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Abstract: In traffic monitoring and surveillance systems that have been
improved with the empirical mode decomposition (EMD) technology, this re-
search suggests an effective radar-based method for vehicle classification. A type
of signal known as micro-Doppler signatures can identify minute motion patterns
in automobiles, trucks, motorcycles, and bicycles. However, they are so cluttered
and noisy that it is hard to classify them directly. This is addressed by applying
EMD to breakdown raw micro-Doppler signals into intrinsic mode functions
(IMFs), which reduces noise and isolates the most informative components. The
discriminative properties of the signals are improved by choosing and rebuilding
the most pertinent IMFs, which gives a better depiction of the distinct motion
patterns of various vehicle kinds. Machine learning classifiers like SVM and
CNN are then fed these EMD-enhanced features.

Keywords—Empirical Mode Decomposition (EMD), Machine Learning,
Traffic Monitoring, Micro-Doppler Signatures, Vehicle Classification, and Noise
Reduction.

LIntroduction:

In contemporary radar systems, reliable vehicle classification is vital, particularly in
traffic surveillance, monitoring, and autonomous vehicle applications. Identification of
different vehicles like cars, trucks, motorbikes, and bicycles by their dynamic motion
properties is a very challenging problem. Conventional radar-based solutions focus
mainly on the Doppler shift measurement for observing the speed of moving targets.
Nevertheless, such methods find it difficult to categorize vehicles with intricate or over-
lapping motion patterns, resulting in decreased accuracy and reliability in real-time sce-
narios.

To overcome this, the micro-Doppler effect, generated by the motion of smaller com-
ponents of a vehicle like rotating wheels, engine shake, and suspension oscillations,
offers rich motion information. Micro-Doppler signatures are capable of capturing finer
motion details that are specific to every vehicle category, thus a potential substitute to
conventional Doppler-based methods. Yet, isolating and interpreting these signatures
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remains difficult, especially in noisy and cluttered situations where signal loss and in-
terference undermine classification accuracy. Advances in signal processing in recent
times have brought forth more efficient methods of micro-Doppler analysis. Of these,
Empirical Mode Decomposition (EMD) is an efficient data-driven approach that breaks
down intricate signals into simpler oscillatory components named Intrinsic Mode Func-
tions (IMFs). Given that EMD is superior at handling non-linear and non-stationary
signals, it is especially suited to the analysis of micro-Doppler data from moving vehi-
cles. By separating the most informative IMFs, EMD increases the discriminative fea-
tures of micro-Doppler signatures and eliminates noise, resulting in better classification
accuracy.

The vehicle classification method proposed here is based on EMD and utilizes micro-
Doppler signatures from radar data. The decomposed signals are processed further into
IMFs, which separate fine-grained motion characteristics specific to individual vehicle
types. These features extracted are utilized to train machine learning classifiers, includ-
ing Support Vector Machines (SVM) and Convolutional Neural Networks (CNN), to
provide high classification accuracy. Experimental results confirm that this technique
greatly improves vehicle classification performance even in noisy environments, ren-
dering it very effective for traffic monitoring, autonomous driving, and security sur-
veillance applications. In addition, the combination of EMD with sophisticated machine
learning algorithms not only enhances classification performance but also opens the
door for scalability in real-time applications. This technique can be generalized to sup-
port a wider variety of vehicle types and operating scenarios and aid in building more
secure and efficient intelligent transportation systems.

II. EXISTING WORK:

Traditional Doppler-Based Classification: Earlier research aimed at employing Dop-
pler shifts for classifying vehicles, but the techniques found it challenging to handle
intricate and overlapping movement patterns, thus compromising accuracy in real-
world settings.

Micro-Doppler Signatures for Vehicle Classification: Studies have shown that mi-
cro-Doppler effects due to rotating wheels, engine vibration, and suspension motion
include dense motion information useful for vehicle classification. But these features
are challenging to extract efficiently because of noise and environmental interference.
Empirical Mode Decomposition (EMD) of Signal Processing: EMD is applied in
several applications, e.g., in biomedical signal processing and speech processing, for
decomposition of non-stationary and non-linear signals. Researchers have investigated
its potential to decompose intricate signals into Intrinsic Mode Functions (IMFs) as a
useful micro-Doppler feature extraction tool.

EMD-Based Micro-Doppler Feature Enhancement: More recent studies have inves-
tigated the application of EMD to decompose radar micro-Doppler signals, extract in-
formative IMFs, and eliminate noise. The method has been found to enhance feature
clarity, rendering vehicle classification more precise when applied in conjunction with
machine learning methods such as Support Vector Machines (SVM) and Convolutional
Neural Networks (CNN).
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Machine Learning and Deep Learning for Vehicle Classification: Recent research
combines EMD-processed micro-Doppler features with machine learning models to at-
tain better classification accuracy. Deep learning models like CNNs have been found
through experiments to be able to learn and classify vehicles from EMD-enhanced mi-
cro-Doppler data.
Current Models:

Support Vector Machine (SVM): Description: A supervised classifier model that
identifies vehicles using the best hyperplane based on EMD-enhanced micro-Doppler
features extracted.

