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Abstract: The low resolution and poor recognition of face image in the monitoring
environment will lead to the decrease of face recognition accuracy. At present, most super-
resolution algorithms suffer from serious image detail losses, due to the low-resolution of
input images. In this paper, we propose a super-resolution reconstruction algorithm based
on multi-scale feature fusion to alleviate this problem. A feature fusion mapping structure is
used to extract features from multi-scale visual fields, and a skip-connection network
structure is designed to construct high-resolution face images from them. The experimental
results show that the proposed algorithm achieves better super-resolution results: clearer
textures, sharper edges, enhanced visual effects, and higher evaluation indexes on FERET
face database than the existing mainstream algorithms.

1. Introduction

In the video surveillance field, due to the limitation of camera resolution and the distance between
the target and the camera, the obtained face images are often fuzzy and of low resolution, leading to
the reduction of recognition rate, making face super-resolution reconstruction particularly
significant.

Super-resolution (SR) reconstruction has been a hot topic in the field of image processing. It is a
method of using one or more low-resolution (LR) images to predict high- resolution (HR) images in
a large variety of fields like remote sensing images, medical images [1], etc. Current super-
resolution reconstruction techniques can be divided into three types: interpolation-based,
reconstruction-based and learning-based. Bilinear and Bicubic interpolations are classical, simple
and intuitive algorithms [2-3]. However, there are some problems in the reconstruction of the
images, such as sawtooth artifact and texture blur. Algorithms based on reconstruction [4-5] utilize
the signal processing theory to recover images, which suffer from the loss of high-frequency
information, such as iterative back-projection method [6] and convex set projection method [7].
This kind of algorithms can reconstruct a clear and high-resolution image, but usually ignore some
details. In recent years, learning-based methods [8-10] have attracted much attention. Freeman [11]
proposed a super-resolution algorithm based on example learning, which first pointed out that there
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are a large number of self-similar blocks in the local spatial neighborhood of the image. Yang et al.
[12] used sparse coding theory to construct high- and low-resolution image dictionaries and
reconstructed HR images by learning the mapping relationship between dictionaries. With the rapid
development of deep learning, convolutional neural networks (CNNs) and random forest [13] have
been applied to the super-resolution reconstruction. Dong et al. [14] took the lead in applying the
convolutional neural network to image super-resolution, and named the proposed model Super-
Resolution Convolutional Neural Network (SRCNN). Deep learning-based approaches have
become a hot spot in the field of super-resolution. To improve the speed of image reconstruction,
Dong et al. [15] proposed a fast image super-resolution reconstruction (FSRCNN) algorithm. This
algorithm directly extracted features from low-resolution images and introduced a deconvolutional
layer at the end of the network to reconstruct high-resolution images.

The reconstruction effect based on deep learning is generally better than those based on
interpolation. However, it still exists some defects. Although SRCNN realized the first application
of CNN to super-resolution reconstruction, but its network structure is relatively simple. Therefore,
it's unable to extract deeper features and the reconstruction effect is not perfect. These network
models extract the features of the images in a single scale, do not pay attention to the richer details
at different scales.

CNN has made great progress in super-resolution reconstruction. To address these problems, we
put forward a multi-scale feature fusion convolutional network structure based on CNN, named as
MFFCN. The main contributes are listed as:

(1) A multi-scale feature fusion mapping structure (MFF) is proposed to extract features of
different scales from the same low-resolution image.

(2) A skip-connection network is presented to extract the deeper features, merge the shallow and
deep features, and combine the perceptual loss with texture loss to produce a detailed and high-
resolution image.

