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Abstract: The diagnosis of COVID-19 requires chest computed tomography (CT). High-resolution CT images can provide more diagnostic information to help doctors better diagnose the disease, so it is of clinical importance to study super-resolution (SR) algorithms applied to CT images to improve the resolution of CT images. However, most of the existing SR algorithms are studied based on natural images, which are not suitable for medical images; and most of these algorithms improve the reconstruction quality by increasing the network depth, which is not suitable for machines with limited resources. To alleviate these issues, we propose a residual feature attentional fusion network for lightweight chest CT image super-resolution (RFAFN). Specifically, we design a contextual feature extraction block (CFEB) that can extract CT image features more efficiently and accurately than ordinary residual blocks. In addition, we propose a feature-weighted cascading strategy (FWCS) based on attentional feature fusion blocks (AFFB) to utilize the high-frequency detail information extracted by CFEB as much as possible via selectively fusing adjacent level feature information. Finally, we suggest a global hierarchical feature fusion strategy (GHFFS), which can utilize the hierarchical features more effectively than dense concatenation by progressively aggregating the feature information at various levels. Numerous experiments show that our method performs better than most of the state-of-the-art (SOTA) methods on the COVID-19 chest CT dataset. In detail, the peak signal-to-noise ratio (PSNR) is 0.11 dB and 0.47 dB higher on CTtest1 and CTtest2 at ×3 SR compared to the suboptimal method, but the number of parameters and multi-adds are reduced by 22K and 0.43G, respectively. Our method can better recover chest CT image quality with fewer computational resources and effectively assist in COVID-19.

Keywords: Super-resolution; COVID-19; chest CT; lightweight network; contextual feature extraction; attentional feature fusion



1  Introduction

The ever-mutating COVID-19 has severely threatened human life and global economic security. Many relevant retrospective studies have demonstrated that chest computed tomography (CT) is an effective diagnostic method for COVID-19 [1]. However, the ionizing radiation of CT can pose a potential cancer risk to patients [2]. In order to effectively and accurately detect COVID-19 while protecting the health of patients, researchers have tried to reduce the radiation dose [3]. Nevertheless, lowering the radiation dose will reduce the image quality, leading to areas of pneumonia and indistinct lung parenchyma in CT scans, which further affects the final diagnosis [4]. Therefore, it is crucial to investigate super-resolution reconstruction algorithms to maintain good chest CT image resolution while reducing irradiation.

Image super-resolution (SR) aims at reconstructing degraded low-resolution (LR) images into high-resolution (HR) images, which can effectively restore image details and improve image quality. With the ongoing advancement of deep learning technology, deep learning-based methods have recently emerged as the current research hotspot for super-resolution reconstruction. Dong et al. [5] proposed a super-resolution convolutional neural network (SRCNN), the first convolutional neural network application in image super-resolution. Subsequently, Kim et al. [6] proposed a very deep super-resolution network (VDSR), which introduced a residual structure to solve the gradient disappearance and further deepened the network hierarchy to improve the reconstruction quality significantly. Since then, many methods, including enhanced deep super-resolution network (EDSR) [7], have achieved satisfactory results by increasing the network depth, demonstrating that deeper networks can help improve the quality of reconstructed images.

However, the methods mentioned above usually have huge model parameters and slow training and testing speeds [8], which do not apply to resource-constrained machines, such as medical imaging equipment used in hospitals, so designing a lightweight and efficient SR algorithm is vital. In addition, the algorithms mentioned above are designed based on natural images, whereas chest CT images have poor visual recognition and more complex textures than natural images, so it is not easy to ensure that the key information remains unchanged in chest CT images reconstructed by the above algorithm. To alleviate these issues, we propose a residual feature attention fusion network for lightweight CT image super-resolution (RFAFN), experiments demonstrate the outstanding performance of our method. As shown in Fig. 1, comparison with state-of-the-art (SOTA) methods, our network achieves better performance with fewer parameters. The main contributions of our paper can be summarized as follows:
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Figure 1: Comparison with SOTA methods in terms of PSNR and parameters on CTtest1 at ×3 SR

1.    We design a contextual feature extraction block (CFEB) to efficiently extract image features, which is computationally cheaper while maintaining performance compared to ordinary residual blocks.

2.    We propose a feature-weighted cascading strategy (FWCS) that adaptively fuses feature information from adjacent levels. This strategy performs better than other feature information reuse methods at adjacent levels.

