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1. Background of Convolutional Neural Networks
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1. Background of Convolutional Neural Networks

4



2. CNN, Convolution Neural Network

• 개요

• 전연결신경망(FC NN,Fully Connected Neural Network)을

이용한 이미지 분류의 경우 3차원 이미지를 1차원으로 평면화

하여야 한다. 이미지 공간 정보 유실로 인한 정보 부족으로 인

공 신경망이 특징을 추출 및 학습이 비효율적이고 정확도를 높

이는데 한계가 있습니다. 이미지의 공간 정보를 유지한 상태로

학습이 가능한 모델이 바로 CNN(Convolutional Neural 

Network)입니다.

• FC NN에대한 CNN의차이점

• 각 레이어의 입출력 데이터의 형상 유지

• 이미지의 공간 정보를 유지하면서 인접 이미지와의 특징을 효

과적으로 인식

• 복수의 필터로 이미지의 특징 추출 및 학습

• 추출한 이미지의 특징을 모으고 강화하는 Pooling 레이어

• 필터를 공유 파라미터로 사용하기 때문에, 일반 인공 신경망과

비교하여 학습 파라미터가 매우 적음
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• 1. 주요용어

• 합성곱(Convolution)

• 채널(Channel)

• 필터(Filter)

• 커널(Kernel)

• 스트라이드(Stride)

• 패딩(Padding)

• 피처맵(Feature map)

• 액티베이션 맵(Activation Map)

• 풀링 레이어(Pooling layer)

Feature maps
Csonvolution1

Feature maps
Pull1

Feature maps
Convolution2

Feature maps
Pull2

Hidden Ouput

Feature Extraction(CNN)
Classifitcation
(FC NN)

Input



2.1 convolution 

• 2.1 합성곱(Convolution)

• 합성곱 연산은 두 함수 f, g 가운데 하나의 함수를 반전
(reverse), 전이(shift)시킨 다음, 다른 하나의 함수와 곱한
결과를 적분하는 것을 의미한다. 출

처: https://ko.wikipedia.org/wiki/%ED%95%A9%EC%8
4%B1%EA%B3%B1
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2.2 channel

• 2.2 채널, channel 

• 컬러 이미지 픽셀의 색상은 Red, Green, Blue의 크기로 합성됩니다. 따라서 컬러사의 이미지는

3장의 채널로 구성된다. 컬러 이미지의 shape=(32,32,3) 흑백 이미지는 shape=(32,32,1)이

된다.
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2.3 filter, kernel, stride, feature map and activation map

• 2.3 필터,스트라이드, 피처맵(feature map),커널(kernel)

• 커널 : 필터와 동일, 스트라이드는 필터의 이동 픽셀 수, 피처맵 : 합성곱의 계산결과 이미지

• 액티베이션 맵 : 피처맵에 액티베이션을 적용한 결과
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2.4 padding

• 2.4 패딩

• 합성곱을 하면 입력에 비하여 피처맵의 사이이즈가 작아진다. 같은 크기가 되도록 입

력의 가장자리에 0을 채우는 과정을 말한다.
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2.5 pooling layer

• 2.5 pooling layer

• Convolution layer의 출력(activation map)의 일정 값은 강조하거나 크기를 줄이는 목적으로 사용된다. 

Pooling 방법은 max, min, average pooling이 있다. 일반적으로 pooling size와 stride size로 한다.

• Pooling 특징

• 학습대상 파라미터가 없음

• Pooling 레이어를 통과하면 행렬의 크기 감소

• Pooling 레이어를 통해서 채널 수 변경 없음
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2.5 pooling layer
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2.6 출력 레이어의 크기 계산

• 2.6 레이어의출력크기계산

• 입력 데이터 높이: H

• 입력 데이터 폭: W

• 필터 높이 : FH

• 필터 폭 : FW

• Stride 크기 : S

• 패딩 사이즈 : P
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• Convolution layer  출력의크기

• 𝑂𝑢𝑝𝑢𝑡𝐻𝑒𝑖𝑔ℎ𝑡 = 𝑜ℎ =
H+2P−FH

𝑆
+ 1

• O𝑢𝑝𝑢𝑡𝑊𝑖𝑑𝑡ℎ = 𝑜𝑤 =
H+2P−FW

𝑆
+ 1

• Pooling layer 의 출력 크기

• OuputRowSize =
InputRowSize

PoolingSize

• OuputColumnSize =
InputColumnSize

PoolingSize



2.7 Fully Connected Layer(FC layer)
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3. Case study

1. LeNet-5

2. AlexNet

3. GoogleNet

4. ResNet

5. Sentence Classification

6. AlphaGo
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3.1 LeNet-5
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3.1 LeNet-5(cont.)
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3.2 AlexNet
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3.2 AlexNet(cont.)
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3.2 AlexNet(cont.)
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3.3 AlexNet(cont.)
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3.3 GoogleNet
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3.4 ResNet
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3.4 ResNet (cont.)
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3.4 ResNet (cont.)
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3.4 ResNet (cont.)
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3.4 ResNet (cont.)
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3.5 Sentence Classification

