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Abstract - Medical image enhancement is critical for
improving diagnostic accuracy and clinical outcomes. This
research proposes a novel approach to optimize image
enhancement filters through multi-objective optimization
using the Grey Wolf Optimizer (GWO) with dynamic threshold
adaptation. The study focuses on two primary objectives: (1)
improving filter performance by optimizing multiple goals
simultaneously for dynamic threshold adaptation, and (2)
comprehensively comparing the proposed enhancement
methods against existing gray-level contrast enhancement
techniques using various performance metrics. The proposed
framework integrates Convolutional Neural Networks (CNNs)
with metaheuristic optimization and Non-Local Means (NLM)
filtering to achieve superior image quality while preserving
anatomical details. Experimental evaluation on ultrasound,
CT, and MRI datasets demonstrates that the proposed multi-
objective optimization approach outperforms traditional
methods such as Histogram Equalization (HE), Contrast-
Limited Adaptive Histogram Equalization (CLAHE), and linear
contrast stretching across PSNR, SSIM, UQI, and NCC metrics.
The results highlight the effectiveness of dynamic threshold
mechanisms in adapting to local image characteristics,
thereby enabling robust enhancement across diverse imaging
modalities and noise conditions.
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1. INTRODUCTION

Medical imaging modalities such as Magnetic Resonance
Imaging (MRI), Computed Tomography (CT), ultrasound, and
X-ray radiography are essential diagnostic tools in
contemporary clinical practice. However, these images are
frequently degraded by low contrast, noise, blur, and
artifacts that reduce image interpretability and diagnostic
confidence [1]. The quality of acquired images depends on
multiple factors including imaging hardware capabilities,
acquisition parameters, patient motion, and environmental
noise. These limitations necessitate sophisticated image
enhancement techniques capable of simultaneously
optimizing multiple quality aspects without introducing
artificial artifacts[2].

Traditional image enhancement approaches, such as
histogram equalization and contrast stretching, operate on
fixed parameters and single-objective functions. This
limitation creates inherent trade-offs: while aggressive
enhancement may improve contrast, it often amplifies noise
or produces unnatural appearances that reduce clinical
acceptability. Contemporary medical imaging requires
enhancement methods that (1) intelligently balance
competing objectives, (2) adapt to local image characteristics
through dynamic thresholding, and (3) preserve clinically
relevant details while suppressing artifacts [3].

The advent of metaheuristic optimization algorithms,
particularly nature-inspired techniques like the Grey Wolf
Optimizer (GWO), offers promising solutions for multi-
objective parameter tuning. GWO has demonstrated superior
performance compared to other optimization methods in
high-dimensional, nonlinear, multi-modal problems inherent
in image processing [4]. By incorporating GWO with spatial
filtering techniques (such as convolutional filtering and Non-
Local Means filtering) and dynamic threshold mechanisms,
we can develop an adaptive enhancement framework that
optimizes image quality across multiple dimensions
simultaneously [5].

1.1 Research Problem

Medical imaging modalities such as Magnetic Resonance
Imaging (MRI), Computed Tomography (CT), ultrasound, and
X-ray radiography are essential diagnostic tools in
contemporary clinical practice. However, these images are
frequently degraded by low contrast, noise, blur, and
artifacts that reduce image interpretability and diagnostic
confidence [1]. The quality of acquired images depends on
multiple factors including imaging hardware capabilities,
acquisition parameters, patient motion, and environmental
noise. These limitations necessitate sophisticated image
enhancement techniques capable of simultaneously
optimizing multiple quality aspects without introducing
artificial artifacts [2].

Traditional image enhancement approaches, such as
histogram equalization and contrast stretching, operate on
fixed parameters and single-objective functions. This
limitation creates inherent trade-offs: while aggressive
enhancement may improve contrast, it often amplifies noise
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or produces unnatural appearances that reduce clinical
acceptability. Contemporary medical imaging requires
enhancement methods that (1) intelligently balance
competing objectives, (2) adapt to local image characteristics
through dynamic thresholding, and (3) preserve clinically
relevant details while suppressing artifacts [3].

The advent of metaheuristic optimization algorithms,
particularly nature-inspired techniques like the Grey Wolf
Optimizer (GWO), offers promising solutions for multi-
objective parameter tuning. GWO has demonstrated superior
performance compared to other optimization methods in
high-dimensional, nonlinear, multi-modal problems inherent
in image processing [4]. By incorporating GWO with spatial
filtering techniques (such as convolutional filtering and Non-
Local Means filtering) and dynamic threshold mechanisms,
we can develop an adaptive enhancement framework that
optimizes image quality across multiple dimensions
simultaneously [5].

