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Abstract 

 
Abstract: Image super-resolution (SR) processing is of great value in the fields of digital image 
processing, intelligent security, film and television production and so on. This paper proposed 
a densely connected deep learning network based on cascade architecture, which can be used 
to solve the problem of super-resolution in the field of image quality enhancement. We 
proposed a more efficient residual scaling dense block (RSDB) and the multi-channel cascade 
architecture to realize more efficient feature reuse. Also we proposed a hybrid loss function 
based on L1 error and L∞ error to achieve better L∞ error performance. The experimental results 
show that the overall performance of the network is effectively improved on cascade 
architecture and residual scaling. Compared with the residual dense net (RDN), the PSNR / 
SSIM of the new method is improved by 2.24% / 1.44% respectively, and the L∞ performance 
is improved by 3.64%. It shows that the cascade connection and residual scaling method can 
effectively realize feature reuse, improving the residual convergence speed and learning 
efficiency of our network. The L∞ performance is improved by 11.09% with only a minimal 
loses of 1.14% / 0.60% on PSNR / SSIM performance after adopting the new loss function. 
That is to say, the L∞ performance can be improved greatly on the new loss function with a 
minor loss of PSNR / SSIM performance, which is of great value in L∞ error sensitive tasks. 
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1. Introduction 

Image super-resolution(SR) problem is a complex nonlinear problem in essence, and there is 
no accurate analytical solution to such problems. Generally, the problem of image SR research 
can be divided into two categories: the first case is both the low-resolution image and the 
corresponding high-resolution image are known. In this situation, the low-resolution image is 
usually obtained from down sampling of the high-resolution image, but information will be 
lost in this process[1]-[5]. Moreover, the quality of image reconstruction and restoration can 
be measured since the true value is known. Another situation is that only the low resolution 
image is known. For example, we need to reconstruct the early low resolution image to obtain 
higher quality. This kind of problem has no accurate solution and is an open-ended problem. 
Theoretically, it is impractical to completely restore to the accurate image, so we can only 
restore as much detail information as possible through the modeling. 

In recent years, the research on image SR based on machine learning has gradually become 
a new hotspot with the introduction of convolution neural network (CNN) and deep learning 
method. Deep learning method is very good at dealing with this kind of nonlinear problems. 
For example, SRCNN(Super Resolution Convolutional Neural Network)[6][7] method is a 
deep learning based image SR network model based on CNN. On this basis, it is possible to 
build a deeper deep learning network especially with the help of residual network[8]. For 
example, VDSR(Very Deep Super Resolution)[9] builds a deeper SR network combined with 
residual module[8][10][11], and the performance of the network has also been greatly 
improved. Residual connection and deeper network are one of the important directions of SR 
network[12] since then. The characteristics of different network layers can be reused due to 
the addition of multiple skip-connection in dense residual connection[13]-[16] and cascade[17] 
[18]connection, residual information and gradient information can be transmitted more 
quickly in this situation, hence its performance can be improved significantly. 

The problem of the current method: For the RDN(Residual Dense Network) method, only 
the skip-connection is added between the previous RDB(Residual Dense Block) and the last 
RDB, as a result the global feature reused is not sufficient, and the feature map between the 
RDB not adjacent is not effectively reused. 

Therefore, we proposed a cascade connection architecture of our RSDB(Residual Scaling 
Dense Block) combined with continuous memory mechanism (CM)[19] and residual scaling 
in order to further improve the reuse of features map between RSDB. Each RSDB output can 
be connected to each layer of the next RSDB, so as to reuse the previous features and current 
features to learn more effective features adaptively, further increasing the efficiency of feature 
reuse.  

In addition, traditional methods usually focus on L1 or L2 loss function, this kind of loss 
function could achieve good PSNR / SSIM performance, but L∞ error performance is not 
satisfactory. Therefore, we propose a new hybrid loss function, which can greatly improve the 
L∞ performance. Our main contributions are as follows: 

1.An improved dense residual connection network based on cascade connection 
architecture is proposed. In comparison to the previous RDN approach, we enhanced the RDB 
connection and increased the skip-connection between RDB. This enhancement makes better 
use of the feature map at each layer, which contributes to an increase in network efficiency 
and accuracy. With the adoption of RSDB in place of RDB and our new hybrid loss function, 
the performance of the new network has improved significantly. 

