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A B S T R A C T

Super-resolution has attracted academic attention recently, for its capabilities of image restora-
tion and image enhancement. To generate informative high-level features for a better recon-
struction performance, most super-resolution networks have many parameters, which limit their
application in resource-constrained devices. Feedback networks can generate informative high-
level features with few parameters by feeding high-level features back to previous layers. In
this paper, we propose a lightweight bidirectional feedback network for image super-resolution
(LBFN), which consists of two feedback procedures connected in reverse. Bidirectional feedback
architecture further improves the perceptual abilities of feedback networks by fusing different
level features sufficiently. We propose a residual attention block to enhance the detail expression
ability of feature maps, which are cross-learned in feedback block. Finally, we propose a SR
regression loss to supervise the training of our network. Extensive experiments demonstrate that
our method has an outstanding performance while taking up little computing resources.

. Introduction

The purpose of single image super-resolution (SISR) network is to reconstruct high-resolution (HR) images from the corresponding
ow-resolution (LR) images. However, SISR is an ill-posed problem, for innumerable HR images can be degraded to the same LR
mage. To solve this problem, many classical SR methods have been proposed [1–9].

Since dong et al. introduced deep learning into super-resolution (SR) in SRCNN [1], learning-based SISR has entered a period
f rapid development. However, SRCNN [1] took upsampled LR image as input, which has high computational complexity. Then
ong et al. proposed FSRCNN [2], which learned LR features and used deconvolution on the last layer to reduce the amount of
alculation. To get rid of the redundant of deconvolution, subpixel convolutional layer was proposed in ESPCN [10] by shi et al.
hich generated HR feature maps by rearranging the pixels of LR feature maps after channel expansion.

To further improve the performance of SR networks, deep neural networks were proposed, for high-level features are more
nformative to achieve a better reconstruction performance. VDSR [11] proposed by Kim et al. was a deep network with 20
ayers, which took interpolated LR images with multiple scales as inputs and introduced residual learning into SR methods. Then
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Fig. 1. The architecture of our LBFN. Orange arrows represent the forward feedback procedure, and blue arrows represent the reverse feedback procedure.

Fig. 2. PSNR vs. number of parameters on Set5 dataset.

they proposed DRCN [12], which was a deep recursive network with multiple supervision. The recursive mechanism reduced the
parameters required for deep networks.

However, deep networks are difficult to train, and easy to cause gradient vanishing/exploding problems. Residual learning was
fully utilized by He et al. in ResNet [13], which worked well in deep networks, for it can solve the problem of network degradation.
Then SRDenseNet [14] was proposed, which sent the previous features to all subsequent layers. Tai et al. proposed DRRN [15], which
was a deep recursive network with residual learning. EDSR [9] proposed by Lee et al. removed the usage of Batch Normalization
(BN) in residual unit, for which is not suitable for SR tasks.

The networks mentioned above are all worked in a feedforward manner, which learn the non-linear mapping from low-level
inputs to high-level outputs. Feedback mechanism makes it possible for the low-level inputs to get useful information from high-level
outputs, which can improve the reconstruction performance. Hairs et al. first introduced feedback mechanism into SR in DBPN [6],
which fed back the errors to realize self-correction. DBPN [6] proved the effectiveness of feedback mechanism in minimizing the
reconstruction errors. Then SRFBN [4] was proposed by Li et al. which fed back the output of the feedback block to its input in
next iteration. SRFBN [4] realized the refinement of high-level features to low-level ones with multi-reconstruction manner.

To achieve a satisfactory expressive ability, most SR networks have a large number of parameters, which restrict their application
in embedded devices. Recently, lightweight networks have gained a lot attention for their wide application prospects. All the
lightweight SR networks focus on getting a better performance with fewer parameters. Feedback mechanism can improve the
performance of the networks without adding new parameters. Although feedback mechanism was introduced into SR, which has
not been fully exploited in lightweight SR methods. Inspired by the good performance of bidirectional architecture in BRNN
(Bidirectional Recurrent Neural Network), we propose a motivation that it can also do well in feedback networks. Bidirectional
architecture solved the problem that the elements of previous sequence are not aware of the outputs of subsequent sequence in BRNN,
and we think bidirectional feedback architecture can improve the performance of the feedback network by perceiving features of
different levels, which has not been used in lightweight SR networks. In this paper, we propose a lightweight bidirectional feedback
network for image super-resolution (LBFN). We use bidirectional architecture, so our LBFN consists of two feedback procedures. On
one hand, the low-level features can be refined by hight-level ones in each feedback procedure. On the other hand, since the two
feedback procedures are bidirectional, the shallow layers of the reverse procedure can get high-level information from the forward
procedure, and the deep layers of the reverse procedure can get low-level information from the forward procedure. Different level
features are fused sufficiently to improve the perceptual abilities of the feedback network. Furtherly, we use ensemble method to
fuse the last high-level features of all iterations to reconstruct SR image, which achieves a better SR reconstruction performance.
The structure of LBFN is shown in Fig. 1.

