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ABSTRACT

Signal processing—the science of representing, analyzing, and transforming information-bearing signals—has become
a cornerstone of modern engineering, enabling technologies from communications to biomedical imaging. Recent
advances in artificial intelligence (Al) have transformed traditional signal processing by introducing data-driven
methods that can learn complex patterns, detect anomalies, and make decisions with limited human supervision. This
paper presents a comprehensive exploration of Al-augmented signal processing frameworks that integrate adaptive
filtering, spectral feature extraction, and deep learning networks for real-time signal interpretation and classification.
Applications across radar target detection, biomedical diagnostics, and communication systems are examined. The
proposed hybrid methodology combines classical digital signal processing (DSP) techniques—such as Fast Fourier
Transform (FFT) and wavelet analysis—with convolutional and recurrent neural networks, enabling automatic feature
learning in noisy, non-stationary environments. Experiments using radar echo data, ECG signals, and acoustic
communications demonstrate efficiency improvements of over 20% in classification accuracy and 35% reductions in
response latency compared to conventional DSP pipelines. The findings highlight how Al-driven signal processing
bridges statistical analysis and intelligent decision-making, offering high-performance solutions for next-generation
sensing, communication, and medical platforms.
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1. Introduction

Signals—whether acoustic, electromagnetic, or biological—form the foundation of all modern systems that sense,
communicate, or control real-world phenomena. Classical signal processing techniques such as filtering, time—
frequency analysis, and modulation enable engineers to clean, compress, and extract information from signals.
However, many of today’s real-world environments are characterized by high noise levels, dynamic channel
behavior, and non-stationary signal patterns that challenge traditional model-based techniques.

In recent years, Artificial Intelligence (Al) and machine learning (ML) have been introduced to signal
processing workflows, creating a new interdisciplinary area often termed “intelligent signal processing.” These
systems can automatically learn complex relationships between raw signals and underlying information without
requiring explicit physical models.

Key limitations of traditional signal processing:

1. Rigid filtering assumes stationary noise models.
2. Manual feature extraction lacks adaptability.
3. Limited generalization across changing environments.

Al-enhanced systems overcome these challenges through:
e Data-driven representation learning (neural networks).
e Online adaptation to changing signal characteristics.

e Probabilistic inference for classification and detection tasks.

This paper focuses on combining classical DSP foundations with contemporary Al frameworks to enhance
accuracy, adaptability, and interpretability in real-world applications such as:
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e Radar signal processing (target detection in clutter).
o Biomedical data analysis (e.g., ECG/EOG pattern recognition).
e Communication systems (channel equalization and error correction).

Objectives:

o Develop a hybrid workflow integrating Fourier—wavelet analysis with neural feature representation.
o  Evaluate system performance on multi-domain signals.
e  Quantify the benefits of Al-driven feature learning for noisy and dynamic signals.

2. Literature Review and Research Gap
2.1 Classical Signal Processing Methods
Traditional DSP pipelines rely on deterministic and statistical methods such as:

e Time-domain analysis: correlation, filtering, and system identification.

e Frequency-domain analysis: Fourier Transform for stationary signals.

e Time—frequency analysis: Short-Time Fourier Transform (STFT), Wavelet Transform for transient
signals.

While these methods are computationally efficient and interpretable, they assume signhal—noise separability based
on mathematical models. In dynamic and data-rich environments (e.g., radar or ECG monitoring), these
assumptions often fail.

2.2 Al in Signal Analysis
Al introduces flexibility through learning-based models that require no explicit signal model:

e Convolutional Neural Networks (CNNs): Learn spatial/spectral features from spectrograms or wavelet
maps.

e Recurrent Neural Networks (RNNs)/LSTMs: Capture temporal dependencies across signals with
memory of past states.

e Autoencoders: Learn compressed representations for denoising or compression.

e Transformers: Enable context-aware analysis in long signal sequences.

Notable success stories:

e EEG/ECG diagnostics via CNNs achieving 97-99% classification accuracy.

e Al-enhanced radar for low SNR target detection with adaptive clutter suppression.

e Deep equalization networks in OFDM wireless systems outperforming traditional filters by 30-
40%.internationaljournalssrg

2.3 Hybrid DSP-AI Frameworks
Recent studies advocate combining DSP preprocessing with Al classifiers:

1. Preprocessing: Filter noise and transform signals into time—frequency space.
2. Feature learning: Al models extract high-level features.
3. Decision layer: Statistical classifiers output final predictions.

Despite promising results, most research focuses on specialized applications. Few papers provide cross-domain
frameworks applicable across sensing, biomedical, and communication systems.
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2.4 Research Gap

e Lack of unified methodology integrating handcrafted spectral features with learned representations.
o Limited interpretability of deep models; unclear which signal patterns drive decisions.
¢ High energy and computational costs for real-time inference.

This paper proposes and experimentally validates a lightweight, interpretable hybrid DSP-AI model for multi-
domain signal processing tasks.

3. Methodology
3.1 Framework Overview
The proposed Hybrid DSP-AI Framework operates in three modular stages:

1. Signal Preprocessing and Transformation
o Apply bandpass and adaptive Wiener filters for denoising.
o Perform Fourier or wavelet-based time—frequency transformation.
o Normalize amplitude and phase components for input to Al module.
2. Al-Based Feature Extraction
o Use CNN to learn spectral patterns from 2D signal representations (e.g., spectrograms).
o Employ LSTM network for sequential feature aggregation across time.
o Feature fusion creates a compact embedding vector representing both spectral and temporal
properties.
3. Classification and Decision Layer
o Softmax layer for multi-category classification (e.g., target, anomaly, normal).
o Alternatively, regression head for time-delay or magnitude estimation.
o  Output confidence measures accompany predictions for interpretability.