2. A new L1 -∞ hybrid loss function is proposed and verified, which can effectively reduce 
the L∞ error. Compared with the preceding L1 or L2 loss function, the advantage of this loss 
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function is that it can greatly improve the L∞ error performance with a minor degrading of the 
PSNR and SSIM performance. Parameter can be adjusted easily according to user requirement, 
which is of great value in the L∞ performance sensitive occasions. 

3. Based on residual scaling, we proposed a residual scaling dense block (RSDB). To 
further improve the better utilization of hardware resources, this method, when compared to 
the conventional RDB, raises the residual scaling layer and removes Batch Normalization 
(BN), dropout, and other layers. This new block has a better convergence performance, 
according to our tests. 

Next, Sec. 2 will introduce the related research; Sec. 3 will introduce the new method 
proposed by us; Sec. 4 will introduce the test results, including ablation test and visual 
performance comparison; Sec. 5 will summarize our research. 

2. Related research 
The early convolutional neural network is mainly applied to the field of image classification. 
After continuous development and innovation, CNN is widely used in the field of image 
processing. 

Among them, SRCNN[6] proposed a SR network model based on CNN. The network is 
mainly composed of three convolution layers, which mainly achieves the functions of image 
extraction, feature representation, nonlinear feature mapping and final reconstruction. 
However, the network depth is shallow as it is only composed of convolution layer. Compared 
with SRCNN, the main improvement for Fast-SRCNN[7] are the addition of deconvolution 
layer at the end of the network to realize image upsampling and reconstruction. Therefore, the 
input of the network is the low resolution image, which can reduce the calculation of the whole 
network and improve the speed of the network. VDSR[9] is a deeply enhanced SR network 
constructed by residual module[8]. The model is composed of 20 convolution layers equipped 
with residual modules.  

Besides, there are still networks or structure for special purpose, for example, Edge-
preserving filters and the single-image super-resolution (SISR) approach are used to provide 
a novel edge-aware multi-focus picture fusion[20]. Meta method integrate meta-learning[21] 
into its fusion network to produce images with different levels of stochasticity from a single 
fusion model. In order to deal with special domain application such as extreme motion blur 
and recover sharp high-resolution (HR) image [22], thermal image [23][24], X-ray image [25], 
3D image SR[26], Stereo Image[27], Remote Sensing Image[18]  and so on. Multi-level image 
SR, such as Pyramidal structure [28], Multi-Scale SR [29]-[31], GAN(Generative neural 
network)[32], RNN(Recurrent neural network)[33], Cascade[17][18] and so on.  

Among the current methods, residual learning and dense connection are the most import 
structure. Residual learning[26][35]-[37] is constructed between the input low resolution 
image and the final output high-resolution images. This connection can also be called global 
connection. However, there is no upsampling inside the network since the input low resolution 
image is interpolated into the same size as the output high-resolution image, which leads to a 
large amount of calculation for such networks. In addition, a large learning rate could be set 
in training without vanishing/expoding gradients through residual learning and adaptive 
gradient clipping. LapSR(Laplacian Pyramid Super Resolution Networks)[12] model is 
mainly composed of two parts: feature extraction and image reconstruction. The network is 
also composed of convolution layers connected in series. The difference is that this method 
adds the upsampling operation in the convolution layer. The advantage of this processing is 
that the input of the network is a low resolution image, which ensures the high computational 
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efficiency of the network, and most of the subsequent SR methods use the same low resolution 
input mode. SRdenseNet[13] is mainly constructed by DenseNet[15][38]-[46] module. 
DenseNet not only greatly reduces the amount of network parameters, but also alleviates the 
problem of gradient vanishing to a certain extent by reusing the features from the shallow 
layers and the bypass channel. The input of each DenseNet block is set as the output of the 
previous block. Meanwhile the output features of all layers are element-wise concatenate 
instead of adding operation, which is different from the direct adding of ResNet. This 
improvement brings many advantages. For example, it has fewer parameters and additional 
bypass channel compared with ResNet to enhance feature propagation and reuse. 

At the same time, it alleviates model degradation at small gradient making the network 
more easier to train. This architecture makes full use of the features extracted from the shallow 
layer and is reused in the deep layer. The improvement in RDN[16] is it introduced continuous 
memory mechanism (CM), global connection and local residual connection to increase the 
propagation of residual. Compared with SRresNet[47], EDSR[19] mainly removes redundant 
modules in SRresNet, such as batch normalization (BN) and Dropout layer, which can expand 
the depth of the model and improve the quality of the reconstructed image. This is because the 
original ResNet structure is used to solve high-level computer vision problems, but it is not 
the best choice when applied to low-level computer vision problems such as SR. More 
convolutional layers can be added with the same computing resources after removing the BN 
layer. 

