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 Image super-resolution (SR) is essential in applications such as surveillance, 

medical imaging, and remote sensing, but existing deep learning (DL) 

models often require high computational resources and struggle to recover 

fine details in lightweight architectures. Although feedback and attention-

based methods have shown improvements, they still lack an effective 

combination of efficient feature refinement, edge enhancement, and low 

parameter complexity. To address this gap, we propose a lightweight parallel 

feedback network (LPFN) that combines three key components: a feedback 

block for repeated feature refinement, a dispersion-aware attention residual 

block (DARB) for highlighting important spatial and channel details, and 

EdgeNet for edge sharpening for sharper boundaries. These components are 

supported by curriculum reinforcement learning (CRL), an adaptive training 

strategy that gradually improves the model’s learning behavior. Instead of 

relying on a fixed loss function, LPFN uses a dynamically learned global 

feedback loss to refine reconstruction quality at each stage. Experiments on 

DIV2K and Flickr2K show that LPFN achieves higher PSNR and 

SSIMscores while keeping the model lightweight and efficient. This study 

emphasizes an effective lightweight feedback framework, an enhanced 

attention and edge-refinement mechanism, and an adaptive learning strategy 

that improves both accuracy and stability under different degradation 

conditions. 
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1. INTRODUCTION 

Image super-resolution (SR) is a pivotal task in visual processing, aimed at reconstructing high-

resolution (HR) images from low-resolution (LR) inputs. In encoder–decoder models, the encoder extracts 

multi-scale features from downsampled LR inputs, while the decoder upsamples and refines these features to 

generate HR outputs [1]. HR images are vital in areas like surveillance, medical imaging, and remote sensing, 

where high clarity supports accurate analysis and decision-making [2]. Most SR methods require high 

computational costs, limiting their application in devices with limited resources [3]. Despite advancements in 

imaging technologies, capturing and enhancing HR images remains challenging due to: i) the rigidity and 

cost-prohibitive nature of real-world applications, and ii) the prioritization of capturing new HR images over 

enhancing existing LR ones. 

Early machine learning-based SR methods used handcSrafted features and interpolation, which were 

efficient but failed to recover fine details and lacked scalability. Deep learning (DL), especially convolutional 

neural networks (CNNs), overcame these limits by learning hierarchical features directly from data, 
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achieving superior SR performance [4]. Most CNN-based methods emphasize advanced architectures, such 

as residual learning and dense connections [5]. However, deep networks bring new challenges, including 

high computational complexity, significant memory requirements, and difficulties in training due to issues 

like gradient vanishing and explosion as network depth increases [6]. As network depth increases, issues such 

as gradient vanishing and explosion become prominent, complicating the convergence during training.  

To enhance resolution performance, researchers have developed deeper networks leveraging residual learning 

techniques [7]. Traditional DL methods primarily adopt a feed-forward information flow. This approach 

restricts feedback from later layers to earlier ones, hindering dynamic adjustment of the input at previous 

layers [8]. To solve these issues, lightweight SR methods have been proposed. However, they often fail to 

fully exploit the representational capabilities of CNNs. 

Recent studies highlight the value of feedback mechanisms for strengthening low-level features using 

high-level cues in vision tasks [9]. Despite their effectiveness, many SR methods rely on architectures with a 

large number of parameters, limiting their use in resource-constrained environments. In addition, the need to 

model long sequence dependencies often result in large numbers of hidden states, causing channel redundancy 

and hindering the learning of essential SR image representations [10]. This has increased interest in 

lightweight SR networks [11], where feedback proves especially useful. Recent work on the deep residual 

channel attention network (RCAN) [12] focuses on optimizing the l_1 loss between the generated HR image 

and the ground truth. Although it achieves high PSNR, it often produces over-smoothed results with blurred 

edges. Moreover, studies [13] show that increasing network depth does not always improve performance and 

can even lead to degradation. To enhance perceptual quality, the super-resolution generative adversarial 

network (SRGAN) [14] introduced a perceptual loss combining adversarial loss with content loss derived from 

the VGG network, but this improvement in visual quality comes at the cost of lower PSNR compared to other 

SR methods. Moreover, existing feedback-based SR methods rely on heavy architectures, and they do not 

explicitly address the challenge of achieving efficient high-frequency detail recovery in lightweight networks. 