2. Related Work

2.1.SRCNN

SRCNN first utilizes the convolutional network to image super-resolution reconstruction field. It is
a three-layer convolutional network structure based on conventional sparse-coding-based SR
methods. First, it uses the Bicubic interpolation algorithm to interpolate the images to get the low-
resolution images, then enlarges the images to the same size as the high-resolution images. The
fuzzy images got in this way are used as the input of the network. The convolutional kernel of the
first convolutional layer is 9×9, the number of channels is 64. This layer is utilized to extract a set
of feature maps. The second convolutional layer with the convolutional kernel of 1×1 is used to
map these feature maps nonlinearly to high-resolution patch representations. The kernel of the last
convolutional layer is 5×5, this layer is used to reconstruct the image to produce the high-resolution
image.
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Figure 1: Structure of the network. (a) The multi-scale feature fusion face super-resolution
reconstruction network structure (MFFCN). (b) The multi-scale feature fusion mapping module

structure (MFF).

2.2.Face Super-resolution Reconstruction Algorithm

Inspired by SRCNN, Nie [16] proposed a face super-resolution reconstruction framework based on
CNN. During the training process, First, all the high-resolution images in the training set were
down-sampled at f times to get the low-resolution images. Then it puts the low-resolution images
into the network, and optimizes the loss function to train the parameters, which calculates the mean
square error of input iI and output oI . The loss function is shown in equation (1):

21
2 o iL || I I || 

(1)

3. Proposed Method

We propose the framework MFFCN to tackle the face super-resolution reconstruction problem.
First, it selects a random down-sampling factor to down-sample the original high-resolution images
to get the low-resolution images, then enlarges the low-resolution images to the same size as the
original images. It uses the fuzzy images as the input of the network. Second, it extracts features of
different scales of the input images by the multi-scale feature fusion module (MFF). The multi-scale
features can learn the corresponding relationship between the input images and the original images,
so as to ensure the detail clarity of reconstructed images.

3.1.Objective Function

We define the objective function of MFFCN as:

1 2 2

3

( ( ) ) = ( ( ) ) + ( ( ) )

+ ( ( ))
LR HR LR HR part LR HR

LR

minV I ,I L I ,I L I ,I

TV I

λ λ

λ

  

 (2)

We put the blurred picture LRI into the network  , and get the reconstructed image ( )LRI ,
calculate the L2 loss, feature loss ( )partL  and total variation loss ( )TV  between the reconstructed
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image ( )LRI and the original image HRI to optimize the objective function. The details are as
follows.

3.1.1. L2 Loss

The L2 loss is a measure of the loss in pixels between the super-resolution image generated by the

multi-scale convolutional network Φ and the original image HRI . By solving the least square error
between the generated picture ( )LRI and the original picture to optimize the pixel loss. It is used to
ensure the consistency of the generated image and the original image on the basic features of the
face. 2L loss is shown in equation (3):

2
2 ( ( ) ) =|| ( )LR HR HR LRL I ,I I I ||  (3)

3.1.2. Feature Loss

To pursue more realistic details, we propose a feature loss that combines perceptual loss with
texture loss. Compared with the simple loss between pixels, the perceptual loss hopes that the
features between the two images are more similar. Texture loss seeks to effectively reconstruct
texture from the aspects of high-level global information and low-level detail information. We feed
original image and reconstructed image into the feature loss network φ to extract their features, and
calculate the perceptual loss and the texture loss. In this paper, the feature loss network uses the pre-
trained network VGG19 [17] on the ImageNet database. We input the image into VGG19, and use
the layer of the VGG19 which unused activation function before the fifth pooling layer to extract
features. Perceptual loss is shown in equation (4):

( ( ) ) =|| ( ) - ( ( )) ||per LR HR HR LRL I ,I φ I φ I  (4)

We put the reconstructed image and the original image into the loss network φ , minimize the
absolute deviation of the feature values between them, make them more semantically similar.

Texture loss is shown in equation (5):

( ( ) ) =|| ( ( )) - ( ( ( ))) ||text LR HR HR LRL I ,I g φ I g φ I  (5)

We use the original image as the target texture image, the output image is generated iteratively
by matching statistics extracted from loss network to the target textures. ( )g  represents the Gam
matrix of the feature.

