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ABSTRACT: Image fusion is a technique used to combine essential information from two or more source images into a
single, more informative output image. The resulting fused image contains more meaningful details than any individual
source image. This study focuses on multi-focus image fusion, a crucial area in image processing. Due to the limited
depth of field of optical lenses, it is often challenging to capture an image where all areas are in focus simultaneously. As
a result, multi-focus image fusion plays a key role in integrating and extracting the necessary details from different focal
regions. This research presents a comparative analysis of various Discrete Cosine Transform (DCT)-based methods
for multi-focus image fusion. The primary objective is to provide a clear understanding of how these techniques differ
based on mathematical formulations and to compare their visual and statistical performance. The analysed methods
include: DCT + Variance and DCT + Variance + Consistency Verification (CV), DCT + Correlation Coefficient (CC)
and DCT + CC + CV, DCT + Singular Value Decomposition (SVD) and DCT + SVD + CV, DCT + Sharpening and
DCT + Sharpening + CV, DCT + Correlation Energy (Corr_Eng) and DCT + Corr_Eng + CV, Through experimental
evaluations, the study finds that DCT + Variance and DCT + Variance + CV consistently deliver superior results
across all tested image sets. The performance of these methods is evaluated using six different quantitative metrics,
demonstrating their effectiveness in enhancing image quality through fusion.

KEYWORDS: Multi-focused image fusion; DCT based methods; variance; correlation coefficient; singular value
decomposition

1 Introduction
In digital image processing, image fusion has emerged as a crucial research field, particularly in

applications requiring high-quality visual data. The fundamental objective of image fusion is to integrate
complementary information from multiple images into a single, more informative output. Among the
various types of image fusion, multi-focus image fusion plays a significant role in scenarios where optical
limitations prevent capturing an entirely focused image in a single shot. Due to the limited depth of field
of optical lenses, objects at different distances from the camera may not appear sharp simultaneously. This
results in some regions of the image being well-focused while others remain blurred. To solve this problem,
multi-focus image fusion methods fuse several images captured at various focus levels to produce an image
where all the details of interest are focused [1].
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Multi-focus image fusion methods can generally be divided into spatial domain and frequency domain
methods. Spatial domain methods are based on image pixels directly and encompass methods like the simple
averaging method [2], principal component analysis (PCA) [3], and intensity-hue-saturation (IHS) [3]
transformations. While these methods are computationally straightforward, they often suffer from spectral
distortions and reduced image contrast, which limits their effectiveness [4,5]. On the other hand, frequency
domain methods transform images into a frequency representation before fusion, offering advantages such
as improved robustness and better feature preservation. Popular techniques in this domain include Discrete
Wavelet Transform (DWT) [6], Stationary Wavelet Transform (SWT) [7], and Discrete Cosine Transform
(DCT) [8]. Wavelet-based approaches like DWT offer multi-resolution analysis but cause problems like shift
variance and ringing effects. To avoid these, SWT was developed as a shift-invariant alternative, with better
localization and the capability to retain finer details better. DCT-based fusion approaches, frequently found
in image compression standards like JPEG, enable direct fusion within the compressed domain, cutting down
on computation overhead and enhancing efficiency [5].

The selection of an appropriate fusion technique relies on the particular application demands, i.e.,
real-time processing capability, computational efficiency, and noise robustness. Multi-focus image fusion
remains a crucial research area, affecting a number of applications ranging from medical imaging [9], remote
sensing, surveillance, computer vision [10], and robotics [11]. As research continues, new fusion methods are
being investigated to obtain better image clarity, and multi-focus image fusion has become a critical tool in
contemporary imaging applications.

This study focuses on methods based on the Discrete Cosine Transform (DCT) domain and explores
various DCT-based approaches in detail. By thoroughly analyzing these variations, we aim to gain deeper
insights into their functionality and effectiveness. This research also compares different DCT-based methods
and presents a better understanding for readers to the point in brief. The techniques considered are DCT
with Variance, DCT with Variance and Consistency Verification (CV), DCT with Correlation Coefficient,
and DCT with Correlation Coefficient + CV. Next, we consider DCT with Singular Value Decomposition
(SVD), DCT with SVD and CV, DCT with Sharpening, and its extended version with CV. Finally, the study
also considers DCT with Correlation Energy (Corr_Eng) and DCT with Corr_Eng + CV. Through this
comparative analysis, we intend to offer an overall picture of the effectiveness and dependability of various
DCT-based fusion methods.

