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Convolutional Neural Networks (CNNs) are extensively used for image classification. Noisy images reduce the
classification performance of convolutional neural networks and increase the training time of the networks. In this
paper, a Noise-Robust Convolutional Neural Network (NR-CNN) is proposed to classify the noisy images without
any preprocessing for noise removal and improve the classification performance of noisy images in convolutional
neural networks. In the proposed NR-CNN, a noise map layer and an adaptive resize layer are added to the ar-
chitecture of convolutional neural network. Moreover, the noise problem is considered in different components of

NR-CNN such that convolutional layer, pooling layer and loss function of the convolutional neural network are
improved for robustness of CNN to noise. The adaptive data augmentation based on noise map are introduced to
improve the classification performance of the proposed NR-CNN. Experimental results demonstrate that the
proposed NR-CNN improves the noisy image classification and the network training speed.

1. Introduction

Image classification is used in various applications, such as security,
educational and promotional systems. In recent years, many researches
have been done to design automated systems for extracting fundamental
features from images [1-9]. Convolutional neural network (CNN) is an
effective method for image classification which uses convolutional,
pooling and fully-connected layers for learning process. This network is a
kind of multi-layer neural networks which consists of neurons with
trainable weights and biases [10-16].

Noisy images are the destructive factors in the training of convolu-
tional neural networks and decrease the classification performance of the
networks [17]. Noise removal from the images is an important issue in
the image processing which is often done as a preprocessing step
[17-21].

Various types of noise such as impulse noise, missing image samples,
packet loss in image transmission, damaged image and tampered images
influence the image quality and make images unsuitable for image pro-
cessing. Impulse noise is one of the most common types of noise that
occurs during image acquisition, recording, and transmission [22,23].
The intensity of a pixel corrupted by the impulse noise is much higher or
lower than those of its uncorrupted neighbors [23]. Missing image
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samples occur when parts of an image are missing, damaged or partially
occluded by undesired objects. Image inpainting has been widely used to
solve the problem and repair damaged/missing pixels of the images
[24-26]. Packet loss is a problem that occurs during image transmission
in Wireless Multimedia Sensor Networks (WMSNs) and causes the
degradation of image quality [27,28]. Damaged images refer to the im-
ages degraded by dropouts and outliers. Outliers (anomalous pixel
values) are generated by calibration errors, and dropouts by display
monitor faults and abrasion on photographic material [29-31]. Digital
images may be tampered maliciously which leads to reduce the quality of
them. Restoration of the tampered images is a costly process [32].
Images corrupted by noise affect the performance of the convolu-
tional neural networks. The noisy images are often restored in the pre-
processing step, which causes the improvement of the classification
performance of CNN. However, the noisy images may not be completely
restored in the preprocessing step due to the high density of noise, which
leads to the negative impact on the learning and validation of the CNN.
Moreover, preprocessing for noise removal is a costly and time-
consuming process. The aim of this paper is to propose a Noise-Robust
Convolutional Neural Network (NR-CNN) for classification of noisy im-
ages, which does not require preprocessing for noise removal. In the
proposed method, the robustness of CNN is carried out to various types of
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noise such as impulse noise, missing image samples, packet loss in image
transmission, damaged images and tampered images. Proposed NR-CNN
modifies the architecture of the basic convolutional neural network for
robustness to noise by adding a noise map layer and an adaptive resize
layer, and considers the classification of noisy images in different com-
ponents of NR-CNN. Extensive experiments show the effectiveness of the
proposed NR-CNN in classification of noisy images.

We can summarize the advantages of the proposed NR-CNN as
follows:

e The proposed method can be simultaneously used for robustness of
CNN to several types of noise. An image with different noise types is
processed only once by the proposed NR-CNN.

e The proposed NR-CNN requires no preprocessing for restoration of
noisy images and speeds up the classification of these images in the
training stage.

e The performance of the proposed NR-CNN is better than other
methods in classification of noisy images.

The contributions of this paper are as follows, each of which is
described in the relevant subsection:

1. A convolution neural network is presented which is robust to noise
and improves the classification performance of noisy images. The
proposed NR-CNN classifies the noisy images without any pre-
processing for noise removal.

2. An adaptive resize layer is placed at the NR-CNN to increase the
robustness of the network to noise.

3. Adaptive filtering is applied in the architecture of the convolutional
layer of the proposed NR-CNN, and an algorithm is proposed for
adaptive stride to robust the network to noise.

4. An adaptive pooling operator to noise is considered in the proposed
NR-CNN to decrease noise effects in the pooling layer.

5. Adaptive data augmentation based on noise map are presented for
increasing the classification performance of the proposed NR-CNN.

The reminder of this paper is organized as follows. The proposed
noise-robust convolutional neural network is described in Section 2. In
this section, different components of the proposed CNN are expressed in
details. Extensive experiments are conducted for evaluating the proposed
NR-CNN and provided in Section 3. The conclusion of the paper is pre-
sented in Section 4.