• Convolution neural networks for sentence classification [Yoon Kim, 2014] 
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3.6 AlphaGo
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3.6 AlphaGo(cont.)
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4. CNN examples

• 4.1 CNN 구성예
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model = Sequential()
model.add(Conv2D(12, kernel_size=(5, 5), activation='relu', input_shape=(120, 160, 1)))  #116x156
model.add(MaxPooling2D(pool_size=(2, 2))) #  58x78
model.add(Conv2D(16, kernel_size=(5, 5), activation='relu’)) #54x74
model.add(MaxPooling2D(pool_size=(2, 2))) #   27x37
model.add(Conv2D(20, kernel_size=(4, 4), activation='relu’)) # 24x34
model.add(MaxPooling2D(pool_size=(2, 2))) #   12x17
model.add(Flatten()) #12x17=204 
model.add(Dense(128, activation='relu'))
model.add(Dense(4, activation='softmax'))



4.2 Mnist digit classifier with 1 Convolution layer

• 1 Convolution NN
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Feature maps
Csonvolution1

Feature maps
Pull1

Feature Extraction(CNN)

Input image

28x28x1
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model = Sequential() 
model.add(Conv2D(32, kernel_size=(3, 3), activation='relu',input_shape=input_shape)) #26,26,32
model.add(MaxPooling2D(pool_size=(2, 2))) #14,14,32
model.add(Dropout(0.25)) 
model.add(Flatten()) #6272 = 14*14*32
model.add(Dense(128, activation='relu’)) #128
model.add(Dropout(0.5))
model.add(Dense(num_classes, activation='softmax’)) #10
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Input image
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4.2 Mnist digit classifier with deep Convolution layers

• 2 Convolution NN
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4.2 Mnist digit classifier with deep Convolution layers

• 2 Convolution NN
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4.2 Mnist digit classifier with deep Convolution layers

• 2 Convolution NN
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Feature maps
Csonvolution1

Feature maps
Pull1

Feature maps
Convolution2

Feature maps
Pull2

Hidden

Ouput

Feature Extraction(CNN) Classifitcation(FC NN)

Input

28x28x1 28x28x32 14x14x32 14x14x64 7x7x64            3136 128  10

0
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input nodes

Conv2D(32, (3, 3)) Maxpooling2D((2, 2))

Conv2D(64, (3, 3)) Maxpooling2D((2, 2))

Faltten()

model = Sequential() 

#convolution layer

model.add(Conv2D(32, kernel_size=(3, 3), activation='relu’,

input_shape=input_shape)) #26,26,32

model.add(MaxPooling2D(pool_size=(2, 2))) #14,14,32

model.add(Dropout(0.25)) 

model.add(Conv2D(64, kernel_size=(3, 3), activation='relu')) #14,14,64

model.add(MaxPooling2D(pool_size=(2, 2))) #7,7,64

model.add(Dropout(0.25)) 

model.add(Flatten()) #3136 = 7*7*64

model.add(Dense(128, activation='relu’)) #128

model.add(Dropout(0.5))

model.add(Dense(num_classes, activation='softmax’)) #10



4.2 Mnist digit classifier with deep Convolution layers
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from keras.datasets import mnist
from keras.models import Sequential
from keras.layers import Dense, Dropout, Flatten
from keras.layers import Conv2D, MaxPooling2D
from keras.utils import to_categorical as ohe

batch_size = 128; num_classes = 10; epochs = 12 

# input image dimensions 
img_rows, img_cols = 28, 28 
input_shape=(img_rows, img_cols,1)

# loead mnist image and train and test datasets 
(x_train, y_train), (x_test, y_test) = mnist.load_data() 
x_train = x_train.reshape(x_train.shape[0], img_rows, img_cols, 

1).astype(float)/255 
x_test = x_test.reshape(x_test.shape[0],   img_rows, img_cols, 

1).astype(float)/255 
print('x_train shape:{}  y_train shape:{} ', x_train.shape,y_train.shape) 
print('x_test shape :{}  y_test shape :{} ', x_test.shape,y_test.shape) 

