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Abstract: This paper first introduces the main classification of brain diseases and the main causes of these 

diseases. It is followed by wavelet analysis, which is a mathematical function or wave-like pattern used to 

transform data, which can decompose the signal into different wavelet functions, each of which is related to a 

specific scale or frequency. Wavelet analysis has been applied in many fields such as image processing, data 

analysis and engineering. In addition, wavelet is also used in the analysis of biological signals. Wavelet analysis 

breaks down brain signals, such as EEG or fMRI data, into various frequency components at different scales. 

Wavelet analysis provides time-frequency localization. Pattern recognition can be enhanced by isolating salient 

features in the data. Wavelet denoising can effectively separate noise from underlying brain signals. Wavelet 

denoising usually adopts threshold method. Wavelet analysis can enhance pattern recognition by isolating 

salient features in the data. Researchers can train machine learning models based on these wavelet-derived 

features to recognize specific patterns associated with different neurological disorders. Wavelet analysis can 

track these changes by continuously evaluating the frequency content of the neuroimage data over time. 

Through continuous efforts, wavelet theory and technology have become valuable tools in the field of 

neuroscience and brain disease research. 

Keywords: brain diseases; wavelet; feature extraction; signal denoising; classification and diagnosis; 

time-frequency analysis 

 

1. Introduction of Brain Diseases 

Brain diseases encompass a broad spectrum of disorders that affect the structure or function of 

the brain, leading to a wide range of neurological and cognitive impairments. These conditions can 

be congenital, acquired, or degenerative in nature, and they pose significant challenges to both 

patients and healthcare providers. Understanding the complexities of brain diseases is essential for 

diagnosis, treatment, and ongoing research aimed at improving the quality of life for affected 

individuals. 

As shown in Figure 1: one category of brain diseases is caused by neurodevelopmental disorders, 

such as autism spectrum disorder and attention-deficit/hyperactivity disorder (ADHD)[1]. These 

conditions typically manifest early in life and are characterized by atypical brain development, 

leading to difficulties in social interaction, communication, and behavior regulation. While the exact 

causes remain under investigation, a combination of genetic and environmental factors is believed to 

contribute to their development[2]. 
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Figure 1. Types of brain diseases. 

Acquired brain diseases, on the other hand, result from external factors such as infections (e.g., 

meningitis), traumatic injuries (e.g., traumatic brain injury), or exposure to toxins (e.g., lead 

poisoning)[3]. These conditions often lead to sudden and severe neurological deficits and require 

prompt medical intervention. Treatment approaches may include antibiotics, surgery, or 

rehabilitation therapy, depending on the underlying cause and severity of the disease. 

Degenerative brain diseases are a group of disorders characterized by the progressive 

deterioration of brain tissue. Alzheimer's disease, Parkinson's disease, and amyotrophic lateral 

sclerosis (ALS) are well-known examples[4]. These conditions are typically associated with aging and 

result in a gradual loss of cognitive or motor functions. While there is currently no cure for most 

degenerative brain diseases, ongoing research aims to better understand their underlying 

mechanisms and develop effective treatments to slow or halt their progression. 

Brain diseases encompass a diverse array of conditions that affect the brain's structure and 

function. They can be classified into neurodevelopmental disorders, acquired brain diseases, and 

degenerative brain diseases, each presenting unique challenges for diagnosis, treatment, and 

management. Advances in neuroscience and medical research continue to shed light on the 

underlying causes of these diseases and offer hope for improved therapies and interventions in the 

future[5]. 

2. Introduction of Wavelet 

Wavelet analysis is a powerful mathematical and signal processing technique that has gained 

prominence in various fields [6], including mathematics, engineering, physics, and data analysis. It 

offers a unique way to analyze and represent signals or data in both the time and frequency domains 

[7] simultaneously, making it a valuable tool for tasks like signal denoising, compression, and feature 

extraction. In this introduction, we will explore the fundamental concepts of wavelets, their origins, 

and their applications. 

Wavelets are essentially mathematical functions or wave-like patterns that are used to transform 

data. Unlike traditional Fourier analysis, which decomposes a signal into a sum of sinusoidal 

functions with fixed frequencies[8], wavelets allow for the decomposition of a signal into different 

wavelet functions, each associated with a specific scale or frequency [9]. This flexibility is crucial 

because it enables wavelet analysis to capture both high-frequency and low-frequency components 

within a signal, making it well-suited for the analysis of complex signals with varying 

characteristics[10]. 

