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Convolutional Neural Network



Image classification

FIGURE 16.10: The spatial pyramid kernel is capable of complex image classification tasks.
Here we show some examples of categories from the Caltech 101 collection on which the
method does well (top row) and poorly (bottom row). The number is the percentage
of images of that class classified correctly. Caltech 101 is a set of images of 101 categories
of objects; one must classify test images into this set of categories (Section 16.3.2). This
figure was originally published as Figure 5 of “Beyond bags of features: Spatial pyramid
matching for recognizing natural scene categories,” by S. Lazebnik, C. Schmid, and J.

Ponce, Proc. IEEE CVPR 2006, © IEEE 2006. 1/24




ImageNet challenge: image classification

152 layers
A
i 22 layers 19Iayers
' 6.7

3.57 I o I 8layers || Blavers | shallow

ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet GoogleNet VGG AlexNet

o

ImageNet Classification top-5 error (%)

2/24



The architecture of the visual cortex

Figure 14-1. Local receptive fields in the visual cortex

In particular, they showed that many neurons in the visual cortex have a small local
receptive field, meaning they react only to visual stimuli located in a limited region of
the visual field (see Figure 14-1, in which the local receptive fields of five neurons are
represented by dashed circles). The receptive fields of different neurons may overlap,
and together they tile the whole visual field.
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Convolutional layer
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Figure 14-2. CNN layers with rectangular local receptive fields

The most important building block of a CNN is the convolutional layer:6 neurons in

the first convolutional layer are not connected to every single pixel in the input image

(like they were in previous chapters), but only to pixels in their receptive fields (see

Figure 14-2). In turn, each neuron in the second convolutional layer is connected only

to neurons located within a small rectangle in the first layer. This architecture allows

the network to concentrate on small low-level features in the first hidden layer, then
assemble them into larger higher-level features in the next hidden layer, and so on. 4f24



Convolutional neural network
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Given a filter kernel H, the convolution of the kernel with image F is
an image R. The (i,j)-th component of R is given by

Ru = Z Hifu,jvauv- (1)
u,v

- kernel of the filter: the pattern of weights used for a linear filter
- convolution: the process of applying the filter

This operation is called convolution

R(f) = (h+f) (2)

- commutative: (g h)(x) = (h = g)(x)
- associative: (fx(g*h)) = ((fxg)*h)
- distributive: fx (g+h)=fxg+f=*h
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Padding (border effects)

- zero: set all pixels outside the source image to 0

- constant: set all pixels outside the source image to a specified
border value

- clamp: repeat edge pixels indefinitely
- wrap: loop “around” the image in a “toroidal” configuration
- mirror: reflect pixels across the image edge

- extend: extend the signal by subtracting the mirrored version of
the signal from the edge pixel value
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Padding (border effects)

blurred zero normalized zero blurred clamp blurred mirror

Figure 3.13  Border padding (top row) and the results of blurring the padded image (bottom
row). The normalized zero image is the result of dividing (normalizing) the blurred zero-
padded RGBA image by its corresponding soft alpha value.
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Convolution: connections and padding
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Figure 14-3. Connections between layers and zero padding
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Convolution: stride and dimensional reduction
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Figure 14-4. Reducing dimensionality using a stride of 2
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Convolution: example

Feature
Map 1
L L]

Feature
Map 2

i i-‘\‘\'i‘ ey h\\uu‘\‘{'\‘
lﬂ""ﬂ Ty
R

Vertical filter |JJj

Figure 14-5. Applying two different filters to get two feature maps
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Convolution: filter effect

Feature extraction by different kernels
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CNN: convolution layers with multiple feature maps

Convolutional

Feature layer 2

E Map 1
y~- gl

Filters

¢ o]

Convolutional
layer 1

[~ Map1\
oy v

Input layer

Channels
Red
Green
Blue

Figure 14-6. Convolution layers with multiple feature maps, and images with three color 13/24

channels



CNN: hierarchical learning of features

Deep Learning learns layers of features
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CNN: hierarchical learning of features
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CNN: dimensional reduction by pooling layer

Convolution Pooling Convolution Pooling Fully connected

Input

Figure 14-11. Typical CNN architecture
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Residual Learning



Deep Residual Learning for Image Recognition

Deep Residual Learning for Image Recognition, CVPR2016

Deep residual learning for image recognition [PDF] thecvf.com
KHe, X Zhang, S Ren, J Sun - ... and pattern recognition, 2016 - openaccess.thecvf.com
Deeper neural networks are more difficult to train. We present a residual learning framework
to ease the training of networks that are substantially deeper than those used previously
v AT o9 28 1182853 U8 HT EAME WA 66702l HE  EndNoteE 7tH27) 9
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CNN for deep layers
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Figure 1. Training error (left) and test error (right) on CIFAR-10
with 20-layer and 56-layer “plain” networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet is presented in Fig. 4.
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Residual block

|5t

il

20|3tH =03 £ residual block

i

regular layers + residual block

input input  ——

activation

activation

output

21/24




Residual block

- Regular layers
y= F(X) :O'n(Wn"'O'Q(ngl(Wl)())) (3)

- Residual block

y:F(X7W1aW27"' aWﬂ)+ WSX (4)
~—
multiple convolutions shortcut
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ImageNet result
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Figure 4. Training on ImageNet. Thin curves denote training error, and bold curves denote validation error of the center crops. Left: plain
networks of 18 and 34 layers. Right: ResNets of 18 and 34 layers. In this plot, the residual networks have no extra parameter compared to
their plain counterparts.
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ImageNet result

Top-1 validation error [%]

plain | ResNet

18 layers | 27.94 | 27.88

34 layers | 28.54 | 25.03

Validation error [%] of single model

method top-1 | top-5
VGG (ILSVRC' 14) - 8.43
GoogleNet (ILSVRC' 14) - 7.89
VGG (v5) 24.4 7.1
ResNet-34 B 2184 | 571
ResNet-34 C 2153 | 5.60
ResNet-50 20.74 | 5. 25
ResNet-101 19.87 | 4.60
ResNet-152 19.38 | 4.49
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