3.    We propose a global hierarchical feature fusion strategy (GHFFS) that can efficiently fuse features at different levels. Due to the retention of richer feature details, better image reconstruction results can be achieved by using GHFFS compared to other hierarchical feature exploitation methods.

2  Related Work

With the rapid development of deep learning, deep learning-based methods have become the mainstream of super-resolution. Dong et al. [5] proposed SRCNN to reconstruct HR images from LR images by learning a non-linear mapping relationship between the input to the ground truth, achieving better performance than previous work. However, SRCNN first requires a pre-upsampling operation to pre-process the LR images, making most of the next operations occur in high-dimensional space, which increases the computational cost. For better computational efficiency, Shi et al. [9] proposed an efficient sub-pixel convolutional neural network (ESPCN) by placing the upsampling layer at the end of the algorithm so that the feature extraction operation only occurs in the low-dimensional space, significantly reducing the computational effort and spatial complexity. Kim et al. [6] deepened the network and used the residual structure to design VDSR, further improving the reconstruction quality and demonstrating that increasing the network depth could improve the performance. Since then, scholars have continuously improved the performance of the algorithm through diverse and complex network design strategies such as residual learning [10], dense learning [11], and attention mechanism [12], among others.

Nevertheless, this improvement in reconstruction performance by deepening the network comes at the cost of a significant increase in computational resources and inference time [8], which limits the application of SR in practical scenarios. Numerous studies on lightweight SR algorithms have been carried out to address this challenge. Residual feature aggregation network (RFAnet) [13] achieves better performance with smaller parameters than networks such as very deep residual channel attention network (RCAN) [14] by exploiting the hierarchical feature of residual branching and introducing a spatial attention mechanism into the residual blocks. Deep recursive residual network (DRRN) [15] shares parameters through a recursive mechanism reducing the number of parameters and improving the reconstruction quality. Cascading residual network (CARN) [16] reduces the number of network parameters by adding 1×1 convolutional layers to the dense connection to compress the information in each layer. Information distillation network (IDN) [17] and information multi-distillation network (IMDN) [8] make better use of layered features by separating the processing of the current feature mapping to maintain the speed of real-time reconstruction. However, CT images are complex in texture and rich in semantic information. These above lightweight networks extract deep feature information by stacking the convolutional modules, so they cannot fully utilize the rich contextual information and different hierarchical levels of feature information in CT images.

Recently, medical image super-resolution has attracted the research interest of many scholars. Qiu et al. [18] proposed a multi-window back-projection residual network for super-resolution (MWSR); for one thing, multiple windows are used to refine the same feature maps simultaneously to obtain richer high and low-frequency information; for another, the inverse projection network is used to fully extract image features. Chen et al. [19] distinguished low-frequency and high-frequency information in images and established a medical image super-resolution algorithm based on dual-path residual information distillation (DRIDSR) to improve the resolution of lung CT images. In addition, some excellent super-resolution algorithms for CT images have been proposed [20,21]. However, most of the above medical image super-resolution studies do not consider computational complexity.

Compared with these algorithms, our RFAFN can fully extract the contextual feature information of CT images by designing CFEB, and can fully utilize the feature information at different levels by designing FWCS and GHFFS. In addition, thanks to the design of an efficient network structure, our RFAFN achieves excellent reconstruction performance while also making it lightweight.

3  Proposed Model

3.1 Network Architecture

Our RFAFN network framework is shown in Fig. 2. The proposed RFAFN consists of three main components: (1) a shallow feature extraction layer, (2) a deep feature extraction layer, and (3) a reconstruction layer (the red, yellow and blue dashed boxes in Fig. 2, respectively).
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Figure 2: Schematic diagram of RFAFN

We define the input and output of our network as ILR and ISR respectively, thereby the process of generating ISR for our network can be expressed as follows:

ISR=HRFAFN(ILR),(1)

where HRFAFN is our RFAFN operation.

To be more precise, we first extract the shallow features from the input low-resolution CT image with a 3×3 convolution; the process can be expressed as follows:

F0=f3×3(ILR),(2)

where F0 is the extracted shallow feature, and f3×3 denotes a 3×3 convolution operation.

