Journal of Applied Science and Engineering, Vol. 23, No 3, Page 547-554 547

Bent Identity-based CNN for Image Denoising
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In the process of image acquisition and transmission, the image will be polluted by noise. Therefore, we propose

a bent identity-based convolutional neural network (BICNN) model. The model is a full convolu-tional network

model with a depth of 30 layers, consisting of six feature extraction modules (FEM) and skip connection. Skip

connection combines the output features of the first convolution layer with the output features of each FEM

in series to guarantee the full extraction of image’s features. Then we adopt the residual learning to alleviate

the gradient disappearance and improve the convergence speed so as to ensure that the nonlinear mapping

acquired by the trained denoising model is image noise. Bent identity is selected as the activation function,

which has soft saturation and the output mean is close to zero, which can enhance the robustness of the model

against input noise and accelerate the convergence of the model. Our extensive experiments demonstrate that

our BICNN model can not only exhibit high effec-tiveness in several general image denoising tasks, but also

make it highly attractive for practical denoising applications.
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1. Introduction

Image is an important way for human to acquire, express
and transmit information. People acquire about 75% of the
external information coming from sight [1]. Images have
rich information and it has become an important source for
knowledge and data. The captured image can well convey
the defect and emotional infor-mation of the image. In
the process of image acquisition, formation and transmis-
sion, noise will be introduced to cause the degradation of
image quality [2]. The complex natural environment will
inevitably lead to noise in the acquired image.

In order to improve the quality of the image, it is neces-
sary to de-noise the image. The noise is effectively removed
and the important information such as image edges and de-
tails are better preserved [3, 4]. The rapid development of
wavelet transform theory and its excellent time-frequency
analysis characteristics make it widely used in many fields
such as image compression and denoising, image fusion,
digital watermarking, feature recognition and extraction.
At present, wavelet image denoising method has become
the mainstream of image denoising research and applica-

tion [5].

A better denoising method should be universal and
can deal with different background and different types of
images with noise. Existing denoising methods mostly use
standard images to test the denoising effect. The noise
contained in the actual image is not single, so it is difficult
to evaluate the noise level and type. And the denoising
difficulty is much higher than the known noise added to
the standard image. Therefore, it is essential to design an
universal denoising method based on practical application.

Gaussian noise is the most common image noise, which
obeys Gaussian distribution and seriously affects image
quality. The widespread methods used for removing Gaus-
sian noise, such as BM3D5, CSF and TRND, have achieved
better denoising effects [6, 7], but manual modification
for parameters is required. In order to solve the above
problems, researchers began to use CNN method for im-
age denoising. For example, Zhang [8] proposed DnCNN
denoising model, which applied in-depth network architec-
ture, residual learning algorithm and batch normalization
to image denoising. On this basis, Zhang [9] proposed
FFDNet model to realize blind Gaussian denoising. Iso-
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gawa [10] combined soft shrinkage with deep-CNN and
proposed SCNN Gaussian de-noising model. Denoising
method based on CNN can effectively make use of the
global features of the image and significantly improve the
denoising effect. However, with the deepening of the net-
work depth, the features extracted by CNN method become
more and more advanced, and a large number of features
will be lost layer by layer. If the CNN layer is lower, the
extracted low-level features are more primitivem, such as
color and edge lines [11]. The high-level extracts texture
details and other advanced features. In order to better ex-
tract the texture features in the image, this paper adopts
skip connection to transfer the low-level features to the
high-level and merges the high-level features. Therefore,
we propose the BICNN denoising model.

The contributions for this paper are as follows.

1. We propose a bent identity-based convolutional neu-
ral network model.

2. Residual learning is adopted to alleviate the gradient
disappearance and improve the convergence speed.

3. Bent identity is selected as the activation function,
which can enhance the robustness of the model against
input noise and accelerate the convergence of the model.
The organization of this paper is as follows. In section 2,
BICNN denoising model is detailed introduced. Section 3
gave the experiments and analysis. There is conclusion in
section 4.

2. BICNN denoising model

2.1. Model structure

In order to effectively remove the noise contained in the
image, six feature extraction modules (FEM), skip connec-
tion and residual learning are used. The BICNN denoising
model shown in Figure 1 is designed. In Figure 1, X,I" and
Y represent the input noisy image, estimated noise image
and estimated clean image, respectively. L; is the output
of j-th convolution layer, j=1,2,...,30. Fx; and Fo and are
the input and output of the k-th fea-ture extraction module,
k=1,2,3,4,5,6. The layers of the BICNN model are thirty.
The last convolution layer only uses a filter with size 3x3
and does not connect the activation layer. The remaining
convolutional layers all use 64 filters with 3x3 size and con-
nect the activation layer. Zero padding is performed before
each convolution layer to ensure that the output image is
the same size as the input. In the network model, skip
connection is introduced to connect the output of the first
convolution layer with the output of each feature extraction
module. The lower level features extracted from the first
layer are continuously fused with the higher level features
extracted from the higher layer in series to ensure the full

extraction of image features. The residual learning idea is
introduced to make the denoising model acquire the noise
information I in the noisy image through the end-to-end
learning.

