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Abstract
To address the issues of insufficient feature information exploitation, difficulty in
determining the interdependent relationships among channels of feature maps,
and reconstruction errors when reconstructing high-resolution (HR) images,
which exist in most single image super-resolution (SISR) reconstruction meth-
ods, we propose an image super-resolution (SR) algorithm based on a deep
residual back-projection attention network. Specifically, it utilizes the idea of
residual learning to alleviate training difficulty and fully exploit the feature in-
formation of images, employs a back-projection learning mechanism to learn the
interdependent relationships between low- and high-resolution images, and addi-
tionally introduces an attention mechanism to dynamically allocate different at-
tention resources to each feature map, thereby excavating more high-frequency
information and learning the dependencies among channels of feature maps.
Experimental results demonstrate that compared with most single image super-
resolution methods, the proposed method not only achieves significant improve-
ments in objective metrics but also produces reconstructed prediction images
with richer texture information.
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Abstract: Most single image super-resolution (SISR) reconstruction methods
suffer from insufficient feature information exploitation, difficulty in determin-
ing interdependencies among feature map channels, and reconstruction errors
when generating high-resolution (HR) images. To address these issues, this
paper proposes an image super-resolution (SR) algorithm based on a deep resid-
ual back-projection attention network. The method leverages residual learning
to ease training difficulty and fully exploit image feature information, employs
back-projection learning mechanisms to capture mutual dependencies between
low- and high-resolution images, and introduces an attention mechanism to dy-
namically allocate different attention resources to feature maps, thereby discov-
ering more high-frequency information and learning dependencies among feature
map channels. Experimental results demonstrate that compared with most sin-
gle image super-resolution methods, the proposed approach achieves significant
improvements in objective metrics while producing reconstructed images with
richer texture information.

Keywords: attention mechanism; super-resolution; back projection; residual
learning; convolutional neural network

0 Introduction
Single image super-resolution aims to reconstruct HR images from a single low-
resolution (LR) input. This technique has found widespread applications in
real-world scenarios, such as enhancing face recognition accuracy in surveillance
videos, producing higher-quality video in HDTV, and obtaining high-resolution
medical images. Through continuous exploration and development, numerous
machine learning and deep learning-based SR methods have emerged. Given
the clear advantages of deep learning approaches, this paper focuses on deep
learning-based SISR tasks.

Current deep learning SR algorithms can be categorized by their upsampling
strategies into front-end upsampling methods [1–5], back-end upsampling meth-
ods [6–9], progressive upsampling methods [10], and iterative upsampling meth-
ods [11]. Dong et al. [1] first applied convolutional neural networks to SR
tasks, proposing the Super-Resolution Convolutional Neural Network (SRCNN)
method, which uses bicubic interpolation to upsample LR images to a target
scale before learning the mapping to HR images through a three-layer CNN. Sub-
sequently, Kim et al. [2] proposed Very Deep Super-Resolution (VDSR), which
introduced residual learning to mitigate gradient vanishing/explosion, deepened
the network to 20 layers, and employed a larger receptive field to extract features
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from LR images, thereby accelerating convergence and improving reconstruction
quality.

Tai et al. [6] proposed Deep Recursive Residual Network (DRRN), which uti-
lized local and global residual strategies with recursive mechanisms to deepen the
network to 52 layers while maintaining parameter efficiency, achieving further
performance improvements. Kim [7] et al. introduced Deep Recursive Convolu-
tional Network (DRCN), which used recursive sharing of network parameters
to reduce training difficulty. Dong et al. [8] proposed Fast SRCNN (FSRCNN),
employing deconvolution at the back-end of the CNN to enlarge image dimen-
sions. Shi et al. [9] proposed Efficient Sub-Pixel Convolutional Neural Network
(ESPCN), using sub-pixel convolution at the network’s back-end to map learned
LR features to the target resolution. Both FSRCNN and ESPCN demonstrated
that back-end upsampling strategies effectively reduce computational complex-
ity while improving HR spatial resolution.

Lai et al. [10] proposed Laplacian Pyramid Networks (LapSRN), which inte-
grates Laplacian pyramid concepts to progressively learn high-frequency com-
ponents of images while only applying bicubic interpolation to low-frequency
components. This strategy accelerates learning progress while enhancing recon-
struction quality.