Overall feature loss is shown in equation (6):

( ( ) ) ( ( ) )

( ( ) )
part LR HR per LR HR

text LR HR

L I ,I L I ,I

L I ,I

  

  (6)

3.1.3. Total Variation Loss

The total variation of the image contaminated by noise is significantly larger than the total variation
of the noiseless image. Limiting the total variation can control the noise of the image during the
generation process. We reduce the noise in the reconstructed image by minimizing the difference in
pixel values between two adjacent points in the image. The total variation loss is as:
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3.2.Multi-scale Feature Fusion Network

We present a multi-scale feature fusion face super-resolution reconstruction network structure
(MFFCN). The network structure is illustrated in Figure 1.

First, it randomly selects the down-sampling factor to down-sample the original face images to
obtain low-resolution images, and then enlarges the low-resolution image to the same size as the
original face images. The resulting blurred images are used as the input of the network. In the entire
network structure, the multi-scale feature fusion mapping module (MFF) is used to replace the
original convolutional layer. We add skip connections, following the general shape of a “U-Net”
[18]. Specifically, we add skip connections between each layer i and layer n−i, where n is the total
number of layers. Each skip connection simply concatenates all channels at layer i with those at
layer n−i. The feature map is directly superimposed and passed to the next layer. This framework
can fuse deep and shallow features. Finally, the input images are directly superimposed with the
output of the network to fuse the main features of the input images.

Most existing algorithms almost only use smaller or larger receptive fields and learn from one
dimension. The structural information of the images is usually with different scales. The single
scale-feature extraction is not enough to completely restore the high-frequency texture area of the
images. Motivated by this fact, we propose a multi-scale feature fusion mapping module (MFF) to
learn the features from different receptive fields. The MFF shown in Fig.1 is composed of three
convolutional kernels of three different scales of 1×1, 3×3 and 5×5. It is used to extract features
from multi-scale visual fields. Then it uses cascading to merge and reorganize these feature maps
containing multi-scale information. Finally, it puts the feature map into a convolutional layer with
the kernel which size is 1×1 for feature mapping to generate a new feature map.

3.3.Algorithm

Algorithm 1: MFFCN. Default value 1λ =10, 2λ =1, 3λ =0.0001, η=0.0001, m=10.
Require: The batch size m. original face dataset HRS . The maximum number of iterations maxt .
Parameter to be optimized ω. learning rateη.
1. for maxt < t do

2. Randomly select m sample pictures
1 2{ , }m
HR HR HRI I I   from the original

picture data set HRS , randomly select a factor to down-sample the
original images and enlarge them to the same size as the original

images to obtain the input image samples
1 2{ , }m
LR LR LRI I I  

3. Take LRI as input, get m reconstruction images
1 2{ , }m
con con conI I I   , ( )i i

con LRI I 

4. Update parameter ω to optimize objective function V

1 2 2

3

1{ ( ) [ ( ( ) ) + ( ( ) )

( ( ))]}

m

LR HR part LR HR
i

LR

Minmize V L I ,I L I ,I
m
TV I

ωω λ λ

λ

    

 



( )Vω ω η ω  

5. end for
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4. Experiment

In this section, we use experiments to validate the effectiveness of the proposed method. We use
mini-batch SGD and apply the Adam solver [19], with a learning rate of 0.0001, and momentum
parameters β1 = 0.5, β2 = 0.999.

We evaluate our model on the FERET face database, which contains more than 10,000 photos of
more than 1,000 people, and each person includes photos of different expressions, lighting, poses
and age. In this paper, we select 3122 photos of frontal faces in the data set, and normalize them to
the size of 128×128. The training set and the test set are separated according to the ratio of 8: 2.

To evaluate the performance of super-resolution reconstruction, visualization comparison and
objective indicators are used as the quality evaluation indicators of face image reconstruction.

4.1.Visualization Comparison with Other Models

The proposed algorithm is compared with the existing algorithms in terms of visualization, shown
in Figure 2. (a), (b), and (c) respectively show the results of face super-resolution reconstruction in
the test set of different algorithms under different sampling factors.