The key to realize denoising with BICNN model is to
fully extract various feature information in the image and
transmit it to the output end of the model. Inspired by
the dense connection, the feature extraction module is de-
signed, which can make full use of the different feature
information extracted by different convolutional layers of
the network. FEM module contains six convolution layers
and four activation layers. The activation function of the
activation layer is bent identity. The output of each FEM is
fused by the output of uneven con-volution layer and the
output of the first convolution layer in the BICNN model.
Common active function has sigmoid function, tanh and
ReLu, etc. Bent identity is perfect for tasks where the un-
derlying behavior is linear (similar to linear regression).
This activation function is not sufficient in the presence
of non-linearity, but it can still be used as an activation
function for regression tasks on the final output node. The
convergence speed will be faster.

2.2. Mathematical model

Assume that the noise model in the image is X = Y +
n, where X and Y are the noisy image and clean image,
respectively. n is the Gaussian noise of standard deviation ¢
. The purpose of training BICNN denoising model by using
{Xi, Y,-}f\il is to establish a non-linear mapping between X
and Y, and to learn the noise feature of input noisy images.
In order to minimize the difference between the actual
clean image and the ideal clean image, the loss function is
defined as:

2

1 Y .
L(w,b) = argmin— Y, —Y; 1
( ) gw,b N g || i i 1)

Where w and b are weight matrix and bias. X;, Y; and Y;
are the noise image, corresponding ideal clean image and
the estimated clean image respectively.

The mathematical model of BICNN is shown in figure 1,
where the output of the first convolutional layer is:

L = ﬁngsxxwl 2)

d=1
Where W3, ; represents that the size of of the first convolu-
tion layer is 3x3, that is, the upper and lower indices of w
represent the layer and the filter size of the layer. The upper
index of b! represents its layer. d represents the number of
input channels, namely the the number of filters. The input
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Fig. 1. BICNN model.

of first feature extraction module is:

Ly, ):9:1 wix; >0
Fp=BI(Ly) = L - "
(e —1),2].=1 wjx; <0

®)
Where BI() is active function. Hyper-parameter & > 0.
xj and w; denote image pixel value and corre-sponding
weight coefficient in local receptive field (filter window
size is 3x3). The input of second feature extrac-tion module

is:

E>; = BI (Fyp) 4)
64
Ly =Y wl,xFy+b (5)

d=1

64 64
Lo =Y w}.xBI (Z wd 5 x BI (Ly) +b8) +b° (6)
=1 =1
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Where concat]] denotes tandem fusion. The input of

Fy9 = concat [Ly, Lg, L11, L1]

third feature extraction module is:

F3;1 = BI (Fy) ©)
64

Lyy = Y w35 x BI (Fsp) + b% (10)
d=1

T = Log = w35 x BI (L) b** (1)

We use BICNN model to get the noise information I', then
we can obtain estimated clean image Y = X — T

3. Experiments and analysis

In order to verify the denoising effect of the proposed
model, experiments are carried out on standard im-ages.
400 gray images with 180x180 pixels are selected to con-
struct the training set. The training set of BICNN model is
formed by randomly flipping 400 images and rotating them
at any angle and then cutting them into 40x40 pixels images
with step size 10. The experimental environment is Keras,
which is carried out on a PC of CPU Intel (R) Core(TM)
i5-8300h CPU2 30 GHz, using NVIDIA 1060 Ti GPU ac-
celeration. Two widely used indicators are employed to
indicate the effect of image denoising: the signal-to-noise-
ratio (SNR), (normalized mean square error) NMSE and
(Structural Similarity) SSIM [12]. The SNR, NMSE and
SSIM are calculated as following:

Yl S(k)?

SNR = 101 12
"t xt-swop P
N ’ 2
NMSE = 101n Zk=1 (If(k) —S'(k)) (13)
Ly IS(K) 2
ssiM — — (uipr+Ci) x 2071 + ) (18)

(47 + 17 +C1) x (07 + 07 + C2))

We compare our method with state-of-the-art methods
including DMS [13], NWT [14], PNM [15], EGL [16], NLG
[17] to demonstrate the effectiveness of our new method.
In the simulated study, four images are used for testing:
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"Marilyn", "Chupa Chups", "David Hilbert" and "Old Tom
Morris". We have extensively tested these values as the cri-
teria for image denoising and find them succeed in virtually
all cases.