Then we stack multiple feature-weighted cascading groups (FWCG) in a chain-like manner and gradually fuse the features in each layer through a global hierarchical feature fusion strategy to obtain a deep feature extraction layer, which can be expressed as follows:

Fres=f3×3(OHFF(F0,F1,F2,..,Fk)),k=1,2,..n,(3)

where OHFF denotes the GHFFS operation, Fres is the extracted deep feature. Furthermore, Fk denotes the output feature of the kth FWCG operation, which can be obtained by the following formula:

Fk=Hk(Fk−1),k=1,2,..n.(4)

Finally, we can obtain ISR as follows:

ISR=HREC(Fres+F0)+HUP(ILR),(5)

where HREC denotes a reconstruction layer operation and HUP is a bilinear interpolation upsampling operation, referring to ESPCN [9]; we construct HREC using a 3×3 convolution and a sub-pixel operation.

3.2 Contextual Feature Extraction Block

The residual block (RB, shown in Fig. 3a), introduced by EDSR [7], is widely used in SR algorithms as a basic structure for image feature extraction. However, the number of parameters using RB is large, so it does not apply to the needs of lightweight networks. Inspired by RB, Liu et al. [22] constructed a shallow residual block (SRB, shown in Fig. 3b) by introducing residual learning into a 3×3 convolution, which greatly reduced the number of parameters, and related experiments also demonstrated the excellent effect of SRB in lightweight networks. Further, Peng et al. [23] constructed a deep residual block (DRB, as shown in Fig. 3c) in lightweight skip concatenated residual channel attention network (LCRCA) by doubling the number of convolutional layers and halving the number of filters, further improving the network performance by deepening the network hierarchy without increasing the computational complexity.
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Figure 3: Comparison of different convolution blocks. (a) RB. (b) SRB. (c) DRB. (d) SCconv. Notice that the yellow block here represents the 3×3 convolution, the blue block represents the self-calibrated convolution branch, and the grey part represents the number of filters in the convolution layer

However, the textures of CT images are complex, and each pixel value represents the X-ray linear attenuation coefficient of the material in that region [24], so the rich contextual information embedded in CT images should not be ignored during feature extraction; we need a more efficient feature extraction block to extract the deep features of CT.

Liu et al. [25] proposed a self-calibrated convolution (SCconv), which provides a good solution to this problem. As shown in Fig. 3d, SCconv splits the convolution into two branches: one is the self-calibrated convolution for obtaining rich contextual features, and the other is the regular convolution for maintaining the original features. SCconv achieves significant results on the classification task. However, SCconv operates using 1×1 convolutions for channel downscaling before using 3×3 convolutions for feature extraction, making the spatial context poorly considered and affecting the extraction of deep semantic features, so it cannot be well applied to super-resolution tasks. In addition, SCconv has complex connections, which are not friendly to hardware acceleration. To solve these problems, we propose a CFEB, the structure of which is shown in Fig. 4.
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Figure 4: The structure of CFEB. Notice that the grey part represents the number of filters in the convolutional layer

Specifically, firstly, a 3×3 convolution is used to extract coarse feature information, the process can be expressed as follows:

FmidCFEB=f3×31(FinCFEB),(6)

where FinCFEB∈RH×W×C is the input feature, FmidCFEB∈RH×W×C2 is the extracted feature information, and f3×3k is the kth3×3 convolution.

We then apply a series of convolutions to perform the feature transformation in two different branches: one is a reserved branch maintaining the information in the original feature space, and the other is a self-calibration branch that obtains rich contextual feature information for each spatial location. The process can be expressed as follows:

F1CFEB=f3×31g(FmidCFEB),(7)

F2CFEB=f3×32g(fS(F1CFEB)⊗f3×32(FmidCFEB)),(8)

where F1CFEB and F2CFEB are the features extracted from these two branches respectively. f3×3kg is the kth 3×3 group convolution, fS is the sigmoid function. Compared to SCconv obtaining the attention map through a complex up/down sampling operation, we use F1CFEB as the attention map to generate 3D attention weights to guide the feature transformation process in the original feature space, which is inspired by the pixel attention in PAN [26].

Finally, the outputs of the two operations are spliced in the channel dimension. To save the number of parameters, we use group convolutions in both branches, but this also weakens the expressive power of convolution [27], so we choose to use a 1×1 convolution and a squeeze-and-excitation block (SEB, which is from SEnet [28]) to enhance inter-group feature communication and inter-branch feature communication respectively for further improving the feature extraction power of CFEB. The final output FoutCFEB can be expressed as follows:

FoutCFEB=HSEB(f1×11(concat(F1CFEB,F2CFEB)))+FinCFEB,(9)

where f1×1k is the kth 1×1 convolution, concat(∗,∗) represents the concatenation of two feature maps in the channel dimension. HSEB is the operation of SEB, SEB models the interdependencies between channels to adaptively adjust the importance of each channel feature through four consecutive layers: global pooling →fully connected layer →fully connected layer →sigmoid layer, so that the network can focus on the features that are useful for the task.