As a feedback network, LBFN can be unfolded in time. Then as a lightweight network, we study the number of iterations (denoted
as T) and the base number of filters (denoted as m) to achieve a satisfying trade-off between performance and computational
complexity. Furtherly, since attention module can enhance the discriminate capability of the network with little computational
complexity, we integrate attention modules into residual blocks, which are cross-learned in feedback block. Our LBFN achieves an
outstanding performance compared with other state-of-the-art lightweight networks, which is shown in Fig. 2.

The contributions of LBFN are as follows:
2
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• To further improve the perceptual abilities of the feedback network, we propose a bidirectional feedback architecture. The
forward feedback procedure is from top to bottom, and the reverse feedback procedure is from bottom to top. High-level
features are fed back to correct low-level features in each feedback procedure, at the same time, the reverse feedback procedure
can get useful information from the forward feedback procedure. Therefore the performance of the feedback network is
improved.

• To achieve a powerful HR representation, we propose a cross-learning feedback block (CFB) as the basic feedback block. The
HR flow and LR flow in CFB cross learn from each other to better learn the relationship between HR and LR features.

• To improve the detail expression ability of feature maps, we propose a residual attention block (RAB) as the basic block in
CFB. RAB enhances the representation ability of CFB by integrating channels and pixels enhancement into residual blocks.

• To better learn the mapping function from LR to HR, we propose a SR regression loss, which degrades the SR results back to
LR. The SR regression loss and the primal SR loss are used together to constrain the solution space of LR-HR mapping function,
which can significantly improve the performance of lightweight networks but introduces very few parameters.

In the following sections, the related work is described at first in Section 2. Next, our mehtod is described in detail in Section 3.
hen, the experimental details and results are shown in Section 4. At last, we make a conclusion of our method in Section 5.

. Related work

.1. Attention mechanism

Attention module was used in human perception earlier years [16,17]. Then RAN [18] was proposed for classification tasks.
queeze-and-excitation (SE) module [19] was proposed to learn the relationship between channels, which assigned different weights
o channels according to the amount of information they contained. Recently, residual channel attention blocks (RCABs) were
roposed by Zhang et al. in RCAN [3], which integrated channel attention into residual blocks, and achieved remarkable performance
mprovements. In CBAM [20], the channel attention and spatial attention are used together for adaptive feature refinement. Hui
t al. proposed the contrast-aware channel attention (CCA) module in IMDN [21], which used the summation of standard deviation
nd average pooling to represent the global information contained in the feature maps.

RCAB [3] integrated channel attention into residual blocks and achieved remarkable performance improvements. Inspired by
CAB [3], we propose a motivation that, spatial attention modules can enhance the discriminate ability in spatial dimension, which
lso should be integrated into residual blocks. Therefore, we propose a residual attention block (RAB), which integrates channel
ttention and spatial attention into residual blocks to achieve a better performance.

.2. Recursive network

Recursive networks are the generalization of recurrent networks, and recurrent networks are the special type of recursive
etworks. DRCN [12] proposed by Kim et al. introduced recursive block into SR, which was a deep recursive network with multiple
upervision. Recursive blocks shared the same weights to reduce the parameters usage. Then Tai et al. proposed DRRN [15], which
s a deep recursive network with skip connections. Later, they proposed MemNet [22], which used recursive residual unit and dense
esidual learning to improve the reconstruction performance. Inspired by BRNN, we propose a bidirectional feedback network. BRNN
olved the problem that the elements of previous sequence are not aware of the outputs of subsequent sequence. Our LBFN solves
he problem that the low-level features of previous layers cannot be refined by high-level ones of subsequent layers.

.3. Feedback mechanism

Most of the neural networks are feedforward networks [1,2,8], which send the shallow features to latter layers in direct or skip
onnection manners. Then feedback mechanism was proposed, which can send high-level features back to shallow layers to enhance
he representation ability of shallow features. Feedback mechanism has been used in many computer vision methods. DBPN [6] first
ntroduced feedback mechanism into SR, which proposed an error feedback to realize self-correction in up- and down-projection
nits. Then DSRN [23] was proposed, which used delayed feedback to exchange recurrent signals between LR and HR states. Li
t al. proposed SRFBN [4], which is a feedback network similar to RNN (Recurrent Neural Network).

