
KXNet: A Model-Driven Deep Neural Network for Blind Super-Resolution
Jiahong Fu1, Hong Wang2, Qi Xie* 1, Qian Zhao1, Deyu Meng1, 3, Zongben Xu1, 3

1Xi’an Jiaotong University; 2Tencent Jarvis Lab, Shenzhen; 3Pazhou Lab, Guangzhou

Blind Super-Resolution

𝒀 = 𝑿⊗𝑲 ↓𝐬 +𝑵

Estimat blur kernel 𝑲
Estimat high resolution image 𝑿

Contributions
We propose a novel model-driven deep unfolding 
blind super-resolution network, named KXNet.
The proposed scheme can explicitly estimate the 
blur kernel with clear physical structures.

With intrinsic embedding of the physical generation 
mechanism, we maintain the essential convolution 
computation between blur kernel and HR image.

Model Formulation
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For blur kernel 𝑲:	
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Solving with proximal gradient algorithm with iteration: 
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For image 𝑿:	
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Model Optimization Network Module

For 𝑡 = 1: 𝑇 do: In stage 𝑡 = 1: 𝑇 of the network do:

Iterative optimization algorithm Network design
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Iterative optimization algorithm Network design
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Experimental Results
Table 1. Averaged PSNR/SSIM results of the 
comparison methods 

Figure 1. Super-resolution results of different methods

Table 2. Effect of stage number S on the performance of KXNet
on Set14. 

Figure 2. (a) The estimated SR image and the extracted blur kernel at 
different iterative stages of KXNet. (b) Performance comparison under 
different blur kernel setting on Set14 (scale=4, noise=0).
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https://github.com/jiahong-fu/KXNet

Model-Driven Architecture

Training 
Loss:


