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Medical imaging is critical for diagnostic accuracy, yet raw images often
suffer from noise and low contrast. This study provides a comparative
evaluation of classical methods, namely the Laplace transform (LT), Sobel
operator (SO), and histogram equalization (HE), against a data-driven
convolutional neural network (CNN) using the musculoskeletal radiographs
(MURA) and Human Metapneumovirus (HMPV) lung computed
tomography (CT) datasets. While quantitative analysis shows that HE and
SO significantly outperform other methods in isolated contrast enhancement
and edge definition, they often introduce artifacts. In contrast, the CNN-
based approach demonstrates superior detail preservation and entropy,
offering a more balanced and adaptive solution for diverse diagnostic
requirements. Our findings statistically validate that although classical
operators remain highly effective for specific boundary detection tasks,
machine learning (ML) frameworks provide the most robust performance for

cross-modality image enhancement, bridging the gap between raw data
acquisition and clinical interpretation.
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1. INTRODUCTION

Medical imaging is indispensable for modern healthcare, providing critical insights through
modalities like X-rays, computed tomography (CT), and magnetic resonance imaging (MRI). However, raw
images frequently suffer from low contrast, noise, and poor edge definition, which can obscure vital
diagnostic details [1], [2]. Enhancement techniques generally fall into two categories: frequency domain
methods, which manipulate the image spectrum via Fourier transforms, and spatial domain methods, which
operate directly on pixel values through transformations like histogram equalization (HE) and sharpening [2].
Traditional techniques such as the Laplace transform (LT), Sobel operator (SO), and HE are effective for
specific tasks. LT enhances high-frequency details, SO highlights anatomical boundaries, and HE improves
overall contrast. Despite their utility, these classical methods often lack adaptability; they typically apply
uniform transformations that may not account for the high variability in patient anatomy or the specific noise
profiles of different imaging hardware.

A significant research gap exists in systematically comparing these classical operators against data-
driven convolutional neural networks (CNNs) across multi-modal datasets like musculoskeletal radiographs
(MURA) and Human Metapneumovirus (HMPV) [3], [4]. While most studies focus on single-modality
optimizations, this paper provides a cross-modality comparative analysis.
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The specific contributions of this study are as: (i) comparative framework: a rigorous systematic
comparison between three classical operators (LT, SO, HE) and machine learning (ML)-based CNN
architectures across musculoskeletal and lung CT datasets [5]; (ii) performance benchmarking: quantitative
validation demonstrating that while SO and HE excel in specific boundary detection, ML frameworks
provide superior detail preservation (entropy) and adaptive clarity [6]; and (iii) modality-specific insights:
identification of optimal enhancement strategies based on diagnostic requirements, bridging the gap between
computational speed and clinical robustness.

The remainder of this paper is structured as: section 2 reviews related work; section 3 details the
methodologies; section 4 experimental setup, results, and discussion; and section 5 discusses findings and
concludes the study.

2. LITERATURE REVIEW

As evidenced in Table 1 [7]-[14], while recent advancements like diffusion models [13] and
transformers [14] offer high peak signal-to-noise ratio (PSNR) values, they often come at the cost of high
computational overhead. Conversely, traditional methods [7], [10] are computationally efficient but lack the
adaptability required for complex modalities like MURA. Our proposed approach bridges this gap by
integrating foundational spatial operators with a CNN-based framework, achieving a balance between high-
intensity edge detection and information preservation (entropy), as detailed in the following sections.