While earlier studies have investigated lightweight components, residual learning modules, and 

feedback mechanisms individually, they have not explicitly examined how these elements behave when 

combined within a unified lightweight framework especially regarding high-frequency detail recovery and 

training stability. To address this gap, this study investigates the effects of integrating a lightweight parallel 

feedback mechanism, dispersion-aware attention, and curriculum reinforcement learning (CRL) within a 

single SR model. Therefore, this article proposes a novel lightweight parallel feedback network (LPFN) to 

deliver high-quality SR while maintaining computational efficiency. Initially, the FB is introduced to 

iteratively refine low-level features using high-level feedback, thereby reducing gradient vanishing and 

improving convergence. Second, DARB is integrated to selectively focus on informative spatial and channel 

features, enhancing edge sharpness and fine-texture reconstruction. Then, EdgeNet is employed as a 

lightweight edge-enhancement module that sharpens contours without adding heavy computational overhead. 

Finally, a global feedback loss, optimized through CRL with policy transfer and enhancement, is used to 

dynamically adjust the loss function during training. This adaptive loss learning ensures stable convergence, 

improved structural consistency, and robustness under varying degradation levels. 

The main contribution of this work is detailed in below:  

− A novel LPFN is introduced, integrating parallel feedback and residual learning to iteratively refine low-

level features using high-level information, enabling high-quality SR with minimal computational 

overhead. 

− An enhanced feature refinement mechanism is developed through DARB and EdgeNet, which selectively 

emphasize important spatial and channel features and tend to produce a higher proportion of sharp edges 

and clear texture details in lightweight environments. 

− A dynamic learning strategy is incorporated using global feedback loss optimized via CRL, allowing the 

model to adaptively adjust the learning process, accelerate convergence, and maintain stable 

reconstruction quality under varying degradation conditions. 

 

 

2. RELATED WORKS 

2.1.  Traditional SR methods 

Image SR presents a complex inverse problem, as extracting high-frequency details from low LR 

images is inherently difficult. However, merely increasing the network’s depth does not yield significant 

performance gains and incurs substantial computational costs. To address this, Fang et al. [15] developed 

soft-edge assisted network (SeaNet), which leverages soft-edge features with CNNs to refine SR and produce 

high-quality images. However, a continuous challenge lies in the complex task of recovering fine texture 

details in the reconstructed images. To address this challenge, Zhao et al. [16] proposed enhanced laplacian 

pyramid generative adversarial network (ELSRGAN), which uses a Laplacian pyramid to capture  
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high-frequency details and employs residual-in-residual dense blocks (RRDB) to overcome gradient 

vanishing. Nonetheless, these approaches may encounter distortions when processing small images that 

contain significant interference. To address these issues in SR reconstruction, Kong et al. [17] proposed 

enhanced convolutional neural network model (FISRCN), an enhanced CNN for color and texture 

restoration. It uses a Sobel filter for edges, median filters for noise reduction, and pixel shuffling for efficient 

upsampling, converting LR images to HR while leveraging high-dimensional features. 

 

2.2.  Lightweight image SR methods 

Lightweight SR research increasingly aims to balance reconstruction quality with low computational 

cost. Li et al. [18] introduced FourierSR, which reduces complexity using frequency-domain operations but 

struggles to capture fine local textures. Li et al. [19] proposed lightweight cross-receptive focused inference 

network (CFIN), blending CNN and Transformer features for improved contextual modeling, though its 

multiple modules increase architectural overhead. Gao et al. [20] developed FDIWN with feature distillation 

and weighting for efficient reuse, but its numerous distillation blocks make optimization more difficult.  

Xue et al. [21] designed multi-path feedback fusion network (MFFN) to enhance iterative refinement using 

fusion-attention feedback blocks, yet its multi-path structure raises memory usage and slows inference.  

Li et al. [22] proposed a lightweight adaptive weighted super-resolution network (LW-AWSRN) that 

integrates fusion local fusion block (LFB) with adaptive multi-scale, but it still adds extra components to 

manage scale redundancy. However, the use of multiple scale branches still introduces parameter 

redundancy, limiting its suitability for highly resource-constrained deployments. However, MFFN, and  

LFB-based networks improve reconstruction through iterative or multi-path refinement, but each suffers from 

drawbacks that limit lightweight deployment. In contrast, the proposed LPFN introduces a streamlined 

parallel feedback mechanism that reuses features more efficiently. 

