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Feature Visualization and Error Rate Using Feature Map
by Convolutional Neural Networks
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{Abstract)

In this paper, we presented the experimental basis for the theoretical background
and robustness of the Convolutional Neural Network for object recognition based on
artificial intelligence. An experimental result was performed to visualize the weighting
filters and feature maps for each layer to determine what characteristics CNN is
automatically generating.

experimental results were presented on the trend of learning error and identification
error rate by checking the relevance of the weight filter and feature map for learning
error and identification error. The weighting filter and characteristic map are
presented as experimental results. The automatically generated characteristic quantities
presented the results of error rates for moving and rotating robustness to geometric
changes.
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Fig. 2 Pooling process underlying CNN

9 29 o] 4x47 olFolXl &7 Aol
3 2x2 EE ARESIA 47 For FEeith
g7} o3 2719 stride= ZE 7|9 &
UsHA 22 AFSHA Hrof ol &9 e 2x2
7b EaL EE 7Rl G99l 7 2w
AESHA ok



4 ABAABESE =23 H24B A=

Aele 9fsle] MNIST Dataset
Fo] A3l wE

(e}
QXjo} AH O} ke 27H AL,

CNNe] w7 w54
o 7

)

L
~

~
|

\
O

- Input
\_/ layer

Convolution  Pooling | |Convolution  Pooling

Hidden layer 1 Hidden layer 2
Convolution + Pooling layers
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Fig. 5 Visualized results of feature map
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