The remaining part of this paper is organized as follows: Section 2 presents an elaboration on Discrete
Cosine Transform (DCT)-based Fusion Techniques. Section 3 describes the merit and de-merit of different
DCT-based techniques. Section 4 discusses the performance metrics, experimental results, and results and
analysis. Lastly, Section 5 presents the key findings and conclusions of the research.

2 Discrete Cosine Transform (DCT)-Based Fusion Approaches
In multi-focus image fusion, a variety of methods have been established in the spatial and frequency

domains. However, research indicates that frequency-domain methods generally have more merits than
spatial-domain methods, especially in maintaining critical image details and enhancing overall quality [5].
This research mainly investigates Discrete Cosine Transform (DCT)-based fusion schemes and seeks the best
method to use by considering their performance using various image data sets. It takes into consideration
both qualitative elements, including clarity of vision, and quantitative experimental results to define the
best algorithm.
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2.1 Discrete Cosine Transforms (DCT)
Discrete Cosine Transform (DCT) is a method that transforms an image from the spatial to the

frequency domain. The process is especially suited to capturing fundamental image details like edges and
textures by examining pixel frequency data. DCT is generally favored for frequency-based processing
because it is efficient since it only depends on cosine functions for transformation and is therefore both
computationally light and quick.

To recreate the image in its transformed form, the Inverse Discrete Cosine Transform (IDCT) is used,
which returns the frequency components to their pixel values [12]. In short, DCT expresses a limited number
of data points as a sum of cosine functions vibrating at different frequencies. Due to its efficiency, DCT
is often used with other methods to improve the quality of multi-focus image fusion. The performance of
DCT-based approaches is assessed as follows.

Two-dimensional Discrete Cosine Transform (DCT) is performed on an N × N block of an image, in
the case of 8 × 8 images, to transform spatial data into frequency components. In the same vein, Inverse
Discrete Cosine Transform (IDCT) is performed to revert to the original image from its frequency domain
representation [13]. These two operations are mathematically expressed in Eqs. (1) and (3), respectively.

d (k, l) = 2a (k) a(l)
N

×
N−1
∑
m=0

M−1
∑
n=0

x(m, n) [(2m + 1)πk
2n

] × cos [(2n + 1)πk
2n

] (1)

where, k, l = 0, 1, . . . , N − 1 and

a (k) =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

1√
2

, if k = 0

1, otherwise
(2)

x (m, n) =
N−1
∑
k=0

M−1
∑
j=0

2a (k) a (l)
N

× d (k, l) × cos [(2n + 1) πk
2n

] (3)

where m, n = 0, 1, . . . , N − 1.
In Eq. (1), d(0, 0) is the DC coefficient, which is the component that has zero frequency in both

dimensions. The rest of the coefficients in the block are known as AC coefficients, which are the components
of non-zero frequencies in either or both dimensions.

2.2 Consistency Verification
To improve the quality of the fused image and minimize errors due to improper block selection,

Consistency Verification (CV) is used as a post-processing operation at the last stage of the image fusion
process. The method presumes that if a middle block in the merged image is from image B, but most of its
adjacent blocks are from image A, then the middle block probably belongs to image A, too. To guarantee
consistency, Li et al. suggested employing a majority filter for the CV process [13]. This filter works based on
the decision map M(x, y), substituting the central block with the corresponding block of image A when most
surrounding blocks are from image A. By incorporating CV as a final step, the overall accuracy of the fused
image is improved, reducing inconsistencies in block selection as illustrated in Fig. 1. This CV technique is
widely used in DCT-based fusion methods, including those discussed in this study [14].
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Figure 1: The architecture of a JPEG encoder merging with an image fusion approach

2.3 DCT with Variance and DCT with Variance + CV
In multi-focus images, the regions in focus contain additional information as they preserve finer details.

This detailed information is directly related to high variance, which serves as an important indicator of
focus. In image processing applications, variance is commonly used as a contrast criterion to differentiate
between focused and blurred regions. The computation of variance in the DCT domain is straightforward,
as explained in the previous section. Therefore, variance values are utilized to determine the activity level
of 8 × 8 blocks within the source images. The fusion process begins by dividing the source images into
8 × 8 blocks and computing the DCT coefficients for each block. As illustrated in Fig. 1, the variance of
corresponding blocks from both source images is computed using Eq. (9) as the activity measure. The block
with the higher activity measure is selected as the most relevant for the resultant image. Consequently, the
DCT representation of the resultant image is constructed using blocks with greater variance, which originate
from either source image A or B [15].

