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Study on the Application of Convolutional Neural Network on Image Processing
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Abstract:In recent years,Convolutional Neural Network (CNN) has been widely applied in image processing,target

detection,etc.,with a series of breakthrough research results.This paper expounds the basic principle of CNN and the

storage of images in computer.It introduces the application of CNN on black-and-white image processing such as

blurring,sharpening,edge detection,embossing effect and gradient effect.It is shown that different convolution kernels have

different effects on image processing,which is very important for studying image processing and recognition.
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2 BER4 1 EfH (Fundamentals of image processing)
2.1 BEgRRTERE
FMg P — A R — L, ARG, 7)) RR—

BIALE . B RO E O, y) FEAS R B A — 8 BRI
A, HREUEIR . BT AR R GOIUAH 24 TR XA eR B e T 5
PLEFOR ok, HIERGEIA R ARBGRT TR, S8
FILATPIAEYE: B, BBRPATER, FIHEZR IR
SBEERORT, B, O, AR NEEr
KER— PO, FELF ST . N Tk LA,
FE E G IR, AR REERTRAL,
I R WU I R AR T T 23 BUR R AR A B AL AT

&

>
oy

¢2

2

)
:
2

N

=3

REER H A2 B R 2 (8 AL AR dE AT B RO AL B, R
725 [) b IS P B0E 1 — R SRR O B U SRR LA,

X R R RN . R A 23 (R 0 FE R A R AR LE .

TERAEMS, RS EIRAEZS ] R 2 M < NSRS, SR 5 X

«\



6 B I

201946 H

AN/ DIk AR AR UL R G S B AT I AL B, A%
ANTTAR R RIE s BCE, RFE TAR SC AL BB A AR R
FEREMEAE AZ/ N MR AT S s RAE R 5 R B
IEREK. BT KARME LR,

\

(b) 6464

(a) 256 %256
A1 ABFEAHETLSBREMEZ M X L

Fig.1 Relationship between sampling points and

(c) 32x32

(d) 16x 16

image quality
23 2%

AR H A2 BRI G BT BB, @
BILRE R AR 15 21 B9 & 18 R B R K B B iR, 21k
EH—RHA BRI R, BUREMEGRERRIEME X, K
BB SEERAIANEZ ALY, FE, 2A5EHE/)
W, RESBERSEEAR, EEBIBRENS, ‘G
FIGBTERAY R R AE 2R .

()b RECZ2 (D) BEGZ16 (ORI HEZ256
B2 2R BEREZ 6K %R

fai

Fig.2 The relationship between quantization levels and
image quality
3 HFRMHZ ML (Convolutional Neural Network,
CNN)
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Fig.3 Convolutional neural network structure
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Fig.4 Maximum pooling operation diagram
4 E{&4bIE(Image processing)
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Fig.5 Blurred image under different convolution kernels
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Fig.6 Sharpened images under different convolution Kkernels
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Fig.7 Image edge detection under different

convolution kernels
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Fig.8 Embossed images under different convolution kernels
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Fig.9 Gradient images under different convolution kernels
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