2. Proposed noise-robust convolutional neural network

The convolutional, pooling, and fully-connected layers are main
components of convolutional neural networks [13]. The convolution
layer collected of several convolution kernels obtains feature maps.
Mathematically, the feature value in the feature map of a layer can be
computed by Ref. [33]:

Zijk = W;(Txi,/ + by (€8]

where i,j are the location in the kth feature map, x;; is the input patch, wy
is the weight vector of the kth filter, and b is the bias of the layer. The
pooling layer, located among convolutional layers, plans to get shift-
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invariance by down sampling of the feature maps. Denoting the activa-
tion function of CNN as act(-), pooling function as pooling(-), and .%;; as a
local neighborhood, down sampling operation in the feature map of a
layer is calculated by Ref. [13]:

Yijx = pooling (act(z,-:,-,k)),V(m, n) € % (2)

The fully-connected layers may be placed after convolutional and
pooling layers. For classification issues, the softmax function is usually
applied in the output layer (the last layer of CNNs). The optimum values
of parameters of CNN (e.g., the weight vectors and bias terms) for a
classification issue can be achieved by minimizing a loss function [13].
Denoting x™ as the nth input data, y™ as real target label of nth input
data, o™ as the nth output of CNN classification, and @ as all the pa-
rameters, the loss of CNN can be obtained as (3) [33]:

-1 Nfo- 0 ol l,..,N 3
'_N;(vy ;0 )7"6[:---7 ] ()

In this section, a Noise-Robust Convolutional Neural Network (NR-
CNN) is presented which classifies noisy images without any pre-
processing for noise removal. General process of the proposed NR-CNN is
presented in Fig. 1. The components of the NR-CNN are described in the
following.

2.1. Noise map layer

The proposed NR-CNN has a noise map layer placed at the beginning
of the NR-CNN and used to detect impulse noise, missing image samples,
packet loss in image transmission, damaged images and tampered im-
ages. The noise map layer detects various types of noise and generates a
noise map for each image to indicate the noisy and uncorrupted images.
The architecture of the noise map layer is shown in Fig. 2.

As can be seen from Fig. 2, impulse noise is detected via a local
consensus index schemea method [34]. Packet loss in image transmision
is detected based on the image content [28]. Moreover, missing image
samples are detected using the target regions [24], damaged imges using
the statistical approach [29], and tampered images using the image
authentication method [32].

In the proposed method, for robustness of CNN to noise, a noise map
is generated for each image based on the noise type detected in the
previous step. As shown in Fig. 3, each image contains four channels:
noise map channel, red channel, blue channel and green channel.
Therefore, the images are given with four channels to CNN. In the
training process based on the noise map, NR-CNN learns to deal with
noisy pixels.

2.2. Adaptive resize layer to noise

The convolutional neural networks usually start with the convolu-
tional layer. The input images of the CNN should generally have a fixed
size (i.e. 244 x 244) [35]. Therefore, the dimensions of the images larger
than the size of the CNN input should be reduced. In this paper, a new
layer called the adaptive resize layer is placed in the CNN to increase the
robustness of the network to noise. The task of the adaptive resize layer is
to improve the dimension reduction method for larger images than the
CNN input using the noise map. In the selection of a pixel from a few

Adaptive pooling
layer to noise

Fully connected
layer

Fig. 1. General process of the proposed NR-CNN.
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4

Fig. 2. The architecture of the noise map layer.

Noise Map Channel
Red Channel
Green Channel

Blue Channel

Fig. 3. Four channels for each image.

pixels for reduceing the image size using the noise map, the noisy pixel is
removed, and the dimension reduction is performed using the rest of the
pixels. The adaptive resize layer makes the noisy pixels are not partici-
pated in the dimension reduction process of the CNN input image. The
beginning of the CNN with the adaptive resize layer is shown in Fig. 4.

2.3. Adaptive convolutional layer to noise

Convolutional layer parameters include a set of learnable filters. In
this paper, the convolutional layer architecture of CNN is modified by
adaptive filtering to present an effective method for robustness of CNN to
noise.

2.3.1. Adaptive filtering

The proposed method by dropping the noisy connections between
source and kerner of convolution, reduces the effect of noise on the CNN.
Adaptive filtering with droppted noisy connections is performed based
on the pixel values in CNN which increases the classification accuracy.
Fig. 5 shows the architecture of the proposed convolutional layer for
robustness of the network to noisy images. Dropping noisy connections
prevents entering noisy pixels to the next layers. The proposed method
for removing noise connections can be used for different convolution
kernel size. It is worth mentioning that the noise map is updated in each
layer.

Original image
(Size: 1024*768)

Subsampled image

NoiseMap ;e 224%224)

Layer

Convolution

Fully-connected
Layer

Convolution
Layer

Pooling
Layer

Pooling
Layer

Adaptive resize layer to noise

Convolutional neural network

Fig. 4. The beginning of CNN with the adaptive resize layer to noise.
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(b)
Drop noisy connections and then
(n*n) convolutions

(€))

(n*n) convolutions

Switching mechanism based on
noise map

a) Uncorrupted pixel
b) Noisy pixel

Noise map based on
previous layer

Previous layer

T

Fig. 5. The architecture of the proposed convolutional layer for robustness of the network to noisy images.

2.3.2. Adaptive stride to noise
The proposed algorithm for adaptive stride to noise is described in
Algorithm 1, which improves the classification accuracy of noisy images.