In Figure 2, from left to right are the original images, the input images, the images reconstructed
by Bicubic, the images reconstructed by SRCNN, and the images reconstructed by MFFCN. From
the comparison diagram, we observe that the images reconstructed by MFFCN are sharper in
contour than which reconstructed by Bicubic. Compared with SRCNN, the images have clearer
textures. The edges of them are more distinct, especially in the areas of the eyes and lips. As the
down-sampling factor increases, the images reconstructed by the Bicubic become ever more blurred.
The details around the eyes in the images reconstructed by SRCNN are gradually blurred, especially
the eyelids. The images reconstructed by MFFCN do not change obviously with the increase of the
sampling factor. They have consistently maintained clear textures and sharp edges.
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Figure 2: Comparison of images reconstructed results. (a) The down-sampling factor equals 2. (b)
The down-sampling factor equals 3. (c) The down-sampling factor equals 4.

4.2.Quantitative Comparison

We measure the reconstruction effect from two objective evaluation indicators: structural similarity
(SSIM) and peak signal-to-noise ratio (PSNR).

4.2.1. SSIM

SSIM can evaluate the similarity of two pictures effectively and objectively. It measures in terms of
brightness, contrast and structure, which is more consistent with the visual recognition and
perception characteristics of human eyes. Range of SSIM is between 0 and 1. The larger the SSIM
value, the higher the similarity of the two pictures. When the two images are the same, the SSIM
value is 1. The SSIM of the reconstructed image I and the original image HRI can be obtained

according to equation (8), where Iμ and HRI
μ are the average of the images I and HRI .

2
Iσ and

2
HRI

σ are
the variance of I and HRI , HRIIσ is the covariance of I and HRI .

2
1 1( )c k L ,

2
2 2( )c k L , they are constants.

L is the dynamic range of image pixels, 1 0 01k . , 2 0 03k . .

739
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1 2

(2 + )(2 )
SSIM( , ) =

( + + c )( + + )
HR HR

HR HR

I I II
HR

I I I I

μ μ c σ +c
I I

μ μ σ σ c (8)

Table 1: Comparison of SSIM values of various algorithms.

Factor
SSIM

Algorithms

Bicubic SRCNN MFFCN

2 0.9205 0.9644 0.9736
3 0.8047 0.9316 0.9484
4 0.7860 0.9023 0.9234

Table 1 shows the SSIM values between the original images and the reconstructed images of
various algorithms. As is observed from the table, compared with other algorithms, the SSIM values
of this method are the largest. When the down-sampling factor is 4, compared to the traditional
Bicubic algorithm, the SSIM value of the algorithm set out in the present is 0.13 higher than the
Bicubic. Compared with SRCNN, it is 0.02 higher than it. It indicates that the images generated by
MFFCN are more realistic and have the highest similarity with the original images.

4.2.2. PSNR

PSNR is another objective indicator for evaluating image quality. It directly compares the pixel
differences between the two pictures. The larger the value, the better the image quality. Assuming
that both the sizes of two images I and HRI are m×n, the mean square error (MSE) between them is:

1 1
2

0 0

1 [ ( ) - ( )]
m n

HR
i j

MSE I i, j I i, j
mn

 

 

 
(9)

Calculate PSNR through MSE, the formula is as equation (10):

2

10
25510 log ( )PSNR
MSE

 
(10)

Table 2: Comparison of PSNR values of various algorithms.

Factor
PSNR (dB)

Algorithms
Bicubic SRCNN MFFCN

2 32.69 37.98 39.13
3 27.42 35.89 36.37
4 26.41 32.68 34.45

From Table 2, we can see that the algorithm we proposed has the largest PSNR value and the
quality of the image is the best. When the down-sampling factor is 4, compared with the traditional
Bicubic algorithm, our algorithm has a value of 7.74dB higher than it. It is 1.77dB higher than the
approach of SRCNN.
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5. Conclusions

This paper presents MFFCN for face super-resolution reconstruction. The proposed framework
supports images of low-resolutions at different scales. A skip-connection network structure is
proposed to extract deep and shallow features from the multiple convolutional layers, and
reconstruct the super-resolution face images. The feature loss term is utilized in training to get clear
textures. The experiments on the FERET database demonstrate its advantages over existent methods.
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