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Abstract 

This study introduces VisualPy, an interactive Python-based educational toolkit 

designed for intuitive learning and experimentation in modern signal and image processing. 

Unlike traditional tutorial series that rely on static walkthroughs, VisualPy offers dynamic, 

browser-based simulation environments that allow users to manipulate parameters in real-

time and observe algorithmic behavior through visual feedback. The toolkit leverages Jupyter 

Notebooks integrated with open-source libraries such as NumPy, OpenCV, and scikit-image 

to implement key algorithms in denoising, compression, filtering, and edge detection. Each 

module is complemented with theoretical insights, mathematical derivations, and exploratory 

questions to bridge the gap between abstract concepts and practical implementation. VisualPy 

is tailored for both early-career researchers and advanced undergraduate students, offering 

guided exercises as well as open-ended challenges that simulate real-world datasets including 

satellite imagery, biomedical scans, and urban sound signals. The adaptive nature of the 

platform promotes active learning and immediate experimentation, fostering deeper 

understanding of core concepts in both 1D signal and 2D image domains. Additionally, the 

platform supports collaborative learning through GitHub integration and facilitates remote 

education with minimal software setup. By shifting from passive tutorials to an active, code-

centric learning paradigm, VisualPy significantly enhances accessibility and engagement in 

signal and image processing education. 

Keywords: Signal Processing, Image Analysis, Python Toolkit, Visual Learning, 

Jupyter Notebooks, Interactive Algorithms 

1. Introduction  

Image processing is a rapidly evolving field in computer science and engineering that 

involves the manipulation and analysis of visual data, primarily in the form of digital images. 
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It encompasses a wide range of techniques aimed at enhancing image quality, extracting 

useful information, and preparing images for further computational tasks. At its core, image 

processing focuses on pixel-level transformations, including filtering, noise reduction, 

contrast enhancement, and edge detection. These techniques help in improving visual clarity 

and highlighting important features. In recent years, image processing has played a crucial 

role in diverse applications such as medical diagnostics, satellite imagery, facial recognition, 

autonomous vehicles, and industrial quality control. It serves as a foundational component in 

computer vision systems, enabling machines to understand and interpret visual information. 

With the integration of artificial intelligence and deep learning, image processing has 

advanced toward more intelligent systems that can classify, detect, and segment objects with 

high accuracy. For example, convolutional neural networks (CNNs) have revolutionized 

image classification and object detection tasks. Additionally, image processing contributes 

significantly to pattern recognition, biometric identification, and multimedia compression. As 

digital technology becomes increasingly embedded in our daily lives, the role of image 

processing continues to expand. It not only aids in automating complex visual tasks but also 

enhances decision-making across a variety of industries. 

Python programming emerged as a practical tool for hands-on learning environments, 

particularly in embedded systems focused on image and video signal processing. Learners 

were guided through signal manipulation, filter application, and real-time performance 

evaluations, enabling them to gain deeper insights into multimedia hardware-software 

integration [1]. Moreover, Python proved useful in simulating human behavior during 

emergencies, where agent-based models facilitated virtual evacuations in educational 

buildings, thereby enhancing preparedness and safety protocol analysis [2].Likewise, 

advancements in image technologies were critically assessed to identify foundational 

elements essential for innovation in various domains such as communication, computing, and 

sensor technologies [3]. Additionally, image processing capabilities were broadened through 

Python’s integration with libraries like NumPy, Matplotlib, and Scikit-image, allowing users 

to explore pixel-level transformations, segmentation, and edge detection efficiently [4]. 

Furthermore, flotation foam analysis saw significant improvement through enhanced 

Python-based algorithms, which enabled precise characterization of mineral extraction 

processes via bubble feature recognition [5]. Similarly, Python and OpenCV integration 

facilitated the automation of height measurement using digital image processing, 

incorporating regression analysis to ensure reliable quantification [6].In a related 
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development, Python libraries like TorchIO optimized medical imaging workflows by 

supporting efficient loading, augmentation, and patch-based deep learning operations, which 

streamlined the training of neural networks for diagnostic tasks [7]. In addition, satellite 

image analysis benefited from combining Python and R tools to process Landsat and SRTM 

data, yielding accurate topographical insights and supporting environmental studies [8]. 