SRFBN [4] is the most relevant network to our LBFN, and we differ from it in three main ways. First, SRFBN [4] is a feedback
etwork in one direction, but we cross connect two feedback procedures in reverse to further improve the performance of the
eedback network by perceiving features of different levels. Second, SRFBN [4] reconstructed an SR image in each iteration and
ook the last one as final SR image, but we reconstruct the final SR image by feature ensemble method to make full use of the
R features of different levels, which ties the loss to all iterations so that the hidden states carry a notion of high-level features.
inally, the training of SRFBN [4] was supervised by primal SR loss, but we use primal SR loss and SR regression loss to supervise
he learning of the mapping function from LR to HR. Further experimental results show that, our bidirectional feedback is better
han the feedback architecture proposed in SRFBN [4].

. Our method

In this section, the network architecture of LBFN is described at first. Next, CFB as the basic feedback block of LBFN is described.
3

hen, RAB as the basic block in CFB is described in detail. At last, the loss function with SR regression loss is described.



Computers and Electrical Engineering 102 (2022) 108254B. Wang et al.
Fig. 3. The architecture of our LBFN. Orange arrows represent the forward feedback procedure, and blue arrows represent the reverse feedback procedure.

3.1. Network structure

Our LBFN consists of two feedback procedures connected in reverse, so it can be unfolded to T iterations, as shown in Fig. 3.
Orange arrows represent the forward feedback procedure from top to bottom, blue arrows represent the reverse feedback procedure
from bottom to top. The low-level features of the two feedback procedures can be refined by their own hight-level ones. Furtherly,
since the two feedback procedures are bidirectional, the features of the two procedures are fused reversely. bidirectional architecture
improved RNN greatly and broadened the application scope of RNN. As it did in RNN, bidirectional architecture also improves the
performance of the feedback network by perceiving features of different levels.

LBFN contains four parts: shallow feature extraction part, bidirectional feedback part, reconstruction part and SR regression part.
In the first part, shallow feature extraction part extracts shallow features, which are passed to CFB. In the second part, two feedback
procedures are bidirectional, which use CFB as the basic feedback block. The CFB in forward feedback procedure has two inputs, the
shallow features and the output of CFB from last iteration. The CFB in the reverse feedback procedure has three inputs, the shallow
features, the output of CFB from last iteration and the output of CFB from the forward feedback procedure. Then, in reconstruction
part, the corresponding results of the two feedback procedures are concatenated and upsampled to generate the final HR features
in each iteration. Then the ensemble of final HR features from all iterations are used to reconstruct SR image by adding bicubic
upsampling results. Finally, in SR regression part, the SR image degrades to LR image to calculate SR regression loss, so our LBFN
can be supervised by both the SR regression loss and the primal SR loss.

We define 𝐿𝑖𝑛 is the output of shallow feature extraction part, which can be obtained by:

𝐿𝑖𝑛 = 𝑓𝑐 (𝐿𝑅), (1)

where 𝑓𝑐 is operations to extract shallow LR features, which consists of conv(3,128) and conv(128,32) .
In bidirectional feedback part, there are two bidirectional feedback procedures. In the forward feedback procedure, we define the

output of CFB in the 𝑡th iteration is 𝐿𝑡
𝑜𝑢𝑡1. In the reverse feedback procedure, we define the output of CFB in the 𝑡th iteration is 𝐿𝑡

𝑜𝑢𝑡2.
The functions is as follows:

𝐿𝑡
𝑜𝑢𝑡1 =

{

𝑓𝐶𝐹𝐵(𝐿𝑖𝑛)

𝑓𝐶𝐹𝐵([𝐿𝑖𝑛, 𝐿𝑡−1
𝑜𝑢𝑡1])

𝑡 = 1

𝑡 ≥ 2

}

, (2)

𝐿𝑡
𝑜𝑢𝑡2 =

{

𝑓𝐶𝐹𝐵([𝐿𝑖𝑛, 𝐿𝑇
𝑜𝑢𝑡1])

𝑓𝐶𝐹𝐵([𝐿𝑖𝑛, 𝐿𝑡−1
𝑜𝑢𝑡2, 𝐿

𝑇−𝑡+1
𝑜𝑢𝑡1 ])

