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Abstract:

Image denoising is a fundamental task in image analysis and computer vision applications. Traditional frequency-
domain filtering methods often use fixed filter parameters, which may not provide optimal performance for images
corrupted with different noise levels. This paper presents an Adaptive Multi-Scale FFT-Based Image Denoising
and Enhancement framework. The proposed method decomposes the image into multiple scales, performs Fast
Fourier Transform (FFT) at each scale, and adaptively adjusts filtering parameters according to noise
characteristics. The filtered images are combined to reconstruct an enhanced image with improved visual quality
and preserved edge information. The performance of the proposed method is evaluated using Mean Square Error
(MSE), Peak Signal-to-Noise Ratio (PSNR), and Structural Similarity Index (SSIM). Experimental results
demonstrate improved denoising performance compared with conventional FFT-based filtering approaches.
Key Word: Fast Fourier transformation, Image Denoising, Frequency Domain Filtering, Multi-Scale Analysis,
Image Enhancement, PSNR, MSE, SSIM.
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I. Introduction
Background

Digital images are frequently affected by noise during acquisition, transmission, storage, and processing
operations. Noise degrades image quality and reduces the accuracy of subsequent image analysis tasks such as
segmentation, feature extraction, object detection, and pattern recognition [1]. Image denoising has therefore
become a fundamental preprocessing step in many applications including medical imaging, satellite image
analysis, remote sensing, computer vision, and industrial inspection [2].

Over the past few decades, various image denoising techniques have been developed in both spatial and
frequency domains. Among these approaches, frequency-domain processing has attracted considerable attention
because of its computational efficiency and ability to separate useful image information from noise components
[3]. The Fast Fourier Transform (FFT) is one of the most widely used frequency-domain techniques due to its
ability to efficiently compute the Discrete Fourier Transform (DFT) with reduced computational complexity [4].
FFT-based filtering methods have been successfully applied to image enhancement, restoration, denoising, and
compression applications [5].

Motivation

Although FFT-based denoising methods have demonstrated promising performance, many existing
approaches employ fixed filtering parameters regardless of image characteristics or noise levels [6]. Such fixed-
parameter methods may not provide optimal denoising performance for images affected by varying noise
conditions. In addition, single-scale image processing techniques often face challenges in maintaining an
appropriate balance between noise suppression and detail preservation [7].

Recent studies have shown that multi-scale image processing can improve image quality by analyzing
image information at different resolutions while preserving important structural details [8]. Furthermore, adaptive
filtering techniques have been reported to provide improved denoising performance by adjusting filtering
parameters according to image content and noise characteristics [3],[6]. These observations motivate the
development of an adaptive FFT-based denoising framework capable of integrating multi-scale analysis with
frequency-domain filtering.

Objectives

The primary objectives of this research are:

a) To develop an adaptive FFT-based image denoising framework.

b) To perform multi-scale frequency-domain analysis for improved image representation.
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¢) To investigate the effectiveness of FFT-based filtering under different noise conditions.

d)To compare denoising performance using standard image quality metrics such as Peak Signal-to-Noise Ratio
(PSNR), Mean Square Error (MSE), and Structural Similarity Index (SSIM).

e)To provide a computationally efficient framework suitable for future FPGA-based implementation and real-
time image processing applications [5].

Organization of the Paper

The remainder of this paper is organized as follows. Section 2 presents a review of related literature on
FFT-based image filtering, frequency-domain filters, and multi-scale image processing techniques. Section 3
describes the proposed Adaptive Multi-Scale FFT-Based Filtering Framework. Section 4 presents the
mathematical formulation and performance evaluation metrics. Experimental results and comparative analysis
are discussed in Section 5. Finally, conclusions and future research directions are presented in Section 6.

II.  Literature Review
FFT-Based Image Filtering

Fast Fourier Transform (FFT) has been extensively employed in image processing applications due to
its computational efficiency and ability to transform image information from the spatial domain into the frequency
domain [4]. The frequency-domain representation allows noise components and useful image information to be
analyzed separately, thereby facilitating effective image denoising and enhancement. Gonzalez and Woods [1]
highlighted the importance of frequency-domain processing for image restoration and filtering applications.
Several researchers have demonstrated that FFT-based techniques provide efficient solutions for image denoising,
image enhancement, image compression, and feature extraction tasks [3], [5].