Table 1. Comparative summary of existing literature and proposed work

Study Method(s) Dataset / Advantages Limitations
modality

Li-ping and Locally redistributed General Better gray-level Clarity improvement is not
Lian-ging [7]  histograms (LHR) medical balance; noise significant

suppression
Nagesha and Homogeneity + HE Mammograms  Utilizes both global and ~ Computationally more complex
Kumar [8] local image than global HE

information; improves

local contrast and

preserves important

details.
P.Yan [9] Local adaptive histogram Lung CT Addresses artifact noise ~ Requires complex image

equalization (LAHE) + and wide dynamic range  segmentation steps
wavelet transforms

Wau et al. Laplace + gradient + HE Digital X-ray Clearer detail than Susceptible to over-sharpening
[10] traditional single- artifacts

methods
Zhang et al. Multi-scale fusion network MRI 15% improvement in Modality specific; less tested on
[11] lesion detection X-ray/MURA
Laousy et al. CNN + edge detection Lung CT High segmentation High computational cost for
[12] accuracy (dice: 0.92). training
Hoetal. [13]  Diffusion model (UniMIE) CT and MRI State-of-the-art PSNR Slow inference speed compared

(34.5dB) to CNNs
Wang and Transformers (multi-scale) Low-dose CT 20% noise reduction; Requires large-scale datasets for
Samonte [14] fine detail preservation attention tuning
Proposed CNN + LT + SO + HE MURA and Balanced entropy (6.03)  Requires graphics processing
work HMPV and edge intensity unit (GPU) for optimal ML

(3582)

performance

3. METHODOLOGY

In this section, image enhancement framework is designed as a modular, sequential pipeline to
address the limitations of raw medical imaging data, such as low contrast and noise. The architecture,
illustrated in Figure 1, integrates classical spatial domain processing with advanced ML refinement. The
Figure 1 follows a sequential workflow, beginning with normalization and resizing to standardize the input
grayscale images. The core method integrates HE for global contrast stretching followed by a CNN-based
refinement block that utilizes perceptual and SSIM loss functions to ensure high-fidelity reconstruction.
Parallel evaluation paths for Laplace, Sobel, and Unsharp masking allow for comprehensive ablation studies
and comparative analysis. The final output delivers a robust enhancement characterized by improved edge
clarity, optimized contrast, and significant noise reduction.
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Figure 1. Schematic architecture of the proposed hybrid medical image enhancement

3.1. Discrete LT for edge enhancement

The Laplacian operator is a second-order differential filter commonly used in image processing to
highlight regions of rapid intensity change, thereby sharpening edges and fine details [14], [15]. In medical
imaging, it is particularly useful for emphasizing anatomical boundaries in modalities such as CT and X-ray.
The 2D Laplacian operator is defined as [16].

%1(x,y) | 9%I(xy) €8]

2 —
V I(X'Y)— 9x2 ayz

where I(x, y) is the pixel intensity at co-ordinates (x, y).
The Laplacian operator (1), a second-order differential operator widely used in image processing for edge
detection and feature enhancement [17].

3.1.1. Laplacian templates

The Laplacian templates can be represented as convolution kernels (filters) applied to the image.
These templates define how neighbouring pixel values contribute to the calculation of the Laplacian.

—  Basic Laplacian kernel [18]-[20]:

0 1 0
(i -+ 1)
0 1 0

—  Modified kernel with diagonals [20]:

1 1 1
(1 -8 1)
1 1 1

—  Other variations (e.g., rotation or flipped versions) [21], [22]:

0 -1 0
-1 4 -1
0 -1 0
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-1 -1 -1
-1 8 -1
-1 -1 -1

These templates differ slightly in how they weight diagonal contributions or centre pixel intensity, but all
effectively perform the Laplacian operation.

3.2. Gradient-based edge detection SO

In this section we introduce the SO method for edge detection. The SO consists of two 3x3
convolution kernels one for detecting transverse (vertical) edges and one for longitudinal (horizontal) edges.
These kernels are convolved with the image to compute gradient approximations in the x- and y-directions.
Let A represent the original grayscale image. The gradient responses are computed as [18]:

-1 0 +1 +1 +2 +1
G(x)=<—2 0 +2> X A G(x)=<0 0 0>><A
-1 0 +1 -1 =2 +1

The gradient magnitude G = /G2, + G2, ... is used to produce the final edge-enhanced image, which is
critical for identifying structural features in MURA and CT datasets [19]-[23].