3. Our method 

3.1 Network structure 
Our network is mainly composed of Cascaded Residual Scaling Dense Block (CRSDB) 
module, upscale module (UPM) and Cascaded Global Feature Learning Module (CGFLM). 
The detailed network structure as shown in Fig. 1. CRSDB is comprised of Residual Scaling 
Dense Block (RSDB) through cascade architecture. RSDB mainly achieves local feature 
learning function. Compared with the original Dense Residual Block (RDB), it increased the 
residual scaling layer and it removed batch normalization (BN) as well as dropout layer in 
order to improve the utilization efficiency for the limited hardware resources, this is one of the 
differences between the original RDN method. At the same time, it is also the basic module 
for our Cascaded Residual Dense Network (CRDN). 

The CGFLM is composed of CRSDB which connected in series. The difference is that the 
CRSDB module based on multi-channel connection is adopted compared with the original 
RDN method. Besides, the improved hybrid loss function is proposed, which can realize rapid 
propagation of residual and gradient with faster convergence for L∞ error, hence it is also the 
most important improvement compared with the original RDN method. 

The UPM is realized by the subpixel[19] method, which is more flexible than upsampling 
method, and the amount of calculation is independent of the scaling factor, especially when 
the scaling factor is large. It has better performance Compared with the traditional upsampling 
methods. 

Generally speaking, a deeper network can obtain higher accuracy. But it is also more 
difficult to train. However, the training time will be prolonged and the problem of divergence 
is becoming more and more obvious with the deepening of the network. We can design and 
train deeper networks with the help of residual learning network, and the performance of 
training can also be greatly improved. Therefore, there are more and more variants networks 
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based on the residual network. Its sparkle lies in obtaining better residual convergence 
performance by adding skip connection between the residual block. In practice, it is found that 
adding more denser connections and residual scaling in the local feature learning module can 
also achieve better convergence. Therefore, we propose to further equip cascade architecture 
and residual scaling layer in the global feature learning module. In this way, the number of 
connections and the dimension of residual concatenation feature map in the global feature 
learning module can be increased, hence better learning performance could be obtained. 
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Fig. 1. Architecture of Cascaded Residual Scaling Dense Network 

3.2 Residual scaling dense block 
The most important ideal of CRDN model is to establish "shortcuts" between the previous 
layer and the successive layer, which is helpful for back propagation of gradient in training 
processes, hence we can train a deeper network. The basic residual learning channel is the 
same as ResNet, but CRDN established a cascaded dense architecture among all the previous 
layers to the successive layers. Another key highlights of CRDN is to maximize the feature 
reuse through the connection between different layers on the element-wise concatenation. 

For better explanation and comparison, Fig. 2 shows the connection mechanism of ResNet 
network and Fig. 3 shows the dense connection mechanism for our RSDB. It can be seen that 
ResNet is a short cut connection between each adjacent layer and its previous layer (generally 
2 ~ 3 layers), and the connection method is element-wise addition. While in RSDB, each layer 
will be concatenated in element-wise with all previous layers in channel dimension. For a 
network of L convolutional layers, RSDB contains L(L+1)/2 connections, which has more 
connection than ResNet.  

Moreover, RSDB inserted a residual scaling layer and directly combines feature maps from 
different layers, which can realize feature reuse and improve the learning efficiency. This is 
the main difference between RSDB and ResNet. Compared with ResNet, CRDN proposed a 
more aggressive dense connection mechanism: all layers are connected to each other. 
Specifically, each layer will accept all the layers in front of it as its additional input. 

+ + + +

+ : Element-wise addition
 

Fig. 2. Short cut connection for ResNet network 
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Fig. 3. Dense connection mechanism for RSDB, where C represents the channel-wise concatenation 

operation and S is residual scaling 
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Fig. 4. Forward propagation process of RSDB 
If expressed by formula, the output of network of layer l is: 

( )1l l lx H x −=                                                              (1) 
For ResNet, the identity function from the previous layer input is: 

( )1 1* +l l l lx scale H x x− −=                                             (2) 
Where scale is the residual scaling factor, which is usually set to 0.1. In RSDB, all previous 
layers will be concatenated in input of the successive layer: 

( )0 1 1l l lx H x x x − =  ，
                                              (3) 

Among them, the above Hl representative non-linear transformation, which is a combined 
operation, which may include activation layer, convolution layer and residual scaling layer. 
Note that there may actually be multiple convolution layers between layer l and layer l−1. 
The forward process of RSDB is shown in Fig. 3 and Fig. 4, in which dense connection can 
express more intuitively for better understanding. For example, the input of h3 includes not 
only the input from h2, but also the x1 and x2 of the first two layers, which are connected 
together with the channel dimension. 