The transform coefficients d′(k, l) are normalized as follows:

d′ (k, l) = d(k, l)
N

(4)

Compute the values of mean, μ, and variance, σ 2, of an N ×N block in the spatial domain are as follows:

μ = 1
N2

M−1
∑
m=0

N−1
∑
n=0

x(m, n) (5)

σ 2 = 1
N2

M−1
∑
m=0

N−1
∑
n=0

x (m, n) − μ2 (6)
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As we already know, the mean value, μ, of the N ×N block is given by d(0, 0). For providing the variance
of the DCT coefficient for each block, a mathematical evaluation using (3). We have:

N−1
∑
m=0

N−1
∑
n=0

x2 (m, n) =
N−1
∑
m=0

N−1
∑
n=0

x (m, n) .x (m, n)

=
N−1
∑
m=0

N−1
∑
n=0

x (m, n)×

(
N−1
∑
k=0

N−1
∑
l=0

2a (k) a (l)
N

× d (k, l) × cos [(2m + 1) πk
2N

] × cos [(2n + 1) πk
2N

]) (7)

By exchanging the places of the sums, we will have:

=
N−1
∑
k=0

N−1
∑
l=0

2a (k) a (l)
N

× d (k, l)×

N−1
∑
m=0

N−1
∑
n=0

x (m, n) × cos [(2m + 1) πk
2N

] × cos [(2n + 1) πk
2N

]

=
N−1
∑
k=0

N−1
∑
l=0

2a (k) a (l)
N

× d (k, l) × N × d (k, l)
2a (k) a (l)

=
N−1
∑
k=0

N−1
∑
l=0

d (k, l) × d (k, l)

⇒
N−1
∑
m=0

N−1
∑
n=0

x2 (m, n) =
N−1
∑
m=0

N−1
∑
n=0

d2 (k, l) (8)

Then, from (7) and (8), we have:

σ 2 = 1
N2

N−1
∑
m=0

N−1
∑
n=0

x2 (m, n) − μ2

⇒ σ 2 =
N−1
∑
k=0

N−1
∑
l=0

d2 (k, l)
N2 − d2 (0, 0) (9)

Finally, the variance of an N × N block of pixels can be correctly computed from its DCT coefficients
by the sum of the squared normalized Eq. (4) AC coefficient of the DCT block [15]. Once the variance-
based image fusion is completed in the DCT domain, Consistency Verification (CV) is employed as a
post-processing step to further refine the fused image, ensuring improved accuracy and visual quality.

2.4 DCT with Correlation Coefficient and DCT with Correlation Coefficient + CV
The correlation coefficient (CC) is the statistical representation that examines the level of linear

relationship among two variables. The correlation among the two N ×N blocks of images A and B is defined
as (10):

Corr (A, B) = ∑M−1
N−1 ∑M−1

N−1 (A(m, n) − a′) (B (m, n) − b′)√
∑M−1

N−1 ∑M−1
N−1 (A(m, n) − a′)

√
∑M−1

N−1 ∑M−1
N−1 (B (m, n) − b′)

(10)
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whereas A(m, n) is the intensity of the (m, n)th pixel in image A, B(m, n) is the intensity of the (m, n)th

pixel in image B, b is the mean intensity value of image A, and b is the mean intensity value of image B.
To derive the correlation of the N × N block of image A and B in the DCT domain, the PA(i , j) and

PB(i , j) are defined as follows:

PA (i , j) = dA (i , j) − dA (11)

PB (i , j) = dB (i , j) − dB (12)

whereas PA (i , j) and PB (i , j) are the DCT coefficients of the N × N block of image A and B, respectively.
Also dA and dB are mean values of the DCT coefficient of the N × N block of images A and B, respectively.

Then, the correlation coefficient among two N × N blocks of images A and B in the DCT domain is
given as:

CorrDCT (A, B) =
∑M−1

i=0 ∑N−1
j=0 PA(i , j)PB(i , j)

2
√
∑M−1

i=0 ∑N−1
j=0 PA(i , j) 2

√
∑M−1

m=0∑N−1
n=0 PB(i , j)

(13)

hence, the correlation coefficient of two N ×N blocks of images A and B can be obtained just from the DCT
coefficients mathematically [16].