3.3. HE for contrast enhancement

To address low contrast, HE redistributes pixel intensities to achieve a near-uniform probability
distribution. For an 8-bit image with L = 256 intensity levels, the mapping function T () is derived from
the cumulative distribution function (CDF) [24], [25]:

sk =T(n) =(L-1) Z?:o b (7}') 2

where P.(7;) is the probability of intensity level ;. This ensures that the dynamic range of the image is fully
utilized, making subtle pathological details more visible [26].

3.4. ML model for medical image enhancement

The limitations of classical image processing techniques in adapting to diverse medical imaging
modalities and patient-specific variations necessitate advanced, data-driven approaches. ML, particularly
CNNs, offers a powerful solution by learning optimal enhancement parameters from large datasets,
complementing the edge and contrast improvements achieved by LT, SO, and HE. This section details the
integration of a CNN into the framework, tailored to enhance MURA skeletal and the cancer imaging archive
(TCIA) lung images, with a focus on improving diagnostic precision [27], [28].

3.4.1. CNN-based image enhancement

A CNN was employed to enhance CT scan images by learning a non-linear mapping F: I;, = Ioy:
between the input low-quality image I;,, and the enhanced output I,,,;. The network consists of three stages:
—  Feature extraction using convolution

YL'.j = Zm,n,c Kmnc* Xi+m,j+n,c 3)

—  Non-linear transformation with rectified linear unit (ReLU) f(x) = max(0, x), and
— Reconstruction via final convolutional layers.

In the absence of paired ground truth images, enhancement quality was guided by perceptual metrics
(e.g., structural similarity index measure (SSIM) and natural image quality evaluator (NIQE)) as the
optimization objective. The enhancement process follows: normalize I, extract features, apply multiple
convolution—ReLU layers, reconstruct I,,., and post-process to maintain valid intensity ranges which is
illustrated in Figure 2. This approach improves sharpness, contrast, and edge detail while reducing noise in
medical imagery [29], [30].

The Figure 3 shows network employs 3x3 convolutional kernels throughout the architecture to
effectively capture local spatial features while preserving resolution. ReLU activation functions are applied
after each convolution layer to introduce non-linearity and enhance feature learning capability.
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Figure 2. Block diagram of the proposed CNN-based CT image enhancement approach
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Figure 3. CNN architecture for image enhancement

4.  Experimental setup, results, and discussion
4.1. Hardware and software environment

Classical image processing was implemented in MATLAB R2023b, while the deep learning (DL)
framework was developed using PyTorch 2.1. Experiments were executed on a high-performance
workstation equipped with an Intel Core i9-13900K CPU, an NVIDIA RTX 4090 GPU (24 GB VRAM), and
128 GB of DDR5 RAM, running on Ubuntu 22.04 LTS.

4.1.1. Implementation details

Classical methods: LT used a 3x3 kernel [-1, -1, —1; -1, 8, —1; —1, —1, —1]. Edge detection utilized
standard SO, and contrast enhancement was performed via adaptive HE (clip limit: 2.0). CNN architecture: a
residual encoder-decoder-CNN (RED-CNN) architecture was employed, consisting of five convolutional and
five deconvolutional layers with 3x3 kernels and channel depths ranging from 64 to 128. Residual shortcuts
were integrated to facilitate gradient flow. Training protocol: the model was optimized using the Adam
optimizer (learning rate: 1x 10~*) for 180 epochs. Data was split into training/validation/testing sets
(MURA: 80/10/10; TCIA: 70/15/15) [16]. Batch size and epochs: a batch size of 16 was used over 100
epochs to balance convergence speed and memory efficiency. Loss function: Since paired ground truth
images were unavailable, a composite loss function was utilized:

Leotar = MLysg + A,(1 — SSIM + A3LPerceptual (4)

4.2. Evaluation metrics and statistical analysis

Six quantitative metrics were employed to evaluate enhancement performance: sharpness,
information entropy, root mean square (RMS) contrast, mean gradient, mean brightness, and edge intensity.
Due to the unpaired nature of the medical datasets, emphasis was placed on the relative improvement
between raw and processed states. Statistical significance was validated using the non-parametric paired
Wilcoxon signed-rank test (@ = 0.05) across 100 randomly selected samples per dataset to ensure the
robustness of the reported metric gains [17].

