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ABSTRACT 

Lung cancer is the leading cause of cancer-related mortality worldwide; therefore, its early detection and 

accurate delineation are important for effective clinical management. A very helpful tool for the diagnosis 

of lung cancer and its staging is whole-body Positron Emission Tomography Computed Tomography 

(PET-CT); however, the interpretation of these images is often challenging due to low Signal to Noise 

Ratios (SNRs), limited contrast, and physiological uptake patterns. As a result, small or low-uptake tumors 

may become camouflaged within surrounding tissues, potentially delaying diagnosis and increasing 

uncertainty in clinical decision-making. This study proposes an adaptive image preprocessing framework 

for whole-body PET-CT to enhance the visibility of camouflaged lung tumors and improve overall image 

quality for downstream analysis. This framework consists of three self-tuning modules: i) the Adaptive 

Non-Local Means Denoising (ANLMD), which suppresses noise while preserving structural edges; ii) the 

Camouflage Aware Contrast Enhancement (CACE), which selectively amplifies low-contrast tumor 

regions; and iii) the Selective Background Attenuation (SBA), which suppresses physiologically high 

uptake in non-tumor organs using CT-guided anatomical masking. Contrary to deep-learning-based 

preprocessing approaches, the proposed approach is fully interpretable, modular, and does not require 

training or retraining across scanners. Quantitative evaluation revealed significant enhancements in image 

quality, including a Peak Signal to Noise Ratio (PSNR) of 37.26 dB, a Structural Similarity Index Measure 

(SSIM) of 0.956, and a Contrast to Noise Ratio (CNR) of 4.55, validating that the proposed methodology 

produces PET-CT images assisting radiologists for much more accurate interpretation by reducing the 

camouflage effects and enhancing diagnostic clarity. 

Keywords-lung cancer; PET-CT; camouflaged tumors; denoising; contrast enhancement; background 

attenuation 

I. INTRODUCTION  

Lung cancer is a leading cause of cancer-related deaths 
worldwide, representing a large percentage of annual cancer 
deaths [1]. Early diagnosis and accurate staging of the disease 
are crucial for patient survival, as the prognosis declines 
significantly in the advanced stages of the disease. In clinical 
management, PET-CT has become the imaging modality of 
choice for lung cancer diagnosis, staging, treatment planning, 
and therapy response evaluation owing to its ability to combine 
metabolic information with precise anatomic localization [2]. 

Despite its clinical importance, reliable tumor visualization 
on PET-CT remains problematic. This is because the inherently 

low photon count during PET acquisition yields a poor Signal 
to Noise Ratio (SNR), while physiological radiotracer uptake in 
organs, such as the liver, kidneys, myocardium, and bone 
marrow, frequently produces high-intensity regions that may 
mimic malignant lesions [3]. Additionally, the intensity 
patterns of small tumors or lesions with low 
fluorodeoxyglucose uptake can resemble those of surrounding 
tissues, thus visually camouflaging tumors to evade detection, 
even by expert radiologists. This reduces lesion conspicuity, 
blurs tumor margins, and increases interobserver variability, 
which affects diagnostic confidence and the accuracy of 
treatment planning [4]. 
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Various traditional preprocessing techniques have been 
employed to enhance the visual quality of PET-CT imaging, 
including Gaussian and median filtering, global Histogram 
Equalization (HE), and fixed threshold background suppression 
[5]. However, these methods rely on static parameters and local 
operations that often over-smooth lesion boundaries, suppress 
diagnostically relevant uptake, or amplify noise in low-count 
regions. Consequently, camouflaged tumors, particularly in 
anatomically complex regions, such as the lung mediastinum or 
lung liver interface, may remain inadequately visualized [6]. 

More advanced denoising approaches, such as Non-Local 
Means (NLM) filtering and its PET-adapted variants, aim to 
reduce noise while preserving structural details [7]. 
Nevertheless, classical NLM methods are highly sensitive to 
parameter selection and perform inconsistently under spatially 
varying noise conditions that are commonly observed in PET 
images [8]. Deep-learning-based denoising and reconstruction 
methods, including Convolutional Neural Networks (CNNs) 
and diffusion probabilistic models, have demonstrated strong 
quantitative performance in terms of PSNR and SSIM. 
However, such methods require large training sets specific to 
each scanner and often fail to generalize well from one 
acquisition protocol to another, thereby decreasing their 
reliability in clinical settings [9-12]. 