In Marilyn test experiment, the denoised image using
the new method in Figure 2 is compared with the de-noised
image of other denoising methods. As observed, the new
method successfully eliminates noise and ob-tains more ac-
curate results than other methods. Note that there are some
spots in soft threshold function. SDL method indicates that
the denoising effect has better smoothness, but the image
is fuzzy.

Similarly, in “Chupa Chups”, “David Hilbert” and “Old
Tom Morris" experiments (Figure 3, Figure 4 and Figure 5),
the new method effectively removes the baseline noise and
can better retrieve the images compared to other denoising
methods.

d) &) f)

Fig. 2. Image Marilyn denoising results and experiment
contrast. (a) DMS; (b) NWT; (c) PNM; (d) EGL; (e) NLG;
(f) Proposed.

Similarly, in “Chupa Chups”, “David Hilbert” and “Old
Tom Morris" experiments (figure 3, figure 4 and figure 5),
the new method effectively removes the baseline noise and
can better retrieve the images compared to other denoising
methods. Tables 1, 2, 3 and 4 show the SNR, NMSE, SSIM
of the original noisy and denoised image with different de-
noising methods. According to table 1, SNR2, NMSE, SSIM
with our new method are 19.9692, -8.7180 and 0.9946 which
are the largest values among the methods; the proposed
method has second largest SNR value, followed by NWT,
PNM, EGL, NLG. Overall, the table shows that our new
method can obtain better effect than the other methods.

Similarly, Tables 2, 3, and 4 imply that the new method

d) ) f)

Fig. 3. Image Chupa Chups de-noising results and exper-
iment contrast. (a) DMS; (b) NWT; (c) PNM,; (d) EGL; (e)
NLG,; (f) Proposed.

d) €) f

Fig. 4. Image David Hilbert denoising results and exper-
iment contrast. (a) DMS; (b) NWT; (c) PNM; (d) EGL; (e)
NLG; (f) Proposed.

outperforms the current denoising methods and suc-
cessfully recovers the desired images. The values of SNR,
NMSE, SSIM of the proposed adaptive denoising algorithm
are slightly higher than that of the other compared state-of-
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a) b) c)

Fig. 5. Image Old Tom Morris de-noising results and experiment contrast. (a) DMS; (b) NWT; (c) PNM; (d) EGL; (e) NLG;

(f) Proposed.

the-art methods. It shows that the pro-posed algorithm has
a stronger ability to enhance the edges, the texture regions
of the image, and preserve the smooth regions of the image
while removing the noise.

Table 1. Comparison of Marilyn with different methods.

Method SNR1 SNR2 NMSE  SSIM
DMS 8.8078  17.9387 -10.3537 0.7464
NWT 14.4077 17.1786 -10.1529  0.8122
PNM 83549 19.6941 -8.8761 0.8567
EGL 85837 19.7109 -8.8178 0.8924
NLG 8.6714  19.8827 -8.7596  0.9127

Proposed  8.7965 19.9692 -8.7180  0.9946

Table 2. Comparison of Chupa Chups with different
methods.

Method  SNR1  SNR2 NMSE SSIM
DMS 8.9129 15.2760 -10.3795 0.8693
NWT 8.5807 153085 -9.8547  0.8754
PNM 8.3253 15.3107 -9.7524  0.9237
EGL 85508 15.3193  -9.6688  0.9348
NLG 8.5674 152984  -9.5417  0.9717
Proposed 89038 15.3692 -7.9251  0.9935

In here, we emphatically introduce other two deep learn-
ing state-of-the-art methods (namely, FFDnet [8] and PCN
[9]) based on DNN to conduct comparison experiments.
The following is a brief review of FFDnet and PCN. The
image size is 512x512pixel.

1) FFDnet. The proposed FFDNet works on downsam-
pled subimages, achieving a good trade-off between infer-
ence speed and denoising performance. In contrast to the
existing discriminative denoisers, FFDnet enjoys several de-
sirable properties, including (i) the ability to handle a wide
range of noise levels (i.e., [0, 75]) effectively with a single

Table 3. Comparison of Chupa Chups with different
methods.

Method  SNR1 SNR2 NMSE SSIM
DMS 8.5746 17.1832 -9.5517 0.8316
NWT 8.6472 17.8845 -7.1437 0.8763
PNM 8.2643 18.4126 -7.5526 0.8948
EGL 8.7549 184523 -7.7875 0.9124
NLG 8.7654 18.6721 -7.9147 0.9376

Proposed 8.9277 18.7836 -6.9872 0.9946

Table 4. Comparison of Chupa Chups with different
methods.