Concurrently, practical image processing tasks were made more accessible with 

Python through problem-based approaches that emphasized real-world applications and 

hands-on code examples, thus fostering intuitive learning [9]. Also, OpenCV-supported image 

filtration allowed for noise reduction and feature enhancement in grayscale and colored 

images, which proved crucial in vision-based systems [10].Notably, five-dimensional image 

analysis became possible with the development of a GPU-accelerated processing library that 

offered MATLAB and Python wrappers, allowing high-throughput biological data 

visualization and exploration [11]. In the same vein, challenges in digital image processing 

were addressed through advanced techniques using NumPy, SciPy, PyTorch, and Keras, 

thereby enhancing the interpretability and efficiency of computer vision solutions 

[12].Meanwhile, quantifying hazardous substances like acrylamide in food products was 

facilitated through image analysis methods based on Python, which provided a non-

destructive and cost-effective alternative to traditional chemical methods [13]. Furthermore, 

face recognition models were adapted to account for occlusions caused by face masks, 

ensuring robust identification under pandemic-imposed conditions using Python’s OpenCV 

capabilities [14]. 

Moreover, digital image correlation for strain measurement in materials testing was 

enabled by open-source Python platforms, promoting reproducibility and precise 

displacement tracking in planar deformation studies [15]. Similarly, astronomical data 

underwent modular processing via a Python framework that allowed dynamic calibration, 

stacking, and visualization of deep space images [16]. Additionally, grain measurement in 

agricultural contexts was revolutionized by interactive image analysis packages developed in 

Python, which allowed users to count and size grains without specialized hardware, 

promoting efficiency in crop science research [17]. Finally, object detection systems utilizing 

webcams were implemented using Python, enabling real-time monitoring and recognition of 

visual inputs for smart surveillance and automation applications [18]. 
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2.Materials and Methods 

2.1Dataset Integration and Preprocessing Pipeline 

To bridge theory with real-world applications, VisualPy is equipped with a range of 

curated datasets covering various domains such as biomedical imaging, satellite remote 

sensing, urban acoustics, and environmental monitoring. Each dataset is preprocessed using 

domain-specific pipelines to ensure consistency, reliability, and pedagogical relevance. Image 

datasets (e.g., MRI slices, chest X-rays, Landsat imagery) undergo preprocessing steps 

including resizing to uniform dimensions, grayscale conversion, normalization between 0 and 

1 or -1 and 1, and, where applicable, histogram equalization to enhance contrast. Signal 

datasets, such as audio samples or ECG waveforms, are subject to sampling rate 

normalization, windowing (e.g., Hamming or Hann windows), and transformation into the 

frequency domain using FFT or MFCC extraction.  

Table 1: Sample Integrated Datasets and Preprocessing Techniques 

Dataset Name Domain Data Type Format Preprocessing Steps 

Applied 

ChestX-ray14 Biomedical 2D Grayscale PNG Resize, Normalize, Contrast 

Enhancement 

UrbanSound8K Acoustic 

Signals 

1D Audio WAV Resample, STFT, MFCC 

Extraction 

Landsat-8 Remote 

Sensing 

Multispectral 

RGB 

TIFF Channel Selection, 

Normalization, Cropping 

MIT-BIH 

Arrhythmia 

ECG Signals 1D Biomedical CSV Windowing, FFT, Baseline 

Correction 

ImageNet Subset General 

Images 

RGB Images JPEG Resize, RGB to Gray, 

Histogram Equalization 

 

The preprocessing functions are encapsulated into reusable Python modules that 

accept raw inputs and output structured arrays, enabling students to focus on algorithmic 

application rather than data engineering. Table 1 presents a sample of the integrated datasets 
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along with their domain, type, format, and preprocessing methods applied. These datasets are 

either stored locally within the VisualPy distribution or dynamically fetched via APIs and 

direct links from public repositories like Kaggle, OpenML, and PhysioNet. 

2.2 Toolkit Architecture and Development Environment 

The VisualPy toolkit was architected with a focus on modularity, interactivity, and 

ease of deployment, leveraging the Python programming language and the Jupyter Notebook 

environment to offer a browser-based, zero-installation educational platform. At the core of 

its design is the use of Python 3.9, chosen for its widespread adoption in both academia and 

industry, and its extensive ecosystem of scientific libraries. Jupyter Notebooks serve as the 

primary interface, providing a literate programming environment where narrative, 

mathematical explanations, and executable code coexist seamlessly which is shown in figure 

1.  

