
초심자를 위한 숫자 인식 99% 
인공지능 만들기

유 용 균



http://myselph.de/neuralNet.html

98%

http://myselph.de/neuralNet.html




코드 먼저 돌려봐요

• https://github.com/yoyogo96

• 웹에서 손글씨 인식
• http://myselph.de/neuralNet.html

• Fully connected Neural Network
• https://colab.research.google.com/drive/1Py8Eme5lPx3yZ7LvgKbT-3WmGmDSW4CS
• https://colab.research.google.com/drive/1iA_Mkt2aSxC_tJU6RrStuugTLsBet_i4

• Convolutional Neural Network
• https://colab.research.google.com/drive/1nWoT-jVuEs1AJBHAGKa5V4u0noLA0OrW

http://myselph.de/neuralNet.html
http://myselph.de/neuralNet.html
https://colab.research.google.com/drive/1Py8Eme5lPx3yZ7LvgKbT-3WmGmDSW4CS
https://colab.research.google.com/drive/1iA_Mkt2aSxC_tJU6RrStuugTLsBet_i4
https://colab.research.google.com/drive/1nWoT-jVuEs1AJBHAGKa5V4u0noLA0OrW


코드 먼저 돌려봐요

• 파일 > 드라이브에 사본저장
• 연결
• 런타임 > 런타임 유형변경 

 > None (GPU off) 



�6한국원자력연구원 유용균

기계 (컴퓨터)도 인간이 배우는 방법을 모방해 보자!
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사람은 개 고양이를 구분하는 방법을 어떻게 배우는 가?

https://blogs.sas.com/content/subconsciousmusings/2017/09/25/machine-
learning-concepts-styles-machine-learning/



기존 설계로부터 설계의 원리를 배울 수 있지 않을까?
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인공지능을 활용한 최적설계

�9한국원자력연구원 유용균

• 머신러닝 기술을 적용한 기존 최적설계 및 수
치해석 방법론의 효율성 향상

• 설계자를 위한 빠른 해석 툴

• 기존에 공학적으로 정의하기  
힘들었던 것 (개인의 취향, 제작성, 심미성)을 
고려한 최적설계

최적설계의 효율화 감성의 메타모델
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기계학습(Machine Learning)

특정한 과제에 대해서

경험을 통해

성능을 향상시키는 것 

인공지능

기계학습

딥러닝

경험을 통해 데이터를 모아서  
패턴을 분석해서 성능을 향상시키는 것
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Quiz

X = 1,   Y = 2
X = 2 ,  Y = 4

  X = 3 ,  Y = ???

X = 1 ,  Y = 1
X = 2 ,  Y = 1
X = 3,   Y = 1
X= -1,  Y = 0
X= -2,  Y = 0
X= -3,  Y = ??
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여러분은 기계.. 아니 인간 학습을 하셨습니다.

경험을 통해

성능을 향상 
(미래를 예측)

경험을 통해 데이터를 모아서  
패턴을 분석해서 성능을 향상시키는 것

X = 1,   Y = 2
X = 2 ,  Y = 4

  X = 3 ,  Y 
= ???
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컴퓨터는 어떻게 배울까요?

0

2

4

6

8

0 1 2 3 4

패턴을 찾는다 = 선을 긋는다 = 함수를 찾는다.
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손글씨 인식

1
패턴(함수)를 찾는다.

수학 + CS(Computer Science)
수학은 대학교 2학년이면 85%는 이해할 수 있다고.. 
CS쪽은 라이브러리가 너무 잘 되어 있어서..



Machine Learning
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Computer

Computer

Data

Program Output

Data

Output Program

Traditional Programming

Machine Learning

남세동님 자료에서?



Machine Learning
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Computer
Data

Program Output

Traditional Programming

https://www.slideshare.net/yonghakim900/ss-60252533



Machine Learning
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Computer
Data

Output Program

Machine Learning

CAT
고전적으로 컴퓨터가 고전했던  
고도의 인식 문제를  
컴퓨터가 계산할 수 있는 계산문제로 치환 
>> CS + 통계학



무엇이 최선일까요?
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https://www.sciencedirect.com/science/article/pii/S0895717713001775



커브 피팅을 하려면 무엇을 결정해야 하는가?