4.3. Quantitative performance comparison

Figures 4 to 14 present visual comparisons (before/after) for individual and combined methods on
representative lung CT (HMPV-related patterns) and MURA skeletal images. LT (Figure 4): enhances high-
frequency edges but produces a high-pass filtered appearance (black background, white edges).
Multiplication/unsharp masking (Figure 5): sharpens structural outlines; useful for virus membrane
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boundaries or bone trabeculae. SO (Figure 6): produces coherent gradient maps, improving boundary
definition with noise suppression. Unsharp mean-filtered (Figure 7): unsharp mean filtering sharpens the
image by subtracting a blurred version (obtained using a 5x5 average filter) from the original image to
enhance edge details. The enhanced edges are then added back to improve contrast and overall visual clarity.
HE (Figure 8): dramatically improves global contrast; fine vascular/lesion details become more visible.
Figure 9 shows the effects of various image enhancement techniques on a low-quality CT scan. Each method
Laplace filtering, multiplication, Sobel edge detection, sharpening, and HE enhances edges, contrast, or
structural details to improve visual clarity and diagnostic quality. Figures 10 and 11 illustrate the
transformation of bone images from the MURA dataset following the application of the integrated
enhancement pipeline, with detailed analysis to follow. CNN-based image enhancement (Figure 12 to 14):
sequential application (Laplace — Sobel — unsharp — histogram — CNN) where CNN-based yields
balanced enhancement sharper edges, better contrast, reduced artifacts. In this section we introduce the
proposed ML CNN-based image enhancement method.

Original Laplace Filtered Original Multiplied Image

Figure 4. Comparison of original and LT CT scan Figure 5. Comparison of original and LE CT scan of
image HMPV virus

Original Sharpened

Figure 6. Comparison of the original image with the Figure 7. Comparison of original and Unsharp
Sobel gradient (with added image) transformed image mean-filtered CT scan image

Original Histogram Equalized
-

Figure 8. Final CT scan image after adaptive HE

Sharpened
Original Laplace Filtered Multiplied Image Sobel Histogram Equalized
.

Figure 9. Processed low-quality CT scan using various image enhancement techniques
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Figure 10. (On the right) processed image of the skeleton of the right lower limb

Original Image Laplace Image Sobel Gradient Sharpened Image Histogram Equalized Multiplied Image

[

Figure 11. (On the left) processed image of the skeleton of the right upper limb

Original Enhanced Original Enhanced

.

Figure 12. Experimental results of the proposed CNN-  Figure 13. Original and CNN-enhanced right lower
based enhancement on a lung CT scan upper limb skeletal radiograph from MURA dataset

Original Enhanced

Figure 14. Original and CNN-enhanced right upper limb skeletal radiograph from MURA dataset

4.4. Quantitative results

Tables 2 to 4 compare before/after metrics for three representative images (one lung CT, two
MURA skeletal views). Improvements are highlighted in bold where A > 10% or statistically significant
(p < 0.05, Wilcoxon signed-rank test). Table 2 shows that HE and CNN-based methods showed the most
consistent significant improvements across sharpness, gradient, and edge intensity (p < 0.01 in most cases).

Sobel excelled in edge metrics but reduced entropy/brightness. Laplace often amplified noise (negative
entropy change, p < 0.05).
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Tables 3 and 4 demonstrate that HE and Sobel are highly effective for contrast and edge
enhancement in skeletal radiographs, while the CNN-based approach delivers the most balanced and

statistically significant improvements across multiple quality metrics.

