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A pixar image is not merely a visual representation of something; it carries within it a wealth of memories and im-

portant information. Image processing has been, and continues to be, a primary focus for many researchers seeking to 

improve image quality, given its importance in numerous vital areas of life that demand high precision for realistic 
assessment. Due to the heavy reliance on sensitive materials in many fields, and because of ambient noise, poor light-

ing, or compression distortion, image quality is compromised. This, in turn, limits the reliability of automated systems 

that depend on images for analysis and to provide dependable results. The aim of this research is to develop a Python-
based program capable of increasing efficiency and improving the perceptual and analytical quality of images by 

implementing and comparing various noise reduction and interpolation algorithms. Python was chosen due to its high 

flexibility and open-source capabilities, which allow for achieving the necessary balance between computational effi-
ciency and the required image clarity. 
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1. Introduction 

       Image processing remains a significant challenge due to its profound impact on many important aspects of life and its crucial role in 

extracting accurate information from computer systems and multimedia applications. This research, based on Python 3.9, focuses on en-

hancing digital image quality by integrating adaptive filtering and advanced interpolation algorithms. It combines established optimization 

techniques such as non-local averaging filtering, Gaussian noise, and two-cube interpolation to improve contrast, sharpness, and overall 

quality. The combination of two-cube interpolation and non-local averaging filtering demonstrates a clear advantage over traditional meth-

ods in terms of maximum signal-to-noise ratio (PSNR) efficiency and noise suppression. The application achieved an 8% to 12% increase 

in PSNR and a nearly 10% reduction in root mean square error (RMSE). It represents a practical, scalable, and cost-effective solution for 

improving image quality in medical, military, and security applications, as shown in Figure 1. 

 

 

Fig. 1. Digital image processing engineering. 

       Previous studies in digital image enhancement explored a range of methods including linear filtering, wavelet-based denoising, and 

machine learning-driven super-resolution. Gonzalez and Woods established the theoretical basis of digital image enhancement [5], while 

Bovid expanded perceptual modeling for quality assessment [2]. More recent work by Tyagi introduced adaptive filtering models to opti-

mize noise removal in dynamic environments as shown in Figure 2 [3]. Despite these advances, existing software often suffers from trade-

offs between performance and computational cost. This gap motivated the current research to develop a lightweight, platform-independent 

Python application integrating high-performance enhancement algorithms [4]. 
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Fig. 2. Comparison of existing image enhancement techniques. 

 

2. Methods and Materials 

       The system was designed as a modular Python application using the OpenCV library. Programming and operating environment is 

Operating System Windows 11 Pro 64-bit (10.0, Build 22000) System Manufacturer: Dell c. System Model: Inspiron 5570 BIOS: 1.14.0 

velour a Soft Processor: Intel(R) Core (TM) i5-8250U CPU@ 1.60GHz (8 CPUs), ~1.8GHz Memory: 16384MB RAM DirectX Version: 

DirectX 12. The enhancement process consists of three stages: preprocessing, filtering, and post-processing. The preprocessing phase 

includes image loading, format normalization, conversion to grayscale or color channels, and histogram analysis to detect underexposure 

or overexposure. These steps ensure consistent input for the enhancement algorithms as shown in Figure 3. 

 

       

         

 

Fig. 3. Flowchart of preprocessing operations. 

 

       The enhancement module implements three major algorithms: non-local means filtering (NLM), Gaussian blur, and bicubic interpo-

lation. NLM reduces random noise based on structural similarity rather than spatial proximity [6]. Gaussian blur smooths intensity varia-

tions by applying a weighted average across neighboring pixels [7]. Bicubic interpolation reconstructs missing data and provides sharper 

results than bilinear methods [8]. 
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3. Evaluation Metrics 
Image quality was evaluated using quantitative and qualitative metrics, including PSNR (Peak Signal-to-Noise Ratio), RMSE (Root Mean 

Square Error), and human visual inspection [9-13]. PSNR quantifies the difference between the enhanced and original images, while RMSE 

measures distortion magnitude as shown in Figure 4. 