The computational complexity of FFT is significantly lower than that of the direct Discrete Fourier
Transform (DFT), making it suitable for large-scale image processing and real-time applications [4]. Recent
studies have further explored the application of FFT in medical image analysis and image enhancement systems,
reporting improved processing efficiency and image quality [5], [7].

Frequency Domain Filters

Frequency-domain filtering is one of the most common approaches used in FFT-based image denoising
systems. Low-pass filters are widely utilized to suppress high-frequency noise while preserving low-frequency
image information [1]. Among the various filtering techniques, the Ideal Low Pass Filter (ILPF), Butterworth
Low Pass Filter (BLPF), and Gaussian Low Pass Filter (GLPF) are the most frequently used.

The Ideal Low Pass Filter removes high-frequency components abruptly; however, it often introduces
ringing artifacts in the reconstructed image. The Butterworth Low Pass Filter provides a smoother frequency
transition and offers improved visual quality. The Gaussian Low Pass Filter is generally considered superior due
to its smooth frequency response and better preservation of image structures [1], [6]. Recent image denoising
studies have reported that Gaussian-based filtering approaches achieve improved PSNR and SSIM values
compared to conventional filtering methods [2], [6].

Although these filtering techniques have demonstrated satisfactory denoising performance, most existing
approaches rely on fixed filtering parameters regardless of image content and noise characteristics [3], [6].

Multi-Scale Image Processing

Multi-scale image processing has emerged as an effective approach for analyzing image information at
different resolutions. The fundamental idea behind multi-scale analysis is to represent an image at multiple levels,
allowing both global structures and local image details to be processed simultaneously [12]. Techniques such as
image pyramids, scale-space representation, and multi-resolution analysis have been widely used in image
enhancement, denoising, segmentation, and feature extraction applications [13].

Recent Advances in Image Denoising

Recent research indicates that multi-scale processing improves edge preservation and detail retention
while effectively reducing noise [8]. Rani and Bhogal [8] demonstrated the effectiveness of multi-scale Gaussian
pyramid techniques for real-world image denoising applications. Similarly, modern image enhancement
frameworks have shown that integrating multi-scale information can significantly improve image quality and
structural preservation [7]. Despite these advancements, the combined application of adaptive FFT-based filtering
and multi-scale analysis remains relatively unexplored.

Summary of Existing Research
A review of the existing literature reveals that FFT-based filtering techniques provide computationally
efficient solutions for image denoising and enhancement [3], [4], [5]. Frequency-domain filters such as ILPF,
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BLPF, and GLPF have been widely adopted for noise suppression [1], [6]. Furthermore, multi-scale image
processing techniques have demonstrated promising results in preserving image details and enhancing
quality [7], [8]. However, most studies focus either on FFT-based filtering with fixed parameters
independent multi-scale processing approaches.

image
or on

Author(s) Methods Advantages Limitations
Gonzalez and Woods [1] FFT-Based Filtering Efficient frequency-domain Fixed filtering parameters
processing

Uddin et al. [10]

Prior-Based Denoising

Improved image restoration

No multi-scale analysis

Ullah et al. [11]

Adaptive Hybrid Filtering

Better denoising quality

No FFT-based multi-scale
processing

Rani and Bhogal [12]

Multi-scale Gaussian
Pyramid

Improved detail
preservation

No adaptive FFT filtering

Peietal. [13]

FFT Former

Effective feature extraction

High computational
complexity

Pham et al. [14]

FFT-Based Medical

Efficient frequency-domain

Focused on segmentation

Framework analysis
Table 1. Summary of Existing Research

Research Gap

Despite significant progress in FFT-based image denoising, several limitations still exist. Most existing
methods employ fixed filtering parameters and single-scale image analysis techniques [3], [6], [8]. Such
approaches may not effectively adapt to varying noise levels and often face difficulties in maintaining a balance
between noise suppression and detail preservation. Furthermore, limited research has investigated the integration
of adaptive filtering mechanisms with multi-scale FFT-based image analysis.

Proposed Contribution

To address the identified research gap, this work proposes an Adaptive Multi-Scale FFT-Based Filtering
Framework for image denoising and enhancement. The proposed framework performs image analysis at multiple
scales, applies FFT-based frequency-domain filtering, and adaptively adjusts filtering parameters according to
image characteristics and noise levels. The filtered outputs obtained from different scales are subsequently fused
to reconstruct an enhanced image. The proposed approach aims to achieve improved denoising performance,
better preservation of image details, and enhanced computational efficiency. Furthermore, the framework is
designed to support future FPGA-based implementation for real-time image processing applications.

