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Image Denoising Based On Deep Feature Fusion And U-Net Network
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Image noise hinders the understanding of images by advanced visual tasks, and removing image noise is a
challenging task. The traditional denoising methods can not only destroy the texture of the image, but can
not save the image texture after removing the noise. Therefore, we propose a novel image denoising method
based on deep feature fusion and U-Net network. This new method uses a two-branch U-Net network to fuse
features and preserve image texture. In this paper, two encoders with independent parameters are proposed
to extract more useful information respectively, and a fusion module with series connection is proposed to
make better use of the extracted information and remove redundant information. Finally, the decoder is used
to reconstruct the image, and the U-Net peer connection is used on the symmetric convolutional layer in the
network. A large number of experimental results show that the proposed algorithm can effectively remove
synthetic noise and real noise, and the reconstructed image has a good effect on both subjective visual effect and
objective evaluation index.
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1. Introduction

In the process of image acquisition, storage and transmis-
sion, different noises are inevitably introduced to the im-
age. The presence of noise makes it impossible to obtain
complete image information, which will seriously affect ad-
vanced visual understanding tasks such as image saliency
detection [1], image segmentation [2], and image classifi-
cation [3]. Especially in the medical field, as long as the
medical image is polluted by noise, it may affect the doc-
tor’s judgment and later treatment of the patient’s con-
dition. Therefore, it is of great practical significance to
study the method of image denoising. The source of noise
is complex, and the types of noise are diverse, once the
image is infected with noise, it is difficult to recover its orig-
inal content and texture. Therefore, the purpose of image
denoising is to use an observable noise image to recover
its original content and texture as much as possible. The
research methods of image denoising can be roughly di-

vided into two categories: 1) traditional methods; 2) Based
on convolutional neural network. Traditional methods
mainly include spatial pixel feature denoising algorithms
[4, 5], transform domain denoising algorithms [6, 7] and
spatial and other domain combined denoising algorithms,
such as 3D block matching filtering algorithms (BM3D) [8],
WNNM, CSF, etc. They usually use the prior information
of noisy images such as the features between pixels in the
image, self-similarity, sparsity and smoothness, in order to
achieve the purpose of denoising. Although it can produce
a certain de-noising effect, due to the complexity of manual
acquisition of prior information, the obtained traditional
de-noising methods usually have high time complexity and
problems such as texture loss, so it is difficult to apply in
real life.

In recent years, convolutional neural networks (CNN)
have shown strong ability of automatic feature extraction
and can be accelerated by graphics processors [9–11]. CNN-
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based methods have received extensive attention and have
been studied for the task of image denoising. In the early
stage of CNN-based denoising methods, a three-layer CNN
with performance comparable to BM3D was first proposed,
which not only achieved the same denoising performance
as BM3D, but also greatly improved the processing speed,
attracting the attention of the industry and the research of
the academic community. Mao et al. [12] proposed an end-
to-end network, which effectively used encoding-decoding
network to remove noise, and used skip connection to ef-
fectively prevent gradient disappearance. While effectively
reducing image noise, this method still had the problem
that the reconstructed image is too smooth. Shan et al.
[13] proposed a network DnCNN that combined residual
learning and batch normalization operation. The denois-
ing performance of this method was improved, but the
recovered image texture information was not well restored,
especially when the noise amplitude was higher, it was
more obvious. Therefore, Li et al. [14] proposed a new
multi-scale image denoising method based on void convo-
lution. This method extracted a variety of different scale
feature maps from the input, increased the field of view
of the network, and helped to recover the texture informa-
tion of the image to a certain extent. After that, Lee et al.
[15] proposed to use recoverable up and down sampling
to downsample the noisy images into multiple images to
achieve denoising on small images, thus expanding the
field of view without increasing the network consumption.
Wu et al. [16] also proposed a network RNAN based on
the non-local attention mechanism, which effectively uti-
lized the non-local prior information of images to further
optimize the texture of the recovered images. Although the
mentioned CNN-based denoising methods have advanced
denoising performance, while removing noise, they will
introduce a certain degree of damage to the image texture,
resulting in the image can not retain the image texture after
denoising.

