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Multi—-level feature fusion image super—-resolution algorithm with

recursive neural network

Tong Junchao, Fei Jialuo, Chen Jingsen, Li Heng, Ding Dandan

Institute of Service Engineering, Hangzhou Normal University, Hangzhou 311121, China

Abstract:  Objective The recovery of a high resolution (HR) image or video from its low resolution (LR)
counterpart, which is referred to as super resolution (SR), has attracted lots of studies in computer vision community.
The SR problem is inherently ill-posed because the HR image or video actually does not exist. To address this issue,
lots of methods have been proposed. There are some typical methods like bilinear or bicubic interpolation, Lanczos
resampling, and internal patch recurrence. Recently, learning based methods, like sparse coding, random forest and
convolutional neural networks (CNN), are exploited to create a mapping between LR and HR images. Particularly, the
CNN based scheme has achieved great performance improvement. Different network models have been proposed, like
SRCNN, VDSR, LapSRN, and DRRN. These models abstract and combine the features of LR image to establish an
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effective nonlinear mapping from LR input images to HR target images. In this process, both low-level and high-level
features play a significant role in exploring the correlation between pixels as well as improving the performance of the
restored HR images. However, in the typical SR network models mentioned above, features of previous layer are fed
into the next layer directly, where the multi-level features are not fully utilized. Inspirited by the recent DenseNet, we
propose to concatenate and fuse multi-level features from multi-layers. Although multi-level features are exploited in
this way, the amount of parameters is huge, which costs long training time and large storage. Therefore, we further
propose to employ recursive network architecture for parameter sharing. The overall model aims to developing an
efficient CNN model, which can utilize the multi-level features of CNN to improve the SR performance whilst control
the number of model parameters within an acceptable range. Method We propose an image super-resolution model
that fully makes use of multi-level features. The proposed multi-feature fusion recursive network (MFRN) is based on
recursive neural network, including the same units in series. The information of features is passed along the basic unit
of MFRN, named as multi-feature fusion unit (MFU). Parameters are shared among these basic units, thus the required
amount of parameters is reduced effectively. Within each MFU, the input status is obtained from the previous unit with
continuous memory mechanism. Then, the features from low-level to high-level are concatenated and fused, thus to
obtain abundant features to describe the image. Finally, the useful features are extracted and enhanced, which can
describe the mapping relationship between LR and HR accurately. With regard to the training process, the residual
learning strategy, including local residual learning inside each units and global residual learning through the whole
network, is adopted to accelerate the training speed. Specifically, the global residual learning strategy is employed in
the training of overall MFRN and the local residual learning is for MFU. By combining the strategies above, the
training difficulty is reduced efficiently and the typical phenomenon like network degradation and gradient vanish can
be avoided. In terms of the cost function, the averaged mean square error over the raining set is minimized. With the
proposed cost function and training methods, we train single model for multiple scales. Result We use 291 pictures
from public databases as the training set. In addition, data augmentation (rotation or flip) is used. Images with different
scales (>, >3 and >4) are all included in the training set. Therefore, only single model is trained for all different scales.
During raining process, we adopt the adaptive learning rate and adjustable gradient clipping to boost the convergence
rate while suppressing exploding gradients. We test 4 network models with different number of MFUs, which is
corresponding to 29, 37, 53 and 81 layers, respectively. By comparing the convergence rate and performance, it is
found that the network with 9 MFUs achieves the best performance. Hence we adopt 9 MFUs in the final CNN model.
Although the proposed network is as deep as 37 layers, it elegantly converges at 230 epochs and obtains significant
gains. The dominant evaluation criterions of image quality including PSNR, SSIM and IFC are employed for
performance assessment of restored images. The experimental results show that the proposed model achieves averaged
PSNR gains of 0.24dB, 0.23dB, and 0.19dB, respectively, compared to the very deep convolutional networks VDSR
with the general 4 test sets for >2, >3, and >4 resolution. Especially in the data set Urban100 that contains rich details,
the proposed MFRN significantly improves the quality of restored images. In addition, the subjective quality of
restored images is also illustrated. It can be seen that MFRN can produce relatively sharper edges than the other
methods. Conclusion A multi-level feature fusion image super resolution algorithm based on recursive neural
network, referred to as MFRN, is proposed in this paper. The MFRN consists of multiple multi-level feature fusion
units. Several recursive units are stacked to learn the residual image between the HR and LR images. With the
recursive learning scheme, parameters are shared among units, thus effectively reduces the number of network
parameters. Within each unit, features of different levels are concatenated and fused to provide intensive description of
the images. In this way, the proposed MFRN can extract and enhance useful feature adaptively, which leads to accurate
mapping between LR and HR images. During the training procedure, we adopt a local residual learning inside each