Table 2. Lung CT image (HMPV-related)

RMS Mean Brightness Edge Wilcoxon
Method Sharpness (A) Entropy (A) contrast (A) gradient (A) (A) intensity (A) p-value
Laplace 508.58 — 5.83 03522 — 0.1903 — 0.6298 — 25743 — p <0.01
658.93 (+10%) 3.39 0.063 0.1064 0.0225 5721
Multiplied 598.58 — 5.83 — 0.3522 — 0.1903 — 0.6298 — 25743 — p=0.03
722.39 (+21%) 5.69 0.372 (+6%) 0.2158 0.5207 25405
Sobel 508.58 — 5.83 0.3522 — 0.1903 — 0.6298 — 25743 — p <0.001
1195.05 432 0.109 0.2123 0.0476 32140
(+100%) (+25%)
Sharpened 508.58 — 5.83 — 0.3522 — 0.1903 — 0.6298 — 25743 — p <0.01
898.61 (+50%) 5.86 0.359 0.245 0.6303 31429
Histogram 5098.58 — 583 — 0.3522 — 0.1903 — 0.6298 — 25743 — p <0.001
1774.9 558 0.334 0.2979 0.447 55258
(+196%) (+57%) (+115%)
ML (CNN- 598.58 — 583 — 0.3522 — 0.1903 — 0.6298 — 25743 — p <0.001
based) 1375.66 6.04 0.377 0.3656 0.6193 41064
(+130%) (+3.6%) (+92%) (+60%)
Table 3. Right lower limb skeletal image (MURA)
Entropy RMS contrast Mean gradient . Edge Wilcoxon

Method Sharpness (A) () (A) (A) Brightness (A) intensity (A) _p-value

Loy Peesing 5.19 - 0.0896 — 0.0581 — 0.1934 — Y <001
aplace ; 242 0.661 (+637% 0.0476 0.0146 p=o
(+196%) (+22%)
Multiolied 2115 — 519 — 0.0896 — 0.0581 — 0.1934 — 2419 — o1
P 231.78 (+10%) 412 0.067 0.0381 0.0454 1447 p=5
Sobel FrE 5.19 — 0.0896 — 0.0581 — 0.1934 — s <0001
(+457%) 271 0.0671 0.0597 0.0161 (+48%) p=v
2115 — 519 —
0.0896 — 0.0581 — 0.1934 — 2419 —
Sharpened 433.09 5.64 p <0.05
(+105%) (ow) 00972 (+8%) 0.0761 0.1935 2790
519 - 2419 —
. 2115 > 858.9 0.0896 — 0.0581 — 0.1934 —

Histogram ™~ 30606 (ff(‘,/so) 0.0964 (+8%) 0.0761 0.220 ( He 7 <0.001
(C'\ﬁh\‘_ 2115 - oo 0089 — 0.0581 — 0.1934 - e ) <0001
based)  20351(+25%)  ieo.  0.1084 (+21%) 00942 (+62%) 0.1902 (+66%)

Table 4. Right upper limb skeletal image (MURA)
Entropy RMS Mean . Edge Wilcoxon
Method  Sharpness (4) ) contrast (A) _ gradient (A)  Dnghtness(A) 4Gty (A)  p-value
547.35 — 1852 —
Laplace 32275 52— OISl 00725 10 60106 3479 p=004
A1%) 1.54 0.0587 0.0484 (+88%)
547.35 —
. 529  01511—  0.0725— 1852 — _
Multiplied 3822508/3) 350 0.1432 0.0606 0.1419—0.0451 1817 p=0.18
547.35 — 0.0725 — 1852 —
Sobel 1199.26 522%6_’ 0356211; 0.0938 0.1419-0.018]1 3628 0 <0.001
(+119%) : : (+29%) (+96%)
547.35 — 529 01511 —
Sharpened 969.36 5.66 0.1556 007 > oaar9-00477 1827 p <001
(+77%) (+7%) (+3%) :
547.35 — 529  01511—  0.0725— 1852 —
Histogram 724.79 5.23 0.2918 0.1460 °~1‘;‘+92;§/-~”;166 7567 0 <0.001
(+32%) (~-1%) (+93%) (+1019%) ° (+3099%)