The concept of wavelets can be traced back to the early 20th century, but it wasn't until the late 

20th century that wavelet analysis gained widespread recognition and use, thanks in part to the work 

of mathematicians like Jean Morlet and Ingrid Daubechies. Their contributions led to the 

development of discrete wavelet transforms (DWT) and continuous wavelet transforms (CWT), 

which are now essential tools in signal processing and data analysis[11]. 
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One of the key advantages of wavelets is their ability to perform multi-resolution analysis. This 

means that wavelet analysis can zoom in on fine details within a signal while also providing an 

overview of its coarse features, all in a single analysis. This makes wavelets particularly valuable in 

applications such as image processing, where different regions of an image may require different 

levels of detail[12]. 

In practical terms, wavelet analysis finds applications in diverse fields. As shown in Figure 2, In 

image processing, it is used for image compression and denoising. In data analysis, it is employed 

for feature extraction, time series analysis, and pattern recognition. In engineering, it is utilized for 

signal filtering and fault detection. Additionally, wavelets have found applications in the analysis of 

biological signals, such as electroencephalograms (EEGs) and electrocardiograms (ECGs)[13], as well 

as in financial data analysis for tasks like stock market prediction. 

 

Figure 2. Introduction of wavelet analysis. 

Wavelet analysis is a versatile mathematical technique that has revolutionized the way we 

analyze and process data. Its ability to simultaneously capture both time and frequency information 

makes it invaluable in various fields, from signal processing to image analysis to finance. As 

technology advances and our understanding of wavelets deepens, their applications continue to 

expand, making them an essential tool in modern data analysis and signal processing. The following 

are four applications of wavelet analysis. 

3. Application 1 – Feature Extraction 

As shown in Figure 3, the feature extraction method is mainly based on the relationship between 

attributes, such as combining different attributes to obtain new attributes, thus changing the original 

feature space. The main purpose is to try to reduce the number of attributes in the feature data set. 
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Figure 3. Feature extraction of wavelet. 

Feature extraction involves identifying relevant patterns or characteristics within brain signals 

that can differentiate between healthy individuals and those with neurological conditions. Here are 

four ways wavelet analysis facilitates this process: Wavelet analysis decomposes brain signals, such 

as EEG or fMRI data, into various frequency components at different scales[14]. This decomposition 

enables the extraction of frequency-domain features, such as dominant frequency bands or spectral 

power, which can be indicative of specific brain diseases. For example, abnormalities in certain 

frequency bands, like alpha or beta rhythms, can be associated with conditions like epilepsy or 

Parkinson's disease[15]. By quantifying these features using wavelet analysis, researchers and 

clinicians can create discriminative metrics for disease detection. 

Unlike traditional Fourier analysis, which provides a global view of frequency components, 

wavelet analysis offers time-frequency localization[16]. This means that it can pinpoint when specific 

frequency components occur over time. In brain disease detection, this localization is crucial because 

it can identify transient events or irregularities in neural activity. For instance, epileptic seizures often 

manifest as sudden bursts of abnormal electrical activity[17], and wavelet analysis can precisely 

capture and characterize these transient events, aiding in seizure detection and diagnosis. 

Wavelet transformation results in a set of coefficients that represent the contribution of wavelets 

at various scales and positions in the signal. These coefficients can serve as valuable features for 

machine learning algorithms. By analyzing the magnitude and distribution of wavelet coefficients, 

one can create a feature vector that encapsulates the unique characteristics of a patient's brain activity. 

This feature vector can then be used for classification tasks, distinguishing between individuals with 

different brain diseases or assessing disease progression. 

Brain diseases often manifest as distinctive patterns in neuroimaging data. Wavelet analysis can 

enhance pattern recognition by isolating salient features within the data[18]. This is particularly 

helpful when dealing with large and complex datasets. Machine learning algorithms can be trained 

on these wavelet-derived features to recognize specific disease-related patterns and make accurate 

diagnoses or predictions[19]. 