# convert label  to one_hot_encoding(label,10) 
y_train = ohe(y_train, num_classes) 
y_test = ohe(y_test, num_classes) 

model = Sequential() 
#convolution layer
model.add(Conv2D(32, kernel_size=(3, 3), activation='relu’,

input_shape=input_shape)) #26,26,32
model.add(MaxPooling2D(pool_size=(2, 2))) #14,14,32
model.add(Dropout(0.25)) 

model.add(Conv2D(64, kernel_size=(3, 3), activation='relu')) #14,14,64
model.add(MaxPooling2D(pool_size=(2, 2))) #7,7,64
model.add(Dropout(0.25)) 

model.add(Flatten()) #3136 = 7*7*64
model.add(Dense(128, activation='relu’)) #128
model.add(Dropout(0.25))
model.add(Dense(num_classes, activation='softmax')) #10

model.compile(
loss='categorical_crossentropy’, 
optimizer='adam
metrics=['accuracy']) 

model.fit(x_train, y_train, validation_data=(x_test, y_test),
batch_size=batch_size, epochs=epochs, verbose=1) 

score = model.evaluate(x_test, y_test, verbose=0) 
print('Test loss:', score[0]) 
print('Test accuracy:', score[1])



4.2 Mnist digit classifier with deep Convolution layers
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from keras.datasets import mnist
from keras.models import Sequential
from keras.layers import Dense, Dropout, Flatten
from keras.layers import Conv2D, MaxPooling2D
from keras.utils import to_categorical as ohe

batch_size = 128; num_classes = 10; epochs = 12 

# input image dimensions 
img_rows, img_cols = 28, 28 
input_shape=(img_rows, img_cols,1)

# loead mnist image and train and test datasets 
(x_train, y_train), (x_test, y_test) = mnist.load_data() 
x_train = x_train.reshape(x_train.shape[0], img_rows, img_cols, 

1).astype(float)/255 
x_test = x_test.reshape(x_test.shape[0],   img_rows, img_cols, 

1).astype(float)/255 
print('x_train shape:{}  y_train shape:{} ', x_train.shape,y_train.shape) 
print('x_test shape :{}  y_test shape :{} ', x_test.shape,y_test.shape) 

# convert label  to one_hot_encoding(label,10) 
y_train = ohe(y_train, num_classes) 
y_test = ohe(y_test, num_classes) 

model = Sequential() 
#convolution layer
model.add(Conv2D(32, kernel_size=(3, 3), activation='relu’,

input_shape=input_shape)) #26,26,32
model.add(MaxPooling2D(pool_size=(2, 2))) #14,14,32
model.add(Dropout(0.25)) 
model.add(Conv2D(64, kernel_size=(3, 3), activation='relu')) #14,14,64
model.add(MaxPooling2D(pool_size=(2, 2))) #7,7,64
model.add(Dropout(0.25)) 

model.add(Flatten()) #3136 = 7*7*64
model.add(Dense(128, activation='relu’)) #128
model.add(Dropout(0.5))
model.add(Dense(num_classes, activation='softmax')) #10

model.compile(
loss='categorical_crossentropy’, 
optimizer='adam
metrics=['accuracy']) 

model.fit(x_train, y_train, validation_data=(x_test, y_test),
batch_size=batch_size, epochs=epochs, verbose=1) 

score = model.evaluate(x_test, y_test, verbose=0) 
print('Test loss:', score[0]) 
print('Test accuracy:', score[1])



4.2 Mnist digit classifier with deep Convolution layers
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4.3 exercise 

•다음 CNN구조로 minist image 인식시스템을구현화여 99.3%이상의인식률을얻을

수있음을확인하시오.
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784: 28x28x1      28x28x32            14x14x32          14x14x64             7x7x64 : 3136                



4.4 CIFAR-10

• [ConvNetJS demo: training on CIFAR-10]
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http://cs.Stanford.edu/people/karpathy/convnetjs/demo/cifar10.html

http://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html


4.4 Ensemble
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𝑃1 = 𝐶1. 𝑝𝑟𝑒𝑑𝑖𝑐𝑡 𝑦𝑡𝑟𝑎𝑖𝑛
𝑃2 = 𝐶2. 𝑝𝑟𝑒𝑑𝑖𝑐𝑡 𝑦𝑡𝑟𝑎𝑖𝑛
:
𝑃𝑛 = 𝐶𝑛. 𝑝𝑟𝑒𝑑𝑖𝑐𝑡(𝑦𝑡𝑟𝑎𝑖𝑛)



5.3 Ensemble
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import numpy as np

predictions=np.zeros(10,dtype=float)

for i, model in enumerate(models):

acc=model.evaluate(X_train,Y_train_ohe)

print(' model[{}] acc:{}'.format(i,acc))

p=mode.predict(X_train) #p=[0.1, 0.3, 0.2, .\0.5,,,]

predictions =predictions+p #[0..9] =[0..9]+[0..9]

ensenble_predicts=np.equal(np.argmax(predictions,1),

np.argmax(Y_train_ohe,1))

ensenble_accuracy=ensenble_predicts.mean()

print('Ensenble accuracy : ',ensenble_accuracy)
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The End