Haris et al. [11] subsequently proposed Deep Back-Projection Networks for
Super-Resolution (DBPN), which employs continuous iterative upsampling and
downsampling to learn mappings between HR and LR images, using an error
feedback mechanism to correct reconstruction errors. Although this method
achieved good results through interconnected up-down sampling strategies and
error feedback, its deep architecture produced overly smooth HR images and
overlooked the differential contributions of feature maps generated at different
stages to the final HR prediction.

To address these limitations, this paper proposes a Residual Back-Projection At-
tention Network that integrates residual concepts with attention mechanisms to
mitigate high-frequency information loss and learn interdependencies among fea-
ture maps. The main contributions are twofold: (a) We combine iterative back-
projection with residual learning to propose a residual back-projection method
that effectively reduces training difficulty, minimizes information loss during
training, and preserves high-frequency features. (b) We introduce and develop
an attention mechanism, proposing a Global Attention unit that automatically
allocates attention resources to feature maps and their channels from different
stages of residual back-projection blocks, enabling the discovery of more high-
frequency information during HR image reconstruction.
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1.1 Residual Learning
When training very deep networks, gradient vanishing can occur during back-
propagation due to initialization parameters being close to zero, often degrading
rather than improving performance. He et al. [12] proposed ResNet to address
this through residual learning. The core idea assumes that in a deep network,
redundant layers should ideally perform identity mapping (i.e., maintain identi-
cal input and output). However, learning identity mapping is difficult. ResNet
avoids this by using the architecture shown in Figure 1, where when the residual
term 𝐹(𝑥) = 0, the construction 𝐻(𝑥) = 𝑥 becomes trivial. This transforms
learning 𝐻(𝑥) = 𝑥 into learning 𝐹(𝑥) = 𝐻(𝑥) − 𝑥 as a residual term.

Figure 1 [Figure 1: see original paper] Residual learning

1.2 Deep Back-Projection Networks
Haris et al. [11] proposed Deep Back-Projection Network (DBPN), which uses
iterative back-projection to learn mappings between LR and HR images and
employs error feedback to correct reconstruction errors. The DBPN architec-
ture consists of an initial feature extraction unit, multiple interconnected back-
projection units, and a reconstruction layer. They further developed Dense
DBPN (D-DBPN) by introducing dense connections, as shown in Figure 2. For
an input LR image, shallow features 𝐹0 are first extracted, then multiple itera-
tive up- and down-projection units learn reconstruction errors between HR and
LR features, and finally, HR feature maps from all previous stages are concate-
nated for image reconstruction. Each back-projection unit contains upsampling
and downsampling operations implemented through deconvolution and convo-
lution layers, respectively.

Figure 2 Schematic diagram of deep back-projection network

2 Our Method
Although D-DBPN [11] has achieved satisfactory results, several issues remain.
The deep architecture causes feature information loss and gradient vanishing.
While dense connections were used to improve DBPN and deepen the network,
they concatenate feature maps at the dimensional level without fully exploit-
ing feature information in HR and LR spaces. Additionally, D-DBPN treats
hierarchical features equally, ignoring dependencies among different layers and
redundant information across stages. To address these limitations, we propose
the Residual Back-Projection Attention Network.

2.1 Network Architecture
The proposed Residual Back-Projection Attention Network is illustrated in Fig-
ure 3, comprising four modules: a shallow feature extraction unit, Residual
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Back-Projection (RBP) units, a Global Attention (GA) unit, and a reconstruc-
tion unit. The shallow feature extraction unit uses two convolutional layers to
extract shallow features 𝐹0 from the input LR image. Given input LR image
𝐼𝐿𝑅 and predicted HR image 𝐼𝐻𝑅, the shallow feature extraction is formulated
as:

𝐹0 = 𝜙(𝐼𝐿𝑅) (1)

where 𝜙 denotes convolution on the input LR image. The extracted shallow
features 𝐹0 are then fed into residual back-projection units to discover deeper
high-frequency features:

𝐹𝑅𝐵𝑃 = 𝐻𝑅𝐵𝑃 (𝐹0) (2)

where 𝐻𝑅𝐵𝑃 represents the residual back-projection unit. Our residual back-
projection unit contains 𝑁 back-projection units connected via residual links,
with each unit consisting of an up-projection block and a down-projection block.
These interconnected blocks learn reconstruction errors between various upsam-
pling and downsampling operators, using error feedback to correct mappings
between HR and LR features. Each projection unit concatenates HR features
from all previous units, and residual learning is introduced via skip connections
to enhance feature learning (detailed in Section 3.2).