In order to overcome the above shortcomings, this pa-
per constructs an image fusion denoising network based
on U-Net, which can effectively reconstruct more image
textures. Considering that different input images contain
different image information, this paper proposes to use two
parameter independent encoders to extract more useful in-
formation respectively, and proposes a series connection
mode fusion module to make better use of the extracted
information and remove redundant information. Finally,
the decoder is used to reconstruct the image, the U-Net
peer connection is used on the symmetric convolutional
layer in the network, and the mean square error is used
to train the network. The proposed network is composed

of convolutional layer, batch normalization operation (BN)
and nonlinear function (Leaky ReLU), and the output fea-
ture map of each layer is used as the input of the next layer.
The encoder and decoder are symmetric and consist of two
convolutional layers respectively, while the fusion consists
of one convolutional layer and several residual blocks. In
this paper, the image fusion denoising method first selects
two pre-trained models with different denoising parame-
ters (one parameter is the same as the noise amplitude of
the noise image, and the other is slightly less than the noise
amplitude of the noise image) of a denoising method, and
then puts the same noise image into the two pre-trained
models to obtain two initial denoising results. In the two
initial denoising results obtained by the above method, the
denoising effect is better than the texture retention effect in
one result, and the texture retention effect is better than the
texture denoising effect in the other result. Then the two
initial denoising results are placed in different encoders to
extract the features of the image, and the feature map con-
taining different information is obtained. Then the fusion
device composed of residual blocks is used to fuse the two
features, and finally the noise-free image is reconstructed
by the decoder.

2. Materials and methods

The structure diagram of the image denoising method that
fuses features and retains textures in this paper is shown
in Fig. 1, which is divided into three parts: feature extrac-
tion (encoder), feature fusion (fusion module) and image
reconstruction (decoder). The steps of the new method in
this paper are as follows:

1. Selecting an existing denoising method and using a
noise image to pre-train two pre-training models with
different denoising parameters of the method, namely
pre-training model A and pre-training model B in
Fig. 1;

2. The initial denoising result 1 and initial denoising re-
sult 2 obtained in step 1 are put into two identical
encoders with independent parameters to extract dif-
ferent image features;

3. Put the features obtained in step 2 into the fusion mod-
ule for feature fusion, and remove redundant features
to obtain more useful features;

4. The decoder is used to reconstruct the final fusion
denoising image from the feature map obtained in
step 3.
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Fig. 1. Proposed image denoising method

2.1. Image fusion denoising network

The multi-branch convolutional neural network (MBCNN)
proposed in this paper uses ResNet-50, which is pre-trained
in ImageNet, as the backbone network. At present, ResNet
is the most widely used CNN feature extraction network,
which solves the problem of decreasing classification accu-
racy of deepening network layers. The feature of ResNet
is to propose basic residual learning building blocks. The
lowest level of a residual module can not only receive input
from the middle layer, but also directly receive input from
the top layer through short-circuiting. The advantage of
this is that when the gradient is backpropagated, the lowest
layer can also directly receive the uppermost gradient to
avoid the situation of gradient dispersion explosion in the
deep layer of the network. Through the design of this resid-
ual module, ResNet can well solve the model degradation
after the deepening of the convolutional neural network,
so that the network has enough depth to obtain high-level
semantic information. The features in the image include
low, middle and high semantic information, and the fea-
tures extracted from the lower convolutional layer repre-
sent more obvious local information. With the deepening
of the number of convolutional layers, the feature infor-
mation extracted by convolutional layers becomes more
and more abstract and can better represent the global in-
formation. ResNet-50 model is used to extract the feature
maps of different levels of storage tanks. The extracted
three levels of high, medium and low are fused, so that
the fused features contain the feature information of the
three levels, which can reflect the scene information more
comprehensively. The deep CNN learns the feature maps
of the three levels respectively, and then inputs them to the
fusion layer. The fusion layer combines different hierar-
chical features into a higher-order feature set, enabling the
learning of complementary relationships between different
features.