Algorithm 1
The proposed algorithm for adjusting the adaptive stride to noise

1 Make a bit matrix as a stride map

2 Mark the selected pixels in each stride

3 Match the noise map and stride map to detect noisy pixels

4 Change the filter position from the noisy area to the closest uncorrupted one in the
neighborhood of w x w

Correcting the adaptive stride map makes the noisy pixels are not
considered in the classification process. As can be seen in Fig. 6, the noise
map and stride map are initially matched together, then the stride
operation is done. Fig. 7 illustrates the workflow of the proposed method
for adaptive stride to noise in CNN to improve the classification of noisy
images. w x w is the area which is searched to find the closest uncor-
rupted position for changing the position of the filter.

2.4. Adaptive pooling layer to noise

In convolutional architecture, several pooling layers can be placed

between convolutional layers. Reducing the width and height of the
input image is done in the pooling layer to decreases the number of pa-
rameters and computations [36]. A pooling function replaces the
network output in a specific location with the statistical summary of
neighboring outputs. Noise has a direct impact on the pooling layer. In
this paper, a new method for modifying the pooling operator is proposed
to improve the accuracy of the convolutional neural network in the
classification of noisy images. A numerical example of the max-pooling
operator is shown in Fig. 8. To eliminate the noise in the pooling layer,
the pooling operator should prevent the processing of the noisy pixels.
Fig. 9 demonstrates the proposed method for improving the max-pooling
operator to remove low density noise. Noisy pixels are indicated by black
squares. As shown in Fig. 9, avoiding the processing of noisy pixel in the
pooling operator prevents the selection of noisy values for using in sub-
sequent CNN layers, which increases the accuracy of image classification.
Given that the pooling operator is repeated several times in the layers of
convolutional neural network, the proposed method for the pooling of
noisy pixels can be used repeatedly. Fig. 10 shows the proposed method
for improving the max-pooling operator to deal with high density noisy
pixels. Fig. 11 illustrates the workflow of the proposed method for
improving the max-pooling operator to remove noise. In the workflow, a
switch controls the selection of pooling method based on the pixel values
in CNN.

v

v
A
[

|l

_H _H

A. Markthe noisy pixels using the
noise map

B. Match the noise map and
stride map to mark noisy area
at each stride

C. Change the filter position from
the noisy area to the closest
uncorrupted one

Fig. 6. The adaptive stride in CNN based on noise map. Noisy pixels are indicated by black color. (For interpretation of the references to color in this figure legend, the

reader is referred to the Web version of this article.)
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(D)
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(@)

closest uncorrupted area

Switching mechanism based on

noise map

1) Uncorrupted pixel
2) Noisy pixel

Fig. 7. The workflow of the proposed adaptive stride to noise.

NN o —
W = Q| N
Al O] 0 &

Fig. 8. 2 x 2 max-pooling operator with a stride of 2 pixels for uncorrup-
ted pixels.

1124
TTH78958
<3121 ]0 3|4
11234

-y

Fig. 9. The proposed method for improving 2 x 2 max-pooling operator with a
stride of 2 pixels to remove low density noise (Black squares indicate the
noisy pixels).

T 2|4
718 >
312|110
X
1234
-y

Fig. 10. The proposed method for improving the max-pooling operator to
remove high density noise (Black squares indicate the noisy pixels).

2.5. Data augmentation based on noise map

Data augmentation can be used to generate additional data for CNN
without imposing the cost of labeling [37]. In this paper, Eq. (1) is pro-
posed for data augmentation by changing the light intensity of the images
based on the noise map.

0(i,)) =1(i,j) + (1 = P(i.j)) x X(i.J) “

where I is the input image, P is the noise map, X is the light intensity

change and O is the output image. Given the value of noise map (P), the

following conditions are considered for each pixel of the image:
_J O The pixel is uncorrupted

Pi= { 1 The pixel is noisy ®)

It is worth noting that X involves the integer numbers in the interval
[-a +a] which determines the intensity change for each pixel. In the
proposed method, the noisy pixels are not considered in the light in-
tensity change process, and only the values of uncorrupted pixels are
changed. This decreases the computational overhrad. Fig. 12 shows the
data augmentation architecture based on the noise map.

2.6. The computational overhead of the proposed NR-CNN

The computational overhead of the algorithms used for improving the
quality of noisy images is important [38]. Typically, images corrupted by
impulse noise, missing image samples, packet loss in image transmission,
damaged images and tampered images are restored in two steps.
Uncorrupted or noisy pixels are detected in the first step. Restoring the
noisy pixels and improving the image quality are done in the second step
[22,23,39].

In the first step of the proposed method, noise detection is performed
by generating the noise map, and in the second one, the robustness of
CNN to noise is done without any preprocessing for image restoration
which is a contribution of this paper. The proposed CNN uses the
switching method to ignore noisy pixels. With given noise map in the
second step, the computational overhead is low because our method only
prevents processing of noisy pixels.

3. Experiments

In this section, extensive experiments are performed to evaluate the
performance of the proposed NR-CNN for classification of noisy images
and compare to the deep VGG-Net models [40] with medium and slow
architectures, GoogleNet [41] and ResNet [42].

