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Abstract
To circumvent the sorting dilemma encountered in color image filtering, a mul-
tivariate filtering approach tailored for color images is proposed based on an
investigation of vector similarity. First, within the RGB color space, a simi-
larity measure is defined utilizing both the distance and angular relationships
between color vectors to characterize color similarity that aligns with human
visual perception. Second, guided by this color similarity criterion, a color mul-
tivariate filtering method is designed and constructed, with a comprehensive
analysis and investigation conducted on how its associated parameters affect
filtering performance. Finally, to validate the efficacy of the proposed method,
it is applied to the filtering of both standard color images and color remote
sensing imagery. Experimental results demonstrate that the proposed method
not only effectively resolves the sorting problem inherent in traditional filtering
approaches, but also mitigates issues such as image blurring and edge degra-
dation resulting from filtering. Furthermore, comparative experiments between
the proposed multivariate filtering and conventional methods reveal that it can
effectively suppress multiple types of noise while preserving original image infor-
mation, yielding clear and faithful image content. The visual quality surpasses
that of traditional methods, with substantial improvements observed in objec-
tive evaluation metrics.
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Abstract: To avoid the sorting challenge inherent in color image filtering, this
paper proposes a multivariate filtering method for color images based on vector
similarity. First, in RGB color space, similarity measures between color vec-
tors are defined using both distance and angle to characterize color similarity
consistent with human visual perception. Second, a color multivariate filtering
method is designed and constructed based on this color similarity criterion, with
in-depth analysis of how related parameters affect filtering performance. Finally,
to verify the effectiveness of the proposed method, it is applied to standard color
images and color remote sensing image filtering. Experimental results demon-
strate that the proposed method not only effectively solves the sorting problem
of traditional filtering methods but also overcomes issues such as image blurring
and unclear edges caused by filtering. Additionally, comparative experiments
with traditional methods show that it can effectively remove various types of
noise while better preserving original image information, resulting in clear and
faithful image information with superior visual effects and significantly improved
objective evaluation metrics.

Keywords: vector similarity; similarity measure; vector filtering; multivariate
filtering

Introduction
Noise is generated during image acquisition, transmission, and processing, di-
rectly affecting image quality and the accuracy of processing results. Due to
different generation mechanisms, common image noise includes Gaussian noise,
salt-and-pepper noise, and various other types. Image filtering is an image
processing technique aimed at image fidelity, which recovers original image in-
formation from noise-contaminated images while preserving target edges and
detail information. Therefore, it holds significant practical importance in image
processing.

From the perspective of image representation, image filtering can be divided
into grayscale image filtering and color image filtering. Grayscale image filter-
ing uses grayscale values as the sole basis and is relatively easy to implement.
Unlike grayscale images, color images are multivariate, involving multiple color
channels with strong correlations between them. Consequently, grayscale image
filtering methods cannot be directly applied to color images, making color im-
age filtering more complex and difficult. For color images, noise not only causes
color distortion and reduced clarity but also directly impacts image processing
and applications.

Common filtering methods for noise include scalar and vector filtering ap-
proaches. Scalar filtering applies filtering to the three color channels of a
color image separately, then synthesizes the results to obtain the filtered
color image. This method fails to consider the organic relationship among
the three color components in color images, potentially producing colors not
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present in the original image, causing further distortion and even local color
inconsistencies that destroy hue and edge detail information. Vector filtering
treats color pixels as vectors in color space, fully considering the relationships
among color channel components, and demonstrates better robustness in noise
elimination, hue preservation, and edge/detail protection. Therefore, vector
filtering methods for color images are more reasonable and effective than scalar
methods.

Vector median filtering (VMF), vector direction filtering (VDF), and vector
direction distance filtering (DDF) have received widespread attention, but these
methods employ maximum quantity smoothing during filtering, often causing
image distortion by damaging edge and detail information. In addition to these
vector filtering methods, Lukac et al. proposed selection-weighted vector median
filtering; Wu Kun et al. introduced quaternion theory into color image filtering;
and Sun Jianzhao et al. utilized fuzzy neural networks for image noise filtering.
Although these improved methods enhance performance in certain aspects, they
all have limitations due to the special representation form and sorting issues of
color images.