units and a global residual learning through the whole network. As a result, single model is trained for different scales.
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The experimental results show that the proposed MFRN greatly improves the performance. Especially in the Urban100
data set, MFRN outperforms up to 0.4dB PSNR gains compared to the classical VDSR model. Compared with the
basic recursive network DRRN, up to 0.14dB PNSR improvement is obtained. With regard to the subjective quality,
MFRN is specialized at handling the details of images. The visual perception of images is significantly improved.

Key words :  image super-resolution; convolutional neural network; feature fusion; recursive neural network;
residual learning
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Fig. 1 The network structure of proposed multi-feature fusion recursive network and state-of-art methods, where the batch

normalize(BN) process and activate functions are omitted for simplicity. (a) ResNet: components in the dotted box denote one

single residual unit; (b) VDSR: the global residual training is employed; (c) DRRN: components in the dotted box denote a

recursive residual unit, which includes 2 convolution layers; convolutional parameters at the same position are shared among untis;

(d) MFRN: it is constituted of several MFUs with recursive network structure, and parameters are shared among MFUs
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Table 1 Average PSNR/SSIM on benchmark dataset (bold font indicates the best performance)

Dataset Scale Bicubic SRCNN VDSR DRCN LapSRN DRRN_B1U9 MFRN
X2 33.66/0.9299 36.66/0.9542 37.53/0.9587 37.63/0.9588  37.52/0.959  37.66/0.9589  37.75/0.9595
Set5 3 30.39/0.8682 32.75/0.9090 33.66/0.9213  33.82/0.9226  33.82/0.922  33.93/0.9234  33.95/0.9242
>4 28.42/0.8104 30.48/0.8628 31.35/0.8838 31.53/0.8854 31.54/0.885  31.58/0.8864  31.62/0.8882
X2 30.24/0.8688 32.45/0.9067 33.03/0.9124 33.04/0.9118 33.08/0.913  33.19/0.9133  33.24/0.9139
Setl4 3 27.55/0.7742  29.30/0.8215 29.77/0.8314 29.76/0.8311 29.87/0.832  29.94/0.8339  29.97/0.8347
>4 26.00/0.7027 27.50/0.7513 28.01/0.7674  28.02/0.7670  28.19/0.772  28.18/0.7701  28.17/0.7716
2 29.56/0.8431  31.36/0.8879 31.90/0.8960 31.85/0.8942 31.80/0.895  32.01/0.8969  32.04/0.8975
BSD100 3 27.21/0.7385 28.41/0.7863 28.82/0.7976  28.80/0.7963  28.82/0.798  28.91/0.7992  28.93/0.7999
>4 25.96/0.6675 26.90/0.7101 27.29/0.7251 27.23/0.7233  27.32/0.727  27.35/0.7262  27.38/0.7280
X2 26.88/0.8403  29.50/0.8946  30.76/0.9140 30.75/0.9133  30.41/0.910  31.02/0.9164  31.16/0.9181
Urban100 3 24.46/0.7349  26.24/0.7989  27.14/0.8279  27.15/0.8276  27.07/0.828  27.38/0.8331  27.45/0.8356
>4 23.14/0.6577 24.52/0.7221 25.18/0.7524  25.14/0.7510  25.21/0.756  25.35/0.7576  25.42/0.7619