In multi-focus image fusion, the DCT-based correlation coefficient method follows a structured process.
Initially, the input images are filtered using a low-pass filter, producing artificially blurred versions of the
original images. These blurred images, along with their corresponding input images, are then divided into
8 × 8 blocks, and the DCT coefficients for each block are computed. Each block from the first input
image and its corresponding blurred block, as well as each block from the second input image and its
respective blurred block, are analyzed in this process. The difference between a sharp image and its blurred
version becomes evident after low-pass filtering. Notably, blocks from the focused regions undergo greater
changes when passed through the low-pass filter, whereas blocks from unfocused (blurred) regions remain
relatively unchanged.

As a result, the correlation coefficient between a focused image block before and after filtering is lower
than that of a blurred region, which remains largely similar. Consequently, blocks exhibiting greater variation
after filtering—those with lower correlation coefficient values—are identified as belonging to the focused
areas and are selected for the fused image. This correlation coefficient serves as a key decision-making
criterion in constructing the decision map for the image fusion process [16].

DecisionMap =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

−1 if CorrDCT (imA, imA) < CorrDCT (imB, imB)
+1 if CorrDCT (imA, imA) > CorrDCT (imB, imB)
0 otherwise

⎫⎪⎪⎪⎬⎪⎪⎪⎭
(14)

The block selection for the fused output image (DCT + Corr) is defined as (10):

Output Image(DCT +Corr) =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

imA if Decisionmap = −1
imB if Decisionmap = +1

imA+ imB
2

if Decisionmap = 0

⎫⎪⎪⎪⎪⎪⎬⎪⎪⎪⎪⎪⎭

(15)

Once the Correlation coefficient-based image fusion is completed in the DCT domain, Consistency
Verification (CV) is employed as a post-processing step to further refine the fused image, ensuring improved
accuracy and visual quality.
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2.5 DCT with Singular Value Decomposition (SVD) and DCT with SVD + CV
Two-dimensional DCT (using vector processing) transform of N × N blocks of the image a(m, n) are

represented as Eq. (16):

A = C ⋅ a ⋅CT (16)

where the orthogonal matrix C consists of coefficients of the discrete cosine transform and superscripts T
stands for the transpose operator. On the other hand, A represents the DCT coefficients for the image’s matrix
of a. Furthermore, it is known as a Hermitian matrix, i.e.,

C−1 = CT (17)

The DCT inverse of A is therefore defined as Eq. (18).

a = CT ⋅A ⋅C (18)

The SVD Matrix applies to the spatial domain. But here transforming the discussion into the DCT
domain and comparing the SVD matrix, it is concluded that the matrix∑ has the exact data in both spatial
and DCT domains, so

b8×8 = U∑8×8 VT(Spatial Domain) (19)

B8×8 = Ú ˙
∑8×8 v̇T(DCT Domain) (20)

All parameters are different, however,∑ and∑′ are identical.
In the equations shown above, it has been proven that ∑(DCT domain) and∑ Spatial Domain

matrices are exactly equal. To put it in other words, eigen values of bbT and BBT are the same [13].
By calculating SVD and eigenvalues of BBT for 8 × 8 blocks in DCT, singular values σi(σ1, . . . , σ8)

are extracted for each block. The lower indexes are for low frequencies and the higher indexes are for high
frequencies. Singular values σ6, σ7 and σ8 have smaller values, and is almost zero, which block noise has
a great impact on changing their values. Therefore, to keep choosing unsuitable blocks, it is better to use
σ1, . . . , σ5. The geometric mean of 5 largest singular values is selected as a standard for the focused blocks:

SVD5
DCT =

√
σ1σ2σ3σ4σ5 (21)

Accordingly, the block with the most value of SVD5
DCT is selected as the focused block. The output

resultant image is constructed by the decision map (M) of selected suitable focused blocks. The decision map
of two multi-focused images (imA and imB) is as follows:

M(i , j) = { 1 if SVD5
DCT (imA) > SVD5

DCT (imB)
−1 if else } (22)

where i and j = 1, 2, . . . , size of the input image
8

Accordingly, for the (i , j)th block of the output image, if M (i , j) = 1, imA is used and if M (i , j) =
−1, imB is used [13]. Once the SVD based image fusion is completed in the DCT domain, Consistency
Verification (CV) is employed as a post-processing step to further refine the fused image, ensuring improved
accuracy and visual quality.
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2.6 DCT with Sharp and DCT with Sharp + CV
The focused image is highly informative and has high contrast. The image quality and contrast are

specified by variance, and the variance of an image is used as a criterion. Thus, the block of the focused area
in image h has a higher variance value than the block of the unfocused area. But sometimes the variance
criterion finds error in selecting some similar blocks. To avoid selecting the unsuitable block for making
the resultant image, and because of the small difference in variance among some corresponding blocks of
input multi-focus images, the introduced method increases and enhances the amount of difference among
the variances by sharpening the input images [17].

The sharpened input image is obtained using the unsharp mask, as shown in (23).

unsharp mask =
⎛
⎜
⎝

−0.1667 0.6667 − 0.1667
0.6667 4.3333 0.6667
−0.1667 0.6667 − 0.1667

⎞
⎟
⎠

(23)

The DCT-based multi-focus image fusion technique divides the input images and the sharpened input
images into 8 × 8 blocks and the DCT coefficients of the sharpened in put images blocks are calculated. So,
the variance of the sharpened input image’s blocks is calculated. This algorithm compares the variance value
of the corresponding blocks of sharpened input images and gives discrete values defined as (24) to them for
making a decision map M (m, n).

M (m, n) =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

1 if var (imAsharp) > var (imBsharp) + T
−1 if var (imAsharp) < var (imBsharp) − T

0 otherwise

⎫⎪⎪⎪⎬⎪⎪⎪⎭
(24)

Once the sharpness-based image fusion is completed in the DCT domain, Consistency Verification
(CV) is employed as a post-processing step to further refine the fused image, ensuring improved accuracy
and visual quality.

2.7 DCT with DCT + Corr_eng and DCT with DCT + Corr_eng + CV
The correlation coefficient detailed mathematical explanation is given in the above Section 2.4. However,

we will continue to explain the energy-correlation coefficient. So coalescing the image energy of A and B
in the correlation coefficient relation could better the focus measurement performance. The input image is
represented by symbol A, and the artificially blurred input image is represented by symbol B. The energies
of the input images, A and B, are presented as Eqs. (25) and (26), respectively (A comprehensive detail is
presented in [18]):

EnergyDCT (imA) =
n−1
∑
i=0

n−1
∑
i=0

dimA(i , j)2 (25)

EnergyDCT (imA) =
n−1
∑
i=0

n−1
∑
i=0

dimA(i , j)2 (26)

The calculation of (Eng_Corr) is using (27) by combining of correlation coefficients Eq. (13)
with Eqs. (25) and (26), accordingly [18]:

Eng_corrDCT (imA, imA) = EnergyDCT (imA) × 1−corrDCT (imA, imA) = EnergyDCT (imA) (27)
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3 Comparison
Comparison of the advantages and disadvantages of DCT-based multi-focus image fusion methods

in Table 1.
Table 1: Advantages and disadvantages of DCT-based methods

Sr. no. Fusion method Advantages Disadvantages
1 DCT + Variance

➢ Enhances the quality of the
resultant image.

➢ Reduces complexity, making it
suitable for real-time applications.

➢ Simple to compute and implement.
➢ Works well in high-contrast regions.

➢ Variance for a single image
may not always capture all
important details.

➢ Sensitive to noise, which can
lead to undesired distortions.

2 DCT +
Correlation
Coefficient

➢ Simple and efficient approach.
➢ Offers flexibility in fusing images

with different depths of focus.
➢ Helps determine the strength of

relationships between image blocks.
➢ Works well in statistical

image analysis.
➢ Balanced fusion: This technique

balances the energy information and
the correlation between images,
leading to a fused image that retains
both energy features and
structural details.

➢ Flexibility: The method can adapt to
different types of input images,
making it versatile for various fusion
tasks [19].

➢ Cannot determine cause and
effect relationships between
image features.

➢ No control over external
factors that may
influence correlation.

➢ Less effective when dealing
with complex textures and
noisy images.

➢ Increased complexity: The
combination of energy and
correlation measures with
DCT increases the overall
complexity, requiring careful
tuning of parameters.

➢ Resource-intensive: This
method may require
significant computational
resources, particularly for
high-resolution images or
large datasets.