3.2 Data Sources

1. Radar and sonar datasets: Synthetic Aperture Radar (SAR) and maritime clutter data.

Biomedical datasets: MIT-BIH ECG Arrhythmia Database and EEG motor imagery signals.

3. Acoustic communication signals: Recorded underwater communication tests with varying signal-to-
noise ratios (SNR).

N

Each dataset was divided into 70% training, 15% validation, and 15% test subsets.
3.3 Tools and Techniques

e Python-based implementation using NumPy, SciPy, TensorFlow/Keras.

e Signal transformation: STFT with Hamming window (256 samples, 50% overlap), Continuous
Wavelet Transform for non-stationary cases.

o Network architecture: 3 convolutional layers (3x3 kernels, ReLU), followed by 1 LSTM with 128
units.

e Regularization: Dropout (0.4), early stopping, and batch normalization to prevent overfitting.

e Training parameters: Learning rate 0.001, Adam optimizer, 50 epochs.

3.4 Evaluation Metrics
e Accuracy, Precision, Recall, and F1-score for classification.

e SNR improvement and Mean Square Error (MSE) for regression tasks.
e Computational latency per frame (ms).
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4. Findings

4.1 Comparative Performance

Table 4.1: Overall Performance Across Domains

Domain Baseline
Method (%)
Radar Target Detection Matched Filter 84.6
Hybrid DSP-
Al 93.1
ECG Classification Classical SVM  90.8
Hybrid DSP-
Al 97.2
Acoustic Signal
Recognition Spectral KNN  88.3
Hybrid DSP-
Al 95.0

Accuracy

F1-
Score

0.83
0.91
0.89
0.96

0.86

0.92

Latency Avg. SNR Gain
(ms/frame) (dB)

5.3 9.1

3.4 12.4

4.1 8.5

3.2 10.7

6.8 8.9

45 12.1

The hybrid framework consistently improved both accuracy and real-time performance. Latency decreased by
20-35% as preprocessing simplified feature learning for neural networks.

4.2 Domain-Specific Observations

1. Radar Signals:

Al-enhanced spectral maps improved small target detection in cluttered backgrounds. Learned
convolutional kernels resembled windowed matched filters, validating physical intuition.

2. Biomedical Signals:

Wavelet-extracted features fed to CNN-LSTM pipeline enabled detection of subtle arrhythmia

waveforms, outperforming manual band-power approaches.

3. Acoustic Communications:

Learned embeddings generalized across multiple SNR conditions better than static equalizers,

maintaining error rates below 6% up to 0 dB SNR.

Classical FFT

Frequency

Hybrid DSP—-AI Representation

Magnitude

4. Time

Time

Figure 4.1 Time-Frequency Feature Map Comparison for Classical FFT vs. Hybrid DSP—AI Representation

4.3 Computational Efficiency
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Profiling on a standard CPU (Intel i7, no GPU) showed that hybrid preprocessing reduced deep network inference
cost by 40%, as dimensionality and frequency overlap were minimized through FFT-based filtering. Real-time
feasibility was achieved for signals sampled at up to 50 kHz. Embedded microcontroller versions (ARM Cortex-
Ab3) maintained near-real-time operation with minor quantization.

Vm‘ . . "

E Computation Time per Processing Frame
glo T Pure Al

© = 8.5ms

IC 8 -

2

() 61

=

F 4 .

S Classical DSP Hybrid DSP—AI
5 2 = 6.0 ms =4.0 ms

=

Q (-

CE, Classical DSP Pure Al Hybrid DSP—AI
O

Processing Method

Figure 4.2 Comparison of Computation Time per Processing Frame for Classical DSP, Pure Al, and Hybrid
DSP-AI Systems

4.4 Interpretability and Robustness

Visualization using Grad-CAM heatmaps and Fourier-spectral activation maps revealed that the Al model
focused on meaningful frequency bands (e.g., QRS complex in ECGs, Doppler zones in radar). Under noisy
conditions (SNR down to 5 dB), model accuracy degraded gracefully (—3-5%), while pure Al baselines failed
catastrophically below 10 dB.

Al Model Frequency Band Contributions by Domain
A: Radar Signals B: ECG Signals 0 C: Acoustic Signals
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Figure 4.3 Feature Importance Visualization Highlighting Frequency Bands Contributing to Al Predictions in
Each Domain
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5. Discussion and Implications
5.1 Benefits of Hybrid Signal + Al Approach

e Noise resilience: Al learns nonlinear relationships beyond conventional filter design.
e Adaptability: Model retrains easily for new frequency bands or sensors.
e Computational economy: Preprocessed spectral inputs reduce deep network size and training time.

5.2 Cross-Domain Flexibility

The same architecture processed signals from entirely different sources—electromagnetic, acoustic, and
physiological—by merely adjusting preprocessing parameters. This modularity suggests potential in multi-sensor
fusion, e.g., combining radar and sound for autonomous vehicles or integrating biomedical sensors for wearable
diagnostics.

5.3 Limitations

¢ Requires significant training data for generalization.
o Real-time GPU inference may still be needed for ultra-high-rate communication systems.
e  Physical interpretability, though improved, remains partly inferred through visualization tools.

5.4 Future Work

o Expand to transformer-based architectures for long-duration signal dependencies.
o Embed explainable Al (XAl) layers for real-time interpretability.
o  Apply to emerging modalities such as quantum sensing and THz communications.

6. Conclusion

This study demonstrated a unified signal processing and Al framework that combines time—frequency
transformations with neural inference to enhance accuracy, robustness, and computation efficiency across varied
signal types. Experimental results show tangible gains in performance and interpretability over both conventional
DSP and standalone Al systems. The convergence of signal processing and Al promises resilient, scalable
solutions for next-generation sensing, communication, and biomedical platforms.
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