MLCNN. 54735 529 01511 — 00725 — 1852 —

based) 676.17 5.70 0.1569 0.1568 0.1419-0.1454 2598 p <0.001
(+23%) (+8%) (+4%) (+116%) (+40%)
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4.5. Discussions

The comparative evaluation of the six enhancement techniques across HMPV CT scans and MURA
skeletal radiographs reveals that while classical operators provide significant targeted improvements, the
CNN-based model offers the most robust clinical balance. The following Table 5 synthesizes the quantitative
performance, the statistical validity of the improvements, and the practical clinical implications for each
method and Table 6 presents a systematic benchmarking of metrics like mean squared error (MSE), PSNR,
and blind/referenceless image spatial quality evaluator (BRISQUE). These results demonstrate that while
classical methods excel in specific filtering tasks, the CNN-based approach provides a more balanced profile
across perceptual and noise-reduction metrics.

Table 5. Comparative analysis of enhancement methods and clinical utility

Statistical
Method Key metric gain Sig. Clinical/practical implications
(Wilcoxon)
LT Sharpness: +10% p <0.05% Best for high-frequency sharpening of fine pulmonary vessels, but
to +196% requires pre-smoothing to avoid noise amplification.
SO Sharpness: up to p <0.001 Optimal for boundary delineation in musculoskeletal imaging. Essential
+457% for detecting hairline fractures where edge clarity is critical.
HE Edge intensity: p <0.001 Superior for global contrast stretching in "washed-out" or low-dynamic-
+309% range scans. Ideal for rapid initial diagnostic screening.
Unsharp Sharpness: p<0.01 Effective at reducing "haze" in digital radiographs, though it may
masking +105% introduce artifacts if the sharpening factor is not tuned per modality.
Multiplied RMS contrast: p=0.03 Useful for specific feature amplification (e.g., virus membrane
method +6% boundaries) but lacks the robustness for general anatomical visualization.
ML (CNN- Entropy: +3.6% p <0.001 Provides balanced information preservation. Unlike others, it increases
based) to +16% detail (Entropy) without noise, making it the most reliable for Al-aided

diagnosis.

Table 6. Quantitative comparison of image enhancement methods via standard quality metrics

Method MSE | PSNR(dB)1 SSIM1 NIQE| BRISQUE |
Laplace 0.4133 3.84 0.1743 5.37 61.1
Multiplied image  0.079343  11.0049 0.52341 4.9329  60.0914
Sobel 0.4273 3.69 0.2285  5.01 58.3
Sharpened 0.0668 11.75 04929 4.38 57.53
Histogram 0.0755 11.22 05394 492 54.29

5. CONCLUSION

This study systematically evaluated LT, SO, HE, and a CNN-based refinement approach for medical
image enhancement on MURA and TCIA lung datasets. Classical methods excel in targeted tasks: Sobel for
edge delineation, HE for contrast (statistically significant improvements, p < 0.001). The CNN-based
provides balanced, adaptive enhancement superior entropy preservation and overall metric uplift. No method
universally dominates selection depends on clinical priority (edges vs. contrast vs. robustness). Experimental
results confirm significant quality gains, facilitating better visualization of HMPV-related lung abnormalities
and musculoskeletal structures. Scientifically, this work identifies a critical performance trade-off: classical
methods excel in computational efficiency and localized feature sharpening, whereas DL architectures offer
the robustness required for cross-modality image reconstruction.

Future research will focus on the real-time hybrid deployment of the integrated pipeline (Laplace,
Sobel, histogram, and CNN) within clinical workflows to assist in immediate diagnosis. We also aim to
replace current residual blocks with diffusion models and vision transformers to further improve the
reconstruction of fine anatomical details
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