 

2.3.  Reinforcement learning-based SR methods 

In this study, Chen et al. [23] proposed spatial-temporal hierarchical reinforcement learning  

(STAR-RL) for pathology image SR. It models SR as an MDP, using a hierarchical patch-level recovery with 

a spatial manager to target degraded patches and a temporal manager to decide early stopping, improving 

reconstruction efficiency and avoiding over-processing. In the context of single image SR, Bouffard et al. 

[24] proposed a multi-agent reinforcement learning (MRL) approach for single-image SR, where agents 

adjust pixel intensities using local enhancement operators in a content-aware manner. This method improves 

resolution without the complexity of GAN-based model. Altinkaya and Barakli [25] proposed (DRL-SRFR), 

a deep reinforcement learning based SR of face regions. It uses visual attention and RRDBs for iterative, 

patch-based detail enhancement, but its use of DRL and dense residual blocks increases computational 

complexity compared to traditional methods. 

 

 

3. PROPOSED METHODOLOGY 

The LPFN model follows a clear end-to-end pipeline where each component refines the features 

passed from the previous stage. First, the LR image is processed by the feedback block, which extracts initial 

features while also receiving high-level feedback from later layers to correct early feature errors. The refined 

feedback block output is then sent to the dispersion-aware attention residual block (DARB), where spatial 

and channel attention selectively enhances important textures and edges. Next, the enhanced features move 

into EdgeNet, a lightweight module that sharpens boundaries and fine structures before upsampling. During 

training, the CRL module supervises all stages through a global feedback loss, which adjusts automatically 

based on the learning progress. This allows feedback block, DARB, and EdgeNet to operate in one unified 

feedback pathway, enabling stable training, faster convergence, and clearer reconstruction. 

 

3.1.  Lightweight parallel feedback network (LPFN) 

LPFN is designed for high-quality SR on devices with limited computing power. It takes a LR 

image as input and improves it step-by-step using a parallel feedback mechanism that reuses and refines 

features, helping the network correct earlier feature errors for clearer textures and sharper edges.  

Figure 1 presents the overall architecture of the proposed LPFN model, which performs SR through a 

progressive feature-refinement pipeline. The LR image first undergoes shallow feature extraction, and the 

resulting features are passed into the feedback blocks. These blocks iteratively refine low-level features by 

using feedback signals from deeper layers, helping the model correct early feature errors. The refined 

features are then sent to the DARB, where channel and spatial attention emphasize important textures, edges, 

and structural information. The enhanced features are further processed by EdgeNet, a lightweight  

edge-sharpening unit designed to strengthen boundary details before upsampling. All improved features are 
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finally fused and upsampled to generate the HR output. During training, the CRL module supervises the entire 

architecture using a global feedback loss, ensuring that feedback block, DARB, and EdgeNet work smoothly 

together during training to produce clearer details and more accurate SR outcome. The outcome of the part on 

shallow feature extraction is indicated as ls, which can be calculated as follows, 

 

ls = Fc (lR) (1) 

 

To extract shallow low R features, Fc consist of (3,128) and (128, 32) convolutions as in (1). In the 

feedback part set, n is considered as several feedbacks from 1 to N and t is considered as several iterations 

from 1 to T. Hence the output of the n -th term of the feedback network in t -th iteration is defined as, ln
t .  

In the first iteration, the first feedback input and other outputs contain only shallow features ls, while residual 

learning allows subsequent feedback outputs to include results from previous networks l1
1 … ln−1

1  as described 

in (2), 

 

ln
1 = {

Ffeedback(ls)            n = 1

Ffeedback(ls, l1
1 … . ln−1

1 )            n ≥ 2
} (2) 

 

where operations of feedback block are considered as Ffeedback. In the reconstruction stage, the concatenated 

feedback block outputs are upsampled via deconvolutional layers, 

In the global feedback stage, the downsampling operator generates lR′in (3), which is compared with 

the original lR to supervise and guide the training of the LPFN. 