어떤 함수로 Fitting 할 것인가?
 - 한꺼번에 다항식으로?
 - 군데군데 잘라서? (spline?)
 
다항식의 경우몇차로 Fitting 할 것인가?

오차는 어떻게 정의할 것인가?

오차는 어떻게 줄일 것인가?
F(x)

a, b, c, d = ??

𝑓(𝑥) = 𝑒𝑎𝑥 + 𝑏???



머신러닝 개념도

입력

Parameter Hyper Param.

Model 출력 정답

학습엔진 
(Optimizer)

error
New parameter



머신러닝의 요소
• 데이터 

• 데이터를 어떻게 습득할 것인가?
• 데이터에 Lable은 존재하는 가?
• Feature Engineering.. 

• 데이터를 Fitting 할 방법
• SVM, Random forest, Neural network ……

• 변수
• Parameter
• Hyperparameter (학습을 하지 않고 사용자가 결정하는 튜닝 파라미터)

• 오차 정의 (Loss function)
• 학습 방법 (최적화 방법)

input

Parameter Parameter

Model Output



Deep Learning (Deep Neural Network)
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Y = W(X)

인공지능

기계학습

딥러닝



용어 정리

•Epoch
•Batch

•Train set
•Validation set
•Test set







KERAS (Keras.io)

CNTK

- Google 엔지니어 Francois Chollet 창시

- Torch에서 영감을 얻은 직관적 API

- Theano, TensorFlow, CNTK 백엔드

- 빠르게 성장하고 있는 프레임워크

- 신경망의 표준 Python API이 될 가능성이 큼

- Why Keras?

- 짧다. 진입장벽이 낮다

- 추상화가 잘되어 있어 코드 가독성이 높다

- Keras를 이해하면 다른 API도 쉽게 활용 가능.

- Theano, TensorFlow, CNTK를 골라서 사용가능(Backend)



Tensorflow vs. Keras Code

Tensorflow Code Keras Code



Tensorflow vs. Keras Code (2)

Tensorflow Code Keras Code



실습 0. Linear Regression  



Fully Connected Network

A개  B개

전체 Connection 수: 
A X B 

>> DENSE(A,B) 

Y’=AX + B



모델 컴파일

Loss를 계산하는 방법 
(Mean Square Error)

Optimizer 종류 
(Stochastic Gradient decent)

Loss = L(Y’, Y)



모델 학습 & 평가 

모델 학습

모델 평가



실습 1. Logistic regression

• MNIST (손글씨 숫자 데이터셋) 소개
• Softmax
• Cross-Entropy
• Batch & Epoch
• Train & Validation & Test Data



우리의 목표 = 정확도 99% 도전!

Neural  
Network

N:784 N:10



784 x 10 = 7840 Weights

No Hidden Layer

1

2

3

4

5



Lab 1 코드 설명(1) 

60000 28*28=784

몰라도 됩니다….

Array 펴주기
0~255를 0~1로 다시 스케일링

1,2,3,4,5,6 값을 one hot encoding

(60000,28,28) -> (60000,784)



X_train.reshape()

28 by 28



One-Hot Encoding



Lab 1 코드 설명
10



87.45%!!



Lab 2. Deep Neural Network 

•Weight Initialization
• Activation Functions
•Optimization Methods



Neural Network

Graph model +
Nonlinear Function (Activation Function)

https://towardsdatascience.com/applied-deep-learning-part-1-artificial-neural-networks-d7834f67a4f6



Activation Function

https://medium.com/@krishnakalyan3/introduction-to-exponential-linear-unit-d3e2904b366c





Lab 2 코드

78
4 50 10sigmoid softmax



Lab 2 실행 결과

11.23% ?????????