 

 

Figure 1: Framework of the Semi-Automatic Classification Plugin main dependencies 

The backend infrastructure includes open-source packages such as NumPy for array 

manipulations and linear algebra, OpenCV for foundational image processing operations, and 

scikit-image for implementing higher-level image analysis techniques. Additional packages 

such as Matplotlib and Seaborn are used for data visualization, while ipywidgets allows 
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embedding interactive controls directly into notebook cells. To ensure portability and 

reproducibility, the entire environment is distributed using environment specification files for 

Conda and configuration scripts for Docker. This guarantees that VisualPy can be executed 

on Windows, macOS, and Linux systems, as well as deployed on cloud-based platforms like 

Google Colab and Binder without additional configuration, thereby enabling both individual 

and institutional use with minimal technical overhead. 

2.3 Signal and Image Processing Module Design 

Each signal and image processing module in VisualPy is organized into self-contained 

notebooks that follow a consistent instructional pattern: theoretical context, mathematical 

derivation, code implementation, interactive simulation, and reflective questioning. Topics 

covered span core domains in 1D signal and 2D image processing, including but not limited 

to smoothing, sharpening, noise removal, edge detection, histogram equalization, and image 

compression. For each topic, the module begins with a comprehensive markdown-based 

theoretical exposition, outlining the mathematical basis using LaTeX-rendered equations. For 

example, convolution operations are presented with discrete formulations, and their 

implementation is followed through using custom Python functions as well as built-in filters 

from OpenCV.  

 

 

Figure 2 Signal generation and processing system design. (a) Digital module configuration. 

(b) Memory configuration. 
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Comparative implementations are also demonstrated, such as Sobel versus Canny edge 

detection or JPEG-like compression using DCT-based transformations. All code is written in 

an educational style, with inline comments and visual output cells to ensure conceptual 

transparency. Each notebook ends with a set of exploratory tasks, encouraging users to 

modify code, test edge cases, and extend functionality, thus reinforcing active learning. By 

maintaining a modular design, VisualPy ensures that each component can be used 

independently or integrated into a broader curriculum sequence. 

2.4 Interactive Simulation and Parameter Control 

To enhance experiential learning and promote hands-on experimentation, VisualPy 

incorporates a robust system of interactive widgets using the ipywidgets library. These 

widgets enable users to manipulate key parameters of signal and image processing algorithms 

in real-time, without altering the underlying codebase. Interactive controls such as sliders, 

dropdowns, and toggles are implemented to adjust variables like filter size, kernel type, 

standard deviation of noise, edge detection thresholds, and compression ratios. For instance, 

in the image denoising module, a user can introduce Gaussian or salt-and-pepper noise to a 

grayscale image and then apply various filters (mean, median, bilateral) while dynamically 

adjusting the kernel size and observing the output in real-time. Each widget is carefully 

constrained to avoid computational errors or unreasonable input values, thereby guiding users 

through meaningful experimentation. The interactivity not only supports immediate visual 

feedback via Matplotlib plots or inline OpenCV renderings, but also fosters an intuitive grasp 

of algorithmic behavior across input spaces. Furthermore, multiple widgets can be grouped 

using HBox and VBox layouts, offering a clean and logical UI structure within each 

notebook. This approach transforms static tutorials into dynamic simulations, aligning with 

constructivist learning models in engineering education. 

2.5 Algorithmic Structure and Implementation Standards 

The implementation of signal and image processing algorithms within VisualPy 

adheres to modular and reusable coding standards, ensuring clarity, maintainability, and 

educational transparency. All algorithms are encapsulated into Python functions or class-

based structures that follow a consistent naming and argument pattern. For example, an edge 

detection algorithm such as the Canny filter is implemented both as a callable function and as 

a class with adjustable threshold parameters. Each function includes docstrings formatted 

according to NumPy/SciPy documentation standards, specifying input types, argument 
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descriptions, expected output shapes, and example usages. Error handling is embedded to 

provide informative feedback when invalid inputs are encountered. The algorithm 

implementations are not black-boxed; instead, intermediate steps are exposed to learners, 

allowing them to understand gradient computation, non-maximum suppression, and 

hysteresis thresholding stages in the Canny pipeline. In addition, optional performance 

diagnostics are provided, such as the computation of algorithm runtime using the time 

module and complexity estimates via big-O notation illustrations. Where applicable, 

algorithm outputs are supplemented with visual diagnostics—e.g., histograms of intensity 

distributions before and after filtering—to support deeper technical insight. 