When implementing vector filtering, the m color vectors in the filtering window
Wi centered at pixel i are sorted according to certain rules to form an ascending
sequence:

𝑧(1) ≤ 𝑧(2) ≤ … ≤ 𝑧(𝑗) ≤ … ≤ 𝑧(𝑚)

where 𝑧(𝑗) represents the j-th order statistic. The smallest vector 𝑧(1) and the
largest vector 𝑧(𝑚) then become the minimum and maximum filtering outputs for
that window, respectively. Different vector ordering criteria produce different
filtering outputs in practical applications, typically forming nonlinear filtering
methods such as VMF, VDF, and DDF.

When using inter-vector distance as the ordering criterion, the cumulative sum
of distances Δ𝑗 from each vector 𝑧𝑗 in the window to all vectors can be expressed
as:

Δ𝑗 = ∑
𝑘∈𝐽

𝑑(𝑧𝑗, 𝑧𝑘)

The resulting ordering sequence is:

Δ(1) ≤ Δ(2) ≤ … ≤ Δ(𝑗) ≤ … ≤ Δ(𝑚)

The vector 𝑧(1) corresponding to the smallest cumulative distance sum in the
sequence is the vector in the current filtering window with the minimum total
distance to all other vectors. Using this as the filter output constitutes the
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Vector Median Filter (VMF), which outputs an existing pixel from the window
and effectively removes noise pixels that differ significantly in vector distance.

Similarly, when using the angle between two vectors for ordering, the cumulative
sum of angles Θ𝑗 from each vector 𝑧𝑗 to all vectors can be expressed as:

Θ𝑗 = ∑
𝑘∈𝐽

𝜃(𝑧𝑗, 𝑧𝑘)

The resulting ordering sequence is:

Θ(1) ≤ Θ(2) ≤ … ≤ Θ(𝑗) ≤ … ≤ Θ(𝑚)

The vector 𝑧(1) corresponding to the smallest cumulative angle sum is the vector
in the current filtering window with the minimum total angular difference to all
other vectors. Using this as the filter output constitutes the Vector Direction
Filter (VDF), which effectively removes noise pixels with significantly different
hues.

For more comprehensive consideration of vector correlation characteristics, both
vector distance and relative direction can be used simultaneously as ordering
criteria. The product 𝐵𝑗 of the cumulative distance and angle sums for each
vector 𝑧𝑗 to all vectors is expressed as:

𝐵𝑗 = ∑
𝑘∈𝐽

𝑑(𝑧𝑗, 𝑧𝑘) ⋅ ∑
𝑘∈𝐽

𝜃(𝑧𝑗, 𝑧𝑘)

The resulting ordering sequence is:

𝐵(1) ≤ 𝐵(2) ≤ … ≤ 𝐵(𝑗) ≤ … ≤ 𝐵(𝑚)

The vector 𝑧(1) corresponding to the smallest product of distance and angle
cumulative sums constitutes the Directional Distance Filter (DDF), which can
remove both noise pixels with large vector distance differences and those with
large hue differences.

The output pixels of these filtering methods are all existing pixels from the win-
dow, introducing no new colors. However, since all pixels are smoothed equally,
even those not contaminated by noise are altered, causing damage to contours,
edges, and details in color images. This creates a contradiction between noise
suppression and detail preservation, and all methods require extensive vector
sorting with computational complexity growing geometrically with window size,
making them difficult to satisfy some practical application requirements. More-
over, finding a suitable and universal color vector ordering rule is challenging, so
these methods have limitations in noise removal, image restoration, and preser-
vation of original image details.
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To avoid the sorting dilemma in color image filtering, this paper proposes a mul-
tivariate filtering method for color images based on color space vector similarity.
This method not only eliminates filtering problems caused by sorting but also
effectively removes image noise while preserving original image detail features
without causing distortion through the creation of new colors. Compared with
traditional filtering methods, its performance shows significant improvement.