2 EEMRKETH IFC igfrxttt (IntEA &K IERE
Table 2 Average IFC on benchmark dataset(bold font indicates the best performance)



Dataset Scale Bicubic SRCNN VDSR DRCN LapSRN  DRRN_B1U9 MFRN
2 6.083 8.036 8.569 8.326 9.010 8.583 8.753

Sets 3 3580 4.658 5.221 5.202 5.194 5.241 5.362
x4 2.329 2.991 3.547 3502 3559 3581 3.687

2 6.105 7.784 8.178 8.025 8.501 8.181 8.357

Set14 <3 3.473 4338 4730 4,686 4662 4732 4.842
x4 2.237 2.751 3.133 3.066 3.147 3.147 3.238

2 5.695 7.242 7.169 7.220 7.715 7.43 7.620

BSD100 <3 3.168 3.879 4.043 4.070 4.057 4129 4.222
x4 1.993 2.412 2.627 2587 2677 2.669 2.743

2 6.245 7.989 8.645 8.527 8.907 8.653 8.947

Urban100 3 3.620 4584 5.194 5.187 5.168 5.259 5.421
x4 2.361 2.963 3.496 3412 3530 3536 3673
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F 1 RFTRE A MFRN P48 5 00 = RAE
Bicubic. SRCNN. VDSR. DRCN. LapSRN .
DRRN Z577VEMIEE S LL PSNR 5 45 MyAH Bl
SSIM PEREREAT T xF L. EARML, 7ETE RN
AFEGEBAF T, MFRN B2 ) PSNR 5 SSIM
ARSI LTI T e AL, et R AagniE
# 3 M Urban100 FE#EMNIAEE F, MFRN KT
BT T EEEG AR, RO 2 5. 3
. 4 MO, FHECT R AL I W 4 45
DRRN, 735345 0.08dB, 0.04dB, 0.03dB [
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ANTEBCR A 205 Sk T AR, 72 I RT3
T, LapSRN 7E Setl4 L~ F35PERELL Frd i
A 0.02dB. b4, ASCEfEH TE BARE
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mE 2 s, FATHE TR MFRN 1) IFC 15
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R R S H Y% ., MFRN K IFC RS B B 42
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% B Gt AFDOIE BT IR0 2%, i A VAR B 4 R
LT, AR, LR R T ERR I

A HT R MFRN 5 B %5 ) 2% (Dense
Convolutional Networks, DenseNet) BeI% R T £ 4
FRAE 2RIk 11) JB AR . 52 DenseNet 3 &, 7E #Lak (%
HE o PRI b, 2 S5 A T R I 285 1) Bk B O
A8 ) #E F  % (Dense Skip Connections Network,
SRDenseNet)Z1 5 7% 7= 1 % K 2% (Residual Dense
Network, RDN)USI 4% 2 Hi . SRDenseNet >k H]
DenseNet [ 2 B R N 28 IR AR 2H B G, T
Z AR FH AR 25 1)k ik 7 04z . RON R &R 5 )5
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£—)Z.SRDenseNet 5 RDN #83515 1 Al WL K18 25,
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YEM
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(PSNR/SSIM/IFC)(19.73/0.492/2.293)(20.44/0.574/2.820) (20.84/0.609/3.279) (20.81/0.606/3.298) (20.87/0.615/3.256)(20.94/0.614/3.411)(21.06/0.626/3.529)

(PSNRISSIM/IFC)(21.42/0.480/2.112) (22.33/0.545/2.682) (22.62/0.565/3.032)(22.61/0.563/3.026)(22.64/0.564/3.010)(22.70/0.567/3.081)(22.70/0.569/3.166)

4 B ITIERTIRAT o HE MR B B
Fig. 4 The subjective quality comparison of super resolution results from different methods
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Fig. 5 Comparison on performance and number of parameters
of different methods: scale factor 2, Urban100 dataset
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