(Continued)
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Table 1 (continued)

Sr. no. Fusion method Advantages Disadvantages
3 DCT + Singular

Value
Decomposition

(SVD)

➢ Enhances the quality of the fused
image while reducing
processing time.

➢ More stable in noisy conditions
compared to other methods.

➢ Can be applied in both DCT and
spatial domains.

➢ Retains important structural
information of the image.

➢ Enhanced detail preservation: The
combination of DCT and SVD
enhances detail preservation by
leveraging the strengths of both
techniques—DCT’s energy
compaction and SVD’s ability to
extract significant features.

➢ Robustness: This method is robust
against noise and minor image
distortions, making it suitable for
various practical applications [20].

➢ Computationally expensive,
making it less suitable for
real-time applications.

➢ Sensitive to missing data.
➢ Requires careful tuning for

optimal performance.
➢ Increased computational

load: Adding SVD to DCT
increases the computational
complexity, which may not be
ideal for real-time processing.

➢ Dependency on singular
values: The performance
heavily depends on the
selection of singular values,
which can be challenging to
optimize for different types
of images.

4 Sharpening
Method

(Unsharp
Masking)

➢ Improves the quality of the
resultant image.

➢ Simple and widely used in
many applications.

➢ Enhances edges and fine
details effectively.

➢ Works well for improving contrast
[21].

➢ Highly sensitive to noise,
leading to undesirable
distortions in the image.

➢ Over-enhancement of
high-contrast areas can
introduce unnatural artifacts.

➢ May cause halo effects around
the edges.

5 DCT + Energy-
correlation
Coefficient

➢ Enhanced the overall quality of the
resultant image.

➢ Importantly reduces errors caused
by incorrect block selection.

➢ Provides better
structure preservation.

➢ Works well in complex image fusion
scenarios [8].

➢ Computationally complex,
requiring higher
processing power.

➢ Difficult to implement due to
complex
mathematical operations.

➢ Requires careful parameter
tuning for optimal results.
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4 Experiments

4.1 Performance Metrics
This Comparative analysis is based on DCT-based methods in multi-focused image fusion. We are

trying to demonstrate the best results in all of them and broaden the knowledge about each technique of
DCT based on multi-focused. For demonstrating the best results using six quantitative measures in Table 2.

Table 2: Summary of quantitative measures

Ref. Metrics Formula Description Best value
[22] Root Mean

Square Error
(RMSE)

RMSE =
1

MN

�
��� M
∑
i=1

N
∑
j=1
(G (i , j) − F (i , j))2

RMSE is utilized in calculating the difference
between the original image and resultant image by

explicitly calculating pixel value variations. RMSE is
very denoting the resultant image spectral quality.

Lower (close to
zero)

[23] Entropy E = −
G−1
∑

k=0
Sk LogSk Entropy (E) is an important quantitative measure,

which can be utilized to differentiate the texture,
appearance, or information contents in the image.

Higher value

[24] Percentage Fit
Error (PFE)

PFE = norm (Ir−If)
norm (Ir) ∗100 It is computed as the norm of the difference between

the corresponding pixels of the true image and the
resulting image to the norm of the true image.

Lower (equal to
zero)

[19] Correlation
Coefficient

(Corr)

Corr = 2Cz p

Cz + CP

Cz p =
M
∑
a=1

N
∑
b=1

Iz (a, b) ∗ Ip (a, b)

Cz =
M
∑
a=1

N
∑
b=1

Iz (a, b)2

Cp =
M
∑
a=1

N
∑
b=1

Ip (a, b)2

The CORR is a quantitative metric that demonstrates
the correlation between the true image and the

resultant image. When the true and resultant images
look the same, the value will be near to one. If the
true and resultant images are dissimilar, then the

value will be near zero.

Higher value

[25] Signal to Noise
Ratio (SNR)

SNR =
10 log10 (

∑M
a=1∑

N
b=1(Iz(a ,b))2

∑M
a=1∑

N
b=1(Iz(a ,b)−Iz(a ,b))2 )

SNR is the measure of performance used to obtain
the ratio between the information and the noise of

the output image.

Higher value

[26] Peak Signal to
Noise Ratio

(PSNR)

PSNR =
20 log [ G2

1
M×N ∑

M
a=1∑

N
b=1(Iz(a ,b)−I p(a ,b))2 ]

PSNR is one of the major metrics and is widely
applied in fusion. PSNR is employed for the

measurement of the spatial quality of the image. The
calculation is done by the number of grey levels
divided by the same pixels in the actual and the

outcome images.

