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Abstract

With the rapid advancement of artificial intelligence, the traditional discipline of signal detection and
processing is undergoing profound transformation and encountering broad opportunities. This paper
aims to explore the fundamental connotations, current development status, core points of integration,
typical application scenarios, as well as future challenges and prospects of signal detection and
processing technologies in the context of the Al era. The article points out that traditional signal
processing relies on mathematical models and prior knowledge, whereas artificial intelligence,
particularly deep learning, with its powerful feature extraction and nonlinear mapping capabilities, is
reshaping the paradigm of signal processing. From intelligent voice assistants and predictive
maintenance in industry to biomedical diagnostics and autonomous driving, the deep integration of these
two fields not only enhances the precision and efficiency of signal processing but also opens up entirely
new application domains. Finally, this paper analyzes the challenges currently faced by technological
integration and looks ahead to future trends toward explainability, lightweight deployment, and
multimodal collaboration.
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Introduction

Signals are carriers of information. In the process of understanding and transforming the world, whether
it be speech, images, radar echoes, or electrocardiograms, electroencephalograms, and seismic waves,
everything exists in the form of signals. Signal detection and processing, as a discipline dedicated to
extracting, analyzing, transforming, and identifying useful information from noise, has been widely

applied since the mid-20th century in numerous fields such as communications, radar, sonar, biomedicine,
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and industrial control. Traditional signal processing techniques, such as Fourier transform, wavelet
transform, and Kalman filtering, have established a solid mathematical foundation. However, when
dealing with complex, non-stationary, high-dimensional real-world signals, they often face limitations
due to simplified model assumptions and the constraints of manual feature design.

Since the 21st century, artificial intelligence, represented by deep learning, has achieved breakthrough
progress. Al excels at automatically learning implicit, high-dimensional feature representations from
massive data. This capability precisely compensates for the shortcomings of traditional signal processing
in terms of adaptivity and complex pattern recognition. Signal detection and processing is no longer
merely the "front-end" for Al; instead, it is deeply integrated with it, jointly forming the "perception”
core of modern intelligent systems.

This paper will be elaborated from five aspects: first, it reviews the foundation and development
trajectory of signal detection and processing technologies; second, it analyzes how Al empowers signal
processing, transforming its technical paradigm; third, it elaborates in detail on their integrated
applications in key fields; fourth, it discusses the main challenges currently faced; and finally, it looks
ahead to future development prospects. Through this analysis, it aims to illustrate that signal detection
and processing technologies, riding the wave of Al, are evolving from "tools" to "intelligent agents,"

becoming a key force driving technological progress.

1. Foundation and Development of Signal Detection and Processing Technologies

1.1 Basic Connotation of Signal Detection and Processing

Signal detection and processing is a comprehensive discipline involving information acquisition,
transformation, analysis, and interpretation. Its core tasks can be summarized in two aspects: first,
detection, which involves determining whether a useful signal exists amidst background noise or
interference, or separating specific components from a mixed signal; second, processing, which involves
transforming (e.g., filtering, compression, enhancement), analyzing (e.g., spectral analysis, time-
frequency analysis), and recognizing signals to extract the information they contain. Classical signal
processing theories, such as the Nyquist sampling theorem, Wiener filtering, Kalman filtering, and
statistically-based detection theories (e.g., matched filters), have laid a solid mathematical foundation for
this field. These methods perform excellently when dealing with linear, stationary, Gaussian-distributed
signals.

1.2 The Trajectory of Technological Evolution

The development of signal processing technology has roughly gone through three stages.

The first stage was the era of analog signal processing, which relied mainly on electronic circuits to
achieve functions like filtering and amplification, characterized by single functionality and poor
flexibility.

The second stage was the era of digital signal processing (DSP). With the development of

microelectronics and computer technology, digital signal processors became widely used. Methods such
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as the Discrete Fourier Transform (DFT), Fast Fourier Transform (FFT), and digital filter design became
mainstream. This stage featured precise algorithms and re-programmability but still depended on
engineers manually designing features and parameters.

The third stage is the era of intelligent signal processing. With the explosive growth of data volume and
the leap in computing power, particularly the popularization of parallel computing hardware like GPUs,
traditional model-based signal processing methods encountered bottlenecks when dealing with high-
dimensional, nonlinear problems such as speech recognition, image understanding, and complex
condition monitoring. Machine learning, especially deep learning, began to enter this field, marking a
new phase where signal processing entered deep integration with intelligent algorithms. The core of this
transformation lies in the paradigm shift from "model-based" to "data-based" approaches, and from

"feature engineering" to "feature learning."