Subsequently, the global attention mechanism learns to allocate attention re-
sources among concatenated HR feature maps and their channels from all pro-
jection units:

𝐹𝐺𝐴 = 𝐻𝐺𝐴(𝐹𝑅𝐵𝑃 ) (3)

where 𝐻𝐺𝐴 denotes the Global Attention unit. The GA unit automatically allo-
cates different attention resources to feature maps and channels based on their
contributions to the final reconstruction and their interdependencies. Finally,
the features from the GA unit are reconstructed using a single convolutional
layer:

𝐼𝐻𝑅 = 𝐻𝑅𝐸𝐶(𝐹𝐺𝐴) = 𝐻𝑅𝐸𝐶(𝐻𝐺𝐴(𝐻𝑅𝐵𝑃 (𝜙(𝐼𝐿𝑅)))) (4)

where the reconstruction unit comprises a single convolutional layer, and
𝐻𝑅𝐵𝑃𝐴𝑁 and 𝐻𝑅𝐸𝐶 represent the residual back-projection network and
reconstruction unit, respectively.

Section 3.1 analyzes the appropriate loss function for our method. Due to the
sparsity of L1 norm and its proven faster convergence [20], we select L1 norm
as our optimization objective. Given a training set {𝐼𝐿𝑅

𝑖 , 𝐼𝐻𝑅
𝑖 }𝑁

𝑖=1 containing 𝑁
LR-HR image pairs, our optimization goal is to minimize the L1 loss function:
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𝐿(𝜃) = 1
𝑁

𝑁
∑
𝑖=1

‖𝐻𝑅𝐵𝑃𝐴𝑁(𝐼𝐿𝑅
𝑖 ) − 𝐼𝐻𝑅

𝑖 ‖1 (5)

where 𝜃 represents all network parameters. We use stochastic gradient descent
to minimize the L1 loss. Since the shallow feature extraction and reconstruction
units are straightforward, we focus on detailing the residual back-projection unit
and global attention unit.

2.2 Residual Back-Projection Unit
This section details the residual back-projection unit, which contains 𝑇 back-
projection units and one up-projection block. Each back-projection unit includes
an up-projection block and a down-projection block, with dense connections
between units. Since dense concatenation occurs at the dimensional level, linear
mapping is employed within each projection block for feature fusion. To fully
exploit deep feature information, residual learning is introduced:

𝐹𝐷𝐹,𝑡 = 𝜓(𝐹𝐷𝐹,𝑡−1 + 𝜑(𝐹𝐷𝐹,1, 𝐹𝐷𝐹,2, ..., 𝐹𝐷𝐹,𝑡−1)) (6)

where 𝐻𝑅𝐵𝑃,𝑡 and 𝜓 denote the 𝑡-th back-projection unit and element-wise sum
function, respectively. 𝐹𝐷𝐹,𝑡, 𝐹𝐷𝐹,𝑡−1, and 𝐹𝐷𝐹,𝑡−2 represent deep features from
the 𝑡-th, (𝑡 − 1)-th, and (𝑡 − 2)-th back-projection units, while 𝐹𝐼𝑁,𝑡−1 is the
input to the (𝑡 − 1)-th unit. Skip connections add the input features of the
(𝑡 − 1)-th unit to the element-wise sum of previous units’outputs, forming the
input to the 𝑡-th unit.

The input to the global attention mechanism is the concatenated HR feature
maps from all projection units. Let 𝑋 ∈ ℝ𝐶×𝑚×𝑛 denote the feature maps, where
the 𝑡-th back-projection unit outputs HR features 𝐻𝑡 ∈ ℝ𝑚×𝑛 with dimension 𝑚.
For input features of size 𝐻 × 𝑊 × 𝐶, we apply global pooling for channel-wise
statistics:

𝑧𝑐 = 1
𝐻 × 𝑊

𝐻
∑
𝑖=1

𝑊
∑
𝑗=1

𝑥𝑐(𝑖, 𝑗) (7)

where 𝑥𝑐(𝑖, 𝑗) represents the feature at position (𝑖, 𝑗) in the 𝑐-th feature map, and
𝑧𝑐 is the statistic for the 𝑐-th channel. The aggregated features then pass through
convolutional layers, ReLU activation, another convolution, and finally a gating
function to compute channel attention weights. These weights are element-wise
multiplied with input feature maps. The complete process is formulated as:

𝑋′ = 𝛿(𝑊𝑈 ⋅ 𝑓(𝑊𝐷 ⋅ 𝑍)) ⊗ 𝑋
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where 𝑓 and 𝛿 represent ReLU and Sigmoid functions, 𝑊𝑈 and 𝑊𝐷 are weight
matrices, 𝑋 and 𝑋′ are input and attention-weighted features, and 𝑍 denotes
globally pooled features.

