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Biomedical signal processing (BSP) represents a critical intersection between engineering, mathematics, and 

clinical medicine. As the primary gateway to understanding the physiological state of a biological system, BSP 

involves the extraction of meaningful information from signals of biological origin. These signals, ranging from the 

electrical activity of the heart (ECG) to the neural oscillations of the brain (EEG), are inherently complex, non-

stationary, and often buried under significant noise. The seminal work of Arnon Cohen, particularly his first volume 

on Time and Frequency Domains Analysis, remains a foundational pillar for practitioners and researchers in this

field. This article provides an in-depth technical exploration of the methodologies used to analyze biomedical

signals, emphasizing the transition from temporal observations to spectral insights.

Theoretical Framework of Biomedical Signal Acquisition

Before any analysis can occur in either the time or frequency domain, one must understand the origin and

dynamics of the signals themselves. Biomedical signals are generally classified into several categories based on

their physical nature: bioelectric, bioacoustic, biomagnetic, and biomechanical. The most common signals—

bioelectric signals—are generated by the membrane potential changes of excitable cells, such as neurons and

muscle fibers.

The Nature of Bio-signals

Unlike many industrial or telecommunication signals, biomedical signals are stochastic and non-stationary. Their 

statistical properties, such as mean and variance, change over time, necessitating advanced processing 

techniques. For instance, the frequency range of interest for most clinical applications spans from 0.1 Hz to several 

hundred Hz. A critical constraint in BSP is the signal-to-noise ratio (SNR), which is often low due to interference

from power lines (50/60 Hz), muscle artifacts (EMG), and motion artifacts.

Sampling and Digitization

According to the Nyquist-Shannon Sampling Theorem , to accurately reconstruct a signal, it must be sampled at

a rate (fs) at least twice the highest frequency component present in the signal (B). In practical biomedical

applications, oversampling is often employed to simplify the design of anti-aliasing filters. For example, if a signal

contains relevant information up to 100 Hz, a sampling rate of 500 Hz or 1000 Hz is common to ensure high fidelity

and to provide a buffer against aliasing during subsequent digital processing.

Time-Domain Analysis: Temporal Dynamics and Morphological Features

Time-domain analysis involves observing and quantifying signal changes with respect to time. This is the most

intuitive form of analysis, as it mirrors the way clinicians observe waveforms on a monitor. Arnon Cohen identifies

several key metrics that define the temporal characteristics of a signal, including amplitude, duration, and

rhythmicity.

Statistical Signal Characterization



The first step in time-domain analysis is often the calculation of first and second-order statistics:

•  Mean and Variance: Provide a baseline for signal offset and the spread of signal intensity.

•  Root Mean Square (RMS): Crucial for EMG analysis to estimate the level of muscle activation.

•  Skewness and Kurtosis: Used to detect deviations from a Gaussian distribution, which can indicate specific 

physiological pathologies.

Autocorrelation and Cross-correlation

Autocorrelation is a mathematical tool used to identify repeating patterns within a single signal, such as the 

periodicity of a heart rate or the presence of an echo. It measures the correlation of a signal with a delayed version 

of itself. Cross-correlation, on the other hand, measures the similarity between two different signals. In a clinical

setting, cross-correlation is used to determine the delay between signals recorded at different electrode sites,

which is vital for calculating nerve conduction velocity.

The Auto-Regressive (AR) Model

A sophisticated time-domain technique involves modeling the signal as a linear combination of its past values plus

a white noise component. AR models are particularly useful for EEG analysis, where the model coefficients can

serve as features for automated classification of sleep stages or seizure detection. The model is defined by the

order 'p', where a higher 'p' captures more complex dynamics but risks over-fitting.

Frequency-Domain Analysis: Spectral Transformation and Insights

While time-domain analysis reveals when an event occurs, frequency-domain analysis reveals how often it occurs 

and the distribution of energy across different frequencies. This transition is primarily achieved through the Fourier 

Transform.

The Fast Fourier Transform (FFT)

The FFT is the computational algorithm used to implement the Discrete Fourier Transform (DFT). It converts a finite

sequence of equally spaced samples of a signal into the list of coefficients of a finite combination of complex

sinusoids. In BSP, the FFT allows us to identify dominant frequencies, such as the 10 Hz alpha rhythm in an EEG

or the respiratory rate hidden within heart rate variability (HRV).

Power Spectral Density (PSD) Estimation

The PSD describes how the power of a signal is distributed over frequency. There are two primary approaches to

PSD estimation:

1.  Non-parametric Methods (e.g., Welch’s Method): These involve partitioning the signal into overlapping 

segments, computing the periodogram for each, and averaging them to reduce variance. This is the standard for 

analyzing noisy biomedical data.

2.  Parametric Methods (e.g., Yule-Walker): These rely on the AR models mentioned earlier. They provide higher 

resolution for shorter data segments but require the signal to fit the assumed model accurately.

Filter Design for Bio-signals

Frequency-domain analysis is inseparable from filtering. Common filters used in BSP include:

•  Low-pass Filters: To remove high-frequency noise and prevent aliasing.

•  High-pass Filters: To remove baseline wander (low-frequency drift caused by breathing or electrode 

movement).