4. Application 2 – Signal Denoising 

Wavelet analysis decomposes the neuroimaging data into different scales, where each scale 

corresponds to a different level of detail or frequency component. Noise components typically occupy 

higher scales due to their high-frequency characteristics [20]. By identifying and isolating these high-

frequency scales, wavelet denoising effectively separates noise from the underlying brain signals[10]. 
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The flow chart of wavelet denoising is shown as Figure 4. Wavelet denoising often employs a 

thresholding approach[21]. After decomposing the signal, wavelet coefficients are compared to a 

predefined threshold. Coefficients below the threshold are considered noise and are set to zero, while 

coefficients above the threshold are retained as signal information[22]. This thresholding process 

selectively removes noise while preserving the essential brain activity patterns. Adaptive 

thresholding methods, such as the Stein's Unbiased Risk Estimate (SURE) threshold[23], can optimize 

the denoising process for different types of data and noise characteristics. 

 

Figure 4. Feature extraction of wavelet. 

Removing noise through wavelet denoising enhances the signal-to-noise ratio (SNR) of the 

neuroimaging data[24]. This heightened SNR makes it easier to identify and analyze subtle 

abnormalities or disease-related patterns within the brain signals [25]. For instance, in EEG data, 

wavelet denoising can sharpen the presence of epileptic spikes or abnormal oscillations, which are 

crucial for epilepsy diagnosis and treatment planning[26]. 

Cleaned and denoised neuroimaging data provide a more accurate representation of the 

underlying brain activity, reducing the risk of false positives or misinterpretations during disease 

detection. Clinicians and researchers can rely on denoised data for more precise analysis, leading to 

improved diagnostics and a better understanding of the neurological condition. It also enhances the 

effectiveness of subsequent data analysis techniques, such as feature extraction or classification, 

which can be vital for disease detection and monitoring. 

Wavelet analysis aids in the detection of brain diseases through denoising by separating noise 

from brain signals, employing thresholding techniques, enhancing the SNR, and ultimately 

improving the quality of the data for accurate diagnostics[27]. This denoising process is invaluable 

in neuroimaging, as it allows for more reliable and sensitive detection of neurological abnormalities, 

facilitating early diagnosis and intervention for brain diseases. 

5. Application 3 – Classification and Diagnosis 

Brain diseases often manifest as distinct patterns or abnormalities in neuroimaging data. 

Wavelet analysis can enhance pattern recognition by isolating salient features within the data. 

Machine learning models can be trained on these wavelet-derived features to recognize specific 

patterns associated with different neurological conditions. For example, epileptic seizures may 

exhibit characteristic transient waveforms in EEG data, and wavelet-based features can help 

differentiate seizure events from normal brain activity, aiding in the diagnosis of epilepsy[28]. 

Some brain diseases share common symptoms or characteristics, making accurate diagnosis 

challenging. Wavelet analysis can provide additional information that differentiates between similar 

conditions[29]. For instance, in the case of neurodegenerative diseases like Alzheimer's and 

Parkinson's, wavelet analysis of brain imaging data can reveal distinct patterns of neural activity or 

connectivity that help distinguish between these conditions[30]. This differentiation is critical for 

providing targeted treatment and interventions. Wavelet analysis is mainly used for classification 

and diagnosis through the process as shown in Figure 5. 
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Figure 5. Classification and Diagnosis. 

Wavelet-based features provide quantitative measures of brain activity, enabling clinicians to 

objectively assess the severity and progression of brain diseases[31]. This is particularly valuable for 

conditions like multiple sclerosis or traumatic brain injury, where changes in brain activity over time 

can be indicative of disease progression. By quantifying these changes using wavelet-derived 

features, clinicians can make more informed decisions regarding treatment and patient 

management[32]. 

Wavelet analysis supports the detection of brain diseases through classification and diagnosis 

by extracting informative features[33], enhancing pattern recognition, aiding in differential 

diagnosis, and providing quantitative assessments of brain activity. This approach not only helps 

identify neurological conditions but also contributes to more accurate and tailored treatment 

strategies, ultimately improving patient outcomes and quality of life. 

6. Application 4 – Time-Frequency Analysis 

One of the key advantages of wavelet analysis is its ability to provide time-frequency localization 

of neural signals[34]. Unlike traditional Fourier analysis [35], which offers a global view of signal 

frequencies, wavelet analysis pinpoints when specific frequency components occur over time[36]. In 

the context of brain diseases, this localization is crucial for detecting transient events or irregularities 

in neural activity. For instance, epileptic seizures often manifest as sudden bursts of abnormal 

electrical activity, and wavelet analysis can precisely capture and characterize these transient events, 

aiding in seizure detection and diagnosis[37]. The main steps of time-frequency analysis are shown 

in Figure 6. 
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Figure 6. Classification and Diagnosis. 