Disadvantage: Needs optimal parameter settings and can be challenged by big data.

Convolutional Neural Networks (CNNs): Description: A deep model that extracts
micro-Doppler features directly from radar spectrograms for enhanced classification
accuracy.

Recurrent Neural Networks (RNNs) / LSTM: Description: These models process
sequential radar data, preserving temporal dependencies in micro-Doppler signatures
for better classification.

EMD + Random Forest (RF): Description: Hybrid model where EMD derives im-
portant features, and Random Forest classifies vehicles with multiple decision trees
for strong predictions.

Disadvantage: Needs to be retrained often to accommodate changing real-world traf-
fic patterns.

Transformer-Based Models: Description: Employ self-attention mechanisms to pre-
serve long-range dependencies in micro-Doppler radar data, enhancing classification
accuracy.

II1. Methodology:

1. Radar Data Acquisition

It is the process of acquiring micro-Doppler radar signals from multiple moving objects,
i.e., automobiles, trucks, motorbikes, and bicycles. Radar signals identify specific mo-
tion signatures, i.e., rotation of wheels, vibration of engines, and suspension motion.
The data is captured under different environmental settings to provide strength to the
classification model.

2. Preprocessing and Noise Reduction

Raw radar signals tend to have noise and clutter from environmental factors such as
weather, road conditions, and interference from surrounding objects. To clean the sig-
nal and improve its quality, noise reduction methods like band-pass filtering and wave-
let denoising are used. This process ensures that only useful micro-Doppler features are
left for analysis.

3. Empirical Mode Decomposition (EMD) Implementation
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EMD is utilized to break down the preprocessed micro-Doppler signals into a collection
of oscillatory parts that are Intrinsic Mode Functions (IMFs). Each IMF signifies a sep-
arate frequency component of the signal and provides a complete motion characteristic
analysis. The informative IMFs are picked, diminishing noise and enhancing feature
extraction.
4. Feature Extraction
The prominent IMFs are determined after which statistical and frequency-based fea-
tures are extracted. Such features could include:

e  Energy distribution of IMFs

e Instantaneous variations of frequency and amplitude

e Spectral entropy and predominant frequency components
These feature representations offer in-depth details about the characteristics of vehicle
motion and thereby make the classification more accurate.
5. Classification Using Machine Learning
Machine learning classifiers for classifying vehicles are trained with the extracted fea-
tures. Some typical classifiers are:
Support Vector Machine (SVM): Effective with high-dimensional feature space.
Convolutional Neural Networks (CNNs): They can automatically learn deep features
from micro-Doppler spectrograms.
Random Forest (RF): A type of ensemble learning used to enhance robustness in clas-
sification.
Transformer-Based Models: Exploit long-distance dependencies in micro-Doppler data
for better classification.
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Fig: EMD-Based Vehicle Classification System Block Diagram

The block diagram signifies a three-phase vehicle classification and localization system
through Empirical Mode Decomposition (EMD) and machine learning methods. The
process is followed by the below-mentioned steps:



Vehicle Classification Using Empirical Mode Decomposition 3459

Stage 1: Signal Processing

A signal received by a radar system is subjected to spectral subtraction for eliminating
unnecessary noise.

The signal is then passed through filtering algorithms to increase readability.
Empirical Mode Decomposition (EMD) is utilized to retrieve Intrinsic Mode Functions
(IMFs), which assist in segregating vehicle-specific motion features.

Stage 2: Feature Extraction

Short-Time Fourier Transform (STFT) is utilized for time-frequency properties analy-
sis of the signal.

Principal Component Analysis (PCA) is utilized to carry out dimension reduction and
retrieve prominent features for classification.

Stage 3: Surveillance

The resultant features are provided as input to a pre-trained machine learning system
for vehicle detection and classification.

The system also carries out localization of the vehicle detected using Angle of Arrival
(AOA) classification and regression methods.

The output includes detection/classification results and localization data for real-time
traffic monitoring and surveillance.