3.3 Cascade architecture 
Unlike the connections in ResNet and RDN, the cascading architecture is shown in Fig. 5. The 
main highlights of the cascade architecture are that the input layer has a short cut connection 
with each subsequent convolution layer after passing through a 1x1 convolution layer, and 
there is also a connection between the RSDB module and the subsequent RSDB module. In 
the cascade scheme, all connections are fused through 1x1 convolution layer. The advantage 
of this connection is that the number of feature maps can be easily changed from the 
convolution layer, which is convenient for the connection between feature maps of different 
sizes. This scheme can realize more sufficient propagation of information flow such as residual 
and gradient, and it is easy to set a given number of feature maps according to the requirements 
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of subsequent upscaling modules. 
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Fig. 5. Cascade network connection of CRSDB 

 
In the cascade architecture, the output of the jth residual module in the ith cascade module is 
represented by Bi,j; i

cW is used to represent the parameters of the ith cascade module. The ith local 
cascade module is defined as: 

1 ,( ; )i i i i U
local lB H W B−= =                                （4） 

Among them, Bi,U can be defined by Bi,u in recursion: 
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     （5） 

Finally, the output of the cascaded block can be defined combining both the local and global 
cascading. Here H0 is the output of the first convolution layer. ) .Note that because our model 
has a single convolution layer before each residual block, the first residual block gets f(X; Wc) 
as input, where Wc is the parameter of the convolution lay. i

RW  is the parameter set of the ith 

residual block; ,i j
RW  is the parameter of the jth convolution layer in the ith block. Hence it yields: 

( )( )

0

0 1 1= , , , ; 1,

( , )c

b b u b u

local R

H W

H f H H B W for u U

f X
H− − =

=


    

        （6） 

The main difference between our method and ResNet lies in the cascading mechanism. The 
cascade connection architecture integrates multi-layer feature information, which can make 
the network realize multi-level feature information reused. The cascade scheme contains 
multi-channel short cut, which can not only to allow the residual to propagate along a shorter 
path, but also multiple different paths, so it has better learning efficiency. Cascade connection 
adopts multi-layer connection scheme, which can reconstruct high-resolution images through 
multi-layer features, making it easier for the network to obtain more detailed information, so 
it is more efficient. 

3.4 Hybrid loss function 
CRDN network adopts a hybrid loss function composed of L1 error and L∞ error, which 
improves the instability of L∞ error compared with the original RDN network. Meanwhile the 
PSNR /SSIM performance of our CRDN is not significantly affected, but the L∞ error is greatly 
reduced, reflecting the obvious advantages of the improved network. Refer Sec. 4.3 for more 
details. 
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(1) L1-Norm 
L1- Norm is one of the most common norms, which is defined as follows： 

 
1 i

i
x x= ∑

                                              （7） 
The L1-norm can be used to measure the difference between two vectors, such as the Mean 
Absolute Error (MAE),  

 

1 2

1 2( , )

n

i i
i

x x
MAE x x

n

−
=
∑

                              （8） 
 (2) L∞- Norm 
L∞- Norm is mainly used to measure the maximum value of vectors. It is defined as： 

 
1 2, ( , , , )i n

i
x x x x x x∞

∞
= = ⋅ ⋅ ⋅∑

                       （9） 
In general, it can be expressed by the following formula: 

 max( )ix x
∞
=                                                  （10） 

A very good feature of L∞-norm is that it is independent of the dimension of the vectors. This 
feature has certain advantages in comparing error vectors of different dimensions. 
（3）L1∙∞  hybrid loss function 

The hybrid loss function L1∙∞ is defined as： 

1 1= +
+ =1

L L Lα β
α β

∞ ∞





                                                  （11） 
In SR applications, it is generally believed that L1-norm performance is better than L2-norm 

[16] [19][48]. In practice, we usually use mean absolute error instead of summation of absolute 
error in order to avoid the correlation between L1-norm and vector dimension. However, the 
direct use of L1-norm may reduce the average error, while the absolute error of some pixels 
may be still huge. This situation does occur. Because the L1-norm only reduces the average 
error, there is no limit to the error of a single pixel. Therefore, we need a new loss function 
that can not only reflect the overall error, but also effectively reduce the maximum error of a 
single pixel, so as to further improve the quality of image reconstruction. 

