20]

RN v P IooOIOII

= Protein structure prediction and site localization [Sen+20]

= Neural Style Transfer [Rao+21]
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Figure: UNet to be implemented for Prostate segmentation exercise.
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Focal Loss




The focal loss for segmentation problems

Focal loss functions are a standard approach in image
segmentation, it originally appeared in [Lin+17]. The general idea
is to increase the weight of rare classes. If classes are mutually

exclusive use,
L(o,1) =—1-(1—04(0))”-a-In(os(0)) (1)

to train your U-Net.
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Focal Loss Vs Cross-Entropy Loss

| —— Cross-Entropy Loss
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Figure: Evolution of Cross Entropy loss compared with the various ~ of
Focal loss.
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Evaluation Metric -
Intersection-over-Union




Intersection over union

True Positive

| « § A
Ground Truth Mask Predicted Mask loU
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Intersection over union (loU)

loU is calculated as a fraction of area of intersection and area of
union between GT and predicted masks.

From above example, loU can be calculated using confusion matrix
by the below formula

TP

loU —
V= TP FP N

where TP, FP and FN are True Positives, False Positives and False
Negatives respectively.

loU ranges between 0 and 1.

29
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