Beyond noise reduction techniques, contrast enhancement 
is an important step towards separating tumors from the 
surrounding tissues [13]. Traditional techniques, including HE, 
Contrast Limited Adaptive Histogram Equalization (CLAHE), 
and gamma correction, can globally increase the contrast, but 
they often accentuate the noise and physiological uptake of the 
PET modality [14]. More recent adaptive algorithms have 
attempted to focus on metabolically active regions; however, 
they often do not provide anatomical mapping, and tumors are 
often difficult to distinguish from the surrounding tissues. 

The other significant challenge associated with the 
preprocessing of PET-CT images is managing the effect of 
background attenuation and suppressing false-positive 
information. These issues associated with thresholding 
algorithms, such as Volume and Contrast Adjusted 
Thresholding (VCAT) and probabilistic tumor and background 
algorithms, tend to be very dependent on Standardized Uptake 
Values (SUV) and tumor heterogeneity [15, 16]. The 
combination of PET and CT information to take advantage of 
the anatomical information available from the CT images 
associated with high uptake values and lesion separations has 
shown promise, but is often linked to specific preprocessing 
pathways [17]. 

Advances in deep-learning-based PET-CT segmentation, 
such as U-Net architectures and adaptive frameworks like no-
new-Net (nnU-Net), have demonstrated strong performance 
when high-quality inputs are available. However, the 
performance is dependent on the image processing output and 
diminishes when there is less contrast or when camouflaging is 
present in the lesion [18-23]. Previous studies on automated 
lesion delineation in PET imaging have also highlighted the 
limitations of threshold-based and semi-automatic methods, 
particularly in low-contrast regions where boundary uncertainty 
remains high [24]. These findings underscore the importance of 

preprocessing techniques that enhance lesion contrast while 
preserving structural integrity prior to segmentation. 

Adaptive preprocessing strategies using multi-annotator 
learning frameworks, which have shown improved robustness 
in lung lesion segmentation under heterogeneous imaging 
conditions, have been explored [25]. Hybrid Artificial 
Intelligence (AI) models combining CNNs with traditional 
machine learning classifiers have demonstrated promising 
performance in lung cancer detection tasks, offering a more 
interpretable alternative to purely deep-learning-based 
solutions [26]. Additional research has focused on improving 
PET image quality through multimodal fusion and advanced 
modeling techniques. Anatomically and metabolically 
informed diffusion models have been proposed to enhance 
lesion visibility in low-count PET acquisitions [27], while 
radiomics-based approaches incorporating intratumoral and 
peritumoral PET-CT features have shown potential in 
predicting immunotherapy response in Non-Small Cell Lung 
Cancer (NSCLC) [28]. Moreover, integrative radiogenomics 
frameworks, combining PET radiomics and clinical variables, 
have shown improved prognostic stratification capabilities 
[29]. Finally, deep multimodal fusion techniques and AI-based 
image enhancement methods for PET and Single-Photon 
Emission Computed Tomography (SPECT) imaging have also 
contributed to improved diagnostic and segmentation 
performance [30, 31]. 

These studies (Table I) demonstrate that preprocessing, 
multimodal fusion, and hybrid intelligence frameworks play a 
critical role in improving segmentation accuracy and clinical 
interpretability. Nevertheless, most existing approaches address 
denoising, contrast enhancement, or background suppression in 
isolation, often relying on fixed parameters or data-intensive 
learning models. A unified, interpretable, and adaptive 
preprocessing framework that explicitly targets tumor 
camouflage in whole-body PET-CT imaging, while remaining 
independent of downstream segmentation architectures, 
remains underexplored. 

