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ABSTRACT  

In this paper, we propose an efficient single image super-resolution (SR) method for multi-scale image texture recovery, 

based on Deep Skip Connection and Multi-Deconvolution Network. Our proposed method focuses on enhancing the 

expression capability of the convolutional neural network, so as to significantly improve the accuracy of the 

reconstructed higher-resolution texture details in images. The use of deep skip connection (DSC) can make full use of 

low-level information with the rich deep features. The multi-deconvolution layers (MDL) introduced can decrease the 

feature dimension, so this can reduce the computation required, caused by deepening the number of layers. All these 

features can reconstruct high-quality SR images. Experiment results show that our proposed method achieves state-of-

the-art performance.   

Keywords: Super-resolution, convolutional neural network, peak signal-to-noise ratio, deep skip connection, multi-

deconvolution layers 

1. INTRODUCTION

In real applications, the visual content or objects captured in an image are of low resolution. Therefore, it is necessary to 

process the image so as to increase its resolution and quality. Many learning-based methods 14-16] have been proposed 

for Single-Image Super-Resolution [SISR] [1, 11-13]. However, the conventional methods have limited learning capacity, 

so the super-resolved images have limited quality. Recently, deep neural networks [7, 8, 10] have been proposed, which 

can achieve much better performance. In this paper, we propose a new SISR model, namely deep Skip connection and 

multi-Deconvolution Super-Resolution network (SDSR), which is a very deep trainable network. This network adopts 

Deep Skip Connection (DSC) as building blocks, while multi-deconvolution layers (MDL) as the reconstruction module. 

Experiment results illustrate that our proposed SDSR achieves much better performance than existing state-of-the-art 

methods.  

Figure 1. The complete architecture of the proposed model. The network is divided into two parts: a feature-extraction 

network and a reconstruction network, where boxes with different color represent different convolutional neural networks. 
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2. METHODOLOGY 

Our model is based on a fully convolutional neural network [2]. As shown in Fig. 1, our model is mainly composed of 

two parts: a feature-extraction network and a reconstruction network. There are 24 convolutional layers in the proposed 

model, which combines the local features and the global features through skip connections. Each of our convolutional 

layers contains weights, bias, and cascades of nonlinear layers. The feature maps in the deep network are illustrated in 

Fig. 2. In addition, the residual learning in the network can better capture the residual information of images, and 

alleviate the gradient disappearance caused by increasing the depth of the deep neural network. 

In the feature-extraction module, due to the use of skip connections, if  denotes the input layer, the input to the i-th 

layer will be expressed as , where  and  represent the weight and bias, respectively, of 

the convolutional layer or deconvolution layer. Different from other major deep-learning-based large-scale image 

recognition models, the number of convolution kernels used in the convolutional layers of the feature-extraction network 

is reduced to 32, compared to 96 in [2]. 

          
                                                              (a) Conv0                                             (b) Concatenate1 

Figure 2. The non-linear feature maps at different layers. 

 

The reconstruction network is similar to the general convolutional layers. The proposed network applies 1×1 convolution 

layers multiple times, and results in a new structure, as shown in Fig. 3. The operations in the reconstruction network, 

namely MDL, are defined as follows: 

,                                                                           (1) 

,                                                                           (2) 

,                                                                              (3) 

and 

,                                                                        (4) 

where * represents the convolution operation, and  denotes the concatenation operation. 

In general, the contributions of this paper are as follows: 

 A new deep network, namely SDSR, is proposed, which can reconstruct high-quality high-resolution (HR) images. 

The proposed network can be trained efficiently, without requiring any weight initialization method and special 

training techniques to achieve generalization. The trained network has the ability to handle images of different 

scales, and generates clear texture in images. This is the first deep model that combines skip connection with 

deconvolution layers to achieve excellent super-resolution performance. 

 A new feature-extraction block, namely deep skip connection (DSC), is proposed, which reduces the loss of 

information, makes full use of the information from all layers, and achieves strong robustness. 

 To achieve high-quality image reconstruction, a new model, called multi-deconvolution layers (MDL), is proposed. 

This model greatly reduces the training parameters and the feature dimensions. Consequently, the training time can 

be greatly shortened, while the stability of the model can be maintained. 



 

 
 

 

 

 

 
Figure 3. The structure of the multi-deconvolution layers (MDL). 

 

  
Figure 4. A comparison of the runtimes and the number of parameters required for different SISR methods (upscaling factor 

= 2, dataset = bsd100).  

 

3. EXPERIMENTS 

3.1 Datasets for training and testing 

The standard bsd200 dataset consists of 200 natural images, which cover a wide variety and make the training data more 

representative. Ninety one of the images, proposed by Yang et al. [3], were used to form the training set. The training set 

is augmented by rotating the images by 90
0
, 180

0
, 270

0
. Four super-resolution standard benchmark datasets, Set5, Set14, 

bsd100 and Urban100, were used for testing. The peak signal-to-noise ratio (PSNR) and runtime are measured as the 

evaluation metrics. 

3.2 Implementation Details   

All the networks are optimized using the Adam [4] method. The initial learning rate is 0.001. If the loss value does not 

fluctuate in 5 epochs, the learning rate is reduced to half, until the loss is smaller than 2e-5. Parametric ReLU [5] is 

employed as the activation unit in our proposed network, for tackling the "Dying ReLU" problem.  

3.3   Results 

Fig. 2 shows the 64 non-linear feature maps of the different layers. In Fig. 4, we give a comparison of the number of 

parameters and the runtime required for different methods. The evaluation results of our proposed method on the four 

datasets are shown in Table 1. We can see the superior performance of our method. Five existing state-of-the-art methods 

are compared, and their performances are also tabulated in Table 1. 