 

lR′ =  Fdownsample(Super − Resolution), (3) 

 

 

 
 

Figure 1. Proposed LPFN framework 

 

 

3.2.  Feedback block 

After the LPFN module generates the refined feature output, it is sent back into the feedback block 

to begin the next refinement cycle, where low-level features are iteratively improved using high-level 

information, resulting in enhanced edge sharpness and texture reconstruction. Through repeated upsampling 

and downsampling of HR and LR feature flows defined as h1, h2, h3, h4 and lin, l1, l2, l3, l4, lout  respectively, 

it enhances convergence, stability, and efficient feature reuse, boosting reconstruction performance while 

keeping computational cost low, making it suitable for resource-constrained environments. In the feedback 

block, set the number of projections as g = 4. The feedback process is defined as follows, 
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lg = {
FDARB(lin), g = 1

FDARB (Fdownsample(hg−1)), 2 ≤ g ≤ 4
}, (4) 

 

hg = FDARB(Fupsample(lg))    1 ≤ g ≤ 4,  (5) 

 

lout = FDARB(Fdownsample(h4)), (6) 

 

In (4)-(6), FDARB is considered as a basic block of DARB in LR and HR feature flows and Fupsample, 

Fdownsample denotes the processes for upsampling using deconvolution and downsampling through 

convolution, respectively. 

 

3.3.  Dispersion-aware attention residual block (DARB) 

The features refined by the feedback block are then passed to the DARB module, to enhance the 

textures and edge regions. The DARB, shown in Figure 2, to improve the efficiency of the feedback block. 

DARB enhances feature refinement in LPFN by integrating dispersion-aware channel attention (DACA) and 

spatial attention (DASA) within a residual structure. It uses standard deviation (SD) alongside average and 

max pooling to capture rich representations, with channel attention emphasizing important channels and 

spatial attention refining pixel-level details. When combined with feedback blocks, DARB enables iterative 

enhancement of edges and textures, improving SR quality with low computational cost. 

 

 

 
 

Figure 2. Dispersion-aware attention residual block (DARB) 

 

 

3.3.1. Dispersion-aware channel attention (DACA) 

To enrich channel representation, SD, average pooling, and max pooling descriptors are combined. 

Average pooling summarizes overall channel information, while max pooling highlights prominent features. 

SD adds a novel perspective by capturing pixel dispersion and structural boundaries. Together, they provide a 

richer context, enabling DACA mechanism to significantly boost the discriminative power of feature maps. 

A 1D channel attention map RC×1×1 is generated using an MLP and sigmoid normalization, then 

applied via element-wise multiplication to the input feature map fin. The final DACA output is defined in (7). 

 

fdca = fin ∗ σFmip(Vc). (7) 
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3.3.2. Dispersion-aware spatial attention (DASA) 

Similar to the DACA, DASA enhances spatial feature refinement by combining those descriptors. 

While average and max pooling capture overall and prominent pixel values, standard deviation highlights 

pixel dispersion across channels, allowing the network to focus on crucial spatial information. 

A 2D spatial attention map R1×h×W is produced using a 7×7 convolution and sigmoid activation, 

then applied to the input fdca via element-wise multiplication [25]. The final DASA output is given in (8): 

 

fdsa = fdca ∗ σ (f 7×7(Vi,j)). (8) 

 

Finally, fout, as the output of DARB, can be obtained by using (9): 

 

fout = fdca + fin. (9) 

 

3.4.  EdgeNet 

EdgeNet, integrated into the LPFN framework, enhances edge clarity and texture sharpness in HR 

images with low computational cost. Inspired by richer convolutional features (RCF) but simplified from five 

stages to three and using depth-wise separable convolutions, it reduces parameters while preserving 

performance. By focusing on edge-specific features, EdgeNet prevents blurring, improves SR visual quality, 

and remains efficient for resource-constrained environments. 

Figure 3 illustrates EdgeNet, a lightweight adaptation of the RCF edge detection model. EdgeNet 

reduces the original five-stage VGG16 design to three stages and replaces 3×3 convolutions with depth-wise 

separable convolutions (‘Disconv’) for efficiency. It uses deconvolution (‘Deconv’) and pooling layers for 

feature reconstruction and reduction, with kernel notation “k × k − 𝑚”indicating size and filter count. This 

streamlined architecture efficiently extracts and reconstructs edge features while reducing computational 

cost, making it effective for edge enhancement in SR. 

