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•The application and use of multimedia signals such as image, video, and sound have 
increased immensely in daily-life. 

•These visual signals are contaminated with several varieties of distortions during the 
acquisition, compression, transmission and display of the signals on screen. So, image 
reconstruction is the most significant element of the an image receiving system.

•Further, human vision is the ultimate receiver of these multimedia signals. Though,  
HVS is a complex process to model. Visual perception suggests how our human visual 
system perceives information.

•Thus, visual perception based Image Quality Assessment (IQA) and Just Noticeable 
Difference (JND) metrics have become important as they can predict the signal quality 
and highlight the regions of importance which are compatible with human vision. 

Introduction
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Image Reconstruction

Pipeline of Displaying an Image from the Stage of Acquisition

→ Image reconstruction is required either for the estimation of missing pixels or the 
rectification of high frequency information in the received data.

→ Most of the existing image reconstruction frameworks utilize Mean Square Error (MSE) 
for correlation and similarity calculations between/within the pixels/patches. However, 
literature shows that MSE doesn’t correlate well with Human Visual System (HVS)

→ In this work, Image denoising (Gaussian Noise) problem has been taken into account as 
an image reconstruction problem.
→ A state-of-the-art image denoising filter, Non-local Means Filter, is modified using an 
image quality assessment (IQA) measure for improved visual performance.



Why (Not) MSE?

Wang, Z., Bovik, A. C., Sheikh, H. R., & Simoncelli, E. P. (2004). Image quality assessment: from error 
visibility to structural similarity. IEEE transactions on image processing, 13(4), 600-612.
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Comparison of “Boat” images 
with different types of 
distortions, all with MSE = 
210 . 
(a) Original image (8 
bits/pixel; cropped from 
512x512 to 256x256 for 
visibility). 
(b) Contrast-stretched image, 
MSSIM = 0.9168 . 
(c) Mean-shifted image, 
MSSIM = 0.9900 . 
(d) JPEG compressed image, 
MSSIM = 0.6949 . 
(e) Blurred image, MSSIM = 
0.7052. 
(f) Salt-pepper impulsive 
noise contaminated image, 
MSSIM = 0.7748. 



Has Anyone Tried This Previously?
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→ Structural Similarity (SSIM*) Based Non-local Image Denoising.
→ Authors used SSIM instead of MSE to calculate similar patch(es)/pixel(s).
→ Drawbacks**: SSIM is computation very expensive and less robust in environments 

with high noise compared to some of the other SOTA IQA metrics i.e. GMSD.
→ As opposed to SSIM, GMSD has far better in terms accurately capturing image 

quality and more robust in environments with high noise intensities. Authors in 
[W. Xue, 2013] have also demonstrated the same with thorough and detailed 
experimental results.

*Rehman, A., & Wang, Z. (2011, September). SSIM-based non-local means image denoising. In 2011 18th 
IEEE International Conference on Image Processing (pp. 217-220). IEEE.
** Xue, W., Zhang, L., Mou, X., & Bovik, A. C. (2013). Gradient magnitude similarity deviation: A highly 
efficient perceptual image quality index. IEEE Transactions on Image Processing, 23(2), 684-695.



Non-local means (NLM) filter 

Averages pixels that have similar neighbourhoods

If neighbourhood of p looks similar to 
neighbourhood of q, give higher weight

The weight depends on image intensities

Gaussian weighting 
based on difference 
in image intensities

Normalization

Buades, A., Coll, B., & Morel, J. M. (2005, June). A non-local algorithm for image denoising. In 2005 IEEE 
Computer Society Conference on Computer Vision and Pattern Recognition (CVPR'05) (Vol. 2, pp. 60-65). 
IEEE.



Non-local means (NLM) filter 

Higher weight
looks similar to p

Lower weight



Validation of Proposed Method!!
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The flowchart of a class of two-step FR-IQA models

Criteria for Validation of Proposed Model

Performance of the proposed method was validated using PSNR and two IQA models; Gradient 
Magnitude Deviation Index (GMSD) and Structural Similarity Index (SSIM). For most quality 
assessment algorithms, the quality value ranges from 0 to 1. The basic architecture for both the 
models is depicted as under,

For GMSD: 
Quality score of 
‘0’ indicates best 
quality and ‘1’ 
indicates worst 
quality.

For SSIM:
Quality score of 
‘1’ indicates best 
quality and ‘0’ 
indicate worst 
quality.



GMSD – How it works!

Gradient Magnitude Similarity Deviation, an image quality assessment metric. 
Answer will always be between 0 (best quality) and 1 (worst quality). The general 
formula is,

Local Quality Map →

Pooling Strategy →

where ‘c’ is a constant for numerical stability, we set c=0.0026 as suggested by the 
author.

Xue, W., Zhang, L., Mou, X., & Bovik, A. C. (2013). Gradient magnitude similarity deviation: A highly 
efficient perceptual image quality index. IEEE Transactions on Image Processing, 23(2), 684-695.



Proposed GMSD-Based Non-local 
means (NLM) filter 
Proposed Method

Gaussian weighting 
based on difference 
in image intensities

Normalization

Buades, A., Coll, B., & Morel, J. M. (2005, June). A non-local algorithm for image denoising. In 2005 IEEE 
Computer Society Conference on Computer Vision and Pattern Recognition (CVPR'05) (Vol. 2, pp. 60-65). 
IEEE.
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Database ** :
→ Computational and Subjective Image Quality (CSIQ) Image Quality Database :The 
proposed model was validated using the CSIQ database. It is the second largest 
subjective database with 30 pristine references and 866 distorted images. We have 
tested our proposed model using the 30 available references images at different noise 
levels.

Simulation Platform:
→ MATLAB

Environment Details and Simulation Results

Parameters for 
implementation 
of GMSD-based 
non-local means 
filter. [From 
Baudes et al. 
(2005)]

**E. C. Larson and D. M. Chandler, “Most apparent distortion: full-reference image quality assessment and 
the role of strategy,” Journal ofElectronic Imaging, vol. 19, no. 1, p. 011006, 2010
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Visual comparison of NLM and GMSD-based-NLM algorithm in terms of GMS and SSIM quality maps. 
Brighter map indicates better quality.

Comparison of NLM with G-NLM
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Performance comparison of NLM and GMSD-based NLM denoising algorithms while using original 
image patches for weight calculations.

Case 1: Empirical Study
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Performance comparison of NLM and GMSD-based NLM denoising algorithms while using noisy 
image patches for weight calculations

Case 2:



Conclusion
➢ In this work, a visual quality assessment metric-based image denoising 

algorithm has been proposed, that is, gradient magnitude similarity deviation 
(GMSD)-based non-local means (NLM) filter.  

➢We know that MSE only deals with visible errors and does not correlate well 
with human visual perception, so in most cases, usually, the images 
processed with MSE-based mechanisms have shown poor visual quality, 
especially, when the noise levels (variance) are high.

➢As we understand, that each local patch in an image has diverse structural 
features. Once this diversity is captured, it is easier to identify patches with 
similar characteristics. Therefore, keeping the aforementioned in 
consideration, GMSD was incorporated in the conventional MSE-based non-
local means filter. 

➢We have demonstrated the usefulness and effectiveness of GMSD, a visual 
quality assessment metric, in capturing local structural variations between 
corresponding image patches for effective denoising.

➢ Simulation results based on PNSR, SSIM and GMSD coefficients have shown 
that the algorithm has promise, robustness and works well even at high noise 
levels.
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Future Work
→ Most of the application-specific algorithms utilize non-linear filters for image reconstruction 
and can be generalized as generic filters. However, there exist few issues and they are,

• The performance of these filters significantly drops when neighboring pixels are noisy. 
Note: In these non-linear filters, the MSE between patches/pixels is used to estimate 
the similarity between neighboring pixels and subsequently, weights are assigned 
depending upon patch similarity. For such applications, where the neighborhood is 
noisy and, especially, the level and cause of degradation in the distorted signal is 
unknown. It might result in wrong edge direction estimation and/or blurred edges in 
the restored image.

• The performance of these filters are highly depended upon noise density (intensity) and 
decaying parameters (variance of noise/ tuning parameters). Note: Estimation of noise 
density is still an open research area for a lot of image processing applications.

→Almost, all state-of-the art image reconstruction algorithms execute pixel by pixel and 
considering the ever so increasing image quality i.e. image size, makes such algorithms non-
viable to be used in real-time applications. So, need for computationally inexpensive or more 
optimized algorithms arise.

→ In addition, Due to the inability of MSE to efficiently represent the signal fidelity, a lot of Image 
Quality Assessment (IQA) metrics are proposed in the literature, to predict signal quality and 
few have tried using them in image reconstruction with good effect. 
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Thank You!!
Q/A(s)
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