Lab 2-1. Add 2 Hidden Layers
model.add(Dense(mid, input_dim=784,kernel_initializer=init_method)) 
model.add(Activation(act_method)) 
 
model.add(Dense(mid,kernel_initializer=init_method)) 
model.add(Activation(act_method)) 
 
model.add(Dense(nb_classes, kernel_initializer=init_method, activation='softmax'))

78
4 50 50sigmoid sigmoid 10softmax



Hidden Layer 추가 후 결과

50200/60000 [========================>.....] - ETA: 0s - loss: 2.2660 - acc: 0.1780
51800/60000 [========================>.....] - ETA: 0s - loss: 2.2655 - acc: 0.1789
53500/60000 [=========================>....] - ETA: 0s - loss: 2.2650 - acc: 0.1799
55100/60000 [==========================>...] - ETA: 0s - loss: 2.2646 - acc: 0.1809
56800/60000 [===========================>..] - ETA: 0s - loss: 2.2641 - acc: 0.1828
58300/60000 [============================>.] - ETA: 0s - loss: 2.2637 - acc: 0.1849
59900/60000 [============================>.] - ETA: 0s - loss: 2.2632 - acc: 0.1876
60000/60000 [==============================] - 1s - loss: 2.2632 - acc: 0.1877 



Activation Function을 Relu로 수정

act_method = 'relu'  #sigmoid, relu, tanh  
init_method = 'glorot_normal' #zeros, random_normal, glorot_normal

48100/60000 [=======================>......] - ETA: 0s - loss: 0.5644 - acc: 0.8526
49900/60000 [=======================>......] - ETA: 0s - loss: 0.5613 - acc: 0.8533
51500/60000 [========================>.....] - ETA: 0s - loss: 0.5585 - acc: 0.8538
53300/60000 [=========================>....] - ETA: 0s - loss: 0.5548 - acc: 0.8548
55000/60000 [==========================>...] - ETA: 0s - loss: 0.5523 - acc: 0.8554
56600/60000 [===========================>..] - ETA: 0s - loss: 0.5499 - acc: 0.8560
58300/60000 [============================>.] - ETA: 0s - loss: 0.5460 - acc: 0.8568
60000/60000 [==============================] - 1s - loss: 0.5427 - acc: 0.8574 



실습: SGD -> ADAM으로 수정
model.compile(loss='categorical_crossentropy', 
              optimizer=‘adam', 
              metrics=['accuracy'])

54900/60000 [==========================>...] - ETA: 0s - loss: 0.1881 - acc: 0.9446
56200/60000 [===========================>..] - ETA: 0s - loss: 0.1877 - acc: 0.9449
57600/60000 [===========================>..] - ETA: 0s - loss: 0.1868 - acc: 0.9452
59000/60000 [============================>.] - ETA: 0s - loss: 0.1857 - acc: 0.9456
60000/60000 [==============================] - 2s - loss: 0.1852 - acc: 0.9456

?!



Lab 2. Summary
• Deep Neural Network
• Activation Functions (Sigmoid -> Relu)
• Weight Initialization (Xavier/He Initialization)
• Optimization Method (SGD -> ADAM)

• 95%!!!



Lab 3. Deeeep Network 
• Over-fitting
• Drop out
• Batch normalization



Lab 3. Go Deep & Wide (실행먼저!)
mid = 500
 
model.add(Dense(mid, input_dim=784,kernel_initializer=init_method)) 
model.add(Activation(act_method)) 
 
model.add(Dense(mid,kernel_initializer=init_method)) 
model.add(Activation(act_method)) 
 
model.add(Dense(mid,kernel_initializer=init_method)) 
model.add(Activation(act_method)) 
 
model.add(Dense(mid,kernel_initializer=init_method)) 
model.add(Activation(act_method)) 
 
model.add(Dense(nb_classes, kernel_initializer=init_method, activation='softmax'))

history = model.fit(x_train, y_train, epochs=15,batch_size=100, verbose=2,validation_data=(x_test, y_test))