Accuracy and error rate have taken as criteria for the comparison
among methods, in accordance to the following [43,44]:

TP + TN

TP+ TN + FP+ FN’ ®)

Accuracy =

TP : True positive,
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(1)
Regular pooling

Output

2

Eliminate corrupted pixels, then

pooling

Fig. 11. The workflow of the proposed method for improving the max-pooling operator to remove noise.

Rate of changing the light intensity

Update noise map

Switching mechanism based on
noise map

1) Uncorrupted pixel
2) Noisy pixel

0
Change the light intensity
2

Ignore noisy pixels, then
change the light intensity

Fig. 12. Data augmentation architecture based on noise map.

TN : True negative,
FP : False positive,
FN : False negative

Error rate =1 — Accuracy )

3.1. Simulation of noises

The uniform distribution is used to simulate all types of noise. To
create a tampered image, noise is added to the image as lines with a
width of 1 pixel and a length of 5 pixels. To create a damaged image, solid
circles with 2 pixels radius are added to the image. To simulate packet
loss in the image, solid rectangles with the width of 2 pixels and the
length equal to the length of the input image are randomly added to the
image. To create missing samples, 2 x 2 squares are added to the image
as noise. Fig. 13 shows a variety of noises with 20% density.

3.2. Comparison of the proposed NR-CNN with VGG-Net models

The structure of proposed NR-CNN can be added and used for any pre-
trained CNN architecture in the test stage. For example, the proposed NR-
CNN are configured based on the medium and slow architectures to
compare with VGG-Net models. Table 1 demostrates the configuration of
the proposed NR-CNN based on the VGG-Net-Medium model. In Table 2,

the configuration of the proposed NR-CNN is shown based on the VGG-
Net-Slow model. Proposed NR-CNN contains 5 convolutional layers
and 3 fully connected layers. The input of NR-CNN is a fixed-size 224 x
224 RGB image.

In the first convolutional layer, the filter is adaptive to noise as shown
in Fig. 5. Adaptive stride to noise described in Algorithm 1 is used in the
proposed NR-CNN. Local Response Normalization (LRN) [35] is applied
for normalization and adaptive max-pooling for downsampling. The
noise map is updated in each layer. The activation function for all weight
layers (except for the last layer) is the REctification Linear Unit (RELU)
[35].

For training the networks, the ILSVRC-2012 dataset containing im-
ages of 1000 classes [35] is used. The dataset is divided into two sets:
training (1.3 M uncorrupted images) and validation (50K uncorrupted
and noisy images) setes. The top-5 error is used to evaluate the classifi-
cation performance. The top-5 error is the main evaluation criterion used
in ILSVRC and computed as the proportion of images such that the
ground-truth category is outside the top-5 predicted categories. The di-
mensions of the original images in the Image-Net database are multiples
of the input of NR-CNN. Therefore, using the noise map in the dimension
reduction process at the adaptive resize layer, a portion of the image
noises is removed. Adaptive convolution layer based on the uncorrupted
and noisy pixels improve the classification performance. Determining the
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Noise type:

Damaged image

Packet loss Missing samples

Fig. 13. A variety of noises with 20% density. Images are magnified.

stride map in each convolutional layer based on the noise map causes that
noisy pixels are not considered in the classification process. The adaptive
pooling layer in the proposed NR-CNN prevents the processing of noisy
pixels using the pooling operator.

Table 3 shows the classification results of validation set with 10%-—
50% noise using VGG-Net-Medium and proposed NR-CNN. The results
demonstrate that the proposed NR-CNN has better perfomance than
VGG-Net-Medium for classification of noisy images. The classification

Table 1
Configuration of the proposed NR-CNN based on the VGG-Net-Medium model.
Layer  VGG-Net- NR-CNN Size Number  Stride  Pading
Medium
1 - Noise - - - -
detection
2 Input Adaptive - - - -
resize, Input
3 Convolution Adaptive 7 % 96 2 0
convolution 7
4,5 ReLU, LRN ReLU, LRN - - -
6 Mazx-pooling Adaptive max- 3 x - 2 0
pooling 3
7 Convolution Convolution 5 x 256 2 1
5
8,9 ReLU, LRN ReLU, LRN - - - -
10 Max-pooling Max-pooling 3 x - 2 0
3
11 Convolution Convolution 3 x 512 1 1
3
12 ReLU ReLU - - - -
13 Convolution Convolution 3 x 512
3
14 ReLU ReLU - - - -
15 Convolution Convolution 3 x 512 1 1
3
16 ReLU ReLU - - -
17 Max-pooling Max-pooling 3 x - 2 0
3
18 Fully Fully connected = — 4096 1 0
connected
19 ReLU ReLU - - - -
20 Fully Fully connected = — 4096 1 0
connected
21 ReLU ReLU - - - -
22 Fully Fully connected - 1000 1 0
connected

23 Loss function Loss function - - - -

results of the validation set with 10%-50% noise using VGG-Net-Slow
and NR-CNN are shown in Table 4. The results indicate the superiority
of the proposed NR-CNN in the classification of noisy images.