Our proposed CFEB achieves superior performance while having fewer parameters. In subsequent ablation experiments, we shall elaborate on the performance of CFEB in our task.

3.3 Feature-weighted Cascading Strategy

In order to make full use of adjacent-level features and better maintain the diversity of feature mapping, Peng et al. [23] proposed the skip concatenation strategy (SC). As shown in Fig. 5a, adjacent-level features are fused through cascading and transported deeper into the network. Using SC, low-level features are connected to high-level features, and lower-level features can be reused. However, this single-stage fusion strategy has its limitations. Adjacent levels of feature information have different receptive fields, and these features may have significant inconsistencies in scale and semantics, so simply fusing them in cascade as the following stage input may affect the performance of the model.
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Figure 5: Comparison of the two hierarchical feature cascading strategies. From left to right: (a) Skip concatenation (b) FWCS

We propose a FWCS to solve this problem. As shown in Fig. 5b, similar to SC, we first cascade the two adjacent levels of feature information at the channel level. Subsequently, unlike SC which directly employs 1×1 convolution for direct feature extraction and channel dimensionality reduction, we construct an AFFB to adjust the spatial and channel dimensionality information of adjacent hierarchical feature maps so that the network can focus more on information that is more important to the task.

In this paper, our FWCS consists of a series of CFEBs and AFFBs. Specifically, the input Finput is processed by the first CFEB to obtain the extracted features, this process can be expressed as follows:

FCFFB1=HCFFB1(Finput),(10)

where FCFFB1 is the output of the first CFEB, HCFFB1 is the first CFEB operation. The AFFB fuses the feature information of the two adjacent levels of Finput and FCFFB1, together with the second CFEB operation to generate FCFFB2, this process can be expressed as:

FCFFB2=HCFFB2(HAFFB1(Finput,FCFFB1)),(11)

where HAFFB1 is the first AFFB operation, and similarly, the feature information FCFFBk is obtained by the kth CFEB operation, this process can be expressed as follows:

FCFFBk=HCFFBk(HAFFBk−1(FCFFBk−1,FCFFBk−2)),k=3,4,…n.(12)

In order to better fuse feature information from adjacent levels and different receptive fields so that more representative features can be obtained, we design an AFFB inspired by selective kernel network (SKnet) [29]. AFFB and SKnet are designed with different motivations. SKnet is designed to improve feature extraction by generating the channel attention weight using the interdependence between channel dimensions, while AFFB is designed to enhance feature extraction by generating the spatial attention weight using the relationship between spatial features on the global level. We believe that guiding the network to focus on important spatial feature regions on different levels of features is more important for the task of super-resolution on the CT images. For example, our model should focus more on the edges and textures of the CT images.

The AFFB structure is shown in Fig. 6. First, we fuse two adjacent levels feature information Finput1 and Finput2 using element summation, this process can be expressed as follows:
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Figure 6: Our proposed framework for AFFB

Ffusion=Finput1+Finput2,(13)

we then reduce the channel dimension of the fused feature information Ffusion by a 1×1 convolution layer to reduce the computational complexity of AFFB. Next, three 3×3 dilated convolutions with different dilated rates are used to collect as much information as possible from a larger receptive field without reducing the image size. To avoid the gridding effect [30], we set the dilated rate to {1, 2, 5} and add a residual connection. The process can be expressed as follows:

FISF=f3×3(f3×3g(f1×1(Ffusion)))+f1×1(Ffusion),(14)

where FISF denotes the integrated spatial feature information, f1×1 denotes a 1×1 convolution operation, f3×3g denotes a 3×3 dilated convolution group operation and f3×3 denotes a 3×3 convolution operation. Subsequently, we recover the channel dimension using the 1×1 convolution and obtain the attention weights of the two branches using the Softmax activation function [29], which can be expressed as:

W=concat(A1,A2)=fs(concat(f1×11(FISF),f1×12(FISF))),(15)

where A1 and A2 are the attention weights of these two branches, fs is the Softmax operation, f1×11 and f1×12 are two 1×1 convolution operations, respectively. Finally, the feature map Foutput can be formed as follows:

Foutput=f1×1(concat(A1⊗Finput1,A2⊗Finput2))(16)

where f1×1 is a 1×1 convolution used to smooth the extracted features.