Motivated by these gaps, the present study proposes an 
adaptive preprocessing pipeline to enhance the visibility of 
camouflaged lung tumors in whole-body PET-CT images. The 
framework integrates three self-tuning modules: i) the ANLMD 
for scan-specific noise suppression with edge preservation, ii) 
the CACE for selective amplification of low contrast tumor 
regions, and iii) the SBA for CT-guided suppression of 
physiologically high-uptake structures. 

In contrast to the learning-based preprocessing methods 
summarized in Table I, which require scanner-specific training, 
fixed data distributions, and limited interpretability, the 
proposed framework directly addresses tumor camouflage 
through a scan-adaptive, self-tuning, and fully interpretable 
design that operates independently of model training. Unlike 
fixed parameter filters (e.g., Gaussian and Median) or data-
intensive deep learning denoisers, this method adapts to scan-
specific uptake characteristics. Furthermore, the proposed 
technique is a lightweight, modular, and clinically feasible 
solution that fills the gap between traditional preprocessing and 
black-box AI approaches. 
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TABLE I.  SUMMARY OF EXISTING PREPROCESSING 
METHODS AND LIMITATIONS 

Category Existing approaches Limitations 

Denoising 

Gaussian, Median, 
Bilateral filters [5], 
NLM [7], and deep-

learning-based 
denoisers (CNN [9], 
Denoising Diffusion 
Probabilistic Model 

(DDPM) [10]). 

Traditional filters often blur the 
boundaries of tumors, leading to 
the loss of fine details of lesions 
[5]. The NLM is highly sensitive 

to acquisition noise and the 
choice of parameters, which 

reduces the consistency between 
scans [7]. Training deep learning 

denoisers requires dataset-
specific data and limits their 

generalization to unseen cohorts 
[9-11]. 

Contrast 
enhancement 

HE, Gamma correction 
[5], CLAHE [14]. 

HE and gamma correction tend 
to over-amplify noise in low 
SNR PET regions, degrading 

image reliability [5].  
CLAHE may exaggerate 

physiological uptake [14]. 

Background 
attenuation 

Otsu thresholding [15], 
VCAT [16], and 

tumor-background 
likelihood models [17]. 

Poor robustness under low 
contrast conditions [15]. 

Thresholding is SUV dependent 
and sensitive to heterogeneity 

[16, 17]. 

 
The main contributions of this study are: 

 A unified adaptive preprocessing pipeline for whole-body 
PET-CT imaging that jointly addresses noise suppression, 

tumor camouflage, and background attenuation within a 
single-scan specific framework. 

 A camouflage-aware contrast enhancement strategy that 
selectively improves lesion conspicuity in low-gradient 
regions while preserving anatomical boundaries using CT-
guided edge information. 

 An SBA mechanism that leverages semi-automatic CT-
derived organ masking to suppress physiologically high 
uptake without compromising tumor integrity. 

 A comprehensive validation of The Cancer Imaging 
Archive (TCIA) NSCLC radiogenomics dataset using 
standard image quality metrics, including PSNR, SSIM, 
and CNR, and blinded radiologist assessment. 

II. METHODOLOGY 

A. System Architecture 

The proposed framework works on PET-CT images, which 
are processed through a series of operations to make tumor 
visibility more prominent, as depicted in Figure 1. Initially, the 
image intensities are normalized to allow for fair comparison. 
Subsequently, an adaptive processing scheme is applied to 
denoise, enhance contrast, and remove background activity. 
This adaptive processing is tuned to each scan, thereby 
enhancing lesion conspicuity while preparing the images for 
segmentation. 

 

 
Fig. 1.  Architecture of the proposed adaptive preprocessing pipeline.

B. Dataset Description 

The imaging data used in this study were retrieved from the 
Fluorodeoxyglucose Positron Emission Tomography 
Computed Tomography (FDG-PET-CT)-lesions collection of 
the TCIA database [32]. This publicly accessible database 
comprises 1,014 whole-body FDG-PET-CT scans, of which 
501 contain FDG-avid malignant lesions across various cancer 
types. For this study, only the PET-CT scans with 
histopathologically proven NSCLC were used. 

