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Study of Improved CNN Algorithm for Object Classification
Machine Learning of Simple High Resolution Image

Hyeopgeon Lee*, Young—Woon Kim
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Abstract A convolutional neural network (CNN) is a representative algorithm for implementing artificial
neural networks. CNNs have improved on the issues of rapid increase in calculation amount and low object
classification rates, which are associated with a conventional multi-layered fully-connected neural network
(FNN). However, because of the rapid development of IT devices, the maximum resolution of images
captured by current smartphone and tablet cameras has reached 108 million pixels (MP). Specifically, a
traditional CNN algorithm requires a significant cost and time to learn and process simple, high-resolution
images. Therefore, this study proposes an improved CNN algorithm for implementing an object classification
learning model for simple, high-resolution images. The proposed method alters the adjacency matrix value
of the pooling layer's max pooling operation for the CNN algorithm to reduce the high-resolution image
learning model's creation time. This study implemented a learning model capable of processing 4, 8, and 12
MP high-resolution images for each altered matrix value. The performance evaluation result showed that the
creation time of the learning model implemented with the proposed algorithm decreased by 36.26% for 12
MP images. Compared to the conventional model, the proposed learning model's object recognition
accuracy and loss rate were less than 1%, which is within the acceptable error range. Practical verification
is necessary through future studies by implementing a learning model with more varied image types and a
larger amount of image data than those used in this study.
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Fig. 1. Structure of the CNN algorithm
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Fig. 2. Example of the learming data for machine
learning model
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def __init__(self,
pool_size=(3, 3), # Pool Size =>3,3
strides=None,
padding="valid",
data_format=None,
*xkwargs) :

super(MaxPooling2D, self).__init__(
% 4. 3x3 AXE Pooling Z4x| el MMX}L g4

Fig. 4. Constructor method of pooling object
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3 layers.experimental.preprocessing.RandomFlip
4 RandomRotation, RandomRotation
5 J elwAl A e
6 layers.experimental.preprocessing.Rescaling
7
8 J/ Convolution Layer 7 <]
9 layers.Conv2D(16, 3, padding="same”,

activation="relu"),

10 J/ Max Pooling <]

11 layers.MaxPooling2D()

12 J/ Convolution Layer®} Max Pooling % <]

layers.Conv2D(32, 3, padding="same”,
activation="relu"),

14 layers.MaxPooling2D(),

13

15 J/ Convolution Layer®} Max Pooling 7 <]

layers.Conv2D(64, 3, padding="same”,
activation="relu"),

17 layers.MaxPooling2D

18 J/ dlolE] S71HE 13+ Dropout

19 layers.Dropout(0.2),

20| AR GaEE, 2495 F relU

21 layers.Flatten(),

16

22 layers.Dense(128, activation="relu"),
23 layers.Dense(num_classes)
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Fig. 5. Pseudo code of the machine learning model
layer for proposal algorithm
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Table 2. Result of the create time of machine
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Table 1. Experiment environment Size
4MP 41.12 36.56 29.35
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Table 3. Result of accuracy of the machine
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model by pooling size
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8MP 98.94 98.18 98.92

12MP 97.68 97.27 96.22

AVG. 98.00 97.32 97.78
_ 1000 u4MP =S8MP 12MP
T 995
S 990
¥ oss
E 98.0
E 97.5
2 o970
5 96.5
E_ 96.0
E 955
g 95.0
045

2x2 3x3 4x4
Pooling Size
Zlof w2

a8 7. ololx] sfaEd £
=

EEEFDRE

1z
]

Z 3t
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Fig. 8. Result of the loss rate of machine
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