The L∞-norm just satisfies this requirement, which allows us to easily compare the max 
error between a single pixels, which is independent of the number of vector dimension. 
Therefore, we proposed a hybrid error loss function combining L1-norm and L∞-norm, which 
can not only ensure the overall error of the image, but also effectively reduce the maximum 
error between individual pixels. Through test and analysis, it is found that the recommended 
value range of β is [0.002, 0.01]. Too large or too small will deteriorate the performance of the 
network. 

3.5 Implementation details 
The baseline is designed as an RDN network. At the same time, another five comparative 
networks such as CRDN0, CRDN 1, CRDN 2, CRDN 3 and CRDN 4 are designed respectively. 
The performance of residual scaling and different β are described, refer Sec 4 for more details. 
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RSDB is residual scaling dense connection module, each RSDB module contains 9 
convolution layers. Except that the residual link between the first layer and the last layer is 
realized by addition operation, the other connections are connected by concatenation. The size 
of convolution kernel of RSDB is 3 and the activation function is Relu. Layers such as BN, 
dropout and pooling are removed from the RSDB module in order to improve the overall 
computing efficiency of the network, which only includes necessary calculations such as 
convolution layer, activation layer, residual scaling layer and concatenation / addition layer. 

CRSDB: the basic unit in the cascade module is composed of RSDB through cascade 
connection, and the core part of the whole network is connected by multiple CRSDB. Since 
each RSDB contains 9 convolutional layers and each CRSDB contains 4 RSDBs, so each 
CRSDB contains 36 convolutional layers, and the connection between these convolution 
layers is dense. If you need to build a deeper network, it can be easily realized. For example, 
two CRSDBs are enough if you need to build a 72 layers cascaded dense network. 

Upscale module: the number of feature images input into the subpixel[19] module must be 
a multiple of the square of the scaling factor, otherwise the scaling of the image cannot be 
realized. Because this method is different from the up sampling or down sampling method, 
new pixel information will not be lost or introduced. And the number of characteristic images 
can be set through a 1x1 convolution layer. 

Input and output: for networks with different scaling factor, 64x64 images are used as input, 
while the output high-resolution images vary according to the scaling factor, which are 
128x128, 192x192, 256x256 respectively. The input images are cropped to different sizes 
according to different scaling requirements. The stride in the cropping process varies 
according to the scaling factor. 

4. Experimental results 

4.1 Data, evaluation and training platform 
For SR research, there are public data sets for this task in test and comparison, mainly include 
Set5 [49], Set14[50], BSD100[51], Urban 100[52], DIV2K[53] and other data sets. The 
evaluation indexes of training efficiency are mainly PSNR[54] and SSIM[55]. PSNR (peak 
signal to noise ratio) is an objective standard for evaluating images. PSNR is the most common 
and widely used objective measurement method to evaluate image quality. Therefore, the 
greater the PSNR value, the less distortion. SSIM (structural similarity) is not only a structural 
similarity, but also a full reference images quality evaluation index. It measures image 
similarity in three aspects: brightness, contrast and structure. SSIM value range is [0, 1]. The 
larger the value, the smaller the image distortion. The training platform and relevant 
parameters used in this method are shown in Table 1. 

 
Table 1. Training platform and related parameters 

CPU Intel i9 12900K GPU RTX3080 

CPU Memory 64G, 
DDR5,4800MHZ 

GPU Memory GDDR6 12G 

Operation System Windows 10 Training 
platform 

Keras 2.7 
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Training settings and results: training optimizer is Adam, Leaning Rate (lr) = 0.001, β1=0.9, 
β2=0.999. The convolution kernel size is 3x3, the data set is set according to reference[57], the 
input image size is 64x64, and the training platform is Keras 2.7. The training results are shown 
in Table 2. The CRDN method proposed by us has achieved ideal results from different data 
sets and different scaling factor, and has better stability compared with the original RDN 
method. 

4.2 Comparison of training results 
Table 2 shows the comparison of PSNR / SSIM results from CRDN method and several recent 
important methods. CRDN network adopts CRDN1 configuration with residual scaling and 
cascade connection. From the results, it can be seen that the PSNR / SSIM of CRDN method 
of standard data set is better than that of CARN, EDSR, RDN and other methods. For training 
settings please refer to literature[19]. 
 

