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A Convolutional Neural Network based on Adaptive
Pooling for Classification of Noisy Images
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Abstract

Convolutional ncural network is onc of the cffective methods for classifying images that performs learning
using convolutional, pooling and fully-connected layers. All kinds of noise disrupt the operation of this
network. Noise images reduce classification accuracy and incrcasc convolutional ncural network training
time. Noise is an unwanted signal that destroys the original signal. Noise changes the output values of a
system, just as the value recorded in the output differs from its actual value. In the process of image
encoding and transmission, when the image is passed through noisy transmission channel, the impulse noise
with positive and negative pulses causes the image to be destroyed. A positive pulse in the form of white and
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a negative pulse in the form of black affect the image. The purposc of this paper is to introduce dynamie
pooling which make the convolutional ncural nctwork stronger against the noisy image. The proposcd
method classifies noise images by weighting the values in the dynamic pooling region. In this research, a new
method for modifying the pooling operator is presented in order to increase the accuracy of convolutional
neural network in noise image classification. To remove noise in the dynamic pooling layer, it is sufficient to
prevent the noise pixel processing by the dynamic pooling operator. Preventing noise pixel processing in the
dynamic pooling layer prevents selecting the amount of noise to be applied to subsequent CNN layers. This
increases the accuracy of the classification. There is a possibility of destroying the pixels of the entire
window in the image. Due to the fact that the dynamic pooling operator is repeated several times in the
layers of the convolutional ncural network, the proposced method for merging noisc pixels can be used many
times. In the proposed dynamic pooling layer, pixels with a probability of p being destroyed by noise are not
included in the dynamic pooling opcration with the same probability. In other words, the participation of a
pixcl in the dynamic pooling laycr depends on the health of that pixel value. If a pixel is likely to be noisy, it
will not be processed in the proposed dynamic pooling layer with the same probability. To compare the
proposed method, the trained VGG-Net model with medium and slow architecture has been used. Five
convolutional layers and three fully connected layers are the components of the proposed model. The
proposed method with 26% error for images corrupted with impulse noise with a density of 5% has a better
performance than the compared methods. Increased efficiency and speed of convolutional neural network
based on dynamic pooling layer modification for noise image classification is seen in the simulation results.

Keywords: Convolutional neural network, Noise, Image classification, weighted pooling
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(Table-1): Comparison of computational complexity for the
proposed method with other algorithms
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Figure-10): The creation of a variety of noises with 20% density. Images are magnified.
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(Table-2); Configuration of the proposed NR-CNN based on the VGG-Net-Medium model
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Layer | VGG-Net-Medium Proposed Size | Number | Stride | Pading
\ - Noise detection - - - -
Y Input Input - - - i
Y Convolution convolution Yy ar Y .
¥.0 ReLU, LRN ReLU, LRN - - - -

14 Max pooling Adaptive max pooling | V> Y - Y .
v Convolution Convolution Oxh | Yor Y \
AA ReLU, LRN ReLU, LRN - - - -
\e Max pooling Adaptive max pooling | >V - Y .
AR Convolution Convolution Y| 0Ny \ \
VY RcLU RcLU - - - -
'Y Convolution Convolution ARSI AR R \ \
V¥ ReLU ReLU - - - -
‘o Convolution Convolution XY | Oy \ \
\# RcLU RcLU - - - -
VY Max pooling Adaptive max pooling | ¥'xY - Y .
YA Fully connected Fully connected - f-a7 \ .
9 ReLU ReLU - - - -
\E Fully connected Fully connected - f-a7 \ .
" ReLU ReLU - - - -
Y Fully connceted Fully connected - Yoo \ .
Yy Loss function loss function - - - -
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(Table-3): Configuration of the proposed NR-CNN based on the VGG-Net-Slow model