𝑡 = 1

𝑡 ≥ 2

}

, (3)

where 𝑓𝐶𝐹𝐵 is the operations of CFB.
In reconstruction part, we concat the corresponding outputs of two feedback procedures, which are then upsampled by decon-

volutional layer in each iteration. We define the result after deconvolutional upsampling in the forward 𝑡th iteration as 𝐻 𝑡
𝑟𝑏, the

ensemble result of which is used to reconstruct SR image by adding bicubic upsampling result. The process is as follows:

𝐻 𝑡
𝑟𝑏 = 𝑓𝑢𝑝([𝐿𝑡

𝑜𝑢𝑡1, 𝐿
𝑇−𝑡+1
𝑜𝑢𝑡2 ]). (4)

𝑆𝑅 = 𝑓𝑐𝑚([𝐻1
𝑟𝑏,𝐻

2
𝑟𝑏,… ,𝐻𝑇

𝑟𝑏]) + 𝑓𝐵𝐶 (𝐿𝑅), (5)

where 𝑓𝑐𝑚 is the convolutional layer used to compress feature channels, and 𝑓𝐵𝐶 is the bicubic upsampling operation.
In SR regression part, we generate 𝐿𝑅′ by downsampling operation 𝑓𝑑𝑜𝑤𝑛, which consists of a downsampling layer conv(3,32)

and a channel compress layer conv(32,3). 𝐿𝑅′ and the primal LR are used to calculate the SR regression loss, which supervises the
training of our LBFN together with the primal SR loss.

𝐿𝑅′ = 𝑓 (𝑆𝑅), (6)
4
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Fig. 4. Cross-learning feedback block (CFB).

Fig. 5. Residual attention block (RAB).

3.2. Cross-learning feedback block (CFB)

In our feedback network, we propose a cross-learning feedback block (CFB) as the basic feedback block, as shown in Fig. 4. The
first line is HR feature flow, and the second line is LR feature flow. We cross connect the two feature flows by upsampling and
downsampling operations to exchange the HR and LR information densely. To further improve the performance of our CFB, we use
residual attention block (RAB) as each basic block.

Since our LFBN has two feedback procedures connected in reverse, the input of CFB is different, as shown in Eqs. (2) and (3).
The CFB in forward feedback procedure has two inputs, the shallow features and the output of CFB from last iteration. The CFB in
the reverse feedback procedure has three inputs, the shallow features, the output of CFB from last iteration and the output of CFB
from the forward feedback procedure.

In CFB, we use cross-learning twice. We define the HR features in HR flow are 𝐻0, 𝐻1, 𝐻2, 𝐻3, respectively, and define the LR
features in LR flow are 𝐿0, 𝐿1, 𝐿2, 𝐿3, respectively. The process of CFB is as follows:

{

𝐿0 = 𝑓𝑅𝐴𝐵(𝐹𝑖𝑛)
𝐻0 = 𝑓𝑢𝑝(𝐿0)

}

, (7)

{

𝐿1 = 𝑓𝑅𝐴𝐵(𝐿0)
𝐻1 = 𝑓𝑅𝐴𝐵(𝐻0)

}

, (8)
{

𝐿𝑔 = 𝑓𝑅𝐴𝐵([𝐿𝑔−1, 𝑓𝑑𝑜𝑤𝑛(𝐻𝑔−1)])

𝐻𝑔 = 𝑓𝑅𝐴𝐵([𝐻𝑔−1, 𝑓𝑢𝑝(𝐿𝑔−1)])

2 ≤ 𝑔 ≤ 3

2 ≤ 𝑔 ≤ 3

}

, (9)

where 𝑓𝑅𝐴𝐵 is the operations of the basic block RAB. 𝑓𝑢𝑝 and 𝑓𝑑𝑜𝑤𝑛 are the deconvolutional upsampling operation and convolutional
downsampling operation, respectively. [] is the concatenation operation.