Selection was performed using the clinical metadata 
available in TCIA, yielding 120 patient-level NSCLC PET-CT 
scans. Eight scans were excluded based on quality control 
criteria, including five with severe respiratory motion artifacts 
and three with incomplete metadata or missing imaging 
modalities. Consequently, 112 whole-body NSCLC PET-CT 
scans were included in the final analysis. All PET-CT images 
were retained in SUV units. Additionally, no lesion-level 
cropping or manual masking was performed, ensuring that the 
proposed preprocessing pipeline operates on full whole-body 
scans under realistic clinical conditions. 

Furthermore, camouflaged tumors were operationally 
defined as lesions with low tumor-to-background contrast, 
quantified as SUV contrast within one standard deviation of the 
surrounding tissue uptake, and exhibiting indistinct or visually 
ambiguous boundaries on PET images, particularly near 
regions of physiological uptake. This definition corresponds 
directly to the contrast-based analysis performed using CNR. 
All candidate camouflaged lesions were confirmed by visual 
assessment by an experienced imaging researcher to ensure 
consistency across the dataset. The dataset was used in 
accordance with TCIA data usage policies. 

C. Implementation of the Adaptive Preprocessing Pipeline 

The proposed pipeline consists of three sequential modules, 
ANLMD, CACE, and SBA. 

1) Adaptive Non-Local Means Denoising Module 

The ANLMD module refines the PET images by reducing 
the noise while preserving the structural details. It extends the 
classical NLM algorithm with adaptive weighting to handle 
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spatial variations in noise and anatomical structures. The steps 
of this approach are: 

a) Step 1: Patch-based Similarity and Adaptive 

Weighting 

Patch-based similarity is computed for each voxel, and 
adaptive weights are assigned to prevent over-smoothing of 
tumor regions, ensuring preservation of rare tumor-like voxels. 

b) Step 2: Edge-Aware Modulation  

To avoid blurring across anatomical boundaries, the 
weights are further adjusted using CT-derived edge 
information. 

c) Step 3: Denoised PET Intensity 

The final denoised intensity is obtained by normalized 
weighted averaging using (1), which produces an adaptively 
smoothed PET image and preserves the lesion boundaries: 

�������� 	 ∑ ����, ������������   (1) 

where �������� is the denoised PET intensity at the voxel � , 
������� is the original PET intensity at the neighboring voxel 
�, and � searches the neighbourhood centered at the voxel �. 

Figure 2(a) shows the original image of the PET-CT image, 
and Figure 2(b) displays the ANLMD-denoised result. The 
output demonstrates a distinct reduction in background noise 
while maintaining sharp tumor boundaries and fine anatomical 
structures when compared to the raw input, providing a reliable 
basis for subsequent contrast enhancement. 

 

  
(a) (b) 

Fig. 2.  (a) Original PET-CT image, (b) ANLMD denoised image. 

2) Camouflage Aware Contrast Enhancement  Module 

CACE selectively enhances tumor regions with low visual 
separability from the surrounding tissue after ANLMD 
denoising. The conventional approach, using global contrast 
stretching, tends to amplify noise and physiologically high 
uptake regions, such as the liver and kidneys, which can reduce 
segmentation accuracy. In contrast, the proposed CACE 
module is designed to adaptively modulate the enhancement 
strength according to local rarity, lesion probability, and 
structural edges, while simultaneously attenuating background 
uptake. The procedure involves the following steps: 

a) Step 1: Z-Score Normalization 

The PET volume �������  is normalized using z-score 
normalization with respect to the Interquartile Range (IQR): 

����� 	 ������������
����

    (2) 

where �����  is the normalized PET intensity, �������  is the 
original PET SUV value at the voxel � , �� !  is the median 
intensity, and "� ! is the scale parameter derived from the IQR, 
which reduces sensitivity to extreme uptake values. 

b) Step 2: Local Rarity Measure 

Local rarity #���  is computed to estimate tumor 
camouflage likelihood: 

#��� 	 $����� % & |�(�����(���|
�(���)*   (3) 

where $  and &  are weighting coefficients controlling the 
contribution of absolute intensity and local rarity, respectively, 
while �����  and "����  are the local mean and standard 
deviation, and +  is a small constant to prevent numerical 
instability. A sigmoid function is then applied to emphasize 
camouflaged regions, and the resulting map is refined using CT 
edge information: 