Benefiting from AFFB, FWSC can effectively acquire sufficient contextual information, thus further enhancing the network’s ability to extract texture features from CT images while ensuring the pathological invariance of the reconstructed CT images. In subsequent ablation experiments, we shall elaborate on the performance of FWCS in our task.

3.4 Global Hierarchical Feature Fusion Strategy

For the reconstruction task of fine-grained images such as CT images, the feature refinement part is more required. As shown in Fig. 7a, most existing super-resolution networks stack multiple feature extraction modules in a chain-like manner to refine the extracted features [31], which does not make full use of the different levels of features. To solve this problem, several scholars [11,32] employ dense connection (DC) to exploit feature information from different layers, as shown in Fig. 7b, DC feeds the features of each layer to all subsequent layers so that the features of all layers are concatenated, this operation allows features to be reused and utilized more efficiently. However, DC makes the network more complex and bloated, which is unsuitable for lightweight tasks. Drawing on the idea of DC, as shown in Fig. 7c, RFAnet [13] proposes the RFA framework, which enables the fusion of features at each level by aggregating features from different residual blocks, and experimentally demonstrates that RFA plays a crucial role in the reconstruction of spatial details while reducing the number of parameters. Regrettably, this one-time fusion of all the different layers of features and direct downscaling from higher channels by a 1×1 convolution can lose partial information.
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Figure 7: Comparison of different global hierarchical feature exploiting strategies. From left to right: (a) Chain-like strategy, (b) dense connection, (c) residual feature aggregation, and (d) GHFFS

In order to achieve a balance between performance and the number of parameters, we design a GHFFS to exploit feature information from each layer of the global network on a step-by-step basis. The process of GHFFS is shown in Fig. 7d. Firstly, we concatenate the features at adjacent levels to obtain feature information with double the number of channels. Further, we choose to squeeze the result of the concatenation with a 1×1 convolution. Specifically, when the input F0 is processed by the first FWCG, the extracted feature F1 can be obtained, the process can be expressed as:

FH1=f1×11(concat(F0,F1)),(17)

where FH1 is the feature information obtained by fusing F0 and F1, f1×11 represents the first 1×1 convolution operation. Similarly, the subsequent multiple feature fusion operations can be expressed as follows:

FHk=f1×1k(concat(FH(k−1),Fk)),k=2,3,..n,(18)

where Fk is the output feature of the kth FWCG. FHk and FH(k−1) are the output of the kth global hierarchical feature fusion operation and the output of the previous global hierarchical feature fusion operation, respectively.

In GHFFS, different levels of feature information can be interactively fused and then delivered to deeper parts of the network, which allows for better gradient propagation. The structure is much simpler as it reduces many long-range connections compared to dense connections, making it more suitable for lightweight networks. Compared to RFAnet [13], the progressive fusion of layered features preserves more image detail. We demonstrate the superior performance of our proposed GHFFS structure in subsequent ablation experiments.

4  Experiment

4.1 Datasets and Metrics

Our experimental data come from the public COVID-19 chest CT dataset by TCIA [33] and the public COVID-CT dataset constructed by Yang [34], which we denote as CT1 and CT2, respectively. CT1 contains nii-format chest CTs of 632 COVID-19 patients, from which we derive 7200 high-quality CT slices, 6400 of which are used as the training set, named CTtrain; 200 of which are used as the validation set, named CTvalid; the remaining 600 images are used to construct the test set, named CTtest1. CT2 contains 349 CT images of COVID-19 collected from COVID-19-related papers. To further validate the generalization of our network, we select 280 high-quality CT images from CT2 to construct the test dataset CTtest2.

We use two metrics, peak signal-to-noise ratio (PSNR) and structure similarity index (SSIM) [35], to evaluate the quality of the reconstructed images. PSNR indicates the ratio between the maximum signal and background noise, which is an image quality evaluation index based on the error sensitivity. SSIM is a metric that measures the similarity of two images in terms of luminance, contrast, and structure. In order to better evaluate the computational complexity of our model, as in many works [23], we calculate the Multi-Adds of the model with the set HR image size of 480×480.