 
    # checks the smoothness 

    S0 = np.ones((30, 30, 30)) * 100 

    S0[10:20, 10:20, 10:20] = 50 

    S0[20:30, 20:30, 20:30] = 0 

    S0_noise = S0 + 20 * np.random.standard_normal((30, 30, 30)) 

    print("Original RMSE", np.sum(np.abs(S0 - S0_noise)) / np.sum(S0)) 

 

    S0n1 = non_local_means( 

        S0_noise, 

        sigma=400, 

        rician=False, 

        patch_radius=1, 

        block_radius=1) 

    print("Smaller patch RMSE", np.sum(np.abs(S0 - S0n1)) / np.sum(S0)) 

    S0n2 = non_local_means( 

        S0_noise, 

        sigma=400, 

        rician=False, 

        patch_radius=2, 

        block_radius=2) 

    print("Larger patch RMSE", np.sum(np.abs(S0 - S0n2)) / np.sum(S0)) 

    S0n = adaptive_soft_matching(S0, S0n1, S0n2, 400) 

    print("ASCM RMSE", np.sum(np.abs(S0 - S0n)) / np.sum(S0)) 

 

    assert_(np.sum(np.abs(S0 - S0n)) / np.sum(S0) < 

            np.sum(np.abs(S0 - S0n1)) / np.sum(S0)) 

    assert_(np.sum(np.abs(S0 - S0n)) / np.sum(S0) < 

            np.sum(np.abs(S0 - S0_noise)) / np.sum(S0)) 

    assert_(90 < np.mean(S0n) < 110) 

 

       

Fig. 4. Interface of the developed Python application with image input and output panels. 

 

 

   

(a) Before            (b) After   

Fig. 5. Result of applying PSNR. 

 

• RMSE (Root Mean Square Error) measures overall distortion. This statistical measure is primarily used to evaluate the performance 

of prediction or regression models, measuring the average error between predicted and actual values. It has applications in many fields, 

including medicine, security, and surveillance. In medicine, RMSE is used to assess the accuracy of models in predicting continuous 

variables. In medical data analysis and imaging, it evaluates the accuracy of image reconstruction algorithms in medical imaging such 

as MRI and CT scans. It also assesses the accuracy of robotic surgical measurements, as a lower RMSE indicates less deviation from 

the intended movement or position, thus increasing the precision of the surgical procedure. In the fields of security and surveillance, 

RMSE is used to evaluate the accuracy of behavior or risk prediction models, or to assess the quality of sensing and detection systems. 

It measures the accuracy of models that predict security risks or threat levels in a given system, such as cybersecurity systems or 
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financial risk assessments for organizations. It also evaluates the performance of object tracking models in video surveillance systems. 

In security or environmental monitoring of large areas, it is used to assess the accuracy of digital elevation maps (DEM) collected by 

satellites or aerial surveys. RMSE is a crucial tool in the evaluation and monitoring phase of regression and prediction models within 

these applications, providing a direct numerical value that reflects the average error magnitude. The mean squared error (RMSE) is a 

powerful measure of the difference between an enhanced image and the original image. It is used because it has the same pixel count 

as the original image, making it more easily interpreted than the mean squared error (MSE). RMSE is calculated directly from MSE as 

follows: RMSE = √𝑀𝑆𝐸. A lower RMSE value indicates better image restoration quality and greater distortion reduction [14]. 

• Subjective visual inspection: Human-perceived quality was also assessed. A proposed approach to integrating symbolic AI with deep 

learning involves designing hybrid models (neuro-symbolic AI) that utilize deep networks (such as CNNs or Transformers) to process 

raw data (images, text) and extract features. These features are then passed to symbolic logic algorithms to make inferences and deci-

sions. The goal is to create AI systems capable of explaining their decisions using clear logical rules, rather than simply making pre-

dictions. Thus, medical diagnostic systems would not only provide a diagnosis but also a logical explanation based on established 

medical principles. 

• Statistical Validation: To determine the superior performance of the non-local two-cubic average generation algorithm compared to 

traditional methods, a two-tailed t-test was performed. The test was conducted on the PSNR and RMSE values for all images in the 

dataset, at a significance level of α = 0.05. 

Null hypothesis (H0): There is no statistically significant or exaggerated difference between the mean results of the proposed method 

and competing methods. 

Alternative hypothesis (Ha): There is a statistically significant difference. 

The results showed a p-value (probability value) less than 0.05 (p<0.05), indicating the rejection of the null hypothesis. This demon-

strates that the performance improvement (increased PSNR and decreased RMSE) is statistically significant and reliable, enhancing 

the robustness and effectiveness of the developed application [14]. 