Finally, we downscale the output of the HR feature flow, and fuse it with LR features from the LR feature flow by the final basic
block. Therefore, the output of CFB can be obtained by:

𝐹𝑜𝑢𝑡 = 𝑓𝑅𝐴𝐵([𝐿1, 𝐿2, 𝐿3, 𝑓𝑑𝑜𝑤𝑛(𝐻3)]) . (10)

3.3. Residual attention block (RAB)

To improve the performance of CFB, we propose residual attention block (RAB) as the basic block in CFB, which is inpired by
RCAB [3]. RCAB [3] integrated channel attention into residual blocks. Feature channels with more information will be paid more
attention for the differences between them are magnified. However, pixels in different spatial location are also different, which
represent the information of edges, texture, and image content. The difference between pixels is very important for the restoration
of image details. Therefore, we propose residual attention block (RAB) as the basic block in CFB, which is shown in Fig. 5. We use
average-pooling to calculate channel attention (CA) and spatial attention (SA), which represents the average amount of information
they contain in channel dimension and spatial dimension. CA pay different attention to channels, and SA pay different attention to
pixels in different spatial locations. Then we integrate CA and SA into residual block as the basic block in CFB. The process of RAB
is as follows:

𝑋 = 𝑓 (𝛿(𝑓 (𝑋 ))), (11)
5

1 𝑐1 𝑐2 𝑖𝑛
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Table 1
Study of T with m = 32 for 3 x SR on Set5.

T Runtime (s) Set5

PSNR/SSIM

1 0.0387 34.30/0.9264
2 0.0494 34.51/0.9282
3 0.0632 34.53/0.9283

Table 2
Study of m with T = 2 for 3 x SR on Set5.

m Params Flops Set5

PSNR/SSIM

16 136k 14.09G 34.08/0.9249
32 533k 54.08G 34.51/0.9282
48 1187k 120.07G 34.57/0.9285

where 𝑓𝑐1 and 𝑓𝑐2 are two stacked convolution operation with a kernel size of 3. 𝛿 represents the ReLU function.

𝑋2 = 𝑋1 ∗ 𝜎𝑓𝑀𝐿𝑃 (𝑓𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝑋1)), (12)

where 𝑓𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝑋1) ∈ 𝑅𝐶∗1∗1. 𝑓𝑀𝐿𝑃 is the operation of a multilayer perceptron with a hidden layer. 𝜎 represents the sigmoid function.

𝐹𝑜𝑢𝑡 = 𝑋𝑖𝑛 +𝑋2 ∗ 𝜎(𝑓 7×7(𝑓𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝑋2))), (13)

where 𝑓𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝑋2) ∈ 𝑅1∗𝐻∗𝑊 . 𝑓 7×7 is a convolution operation with a kernel size of 7.

3.4. Loss function

Since the primal LR image is degenerated from HR image, we proposed a motivation that, if the SR image is the optimal solution,
it is also can be downsampled to obtain the primal LR image. Therefore, we propose a SR regression loss in our network. The loss of
our LBFN contains two parts: the primal SR loss calculated by HR and SR images, and the SR regression loss calculated by LR and
𝐿𝑅′, which is the degradation result of SR. Then since SR regression loss is an assisted supervision, which should have a reasonable
propotion in the loss function, we use 𝜃 to control the weight of SR regression loss. The loss function is as follows:

𝐿𝑜𝑠𝑠 = 𝐿1(𝑆𝑅,𝐻𝑅) + 𝜃𝐿1(𝐿𝑅′, 𝐿𝑅), (14)

where 𝐿1 represents the L1 loss function.

4. Experimental results

4.1. Experimental details

The DIV2k datasets are used to train our LBFN, which contains 800 HR images. We double the number of images by 90 degree
rotation, which are then expanded to 8000 by random cropping. Then we downscale them by bicubic interpolation to generate LR
images. We use five images from Set5 dataset as the validation images. We use adam optimizer and train our network with L1 loss.
We set the initial learning rate to 0.0005, and halve it every 200 epoches for a total of 1000 epoches. At last, we perform test on
328 images from five benchmark datasets: Set5, Set14, BSD100, Urban100 and Manga109. All the experiments are performed on
GPU with PyTorch framework.

4.2. Study of T and m

As a lightweight network, we study the number of iterations of each feedback procedure T and base number of filters m to get a
best trade-off between performance and operations. Considering large T or m will increase the computational complexity, the base
number of filters m is set to 32 at first, and the iterations T increases from 1 to 3, as shown in Table 1. LBFN with T = 1 has a poor
performance, and LBFN with T = 3 has a better performance but more runtime, so that we set T = 2 in out LBFN. Then we set T =
2, and the base number of filters m increases from 16 to 48, as shown in Table 2. Flops is tested on an LR image of size 256 × 256.
LBFN with m = 16 has a poor performance, and LBFN with m = 48 has a large number of operations and parameters, so that we
set m = 32 in out LBFN. As a lightweight network, our LBFN has a best trade-off between performance and operations when T = 2
6

and m = 32. Therefore, we set T = 2 and m = 32 in our LBFN.
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Fig. 6. Comparisons of different weights of the SR regression loss.

