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Introduction

Signal processing is the backbone of modern technology, enabling everything from mobile communication to

medical imaging. Whether you are a student looking to deepen your understanding or a professional seeking

practical experience, a well �designed exercise in signal processing techniques provides a hands �on learning path

that bridges theory and application. In this article we walk through a comprehensive exercise that covers sampling,

Fourier analysis, filtering, noise reduction, and feature extraction. By the end of this guide you will have a solid

grasp of the core concepts and a ready �to �run implementation you can adapt to your own projects.

What Is an Exercise in Signal Processing Techniques?

At its core, an exercise in signal processing techniques is a structured activity that requires you to apply

mathematical tools and algorithms to real or simulated data. It is not just a theoretical problem; it involves coding,

visualization, and critical evaluation of results. Such exercises help you:

•  Translate mathematical equations into executable code.

•  Understand how digital systems transform analog signals.

•  Identify common pitfalls such as aliasing and quantization error.

•  Explore the impact of design choices on performance.

Prerequisites for the Exercise

Before you dive into the hands �on portion, make sure you have:

•  A basic understanding of signals and systems (time domain, frequency domain).

•  Familiarity with Python or MATLAB for numerical computation.

•  Knowledge of NumPy, SciPy, and Matplotlib if using Python.

•  An IDE or notebook environment to run code interactively.

Exercise Goals

Our exercise is divided into three main objectives:

1.  Signal Acquisition and Sampling: Generate or acquire a continuous �time signal and sample it at different rates.

2.  Frequency Analysis and Filtering: Apply Fourier transforms, design digital filters, and observe their effects.

3.  Noise Reduction and Feature Extraction: Add realistic noise, mitigate it, and extract meaningful features for 

further analysis.

Step �by �Step Exercise

1. Signal Generation and Sampling

We begin by creating a composite signal consisting of two sine waves with frequencies 50 Hz and 120 Hz. The

continuous �time signal is defined as:

$$x(t) = \sin(2\pi \cdot 50 t) + 0.5 \sin(2\pi \cdot 120 t)$$



We will sample this signal at three different rates: 200 /Hz, 500 /Hz, and 1000 /Hz. The choice of sampling frequencies 

will illustrate the effects of the Nyquist criterion and aliasing.

2. Visualizing the Sampled Signals

Plot the time �domain representation of each sampled signal. Pay attention to the following:

•  At 200 /Hz, the 120 /Hz component exceeds the Nyquist frequency (100 /Hz) and will appear aliased.

•  At 500 /Hz, both components are safely below the Nyquist limit (250 /Hz), so the signal remains faithful.

•  At 1000 /Hz, the signal is oversampled, providing a cleaner representation.

3. Fourier Analysis

Compute the Fast Fourier Transform (FFT) of each sampled signal. Use a windowing function (e.g., Hamming) to

reduce spectral leakage. Plot the magnitude spectra and annotate the peaks corresponding to 50 Hz and 120 Hz.

Observe how the sampling rate influences the spectral accuracy and the presence of aliasing artifacts.

4. Digital Filter Design

Design two types of filters:

1.  Low �pass Butterworth filter with a cutoff at 80 /Hz to suppress the 120 /Hz component.

2.  Band �pass Chebyshev filter centered at 50 /Hz to isolate the lower frequency sine wave.

Implement the filters using the scipy.signal library. Apply them to the 500 Hz sampled signal and plot the filtered

outputs in both time and frequency domains.

5. Noise Addition

Simulate a realistic scenario by adding Gaussian white noise with a signal �to �noise ratio (SNR) of 10 /dB to the 500 /Hz 

signal. Visualize the noisy signal and its spectrum. Note how the noise obscures the spectral peaks.

6. Noise Reduction Techniques

Apply two noise �reduction strategies:

1.  Wiener filter based on local statistics.

2.  Wavelet denoising using a Daubechies wavelet.

Compare the denoised signals against the original clean signal using mean squared error (MSE) and SNR

improvement metrics.

7. Feature Extraction

Extract the following features from the denoised signal:

•  Root mean square (RMS) value.

•  Peak �to �peak amplitude.

•  Spectral centroid.

•  Zero �crossing rate.

Discuss how each feature reflects the underlying signal characteristics and potential applications (e.g., audio

analysis, biomedical signal monitoring).