1 Theoretical Foundation
1.1 Typical Vector Filtering

Given a color image 𝑧 = {𝑧𝑖(𝑥𝑖, 𝑦𝑖), (𝑥𝑖, 𝑦𝑖) ∈ 𝑃 , 𝑖 ∈ 𝐼} defined on image domain
𝑃 , where 𝐼 = {1, 2, … , 𝑛}, (𝑥𝑖, 𝑦𝑖) are the planar coordinates of pixel 𝑖, 𝑖 is
the pixel index, 𝑛 is the number of pixels, 𝑃 is the image domain, and 𝑧𝑖 =
(𝑧𝑅

𝑖 , 𝑧𝐺
𝑖 , 𝑧𝐵

𝑖 ) is the color vector corresponding to pixel 𝑖 in RGB space, with
𝑧𝑅

𝑖 , 𝑧𝐺
𝑖 , 𝑧𝐵

𝑖 representing the red, green, and blue components of color vector 𝑧𝑖,
respectively.

The color vector set in the filtering window centered at pixel 𝑖 is 𝑊𝑖 = (𝑧𝑖, 𝑧′
𝑖) =

{𝑧𝑗, 𝑗 ∈ 𝐽}, where 𝑖 ∈ 𝐼 , 𝑖′ ∈ 𝑁𝑖, 𝑁𝑖 is the set of neighboring pixels of pixel
𝑖, 𝑗 is the pixel index in the filtering window, 𝐽 = {1, 2, … , 𝑚}, and 𝑚 is the
number of vectors in the filtering window. Color image vector filtering processes
each pixel’s filtering window sequentially according to certain rules to achieve
filtering output, thereby transforming color image filtering into a color space
vector filtering problem.

1.2 Vector Similarity Measure

Generally, pixels in homogeneous regions of color images unaffected by noise
exhibit high similarity, while their similarity decreases when affected by noise.
This paper exploits this characteristic by introducing the concept of similarity
measure to characterize the degree of similarity between color vectors, using it
as the foundation for color image multivariate filtering and effectively avoiding
the color vector sorting problem.

Similarity measure is an important metric for studying and analyzing relation-
ships between targets, with wide applications in image processing, information
retrieval, pattern recognition, data mining, multivariate data analysis, and im-
age retrieval.

For the filtering window color vector set 𝑊𝑖 = {𝑧𝑗, 𝑗 ∈ 𝐽} constructed for any
pixel 𝑖, given a color vector pair 𝑧𝑗, 𝑧𝑘 ∈ 𝑊𝑖, 𝑗, 𝑘 ∈ 𝐽 , their vector similarity
measure is defined as:

𝜇(𝑧𝑗, 𝑧𝑘) = exp (−𝑘1 ⋅ 𝑑(𝑧𝑗, 𝑧𝑘)) ⋅ cos𝑘2 (𝜃(𝑧𝑗, 𝑧𝑘))

chinarxiv.org/items/chinaxiv-201808.00046 Machine Translation

https://chinarxiv.org/items/chinaxiv-201808.00046


where 𝑘1 ∈ [0, ∞) and 𝑘2 ∈ [0, 1] are parameters controlling the similarity degree,
and 𝑑(𝑧𝑗, 𝑧𝑘) and 𝜃(𝑧𝑗, 𝑧𝑘) ∈ [0, 𝜋/2) represent the distance and angle between
two color vectors, respectively, expressed as:

𝑑(𝑧𝑗, 𝑧𝑘) = (
3

∑
𝑞=1

|𝑧𝑞
𝑗 − 𝑧𝑞

𝑘|𝑝)
1/𝑝

cos (𝜃(𝑧𝑗, 𝑧𝑘)) =
∑3

𝑞=1 𝑧𝑞
𝑗 𝑧𝑞

𝑘

(∑3
𝑞=1 |𝑧𝑞

𝑗 |𝑝)
1/𝑝

(∑3
𝑞=1 |𝑧𝑞

𝑘|𝑝)
1/𝑝

where 𝑝 is the vector norm, here taken as 𝑝 = 2, meaning 𝑑(𝑧𝑗, 𝑧𝑘) is the Eu-
clidean distance between vectors. From equation (8), the defined vector simi-
larity measure ranges in [0, 1]. Thus, when two pixel colors are visually similar,
their corresponding color vectors in RGB space are closer in distance and angle,
resulting in a larger similarity measure value indicating higher similarity. Con-
versely, when two pixel colors differ significantly visually, their vector distance
or angle is larger, yielding a smaller similarity measure value indicating lower
similarity. When the colors are identical, the two color vectors coincide (becom-
ing the same vector) with zero distance and angle, giving a similarity measure
of 1, representing the highest similarity degree. This aligns well with actual
human visual perception of color images.