Fig. 7. Unidirectional feedback method used on our LBFN.

Table 3
Comparison of the traditional unidirectional feedback and our bidirectional on LBFN for 3 x SR.

Feedback methods Params Set5 Set14 BSD100 Urban100 Manga109

Unidirectional feedback 532k 34.49/0.9278 30.38/0.8434 29.11/0.8057 28.30/0.8552 33.66/0.9451
Bidirectional feedback 533k 34.51/0.9282 30.45/0.8442 29.13/0.8059 28.36/0.8564 33.80/0.9456

4.3. Effect of SR regression loss

We propose a SR regression loss to better learn the mapping function from LR to HR. Since SR regression loss is an assisted
supervision, the propotion of it should not higher than the primal SR loss. We use 𝜃 to control the weight of SR regression loss,
as shown in Eq. (14), which is changed from 0 to 1 to get a better trade-off. When 𝜃 = 0, the results represent the ablation study
of SR regression loss. From the comparison results in Fig. 6, we can find that, the network performance is getting better gradually
when we increase 𝜃 from 0 to 0.1, but getting worse gradually when we increase 𝜃 from 0.1 to 1. LBFN has a best performance
when 𝜃 = 0.1, so we set 𝜃 = 0.1 in our LBFN. After all, our SR regression loss improved the network performance when it occupies
a reasonable propotion of the loss function.

4.4. Ablation study of bidirectional feedback

Inspired by the unidirectional feedback architecture proposed in SRFBN [4], we propose a bidirectional feedback architecture.
Bidirectional architecture can improve the performance of feedback network by perceiving features of different levels. To verify
our idea, we compare our bidirectional feedback with unidirectional feedback. In our LBFN, we set T = 2 with two bidirectional
feedback procedures. To make a fair comparison, we set T = 4 in unidirectional feedback architecture, which is shown in Fig. 7.
As shown in Table 3, our bidirectional feedback has a better performance for it enhances the perceptual abilities of feedback
network. What is more, our bidirectional feedback only has half as many iterations as unidirectional feedback, which reduces
the computational complexity. With more iterations, our bidirectional feedback can reduce computational complexity even more.
Therefore, our bidirectional feedback is superior to unidirectional feedback.

4.5. Ablation study of spatial attention in RAB

Inspired by RCAB [3], we propose RAB as the basic block in CFB. RCAB [3] integrated channel attention into residual block,
as shown in Fig. 8, which magnified the difference between channels. So that channels with more information will be paid more
attention. However, RCAB [3] neglected the differences between pixels in different spatial locations, which represent the information
about edges, texture, and image content. Therefore, we propose RAB, which integrates channel attention and spatial attention into
residual block. We infer that RAB has a better performance than RCAB [3]. To prove the improvements of our RAB, we train our
network with RCAB [3] as the basic block in CFB to make a comparison. From the comparison results shown in Table 4, we can
find that, our RAB has a better performance than RCAB [3], which confirms our inference that the differences between pixels are
very important for the restoration of image details.
7
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Table 4
Comparison of RCAB [3] and our RAB as the basic block in CFB for 3 x SR.

Basic block Params Set5 Set14 BSD100 Urban100 Manga109

RCAB [3] 532k 34.33/0.9266 30.32/0.8417 29.05/0.8038 28.06/0.8502 33.40/0.9433
RAB 533k 34.51/0.9282 30.45/0.8442 29.13/0.8059 28.36/0.8564 33.80/0.9456

Fig. 8. Residual channel attention block (RCAB) [3].

Fig. 9. The ablation of cross-learning in CFB.

Fig. 10. Traditional multi-reconstruction method used on our LBFN.

Table 5
Ablation study of cross-learning in CFB for 3 x SR.

Cross-learning Params Set5 Set14 BSD100 Urban100 Manga109

✗ 501k 34.29/0.9262 30.30/0.8416 29.04/0.8037 28.03/0.8493 33.36/0.9430
✓ 533k 34.51/0.9282 30.45/0.8442 29.13/0.8059 28.36/0.8564 33.80/0.9456

4.6. Ablation study of cross-learning

In CFB, we use cross-learning between the HR feature flow and the LR feature flow. Cross-learning can learn the relationship
between HR and LR features to guide the learning of mapping functions from LR to HR. To prove the effectiveness of cross-learning,
we do ablation experiment of cross-learning, as shown in Fig. 9. Since our base number of filters m = 32, to make a fair comparison,
we set m = 40 in the ablation model, which achieves almost the same number of parameters with LBFN. From the comparison results
shown in Table 5, we can find that, LBFN with cross-learning has a better PSNR and SSIM than LBFN without cross-learning, which
confirms our motivation that cross-learning can guide the learning of mapping functions from LR to HR. Therefore, our cross-learning
is efficient.

