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Introduction to Biomedical Signal and Image Processing

In the rapidly evolving landscape of healthcare technology, the ability to extract meaningful information from 

biological systems is paramount. Biosignal and Medical Image Processingrepresents the convergence of

engineering, mathematics, and clinical medicine. This discipline focuses on the acquisition, transformation, and

interpretation of signals originating from the human body, such as electrical activity from the heart (ECG) or brain

(EEG), as well as structural data captured through imaging modalities like MRI and CT scans.

The complexity of biological systems presents unique challenges for engineers. Unlike synthetic signals, biosignals 

are often non-stationary, non-linear, and heavily corrupted by noise from both the environment and other 

physiological processes. Therefore, a robust understanding of digital signal processing (DSP) and image analysis is 

required to develop diagnostic tools that are both accurate and reliable. As highlighted in the 3rd edition of John L. 

Semmlow’s foundational work, the field has transitioned from basic linear filtering to sophisticated non-linear 

methods and entropy-based classifications, reflecting the inherent complexity of living organisms.

The Fundamental Framework of Biosignals

Biosignals are essentially space, time, or space-time records of a biological event. To process these signals

effectively, one must categorize them based on their mathematical properties and the physiological systems that

produce them.

1. Signal Classification

Signals in the biomedical domain are generally classified into two main categories: Deterministic and Stochastic.

Deterministic signals can be described by an explicit mathematical function, whereas stochastic (random) signals

can only be described in terms of their statistical properties. Most biosignals, such as the electromyogram (EMG),

fall into the stochastic category due to the asynchronous firing of motor units.

2. Data Acquisition and Sampling

The transition from a continuous biological signal to a digital format is governed by the Nyquist-Shannon 

Sampling Theorem . This theorem states that to prevent aliasing, the sampling frequency ($f_s$) must be at least

twice the highest frequency component ($f_{max}$) present in the signal. In medical applications, oversampling is

often employed to ensure that subtle morphological features, such as the R-peak in an ECG signal, are preserved

for precise timing analysis.

Advanced Core Concepts in Signal Processing

To analyze biosignals beyond the time domain, engineers employ several mathematical transforms. These tools

allow for the identification of frequency components that may be invisible in the raw signal trace.

The Fourier Transform and Spectral Analysis

The Fast Fourier Transform (FFT) is the industry standard for frequency analysis. By decomposing a signal into



its constituent sine and cosine waves, clinicians can identify rhythmicities. For instance, in EEG analysis, the FFT

allows for the separation of brain waves into delta, theta, alpha, and beta bands, each associated with different

states of consciousness or neurological conditions.

Time-Frequency Analysis: The Wavelet Transform

A limitation of the standard Fourier Transform is its inability to provide temporal localization; it tells us what 

frequencies are present but not when they occur. The Wavelet Transformaddresses this by using a variable-sized

window, making it ideal for detecting transient events like heart murmurs or epileptic spikes in an EEG. This

multiresolution analysis is a cornerstone of modern biomedical engineering.

Non-linear and Entropy-Based Methods

Recent advancements, particularly those detailed in the 3rd edition of the Semmlow text, emphasize Approximate 

Entropy (ApEn) and Sample Entropy (SampEn). These metrics quantify the complexity and regularity of a signal.

Reduced heart rate variability (HRV) complexity, measured via entropy, has been shown to be a significant

predictor of cardiovascular morbidity, as it indicates a loss of physiological flexibility.

Technical Analysis of Medical Image Processing

Medical image processing extends signal processing principles into two or three dimensions. The goal is to

enhance the visual quality of images and extract quantitative features for diagnosis.

Image Enhancement Techniques

Enhancement focuses on improving the interpretability of information. Common techniques include:

•  Histogram Equalization: Adjusting the contrast of an image by redistributing the pixel intensity values.

•  Spatial Filtering: Using convolution kernels to perform smoothing (Low-pass) or edge detection (High-pass).

•  Median Filtering: A non-linear technique highly effective at removing salt-and-pepper noise while preserving 

sharp edges, which is critical in ultrasound imaging.

Image Segmentation and Morphological Analysis

Segmentation is the process of partitioning an image into multiple segments to isolate organs or lesions. 

Techniques range from simple thresholding to advanced active contour models (snakes)and deep learning-

based U-Net architectures. Once segmented, the morphology (shape and structure) of the object can be analyzed

to determine tumor volume or vessel diameter.

Comparison of Signal vs. Image Processing in Medicine

While both fields share mathematical foundations, their implementation and computational requirements differ

significantly. The following table provides a comparison of their core attributes.