Table 2. Benchmark tests results, average PSNR / SSIM, red bold is the best result, and green is the 
second best result 

Data-set Set5 Set14 BSD100 Urban100 

Scale X2 X3 X4 X2 X3 X4 X2 X3 X4 X2 X3 X4 

Bicubic 33.660  30.390  28.420  30.240  27.550  26.000  29.560  27.210  25.960  26.880  24.460  23.140  

0.930  0.868  0.810  0.869  0.774  0.703  0.843  0.739  0.668  0.840  0.735  0.658  

SRCNN 36.660  32.750  30.480  32.450  29.300  27.500  31.360  28.410  26.900  29.500  26.240  24.520  

0.954  0.909  0.863  0.907  0.822  0.751  0.888  0.786  0.710  0.895  0.799  0.722  

LapSRN 37.520  33.820  31.540  33.080  29.790  28.190  31.800  28.820  27.320  30.410  27.070  25.210  

0.959  0.923  0.886  0.913  0.832  0.772  0.895  0.797  0.728  0.910  0.827  0.755  

SRdense
Net 

- - 32.020  - - 28.500  - - 27.530  - - 26.050  

- - 0.893  - - 0.778  - - 0.734  - - 0.782  

CARN 37.760  34.290  32.130  33.520  30.290  28.600  32.090  29.060  27.580  31.920  28.060  26.070  

0.950  0.926  0.894  0.917  0.841  0.781  0.898  0.803  0.735  0.926  0.849  0.784  

EDSR 38.110  34.650  32.460  33.920  30.520  28.800  32.320  29.250  27.710  32.930  28.800  26.640  

0.960  0.928  0.897  0.920  0.846  0.788  0.901  0.809  0.742  0.935  0.865  0.803  

RDN 38.240  34.710  32.470  34.010  30.570  28.810  32.340  29.260  27.720  32.890  28.800  26.610  

0.961  0.930  0.899  0.921  0.847  0.787  0.902  0.809  0.742  0.935  0.865  0.803  

CRDN 38.333  37.662  32.644  35.214  32.087  29.541  32.601  29.304  27.783  34.098  28.928  27.071  

0.974  0.950  0.899  0.921  0.873  0.836  0.932  0.845  0.805  0.955  0.883  0.847  

 

4.3 Ablation tests 
The main difference between CRDN model and RDN method in this paper is that cascade and 
residual scaling are added. RDN method can be obtained after cancellation of such modules. 
Four groups of comparative tests are set in ablation test, the specific settings are shown in 
Table 3. RDN method is set as the baseline of this test. CRDN0 adds cascade on the basis of 
RDN; CRDN1 adds cascade and residual scaling layer on the basis of RDN. rs is the residual 
scaling factor; CRDN2 also adds cascading, residual scaling and L1∙∞ hybrid loss function, 
where β=0.002. 
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Table 3. Setup for ablation tests 

Diffenent Combination of Cascading,Scaling & L1∙∞ loss Function 
  Cascading Scaling L1∙∞ loss 
RDN X X X 
CRDN0 √ X X 
CRDN1 √ √ X 
CRDN2 √ √ √ 

 
As can be seen from Table 4, the PSNR/SSIM/L∞ errors of CRDN0 network are 

25.9555/0.8158/0.7372 respectively. Compared with RDN method, PSNR/SSIM is increased 
by 1.10% / 0.96% respectively, while L∞ error is reduced by 0.11%, indicating that 
PSNR/SSIM performance is improved and L∞ error is reduced after cascade connection. At 
the same time, it can be seen from Fig. 6 that the CRDN0 network result is almost always 
above the RDN result, indicating that the performance of the CRDN0 network after adding 
cascade is also better than the original RDN network. 

After the residual scaling, the network performance is improved more obviously. As shown 
in the CRDN1 curve, compared with the original RDN network, the CRDN1 performance of 
the network with cascade and residual scaling has been greatly improved. PSNR / SSIM 
increased by 2.24% / 1.44% respectively, while L∞ error decreased by 3.64%. It can be seen 
from Fig. 6 that CRDN1 has the best performance, indicating that the performance is enhanced 
after cascading and residual scaling. Therefore, it can be seen from the results that the 
performance of the network can be improved by using cascade connection and residual scaling. 