Method  SNR1 SNR2 NMSE SSIM
DMS 85746 17.1832 -9.5517 0.8316
NWT 8.6472 17.8845 -7.1437 0.8763
PNM 82643 184126 -7.5526 0.8948
EGL 8.7549 18.4523 -7.7875 0.9124
NLG 8.7654 18.6721 -7.9147 0.9376

Proposed 8.9277 18.7836 -6.9872 0.9946

network, (ii) the ability to remove spatially variant noise by
specifying a non-uniform noise level map, and (iii) faster
speed than benchmark BM3D even on CPU without sacri-
ficing denoising performance. Figure 6 is the framework of
FFDnet.

2) PCN. First, a convolutional neural network is pro-
posed for image denoising which achieves the state-of-the-
art performance. Second a deep neural network solution
is presented that cascades two modules for image denois-
ing and various high-level tasks, respectively, and it uses
the joint loss for updating only the denoising network via
back-propagation. It demonstrates that on one hand, the
proposed denoiser has the generality to overcome the per-
formance degradation of different high-level vision tasks.
On the other hand, with the guid-ance of high-level vi-
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Fig. 6. The architecture of the proposed FFDNet for image denoising. The input image is reshaped to four sub-images,

which are then input to the CNN together with a noise level map. The final output is reconstructed by the four denoised

sub-images.
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Fig. 7. (a) Overview of PCN denoising network. (b) Architecture of the feature encoding module. (c) Architecture of the

feature decoding module.

sion information, the denoising network can generate more
visually appealing results.

According to the experiments in the two papers, we set
the added noise=40. The comparison result is shown in
Figures 8-13. Also the color image denoising results are
compared. It can be seen that proposed method and FFD-
Net consistently outperforms PCN on different noise levels
in terms of both quantitative and qualitative evaluation.

From the above results, we can see that the proposed
method yields the better PSNR on most of the images. Be-
cause deep learning method needs to many training sam-
ples, the results change with the iteration number and sam-
ple number. Nevertheless, the proposed method has the
similar results with deep learning method and even slightly
is better than it in conclusion.

4. Conclusions

The BICNN model proposed in this paper is a full con-
volutional network model. Each convolutional layer (not
containing the last one) adopts 64 filters with 3x3 size to
extract features of different types and levels. The combina-

ry

N |

c) PSNR=26.23dB

a)PSNR=26.14dB b) PSNR=26.26dB
Fig. 8. Denoising results on image “House” from the
BSD68 dataset with noise level 40 by different methods.
a) FFDnet, b) PCN, c) Proposed.

tion of the six feature extraction modules FEM and jump
connection in the model can transfer low-level features ex-
tracted from the shallow layer to the high level, so as to
fully extract noise features in the input image and ensure
that the model can effectively establish nonlinear mapping
between input and output after end-to-end training. The
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a)PSNR=3122dB b) PSNR=32.184B c) PSNR=31.56dB

Fig. 9. Denoising results on image “parrot” from the
BSD68 dataset with noise level 40 by different methods.
a) FFDnet, b) PCN, c) Proposed.

a) PSNR=28.54dB  b) PSNR=28.72dB c) PSNR=28.68dB
Fig. 10. Denoising results on image “motorbike” from the
BSD68 dataset with noise level 40 by different methods.

a) FFDnet, b) PCN, c) Proposed.

a) PSNR=23.33dB

b) PENR=13.28dB c) PSNR=23.37dB

Fig. 11. Denoising results on colour image “zebra” from
the BSD68 dataset with noise level 40 by different meth-
ods. a) FFDnet, b) PCN, c) Proposed.

information content of the noise in the noisy image is far
less than that of the signal. The introduction of residual
learning makes the trained model learn the noise, which
can reduce the learning difficulty of the model. The soft
saturation characteristic of the activation function and the
output mean value is close to zero, which can improve the
robustness of the model and accelerate the convergence
of the model. Compared with other state-of-the-art meth-
ods, BICNN model has improved the effectiveness of the
standard test set. Meanwhile, it can well retain the fea-
ture information of the original image. In the future, more
deep learning methods will be adopted and combined to
improve the accuracy of image denoising.

a) PENR=27.24dB b) PENE=27.91dB c) PSNR=27.93dB

Fig. 12. Denoising results on colour image “butterfly”
from the BSD68 dataset with noise level 40 by different
methods. a) FFDnet, b) PCN, c) Proposed.

a) b)PSNR=28.63dB  c) PSNR=2866dB d) PSNR=28.68dB

Fig. 13. Two image denoising examples from Kodak
dataset. We show (a) the ground truth image and the
zoom-in re-gions; (b) the denoised image by FFDnet; (c)
the denoised image by PCN; (d) the denoising result of
our pro-posed model.
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