The proposed multi-branch structure is a typical convo-
lutional network style, and conv3-x, conv4-x and conv5-x
are selected as low, medium and high features for the three
branches respectively, as shown in Table 1. The branch
consists of a series of Conv, Batch Normalization layers
(BN) and linear commutation activation function (ReLu),
namely: Conv-BN-Relu, the size of convolution kernel is
3×3, the number of convolution kernel is 128, after two

convolution operations, the feature size of the three levels
is matched, and the dimension is reduced to the unified
size.

Low-level features are obtained from the l − th layer,
and the formula of the l − th layer feature map yl is:

yl = ReLu

(
∑

Ml−1

yl−1 × kl + bl

)
(1)

Where yl represents the extracted low-level feature. ×
indicates a convolution operation. yl−1 is the feature map
of l − th layer. kl represents the convolution kernel between
yl−1 and yl for concatenation. bl represents the bias of yl .
ReLu is the activation function. Ml−1 indicates the number
of feature maps at l − th layer.

Middle features are obtained from the m - th layer, and
the m-th layer feature map ym formula is:

ym = ReLu

(
∑

Mm−1

ym−1 × km + bm

)
(2)

Where ym represents the extracted middle-level feature.
ym−1 is the feature map of m − th layer. km represents the
convolution kernel between ym−1 and ym for concatenation.
bm represents the bias of ym.ReLu is the activation function.
Mm−1 indicates the number of feature maps at m − th layer.

High features are obtained from the h − th layer, and
the h − th layer feature map yh formula is:

yh = ReLu

(
∑

Mh−1

yh−1 × kh + bh

)
(3)

Where yh represents the extracted high-level feature.
yh−1 is the feature map of h− th layer. kh represents the
convolution kernel between yh−1 and yh for concatenation.
bh represents the bias of yh. ReLu is the activation function.
Mh−1 indicates the number of feature maps at h − th layer.

Due to the complexity of some images, it is neces-
sary to carry out multi-level fusion of features extracted
by CNN model. This paper puts forward a new fusion
method for multi-level feature fusion, namely splitting-
fusion-aggregating. The feature channels are divided into
multiple groups to reduce the complexity and solve the
fusion problem of each group separately. Existing methods
usually operate on the overall feature channel, which has a
very complex non-uniform distribution, which contains the
concept of similarity between different objects, for example,
appearance, shape, color, etc.

The main idea is to group the low, middle and high
level features extracted based on CNN network into chan-
nel groups, and divide the feature channels into G(G takes
32) smaller groups to make more effective use of the fea-
ture information. In each group, the feature information is
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Table 1. Branch network structure configuration

Feature level Layer name Input size Output size
Low level Conv3-x 28 × 28 × 512 7 × 7 × 128
Middle level Conv4-x 14 × 14 × 1024 7 × 7 × 128
High level Conv5-x 7 × 7 × 2048 7 × 7 × 128

further extracted, and the fusion is carried out within the
group to obtain the fusion feature of the model. Then poly-
merization completes the integration process. The fusion
process consists of five steps: input - disassembly - fusion -
aggregation - output.

1. The input part is the low-level feature yl , the interme-
diate feature ym and the high-level feature yh extracted
by the network in this paper.

2. Partitioning is to divide the low 128 -dimensional fea-
ture channels into 32 groups, each group has 4 fea-
ture channels, expressed as

{
y1

l , y2
l , · · · , y32

l
}

. The
middle-layer 128-dimensional feature channels are
divided into 32 groups, which are represented as{

y1
m, y2

m, · · · , y32
m
}

. The 128 -dimensional feature chan-
nels in the high layer are divided into 32 groups,
which are represented as

{
y1

h, y2
h, · · · , y32

h
}

, as shown
in Eq. (4).


yl →

{
y1

l , y2
l , · · · , y32

l

}
ym →

{
y1

m, y2
m, · · · , y32

m

}
yh →

{
y1

h, y2
h, · · · , y32

h

} (4)

3. Fusion. The three split grouping features, high,
medium and low, are connected by group and fused
together accordingly. The size of the merged feature
group is equal to the sum of the feature sizes of the
three hierarchical groups, as shown in Eq. (5).

yi =
G=32

∑
i=1

(
yi

l + yi
m + yi

m

)
(5)

4. Aggregation. The groups after fusion are further com-
bined, and these groups are aggregated, as shown in
Eq. (6).

y = ∪G=32
i=1 yi (6)

5. Output. The aggregated features fuse three different
levels of features, and then perform global average
pooling operations on the aggregated features to fur-
ther integrate global information.