3.3. Comparison of the proposed NR-CNN with GoogleNet and ResNet

To further investigate the performance of the proposed NR-CNN,
several experiments are performed to compare it with GoogleNet [41]
and ResNet [42] in classification of the noisy images. Table 5 shows the

Table 2
Configuration of the proposed NR-CNN based on the VGG-Net-Slow model.
Layer  VGG-Net- NR-CNN Size Number  Stride  Pading
Slow
1 - Noise detection - - - -
2 Input Adaptive - - - -
resize, Input
3 Convolution Adaptive 7 % 96 2 0
convolution 7
4,5 ReLU, LRN ReLU, LRN - - - -
6 Max-pooling Adaptive max- 3 x - 3 0
pooling 3
7 Convolution Convolution 5 x 256 1 0
5
8 ReLU ReLU - - - -
9 Max-pooling Max-pooling 2 % - 2 0
2
10 Convolution Convolution 3 x 512 1 1
3
11 ReLU RelU - - - -
12 Convolution Convolution 3 x 512
3
13 ReLU ReLU - - - -
14 Convolution Convolution 3 x 512 1 1
3
15 ReLU ReLU - - - -
16 Max-pooling Max-pooling 3 x - 3 0
3
17 Fully Fully connected - 4096 1 0
connected
18 ReLU ReLU - - - -
19 Fully Fully connected - 4096 1 0
connected
20 ReLU ReLU - - - -
21 Fully Fully connected - 1000 1 0
connected
22 Loss function  Loss function - - 1 0
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Table 3
The classification result (Top-5 error) of noisy images using VGG-Net-Medium and NR-CNN.
Noise type VGG-Net-M NR-CNN
10% 20% 30% 40% 50% 10% 20% 30% 40% 50%
Impulse noise 0.45 0.69 0.85 0.93 0.96 0.19 0.2 0.21 0.22 0.24
Tampered image 0.38 0.51 0.62 0.71 0.80 0.19 0.22 0.24 0.27 0.30
Damaged image 0.36 0.50 0.62 0.70 0.76 0.19 0.21 0.23 0.24 0.25
Packet loss 0.47 0.65 0.76 0.84 0.90 0.18 0.19 0.19 0.20 0.22
Missing samples 0.34 0.49 0.60 0.70 0.77 0.19 0.21 0.23 0.24 0.26
Table 4
The classification performance (Top-5 error) of noisy images using VGG-Net-Slow and NR-CNN.
Noise type VGG-Net-S NR-CNN
10% 20% 30% 40% 50% 10% 20% 30% 40% 50%
Impulse noise 0.47 0.72 0.87 0.94 0.98 0.18 0.20 0.21 0.22 0.23
Tampered image 0.38 0.51 0.62 0.72 0.81 0.19 0.21 0.24 0.26 0.29
Damaged image 0.36 0.51 0.62 0.70 0.77 0.19 0.21 0.22 0.24 0.25
Packet loss 0.49 0.65 0.77 0.85 0.91 0.18 0.18 0.19 0.20 0.22
Missing samples 0.34 0.49 0.61 0.70 0.77 0.19 0.21 0.22 0.24 0.26
Table 5
The configuration of the proposed NR-CNN to compare with GoogleNet.
# GoogleNet ~ NR-CNN Pad Stride  # GoogleNet  NR- Pad Stride  # GoogleNet ~ NR-CNN Pad Stride
CNN
0 - Noise detection - - 52 Conv Conv 0 1 104  Conv Conv 0 1
1 Input Adaptive Resize, - - 53 ReLU ReLU - - 105 ReLU ReLU