Each back-projection unit comprises an up-projection block and down-
projection block, whose structures are shown in Figures 4 and 5, respectively.

a) Up-projection Block: The input concatenates outputs from previ-
ous down-projection blocks. For the 𝑡-th up-projection block, the input is
[𝐿𝑡−1, 𝐿𝑡−2, ..., 𝐿0]. A concatenation layer combines these inputs, followed by a
1 × 1 convolution to reduce dimensions and obtain feature 𝐻𝑡. Upsampling and
downsampling produce 𝐻𝑈

𝑡 and 𝐿𝐷
𝑡 , respectively. The error 𝑒𝐿

𝑡 = 𝐿𝑡−1 − 𝐿𝐷
𝑡 is

computed and used to correct the mapping between HR and LR features.

b) Down-projection Block: Similarly, inputs concatenate residual learning
results from previous up-projection blocks. After concatenation and linear map-
ping to obtain feature map 𝐿𝑡, downsampling and upsampling operations com-
pute reconstruction error 𝑒𝐻

𝑡 = 𝐻𝑡 − 𝐻𝑈
𝑡 , which guides LR feature reconstruc-

tion.

Figure 4 Up-projection block structure
Figure 5 [Figure 5: see original paper] Down-projection block structure

2.3 Global Attention Unit
During HR image reconstruction, outputs from up-projection blocks at each
stage are used. However, features learned at different stages exhibit individual
differences, and channels within the same stage contain distinct information,
contributing differently to final reconstruction. To address this, we introduce a
global attention mechanism that allocates varying attention to each channel of
HR features from projection units, enabling discovery of more detailed informa-
tion.

The Global Attention unit structure is shown in Figure 6, where ⊗ denotes
element-wise multiplication. The module input is the concatenated HR features
from all back-projection units.

Figure 6 [Figure 6: see original paper] Schematic diagram of global attention
unit

3 Experiments
We trained our network on 800 images from the DIV2K dataset [13] and evalu-
ated it on four standard benchmark datasets: Set5 [14], Set14 [15], BSD100 [16],
and Urban100 [17]. Peak Signal-to-Noise Ratio (PSNR) and Structural Simi-
larity Index (SSIM) [18] served as objective evaluation metrics. For different
upscaling factors, we used different deconvolution kernel sizes: 6 × 6 for scale
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factor 2, 8 × 8 for scale factor 4, and 12 × 12 for scale factor 8. The initial learn-
ing rate was set to 1 × 10−4, reduced by a factor of 10 every 6 × 105 iterations.
We used L1 loss with Adam optimizer [19] (momentum 0.9). All experiments
were conducted on an Nvidia TITAN X (Pascal) GPU and Intel(R) Xeon(R)
W-2125 CPU.

3.1 Comparison of Norm Loss and MSE Loss Functions
The loss function defines the network’s learning objective and significantly
impacts results. In SISR tasks, Mean Squared Error (MSE) and L1 norm loss
functions are commonly used. While MSE tends to yield higher PSNR, recent
research [20] shows L1 norm accelerates convergence. To select the optimal loss
function for our method, we constructed Model I with MSE loss and Model II
with L1 loss, keeping network depth, kernel sizes, and other settings identical
(scale factor 4, 6 back-projection units). Testing on Set5 and Set14 datasets
produced the results shown in Figures 7 and 8.

On Set5, L1 loss achieved average PSNR and SSIM improvements of 0.10 dB
and 0.0007 over MSE loss. On Set14, the improvements were 0.73 dB and 0.0227.
These results confirm L1 loss as the more suitable optimization objective for our
method.

Figure 7 Comparison of PSNR between L1-norm loss and MSE loss on different
datasets
Figure 8 [Figure 8: see original paper] Comparison of SSIM between L1-norm
loss and MSE loss on different datasets

3.2 Model Analysis
Our Deep Residual Back-Projection Attention Network integrates residual learn-
ing and attention mechanisms to improve prediction quality. To validate each
component’s effectiveness, we constructed three models by sequentially removing
residual connections and attention mechanisms: Model III (original D-DBPN
[11]), Model IV (with only global attention), and Model V (with both residual
learning and global attention). All models used 6 back-projection blocks with
kernel sizes 6 × 6, 8 × 8, and 12 × 12 for scale factors 2, 4, and 8, respectively.
Results are shown in Table 1.