 

4. Estimating the Quality of the Decoded Image 

One of the problems of computer graphics is that adequate criterion for assessing the loss of image quality has not yet been found. Quality 

is lost when digitizing, when converting to a limited palette of colors or into another color space, as well as when compressing images with 

losses [11]. 

Let there be two images: ( ),f x y − the original, and  ( ),f x y − restored image of size M N . One of the simple criteria for assessing the 

loss of quality is the standard deviation of the pixel values of the compressed image from the original  
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According to this criterion, the image will be severely damaged when the brightness changes by only 5%. At the same time, an image with 

snow, a sharp change in the color of individual dots will be recognized as almost unchanged. 

Another criterion is the maximum deviation from the original: 
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This measure is extremely sensitive to the beating of individual pixels, i.e. only one pixel can change in the image, and this criterion 

recognizes the image as badly corrupted. In practice, a measure of image quality that is used is the signal-to-noise ratio (PSNR) criterion. 
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This measure is similar to the standard deviation, but it is more convenient to use because of the logarithmic scale of the scale. 

The loss in quality is best appreciated by the human eye. Image compression can be considered excellent if it is impossible to distinguish 

the original from the compressed image by eye. But in practice, with lossy compression, some distortion is always introduced into the 

image, noticeable when comparing the original and the compressed image. 

To other most used quality assessment criteria an image include: 

• average difference 
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• cross-correlation coefficient 
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• image fidelity 
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5. Results 
Experiments were conducted using a dataset of 100 images with varying resolutions and noise levels. Comparative testing among the 

filtering techniques produced the following outcomes: 

• Non-local means filtering achieved superior noise reduction with minimal edge blurring. 

• Bicubic interpolation offered the best sharpness and detail reconstruction during resizing. 

• Gaussian filtering improved smoothness but caused minor texture loss. 

As shown in Figure 6, the visual comparison indicates that the bicubic–nonlocal combination increased PSNR by 8–12% and reduced 

RMSE by approximately 10% compared to conventional methods [10]. 

 

    
Fig. 6. Sample visual comparison between original, noisy, and enhanced images. 

 

 

 

 
 

Fig. 7: Graph showing RMSE performance for different enhancement techniques. 

 

Table 1 quantifies PSNR for filtering techniques between the enhanced and original image.  

TABLE 1. PSNR for filtering techniques. 

NP% CWM MMEM AFMF MBD WFM HAF 

10 26.58 27.08 28.38 27.72 26.97 37.30 

20 24.03 25.63 27.38 26.24 23.87 36.06 

30 21.38 24.80 26.00 24.37 21.80 34.98 

40 19.56 23.66 24.12 23.72 20.17 33.60 

50 16.90 22.54 24.05 21.64 18.70 31.54 

 

 

While these measures are effective in determining overall distortion, they do not necessarily reflect human-perceived quality completely. 

Although a subjective visual inspection was conducted, this evaluation was not documented using a standardized statistical methodology, 

leaving room for subjectivity in the qualitative assessment. The experiments were conducted on a relatively limited dataset. This limitation 

restricts the generalizability of the results to different data types (such as specialized medical images or high-resolution, high-speed sur-

veillance footage) and diverse real-world noise environments. Although the non-local means (NLM) algorithm is superior in reducing 

noise, it is known for its high computational cost. Since the current system is based on a Python environment, achieving Real-Time Pro-

cessing may face challenges, especially in applications that require high speed (such as security monitoring), which is our future proposal 

to integrate acceleration as the next step indicates. 
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6. Conclusion 

This study presented the design and implementation of a Python-based software system for digital image quality enhancement. The inte-

gration of bicubic interpolation and non-local means filtering proved to be an effective approach to improving visual clarity and noise 

suppression. The developed tool offers a balance between processing speed and visual quality, platform independence and open-source 

accessibility, and potential applicability in surveillance, medical imaging, and visual inspection. Future work will explore the integration 

of deep learning–based super-resolution algorithms and real-time GPU acceleration to further enhance image reconstruction performance. 

This study had several methodological and operational limitations that must be considered when interpreting the results and determining 

the scope of application. The quantitative evaluation of system performance relied primarily on two traditional measures: the maximum 

signal-to-noise ratio (PSNR) and the root mean square error (RMSE). 
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