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Abstract In this paper, we propose an algorithm to perform convolution, pooling, and ReLU
operations in CNN using binary image and binary kernel. It decomposes 256 gray-scale images
into 8 bit planes and uses a binary kernel consisting of -1 and 1. The convolution operation
of binary image and binary kernel is performed by addition and subtraction. Logically, it is a
binary operation algorithm using the XNOR and comparator. ReLU and pooling operations are
performed by using XNOR and OR logic operations, respectively. Through the experiments to
verify the usefulness of the proposed algorithm, We confirm that the CNN operation can be
performed by converting it to binary logic operation. It is an algorithm that can implement
deep running even in a system with weak computing power. It can be applied to a variety of
embedded systems such as smart phones, intelligent CCTV, IoT system, and autonomous car.

Key Words : Bit-plane, Binary CNN, Computing Power, Embedded System, Binary kernel, XOR

1. 2 S0k 8, ¥4, 95 528 vt

FEEE AEHoE Frbstal Qlth o=

g, FIols AUE Eo2 diHEE YHY

A 2A”lO] CNNE +E5To&2H ookt AfH|A

HZ B9l AFstaA st £87F FHSHA F

7Vt Utk CCTV, IoT, ITS 59 ZoloAx

CNNell ozt £87F F7ksta lov, AF™

199l AR 15 AAHES FEE 5§
‘ot

2 =894 CNNOJA Agsta Q=

FT S0l AR% WE S5 SRl wek
tro] Flojolz == geido] FRIAe #ok
oA tifelA -3-8&%3 2ty CNN(Convolutional
Neural Network)ollAl= Flojoj9] 471 +47] He
2 IR 3L EEFE el AREE Ad
FL golo] F usvh ARSETHI23L mebA
CNN2 F2 ti8F wxe|et diksert we CPU
% GPU7F Ui Al2gle]l 7553 Qi

& & Muel F535kaL = CNN9| &
This paper is the result of a study by the Kangnam University Intramural Research Support Project 2018.

*Corresponding Author : Department of IoT Electronic Engineering, Kangnam University(jhchoi@kangnam.ac.kr)
Received October 16, 2019 Revised November 17, 2019 Accepted November 20, 2019

N (g

rr

)
e




hB8 si=mEFASAIIEE=2X| H12AH K65

R2 : feature 2

]

C1: feature 1

Input imag

C3: feature 3

P4 : feature 4 cs F&

E

Output

] (=8
g 1

o —

Convolution Rell

|

I— = 8 Ao
—>J_“ Jie u“ |-i|—J—>‘ -b| :

I Wk

| M

Pooling Conveolution

Full

Convolution Connection

I3 1. CNN 72
Fig. 1. CNN Architecture
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Fig. 2. Bit-Plane image decomposition
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Fig. 8. Binary convolution of bit-plane image
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