2. Paradigm Shift in Signal Processing Enabled by Artificial Intelligence

2.1 From Manual Features to Automatic Feature Extraction

A core bottleneck of traditional signal processing lies in "feature engineering." For example, in speech
recognition, Mel-frequency cepstral coefficients (MFCCs) need to be extracted; in radar target
recognition, features like the target's radar cross-section need to be calculated. The design of these
features heavily relies on the prior knowledge of domain experts, and their generalization ability is
limited when facing complex and variable scenarios.

Artificial intelligence, especially deep learning, achieves end-to-end feature learning by constructing
multi-layer neural networks. Convolutional Neural Networks (CNNs) can automatically learn
hierarchical features from raw one-dimensional time-series signals or two-dimensional time-frequency
spectrograms: shallow networks learn primitive features like edges and frequencies, while deep networks
learn task-related semantic features. This automatic feature extraction not only reduces manual
intervention but often uncovers high-order implicit features that human experts may not have recognized,
significantly improving the accuracy of detection and recognition.

2.2 Enhanced Nonlinear Modeling Capability

Signals in the real world are often nonlinear and non-stationary. For instance, modulation sidebands in
mechanical fault signals, chaotic characteristics in biomedical signals, etc. Traditional processing
methods like the Fourier transform assume signals are linear and stationary. Although improvements have
been made through methods like wavelet transform, their nonlinear representation capability remains
limited.

Deep neural networks are essentially complex nonlinear function approximators. Recurrent Neural
Networks (RNNs) and their variants (e.g., Long Short-Term Memory LSTM, Gated Recurrent Unit GRU)
can effectively capture long-range temporal dependencies in signals. The self-attention mechanism in the
Transformer architecture breaks through the limitations of sequence length, enabling parallel capture of

correlations between any two points in a signal, greatly enhancing the ability to process complex time-
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series signals. This makes detecting weak or transient signals under strong noise backgrounds more
feasible.

2.3 Restructuring of the Processing Paradigm

The introduction of Al has restructured the entire signal processing workflow. The traditional signal
processing chain is typically a pipeline structure of "detection -> preprocessing -> feature extraction ->
classification/estimation," where each module is optimized independently. In the Al era, this process is
integrated into an end-to-end unified model.

For example, in communication signal processing, a deep learning-based receiver can integrate modules
like channel estimation, equalization, and demodulation into a single neural network, achieving globally
optimal performance through joint optimization. This end-to-end learning paradigm eliminates the
cumulative effect of information loss between modules, enabling overall system performance to surpass
the upper limit of traditional discrete module combinations. Furthermore, generative Al (e.g., Generative
Adversarial Networks GANSs, diffusion models) is also being applied in signal processing for signal
enhancement, data augmentation, and even recovering original signals from noise, providing new ideas

for signal detection under extremely low signal-to-noise ratios.

3. Practical Applications in Key Fields

The integration of Al with signal detection and processing has spawned revolutionary applications in
numerous fields. Here are several typical examples.

3.1 Intelligent Speech and Acoustic Signal Processing

Speech is the most natural form of human interaction. In the Al era, speech signal processing has evolved
from simple speech coding and noise reduction to intelligent voice interaction systems. Deep learning-
based Voice Activity Detection (VAD) can accurately determine the start and end of human speech in
noisy environments; speech enhancement techniques use deep neural networks to separate clear speech
from background noise, making voice assistants (like Siri, Xiao Ai) usable in complex acoustic
environments.

Furthermore, the application of acoustic signal processing has expanded to acoustic event detection and
scene recognition. For example, by analyzing sounds like breaking glass, screams, or gunshots in
surveillance audio, systems can automatically trigger security alarms; in the industrial sector, by
analyzing the sound signals from machinery operation combined with anomaly detection algorithms,
"listening-based diagnosis" can be achieved to identify potential equipment faults early.

3.2 Industrial Internet of Things and Predictive Maintenance

In the context of Industry 4.0, the Industrial Internet of Things generates massive amounts of sensor
signals such as vibration, temperature, and current. Traditional threshold-based alarm mechanisms often
suffer from lag and high false alarm rates. Al-driven signal processing is becoming the core of predictive
maintenance.

Specifically, accelerometers installed on key equipment (like wind turbines, CNC machines)
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continuously collect vibration signals. By using Short-Time Fourier Transform or Continuous Wavelet
Transform, one-dimensional vibration signals are converted into two-dimensional time-frequency
spectrograms. Convolutional Neural Networks (CNNs) are then used to classify these "images," enabling
precise identification of early-stage faults like bearing failures or gear wear. Additionally, using Long
Short-Term Memory networks (LSTMs) to perform temporal prediction of equipment degradation trends
allows for estimating Remaining Useful Life (RUL), thereby shifting maintenance from "reactive
maintenance" to "condition-based maintenance," significantly reducing downtime losses.