2.2. Modified loss function

In the process of deep learning sample training, one-hot la-
bel is used to calculate cross entropy loss, and cross entropy
loss LCE is expressed as:

LCE =
m

∑
i=1

p(x) log q(x) (7)

Where q(x) = ewT
yi

xi+bi

∑n
j=1 ewT

yi
xi+bi

, m is the sample number of

each batch. n is the number of sample types. xi ∈ Rd rep-
resents the i − th depth feature and belongs to class yi. D
is the feature size. Wj ∈ Rn represents column j of weight
W ∈ Rd×n in the last fully connected layer.b ∈ Rn is the
offset term. p(x) = [xi1, xi2, · · · , xin] is the type label vec-
tor corresponding to the sample, where only one value is
1 and the rest is 0. Where q(x) is the true probability dis-
tribution for the sample. p(x) is the predicted probability
distribution for the sample.

The prediction probability is evaluated by the forward
propagation algorithm, and the distance between the two
probability distributions q(x), p(x) is minimized by the
cross moisture loss LCE. However, the standard cross en-
tropy loss function has some disadvantages. It assigns
the same weight to the samples, and does not discrimi-
nate between the difficult and easy samples, resulting in
an imbalance between the accuracy and the classification
accuracy. Only the loss of the correct label position (one-hot
label 1) in the training sample is considered, while the loss
of the wrong label position (one-hot label 0 ) is ignored, so
that the model can fit well on the training set. However,
because the loss of other error label positions is not calcu-
lated, the probability of prediction errors increases when
forecasting.

To solve the problem of cross moisture, a new loss func-
tion LNCE based on cross moisture is proposed in this
paper, as shown in Eq. (8).

 LNCE = (1 − λ)L1 + λL2
LNCE = −(1 − λ)[1 − log q(x)]γ ∑m

i=1 p(x) log q(x)
−λ[1 − log q(x)]γ ∑m

i=1 p′(x) log q(x)
(8)

There are two parts involved, which use hyperparam-
eter input to balance L1 and L2. Inspired by reference
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[17], modulation factors in the loss of L1 and L2 are pro-
posed, as shown in Eq. (9). Adding the modulation factor
[1 − log q(x)]γ to the standard cross entropy and setting
γ > 0 can reduce the relative loss of well-classified samples
and pay more attention to the hard-to-distinguish sam-
ples.It can be seen that when a sample is misclassified and
log q(x) is very small, [1 − log q(x)]γ is close to 1 and the
loss is not affected. When log q(x), [1 − log q(x)]γ tends to
0 , that is, the sample losses of well-classified samples are
weighted and the sample weights are smoothed.

L1 = [1 − log q(x)]γ
m

∑
i=1

p(x) log q(x) (9)

In order to pay attention to both the loss of correct label
position and the loss of wrong label position, the following
loss function L2 based on label smoothing is proposed, as
shown in Eq. (10). Introducing a fixed distribution p(x), it
is the type label vector corresponding to the sample, where
the values are all 1. It can be seen that L2 loss takes both cor-
rect and incorrect label position losses into account, which
leads to an increase in the final loss and an improvement
in the learning ability of the model. That is, to fall back
to the original loss, you have to learn better, that is, the
p(x) prediction probability results are closer to the correct
classification, and equally as far as possible away from the
wrong classification.

L2 = −[1 − log q(x)]γ
m

∑
i=1

p′(x) log q(x) (10)

The classifier in this paper is softmax, and the gradient
descent algorithm is set to:

Wn+1 = Wn − δ
∂

∂Wn LNCE (Wn) (11)

Where δ is the learning rate. W is the parameter vector
of the softmax classifier. LNCE (Wn) is a loss function
proposed in this paper. The gradient descent algorithm is
used to feed back and optimize the classifier parameters.
The backpropagation algorithm is then combined with the
gradient descent algorithm to update each parameter.