III. Proposed Methodology

Overview

This work proposes an Adaptive Multi-Scale FFT-Based Filtering Framework for image denoising and
enhancement. The framework combines multi-scale image analysis with frequency-domain filtering to improve
noise suppression while preserving important image details. Unlike conventional FFT-based methods, the
proposed approach adaptively adjusts filtering parameters according to image noise characteristics.

System Architecture

The proposed framework consists of the following stages:
a) Input Image Acquisition

b)Noise Estimation

¢) Multi-Scale Decomposition

d)FFT Transformation

e) Adaptive Frequency-Domain Filtering

f) Inverse FFT Reconstruction

g)Image Fusion

h)Performance Evaluation

The proposed framework consists of eight sequential stages. First, the input image is acquired and its
noise level is estimated. The image is then decomposed into multiple scales for detailed analysis. FFT transforms
each scale into the frequency domain, where adaptive filtering suppresses noise while preserving important
features. The filtered images are reconstructed using Inverse FFT (IFFT), fused into a final enhanced image, and
evaluated using MSE, PSNR, and SSIM metrics.

DOI: 10.9790/5728-2204011019 www.iosrjournals.org 12 | Page



Input Image Decomposition
(Multi-Scale Analysis)

Scale 1
(Original)

Scale 3
(1/4 Size)

Scale 2
(1/2 Size)

: Adaptive Filter Mask
(Example)

Multi-Scale Image Decomposition

1. INPUT IMAGE ACQUISITION
Acquire the input image

v

[

Estimate the noise level
(Gaussian Noise)

2. NOISE ESTIMATION ]

3. MULTI-SCALE DECOMPOSITION
Decompose the image into multiple
scales (e.g., Gaussian Pyramid)

Normalize and prepare each scale
for frequency analysis

4. PRE-PROCESSING J

Apply FFT to convert each scale

5. FFT TRANSFORMATION
image to frequency domain

L2

6. ADAPTIVE FREQUENCY-DOMAIN FILTERING

Apply adaptive frequency-domain filtering based
on the noise level to supp!
noise while preserving image details
L 2

6A. ADAPTIVE WIENER REFINEMENT )
Refine the filtered image using Wiener filtering for ‘
improved noise suppression and edge preservation

¥
7. INVERSE FFT (IFFT)
Apply IFFT to convert the filtered
spectrum back to spatial domain

8. MULTI-SCALE IMAGE FUSION
Fuse the filtered multi-scale images to
reconstruct the final denoised and enhanced image

v

Evaluate the denoised image using

9. QUALITY EVALUATION
MSE, PSNR, and SSIM performance metrics

Output the final denocised and

10. ENHANCED IMAGE
enhanced image

and Enhancement Framework.

---- Frequency Spectrum |
(After FFT)

| +MSE (Lbetter) |
------ < «PSNR (1 better) !
| +SSIM (1better) |

‘ ! i

Figure 1. Overall workflow of the proposed Adaptive Multi-Scale FFT-Based Image Denoising

To improve denoising performance while preserving important image details, the input image is
decomposed into multiple resolution levels using a Gaussian Pyramid, as illustrated in Figure 2. At each level,
Gaussian smoothing is first applied to suppress high-frequency noise, followed by down sampling by a factor of
two. This process generates a sequence of progressively smaller images representing different spatial scales.

The first level retains the original image resolution and contains the finest image details. The subsequent
levels capture progressively coarser image structures while reducing computational complexity. Processing the
image at multiple scales enables effective noise suppression without significantly degrading important edges and
textures. The resulting multi-scale representations are then used for FFT-based frequency-domain filtering and

subsequent image fusion.
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Multi-Scale Image Decomposition using a Gaussian Pyramid
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Figure 2. Multi-Scale Image Decomposition using a Gaussian Pyramid.
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FFT-Based Filtering Process

After multi-scale decomposition, each image scale is transformed into the frequency domain using the
Fast Fourier Transform (FFT). An adaptive frequency-domain filter is then applied to suppress noise while
preserving important image details. The filtered frequency components are reconstructed using the Inverse Fast
Fourier Transform (IFFT). Finally, the reconstructed images from different scales are fused to obtain the enhanced
output image. The denoised image is evaluated using Mean Square Error (MSE), Peak Signal-to-Noise Ratio
(PSNR), and Structural Similarity Index Measure (SSIM). Figure 3 illustrates the complete FFT-based frequency-
domain filtering process used in the proposed framework.