 

 
 

 

 

 

 Table 1. The average PSNR and runtime, with different upscaling factors (×2, ×3, ×4) on the four benchmark datasets (Set5, 

Set14, bsd100 and Urban100). The best result and the second-best result are highlighted in red and blue, respectively. 

 

 

                          
Original (PSNR)            Bicubic( 27.88 )                       A+ ( 29.25 )                     RFL ( 29.74 ) 

                     
SRCNN ( 30.55 )         FSRCNN ( 31.03 )               VDSR ( 31.22 )                   SDSR ( 32.02 ) 

Figure 5. Super-resolution results of the image “img_003 ” in Set5, with upscale factor ×2. 

 

 

Algorithm Scale 
Set5 Set14 bsd100 Urban100 

PSNR/time PSNR/time PSNR/time PSNR/time 

Bicubic 

A+ 

RFL 

SRCNN 

FSRCNN 

VDSR 

SDSR (Ours) 

x2 

x2 

x2 

x2 

x2 

x2 

x2 

33.66 

36.54/0.58 

36.54/0.63 

36.66/2.19 

37.00/0.068 

37.53/0.13 

37.65/0.010 

30.24 

32.26/0.86 

32.26/1.13 

32.42/4.32 

32.63/0.160 

33.03/0.25 

33.15/0.154 

29.56 

31.21/0.59 

31.16/0.80 

31.36/2.51 

31.80/0.098 

31.90/0.16 

31.97/0.088 

26.88 

29.20/2.96 

29.11/3.62 

29.50/22.12 

29.66/0.87 

30.76/0.98 

30.82/0.780 

Bicubic 

A+ 

RFL 

SRCNN 

FSRCNN 

VDSR 

SDSR (Ours) 

x3 

x3 

x3 

x3 

x3 

x3 

x3 

30.39 

32.58/0.32 

32.43/0.49 

32.75/2.23 

33.16/0.027 

33.66/0.13 

33.70/0.147 

27.55 

29.13/0.56 

29.05/0.85 

29.28/4.40 

29.43/0.061 

29.77/0.26 

29.83/0.139 

27.21 

28.29/0.33 

28.22/0.62 

28.41/2.58 

28.60/0.035 

28.82/0.21 

28.89/0.065 

24.46 

26.03/1.67 

25.86/2.48 

26.24/19.35 

26.33/0.65 

27.14/1.08 

27.17/0.878 

Bicubic 

A+ 

RFL 

SRCNN 

FSRCNN 

VDSR 

SDSR (Ours) 

x4 

x4 

x4 

x4 

x4 

x4 

x4 

28.42 

30.28/0.24 

30.14/0.38 

30.48/2.19 

30.71/0.015 

31.35/0.12 

31.57/0.145 

26.00 

27.32/0.38 

27.24/0.65 

27.49/4.39 

27.59/0.029 

28.01/0.25 

28.05/0.12 

25.96 

26.82/0.26 

26.75/0.48 

26.90/2.51 

26.98/0.019 

27.29/0.21 

27.37/0.059 

23.14 

24.32/1.21 

24.19/1.88 

24.52/18.46 

24.60/0.74 

25.18/1.06 

25.24/0.952 



 

 
 

 

 

 

The five methods are denoted as A+ [6], RFL [7], SRCNN [8], FSRCNN [9], and VDSR [10], respectively. Our 

proposed method achieves the best performance in terms of both accuracy and runtime. Fig. 5 shows the visual 

performance of the different algorithms, when the upscaling factor is ×2. We can see that our method can reconstruct 

more clear outlines for the butterfly, as shown in the zoomed box. In other words, the experimental results show that 

SDSR has superior performance in recovering contours in natural images. Fig. 6 shows the reconstruction results of the 

different methods, when the upscaling factor is 3. Our method can generate a sharper face contour, when compared to 

other methods. Fig. 7 shows the results when the upscaling factor is 4. We can see that our method can still produce 

sharper and clearer visual results. The training time required to train our model is nearly 5 hours, on GTX 1080Ti. 

 

                   
Original (PSNR)                Bicubic( 25.99 )                     A+ ( 26.50 )                    RFL ( 26.77 ) 

                    
SRCNN ( 27.05 )          FSRCNN ( 27.46 )               VDSR ( 28.33 )                 SDSR ( 28.56 ) 

Figure 6. Super-resolution results of the image “img_024” in bsd100, with upscale factor ×3. 

 

                      
Original (PSNR)         Bicubic( 23.22)                    A+ ( 24.57 )                    RFL ( 25.26 ) 

                    
SRCNN ( 25.82 )        FSRCNN ( 26.06 )                VDSR ( 26.53 )                SDSR ( 26.77 ) 

Figure.7 Super-resolution results of the image “img_027” in Urban100, with upscaling factor ×4. 



 

 
 

 

 

 

4. CONCLUSIONS 

In this paper, we have proposed a novel deep model for single-image super-resolution, which can reconstruct more 

accurate high-resolution images, through the use of deep skip connection and multi-deconvolution layers. The combined 

features are then passed to the reconstruction network, which is composed of 1×1 convolutional layers. After using the 

1×1 CNNs thrice, the dimension of the input feature is reduced and becomes more accurate, so the high-resolution 

images can be generated more accurately, without substantially increasing the computation. In the reconstruction 

network, we combine the global feature after dimensionality reduction of the feature maps and residual learning, and 

then the final high-resolution image is generated. In addition, our proposed deep model is able to process images of 

different scales, and can achieve state-of-the-art performance in terms of PSNR and visual quality. In particular, our 

model achieves the best PSNR among all the methods compared in our experiments. 
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