Input
2 Conv Adaptive Conv 3 2 54 Concat Concat - - 106  Conv Conv 0 1
3 ReLU ReLU - - 55 Pooling Pooling 0x2x0x2 3 107 ReLU ReLU - -
4 Pooling Adaptive pool 0x1x0x1 2 56 Conv Conv 0 1 108  Conv Conv 0 1
5 LRN LRN - - 57 ReLU ReLU - - 109 Conv Conv 0 1
6 Conv Conv 0 1 58 Conv Conv 0 1 110 ReLU ReLU - -
7 ReLU ReLU - - 59 ReLU ReLU - - 111 Conv Conv 0 1
8 Conv Conv 1 1 60 Conv Conv 0 1 112 ReLU ReLU - -
9 ReLU ReLU - - 61 Conv Conv 0 1 113  Pooling Pooling 1 1
10 LRN LRN - - 62 ReLU ReLU - - 114 Conv Conv 0 1
11 Pooling Pooling 0x1x0x1 2 63 Conv Conv 0 1 115  RelU ReLU - -
12 Conv Conv 0 1 64 ReLU ReLU - - 116 Conv Conv 1 1
13  RelU ReLU - - 65 Pooling Pooling 1 1 117  RelLU ReLU - -
14 Conv Conv 0 1 66 Conv Conv 0 1 118 Conv Conv 2 1
15  ReLU ReLU - - 67 ReLU ReLU - - 119  ReLU ReLU - -
16  Pooling Pooling 1 1 68 Conv Conv 1 1 120  Conv Conv 0 1
17 Conv Conv 0 1 69 ReLU ReLU - - 121 ReLU ReLU - -
18 ReLU ReLU - - 70 Conv Conv 2 1 122 Concat Concat - -
19  Conv Conv 1 1 71 ReLU ReLU - - 123 Pooling Pooling 0x1x0x1 2
20 ReLU ReLU - - 72 Conv Conv 0 1 124 Conv Conv 0 1
21 Conv Conv 2 1 73 ReLU ReLU - - 125 ReLU ReLU - -
22 ReLU ReLU - - 74 Concat Concat - - 126 Conv Conv 0 1
23 Conv Conv 0 1 75 Conv Conv 0 1 127 ReLU ReLU - -
24 ReLU ReLU - - 76 ReLU ReLU - - 128  Pooling Pooling 1 1
25 Concat Concat - - 77 Conv Conv 0 1 129 Conv Conv 0 1
26 Conv Conv 0 1 78 ReLU ReLU - - 130 ReLU ReLU - -
27  RelU ReLU - - 79 Pooling Pooling 1 1 131  Conv Conv 1 1
28 Conv Conv 0 1 80 Conv Conv 0 1 132 ReLU ReLU - -
29 ReLU ReLU - - 81 ReLU ReLU - - 133 Conv Conv 2 1
30  Pooling Pooling 1 1 82 Conv Conv 1 1 134  RelLU ReLU -
31 Conv Conv 0 1 83 ReLU ReLU - - 135 Conv Conv 0 1
32 ReLU ReLU - - 84 Conv Conv 2 1 136 ReLU ReLU - -
33 Conv Conv 1 1 85 ReLU ReLU - - 137 Concat Concat - -
34 ReLU ReLU - - 86 Conv Conv 0 1 138 Conv Conv 0 1
35 Conv Conv 2 1 87 ReLU ReLU - - 139 ReLU ReLU - -
36 ReLU ReLU - - 88 Concat Concat - - 140 Conv Conv 0 1
37 Conv Conv 0 1 89 Conv Conv 0 1 141 ReLU ReLU - -
38 ReLU ReLU - - 90 ReLU ReLU - - 142 Pooling Pooling 1 1
39 Concat Concat - - 91 Conv Conv 0 1 143 Conv Conv 0 1
40  Pooling Pooling 0x1x0x1 2 92 ReLU ReLU - - 144  ReLU ReLU - -
41 Conv Conv 0 1 93 Pooling Pooling 1 1 145  Conv Conv 1 1
42 ReLU ReLU - - 94 Conv Conv 0 1 146 ReLU ReLU - -
43 Conv Conv 0 1 95 ReLU ReLU - - 147 Conv Conv 2 1
44  ReLU ReLU - - 96 Conv Conv 1 1 148 ReLU ReLU - -