3.3 Biomedical Signal Processing and Intelligent Healthcare

Biomedical signals (such as electrocardiograms ECG, electroencephalograms EEG, electromyograms
EMG) are characterized by weakness, high randomness, and significant individual variability. Al
technology has greatly improved the precision and automation level of medical signal analysis.

In ECG analysis, deep neural network-based models can now detect arrhythmias (e.g., atrial fibrillation)
at a level matching or even surpassing that of cardiology experts. Models can automatically learn the
subtle morphological changes in ST segments and QRS complexes associated with different diseases,
enabling real-time, high-precision interpretation of ECGs. In the field of Brain-Computer Interfaces
(BCI), Al decodes the complex spatiotemporal patterns of EEG signals to translate human intentions (e.g.,
imagined movement) into control commands, providing a channel of interaction with the outside world
for paralyzed patients. Furthermore, multimodal signal fusion (e.g., combining imaging data with
pathological signals) is driving the development of precision medicine.

3.4 Autonomous Driving and Environmental Perception

Autonomous vehicles are a prime example of integrating signal detection and processing technologies.
Their perception systems rely on signals from multiple sensors: LIDAR point cloud signals, millimeter-
wave radar echo signals, camera image signals, and inertial navigation signals.

Al, particularly fusion models based on the Transformer architecture, deeply integrates these
heterogeneous signals. Radar signal processing is used to detect the distance, speed, and angle of targets,
overcoming the impact of adverse weather; camera signals are used to recognize lane lines, traffic signs,
and pedestrian semantics. Through deep learning, systems can uniformly align features from multiple
signals in a Bird's-Eye View (BEV) perspective, constructing an accurate 3D environment model. This
process involves complex mapping from raw signals to high-level semantic understanding, representing
one of the most challenging yet commercially valuable application scenarios of Al-empowered signal
processing.

3.5 Communication and Radar Sensing

In wireless communications, Al-based signal processing is driving the development of 6G technologies.
Traditional channel estimation relies on pilot signals and interpolation algorithms, whereas deep learning-
based channel estimators can leverage the spatiotemporal correlation of the channel to achieve more
accurate Channel State Information (CSI) acquisition with less pilot overhead, thereby improving

spectral efficiency.
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In radar sensing, traditional radar primarily focuses on target detection and tracking. In the Al era, radar
signal processing is evolving towards "radar vision." Through micro-Doppler effect analysis and
convolutional neural networks, radar can not only perceive the location of targets but also identify their
type (e.g., pedestrian, cyclist, vehicle) and even recognize their actions and postures. This "radar-vision

fusion" technology shows immense potential in intelligent transportation and security surveillance.

4. Challenges in Technological Integration

Despite the significant opportunities Al brings to signal detection and processing, several serious
challenges remain in the process of deep integration and application deployment.

4.1 Data Dependency and Annotation Difficulties

Deep learning models are "data-hungry." Training a high-performance signal processing model typically
requires massive amounts of labeled data. However, in many specialized fields (such as medical imaging,
radar target recognition), obtaining high-quality, precisely annotated data is extremely costly and
involves privacy and security concerns. Especially in fault diagnosis, fault data is often scarce because
equipment operates normally most of the time, leading to severely imbalanced training datasets. How to
perform effective signal detection and processing under few-shot or zero-shot conditions is a current
research challenge.

4.2 Lack of Model Explainability

In many critical domains such as autonomous driving, medical diagnosis, and financial risk control,
model decisions must be interpretable. Traditional signal processing methods (e.g., Kalman filtering,
Fourier transform) have clear physical meanings and mathematical derivations, with transparent
operations at each step. Deep neural networks, however, are often considered "black boxes." When a
deep learning-based EEG diagnosis model gives a judgment of "epilepsy," it is difficult for doctors to
understand which frequency band, which lead, or which morphological characteristic of the EEG signal
the model based its decision on. This lack of explainability significantly hinders the deployment of Al in
high-reliability fields like healthcare and law.

4.3 Contradiction Between Computational Resources and Real-Time Requirements

Signal processing often demands high real-time performance, especially in industrial control and
autonomous driving, where end-to-end latency must be controlled within milliseconds. However,
complex Al models (like large Transformers) have a huge number of parameters and high computational
complexity, posing serious challenges to the computing power and power consumption of embedded
devices. Although lightweight techniques such as model pruning, quantization, and knowledge
distillation can alleviate this issue, a delicate balance still needs to be struck between pursuing peak
performance and ensuring real-time responsiveness.