The major steps involved in the proposed FFT-based filtering process are summarized below:

a) Transform each multi-scale image into the frequency domain using FFT.

b) Analyze the frequency spectrum and estimate the noise characteristics.

¢) Apply an adaptive frequency-domain filter (Gaussian or Butterworth) to suppress noise while preserving image
details.

d) Perform the Inverse Fast Fourier Transform (IFFT) to reconstruct the filtered image in the spatial domain.

e) Fuse the reconstructed images obtained from different scales to generate the final enhanced image.

f) Evaluate the performance of the proposed method using MSE, PSNR, and SSIM metrics.

Figure 3. FFT-Based Frequency Domain Filtering Process used in the proposed framework.

FFT-Based Frequency Domain Fllterlng Process

1. Spatial Domain 2. FFT Transfc i ‘ : 3. Freq; Spectrum
(Input Image)

4. Adaptive Frequency Flltenng ‘ 5. Filtered Frequency Speclmm
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bl Ao to ll'cqlfcnc_\‘v d(‘)nmm spectrum of the image. or Butterworth filter based on suppressed in the
using FFT. the estimated noise level.

frequency domain.

L 20 =

6. Inverse FFT = . 8. Enhanced Image Adaptive Filter Examples
(IFFT) : (Output)

Gaussian Filter Butterworth Filter

Filter parameters are adjusted based on

Final denoised and enhanced

back to spatial domain the estimated noise level of the image.

using IFFT.

and clip pixel values to the
valid range [0, 255].

Convert filtered spectrum ‘ Normalize the image intensity

image in the spatial domain.

Figure 3. FFT-Based Frequency Domain Filtering Process.

Performance Evaluation

The effectiveness of the proposed framework is evaluated using Mean Square Error (MSE), Peak Signal-
to-Noise Ratio (PSNR), and Structural Similarity Index (SSIM). These metrics are used to assess denoising
performance and image quality preservation.

Advantages of the Proposed Framework

a) Adaptive filtering according to noise characteristics.
b)Improved noise suppression and detail preservation.
¢) Multi-scale image analysis for enhanced performance.
d)Computational efficiency through FFT processing.

e) Potential suitability for future FPGA implementation.

IV.  Mathematical Model
The proposed image denoising framework is mathematically represented using the Fast Fourier
Transform (FFT), Mean Square Error (MSE), Peak Signal-to-Noise Ratio (PSNR), and Structural Similarity Index
Measure (SSIM). These mathematical formulations are used for frequency-domain processing and quantitative
performance evaluation.

DOI: 10.9790/5728-2204011019 www.iosrjournals.org 14 | Page



Adaptive Multi-Scale FFT-Based Image Denoising And Enhancement Using Frequency........

Fast Fourier Transform (FFT) Formula:
- —j2nk
X(K)=Y V-1 x(n)e 1Y N

Where:

o X(k) is the frequency-domain representation (FFT output).
e X(n) is the input signal (or image intensity values).

o N is the total number of samples.

o k is the frequency index.

e n is the sample index.

e J=+/—1is the imaginary unit.

Mean Square Error (MSE) Formula:
1 . . . N2
MSE=_" 3L XL 1)) — K@, )]

Where:

o [ (i, j) is the pixel intensity of the original image.

K (4, j) is the pixel intensity of the denoised (reconstructed) image.
M is the number of rows in the image.

N is the number of columns in the image.

i and j represent the row and column indices, respectively.

A lower MSE value indicates better image restoration quality and smaller reconstruction error.

Peak Signal-to-Noise Ratio (PSNR) Formula:
2
PSNR=1010g30 ()

Where:

PSNR is the Peak Signal-to-Noise Ratio (in dB).

MSE is the Mean Square Error between the original and denoised images.
255 is the maximum possible pixel value for an 8-bit grayscale image.
logio denotes the base-10 logarithm.

Structural Similarity Index Measure (SSIM ) Formula:

(2pxpy+C1)(20y+C2)
(u2+p2+C1) (02 +0%+C3)

SSIM (x, y) =

Where:
Uy, Uy The mean pixel intensities of the original image x and the denoised image y.

o2, a;: The variance (standard deviation squared) of the original image x and the denoised image y.

0Oxy : The covariance between the original image and the denoised images.

C;, C, : Small stabilization constants included to avoid division by zero. (e.g., when the denominator is near
zero. They are typically defined as C; = (K;L)? and C, = (K,L)?,where L is the dynamic range of the pixel
values and K; K, << 1.