Sample Implementation (Python)

Below is a concise Python script that encapsulates the entire exercise. Copy the code into a Jupyter Notebook or

any Python environment and run it step by step.



import numpy as np

import matplotlib.pyplot as plt

from scipy import signal

# 1. Signal Generation

fs_original = 5000  # High sampling rate for continuous-time approximation

t = np.arange(0, 1, 1/fs_original)

x = np.sin(2*np.pi*50*t) + 0.5*np.sin(2*np.pi*120*t)

# 2. Sampling at different rates

fs_list = [200, 500, 1000]

samples = {}

for fs in fs_list:

    n = int(fs * t[-1])

    t_samp = np.linspace(0, 1, n, endpoint=False)

    samples[fs] = np.sin(2*np.pi*50*t_samp) + 0.5*np.sin(2*np.pi*120*t_samp)

# 3. Plot sampled signals

for fs, y in samples.items():

    plt.figure(figsize=(8,3))

    plt.plot(t_samp, y)

    plt.title(f'Sampled Signal @ {fs} /Hz')

    plt.xlabel('Time (s)')

    plt.ylabel('Amplitude')

    plt.tight_layout()

    plt.show()

# 4. FFT with Hamming window

def plot_fft(signal, fs, title):

    N = len(signal)

    window = signal * np.hamming(N)

    f = np.linspace(0, fs/2, N//2)

    Y = np.fft.rfft(window)

    plt.figure(figsize=(8,3))

    plt.plot(f, np.abs(Y))

    plt.title(title)

    plt.xlabel('Frequency (Hz)')

    plt.ylabel('Magnitude')

    plt.tight_layout()

    plt.show()

plot_fft(samples[500], 500, 'FFT of 500 /Hz Sampled Signal')



# 5. Filter Design

# Low-pass Butterworth

b_lp, a_lp = signal.butter(4, 80/(500/2), btype='low')

y_lp = signal.filtfilt(b_lp, a_lp, samples[500])

# Band-pass Chebyshev

b_bp, a_bp = signal.cheby1(4, 0.5, [45, 55], fs=500, btype='band')

y_bp = signal.filtfilt(b_bp, a_bp, samples[500])

# Plot filtered signals

plt.figure(figsize=(8,4))

plt.subplot(2,1,1)

plt.plot(t_samp, y_lp)

plt.title('Low �pass Filtered Signal')

plt.subplot(2,1,2)

plt.plot(t_samp, y_bp)

plt.title('Band �pass Filtered Signal')

plt.tight_layout()

plt.show()

# 6. Add Gaussian Noise

noise = np.random.normal(0, 0.5, samples[500].shape)

x_noisy = samples[500] + noise

plt.figure(figsize=(8,3))

plt.plot(t_samp, x_noisy)

plt.title('Noisy Signal (10 /dB SNR)')

plt.tight_layout()

plt.show()

# 7. Wiener Filter

y_wiener = signal.wiener(x_noisy)

# 8. Wavelet Denoising

import pywt

coeffs = pywt.wavedec(x_noisy, 'db4', level=4)

sigma = np.median(np.abs(coeffs[-1]))/0.6745

uthresh = sigma*np.sqrt(2*np.log(len(x_noisy)))

coeffs[1:] = (pywt.threshold(i, value=uthresh, mode='soft') for i in coeffs[1:])

y_wavelet = pywt.waverec(coeffs, 'db4')

# 9. Feature Extraction

def extract_features(signal):

    rms = np.sqrt(np.mean(signal**2))

    ptp = np.ptp(signal)



    centroid = np.sum(np.arange(len(signal))*np.abs(signal)) / np.sum(np.abs(signal))

    zcr = ((signal[:-1] * signal[1:]) 

Common Pitfalls and How to Avoid Them

Even seasoned practitioners can fall into traps when working with signal processing exercises. Here are some

pitfalls to watch out for:

•  Ignoring the Nyquist Criterion: Sampling below twice the highest frequency component leads to aliasing, 

which distorts the signal irreversibly.

•  Using Impulse Response Without Normalization: Filters may amplify or attenuate signals unintentionally if the 

gain is not normalized.

•  Over �fitting Noise Reduction: Aggressive denoising can remove subtle signal details, especially in biomedical 

applications.

•  Neglecting Edge Effects: Finite �length signals can suffer from boundary artifacts; padding or windowing 

mitigates this.

•  Misinterpreting Spectral Peaks: Peaks caused by noise can be mistaken for genuine signal components; 

statistical validation helps.

Extensions for Advanced Learners

Once you master the basics, you can extend the exercise in several directions:

•  Adaptive Filtering: Implement an LMS or RLS algorithm to track time �varying noise.

•  Time �Frequency Analysis: Use Short �Time Fourier Transform (STFT) or Continuous Wavelet Transform (CWT) 

to study non �stationary signals.

•  Machine Learning Integration: Feed extracted features into a classifier to detect anomalies or classify signal 

types.
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