#,��� 	 -
-)./0 �2�3�4����5�6   (4) 

where #,��� is the nonlinearly enhanced camouflage response, 
7 is the slope parameter controlling emphasis strength, and 8 is 
the activation threshold. 

c) Step 3: Region Aware Tone Mapping 

The PET intensities are adjusted based on the refined 
camouflage map, using: 

����� 	 2�����69���  
:��� 	 γ<=/ > C@�x��γ<=/ > γ<BC�  (5) 

where �����  is the enhanced PET intensity, :���  is the 
spatially adaptive gamma parameter,  γ<=/  is the upper and 
γ<BC is the lower bound for gamma correction, and C@�x�is the 
smoothed and edge-refined camouflage probability derived 
from #,���. 

d) Step 4: Edge Preserving Blending 

The enhanced image was blended with the original PET 
volume according to: 

�4D4���� 	 EFGHIJF��1 > ������������ % ����������(6) 

where �4D4���� is the CACE enhanced PET image, ���� is the 
blending weight derived from camouflage confidence, and 
EFGHIJF��  is a linear mapping to restore intensities to the 
clinical SUV range. 

Figure 3 illustrates the intermediate outputs of the proposed 
CACE module. The gradient map highlights the structural 
boundaries, whereas the variance map (captures regional 
intensity fluctuations. A low-variance mask is then derived to 
suppress homogeneous background regions, resulting in the 
final contrast-enhanced image (with improved lesion visibility 
and preserved anatomical details). 
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(a) (b) 

 
 

(c) (d) 

Fig. 3.  Intermediate outputs of CACE: (a) gradient map, (b) variance map, 
(c) low variance mask, and (d) final contrast-enhanced image. 

3) Selective Background Attenuation Module 

SBA is designed to reduce the visual dominance of non-
tumor structures, such as the liver and bones, thereby 
improving the separability of true lesions from physiologically 
high-uptake regions. The procedure consists of the following 
steps: 

a) Step 1: Foreground Background Separation 

Otsu's threshold method determines the threshold that 
maximizes the between-class variance. A binary mask MMN�x� 
is used to differentiate the tumor regions from the background: 

OPQ��� 	 R1, ������� S T∗
0, ������� W T∗   (7) 

where OPQ��� is a binary foreground mask indicating potential 
tumor regions, and T∗  is the global threshold obtained using 
Otsu’s method. 

b) Step 2: Anatomical Masking of High Uptake Organs  

To prevent false positives from physiologically high-uptake 
regions, anatomical masks were generated from co-registered 
CT scans. The corresponding background mask is then defined 
as: 

OXQ��� 	 OYZQ���21 > OPQ���6  (8) 

where OXQ��� is the background mask emphasizing non-tumor 
structures, and OYZQ��� is the organ mask derived from CT 
segmentation (e.g., liver, bone, and heart). 

c) Step 3: Selective Logarithmic Compression 

For voxels within the background regions, the intensity 
dominance was suppressed using a logarithmic compression 
function according to: 

�[��� 	 log_1 % $�������`  

�a��� 	 7�������    (9) 

where �[��� is the log-compressed background intensity, �a��� 
is the linearly amplified foreground intensity, $  is the 
compression parameter controlling background suppression, 
and 7 is the foreground amplification factor. 

d) Step 4: Edge Preserving Blending 

Edge-weighted blending was applied to maintain 
anatomical consistency with the CT gradients and preserve 
structural integrity, as defined in: 

�b[D��� 	 �1 > cd�����[��� % cd����a��� (10) 

where �b[D��� is the PET image after SBA, d��� is the edge 
strength map derived from the CT gradients, and c  is the 
blending coefficient controlling the edge-aware transition 
between the foreground and background. 

e) Step 5: Final SUV Rescaling 

The corrected volume was rescaled to the SUV units 
according to: 

�Yef��� 	 EFGHIJF��b[D����   (11) 

where �Yef���  is the final preprocessed PET image with 
preserved SUV fidelity. 