The SSIM index measures the structural similarity between the original and denoised images. Its
value ranges from 0 to 1, where values closer to 1 indicate better preservation of structural information
and higher visual quality.

V.  Experimental Results And Discussion
Experimental Setup
The proposed Adaptive Multi-Scale FFT-Based Filtering Framework was implemented in MATLAB
and evaluated using standard grayscale images. Gaussian noise was artificially added to the test images to evaluate
the denoising performance of the proposed framework. The effectiveness of the proposed method was
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quantitatively assessed using Mean Square Error (MSE), Peak Signal-to-Noise Ratio (PSNR), and Structural
Similarity Index (SSIM).

(a) Original Image (b) Noisy Image (¢) Denoised Image

(Gaussian Noise) (Proposed Method)

Figure 4. Visual comparison of (a) original image, (b) noisy image corrupted
with Gaussian noise, and (¢) denoised image obtained using the proposed
Adaptive Multi-Scale FFT-Based Filtering Framework.

Visual Analysis

The visual performance of the proposed Adaptive Multi-Scale FFT-Based Filtering Framework was
evaluated by comparing the original, noisy, and denoised images. As shown in Figure 4, the addition of Gaussian
noise significantly degrades the image quality and obscures important structural details. The proposed framework
effectively suppresses the noise while preserving edges and fine image details. The denoised image exhibits
improved visual clarity and structural preservation compared with the noisy image, demonstrating the
effectiveness of the proposed adaptive frequency-domain filtering approach.

FFT Spectrum of the Noisy Image Magiitode
=512 A (log scale)
L1072
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g
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Figure 5. Log-magnitude FFT spectrum of the Gaussian noise-corrupted image.

Figure 5 illustrates the logarithmic magnitude spectrum of the noisy image after applying the Fast Fourier
Transform (FFT). The bright central region represents the low-frequency components containing the major
structural information, whereas the scattered high-frequency components correspond to noise. This frequency-
domain representation facilitates adaptive filtering for effective noise suppression while preserving important
image details.
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Quantitative Analysis

The denoising performance of the proposed methods was evaluated using Mean Square Error (MSE),
Peak Signal-to-Noise Ratio (PSNR), and Structural Similarity Index (SSIM). Table 2 summarizes the quantitative
comparison obtained from MATLAB simulations. Among the evaluated methods, the Hybrid FFT + Wiener
Filtering approach achieved the lowest MSE (0.002500) and the highest PSNR (26.02 dB), indicating excellent
noise suppression. The Proposed Adaptive Multi-Scale FFT + Wiener Filtering method achieved the highest
SSIM (0.7202), demonstrating superior preservation of structural information and image details. These results
confirm that integrating multi-scale FFT analysis with adaptive Wiener filtering significantly improves denoising
performance while maintaining image quality.

Method MSE PSNR(Db) SSIM

Multi-Scale FFT Fusion 0.004305 23.66 0.6873

Hybrid FFT + Wiener Filtering 0.002500 26.02 0.7142

(Proposed)
Proposed Multi-Scale Adaptive 0.005002 23.01 0.7038
Wiener Filtering

Proposed Adaptive Multi-Scale 0.003729 24.28 0.7202

FFT + Wiener Filtering

Table 2. Quantitative performance comparison of the implemented denoising methods.

PSNR Comparison of Different Denoising Methods
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Figure 6. Comparison of PSNR values obtained using different image denoising methods.
The proposed Hybrid FFT + Wiener Filtering method achieves the highest PSNR (26.02 dB),
indicating superior reconstruction quality.
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Figure 7. Comparison of MSE values obtained using different image denoising methods.
Lower MSE indicates better denoising performance.
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Figure 8. Comparison of SSIM values obtained using different image denoising methods.
Higher SSIM values indicate better structural similarity and visual quality.
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Discussion

The experimental results demonstrate the effectiveness of the proposed Adaptive Multi-Scale FFT-Based
Filtering framework for image denoising. The quantitative results presented in Table 2 demonstrate that the
proposed methods effectively reduce image noise while preserving important structural details and improving
overall image quality.