4 Hidden Layers

출력을 1 epoch마다 출력 epoch마다 Validation



3s - loss: 0.0260 - acc: 0.9917 - val_loss: 0.0823 - val_acc: 
0.9805 
Epoch 9/15 
3s - loss: 0.0246 - acc: 0.9925 - val_loss: 0.0903 - val_acc: 
0.9797 
Epoch 10/15 
3s - loss: 0.0197 - acc: 0.9943 - val_loss: 0.0856 - val_acc: 
0.9802 
Epoch 11/15 
3s - loss: 0.0195 - acc: 0.9943 - val_loss: 0.0866 - val_acc: 
0.9781 
Epoch 12/15 
3s - loss: 0.0200 - acc: 0.9940 - val_loss: 0.0858 - val_acc: 
0.9821 
Epoch 13/15 
3s - loss: 0.0181 - acc: 0.9945 - val_loss: 0.0874 - val_acc: 
0.9813 
Epoch 14/15 
3s - loss: 0.0153 - acc: 0.9956 - val_loss: 0.0845 - val_acc: 
0.9826 
Epoch 15/15 
3s - loss: 0.0156 - acc: 0.9955 - val_loss: 0.1149 - val_acc: 
0.9782

Over-Fitting!

Total params: 1,149,010
Train Data: 60,000



(실습) Dropout 추가
model.add(Dense(mid, input_dim=784,kernel_initializer=init_method)) 
model.add(Dropout(0.25)) 
model.add(Activation(act_method))
 
model.add(Dense(mid,kernel_initializer=init_method)) 
model.add(Dropout(0.25)) 
model.add(Activation(act_method))
 
model.add(Dense(mid,kernel_initializer=init_method)) 
model.add(Dropout(0.25)) 
model.add(Activation(act_method))
 
model.add(Dense(mid,kernel_initializer=init_method)) 
model.add(Dropout(0.25)) 
model.add(Activation(act_method)) 0.75^4 = 0.316

랜덤하게 25% node는 죽이겠습니다!



Training 결과
15s - loss: 0.0615 - acc: 0.9818 - val_loss: 0.0696 - val_acc: 0.9805
Epoch 8/15
15s - loss: 0.0581 - acc: 0.9829 - val_loss: 0.0730 - val_acc: 0.9808
Epoch 9/15
16s - loss: 0.0506 - acc: 0.9856 - val_loss: 0.0863 - val_acc: 0.9784
Epoch 10/15
17s - loss: 0.0472 - acc: 0.9860 - val_loss: 0.0774 - val_acc: 0.9792
Epoch 11/15
16s - loss: 0.0451 - acc: 0.9865 - val_loss: 0.0862 - val_acc: 0.9783
Epoch 12/15
19s - loss: 0.0402 - acc: 0.9880 - val_loss: 0.0787 - val_acc: 0.9812
Epoch 13/15
16s - loss: 0.0417 - acc: 0.9886 - val_loss: 0.0844 - val_acc: 0.9814
Epoch 14/15
16s - loss: 0.0386 - acc: 0.9886 - val_loss: 0.0750 - val_acc: 0.9812
Epoch 15/15
18s - loss: 0.0351 - acc: 0.9897 - val_loss: 0.0919 - val_acc: 0.9823



Hidden 추가 (5 Hidden layer)

17s - loss: 0.0563 - acc: 0.9840 - val_loss: 0.0804 - val_acc: 0.9796
Epoch 10/15
17s - loss: 0.0580 - acc: 0.9842 - val_loss: 0.0831 - val_acc: 0.9813
Epoch 11/15
17s - loss: 0.0545 - acc: 0.9848 - val_loss: 0.0768 - val_acc: 0.9805
Epoch 12/15
17s - loss: 0.0498 - acc: 0.9858 - val_loss: 0.0770 - val_acc: 0.9826
Epoch 13/15
17s - loss: 0.0464 - acc: 0.9880 - val_loss: 0.0847 - val_acc: 0.9818
Epoch 14/15
17s - loss: 0.0482 - acc: 0.9870 - val_loss: 0.0970 - val_acc: 0.9815
Epoch 15/15
17s - loss: 0.0432 - acc: 0.9881 - val_loss: 0.0919 - val_acc: 0.9804