2.6 Collaborative Deployment and Remote Access Infrastructure 

Recognizing the importance of collaborative learning and remote accessibility, 

VisualPy integrates seamlessly with platforms that support distributed coding and version 

control, particularly GitHub and Google Colab. Each module in VisualPy is backed by a 

GitHub repository that includes instructional notebooks, dependencies, datasets, and 

contribution guidelines. This setup allows for collaborative annotation, version tracking, and 

issue-based interaction between users and developers. In academic environments, instructors 

can fork repositories to deliver customized coursework and track student progress through 

pull requests or GitHub Classroom. Moreover, all notebooks are Colab-compatible, allowing 

learners to execute VisualPy modules directly in the browser without any local installation. 

This is especially beneficial in online or hybrid learning settings, where infrastructure 

constraints may exist. The project also supports Binder integration, enabling ephemeral yet 

fully functional execution environments from the cloud. For automated assessment, VisualPy 

incorporates nbgrader compatibility, which allows instructors to create, assign, and grade 

interactive notebooks with embedded solutions. These infrastructural choices ensure that 

VisualPy can scale from individual self-paced learners to classroom-sized deployments with 

minimal setup and maximal interactivity. 

3.Results and discussion  

3.1 Cross-Platform Performance Benchmarking 

The performance evaluation of the VisualPy Toolkit across different platforms, as 

illustrated in Table 2, provides a comprehensive benchmark for its cross-platform execution 

capabilities. The toolkit demonstrates efficient performance on both cloud and local systems, 
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with the Google Colab environment offering the fastest average load time (2.1 seconds) and 

notebook execution time (13.8 seconds), attributed to its robust backend infrastructure and 

GPU acceleration.  

 

Figure  3 Image processing with python with different contrast 

In contrast, Binder, while accessible, exhibits the slowest performance metrics with a 

load time of 6.7 seconds and execution time of 20.5 seconds, likely due to limited 

computational resources and the absence of GPU support. Among local environments, 

macOS Monterey using Docker performs optimally with a 390 MB memory footprint and 

load time of 3.8 seconds, slightly outperforming Windows 11 with Anaconda in speed and 

efficiency. The findings from Table 2 highlight the portability and GPU-driven acceleration 

that make VisualPy suitable for diverse execution environments. 
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Table 2: Cross-Platform Execution Benchmark for VisualPy Toolkit (Toolkit Architecture) 

Operating 

System 

Environment Average 

Load 

Time (s) 

Avg. 

Notebook 

Execution 

Time (s) 

Memory 

Usage 

(MB) 

GPU 

Acceleration 

Supported 

Windows 

11 

Anaconda 

(Local) 

4.3 18.2 412 Yes 

macOS 

Monterey 

Docker 3.8 17.1 390 Yes 

Ubuntu 

22.04 

Conda 

(Terminal) 

4.0 16.4 405 Yes 

Google 

Colab 

Cloud 2.1 13.8 356 Yes 

Binder 

(Jupyter) 

Cloud 6.7 20.5 430 No 

 

3.2 Image Processing Module Accuracy 

` Focusing on the accuracy metrics of the VisualPy image processing modules, Table 3 

presents detailed evaluations across multiple algorithms and datasets. The Median Filter 

exhibited superior performance on the ChestX-ray14 dataset, attaining the highest PSNR 

(32.54 dB) and SSIM (0.902), indicating robust noise suppression and structure preservation. 