3. Experimental results and analysis

To verify the effectiveness of the proposed method, a di-
verse 2K resolution high-quality image dataset with differ-
ent noise levels (DIV2K, diverse 2K resolution high-quality
images dataset) and Smart Phone Image Denoising Dataset
with Real Noise (SIDD) are used to train the proposed
method to remove synthetic noise and real noise from
images respectively. DIV2K dataset consists of 800 high-
definition images with a resolution of 2K, and SIDD dataset
contains 10 scenes. In each training batch, 16 64×64 image

blocks are input for the synthetic noise removal experi-
ment. 16 128×128 image blocks are input for the real noise
removal experiment. ADAM algorithm is used to optimize
the network parameters. The initial learning rate is set to
10−4. Proposed method is based on PyTorch framework
and uses GeForceRTX 1080Ti GPU for training.

PSNR (peak signal to noise ratio) and SSIM (structural
similarity) are used to evaluate the difference between the
images.

3.1. Synthetic noise removal experiment

The test set of the synthetic noise removal experiment
adopts the grayscale data set Kodak lossless true color
image set (Kodak24) and the color dataset Berkeley seg-
mentation dataset 68 (BSD68), adding Gaussian white noise
with standard deviation σ of 10, 30, 50 and 70 to the sharp
image to obtain a noisy image.

The comparison algorithm is the traditional BM3D al-
gorithm, deep learning-based TNRD (trainable nonlinear
reaction diffusion) algorithm [18], and the residual encoder-
decoder algorithm (RED) [19], denoising convolutional
neural networks (DnCNN) algorithm, image restoration
convolutional neural networks (IRCNN) [20], fast and flex-
ible de-noising convolutional neural network (FFDNet) al-
gorithm [21], real image denoising network (RIDNet) [22],
color block-matching and 3D filtering (CBM3D) algorithm
[23] and variational depth image restoration (VDIR) algo-
rithm [24].

The denoising performance of the proposed algorithm
and the comparison algorithm for images with different
noises in the two data sets is shown in Table 1 and Table 2
respectively.

It can be seen that on the gray data set Kodak24, the
average PSNR of the proposed algorithm is optimal. When
σ is 30,50 and 70 , the average PSNR of the proposed al-
gorithm is 0.05 dB , 0.1 dB and 0.11 dB higher than that
of RIDNet algorithm, respectively. On the color data set
BSD68, the average PSNR value of the proposed algorithm
is the best. When σ is 30,50 and 70 , the average PSNR
value is 0.21 dB, 0.23 dB and 0.26 dB higher than RIDNet
algorithm, respectively.

In a synthetic noise environment of σ = 50, the subjec-
tive denoising effects of the proposed algorithm and the
comparison algorithm on the two datasets are shown in
Figs. 2 and 3. As can be seen from Fig. 2, on the grayscale
images of Kodak24 data set, the edges of flowers with
the BM3D algorithm restored images are cloudy, and the
texture inside the flowers is also very fuzzy. DnCNN and
FFDNet algorithms can reconstruct clear flower texture, but
the window partition is fuzzy. The reconstruction result of
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Table 2. Comparative results of synthetic noise removal experiments (Grayscale images) on Kodak24 data set

Method σ = 10 σ = 30 σ = 50 σ = 70
BM3D 34.50 29.24 27.10 25.84
TNRD 34.52 28.98 27.31 25.06
RED 35.13 29.88 27.77 26.50
DnCNN 35.01 29.73 27.62 26.19
IRCNN 34.87 29.64 27.56 26.21
FFDNet 34.92 29.81 27.74 26.45
RIDNet 34.93 30.01 27.90 26.62
Proposed 35.13 30.06 28.00 26.73

Table 3. Comparative results of synthetic noise removal experiments (Grayscale images) on BSD68 data set

Method σ = 10 σ = 30 σ = 50 σ = 70
TNRD 33.47 27.75 26.07 23.94
RED 34.00 28.57 26.46 25.20
DnCNN 36.42 30.51 28.12 26.67
IRCNN 36.17 30.33 27.97 26.51
FFDNet 36.25 30.42 38.07 26.64
RIDNet 36.24 30.58 28.23 26.80
CBM3D 36.02 29.84 27.49 26.11
VDIR 36.45 30.75 28.44 27.05
Proposed 36.55 30.79 27.46 27.06