1.2 Paper Organization

The paper is organized as follows: Section II reviews
traditional and advanced image enhancement techniques,
metaheuristic optimization algorithms, and multi-objective
optimization approaches. Section III presents the proposed
methodology including the overall framework architecture,
multi-objective fitness function, dynamic threshold
mechanism, and algorithmic details. Section IV describes the
experimental methodology including datasets, comparison
methods, and evaluation metrics. Section V presents
comprehensive results with quantitative performance
analysis, dynamic threshold effectiveness, multi-objective
optimization impact, and computational efficiency
evaluation. Section VI provides comparative analysis with
gray-level contrast enhancement techniques. Section VII
offers discussion of key findings, implications for medical
imaging, and future research directions. Section VIII
concludes the research with key contributions and impact
assessment.

2. LITERATURE REVIEW

A. Traditional Image Enhancement Techniques

1) Histogram Equalization (HE)

Histogram Equalization is a classical global enhancement
technique that redistributes pixel intensity values to achieve

a more uniform histogram, thereby improving overall
contrast [6]. The transformation function is defined as:

s=T()=(L-1) [ P (W)dw

where r is the input intensity, = is the output intensity, L is
the number of intensity levels, and g, {w] is the probability
density function of input intensities[7].

Advantages: Simple, computationally efficient, effective for
images with low overall contrast.

Disadvantages: Produces unnatural brightness variations,
may amplify noise, creates artifacts in homogeneous regions,
non-adaptive to local image characteristics [8].

2) Contrast-Limited Adaptive Histogram Equalization
(CLAHE)

CLAHE addresses limitations of standard histogram
equalization by operating on local regions (tiles) rather than
the entire image, with a contrast limit parameter to prevent
noise amplification [9]. The contrast limit C; controls the

maximum slope of the transformation:
s=T(r}=7+24 (Buax — Tmin)

Where 1 is the contrast limit factor and s, . %y, are the
minimum and maximum values in the local tile [10].

Advantages: Preserves local contrast, reduces noise
amplification compared to HE, adapts to regional
characteristics.

Disadvantages: Introduces tile boundary artifacts, requires
manual parameter tuning, computational complexity
increases with image resolution [11].

3) Linear Contrast Stretching

Linear contrast stretching expands the dynamic range of an
image to utilize the full intensity spectrum:

s=a-r+h

Where coefficients & and b are determined to map the

minimum and maximum input values to the desired output
range [12].

Advantages: Fast, straightforward implementation, effective
for underutilized dynamic range.

Disadvantages: Sensitive to outliers, does not enhance
contrast in images with complex intensity distributions,
uniform enhancement across the image regardless of local
characteristics [13].
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3. PROPOSED METHODOLOGY

Algorithm Description

The proposed multi-objective filter optimization algorithm
is detailed in Algorithm 1:

1. Input: Noisy medical image I, ;.
2. Output: Enhanced image I.np2nzeq
3. Initialize GWO population of size PopSize

with random solution vectors
for i = 1 to PopSize do

X; — random vector [kernel_weights,
kernel_size, stride, h_nlm, 1, 1.]

end for

Extract features: Fop;, = CNN(1 g0y Xoiirrent)

v

for each pixel (i) do

7(i,j) = compute_dynamic_threshold(#;,,,

Ay, 45)

10. K (i, j) =—compute_adaptive_kernel_size(Hj,
» T 5))

11. I (1. J) = NLM_filter(F, ., K (1. ), (1. 7))

12. end for

© 0 N>

13. Evaluate fitness for each wolf
14. for i = 1 to PopSize do
15. PSNR = calculate_PSNR(I;;im) [reference)

16. SSIM — calculate_SSIM({ i, Ireference)

17. EPI — calculate_EPI(I ;i) Ireference)

18. NCC — calculate_NCC(Jyjm, Ireference)

19. fitness —w, -PSNR  +wy - SSIM +

wy -EPI  +w,-NCC

20. end for

21. Update best solutions: [&, £, &] = sort(X,
fitness) [select top 3]

22. Update wolf positions using GWO equations

23. if (fitness_improvement = ¢) or (iteration =
max_iterations) then

24, return ;i anced = Inim With best X,

25. else

26. go to feature extraction step

27. end if

4. RESULTS AND DISCUSSION

A. Quantitative Performance Analysis
1) Ultrasound Image Enhancement Results

Table I presents performance metrics for ultrasound
images at moderate noise variance (0.02). The proposed
method achieves a PSNR improvement of 22.9% over Kuan
NLM, 23.0% over Standard NLM, and 32.8% over CLAHE.
The processing time (1.87s) remains competitive with

traditional methods while delivering significantly superior
quality metrics.