4.4 Adversarial Attacks and Robustness Issues

Al models exhibit vulnerability when facing carefully crafted adversarial perturbations. In the field of

signal processing, this means attackers could add noise inaudible to humans to voice signals, causing
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voice assistants to execute arbitrary malicious commands; or add minor perturbations to radar signals,
leading an autonomous vehicle to misidentify a "stop sign" as a "speed limit sign." How to enhance the
robustness of intelligent signal processing systems in complex electromagnetic environments and against

malicious interference is a crucial topic in the security domain.

5. Future Development Trends and Prospects

Looking ahead, the integration of signal detection and processing technologies with Al will deepen and
broaden, moving towards more reliable directions, exhibiting the following major trends.

5.1 Multimodal Fusion Perception

Future intelligent systems will no longer process signals from a single modality in isolation. Instead, they
will organically fuse multiple types of signals—auditory, visual, tactile, radio sensing—to form "super
perception" capabilities. For example, embodied intelligent robots need to simultaneously process voice
commands (auditory signals), visual images (visual signals), and tactile sensor signals to perform fine
manipulation tasks. The development of multimodal large models provides the technical foundation for
unified representation and collaborative reasoning of heterogeneous signals. By constructing a unified
feature space, signals from different modalities can complement and corroborate each other, significantly
improving the accuracy and robustness of perception.

5.2 Edge Intelligence and Lightweight Signal Processing

With the proliferation of 5G/6G and the Internet of Things, the focus of data processing is shifting from
the cloud to the edge. The future trend involves deploying Al algorithms directly on sensors or terminal
devices. This requires signal processing algorithms to be lightweight and low-power. New hardware
architectures like neuromorphic computing and in-memory computing, along with miniature neural
networks designed for specific signal processing tasks, will enable intelligent signal processing to
achieve ubiquitous real-time computation in wearable devices and wireless sensor networks.

5.3 Deep Models Integrating Physical Information

To address the issues of poor explainability and high data dependency in purely data-driven models, an
important future direction is integrating physical models with deep learning, known as Physics-Informed
Neural Networks (PINNs). In the field of signal processing, this means embedding physical equations
describing signal propagation and transformation (such as wave equations, radar equations) as constraints
into neural networks. This hybrid model leverages both the prior knowledge and generalization ability of
physical models and the strength of deep learning in complex nonlinear mapping. For instance, in radar
imaging, neural networks combined with electromagnetic propagation physics models can achieve high-
quality imaging under extremely low signal-to-noise ratios.

5.4 Generative AI Empowering Signal Processing

The explosion of generative Al has brought new tools for signal processing. Generative Adversarial
Networks and diffusion models can be used to generate high-quality synthetic signal data, addressing the

issue of data scarcity. For example, they can generate vibration signals for various fault types to train
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fault diagnosis models, or generate radar echo data for specific scenarios for autonomous driving
simulation testing. Furthermore, diffusion models have shown potential in signal denoising and
restoration that surpasses traditional methods, potentially becoming the core technology for the next

generation of signal enhancement.

Conclusion

As a bridge connecting the physical world and the information world, the importance of signal detection
and processing technology is self-evident. In the era of artificial intelligence, this traditional discipline is
not being marginalized; instead, through deep integration with deep learning, it is revitalizing and
bursting with new vitality. Shifting from traditional "model-driven" approaches to "data and model dual-
driven" ones, and from single-modal analysis to multimodal collaborative perception, signal processing
technology is moving from behind the scenes to the forefront, becoming the core perception engine of
intelligent systems.

We see that whether it is empowering the Internet of Things with intelligent voice, ensuring industrial
safety through predictive maintenance, driving medical transformation with intelligent diagnostics, or
reshaping mobility with autonomous driving, all rely on the support of intelligent signal processing
technology. Although challenges remain in data dependence, explainability, and real-time performance,
with breakthroughs in cutting-edge technologies such as multimodal large models, edge computing, and
physics-informed fusion, we have reason to believe that signal detection and processing technology will
play an even more critical role in the Al era. It will not only drive the intelligent transformation of various
industries but also help us build a more sensitive, reliable, and intelligent perceptual world. In the future,
the development of signal processing technology will place greater emphasis on deep integration with
specific application scenarios, as well as on algorithm safety, trustworthiness, and efficiency, providing

a solid technological foundation for the digitalization and intelligentization of human society.
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