Layer | VGG-Net-Slow Proposed Size | Number | Stride | Pading
\ - Noise detection - - - -
v Input Input - - - _
v Convolution convolution y>¥ ag Y .
f,0 | ReLU,LRN ReLU, LRN - . - .
£ Max pooling | Adaptive max pooling | Y>V - Y .
A Convolution Convolution Ord | YOF \ .
A ReLU ReLU - - - -
A Max pooling | Adaptive max pooling | V>V - Y .
\e Convolution Convolution Y'Y AVY \ \
) ReLU RclLU - - - -
\Y Convolution Convolution XY | oVY \ \
'Y ReLU RelLU - - - -
VY Convolution Convolution XY ONY \ \
\o RelU RecLU - - - -
\# Max pooling | Adaptive max pooling | Y> Y - Y .
\Y | Fully connccied Fully connccled - AR V4 \ .
A ReLU RelU - - - -
V% | Fully connccted Fully connccted - f.a8 \ .
Y- ReLU RelLU - - - -
Y\ | Fully connecled Fully connected - Veooo \ .
vy Loss function loss function - - \ .

(Top 5) Uas> )Lgm L 6""595 ).y'glm.'f GMM 6‘)‘3 VGG-Net-Medium g Ls.)l.e,kuu g’(vs) A Lo :(f—Jg.\?)
(Tablc-4): The classification performance (Top-5 crror) of noisy images using VGG-Net-Medium and proposed NR-CNN
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(Table-5): The classification performance (Top-5 error) of noisy images using VGG-Net-Slow and proposed NR-CNN
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(Table-6): Configuration of the proposed NR-CNN #1

Pading | Pading
Layer BL-CNN NR-CNN Size | Number | Stride =0 n=Y

‘ - Noisce deteetion - - - - -

) Input Input - - - -
Y Convolution Convolution n*n Y- \ . )
Y Max pooling Adaptive Max pooling Y*Y - Y

¥ Convolution Convolution d*0 O \ .

b Max pooling Max pooling YEY - Y .

4 Convolution Convolution £ O~ \ .

A RcLU ReLU - - \ .

A Fully connected Fully connected A \- \ .

a Loss lunction Toss [unction - - - - -

&l ad 99 03lod g0 Sy (V- Jgo)
(Table-7): Configuration of the proposed NR-CNN #2
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Pading | Pading
Layer BL-CNN NR-CNN Size Number | Stride n= n=y
- Noise detection - - - - R
) Input Input - - - - -
Y Convolution Convolution n*n Y. \ . )
v Max pooling Adaptive Max pooling Y - A\ \ \
¥ Convolution Convolution 0*0 ae \ .
N Max pooling Max pooling VY - \
4 ReLU ReLU - - \ .
A4 Convolution Convolution £+ 7. \ .
A Max pooling Max pooling Y - \ .
4 Convolution Convolution EY AR \ .
\e Max pooling Max pooling Y - \
AR RcLU ReLU - - \ .
WY Fully connected Fully connected VRN \e. \
W Loss function Adaptive loss function - - - -
0.8 ~
BL-CNN 0.688 0.678
071 = NR-CNN
0.6 1 0.526 405
0.5 4
04 - 0.352 0.387 = 0375

Error (Top 1)

0.305 0.304 0.285
03 - >
0.190 0216 7 0.190
02 0-1360"550.113
ol _0.0SZ).()S()()_()(,(1).()69 I I
0.0 . ] I

Config. 1 ‘ Config. 2 ‘ Config. 1 ‘ Config. 2 ‘ Config. 1 ‘ Config. 2 ‘ Config. 1 ’ Config. 2 ‘ Config. 1 ‘ Config. 2
10% 20%

‘ . 30% . ‘ 09 ‘ 509 ‘
N()lsg d?nsnty 40% ‘

430 aBgi &y Attt yglar guisaid g1y 9 (N=5) solgiudon 95 99 5 U, 0 leds (G ;5 b Baseline CNN duwy Uio 1(1)- JS0)
h (Figure-11): The classification performance of impulsive noisy images using configuration #1 (n=5)
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(Figure-12): The classification performance of impulsive noisy images using configuration #2 (n=7)
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(Figure-13): Reconstruction time of the images corrupted by 40% impulse noise using different algorithms
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