Figure 4 displays the effect of the SBA module. Figure 4(a) 
shows the original PET image after the initial enhancement, 
where both the tumor regions and physiologically high uptake 
organs (e.g., liver, kidneys, and bone) appear with similar 
intensities, making lesion identification difficult. Figure 4(b) 
presents the automatically derived foreground mask obtained 
via Otsu’s thresholding, which separates probable tumor 
regions from the background. Finally, Figure 4(c) portrays the 
background-attenuated image after applying logarithmic 
compression and edge-preserving blending, where the 
dominance of non-tumor structures is significantly reduced, 
whereas true tumor regions are preserved. 

III. RESULTS AND DISCUSSION 

A. Quantitative Evaluation Metrics 

The proposed adaptive preprocessing pipeline was 
evaluated using three widely accepted image quality metrics, 
PSNR, SSIM, and CNR. 

PSNR is a measure of pixel-level fidelity of the processed 
image with respect to a reference image. For medical images, a 
PSNR >40 dB represents an excellent result with no diagnostic 
loss, a PSNR between 30-40 dB is considered acceptable, and 
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values <30 dB represent significant degradation. PSNR is 
computed as: 

ghiE 	 10 log-j klDm�n
lb� o   (12) 

where Opq�  is the maximum possible voxel intensity, and 
MSE denotes the mean squared error between reference and 
processed images. 

 

  
(a) (b) 

 
(c) 

Fig. 4.  (a) Original enhanced image, (b) foreground mask, and (c) 
background attenuated image. 

SSIM evaluates perceptual similarity by accounting for 
luminance, contrast, and structural patterns. It is particularly 
important in medical imaging to ensure that lesion boundaries 
and anatomical continuity are preserved after enhancement. 
SSIM is computed as: 

hh�O 	 _r�s�t)4u`�r�st)4n�
_�sn)�tn)4u`��sn)�tn)4n�   (13) 

where ���� are mean intensities, "�r and "�r are variances, "�� 
is covariance, while #- and #r are stabilization constants. 

Moreover, the CNR measures lesion conspicuity relative to 
the surrounding background, with higher values indicating 
improved detectability. CNR is computed as: 

#iE 	 |�vwxyz��{|}~�zyw��|
�{|}~�zyw��

   (14) 

where �fe�YZ  is the tumor Region of Interest (ROI) mean, 
�X���QZYe��  is the background ROI mean, and "X���QZYe��  is 
the background ROI standard deviation. 

B. Quantitative Performance of the Proposed Preprocessing 

Pipeline 

The quantitative performance of the proposed 
preprocessing pipeline at different processing stages is 
presented in Table II. The ANLMD component significantly 
improved the image quality, resulting in sharper details and 
higher fidelity. The PSNR (22.41 dB→36.63 dB) and SSIM 
(0.68→0.93) values increased significantly, along with an 
important increase in CNR (1.65→2.52), indicating that the 
ANLMD suppresses random noise without affecting the crucial 
details in medical images. Furthermore, the application of 
CACE enhanced the delineation of lesions, particularly the 
contrast of tumor regions, resulting in a further increase in 
CNR (2.52→4.10), even though a minor loss in PSNR (36.63 
dB→35.87 dB) was observed owing to contrast enhancement. 
Finally, SBA achieved the best overall balance among the 
various approaches studied, which resulted in the maximum 
PSNR (37.26 dB), SSIM (0.956), and CNR (4.55). The 
evolution of these metrics throughout the processing stages is 
also visualized in Figure 5. Overall, the pipeline increased the 
PSNR by 66.26%, the SSIM by 39.7%, and the CNR by 
175.75% compared to the original images. These results 
indicate that the successive incorporation of ANLMD, CACE, 
and SBA improved image fidelity, structural preservation, and 
lesion conspicuity from a clinical perspective and resulted in a 
clearer PET-CT image suitable for further clinical 
interpretation and automated analysis. 