In comparison, the Gaussian Filter achieved a slightly lower PSNR of 30.21 dB and SSIM of 

0.871, suggesting relatively less effective denoising. For edge detection, the Canny Detector 

achieved the highest accuracy of 91.22%, outperforming the Sobel Operator’s 83.75%, based 

on evaluations on an ImageNet subset. The DCT Compression algorithm, used on satellite 

imagery, delivered a moderate PSNR of 28.47 dB and SSIM of 0.841, reflecting its 

effectiveness in balancing image compression with visual quality. Overall, the metrics in 

Table 3 validate VisualPy’s versatility in executing diverse image processing tasks with high 

precision. 
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Table 3: Accuracy Metrics for Image Processing Modules (Module Design) 

Algorithm Dataset PSNR 

(dB) 

SSIM MSE Edge Detection 

Accuracy (%) 

Gaussian Filter ChestX-ray14 30.21 0.871 92.11 N/A 

Median Filter ChestX-ray14 32.54 0.902 71.25 N/A 

Sobel Operator ImageNet 

Subset 

N/A N/A N/A 83.75 

Canny Detector ImageNet 

Subset 

N/A N/A N/A 91.22 

DCT 

Compression 

Satellite 

Imagery 

28.47 0.841 108.53 N/A 

 

3.3 Impact of Interactive Parameter Tuning  

The pedagogical effectiveness of interactive parameter tuning using VisualPy is 

comprehensively assessed in Table 4, revealing notable improvements in both learning 

outcomes and student engagement. Modifying key parameters such as Gaussian σ, Threshold 

(Canny), and Kernel Size led to significant accuracy gains, with the denoising level 

adjustment yielding the highest improvement of +9.7% in average model accuracy. 

Moreover, student engagement scores consistently exceeded 4.3 out of 5, with the Kernel 

Size modification achieving the highest engagement score of 4.8. These results demonstrate 

that the simulation environment, supported by real-time widgets, enables a hands-on, 

experiential learning approach. Table 4 confirms the value of interactive modules in fostering 

a deeper understanding of computational imaging techniques in educational settings. 

Table 4: Impact of Interactive Parameter Tuning on Learning Outcomes (Simulation & 

Widgets) 

Parameter Default 

Value 

Modified 

Range 

Avg. Accuracy 

Gain (%) 

Student Engagement 

Score (/5) 

Gaussian σ 1.0 0.5 – 3.0 +8.4 4.7 
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Threshold 

(Canny) 

100 50 – 150 +6.2 4.5 

Kernel Size 3 3 – 9 +7.1 4.8 

Compression 

Ratio 

70% 50% – 90% +5.3 4.3 

Denoising 

Level 

0.1 0.05 – 0.5 +9.7 4.6 

 

3.4 Preprocessing Pipeline Efficiency Across Datasets  

The preprocessing efficiency of VisualPy when handling varied datasets is depicted in 

Table 5, which evaluates key steps such as resizing, normalization, and histogram 

equalization. The ChestX-ray14 dataset had the shortest total preprocessing time (37 ms) 

despite undergoing all three preprocessing stages, showcasing the toolkit’s optimization for 

medical imaging workflows.  

 

 

Figure  4 Results of  histogram  image analysis 
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Conversely, Landsat-8, characterized by its high-resolution satellite images, exhibited the 

longest preprocessing time (64 ms), primarily due to the added complexity and computational 

load of full-scale processing. Notably, datasets such as MIT-BIH ECG and UrbanSound8K 

omitted the histogram equalization step, contributing to lower total processing times of 21 ms 

and 31 ms, respectively. These observations in Table 5 underscore VisualPy’s adaptable 

pipeline design, capable of handling domain-specific data processing requirements efficiently. 

 

Table 5: Preprocessing Metrics Across Datasets (Dataset Integration & Pipeline) 

Dataset Name Resize 

Time 

(ms) 

Normalization 

Time (ms) 

Histogram 

Equalization (ms) 

Total 

Preprocessing 

Time (ms) 

ChestX-ray14 12 9 16 37 

UrbanSound8K 17 14 N/A 31 

Landsat-8 22 18 24 64 

MIT-BIH ECG 10 11 N/A 21 

ImageNet 

Subset 

19 16 21 56 

 

3.5 Algorithmic Performance Evaluation  

A comparison of algorithmic efficiency within VisualPy, as detailed in Table 6, 

reveals valuable insights into speed, memory utilization, and computational complexity. 