 

 

 
 

Figure 3. The framework of edge enhanced network (EdgeNet) 

 

 

3.4.1. Fusion 

The fusion mechanism combines the super-resolved image ISR and edge-enhanced image IEdge to 

integrate texture and edge details, enhancing clarity and sharpness. The fusion mechanism combines the 

super-resolved image (ISR) and edge-enhanced image (IEdge) through concatenation, followed by a 1×1 

convolution to reduce dimensionality and generate the final output. This process integrates enhanced edge 

details with texture information, producing sharper and clearer reconstructions. Additionally, the mechanism 

leverages information from projection groups to refine LR features for subsequent iterations, enabling 

effective feedback generation and improved reconstruction quality. 

 

3.5.  Global feedback loss function 

LPFN uses a global feedback mechanism to relay SR degradation information to LR images, 

improving LR-HR mapping. It adaptively balances image quality and efficiency using reinforcement 

learning, with two losses: the primary SR-HR regression loss and a feedback-regression loss for LR and 

modified LR’, defined as: 
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loss = l1(SR, hR) + θl1(LR′, LR), (10) 
 

where θ, controls the feedback loss weight in (10). Feedback is applied at the network’s end, optimized via 

curriculum reinforcement learning, and generated with lightweight convolutional downsampling and 

channel-transform layers for minimal parameter overhead. 
 

3.6.  CRL with policy transfer and enhancement 

The proposed CRL-based method uses reinforcement learning to adaptively update weights and 

optimize global feedback loss for improved SR performance. Using the l1 loss, the LPFN adapts to varying 

image complexities by arranging HR targets sequentially over T iterations, following a curriculum strategy. 

The CRL framework progressively refines image features through a neural policy that generates optimal 

feature refinement sequences, maximizing a reward based on pixel-level accuracy and perceptual quality for 

effective SR enhancement. In (11) formulates the policy optimization objective as maximizing the overall SR 

reward to achieve the most effective feature enhancement strategy. 
 

max
θ

R(ξ∗(z(θ))) s. t.  ξ∗(z(θ)) = fMPC (z(θ)) (11) 

 

The reward R is calculated with respect to network parameters θ using the chain rule for gradient 

computation. 
 

dR

dθ
=

∂r

∂z

∂z

∂θ
. (12) 

 

Here, 
∂z

∂θ
 is automatically obtained through backpropagation, while 

dR

dθ
 accounts for the SR-specific 

reward gradients associated with reconstruction quality. The on-policy RL framework directly optimizes 

network parameters using SR-relevant rewards, enabling stable and efficient learning. The CRL framework 

mitigates this by progressively shaping the learning process through curriculum-based policy transfer, which 

accelerates exploration, reduces instability, and enhances feature refinement across different SR difficulty 

levels. Three curriculum modes 𝒞 = {ci}, iϵ{1,2,3} are introduced to systematically transfer and refine the 

learned policy. 

− Curriculum 1: Reward shaping for transferable SR feature refinement 

This stage focuses on simple LR images with mild degradation, allowing the model to learn basic 

feature enhancement such as edge sharpening and structure preservation. The reward function guides 

convergence of essential SR parameters, helping the network develop a transferable enhancement strategy for 

future, more complex stages. 

− Curriculum 2: Learning super resolution Policy under moderate degradation conditions 

In this stage, the pre-trained policy from Curriculum 1 is refined on images with moderate 

degradation, including noise, blur, and compression artifacts. The curriculum enhances the model’s ability to 

generalize under more challenging SR conditions, improving both structural and textural restoration. 

− Curriculum 3: Enhancing super-resolution Policy under complex degradation 

The final stage targets severely degraded images with heavy blur and fine-detail loss. The reward 

function emphasizes pixel-level perceptual quality and penalizes visual artifacts. Starting from the policy 

learned in Curriculum 2, the network progressively refines its reconstruction capability, converging to an 

optimal SR policy that handles diverse degradations while preserving visual fidelity. 
 

 

4. RESULTS AND DISCUSSION 

This section outlines the implementation and evaluation details of the proposed method. Evaluation 

is conducted using standard metrics, including PSNR and SSIM, which collectively assess the accuracy, 

visual quality, and structural fidelity of the super-resolved images. 
 