4.2 Implementation Details

Due to the difficulty in obtaining high-low resolution paired data, similar to the previous work [36], we downsample the HR images via bicubic interpolation to obtain the corresponding LR images. The HR image blocks for ×2 SR, ×3 SR, and ×4 SR with dimensions of 96×96, 144×144 and 192×192, respectively, are randomly cropped out by us from the original HR images. We perform data augmentation by randomly rotating 90°, 180°, 270°, and horizontally flipping. We set the batch size to 64 and apply the Adam optimizer [37] with β1=0.9, β2=0.99 and ϵ=10−8 to train our network. The initial learning rate of the network is set to 5×10−4 and then halved every 5×104 iterations for a total of 3×105 iterations. We choose to use the L1 loss, which calculates the sum of all absolute differences between the true and predicted values; the formula can be expressed as follows:

L(θ)=1N∑i=1N⁡‖HLFIFN(ILRi)−IHRi‖1,(19)

where {ILRi,IHRi} is the ith LR-HR image pair in the batch, N is the batch size, and θ is the parameter of RFAFN. For our network, the number of FWCGs is set to 4, and the number of CFEBs is set to 3. All experiments in this paper are performed under the PyTorch framework on NVIDIA RTX 2080 Super GPUs.

4.3 Ablation Analysis

4.3.1 Efficiency of Contextual Feature Extraction Block

As described in Section 3.2, we propose CFEB as the base block of our network to extract CT image features. To verify the effectiveness of CFEB, we embed five basic feature extraction blocks into our network, which are (1) SRB, (2) DRB, (3) SCconv, (4) CFEB without SEB added, and (5) CFEB.

In Table 1, we can see that compared to SRB, DRB, and SCconv, the PSNR of our proposed CFEB achieves the best performance by 29.16 dB with similar parameters, which demonstrates the importance of contextual information for CT image reconstruction. Furthermore, we can see that the performance decreases by 0.04 dB with the removal of SEB on CFEB, which indicates the importance of adding a channel attention mechanism after group convolution to enhance inter-branch feature communication.
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4.3.2 Efficiency of Feature-Weighted Cascading Strategy

As described in Section 3.3, we propose FWCS, which can make full use of the rich and diverse feature information of adjacent levels to enhance the performance of CT image reconstruction. To verify the effectiveness of FWCS, we construct our network using three different connection methods for ablation experiments, and the results are shown in Table 2. It can be seen that the parameters of the network with FWCS increase by 11.93K compared to the network with SC, but the slight increase in parameters leads to a significant increase in PSNR by 0.41 dB, which proves the effectiveness of FWCS in super-resolution tasks.
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AFFB is the heart of our proposed FWCS, and we have previously described that our AFFB is constructed under the guidance of SKnet [29]. To this end, we embed SKnet in our network, and the experimental results are shown in Table 3. The networks embedded with SKnet and AFFB perform better than those without the attention mechanism, with an increase in PSNR by 0.31 dB and 0.41 dB, respectively, demonstrating that the attention mechanism plays an essential role in super-resolution tasks. Moreover, the PSNR of the network embedded with AFFB is improved by 0.1 dB compared with the network embedded with SKnet, which shows that our proposed AFFB performs better in our task than SKnet.
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4.3.3 Efficiency of Global Hierarchical Feature Fusion Strategy

As described in Section 3.4, we adopt GHFFS to fully use the feature information in each layer, which improves the ability of the network to extract feature information. To verify the excellent performance of GHFFS, we refer to the different layered utilization strategies in Fig. 7, embedded in our network, and carry out ablation experiments in the results shown in Table 4. It can be seen that the network using the chained connections has the least parameters but the worst reconstruction results with the PSNR by 29.12 dB, although it has the least parameters, while our GHFFS achieves the best results with the PSNR by 29.16 dB. Compared with the suboptimal RFAFN-Dense, our network has 24.63K fewer parameters while increasing the PSNR on CTtest1 by 0.02 dB, which indicates the superior performance of our proposed GHFFS.
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4.3.4 Discussion on Residual Learning Connections

Many previous studies [11,13,15,22] have demonstrated that residual learning connections can significantly enhance the flow of information details in a network and effectively mitigate the gradient disappearance problem. We use multi-level residual feature information in our network. Considering the modules to which the residual learning connections are applied, we classify the residual learning connections used into the block residual connection (BRC, see Fig. 4), the module residual connection (MRC, see Fig. 5b), the layer residual connection (LRC, see Fig. 2) and the global residual connection (GRC, see Fig. 2).

We have experimentally demonstrated the effectiveness of using multi-level residual learning connections, as shown in Table 5, which shows that the network with residual learning connections performs significantly better than the network without residual learning connections, and the network with multi-level residual connections is also better than the network with single-level residual connections. Finally, considering the performance of each method on CTtest1, we choose BRC, LRC, and GRC to construct our network, because in the experiment, the method has the best performance with the PSNR by 29.16 dB and the SSIM by 0.8284.