Histogram Equalization stood out with the fastest execution time (13.5 ms) and lowest 

memory usage (29.4 MB), making it an excellent candidate for real-time applications. Canny 

Edge Detection, despite a slightly higher resource demand (48.2 MB), delivered the highest 

accuracy (91.22%) and maintained a linear time complexity O(n), suitable for precision-

intensive applications.  
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Table 6: Performance Comparison of Algorithms in VisualPy (Algorithmic Structure) 

Algorithm Execution Time 

(ms) 

Memory Usage 

(MB) 

Accuracy 

(%) 

Complexity 

(Big-O) 

Canny Edge 

Detection 

28.4 48.2 91.22 O(n) 

Sobel Operator 17.9 40.5 83.75 O(n) 

Median Filter 34.2 52.7 90.11 O(nk²) 

DCT Compression 22.6 47.1 87.08 O(n log n) 

Histogram 

Equalization 

13.5 29.4 85.60 O(n) 

 

The Median Filter, while accurate (90.11%), had the highest computational 

complexity (O(nk²)) and memory usage (52.7 MB), reflecting its intensive denoising 

operations. Additionally, DCT Compression showed a balanced profile with moderate time 

complexity O(n log n) and accuracy of 87.08%. Table 6 effectively presents the trade-offs 

among accuracy, speed, and computational overhead for informed algorithm selection. 

 

 

Figure 5 Image filtering 
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3.6 Remote Platform Utilization and Deployment Metrics  

Table 7 presents insights into VisualPy’s deployment across popular remote platforms, 

highlighting user engagement, collaborative development, and issue management. Google 

Colab emerged as the most utilized platform with 3,980 users and the longest average session 

duration (22.5 minutes), indicating strong user interaction and ease of access to cloud-based 

resources.  

Table 7: GitHub and Remote Platform Utilization Metrics (Deployment & Access) 

Platform User 

Count 

Average 

Session 

Duration 

(min) 

Forks/Clones Contribution 

Rate (%) 

Issue 

Resolution 

Time (hrs) 

GitHub 2,530 19.2 790 23.4 14.3 

Google 

Colab 

3,980 22.5 N/A N/A N/A 

Binder 1,730 14.8 N/A N/A N/A 

JupyterHub 860 18.7 230 18.1 17.6 

 

GitHub demonstrated the highest degree of community-driven development, boasting 

790 forks/clones and a 23.4% contribution rate, coupled with a 14.3-hour issue resolution 

time, which reflects a responsive and active developer ecosystem. JupyterHub showed a 

lower user base (860) but retained a robust 18.1% contribution rate, indicating strong 

participation among its user community. In contrast, Binder, despite its accessibility, showed 

comparatively lower engagement. The metrics in Table 7 confirm VisualPy’s broad adoption 

and collaborative viability across platforms supporting educational and research applications. 

4. Conclusion  

In recent years, the demand for interactive and experiential learning tools in signal 

and image processing has surged, driven by the need to make complex algorithms more 

accessible and engaging for learners. VisualPy addresses this demand by offering a dynamic, 

Python-based simulation environment that combines visual feedback with hands-on 
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parameter manipulation. Designed for students and early-career researchers, it bridges 

theoretical concepts with practical applications through its integration with Jupyter 

Notebooks and open-source libraries like NumPy, OpenCV, and scikit-image. Based on a 

comprehensive performance evaluation, VisualPy demonstrates impressive cross-platform 

execution capabilities, with Google Colab delivering the fastest load (2.1 s) and execution 

times (13.8 s), while macOS on Docker shows optimal local performance (3.8 s load time, 

390 MB memory). Accuracy analysis reveals that the Median Filter performs best in 

denoising (PSNR 32.54 dB, SSIM 0.902), and the Canny Edge Detector achieves the highest 

edge detection accuracy (91.22%).  

Interactive tuning, evaluated pedagogically, enhances learning outcomes by 

improving model accuracy up to 9.7% and achieving high engagement scores (>4.5/5). 

Preprocessing tasks such as resizing and normalization were efficiently handled, with 

ChestX-ray14 showing the shortest preprocessing time (37 ms), while Landsat-8 took the 

longest (64 ms). Algorithmic evaluations showed that Histogram Equalization is the fastest 

(13.5 ms, 29.4 MB), while Canny Detection balances speed with superior accuracy and 

complexity efficiency (O(n)). Deployment metrics further confirm VisualPy’s widespread 

adoption, with Google Colab leading in user engagement (3,980 users, 22.5 min average 

session), and GitHub showcasing strong collaboration (790 forks, 23.4% contribution rate). 

Collectively, these results affirm VisualPy’s robust architecture, pedagogical value, and 

practical effectiveness, making it a versatile toolkit for both academic instruction and real-

world application in signal and image processing domains. 
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