Many brain diseases, such as Alzheimer's disease or Parkinson's disease, are progressive and 

involve changes in brain activity patterns over time. Wavelet analysis allows for the tracking of these 

changes by continuously assessing the time-varying frequency content of neuroimaging data[38]. 

Researchers can identify shifts in dominant frequency bands or evolving patterns of neural 

synchronization associated with disease progression. This information is invaluable for monitoring 

the advancement of the disease and assessing the effectiveness of treatments. 

Time-frequency analysis [39] using wavelets can help identify specific biomarkers associated 

with brain diseases. Biomarkers are measurable indicators of disease presence or progression[40]. By 

examining the time-varying spectral content of neural signals, researchers can discover unique 

patterns or oscillatory behaviors that are characteristic of a particular neurological condition. These 

biomarkers can serve as early diagnostic tools and provide insights into disease mechanisms, aiding 

in the development of targeted therapies[41]. 

For brain diseases that require ongoing treatment or intervention, wavelet-based time-frequency 

analysis can be used to assess the effects of therapies on brain activity [42]. By comparing pre- and 

post-treatment neuroimaging data, clinicians can determine whether the treatment has resulted in 

changes in time-varying neural patterns. This information helps in tailoring treatment plans and 

making necessary adjustments to improve patient outcomes. 

Wavelet analysis enhances the detection of brain diseases through time-frequency analysis  by 

providing precise time-frequency localization, facilitating disease progression monitoring, 

identifying biomarkers, and evaluating the effectiveness of treatments[43]. These insights aid in early 

diagnosis, personalized treatment strategies, and a better understanding of the dynamic nature of 

neurological conditions, ultimately improving patient care and outcomes [44]. 

7. Other Analysis Tools 

There are several other analysis tools and techniques used in the field of neuroscience and the 

study of brain diseases. These tools complement wavelet analysis and provide additional methods 

for analyzing and understanding brain-related data. Here are a few notable ones: FFT is a widely 

used technique for transforming time-domain signals into the frequency domain[45]. It helps identify 

the dominant frequency components in neuroimaging data, which is particularly valuable in 

studying brain rhythms and oscillations. FFT is often used alongside wavelet analysis to provide 

complementary frequency information. ICA is a blind source separation technique that can separate 

mixed signals into their original sources[46]. In neuroimaging, ICA is used to identify independent 

components in data, allowing researchers to isolate and study specific brain networks or sources of 

activity. PCA is a dimensionality reduction technique that is used to extract the most significant 

features or components from complex datasets[47]. It can be applied to reduce the dimensionality of 
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neuroimaging data, making it more manageable for subsequent analysis or visualization. The 

analysis tools of FFT, ICA, and PCA exhibit variations in the data of AVG_RSG and AVG_SLOPE, as 

illustrated in Figure 7. 

 

Figure 7. Comparison between FFT, PCA and ICA methods considering HR. 

8. Discussion and Conclusion 

In conclusion, wavelet theories and techniques have emerged as invaluable tools in the realm of 

neuroscience and the study of brain diseases. Wavelet analysis provides a versatile framework for 

the analysis of neuroimaging data, offering benefits such as time-frequency localization, noise 

reduction, and feature extraction. These capabilities aid in the identification, characterization, and 

monitoring of various neurological conditions. 

Wavelet analysis's ability to extract meaningful features from brain signals plays a pivotal role 

in disease detection. By capturing frequency components, wavelet analysis can highlight 

abnormalities or patterns associated with specific brain diseases[48]. This feature extraction, 

combined with machine learning algorithms, enables the development of robust diagnostic tools that 

enhance early detection and personalized treatment strategies. 

Furthermore, wavelet-based time-frequency analysis provides a dynamic view of brain 

activity[49], facilitating the monitoring of disease progression and the identification of biomarkers. 

This information is vital for understanding the evolving nature of neurological disorders and 

evaluating the effectiveness of therapeutic interventions. Overall, wavelet theories and techniques 

have greatly enriched our understanding of brain diseases, leading to improved diagnosis, treatment, 

and patient care in the field of neuroscience. 
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