TABLE II.  QUANTITATIVE PERFORMANCE OF THE 
PROPOSED PREPROCESSING PIPELINE 

Processing stage PSNR (dB) SSIM CNR 

Input raw PET-CT image 
(original image) 

22.41 0.68 1.65 

ANLMD (denoised) 36.63 0.93 2.52 
CACE (contrast enhanced) 35.87 0.92 4.10 

SBA (proposed adaptive pipeline) 37.26 0.956 4.55 

 

 
Fig. 5.  Comparison of quality metrics across preprocessing stages. 
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C. Computational Performance and Comparative Evaluation 

Experiments were conducted on a standard high-
performance workstation equipped with NVIDIA RTX 3080 Ti 
Graphics Processing Unit (GPU), Intel Core i9-12900K, 32 GB 
Random Access Memory (RAM), using Python 3.10, PyTorch 
2.1, CUDA 12.1, OpenCV 4.8, and SimpleITK 2.3. This 
configuration was adequate to handle large whole-body PET-
CT volumes (512 × 512 × ~300 slices), which require increased 
memory performance owing to intermediate processing 
outputs. 

Conventional image preprocessing techniques, such as 
Gaussian filtering [5], have been widely applied to PET-CT 

enhancement; however, Gaussian filtering tends to oversmooth 
lesion boundaries. Other methods, such as HE [5], may 
increase background noise, and CLAHE [14] can amplify 
noise, particularly in low signal-to-noise PET images. On the 
other hand, the NLM filter [7] preserves structural details more 
effectively but has a high computational cost and requires 
careful parameter tuning. Moreover, DDPM [10] has 
demonstrated strong denoising performance; however, it 
requires large training datasets and may compromise 
interpretability. In contrast, the proposed adaptive 
preprocessing pipeline is deterministic, does not require model 
training, and improves lesion conspicuity, as shown in Table 
III. 

TABLE III.  COMPARISON OF PREPROCESSING METHODS WITH BASELINE TECHNIQUES 

Method PSNR SSIM CNR Artifact reduction (qualitative) 
Run 

time per slice (ms) 

Gaussian filter [5] Moderate Low-moderate Low Over-smoothing in lung regions. 5-7 
HE [5] Low Low High but unstable Amplifies noise, poor lesion visibility. 2-3 

CLAHE [14] Moderate Moderate High 
Local contrast improved, but noise 

amplified. 
12-18 

NLM [7] High High Moderate 
Good detail but very slow; blurs small 

lesions. 
110-150 

DDPM-based denoiser [10] Very high High Moderate Strong restoration but risk of hallucination. 55-70 
Proposed adaptive pipeline 
(ANLMD + CACE + SBA) 

High 
(Best balance) 

High High and stable 
Improved lesion conspicuity; suppresses 

lung background. 
27-36 

 

IV. CONCLUSION 

This study proposes an adaptive preprocessing framework 
to enhance the visibility of camouflaged lung tumors in the 
output of Whole-Body Positron Emission Tomography 
Computed Tomography (PET-CT) scans. The proposed 
pipeline technique is composed of three self-tuning modules: 
Adaptive Non-Local Means Denoising (ANLMD), Camouflage 
Aware Contrast Enhancement (CACE), and Selective 
Background Attenuation (SBA). The quantitative evaluation of 
the proposed pipeline technique was carried out on Non-Small 
Cell Lung Cancer (NSCLC) patient data, obtained from the 
Fluorodeoxyglucose Positron Emission Tomography 
Computed Tomography (FDG-PET-CT)-Lesions collection, by 
The Cancer Imaging Archive (TCIA), resulting in an improved 
image quality with a Peak Signal to Noise Ratio (PSNR) of 
37.26 dB, a Structural Similarity Index Measure (SSIM) of 
0.956, and a Contrast to Noise Ratio (CNR) of 4.55. This 
indicates that the proposed framework effectively reduces 
camouflage effects and enhances diagnostic clarity without the 
need for training or scanner-specific adaptation. While the 
framework is optimized for lung cancer imaging, extension to 
other organs may require parameter adjustments due to 
differing uptake patterns. Future work will focus on multi-
cancer validation and integration with multimodal feature 
analysis to further improve generalizability. 
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