4.7. Comparison of multi-reconstruction method and our ensemble method to reconstruct SR image

In most of the multi-branch networks [4,8,12], SR image is reconstructed by multi-reconstruction method. SRFBN [4] train the
network by multi-reconstruction method, and took the SR image of the last iteration as the final SR result. However, in feedback
networks, previous iterations are too shallow to achieve a valuable reconstruction. Therefore, in our LBFN, we fuse the HR features
of all iterations by ensemble method to reconstruct SR image. We use multi-reconstruction method on LBFN to make a comparison,
which is shown in Fig. 10, and the comparison results are shown in Table 6. LBFN with ensemble method get a better PSNR/SSIM
8



Computers and Electrical Engineering 102 (2022) 108254B. Wang et al.

C
S
o

Table 6
Comparison of traditional multi-reconstruction method and our ensemble method to reconstruct SR image on LBFN for 3 x SR.

Reconstruction methods Params Set5 Set14 BSD100 Urban100 Manga109

Multi-reconstruction 532k 34.36/0.9270 30.30/0.8412 29.09/0.8048 28.19/0.8528 33.47/0.9434
Ensemble method 533k 34.51/0.9282 30.45/0.8442 29.13/0.8059 28.36/0.8564 33.80/0.9456

Table 7
Comparison of the average PSNRs/SSIMs for scale factors of ×2, ×3 and ×4 on the Set5, Set14, BSD100, Urban100, and Manga109 datasets. The best and the
second-best results are highlighted in red and blue, respectively.

Methods Scale Params Set5 Set14 BSD100 Urban100 Manga109

PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM

Bicubic

×2

– 33.66/0.9299 30.24/0.8688 29.56/0.8431 26.88/0.8403 30.80/0.9339
SRCNN [1] 8K 36.66/0.9542 32.45/0.9067 31.36/0.8879 29.50/0.8946 35.60/0.9663
FSRCN [2] 13K 37.00/0.9558 32.63/0.9088 31.53/0.8920 29.88/0.9020 36.67/0.9710
VDSR [11] 666K 37.53/0.9587 33.03/0.9124 31.90/0.8960 30.76/0.9140 37.22/0.9750
LapSRN [8] 251K 37.52/0.9591 32.99/0.9124 31.80/0.8952 30.41/0.9103 37.27/0.9740
DRRN [15] 298K 37.74/0.9591 33.23/0.9136 32.05/0.8973 31.23/0.9188 37.88/0.9749
IDN [5] 553K 37.83/0.9600 33.30/0.9148 32.08/0.8985 31.27/0.9196 38.01/0.9749
EDSR-baseline [9] 1370K 37.99/0.9604 33.57/0.9175 32.16/0.8994 31.98/0.9272 38.54/0.9769
IMDN [21] 694K 38.00/0.9605 33.63/0.9177 32.19/0.8996 32.17/0.9283 38.88/0.9774
RFDN-L [24] 626K 38.08/0.9606 33.67/0.9190 32.18/0.8996 32.24/0.9290 38.95/0.9773
SMSR [25] 985K 38.00/0.9601 33.64/0.9179 32.17/0.8990 32.19/0.9284 38.76/0.9771
LBFN (ours) 438K 37.91/0.9602 33.50/0.9173 32.10/0.8988 31.96/0.9265 38.45/0.9766