Table 1 demonstrates that Models IV and V significantly outperform Model III
in PSNR and SSIM across all datasets. At scale factor 4 on Set5, Models IV
and V improve PSNR/SSIM by 1.46 dB/0.039 and 1.38 dB/0.038, respectively.
On Set14, improvements are 0.82 dB/0.087 and 1.55 dB/0.108. At scale factor
8, Models IV and V show gains of 0.79 dB/0.076 and 1.27 dB/0.081 on Set5,
and 1.09 dB/0.145 and 1.13 dB/0.146 on Set14. Except for one case (Set5, scale
factor 4), Model V consistently outperforms Model IV, confirming the overall
superiority of the full method.

Table 1 Performance of Models III, IV, and V on Set5 and Set14 datasets
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3.3 Parameter Scale Comparison
To evaluate parameter efficiency, we compared our method’s parameter count
with state-of-the-art algorithms including SRCNN [1], VDSR [2], FSRCNN [8],
LapSRN [10], D-DBPN [11], EDSR [20], MemNet [21], and RCAN [22]. Figures
9 and 10 show parameter scale comparisons for scale factors 4 and 8 on Set5.

At scale factor 4, our method achieves 0.81 dB higher PSNR than the second-
best algorithm while maintaining a smaller parameter count. At scale factor 8,
our parameter count increases but still yields 0.88 dB PSNR improvement over
the runner-up. Overall, our method demonstrates superior PSNR performance
with reasonable parameter efficiency.

Figure 9 Parameter scale comparison of x4 models of mainstream algorithms
on Set5 dataset
Figure 10 [Figure 10: see original paper] Parameter scale comparison of x8
models of mainstream algorithms on Set5 dataset

3.4 Comparison with State-of-the-Art Methods
We validated our method against leading algorithms on four benchmark datasets:
Set5 and Set14 from the University of Liège and Bell Labs, BSDS100 from UC
Berkeley, and Urban100 from Huang et al. Compared methods include SRCNN
[1], VDSR [2], FSRCNN [11], LapSRN [10], D-DBPN [11], EDSR [20], MemNet
[21], RCAN [22], SCN [23], SRMDNF [24], and RDN [25]. We evaluated PSNR,
SSIM, and visual quality at scale factors 2, 4, and 8, using publicly available
code retrained on the same dataset for fair comparison.

Tables 2–4 present quantitative results. At scale factor 2, our method achieves
the best PSNR on all datasets except Set5, with the most significant improve-
ment on BSDS100 (2.93 dB over RCAN) and optimal SSIM across all datasets.
At scale factors 4 and 8, our method consistently achieves the best PSNR and
SSIM performance, again with substantial gains on BSDS100. The advantages
become more pronounced at larger scaling factors.

Table 2 Average performance of x2 models of various SISR algorithms on dif-
ferent datasets
Table 3 Average performance of x4 models of various SISR algorithms on dif-
ferent datasets
Table 4 Average performance of x8 models of various SISR algorithms on dif-
ferent datasets

For visual comparison, we selected representative images “women”from Set5,
“comic”from Set14,“119082”from BSDS100, and“img_{037}”from Urban100,
showing reconstruction results at scale factor 4 in Figures 11–14. Bicubic interpo-
lation produces blurry results lacking detail. VDSR and LapSRN show modest
improvements but still miss details. EDSR, D-DBPN, and RCAN achieve better
quality but lack sharp edges compared to our method. Both objective metrics
and subjective visual quality confirm our method’s superior performance.
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Figure 11 [Figure 11: see original paper] Comparison of reconstruction results
for “women”from Set5 dataset
Figure 12 [Figure 12: see original paper] Comparison of reconstruction results
for “comic”from Set14 dataset
Figure 13 [Figure 13: see original paper] Comparison of reconstruction results
for “119082”from BSDS100 dataset
Figure 14 [Figure 14: see original paper] Comparison of reconstruction results
for “img_{037}”from Urban100 dataset

4 Conclusion
This paper proposes a Deep Residual Back-Projection Global Attention Net-
work that integrates iterative back-projection with residual learning and global
attention mechanisms. This approach alleviates insufficient feature utilization
and high-frequency information loss while exploiting differences among feature
maps to discover more useful high-frequency information for reconstruction. Ex-
perimental results demonstrate our algorithm’s superiority in PSNR and SSIM
metrics, producing predictions with richer details and better visual quality.
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