Human color perception exhibits variability, and similarity differs based on vi-
sual perception. Additionally, edge and detail information in color images has
certain uncertainties, making it difficult to precisely distinguish these edge detail
pixels from noise. Therefore, parameters 𝑘1 and 𝑘2 are introduced in equation
(8) to artificially adjust the similarity degree between two vectors by changing
their values. For the same pair of vectors, different parameter selections for 𝑘1
and 𝑘2 yield different similarity measure values. For instance, if 𝑑(𝑧𝑗, 𝑧𝑘) = 1
and 𝜃(𝑧𝑗, 𝑧𝑘) = 𝜋/4, the variation in similarity measure between the two vectors
is shown in [Figure 1: see original paper]. The figure clearly demonstrates that
for the same pair of color vectors, different values of parameters 𝑘1 and 𝑘2 pro-
duce different fuzzy similarity measures from equation (8), consistent with the
fuzziness and uncertainty of human visual perception. Experimental analysis
shows that different combinations of parameters 𝑘1 and 𝑘2 directly determine
the similarity degree between two vectors. As 𝑘1 and 𝑘2 increase, the similarity
measure between vectors decreases and similarity reduces; conversely, similarity
increases. Parameter 𝑘1 has a greater influence on the similarity measure than
𝑘2, with the similarity measure being more sensitive to changes in 𝑘1. This
similarity measure definition effectively characterizes the similarity relationship
between two vectors, laying the foundation for color image multivariate filtering.
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2 Algorithm Description
Multivariate filtering of color image 𝑧 processes each pixel 𝑖’s corresponding
filtering window 𝑊𝑖 sequentially to achieve filtered vector output 𝑣𝑖, i.e., 𝑣𝑖 =
ℒ(𝑊𝑖), where the vector corresponding to the current pixel 𝑖 in the window is
designated as 𝑧1. The specific implementation process is as follows:

First, calculate the similarity measures between vectors using equations (8)-(10)
to form a 𝑊𝑖 × 𝑊𝑖 similarity relationship matrix 𝑅𝑖:

𝑅𝑖 = [𝜇(𝑧𝑗, 𝑧𝑘)], 𝑗, 𝑘 ∈ 𝐽, 𝑖 ∈ 𝐼

The similarity relationship matrix 𝑅𝑖 obtained from equation (11) satisfies the
following two conditions:

a) Reflexivity: 𝜇(𝑧𝑗, 𝑧𝑗) = 1, 𝑗 ∈ 𝐽

b) Symmetry: 𝜇(𝑧𝑗, 𝑧𝑘) = 𝜇(𝑧𝑘, 𝑧𝑗), 𝑗, 𝑘 ∈ 𝐽
The average similarity measure for 𝑧𝑗 ∈ 𝑊𝑖 can then be expressed as:

𝐴𝑗 = 1
𝑚

𝑚
∑
𝑘=1

𝜇(𝑧𝑗, 𝑧𝑘), 𝑗, 𝑘 ∈ 𝐽

In equation (12), the average similarity measure 𝐴𝑗 represents the mean similar-
ity measure between vector 𝑧𝑗 and all vectors in 𝑊𝑖. The vector set 𝑈𝑖 composed
of vectors corresponding to the maximum value among these average similarity
measures can be expressed as:

𝑈𝑖 = {𝑧𝑡|𝐴𝑡 = max{𝐴𝑗}, 𝑧𝑗 ∈ 𝑊𝑖}

From equation (13), we obtain the vector with the maximum average similarity
measure in 𝑊𝑖, i.e., the most“central”vector in the current window. This yields
a similarity cluster and corresponding similarity measures for the most“central”
vector 𝑧𝑡. According to actual filtering requirements, if a threshold 𝛼(0 ≤ 𝛼 ≤ 1)
is given, then vectors in this similarity cluster with similarity measures greater
than the given threshold 𝛼 constitute a cut set 𝑊 𝛼

𝑖 ⊆ 𝑊𝑖, called the 𝛼-cut set:

𝑊 𝛼
𝑖 = {𝑧𝑗|𝜇(𝑧𝑡, 𝑧𝑗) ≥ 𝛼, 𝑧𝑗 ∈ 𝑊𝑖}

The multivariate filtering output based on vector similarity in the current filter-
ing window 𝑊𝑖 is then:

𝑣𝑖 = {𝑧1, 𝑧1 ∈ 𝑊 𝛼
𝑖

𝑧𝑡, 𝑧1 ∉ 𝑊 𝛼
𝑖
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From equation (15), when the current vector is in 𝑊 𝛼
𝑖 , the filtering window

output 𝑣𝑖 is the original current vector 𝑧1; when the current vector 𝑧1 is not in
𝑊 𝛼

𝑖 , the output 𝑣𝑖 is the most“central”vector 𝑧𝑡 in the current filtering window.
Both the current vector and the most “central”vector are original image pixel
vectors from the current filtering window.

Thus, for a given color image 𝑧 = {𝑧𝑖, 𝑖 ∈ 𝐼}, the filtered color image 𝑉 = {𝑣𝑖, 𝑖 ∈
𝐼} is formed through the above operation ℒ, where 𝐼 = {1, 2, … , 𝑛}. This
processing not only better preserves original image detail features but also avoids
filtering problems caused by vector sorting, significantly improving algorithm
efficiency and performance.

3 Experimental Results and Analysis
3.1 Acquisition of Relevant Quantities in Multivariate Filtering Win-
dow

The filtering window is the basic unit and region for multivariate filtering. To
further analyze the acquisition and determination of various quantities within
it, assume that in color image 𝑧, a 3$×$3 pixel filtering window 𝑊𝑖 is con-
structed centered at a certain pixel 𝑖, with its corresponding vector set 𝑊𝑖 =
{𝑧𝑗, 𝑗 ∈ 𝐽}, 𝐽 = {1, 2, … , 9}. The nine color vectors are: 𝑧1 = (35, 47, 49),
𝑧2 = (232, 236, 236), 𝑧3 = (85, 97, 99), 𝑧4 = (29, 34, 13), 𝑧5 = (143, 145, 147),
𝑧6 = (9, 23, 45), 𝑧7 = (143, 137, 146), 𝑧8 = (56, 59, 70), and 𝑧9 = (12, 18, 41),
where the vector corresponding to the current filtering pixel 𝑖 is 𝑧1.

To simplify experimental complexity, parameters 𝑘1 = 0.001 and 𝑘2 = 0.2 are
selected. Using equations (8)-(12), the similarity measures between vectors are
calculated to form a 𝑊𝑖 × 𝑊𝑖 similarity relationship matrix 𝑅𝑖 and average
similarity measures 𝐴𝑗. The results are shown in . From the table, the max-
imum average similarity measure 𝐴𝑗 is 0.9124, with its corresponding vector
set 𝑈𝑖 = {𝑧8}, meaning 𝑧8 is the most “central”vector in the current window.
The similarity measures corresponding to this vector’s similarity cluster are:
{0.9683, 0.7409, 0.9455, 0.9553, 0.8653, 0.9343, 0.8698, 1.000, 0.9326}. When the
filtering threshold 𝛼 = 0.9, the 𝛼-cut set 𝑊 𝛼

𝑖 = {𝑧1, 𝑧3, 𝑧4, 𝑧6, 𝑧8, 𝑧9}. Since the
current filtering vector 𝑧1 is in the 𝛼-cut set, the filtering window output 𝑣𝑖 is
the original vector 𝑧1, fully demonstrating that this filtering method preserves
the original features of the window and pixel as much as possible within the al-
lowable range. When the filtering threshold 𝛼 = 0.97, the 𝛼-cut set 𝑊 𝛼