Higher value

4.2 Results and Analysis
This study presents a comparative analysis of various DCT-based methods for multi-focus image

fusion. The approaches under evaluation include DCT + Variance, DCT + Variance + CV (Consistency
Verification), DCT + Correlation Coefficient (CC), DCT + CC + CV, DCT + Singular Value Decomposition
(SVD), DCT + SVD + CV, DCT + Sharpening, DCT + Sharpening + CV, DCT + Correlation Energy
(Corr_Eng), and DCT + Corr_Eng + CV. The performance of these methods is assessed using three
evaluation criteria: Quantitative measures, Qualitative Error Image (QEI) measures, and Qualitative visual
assessment. The quantitative evaluation is conducted using six different measures, namely RMSE, PEF,
Entropy, SNR, PSNR, and Correlation. For experimentation, well-known standard multi-focus images,
including lab, and doll images, are used. Each image in the dataset has a resolution of 520 × 520 pixels. The
fusion process involves two images, but the proposed methods can also be extended to handle more than
two multi-focus images [18].
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Additionally, the Qualitative Error Image (QEI)—also known as the difference image—is generated by
subtracting the fused image from the reference image. A less visible QEI indicates a higher similarity between
the fused and reference images, signifying better fusion quality [27].

The qualitative results of all the DCT-based approaches are illustrated in Fig. 2. This figure presents the
fused image alongside its corresponding error (difference) image for the DCT + Correlation (DCT + Corr)
method. Following that, additional images showcase the fused and error images generated by the extended
DCT + Corr method incorporating Consistency Verification (CV). From these visual comparisons, it is
evident that the difference image of DCT + Corr + CV appears to be more informative than that of DCT
+ Corr alone. This observation leads us to explore the reasoning behind the improvements brought by the
Consistency Verification (CV) process. To illustrate, consider a scene composed of multiple blocks, all of
which fall entirely within the depth of focus of image A. Ideally, all blocks in this region should be selected
from image A. However, due to the presence of noise or unintended artifacts, some blocks may erroneously
be chosen from image B, leading to inconsistencies in the fused image. The CV process effectively corrects
such errors by ensuring that the final selection aligns with the majority of correctly chosen blocks, thereby
enhancing the overall quality of the fused image [28,29].

Figure 2: (Continued)
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Figure 2: The fused images and corresponding error images produced by different DCT-based methods for test
Image 1

Burger and Burge [13] introduced a majority filter that plays an important part in the consistency
verification (CV) process. Based on this method, if the center block of a region is chosen from source image
B, while most of its surrounding blocks are drawn from source image A, the center block is replaced with its
corresponding block from image A.

This method ensures that the fused image is constructed with greater accuracy and consistency. By
following this straightforward procedure, all DCT-based methods integrate consistency verification (CV) to
enhance fusion results. The proposed method, when extended with CV, further refines the output, leading
to improved image quality and reduced errors. Based on our observations, a comparison of the error images
in Figs. 2 and 3 for all DCT-based methods reveals a clear pattern. Observing these images, it is clear that the
DCT + Variance + CV approach consistently yields better qualitative results for all the three datasets. This
indicates that the use of Consistency Verification (CV) improves the fusion process and results in a more
accurate and refined final image.

Figure 3: (Continued)
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Figure 3: The fused images and corresponding error images produced by different DCT-based methods for test
Image 2

The quantitative analysis is conducted using six different evaluation metrics, revealing some intriguing
insights. The statistical values are notably close to one another, indicating that all DCT-based methods
demonstrate strong performance.

From Table 3, the DCT + Variance method appears to yield the best results for the Disk image set.
In Table 4, the PEF metric performs well with DCT + SVD, while entropy values are higher for DCT +
Sharpen + CV. Meanwhile, the Lab image set results indicate that most metrics favor DCT + Variance.