 
Table 4. Comparison of ablation test results (average on last 20 results) 

Method/Param PSNR SSIM L∞ 
RDB 25.6726 0.8081 0.7380 

Margin - - - 
CRDN0 25.9555 0.8158 0.7372 
Margin 1.10% 0.96% -0.11% 
CRDN1 26.2466 0.8197 0.7111 
Margin 2.24% 1.44% -3.64% 

 

  
 

Fig. 6. the ablation test results are shown in the figure, dataset = urban100, epoch = 50, iteration = 
1000 (for more convenient comparison, the output PSNR and SSIM are subject to the same smoothing 

processing) 
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As shown in Table 5, Fig. 7-Fig. 8 after using L1∙∞ hybrid loss function, the network PSNR 

/ SSIM performance is slightly reduced, but the reduction is very small. Taking CRDN1 and 
CRDN2 as examples, the average PSNR/SSIM/L∞ errors of CRDN1 and CRDN2 are 
26.2466/0.8197/0.7111 and 25.9471/0.8147/0.6323 respectively. Compared with the two 
method, the performance of PSNR / SSIM is reduced by 1.14% / 0.60% respectively when 
using L1∙∞ hybrid loss function（β= 0.002), but L∞ is reduced by 11.09% (performance is 
improved). In other words, although PSNR / SSIM performance has slight loss respectively, 
the improvement performance of L∞ error is very obvious after using the new loss function. 

As β continues to grow, such as β= 0.01, that is, CRDN4 in the figure, the performance of 
PSNR / SSIM is reduced by 3.64% / 2.60% and the L∞ error is reduced by 22.24%. At this 
time, the result was worsened if β is increased continuously, such as β= 0.03, the performance 
of CRDN3 and PSNR/SSIM in the figure is reduced by 11.35% / 11.32% respectively, but the 
L∞ error is only reduced by 14.25%, which is lower than that of β= 22.24% at 0.01. Therefore, 
we suggest the range of β is [0.002, 0.01]. The improvement on L∞ error is not obvious if β is 
too small, PSNR / SSIM and L∞ also will be worsened while it is too large. 

 
Table 5. Impact of β on PSNR / SSIM / L∞ index 

Method/Param PSNR SSIM L∞ 
CRDN1 β=0.0 26.2466 0.8197 0.7111 

Margin - - - 
CRDN2 β=0.002 25.9471 0.8147 0.6323 

Margin -1.14% -0.60% -11.09% 
CRDN3 β=0.03 23.2683 0.7269 0.6098 

Margin -11.35% -11.32% -14.25% 
CRDN4 β=0.01 25.2901 0.7984 0.5530 

Margin -3.64% -2.60% -22.24% 
 

  
Fig. 7. Impact of β on PSNR / SSIM, PSNR / SSIM performance can be maintained when β=0.002 

epoch

0 200 400 600 800 1000

PS
N

R

18

20

22

24

26

CRDN1 =0.0
CRDN2 =0.002
CRDN3 =0.03
CRDN4 =0.01

epoch

0 200 400 600 800 1000

SS
IM

0.4

0.45

0.5

0.55

0.6

0.65

0.7

0.75

0.8

CRDN1 =0.0
CRDN2 =0.002
CRDN3 =0.03
CRDN4 =0.01



2894                                                              Zou et al.: Cascaded Residual Densely Connected Network for Image Super- Resolution 

 
Fig. 8. the influence of β on L∞, the hybrid loss function effectively reduces the L∞ error 

4.4 Visual performance comparison 
In order to further to compare the visual performances of different methods, the results of 
EDSR, RDN and CRDN methods are compared respectively. Fig. 9-Fig. 14 shows the results 
of different methods on data sets Set14, Urban100 and DIV2K, and the PSNR / SSIM / L∞ 
error index are given. In this result, the PSNR / SSIM / L∞ error index of CRDN result is the 
best. The CRDN network is configured as residual scaling factor rs = 0.1, loss function L1∙∞ 

hybrid loss function, and β= 0.002。 
Visually, the local details of EDSR and RDN methods in Fig. 9 are blurred, the results of 

CRDN method are obviously more refined. The L∞ errors of EDSR and RDN are 0.502/0.535 
respectively, which is much greater than 0.343 of CARN method. 

In Fig. 10, the three methods have achieved good PSNR / SSIM indexes. The PSNR / SSIM 
/ L∞ indexes of EDSR and RDN methods are 30.340/0.856/0.270 and 31.757/0.884/0.521 
respectively. Although the PSNR / SSIM index of RDN method is better than that of EDSR 
method, the L∞ error of RDN method is as high as 0.521, it is much higher than that of EDSR 
/ CRDN method. This shows that the improvement of PSNR / SSIM performance index can 
not ensure the better L∞ performance index. However, except that PSNR / SSIM performance 
index of CRDN is better than EDSR / RDN method, L∞ performance is also better than these 
two methods, which shows the effectiveness of the hybrid loss function proposed in this paper. 