4.1.  Implementation details 

The proposed architecture uses PReLU activations to process 40×40 LR RGB patches paired with HR 

images. Implemented in PyTorch on an NVIDIA 2070Ti GPU, it is trained with a batch size of 16 using l1 loss 

and the Adam optimizer for 1,000 epochs. To maintain a lightweight design, the model employs 2 shared-

parameter feedbacks while retaining competitive reconstruction capability. During training, convolutional 

layers use 64 filters, with kernel size and stride adjusted by upsampling scale 2×, k = 6 and s = 2; for scales of 

3× and 4×, k = 3 and s = 1. This adaptive configuration is particularly important for lightweight SR models, 

helping avoid the performance degradation sometimes reported by deeper CNN-based SR approaches. 
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4.2.  Dataset description 

The proposed model is evaluated on two benchmark datasets commonly used for image SR:  

DIV2K and Flickr2K. DIV2K consists of 1,000 HR RGB images with diverse content, split into 800 training, 

100 validation, and 100 test images. LR counterparts are generated using degradations such as bicubic 

downsampling, motion blur, poisson noise, and pixel shifting, with training images downsampled at  

factors of 0.6–0.9 and rotated to create 16,000 HR-LR image pairs. This dataset setup ensures comparability 

with many state-of-the-art methods that also rely on DIV2K’s standardized degradation settings.  

Flickr2K contains 2,650 HR images sourced from Flickr, featuring varied content and quality, including 

landscapes, portraits, and still-life photography, providing additional diversity and challenges for SR 

evaluation. 

Table 1 shows that our proposed LPFN achieves optimal ×4 SR performance on Set5, Set14, B100, 

Urban100, and Manga109 when the feedback-regression loss weight (θ) is 0.1, with PSNR and SSIM values 

higher than for other θ settings. Increasing θ beyond 0.1 leads to lower PSNR and SSIM, indicating 

diminished reconstruction quality due to excessive feedback weighting. Therefore, the ideal balance for 

achieving high-quality image SR is found at θ=0.1. This trend aligns with observations in earlier SR 

literature, where overly strong feedback or attention weighting has been linked to instability and 

overshooting during optimization. These findings suggest that LPFN benefits from moderate feedback 

reinforcement without adversely affecting structural fidelity. 

 

 

Table 1. Comparative analysis of feedback-regression loss weights in LPFN across various datasets 

Weight Scale Parameters 
Set5 Set14 B100 Urban100 Mangal109 

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

𝜃 = 0 

4 649K 

35.54/0.9350 31.42/0.8652 30.20/0.8142 29.10/0.8614 34.54/0.9281 

𝜃 = 0.01 35.55/0.9354 31.43/0.8654 30.22/0.8148 29.12/0.8622 34.55/0.9283 

𝜃 = 0.1 35.56/0.9356 31.50/0.8663 30.25/0.8153 29.15/0.8631 34.56/0.9285 

𝜃 = 0.2 35.54/0.9353 31.47/0.8660 30.24/0.8150 29.14/0.8625 34.54/0.9284 

𝜃 = 1 34.46/0.9342 31.36/0.8628 30.20/0.8142 29.10/0.8608 34.46/0.9275 

 

 

Figure 4 illustrates the progression of reward optimization across various RL models including the 

proposed CRL method, when applied to curriculum-based reinforcement learning for image SR. The reward 

increases over iterations, with the proposed method outperforming other models in both convergence rate and 

final reward level, highlighting its efficiency. The improvement highlights the effectiveness of CRL in the 

proposed model, which progressively adjusts task difficulty to enhance learning, optimize policies efficiently, 

and achieve higher rewards, especially in resource-constrained image processing tasks. Compared with 

existing RL approaches such as MRL, DRL-SRFR, STAR-RL, and DRL, our results demonstrate that 

achieving higher reward values does not come at the expense of visual quality. This contrasts with several 

RL–based SR models, where aggressively maximizing reward signals often leads to soft, texture-diminished, 

or overly smooth outputs. 