Lab 4. CNN  
(Convolutional Neural Network)



Convolution Layer

변수:
-Filter Size: (3,3)
-Stride : (1,1)
-Filter 수 -> depth 

Height, width

http://deeplearning.stanford.edu/wiki/index.php/Feature_extraction_using_convolution



�60

Convolutional Neural Network

Graph Neural Network

Point Net



Convolution Operation

https://docs.gimp.org/2.8/en/plug-in-convmatrix.html



Pooling

http://www.wildml.com/2015/11/understanding-
convolutional-neural-networks-for-nlp/



차원 변화



실습 4: 먼저 실행~~!
 
model.add(Conv2D(32, (3, 3), activation='relu', input_shape=(28, 28, 1))) 
model.add(Conv2D(32, (3, 3), activation='relu')) 
model.add(pooling.MaxPooling2D(pool_size=(2, 2))) 
#model.add(Dropout(0.25)) 
model.add(BatchNormalization()) 
 
model.add(Flatten())   
model.add(Dense(128)) 
#model.add(BatchNormalization()) 
model.add(Dropout(0.5)) 
model.add(Activation('relu')) 
 
model.add(Dense(10, activation='softmax'))

필터 갯수 필터 크기 Stride는 지정하지 않으면 1

1D로 쫘악 펴주기

26 by 26
24 by 24
12 by 12



실행 결과
• 5s - loss: 0.0296 - acc: 0.9905 - val_loss: 0.0376 - val_acc: 0.9895
• Epoch 7/12
• 5s - loss: 0.0259 - acc: 0.9916 - val_loss: 0.0359 - val_acc: 0.9906
• Epoch 8/12
• 5s - loss: 0.0234 - acc: 0.9922 - val_loss: 0.0313 - val_acc: 0.9912
• Epoch 9/12
• 5s - loss: 0.0230 - acc: 0.9928 - val_loss: 0.0361 - val_acc: 0.9897
• Epoch 10/12
• 5s - loss: 0.0198 - acc: 0.9938 - val_loss: 0.0412 - val_acc: 0.9905
• Epoch 11/12
• 5s - loss: 0.0192 - acc: 0.9936 - val_loss: 0.0362 - val_acc: 0.9925
• Epoch 12/12
• 5s - loss: 0.0163 - acc: 0.9948 - val_loss: 0.0354 - val_acc: 0.9905



https://github.com/hwalsuklee/how-far-can-we-go-with-MNIST



https://github.com/hwalsuklee/how-far-can-we-go-with-MNIST

99.7% 99.6% 99.6%



99.7%
99.6%

99.6%

Small VGG

Small Resnet

Very Small VGG

99.8%



Fast Forward  
( Shortcut, Highway Network)

RESNET, winner of IMAGENET 2015 DENSENET



Variants…
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DANN UNET

https://arxiv.org/pdf/1710.10196.pdfPG-GAN

https://arxiv.org/abs/1505.04597https://arxiv.org/abs/1505.07818

Tacotronhttps://arxiv.org/pdf/1703.10135.pdf



앞으로 무엇을 할까요?

• 캐글 시스템 이용법 (다음주, 이유한)
• ETRI BeeAI 사용방법 (다다음주, 김귀훈)

• 숫자인식 알고리즘을 임베디드 장비에 심기
• 휴대폰 앱 만들기

• 학습데이터와 현장이 다른 경우 어떻게 극복할 것인가?
• Domain adaptation ??



주요 참고자료

• 김성훈 교수, 모두를 위한 딥러닝 강의 
• 예제 코드는 해당 강의 KERAS 코드를 세미나 내용과 offline환경에 맞게 수정)

• 하용호, 백날 자습해도 이해안가던 딥러닝 머릿속에 인스톨해 드립니다.
• 김진호, Deep learning Short Course, ICEC 2017