(continued on next page)
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Table 5 (continued)

# GoogleNet ~ NR-CNN Pad Stride  # GoogleNet  NR- Pad Stride  # GoogleNet ~ NR-CNN Pad Stride
CNN
45  Pooling Pooling 1 1 97 ReLU ReLU - - 149  Conv Conv 0 1
46 Conv Conv 0 1 98 Conv Conv 2 1 150 ReLU ReLU - -
47 ReLU ReLU - - 99 ReLU ReLU - - 151 Concat Concat - -
48  Conv Conv 1 1 100  Conv Conv 0 1 152 Pooling Pooling 0 1
49 ReLU ReLU - 101 ReLU ReLU - - 153 Conv Conv 0 1
50 Conv Conv 2 1 102 Concat Concat - - 154 SoftMax Loss - -
Function
51  ReLU ReLU - - 103  Pooling Pooling 0x2x0x2 3
Table 6
The configuration of the proposed NR-CNN to compare with ResNet.
# ResNet NR-CNN Pad Stride  # ResNet NR-CNN Pad  Stride # ResNet NR-CNN Pad  Stride
0 - Noise Detection - - 59 ReLU ReLU - - 118  Conv Conv 0 1
1 Input Adaptive Resize, - - 60 Conv Conv 0 1 119  BatchNorm  BatchNorm - -
Input
2 Conv Adaptive Conv 3 2 61 BatchNorm  BatchNorm  — - 120 Sum Sum - -
3 BatchNorm  BatchNorm - - 62 ReLU ReLU - - 121 ReLU ReLU - -
4 ReLU ReLU - - 63 Conv Conv 1 1 122 Conv Conv 0
5 Pooling Adaptive Pooling 0x1x0x1 2 64 BatchNorm BatchNorm - - 123 BatchNorm  BatchNorm - -
6 Conv Conv 0 1 65 ReLU ReLU - - 124 ReLU ReLU - -
7 BatchNorm  BatchNorm - 66 Conv Conv 0 1 125  Conv Conv 1 1
8 Conv Conv 1 67 BatchNorm BatchNorm - - 126 BatchNorm  BatchNorm - -
9 BatchNorm  BatchNorm - - 68 Sum Sum - - 127  RelLU ReLU - -
10 ReLU ReLU - - 69 ReLU ReLU - - 128 Conv Conv 0
11 Conv Conv 1 1 70 Conv Conv 0 1 129 BatchNorm  BatchNorm - -
12 BatchNorm  BatchNorm - - 71 BatchNorm  BatchNorm - - 130  Sum Sum - -
13 ReLU ReLU - - 72 ReLU ReLU - - 131 ReLU ReLU - -
14  Conv Conv 0 1 73 Conv Conv 1 1 132 Conv Conv 0
15  BatchNorm  BatchNorm - - 74 BatchNorm  BatchNorm  — - 133  BatchNorm  BatchNorm - -
16 Sum Sum - - 75 ReLU ReLU - - 134 ReLU ReLU - -
17 ReLU ReLU - - 76 Conv Conv 0 1 135 Conv Conv 1 1
18  Conv Conv 0 1 77 BatchNorm  BatchNorm  — - 136  BatchNorm  BatchNorm - -
19 BatchNorm  BatchNorm - - 78 Sum Sum - - 137  RelLU ReLU - -
20 ReLU ReLU - - 79 ReLU ReLU - - 138 Conv Conv
21 Conv Conv 1 1 80 Conv Conv 0 2 139  BatchNorm  BatchNorm - -
22 BatchNorm BatchNorm - - 81 BatchNorm  BatchNorm - - 140 Sum Sum - -
23 ReLU ReLU - - 82 Conv Conv 0 2 141 ReLU ReLU - -
24 Conv Conv 0 1 83 BatchNorm  BatchNorm  — - 142  Conv Conv 0 2
25 BatchNorm BatchNorm - - 84 ReLU ReLU - - 143 BatchNorm  BatchNorm -
26 Sum Sum - - 85 Conv Conv 1 1 144 Conv Conv 0 2
27  RelU ReLU - - 86 BatchNorm  BatchNorm  — - 145  BatchNorm  BatchNorm
28 Conv Conv 0 1 87 ReLU ReLU - - 146  ReLU ReLU - -
29 BatchNorm BatchNorm - - 88 Conv Conv 0 1 147 Conv Conv 1
30 RelLU ReLU - - 89 BatchNorm  BatchNorm - - 148  BatchNorm  BatchNorm - -
31 Conv Conv 1 1 920 Sum Sum - - 149  ReLU ReLU - -
32 BatchNorm BatchNorm - - 91 ReLU ReLU - - 150 Conv Conv 0
33 RelU ReLU - - 92 Conv Conv 0 1 151 BatchNorm  BatchNorm - -
34  Conv Conv 0 1 93 BatchNorm  BatchNorm - - 152  Sum Sum - -
35 BatchNorm BatchNorm - - 94 ReLU ReLU - - 153 ReLU ReLU - -
36 Sum Sum - - 95 Conv Conv 1 1 154 Conv Conv 0
37 RelU ReLU - - 96 BatchNorm  BatchNorm - - 155  BatchNorm  BatchNorm - -
38 Conv Conv 0 2 97 ReLU ReLU - - 156  ReLU ReLU - -
39 BatchNorm  BatchNorm - - 98 Conv Conv 0 1 157  Conv Conv 1
40  Conv Conv 0 2 99 BatchNorm  BatchNorm - - 158  BatchNorm  BatchNorm - -
41 BatchNorm  BatchNorm - - 100  Sum Sum - - 159  ReLU ReLU - -
42 ReLU ReLU - - 101 ReLU ReLU - - 160 Conv Conv 0
43  Conv Conv 1 1 102  Conv Conv 0 1 161 BatchNorm  BatchNorm - -
44  BatchNorm  BatchNorm - - 103  BatchNorm  BatchNorm  — - 162  Sum Sum - -
45 RelLU ReLU - - 104  ReLU ReLU - - 163  ReLU ReLU - -
46 Conv Conv 0 1 105 Conv Conv 1 1 164 Conv Conv 0
47  BatchNorm  BatchNorm - - 106  BatchNorm  BatchNorm  — - 165  BatchNorm  BatchNorm - -
48  Sum Sum - - 107  ReLU ReLU - - 166  ReLU ReLU - -
49 ReLU ReLU - - 108 Conv Conv 0 1 167 Conv Conv 1
50  Conv Conv 0 1 109  BatchNorm  BatchNorm  — - 168  BatchNorm  BatchNorm - -
51 BatchNorm  BatchNorm - - 110  Sum Sum - - 169  ReLU ReLU - -
52  ReLU ReLU - - 111 ReLU ReLU - - 170 Conv Conv
53  Conv Conv 1 1 112 Conv Conv 0 1 171 BatchNorm  BatchNorm - -
54  BatchNorm  BatchNorm - - 113  BatchNorm  BatchNorm  — - 172 Sum Sum - -
55  ReLU ReLU - - 114  RelU ReLU - - 173 ReLU ReLU - -
56  Conv Conv 0 1 115  Conv Conv 1 1 174  Pooling Pooling 0 1
57  BatchNorm  BatchNorm - - 116  BatchNorm  BatchNorm  — - 175  Conv Conv 0 1
58 Sum Sum - - 117  RelU RelLU - - 176  SoftMax Loss - -
function
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Fig. 14. The classification results of the images corrupted with 25% noise
density using GoogleNet and proposed NR-CNN.
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Fig. 15. The classification results of the images corrupted with 25% noise
density using ResNet and proposed NR-CNN.