 

 

 
 

Figure 4. Comparison of CRL models in reward optimization 

 

 

Figure 5 illustrates the qualitative comparison of EdgeNet with SeaNet, DASRNet, MemNet, and 

SR DenseNet on the DIV2K and Flickr2K datasets. The proposed EdgeNet provides visibly cleaner and 

sharper reconstructions, especially in challenging regions such as text boundaries, object contours, and fine 
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texture patterns. While SeaNet and DASRNet often generate slightly blurred edges and miss fine details, 

MemNet and SR DenseNet tend to lose textures and produce soft outputs. In contrast, EdgeNet keeps thin 

lines, character strokes, and object boundaries much sharper, with fewer artifacts and less blurring. The 

enhanced clarity in character strokes, boundary transitions, and high-frequency textures demonstrates the 

effectiveness of EdgeNet’s edge extraction and refinement mechanism. This shows that EdgeNet preserves 

important structural details more effectively than the other methods in difficult regions, making it more 

reliable for high-detail SR tasks. 

 

 
DIV2K Flickr2K 

      
SeaNet DASRNet Proposed MemNet SR DenseNet Proposed 

 

Figure 5. Visual comparisons for EdgeNet 

 

 

Figure 6 presents a comparative analysis of image SR techniques on selected patches from the 

Flickr2K and DIV2K datasets, focusing on the effectiveness of each method in reconstructing fine image 

details. Techniques such as Bicubic, FISRCN, CCFN, LW-AWSRN, and EMASRN provide gradual 

improvements, yet often fail to recover fine details or maintain structural consistency under limited 

computational budgets. However, MFFN, rely on deep fusion branches but lack dynamic loss adaptation.  

In contrast the LPFN framework demonstrates clearer textures and sharper edges, and improve the 

reconstruction quality without increasing model size. These shows that high-frequency recovery benefits 

more from effective feature reuse and stable optimization than from deeper architectures. Overall, the 

findings highlight that lightweight SR models can deliver high visual quality when supported by efficient 

feedback mechanisms and adaptive learning strategies, offering a promising direction in SR applications. 

 

 

 

     
HR Bicubic FISRCN MFFN LPFN (ours) DIV2K 

 
     

HR Bicubic FISRCN MFFN LPFN (ours) Flickr2K 

 

Figure 6. Visual comparisons for image SR techniques on Flickr2K and DIV2K datasets 

 

 

5. DISCUSSION 

Beyond visual quality improvements, LPFN has strong relevance to information and communication 

technology (ICT) applications. In communication systems, it can be directly integrated into image and video 

transmission pipelines, improving the quality of transmitted LR images and videos, reducing bandwidth 

requirements while preserving critical visual details. In telemedicine, LPFN can assist doctors by enhancing 

diagnostic images captured under low bandwidth or noisy environments, enabling more reliable remote 

consultations. Similarly, in network-based surveillance, the model can reconstruct clearer faces, objects, and 

scene details from LR camera feeds, improving recognition accuracy and situational awareness. These 

application-oriented integrations strengthen its practical relevance and demonstrate how LPFN can function 

as an adaptable enhancement module across various ICT platforms. These integration possibilities highlight 

the practical value of LPFN in ICT environments that demand efficient, reliable, and high-quality image 

enhancement under constrained computational resources. 
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6. CONCLUSION 

This work aimed to improve lightweight SR methods by developing an efficient DL framework 

capable of producing high-quality reconstructions with lower computational cost than existing systems. 

Recent evaluations indicate that achieving high-quality SR in lightweight settings remains challenging due to 

loss of texture and unstable reconstruction. By integrating LPFN with feedback refinement through feedback 

blocks, selective feature enhancement using DARB, and edge sharpening with EdgeNet, supported by a 

CRL-driven global feedback loss for stable optimization. The results obtained consistently show that the 

proposed framework improves structural consistency and enhances edge and texture clarity even under strict 

computational limits. These improvements highlight that the performance gain is primarily driven by 

effective feature refinement and stable optimization rather than increased model size or deeper architectures. 

Overall, the findings confirm that lightweight SR can achieve strong visual quality when supported by 

efficient feedback mechanisms and adaptive learning processes in real-world SR applications. Future studies 

may explore extending LPFN to handle real-world degradations and video SR, with feasible approaches for 

integrating transformer-based modules, as well as investigating deployment on mobile/IoT devices and 

applications in medical and satellite imaging. 
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