Table -1: Performance Metrics for Ultrasound Images
(Noise Variance = 0.02)

Method :’jg)R ssiM | Ncc | uqr (Tsl)me
HE 22.45 0.78 0.95 0.72 0.12
CLAHE 24.89 0.82 0.96 0.78 0.45
LCS 21.33 0.75 0.92 0.68 0.08
Std. NLM 26.89 0.85 0.98 0.80 2.31
Kuan NLM 27.54 0.87 0.98 0.82 2.89
Proposed 33.08 0.96 0.99 0.94 1.87

2) Noise Robustness Analysis

Table II demonstrates the proposed method's robust
performance across noise variance levels from 0.01 to 0.08.
The proposed method maintains average PSNR of 26.28 dB
across all variance levels, compared to 24.87 dB for Kuan
NLM and 2042 dB for standard HE. Performance
degradation is minimal (7.2% from lowest to highest noise)
relative to other methods (>15%).

Table -2: PSNR Performance across Noise Variance Levels

‘l\,':;se HE  |CLAHE |LCS ;TM g‘L‘;[“ Proposed
0.01 2512 | 27.34| 2389| 2772 | 2819 | 35.71
0.02 2245 24.89| 2133 2689 | 27.54 | 33.08
0.04 2078 | 23.12| 19.45| 2559 | 2633 | 32.11
0.06 1934 | 21.67| 17.89| 2476 | 2518 | 30.43
0.08 1856 | 2045| 16.77| 2394 | 2467 | 30.09

3) CT Image Enhancement Results

Table III demonstrates superior artifact-free enhancement
critical for diagnostic accuracy. The proposed method
achieves 31.78 dB PSNR with SSIM of 0.94 and zero artifact
presence, compared to 28.12 dB and visible artifacts in Kuan
NLM.
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Table -3: Performance Metrics for CT Images C. Multi-Objective Optimization Impact
Method PSNR (dB) SSIM uQI Artifacts Table VI illustrates the contribution of each objective
function component, demonstrating that the full multi-
HE 23.67 0.79 0.74 Moderate objective formulation achieves optimal balanced
performance.
CLAHE 25.89 0.84 0.81 Low
Table -6: Fitness Function Component Analysis
LCS 22.34 0.76 0.71 Moderate
Configuration PSNR SSIM EPI Overall
Std. NLM 27.45 0.87 0.84 Very Low
PSNR only 34.12 0.92 0.65 Unbalanced
Kuan NLM 28.12 0.89 0.86 Very Low
PSNR + SSIM 32.45 0.95 0.70 Good
Proposed 31.78 0.94 0.91 None
PSNR + SSIM + EPI 31.89 0.94 0.78 Better
4) MRI Image Enhancement Results
Table IV shows consistent superiority across MRI datasets |Full Multi- .
with 12.0% PSNR improvement over Kuan NLM, |Objective 33.08 | 0.96 0.82 | Optimal
demonstrating the framework's adaptability to different

imaging modalities.

. 5. CONCLUSIONS
Table 4: Performance Metrics for MRI Images

Method PSNR (dB) SSIM NCC This research success.fully.addre.sse§ the research prpblgm
through comprehensive investigation of multi-objective
HE 24.56 0.80 0.93 optimization for medical image enhancement. The proposed
framework integrating Grey Wolf Optimizer, dynamic
CLAHE 26.78 0.85 0.95 thresholding, and multi-objective fitness functions
LCS 23.45 0.77 0.91 substantially outpe.rforms tradltlonaI. grfay-level contrast
enhancement techniques across all objectives.
Std. NLM 28.34 0.88 0.97
Key Contributions:
Kuan NLM 29.01 0.90 0.97
Contribution 1 - Multi-Goal Filter Optimization:
Proposed 32.45 0.93 0.98 Successfully developed adaptive framework simultaneously

optimizing contrast enhancement, edge preservation, noise
suppression, and perceptual quality through weighted multi-
objective formulation achieving optimal balanced
performance.

B. Dynamic Threshold Effectiveness

The adaptive thresholding mechanism provides
instrumental improvement in the proposed method's
performance. Table V demonstrates that dynamic
thresholding provides 8.2% additional PSNR improvement
over fixed local threes holding.

Contribution 2 - Dynamic Threshold Implementation:
Introduced real-time threshold adaptation based on local
image entropy and statistics, achieving 8.2% additional
performance improvement over fixed thresholding

hes.
Table -5: Impact of Dynamic versus Fixed Thresholding approaches

Contribution 3 - Comprehensive Comparison: Conducted

Thresholding Type PSNR SSIM | Time (s) rigorous comparative evaluation against five established

Fixed Global 29.34 091 1.45 gray-level enhancement techniques using standardized
metrics across three imaging modalities, demonstrating

Fixed Local 30.67 0.92 1.63 consistent superiority.

Dynamic (Proposed) 33.08 0.96 1.87
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Contribution 4 - Clinical Validation: Demonstrated
superior performance with 4.6/5 expert radiologist
acceptability rating and artifact-free enhancement suitable
for diagnostic clinical use.
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