Feature Biosignal Processing Medical Image Processing

Dimensionality 1D (Time-dependent) 2D, 3D, or 4D (Spatial/Temporal)

Primary Goal Feature extraction and classification Visualization and segmentation

Common Modalities ECG, EEG, EMG, GSR MRI, CT, PET, Ultrasound

Key Mathematical Tools FFT, Wavelets, Filters (FIR/IIR) Convolution, Radon Transform, 
Morphological Ops

Major Challenges Motion artifacts, Baseline drift Noise, Low contrast, Partial volume 
effects

Data Volume Moderate Extremely High (Gigabytes/Patient)

Practical Implementation: A Technical Workflow

Developing a biomedical processing system requires a structured approach to ensure clinical validity. Below is a

step-by-step guide to implementing a standard processing pipeline.

Step 1: Pre-processing and Artifact Removal

Biosignals are often contaminated by 50/60 Hz power line interference and baseline wander (low-frequency noise 

caused by breathing). A Notch Filteris typically applied to remove power line noise, while a high-pass filter with a

cutoff around 0.5 Hz removes baseline drift. In imaging, this stage involves geometric correction and bias field

normalization.

Step 2: Feature Extraction

The raw data is reduced to a set of features that represent the underlying physiological state. In ECG processing, 

this might include the QRS complex width, R-R intervals, and ST-segment elevation. In image processing,

features might include texture measures (GLCM), shape descriptors, or fractal dimensions.

Step 3: Classification and Decision Support

Using the extracted features, machine learning models (such as Support Vector Machines or Random Forests) or

deep learning models (CNNs) classify the data. For example, a system might classify an ECG segment as "Normal

Sinus Rhythm" or "Atrial Fibrillation."

Case Studies and Troubleshooting in Clinical Environments

Real-world application of these technologies often encounters hurdles that theoretical models do not account for.

Understanding these failure modes is essential for any senior technical writer or engineer in the field.

Case Study: Motion Artifacts in Pulse Oximetry

Pulse oximeters rely on photoplethysmogram (PPG) signals. When a patient moves, the optical path changes, 

creating massive artifacts that mimic pulse waves. Adaptive Filtering, using an accelerometer as a reference

signal, is the gold-standard solution to cancel out this motion noise and prevent false alarms in clinical monitors.

Case Study: Aliasing in Color Doppler Ultrasound

In Doppler imaging, if the blood flow velocity exceeds the Nyquist limit determined by the Pulse Repetition 



Frequency (PRF), the signal "wraps around," showing flow in the wrong direction. Engineers must implement 

baseline shiftingor increase the PRF to resolve this ambiguity, though the latter may introduce depth-of-field

limitations.

Troubleshooting Common Issues

•  Problem: Poor Signal-to-Noise Ratio (SNR) in EEG. Solution: Increase the number of averages in Event-

Related Potential (ERP) studies to reduce stochastic noise by the square root of the number of trials.

•  Problem: Over-segmentation in CT scans. Solution: Apply morphological closing operations to join disjointed 

parts of the same structure or use watershed algorithms with pre-defined markers.

•  Problem: Quantization Errors in ADC. Solution: Increase the bit-depth of the Analog-to-Digital Converter (e.g., 

from 12-bit to 24-bit) to capture low-amplitude signal details.

The Integration of Artificial Intelligence

The 3rd edition of "Biosignal and Medical Image Processing" marks a pivotal point where classical signal 

processing meets modern AI. The shift from hand-crafted features to Deep Feature Learninghas revolutionized

medical imaging. Convolutional Neural Networks (CNNs) are now capable of detecting diabetic retinopathy from

retinal scans with accuracy exceeding that of human experts. However, these models still rely on the fundamental

preprocessing steps—normalization, filtering, and augmentation—to function effectively.

Broader Implications for the Future of Healthcare

The continuous monitoring of biosignals through wearable technology is shifting healthcare from reactive to 

proactive. Smartwatches that monitor ECG for arrhythmias and patches that track glucose levels are essentially 

miniaturized signal processing laboratories. The challenge moving forward lies in data fusion—the ability to

combine 1D biosignals with 3D medical images and genomic data to create a "digital twin" of the patient.

As we advance, the role of the biomedical engineer will increasingly involve the interpretation of complex, non-

linear dynamics. By mastering the tools of signal and image processing, we gain the ability to peer into the hidden

rhythms of the human body, turning raw data into life-saving insights. The methodologies described in Semmlow’s

work provide the rigorous mathematical and procedural foundation necessary to navigate this complex terrain,

ensuring that the next generation of medical devices is both innovative and evidence-based.
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