𝑖 = {𝑧8}.
At this point, the current filtering vector 𝑧1 is not included in the 𝛼-cut set, so
the filtering output 𝑣𝑖 is the most “central”vector 𝑧8 in this filtering window,
indicating that this method can find an optimal vector as output within the
allowable range, which remains an original image vector.
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3.2 Multivariate Filtering Experiments

To intuitively evaluate the performance of this multivariate filtering method,
the classic 150$×150𝑝𝑖𝑥𝑒𝑙𝑐𝑜𝑙𝑜𝑟𝑖𝑚𝑎𝑔𝑒′𝑃𝑒𝑝𝑝𝑒𝑟′𝑎𝑛𝑑𝑎150×$150 pixel Ikonos high-
resolution remote sensing image with 1m resolution were selected as test images,
as shown in Figure 2: see original paper(a2). Salt-and-pepper noise with inten-
sity 0.08 was added to create noisy images, as shown in Figure 2: see original pa-
per(b2). For calculating vector similarity measures in equation (8), parameters
𝑘1 = 0.001 and 𝑘2 = 0.2 were selected, with a 3$×$3 pixel rectangular filtering
window and threshold 𝛼 = 0.97. The output images after multivariate filtering
are shown in Figure 2: see original paper(c2). Visual comparison between the
original images (Figure 2: see original paper(a2)) and filtered images (Figure
2: see original paper(c2)) demonstrates that this multivariate filtering method
achieves excellent filtering effects, effectively removing noise while largely pre-
serving edge and detail information of the actual images without causing image
information blurring or distortion, laying a foundation for further application
of color images.

3.3 Analysis and Evaluation of Parameter Influence on Filtering Per-
formance

Evaluation of filtering method effectiveness and performance is conducted
through both subjective and objective aspects. Subjective evaluation assesses
image quality based on human perception, as performed in the above experi-
ments. However, this approach is highly subjective and influenced by different
observers, image types, and environments, introducing certain uncertainties.
Therefore, objective evaluation, which quantifies metrics for filtered image
assessment, is primarily used in practical image filtering quality evaluation.
Generally, different objective evaluation standards are applied based on differ-
ent image quality characteristics. However, evaluating performance is complex
in practice because it is difficult to assess both noise elimination capability and
preservation of unaffected pixels.

The normalized mean square error (NMSE) is adopted as the most widely used
standard for performance evaluation of the multivariate filtering method. If 𝑧𝑖
represents the vector corresponding to pixel 𝑖 in the original color image and 𝑣𝑖
represents its estimated value (the specific value after filtering), NMSE can be
expressed as:

NMSE =
∑3

𝑞=1 ∑𝑛
𝑖=1 ||𝑧𝑞

𝑖 − 𝑣𝑞
𝑖 ||2

∑3
𝑞=1 ∑𝑛

𝑖=1 ||𝑧𝑞
𝑖 ||2

To analyze the influence of parameters on filtering performance, a 150$×$150
pixel‘Pepper’image was selected as the test image (Figure 2: see original paper).
The image was contaminated with Gaussian noise, salt-and-pepper noise, and
combinations thereof. The noise types and related parameters are listed in .
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Table 2 Noise Types | Noise Mode | Noise Type | |————|————| | Mode 1 |
Gaussian (variance 0.005) | | Mode 2 | Gaussian (variance 0.005) + Salt-and-
pepper (intensity 0.02) | | Mode 3 | Salt-and-pepper (intensity 0.02) | | Mode 4
| Salt-and-pepper (intensity 0.02) + Gaussian (variance 0.005) |

The original test images contaminated with the above noise types are shown
in [Figure 3: see original paper], where figures (a)-(d) correspond to the noise
images generated by the four noise modes in .