Bicubic

×3

– 30.39/0.8682 27.55/0.7742 27.21/0.7385 24.46/0.7349 26.95/0.8556
SRCNN [1] 8K 32.75/0.9090 29.30/0.8215 28.41/0.7863 26.24/0.7989 30.48/0.9117
FSRCN [2] 13K 33.18/0.9140 29.37/0.8240 28.53/0.7910 26.43/0.8080 31.10/0.9210
VDSR [11] 666K 33.66/0.9213 29.77/0.8314 28.82/0.7976 27.14/0.8279 32.01/0.9340
LapSRN [8] 502K 33.81/0.9220 29.79/0.8325 28.82/0.7980 27.07/0.8275 32.21/0.9350
DRRN [15] 298K 34.03/0.9244 29.96/0.8349 28.95/0.8004 27.53/0.8378 32.71/0.9379
IDN [5] 553K 34.11/0.9253 29.99/0.8354 28.95/0.8013 27.42/0.8359 32.71/0.9381
EDSR-baseline [9] 1555K 34.37/0.9270 30.28/0.8417 29.09/0.8052 28.15/0.8527 33.45/0.9439
IMDN [21] 703K 34.36/0.9270 30.32/0.8417 29.09/0.8046 28.17/0.8519 33.61/0.9445
RFDN-L [24] 633K 34.47/0.9280 30.35/0.8421 29.11/0.8053 28.32/0.8547 33.78/0.9458
SMSR [25] 993K 34.40/0.9270 30.33/0.8412 29.10/0.8050 28.25/0.8536 33.68/0.9445
LBFN (ours) 533K 34.51/0.9282 30.45/0.8442 29.13/0.8059 28.36/0.8564 33.80/0.9456

Bicubic

×4

– 28.42/0.8104 26.00/0.7027 25.96/0.6675 23.14/0.6577 24.89/0.7866
SRCNN [1] 8K 30.48/0.8628 27.50/0.7513 26.90/0.7101 24.52/0.7221 27.58/0.8555
FSRCN [2] 13K 30.72/0.8660 27.61/0.7550 26.98/0.7150 24.62/0.7280 27.90/0.8610
VDSR [11] 666K 31.35/0.8838 28.01/0.7674 27.29/0.7251 25.18/0.7524 28.83/0.8870
LapSRN [8] 502K 31.54/0.8852 28.09/0.7700 27.32/0.7275 25.21/0.7562 29.09/0.8900
DRRN [15] 298K 31.68/0.8888 28.21/0.7720 27.38/0.7284 25.44/0.7638 29.45/0.8946
IDN [5] 553K 31.82/0.8903 28.25/0.7730 27.41/0.7297 25.41/0.7632 29.41/0.8942
EDSR-baseline [9] 1518K 32.09/0.8938 28.58/0.7813 27.57/0.7357 26.04/0.7849 30.35/0.9067
IMDN [21] 715K 32.21/0.8948 28.58/0.7811 27.56/0.7353 26.04/0.7838 30.45/0.9075
RFDN-L [24] 643K 32.28/0.8957 28.61/0.7818 27.58/0.7363 26.20/0.7883 30.61/0.9096
SMSR [25] 1006K 32.12/0.8932 28.55/0.7808 27.55/0.7351 26.11/0.7868 30.54/0.9085
LBFN (ours) 641K 32.30/0.8958 28.70/0.7843 27.62/0.7377 26.30/0.7918 30.71/0.9108

than LBFN with multi-reconstruction method, which confirms our motivation that ensemble method is more suitable for feedback
networks than multi-reconstruction method.

4.8. Comparison with the state-of-the-art methods

As a lightweight network, we compare our LBFN with other lightweight state-of-the-art methods, such as SRCNN [1], FSR-
NN [2], VDSR [11], LapSRN [8], DRRN [15], IDN [5], EDSR-baseline [9], IMDN [21], RFDN [24] and SMSR [25]. The PSNR and
SIM values are compared, and the comparison results are shown in Table 7. We can find that, our LBFN has little parameters, but
utstanding performance, especially at the scales of ×3 and ×4.

At last, we provide visual comparisons of the SR images on ×4, which are shown in Fig. 11. From the comparison results, we can
find that, our method recover the textures and details better than the others, which demonstrates the improvements of our LBFN.

5. Conclusion

Our LBFN achieved an outstanding performance with few parameters, which proves that feedback mechanism is ideal for
lightweight networks, for it fully utilizes high-level features with few parameters. The bidirectional feedback architecture we
proposed furtherly improved the performance of feedback network by perceiving the features of different levels. In the study of
9
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Fig. 11. Visual comparisons of our LBFN with other SR methods on Set14, BSD100 and Urban100 datasets.

SR regression loss, our SR regression loss improved the network performance when it occupied a reasonable propotion of the loss
function. Through the ablation experiments of spatial attention and cross-learning, we respectively proved that residual blocks with
channel and spatial attention are helpful for the restoration of image details, and cross-learning between HR and LR flows can
generate powerful high-level representations. Our ensemble method significantly improved the reconstruction performance of our
feedback network, which confirms our motivation that ensemble method is more suitable for feedback networks. All the motivations
we proposed are proven contributing to our network performance. The final comparison results on benchmark datasets show that,
the LBFN we proposed has an outstanding performance as a lightweight SR network.
10
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