For the Doll image set, DCT+Variance achieves the best scores for RMSE and PEF, while the remaining
metrics show higher values for DCT +Variance + CV. Based on both visual and statistical comparisons, our
analysis suggests that DCT + Variance and DCT + Variance + CV stand out as the most effective methods
among all DCT-based approaches.
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Table 3: The quantitative results of DCT-based approaches using Lab image sets

Matrices DCT +
Corr

DCT +
Corr +

CV

DCT +
Variance

DCT +
Variance +

CV

DCT +
SDV

DCT +
SDV +

CV

DCT +
Sharp

DCT +
Sharp +

CV

DCT +
Corr_eng

DCT +
Corr_eng
+ CV

RMSE 12.1542 12.2989 11.9258 12.5200 12.0189 12.4451 12.0213 12.3603 12.0557 12.2923
PFE 3.5469 3.6464 3.6432 3.7566 3.2436 3.6778 3.5299 3.7156 3.5387 3.6574

Entropy 0.1348 0.1196 0.1403 0.1064 0.1246 0.1103 0.1608 0.1935 0.1128 0.0818
SNR 20.1086 20.0058 20.2734 19.8511 20.2059 19.9032 20.2041 19.9626 20.1793 20.0105

PSNR 37.3175 37.2661 37.3999 37.1888 37.3662 37.2148 37.3653 37.2445 37.3529 37.2685
Correlation 0.9957 0.9956 0.9959 0.9954 0.9958 0.9955 0.9958 0.9955 0.9958 0.9956

Note: The bold values show the best results among all.

Table 4: The quantitative results of DCT-based approaches using Lab image sets

Matrices DCT +
Corr

DCT +
Corr +

CV

DCT +
Variance

DCT +
Variance +

CV

DCT +
SDV

DCT +
SDV +

CV

DCT +
Sharp

DCT +
Sharp +

CV

DCT +
Corr_eng

DCT +
Corr_eng
+ CV

RMSE 8.0140 8.1007 8.0013 8.8278 8.4002 8.5047 8.0017 8.5352 8.3854 8.5264
PFE 1.3696 1.4370 1.3251 1.7146 1.4882 1.6153 1.3688 1.6131 1.6260 1.6531

Entropy 0.0417 0.0522 0.0528 0.0686 0.0618 0.0634 0.0476 0.0618 0.0680 0.0663
SNR 23.6820 23.5885 22.8977 23.8419 23.2732 23.1658 23.6954 23.1347 23.2885 23.1437

PSNR 39.1263 39.0796 38.7342 39.7063 38.9219 38.8682 39.1330 38.8526 38.9296 38.8571
Correlation 0.9981 0.9980 0.9977 0.9986 0.9979 0.9978 0.9981 0.9978 0.9979 0.9978

Note: The bold values show the best results among all.

4.3 Simulation Conditions
The simulations for the DCT-based methods were conducted using MATLAB R2020b on a system

equipped with an Intel Core i7-6700K processor (4.00 GHz) and 8 GB of RAM. The simulation codes for all
the methods were obtained from an online database, originally provided by Haghighat et al. [15] and further
contributed by Naji et al. [16,18,20,21].

5 Conclusion
In this article, a comparative analysis is conducted to evaluate DCT-based methods. The DCT-based

methods of multi-focused image fusion are proven to be more suitable and time-saving in real-time systems
for still images or videos. This comparative analysis will broaden the knowledge about a bunch of techniques
and explain the technical modifications in these methods for emerging researchers. So, all DCT-based
methods are technically (mathematically) elaborated, and the results are compared using six commonly used
metrics on two different image sets. According to experiments, we are assuming that based on visual and
statistical results, the DCT +Variance and DCT +Variance +CV methods performed well and achieved the
most successful results for all of the image sets. The investigation provided a framework for further study in
multi-focus image fusion on DCT-based methods. The improvements to the above disadvantages are left as
future work.

While the comparative results provide valuable insight into the strengths of DCT-based methods, the
study acknowledges that these methods are primarily traditional and may have limitations in handling
highly dynamic or complex real-world scenarios. The absence of deep learning-based comparisons, adaptive
thresholding techniques, and fusion performance under noisy conditions remains a gap that should be
addressed. In future work, we plan to extend this study by:
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• Integrating deep learning approaches (e.g., CNNs and Transformers) with DCT-based methods to
enhance fusion quality.

• Introducing optimization frameworks for dynamic parameter tuning in DCT variants.
• Conducting large-scale evaluations on diverse and real-time datasets, including noisy, medical, and

aerial images.
• Incorporating statistical significance testing (e.g., p-values) to validate differences in performance.
• Exploring hybrid frameworks that combine spatial and frequency domain fusion techniques.

These directions will not only overcome the existing limitations but also offer a more robust, generaliz-
able, and modern approach to multi-focus image fusion.
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