Table 7
The first custom configuration of the proposed NR-CNN to compare with CNN.
Layer CNN NR-CNN Size Number Stride
0 - Noise detection - - -
1 Input Adaptive resize, Input - - -
2 Convolution Adaptive Convolution 5*%5 20 1
3 Max pooling Adaptive Max pooling 2%2 - 2
4 Convolution Convolution 5%5 50 1
5 Max pooling Max pooling 2%2 - 2
6 Convolution Convolution 4%4 500 1
7 ReLU ReLU - - 1
8 Fully connected Fully connected 1*1 10 1
9 Loss function Adaptive loss function - - -

configuration of the proposed NR-CNN to compare with GoogleNet. In
Table 6, the configuration of the proposed NR-CNN for comparison with
ResNet is demonstrated. The input images are resized to 224*224 by the
proposed adaptive resize method. Adaptive convolution and adaptive
pooling is used in the related first layer. For training the proposed
NR-CNN, the ILSVRC-2015 dataset containing uncorrupted images of
1000 classes [37] is used. The error rate (Top-5 error) in the classification
is used as the evaluation criterion for model testing. The results of the
proposed NR-CNN, GoogleNet and ResNet for classification of the noisy
images are shown in Figs. 14 and 15, respectively. As can be seen from
Fig. 15, the proposed NR-CNN using the ResNet configuration out-
performs other models. The results of Figs. 14 and 15 indicate that the
proposed NR-CNN using both configurations has better performance
compared to GoogleNet and ResNet for classification of the noisy vali-
dation set.
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Table 8
The second custom configuration of the proposed NR-CNN to compare with CNN.
Layer CNN NR-CNN Size Number Stride
0 - Noise detection - - -
1 Input Adaptive resize, Input - - -
2 Convolution Adaptive Convolution 5*5 20 1
3 Max pooling Adaptive Max pooling ~ 2*2 - 2
4 Convolution Convolution 5*5 50 1
5 Max pooling Max pooling 2%2 - 1
6 ReLU ReLU - - 1
7 Convolution Convolution 4+4 60 1
8 Max pooling Max pooling 2%2 - 1
9 Convolution Convolution 3*3 500 1
10 Max pooling Max pooling 2%2 - 1
11 ReLU ReLU - - 1
12 Fully connected Fully connected 1*1 10 1
13 Loss function Adaptive loss function - - -
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Fig. 16. The classification results of the images corrupted by impulse
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using first custom configuration (Table 7).
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Fig. 17. The classification results of the images corrupted by impulse noise
using second custom configuration (Table 8).

3.4. Comparison of NR-CNN with custom configuration of CNN

To further investigate the performance of the proposed NR-CNN,
several experiments are performed to compare it with other models
using two different configurations in classification of the images cor-
rupted by impulse noise.

Table 7 shows the first configuration of the proposed NR-CNN to
compare with CNN. In this configuration, the proposed NR-CNN consists
of 3 convolutional layers, 2 pooling layers, 1 ReLU layer and 1 fully
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connected layer. In Table 8, the second configuration of the proposed NR-
CNN for comparison with CNN is demonstrated. In the second configu-
ration, the proposed NR-CNN contains 4 convolutional layers, 4 pooling
layers, 2 ReLU layer and 1 fully connected layer. In both configurations,
the input images are resized from 128*128 to 28*28 by the proposed
adaptive resize method. The noise map is updated in each layer. To train
the proposed model, the MNIST database [45] is used, which includes 70,
000 images with 10 classes. In the experiments, 60,000 uncorrupted
images are used for training set and 10,000 noisy images for test set. The
accuracy in the classification is used as the evaluation criterion for model
testing. As can be seen from Fig. 16 and Fig. 17, the proposed NR-CNN
using the second configuration outperforms other models. Also, the
proposed NR-CNN has better performance compared to CNN for classi-
fication of the images corrupted by impulse noise.

4. Conclusion and future researches

In this paper, we proposed a convolution neural network (NR-CNN)
which is robust to a variety of noises. The Proposed NR-CNN classifies the
noisy images without any preprocessing for noise removal. The images
corrupted by impulse noise, missing image samples, packet loss in image
transmission, damaged images and tampered images were used to
consider the robustness of the proposed CNN to noise. To robust the
proposed CNN to noise, a noise map layer and an adaptive resize layer
were added to the convolutional neural network. Moreover, the adaptive
convolution layer, the adaptive pooling layer were introduced to
consider the noise problem in different components of the proposed CNN.
To improve the classification performance of the proposed CNN, the
adaptive data augmentation based on noise map was also provided.
Experimental results indicated that the proposed CNN has better per-
formance in classification of noisy images compared with VGG-Net-
Medium,VGG-Net-Slow, GoogleNet and ResNet. Moreover, the pro-
posed CNN requires no preprocessing for noise removal, which speeds up
the classification of noisy images based on CNN.

In the future, the aim is to use the proposed noise-robust convolu-
tional neural network for object detection in noisy images. Moreover,
other fundamental noises such as Gaussian noise, Poisson noise and
Speckle noise will be used in the images to be classified by the proposed
method.
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