[image: images]

4.4 Comparison with State-of-the-Art Methods

To demonstrate the performance of RFAFN, we compare it with some of the SOTA lightweight super-resolution networks, including SRCNN [5], VDSR [6], IDN [17], CARN [16], IMDN [8], RFDN [22] and LCRCA [23]. For all the above networks, we use the source code published online by the authors and retrain it with the same dataset and training details as the RFAFN proposed in this paper.

4.4.1 Quantitative Results

As shown in Table 6, by comparing the performance of different super-resolution reconstruction algorithms at ×2 SR, ×3 SR, and ×4 SR, we can find that our proposed RFAFN outperforms the other methods in general.
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Regarding performance, RFAFN outperforms the other methods on both test datasets, with a lower number of parameters but higher PSNR and SSIM metrics than the following best method RFDN. In addition, our RFAFN achieves optimal performance with a relatively small number of parameters and multi-adds compared with other excellent lightweight methods.

Notably, CTtest1 and CTtrain come from the same dataset CT1, so the test results on CTtest1 can reflect the training effect of the network well. However, the CT images we acquire in reality come from various sources, and the mapping relationship between these images and the corresponding high-resolution images will be more complicated. To test the practicality of our algorithm, we also tested on CTtest2, which is collected from some COVID-19 related papers, so it is a dataset closer to the actual application scenarios. In fact, the testing results of our method on CTtest2 also outperform other state-of-the-art methods, which proves the generalization performance of our method.

4.4.2 Visual Comparison

Considering that the accuracy of the CT image information can directly affect the doctor’s judgment, we also compare the visual quality of RFAFN with that of other algorithms. As can be seen from Figs. 8–10, the CT images reconstructed by bicubic interpolation are significantly blurrier. Compared with deep learning-based methods such as SRCNN, our method can generate texture details closer to the original image, and its visual quality is better than other networks. The diagnosis of COVID-19 can be greatly aided by using our method.
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Figure 8: Visual comparison with other state-of-the-art lightweight methods on CTtest1 at ×2 SR
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Figure 9: Visual comparison with other state-of-the-art lightweight methods on CTtest2 at ×3 SR
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Figure 10: Visual comparison with other state-of-the-art lightweight methods on CTtest2 at ×4 SR

5  Conclusion

This paper proposes a lightweight residual feature attention fusion CT image super-resolution algorithm named RFAFN. In order to improve the feature extraction capability, we construct CFEB, which can perform more accurate feature extraction while reducing the network parameters. To make full use of the superior performance of CFEB, we construct FWCS using AFFB, which can fuse feature information from neighboring levels, better maintaining the diversity of feature mapping, and improving network performance. Finally, we utilize GHFFS to construct the proposed network for efficient and lightweight SISR. Extensive experiments demonstrate that our RFAFN outperforms other SOTA methods in quantity and quality while maintaining a moderate number of parameters. For example, the PSNR is 0.47 dB higher on CTtest2 at ×3 SR compared to the suboptimal method RFDN, but the number of parameters and multi-adds are reduced by 22K and 0.43G, respectively. Currently, the idea of structural reparameterization [38] is becoming a hot topic in deep learning research. In the future, we will explore the introduction of the structural reparameterization into our CT image reconstruction task to reduce the number of network parameters further while improving the reconstruction performance.
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OEBPS/Images/table-1.png
Table 1: Performance of different basic feature extraction blocks in our network, which is trained on
CTtestl at x4 SR for 1.5 x 10° iterations

Methods Params (K) Multi-adds (G) PSNR (dB) SSIM
SRB 620.56 9.00 29.08 0.8272
DRB 620.94 9.01 29.12 0.8275
SCconv 718.10 8.90 29.09 0.8272
CFEB w/o SEB 615.95 8.94 29.12 0.8273

CFEB (ours) 622.91 8.95 29.16 0.8284
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Table 3: Study of the effectiveness of AFFB in our network, which is trained at x4 SR on CTtest1 for
1.5 x 10° iterations. Noting that FWCS-SK and FWCS-ESA refer to the replacement of AFFB blocks

in FWCS with SKnet
Methods Params (K) Multi-adds (G) PSNR (dB) SSIM
SC 610.98 8.74 28.75 0.8237
FWCS-SK 585.41 8.27 29.06 0.8270
FWCS-AFFB 622.91 8.95 29.16 0.8284