Among the evaluated techniques, the Hybrid FFT + Wiener Filtering (Proposed) method achieved the
lowest Mean Square Error (MSE = 0.002500) and the highest Peak Signal-to-Noise Ratio (PSNR = 26.02 dB),
indicating superior noise suppression and image reconstruction performance. Meanwhile, the Proposed Adaptive
Multi-Scale FFT + Wiener Filtering method obtained the highest Structural Similarity Index (SSIM = 0.7202),
demonstrating better preservation of image structures, edges, and fine details. The Proposed Multi-Scale Adaptive
Wiener Filtering method achieved a PSNR of 23.01 dB and an SSIM of 0.7038, while the Proposed Adaptive
Multi-Scale FFT + Wiener Filtering produced a PSNR of 24.28 dB with the highest SSIM value, confirming its
effectiveness in preserving structural information.

The multi-scale processing strategy enables the framework to preserve both coarse and fine image
structures, resulting in improved visual quality compared with conventional FFT-based denoising techniques.

Overall, the experimental results validate the effectiveness of the proposed Adaptive Multi-Scale
FFT-Based Filtering Framework for image denoising. The framework achieves an effective balance
between noise suppression, edge preservation, and structural similarity, making it suitable for practical
image enhancement applications.

VI.  Conclusion And Future Scope
Conclusion

In this research, an Adaptive Multi-Scale FFT-Based Image Denoising and Enhancement Framework
was proposed and implemented using MATLAB. The framework integrates frequency-domain Fast Fourier
Transform (FFT) analysis, multi-scale image decomposition, adaptive filtering, and Wiener filtering to effectively
suppress Gaussian noise while preserving important image structures and fine details.

The proposed methods were evaluated using standard image quality metrics, including Mean Square
Error (MSE), Peak Signal-to-Noise Ratio (PSNR), and Structural Similarity Index (SSIM). The experimental
results demonstrated that the Hybrid FFT + Wiener Filtering method achieved the lowest reconstruction error
(MSE = 0.002500) and the highest PSNR (26.02 dB), whereas the Proposed Adaptive Multi-Scale FFT + Wiener
Filtering method achieved the highest SSIM (0.7202), indicating superior preservation of structural information
and visual quality.

Overall, the proposed Adaptive Multi-Scale FFT-Based Image Denoising and Enhancement Framework
provides an efficient and reliable solution for image denoising. By integrating FFT-based frequency-domain
analysis, multi-scale decomposition, adaptive filtering, and Wiener filtering, the framework effectively suppresses
Gaussian noise while preserving image edges, fine details, and structural information. The obtained experimental
results demonstrate that the proposed framework improves image quality and is suitable for practical image
enhancement applications.

Future Scope
The proposed framework can be extended in several directions to further improve its performance and

applicability:

o The algorithm can be implemented on FPGA and GPU platforms for real-time image processing applications.

o Artificial Intelligence and Deep Learning techniques can be integrated to automatically estimate noise levels
and optimize filtering parameters.

e The proposed framework can be extended to process color images, hyperspectral images, and video sequences.

e Future work may evaluate the proposed method on medical image analysis, satellite imagery, remote sensing,
industrial inspection, and biometric applications.

e The integration of FFT-based processing with Wavelet Transform, Non-Local Means (NLM), BM3D, or deep
neural networks may further improve denoising performance.

e Additional optimization techniques can be developed to reduce computational complexity while maintaining
high image quality for large-scale datasets.

e The proposed framework can also be extended to image registration, image segmentation, image restoration,
feature extraction, and other computer vision applications.
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    ∑  𝒏 = 𝟎  𝑵 − 𝟏  𝒙  ( 𝒏 ) 𝒆   − 𝒋 𝟐 𝝅 𝒌 𝒏  𝑵


   − 1  


    𝟏  𝑴 𝑵


      ∑  𝒊 = 𝟏  𝑴    ∑  𝒋 = 𝟏  𝑵   [ 𝑰  ( 𝒊 , 𝒋 ) − 𝑲  ( 𝒊 , 𝒋 ) ]  𝟐


    l o g 10 (    255 2  M S E )


      (   𝟐 𝝁  𝒙   𝝁  𝒚 +   𝑪  𝟏 ) (   𝟐 𝝈  𝒙 𝒚 +   𝑪  𝟐 )  (   𝝁  𝒙  𝟐 +   𝝁  𝒚  𝟐 +   𝑪  𝟏 ) (   𝝈  𝒙  𝟐 +   𝝈  𝒚  𝟐 +   𝑪  𝟐 )


    𝜇  x


    𝜇  y


    𝜎  x 2 ,   𝜎  y 2


    𝜎  x y


    C 1 ,   C 2   :  


    C 1 =    〈   K 1 L 〉 2


    C 2 =    〈   K 2 L 〉 2


    K  1 ,     K 2 < < 1