Fig. 2. Raw images, noisy images and denoised images
with different algorithms in Kodak24 dataset

the algorithm in this paper is closest to the original image,
and we can see clear flower texture and window partition.
As can be seen from Fig. 3, in the color images of the BSD68
data set, the images restored by BM3D algorithm are very
fuzzy, and the phenomenon of excessive smoothing of the
main body edges appears. The chicken down in the image
restored by DnCNN and FFDNet algorithm is not realistic
enough, and a large number of artifacts appear at the edge
of the main body. In this paper, the algorithm reconstructed
a very realistic chicken feather, no fuzzy phenomenon, the
subjective feeling is the best.

3.2. Real noise removal experiment

The test set of real noise removal experiment adopts SIDD
verification data set, which contains 1280 256×256 real
noise images and corresponding clear images. The noise
performance of the proposed algorithm and the compari-

Fig. 3. Raw images, noisy images and denoised images
with different algorithms in BSD68 dataset

son algorithm on this data set is shown in Table 4. It can be
seen from the table that the PSNR value of the proposed
algorithm is 0.27dB higher than that of the VDIR algorithm.
The number of parameters of MIRNet algorithm is nearly
3 times that of the proposed method, but its PSNR value
is only 0.12dB higher than that of the proposed algorithm.
These results show that the proposed algorithm has a better
ability to remove real noise than synthetic noise.

Table 5 compares the computational complexity of dif-
ferent algorithms. Where, FLOPs represents the number of
floating-point operations per second required to compute a
256×256 color image. It can be seen from the table that the
proposed algorithm has a smaller number of parameters
than CBDNet and DANet algorithms and achieves better
denoising performance. The performance of the MIRNet
algorithm is slightly better than that of the proposed al-
gorithm, but the number of parameters and FLOPs of the
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Table 4. Comparative results of real noise removal experiments

Method Parameter size/MB PSNR SSIM
CBM3D 6.3 25.76 0.686
DnCNN 0.8 23.77 0.584
RIDNet 1.6 38.82 0.915
VDN 7.9 39.39 0.909
DANet 64 39.58 0.958
MIRNet 31.9 39.83 0.959
VDIR 2.3 39.44 0.957
DUMRN 26.7 39.55 0.957
Proposed 12.2 39.71 0.958

model are 2.6 times and 1.7 times that of the proposed al-
gorithm respectively, which consumes a lot of computing
resources.

3.3. Ablation experiment

In order to evaluate the performance of the proposed
method in different modules, BSD68 color image dataset is
adopted as the test set. In the case of σ = 50, the proposed
method is combined with ordinary differential equation
network (ODENet) [25]. The comparison and ablation ex-
periment results are shown in Table 6.

It can be seen that the PSNR value of D2 algorithm is
0.14dB higher than that of U-Net algorithm, which verifies
the effectiveness of multi-scale feature extraction module.
The PSNR value of D1 algorithm is 0.12dB higher than that
of U-Net algorithm, and the PSNR value of this algorithm
is 0.03dB higher than that of D2 algorithm, both of which
verify the advantages of multi-scale feature fusion module
in removing noise.

4. Conclusion

In this paper, the existing image denoising method based
on convolutional neural network will introduce a certain
degree of damage to the image texture while removing
noise, resulting in the image can not retain the image tex-
ture after denoising, and a new image denoising method
is proposed. The method first selects a denoising method,
and uses the pre-trained model of two different denoising
parameters of the denoising method to obtain different ini-
tial denoising results of the same noisy image respectively.
Then, in order to increase the information that can be fused,
Two encoders were used to extract the features of different
denoising results, and the features of the image were fused
into the fusion module at the same time. Finally, the noise-
free image was reconstructed by the decoder. Experiments
show that the proposed method has strong generalization
ability on different data sets, and the texture information
recovered from noiseless images is more consistent with

the original texture. It also proves that the proposed fusion
method can effectively use the prior information of images
to fuse clearer image textures. Compared with the existing
popular image denoising methods, the proposed method is
superior to these two mainstream methods both in visual
effect and objective index.
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