•  Band-stop (Notch) Filters: Specifically designed to eliminate power line interference (50/60 Hz).



Technical Comparison: Time Domain vs. Frequency Domain

The choice between time and frequency domain analysis depends on the specific diagnostic goal. The following

table summarizes the key differences and applications.



Feature Time-Domain Analysis Frequency-Domain Analysis

Primary Variable Time (seconds/milliseconds) Frequency (Hertz)

Clinical Utility Arrhythmia detection, Latency 
measurement

Sleep staging, Brain-Computer 
Interface (BCI)

The Role of MATLAB and Simulink in Biomedical Processing

Software environments like MATLAB and Simulinkhave revolutionized BSP by providing high-level functions for

complex mathematical operations. MATLAB's Signal Processing Toolbox includes dedicated functions that simplify

the workflows described by Arnon Cohen.

Workflow for ECG Signal Analysis

A typical technical workflow in MATLAB for processing an ECG signal involves the following steps:

1.  Signal Acquisition: Importing raw data from a .mat or .csv file.

2.  Preprocessing: Applying a butterworth bandpass filter (0.5 Hz to 45 Hz) to remove noise.

3.  QRS Detection: Using the Pan-Tompkins algorithm or similar derivative-based methods to identify the QRS 

complex in the time domain.

4.  Spectral Analysis: Applying periodogram or pwelch to the R-R interval sequence to perform Heart Rate 

Variability (HRV) analysis in the frequency domain.

5.  Visualization: Plotting the time-series signal alongside its power spectrum for clinical review.

Case Study: Arrhythmia Detection and Feature Extraction

To demonstrate the practical application of these domains, consider the challenge of detecting Premature 

Ventricular Contractions (PVCs) in an ECG stream. In the time domain, a PVC is characterized by a wide QRS 

complex and a compensatory pause. An algorithm would measure the width of the R-wave and the distance 

between subsequent peaks. However, in the frequency domain, a PVC shows a distinct shift in power towards

lower frequencies compared to a normal sinus rhythm. By combining these features, a machine learning model can

achieve significantly higher sensitivity and specificity than by using one domain alone.

Practical Implementation: Field Guide for Engineers

Implementing BSP in a real-world medical device or software platform requires rigorous attention to detail.

Engineers should follow this procedural checklist:

•  Impedance Matching: Ensure high input impedance at the electrode-skin interface to minimize signal loss.

•  Adaptive Filtering: In environments with high motion (like wearable fitness trackers), use adaptive filters (LMS 

or RLS algorithms) that adjust their coefficients in real-time to cancel noise.

•  Normalization: Biomedical signals vary greatly between individuals. Always normalize signal amplitudes (e.g., 

Z-score normalization) before feeding data into a classifier.

•  Windowing: When performing FFT, use window functions like Hamming or Hanning to reduce spectral 

leakage at the edges of the data segment.

Troubleshooting Common Operational Challenges

Processing biomedical data is rarely straightforward. Below are common failure modes and their technical solutions:



1. Baseline Wander

Problem: The signal "drifts" vertically, making it difficult to set fixed thresholds for peak detection. This is common 

in ECG due to respiration.Solution:Use a high-pass filter with a very low cutoff (e.g., 0.5 Hz) or a median filtering

approach to estimate and subtract the baseline trend.

2. Spectral Leakage

Problem: Energy from a specific frequency "leaks" into adjacent frequency bins in the FFT, blurring the spectrum.

Solution:Increase the window length or apply a tapered window function (Blackman-Harris) to the time-series

data before transformation.

3. Aliasing

Problem: High-frequency noise appears as low-frequency signal components because the sampling rate was too 

low.Solution: Implement a hardware-based analog anti-aliasing filter before the Analog-to-Digital Converter (ADC).

The Evolution of Digital Signal Processing in Medicine

The principles laid out in the 1980s by Arnon Cohen have expanded into new dimensions. The transition from 1D 

signal processing (time/frequency) to 2D (spectrograms) and even multi-dimensional space (tensors) is now 

common. Modern BSP increasingly relies on Time-Frequency Analysis, such as the Short-Time Fourier

Transform (STFT) and Wavelet Transform, which provide a localized view of frequency components as they change

over time. This is particularly useful for non-stationary signals like those found in speech processing and

neurological monitoring.

Furthermore, the integration of Artificial Intelligence (AI) has shifted the focus from manual feature engineering to

automated feature discovery. Deep learning architectures, specifically Convolutional Neural Networks (CNNs), are

now capable of learning optimal filters for signal denoising and classification directly from raw data. However, the

fundamental understanding of time and frequency domains remains essential for interpreting these "black box"

models and ensuring clinical safety.

As we move toward a future of ubiquitous health monitoring through wearables and IoT devices, the efficiency of

signal processing algorithms becomes paramount. Energy-efficient BSP, capable of running on low-power

microcontrollers without sacrificing diagnostic accuracy, is the next frontier. By revisiting the core mechanics of time

and frequency domain analysis, engineers can develop the next generation of life-saving medical technologies,

ensuring that the "noise" of life never obscures the vital signals of health.
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