 
Fig. 9. Baboon from Data set Set14  
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Fig. 10. Lenna from Data set Set14 

 
In addition, the local details of EDSR method of Fig. 13 are obviously deformed. The 

PSNR/SSIM/L∞ errors of EDSR, RDN and CRDN are 26.867/0.778/0.429, 28.462/ 0.809/ 
0.338 and 29.610/0.844/0.321 respectively. From the results, it can be seen that the L∞ error 
of CRDN method is the smallest, which also shows that CRDN can not only improve the 
performance of PSNR / SSIM, but also effectively reduces the L∞ error. The results show that 
the maximum error between the reconstructed image and the original image pixels is smaller, 
which also verifies the reliability of the hybrid loss function proposed in this paper. 

 

 
Fig. 11. Img_009 from data set Urban100 
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Fig. 12. Img_068 from data set Urban100 

 
 

 
Fig. 13. Image 0001 from data set DIV2K 
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Fig. 14. Image 0010 from data set DIV2K 

 

4.5 SR for Real World Images 
For the previous experiments, there are corresponding high resolution images, which can 

carry out quantitative comparison. For some certain images, the corresponding high resolution 
image does not exist, so they can only be compared with visual results. Similarly, we compare 
the proposed methods to further compare the SR performance of different methods. The data 
sets are from DIV2K[53] and Historical[56]. For DIV2K datasets, this is different from the 
previous usage. In the previous section, it is used for training after down sampling. Here, it is 
directly used as input for testing as a low resolution image.  That is, the SR of DIV2K images 
to obtain a higher resolution image.   The historical dataset is a set of black-and-white images 
with low resolution.  

   Since such images cannot be compared with high resolution images, it is impossible to 
calculate indexes such as PSNR and SSIM for quantitative comparison. Therefore, only visual 
performance is compared here.   

As shown in Fig. 15-Fig. 18, the SR performance of BICUBIC, EDSR, RDN and CRDN 
methods are compared respectively. It is obvious that the image reconstructed by BICUBIC 
method has blurred details and serious aliasing phenomenon, and the performance is the worst 
among all comparison methods. EDSR, RDN and CRDN methods can restore local details, 
but the specific restoration details are different. As shown in Fig. 17, for the outline of the 
whole body of the tower,  the EDSR method has ghosting; the reconstructed contour of RDN 
method is fuzzy, while the contour of CRDN method is clear and sharp. Similarly, in Fig. 18, 
the EDSR reconstruction result is very fuzzy for the cracks of the building exterior wall;    RDN 
method almost misses this detail, and the reconstruction result of CRDN method is still very 
clear and sharp.  Similar results can also be reflected on Fig. 15-Fig. 16. Therefore, from the 
visual effect comparison, the effect of CRDN method is also better than the other three 
methods. 
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Fig. 15. Image 0015 from dataset DIV2K. 

 
 
 

       
Fig. 16. Image 0019 from dataset DIV2K. 
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Fig. 17. Image img007 from dataset Historical 

 

 
Fig. 18. Image img008 from dataset Historical. 

5. Conclusions 
We propose a higher performance image SR network CRDN. The network adopts the 

improved RSDB module proposed by us. By adding the residual scaling layer to the original 
RBD module, the experiment shows that this method further improves the performance of the 
original RBD module. Through RSDB, we build a CRSDB module based on cascade 
architecture, and we build a CRDN network based on cascade connection through CRSDB 
module.  

Meanwhile, we found that although the traditional L1 or L2 loss function in RDB network 
can obtain good PSNR / SSIM performance, but it cannot effectively reduce the L∞ error. The 
maximum error of individual pixels is too large to meet the occasions with higher requirements 
for L∞ error. Therefore, we proposed a hybrid loss function based on L1 error and L∞ error. The 
error loss function can not only ensure the accuracy of PSNR / SSIM, but also greatly reduces 
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the L∞ error. The parameters in the loss function can be adjusted according to the user's 
requirement, and the recommended parameter range is given through our experiments. 
Compared with the RDN method, the PSNR / SSIM of the new method is improved by 2.24% 
/ 1.44% respectively, and the L∞ performance is improved by 3.64%. The L∞ performance is 
improved by 11.09% with only a minimal loses of 1.14% / 0.60% on PSNR / SSIM 
performance after adopting the new loss function.  

The experimental results show that CRDN can not only obtain better PSNR / SSIM 
performance, but also obtain better L∞ error performance, which verifies the better 
performance for new network. 
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