(ours)
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Bicubic
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Table 6: Comparison with the state-of-the-art

Methods Params (K) Multi-adds (G) PSNR/SSIM PSNR/SSIM
on CTtestl on CTtest2
x2
Bicubic — — 28.75/0.8796 33.62/0.8999
SRCNN [5] 69 15.96 32.86/0.9219 35.99/0.9239
VDSR [6] 667 614.71 33.38/0.9251 36.31/0.9257
IDN [17] 591 43.71 33.29/0.9243 36.50/0.9265
CARN [16] 964 55.84 33.63/0.9266 36.80/0.9274
IMDN [8] 694 39.89 33.65/0.9266 36.82/0.9276
RFDN [22] 626 35.68 33.64/0.9266 36.86/0.9279
LCRCA [23] 813 46.66 33.65/0.9267 36.86/0.9282
RFAFN (ours) 602 34.59 33.70/0.9269 37.09/0.9292
x3
Bicubic — — 26.16/0.7958 29.82/0.8200
SRCNN [5] 69 15.96 29.49/0.8525 31.46/0.8522
VDSR [6] 667 273.21 30.34/0.8614 32.25/0.8628
IDN [17] 591 26.53 30.62/0.8643 32.69/0.8655
CARN [16] 1149 29.76 30.67/0.8652 32.75/0.8661
IMDN [8] 703 17.95 30.68/0.8653 33.16/0.8687
RFDN [22] 633 16.03 30.68/0.8652 32.76/0.8658
LCRCA [23] 822 20.96 30.70/0.8655 32.59/0.8661
RFAFN (ours) 611 15.60 30.79/0.8662 33.23/0.8692
x4
Bicubic — — 24.64/0.7352 27.55/0.7547
SRCNN [5] 69 15.96 27.53/0.8046 28.63/0.7887
VDSR [6] 667 153.68 28.59/0.8204 29.85/0.8119
IDN [17] 591 20.52 29.07/0.8268 29.93/0.8128
CARN [16] 1112 22.78 29.14/0.8281 30.18/0.8138
IMDN [8] 715 10.27 29.14/0.8281 30.18/0.8134
RFDN [22] 643 9.16 29.18/0.8281 30.19/0.8133
LCRCA [23] 834 11.96 29.15/0.8282 30.19/0.8150
RFAFN (ours) 623 8.95 29.22/0.8292 30.50/0.8173
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OEBPS/Images/table-4.png
Table 4: Study of the effectiveness of the GHFFS in our network, which is trained at x4 SR on CTtest1
for 1.5 x 10° iterations. Noting that RFAFN-CC refers to chained connections, RFAFN-Dense refers
to dense connections, and RFAFN-RFA refers to RFA connections

Methods Params (K) Multi-adds (G) PSNR (dB) SSIM
RFAFN-CC 589.89 8.47 29.12 0.8278
RFAFN-Dense 647.54 9.30 29.14 0.8280
RFAFN-RFA 606.34 8.71 29.12 0.8276
RFAFN-GHFFS 62291 8.95 29.16 0.8284

(ours)






OEBPS/Images/CMC_36401-fig-8.png
Bicubic
PSNR/SSIM 25.76/0.8278 29.97/0.8892 30.41/0.8924

IDN CARN RFDN LCRCA RFAFN
30.44/0.8933 30.46/0.8921 30.55/0.8939 30.53/0.8935






OEBPS/Images/CMC_36401-fig-4.png
Input —

N[O

block residual connection

Output

' Conv3

Group
Conv3

ﬂ Conv1
l SEB

GP:Global pooling

FC:Fully Connected

S:Sigmoid

SEB






OEBPS/Images/logo.png





OEBPS/Images/CMC_36401-fig-5.png
input@—'ﬂj—' output input

(@)

module residual connection

(b)

output






OEBPS/Images/table-2.png
Table 2: Study of the effectiveness of the FWCS in our network, which is trained at x4 SR on CTtest1
for 1.5 x 10° iterations. Noting that EDSR-chain refers to the chain structure used in EDSR, where
the inputs are processed sequentially by each module

Methods Params (K) Multi-adds (G) PSNR (dB) SSIM
EDSR-chain 544.93 7.78 28.44 0.8197
SC 610.98 8.74 28.75 0.8237
FWCS (ours) 622.91 8.95 29.16 0.8284
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Table 5: Effectiveness study of residual learning connections with the network trained at x4 SR on
CTtestl for 1.5 x 10° iterations
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