First, the influence of parameter 𝑘1 on filtering effect and performance under
different noise interferences is evaluated. Assuming 𝑘2 = 0.2 and threshold 𝛼 =
0.5, while 𝑘1 varies from 0 to 10, the NMSE evaluation curves for multivariate
filtering performance are shown in Figure 4: see original paper-(d). The results
show that when 𝑘1 = 0.001, the multivariate filtering method achieves the best
filtering effect for noise mode 1 (Figure 4: see original paper); when 𝑘1 = 0.02,
it achieves the best filtering effect for noise modes 2-4 (Figure 4: see original
paper-(d)). Overall, the filtering performance for noise mode 3 (salt-and-pepper
noise) is particularly notable.

Similarly, when evaluating the influence of parameter 𝑘2 on filtering perfor-
mance, with 𝑘1 = 0.001, threshold 𝛼 = 0.5, and parameter 𝑘2 ∈ [0, 1], the
NMSE variation curves are shown in [Figure 5: see original paper]. The vari-
ation demonstrates that when 𝑘2 = 0.2, the filtering effect and performance
reach optimum for all noise modes.

The threshold 𝛼 is used to adjust the probability of preserving original pixels
during filtering. When 𝑘1 = 0.001, 𝑘2 = 0.02, and threshold 𝛼 varies from 0 to
1, the NMSE curves are shown in [Figure 6: see original paper]. The variation
indicates that when 𝛼 < 0.6, the best filtering effect is achieved for all noise
modes.

Based on the above experiments and analysis, parameters 𝑘1, 𝑘2, and threshold
𝛼 all directly affect multivariate filtering performance and should generally be
determined according to specific conditions in practice.

3.4 Performance Comparison Experiments

The proposed multivariate filtering method is compared with typical filtering
methods including VMF, VDF, and DDF to further study and analyze its per-
formance. Based on previous experimental analysis, the parameters for the
proposed multivariate filtering method are set as 𝑘1 = 0.001, 𝑘2 = 0.2, 𝛼 = 0.5,
with a 3$×$3 pixel filtering window for all methods. The four test noisy images
are shown in [Figure 3: see original paper].

The filtering results for VMF, VDF, DDF, and the proposed method for noise
mode 1 are shown in Figure 7: see original paper-(a4), respectively; results for
noise modes 2, 3, and 4 are shown in Figure 7: see original paper-(d1-d4). Visual
comparison shows that the proposed method (Figure 7: see original paper-(d4))
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achieves excellent filtering effects and performance, better preserving original
image detail features while smoothing image edges.

While visual assessment can sometimes be difficult, NMSE is again used for eval-
uation and analysis. The NMSE performance curves are shown in [Figure 8: see
original paper], where figure (a) shows NMSE evaluation for the four filtering
methods against noise mode 1 (corresponding to Figure 7: see original paper-
(a4)), and figures (b)-(d) show NMSE evaluation curves for noise modes 2, 3, and
4 (corresponding to Figure 7: see original paper-(d1-d4)). The NMSE curves
clearly demonstrate that the proposed multivariate filtering method shows sig-
nificant improvement in objective evaluation metrics compared with traditional
VMF, VDF, and DDF methods, achieving better filtering effects and perfor-
mance for all four noise types.

4 Conclusion
To address color image filtering problems, this paper defines a similarity mea-
sure using both distance and angle in RGB color space to characterize vector
similarity relationships consistent with human visual perception. Based on this
foundation and criterion, a multivariate filtering method for color images is con-
structed and proposed. This method not only avoids the vector sorting dilemma
during filtering but also effectively removes image noise while preserving original
image detail features without causing distortion through new color generation.
Compared with traditional filtering methods, its performance shows substantial
improvement.

The method demonstrates a good compromise between preserving original pixels
and removing noise pixels, effectively maintaining image edge and detail char-
acteristics. Experiments show it achieves excellent filtering effects, particularly
when parameters 𝑘1 = 0.001, 𝑘2 = 0.2, and threshold 𝛼 < 0.6. Comparative
experiments with common filtering methods using objective evaluation metric
NMSE demonstrate that the proposed method can effectively remove various
noise types while better preserving original image information, with superior
visual effects and evaluation metrics compared to traditional methods, offering
certain promotion and practical value.
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