IV. Implementation Process:

1. Data Acquisition
The process starts with the acquisition of micro-Doppler radar signals from different
types of vehicles including cars, trucks, motorcycles, and bicycles. These signals record
distinct motion features such as wheel rotation, engine vibrations, and suspension
movements. The data is captured under diverse environmental conditions to guarantee
noise robustness, interference, and real-world variability. The acquired radar data is
saved in a structured form for subsequent processing.
2. Preprocessing & Signal Enhancement
Raw radar signals are usually tainted with noise and clutter due to environmental con-
ditions such as road surfaces, weather, and surrounding objects. Filtering techniques
like band-pass filtering, wavelet denoising, and normalization are utilized to improve
the quality of signals. This preprocessing ensures that only useful micro-Doppler fea-
tures are preserved while removing unwanted disturbances. Preprocessing is essential
in order to increase the accuracy of the following decomposition and classification op-
erations.
3. Empirical Mode Decomposition (EMD) Application
Empirical Mode Decomposition (EMD) is a signal processing method that decomposes
the radar signal into Intrinsic Mode Functions (IMFs). Each IMF captures a unique
frequency component of the signal, making it possible to analyze motion characteristics
in finer detail. The main steps involved in using EMD are:

e Breaking down the signal into IMFs through an iterative process.

e  Choosing the most meaningful IMFs to preserve significant motion patterns.
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e Removal of noise-IMFs for enhancing classification performance.
This removes unnecessary information, making the feature more discriminative and
enhancing efficient classification.
4. Feature Extraction & Dataset Preparation
After most suitable IMFs are chosen, statistical and frequency-domain features are ex-
tracted. Extracted features include:
e  Energy distribution of IMFs
e Instantaneous frequency and amplitude changes
e Spectral entropy and dominant frequency contents
These extracted features are then merged into a structured dataset, which is fed to ma-
chine learning classifiers. Feature selection methods like Principal Component Analy-
sis (PCA) or Recursive Feature Elimination (RFE) can be used to further optimize the
dataset and enhance model performance.
5. Machine Learning Model Training & Evaluation
The extracted EMD-enhanced micro-Doppler features are used to train machine learn-
ing models for classifying various vehicle types. General classifiers used include:
e Support Vector Machine (SVM): Optimized for high-dimensional feature
space.
e Convolutional Neural Networks (CNNs): Deep features are automatically
learned from micro-Doppler spectrograms.
e Random Forest (RF): An ensemble learning approach enhancing classification
robustness.
e Transformer-Based Models: Leveraging self-attention mechanisms for im-
proved classification accuracy.
The models are learned using labeled data and optimized by hyperparameter tuning for
high classification accuracy. The classification performance is quantified using the fol-
lowing metrics:
e Accuracy: Indicating overall correctness of classification.
e Precision & Recall: Specifies how accurately various vehicle types are classi-
fied.
e Fl1-Score: Scales precision and recall for consistent performance.
The performance is compared to conventional Doppler-based classification schemes to
illustrate the efficacy of the EMD-augmented scheme.

V. Conclusion and Findings:

The Vehicle Classification with Empirical Mode Decomposition (EMD) study shows
the power of micro-Doppler signatures to effectively differentiate various vehicles.
EMD breaks radar signals into Intrinsic Mode Functions (IMFs), which boost feature
extraction, filter out noise, and increase classification accuracy.

The combination of machine learning algorithms (SVM, CNN) with signal processing
methods (STFT, PCA) further enhances the system's ability to detect vehicles even in
noisy and complicated motion conditions. Moreover, localization methods based on
Angle of Arrival (AOA) regression allow for real-time tracking and monitoring.
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Overall, this method overcomes the confines of conventional Doppler-based techniques
and offers a scalable, efficient, and precise solution to applications in traffic surveil-
lance, autonomous vehicles, and security monitoring. Real-time deployment, adaptive
learning models, and multi-sensor fusion are potential future improvements that can
further improve classification accuracy and operational efficiency.
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Fig: Comparing the Classification Accuracy of Various Vehicle Classification Tech-
niques

Results:

The EMD-based vehicular classification system efficiently enhances accuracy, noise
elimination, and real-time performance. Decomposing micro-Doppler signatures into
Intrinsic Mode Functions (IMFs), the system improves feature extraction as well as
eliminates interference. Machine learning models (SVM, CNN) that were trained on
EMD-enhanced features have accuracy exceeding 90%, surpassing conventional Dop-
pler-based methods. The method also showed good performance in dynamic scenes and
is thus ideally suited for traffic monitoring, driverless car driving, and security surveil-
lance. Future enhancements can be directed towards deep learning and multi-sensor
fusion for further increased efficiency.

Conclusion:

Therefore, classical Doppler shift processing has become increasingly advanced micro-
Doppler signature extraction methodologies employing radar. Employing Empirical
Mode Decomposition (EMD) in the analysis of micro-Doppler shows enormous poten-
tial in enhancing time-varying, non-stationary signal classification accuracy. Neverthe-
less, immense challenges lie ahead in processing noisy environments, dynamic situa-
tions, and further research into deep learning methodologies for enhanced performance.
This work overcomes these challenges by introducing an EMD-based feature extraction
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method for micro-Doppler analysis followed by machine-learning-based classification,
which is a potential solution to vehicle classification.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
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which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
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source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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