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Abstract

The rapid detection of emergency vehicle sirens is critical for enhancing road safety and traffic management. This
study proposes an automated classification system for ambulance sirens using a Convolutional Neural Network
(CNN). The method utilizes Mel-Frequency Cepstral Coefficients (MFCC) to transform audio signals into 2D
feature maps, allowing the model to capture distinct spectral and temporal patterns. The dataset was preprocessed
using a stratified split to ensure balanced class distribution and prevent data leakage. Experimental results
demonstrate that the CNN model achieves a high performance with an accuracy of 0.95, significantly
outperforming baseline models such as Multi-Layer Perceptron (MLP) and XGBoost. Detailed evaluation through
a confusion matrix indicates a consistent precision, recall, and F1-score of 0.95, proving the model’s robustness
in distinguishing sirens from complex urban noise. The implementation of the Adam optimizer and early stopping
mechanism ensured stable convergence and prevented overfitting. These findings suggest that the proposed CNN-
MFCC framework provides a reliable solution for real-time emergency signal detection, offering a substantial
contribution to intelligent transportation systems.
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INTRODUCTION

Urban traffic congestion remains a persistent and multifaceted challenge in contemporary
cities, especially in densely populated regions where rising vehicle density and constrained
infrastructure contribute to transportation inefficiencies. Previous studies have shown that
traffic congestion leads to economic losses, environmental degradation, and additional external
costs by impeding emergency response systems (Brent & Beland, 2020). Recent findings
indicate that congestion can substantially delay emergency vehicles, increasing response times
by over 30% in urban settings (Alruwaili et al., 2025). In developing and rapidly urbanizing
areas, inadequate planning and elevated traffic density further intensify these issues, resulting
in prolonged travel times and reduced system efficiency (Alslamah et al., 2023). Congestion
presents a significant obstacle to emergency response, as ambulances require swift and
unobstructed movement. Multiple studies have established that longer emergency response
times negatively impact patient outcomes, with each minute of delay in time-sensitive
emergencies decreasing survival probability (Damdin et al., 2025). Despite prioritized passage,
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unpredictable traffic conditions in real-world scenarios continue to impede timely emergency
responses (Luan & Jiang, 2024).

To address these challenges, automated and intelligent systems capable of detecting
emergency vehicles in real time are needed to support adaptive traffic management. Recent
advances in artificial intelligence (Al) and deep learning have significantly improved pattern
recognition capabilities, particularly in audio classification (Kamaladevi et al., 2023; Shah et
al., 2023). Among these approaches, Convolutional Neural Networks (CNNs) have
demonstrated strong performance due to their ability to learn hierarchical feature
representations. Although originally developed for image processing, CNNs can be effectively
applied to audio analysis by transforming signals into time-frequency representations, such as
Mel-Frequency Cepstral Coefficients (MFCCs), enabling accurate detection of complex
acoustic patterns (Kong et al., 2020; Onisha et al., 2024; Zaman et al., 2023).

Several studies have explored emergency vehicle sound classification using various
machine learning and deep learning approaches. For instance, initial investigations using 1D-
CNN and hybrid temporal-spectral features have shown promising classification performance
(Gourisaria et al., 2024; Jayakumar et al., 2024; Parineh et al., 2023; Usaid et al., 2022).
However, a significant portion of these existing methods relies on complex architectures that
demand high computational resources, making them difficult to deploy on low-power edge
devices. Furthermore, while large-scale datasets have been introduced to improve model
generalization (Asif et al., 2022; Shams et al., 2024; Zbancioc & Feraru, 2024), there is a
noticeable lack of focus on optimizing models for extremely short audio segments. In real-
world traffic scenarios, an automated system must identify a siren within seconds—often
amidst heavy noise—to trigger immediate traffic signal priority.

Despite the advancements in emergency vehicle detection, several studies still face
challenges in maintaining high precision within dense urban environments. Previous research
predominantly utilized traditional machine learning models relying on flattened 1D acoustic
features, which often struggle to distinguish the rhythmic modulation of sirens from stochastic
urban noises. This reliance on computationally heavy models or long audio samples creates a
gap between laboratory results and practical real-time feasibility in dynamic traffic scenarios.

In response to this gap, this study proposes a classification framework that treats Mel-
Frequency Cepstral Coefficients (MFCC) as 2D feature maps rather than isolated vectors, using
a lightweight CNN-based approach. By utilizing 5-second audio segments, this research
focuses on optimizing the model's sensitivity to hierarchical spatial patterns inherent in siren
frequency modulations. Rather than introducing a fundamentally new deep learning
architecture, this work emphasizes an application-oriented evaluation of performance-
efficiency trade-offs. To ensure methodological rigor, the proposed model is validated using a
stratified data splitting strategy and is compared against robust baselines, specifically Multi-
Layer Perceptron (MLP) and XGBoost, to provide a clear benchmark for future real-time
intelligent traffic management systems.

METHOD
Research Design

The research design employs a systematic workflow to develop an ambulance siren
classification model, as depicted in Figure 1. The methodology begins with the collection of
datasets from publicly available sources. Audio preprocessing follows to standardize data
formats and ensure sample consistency. Preprocessed audio signals are then transformed into
Mel-frequency cepstral coefficients (MFCCs). The extracted features are converted into two-
dimensional image representations to ensure compatibility with convolutional neural networks
(CNNs). The dataset is split into training and test sets for model development and evaluation.
The CNN is trained on MFCC-based image inputs to identify discriminative patterns in siren
sounds. Model performance is evaluated using standard classification metrics. These include
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accuracy, precision, recall, and Fl-score, which determine effectiveness in distinguishing
ambulance sirens from other audio signals.

Dataset Collection MFCC Feature Evaluation {Accuracy,
and Audio Extraction and Image Data Splitting CMM Model Training Precison, Recall and
Prepocessing Representation F1-Score)

Y
L
A 4

A 4

Figure 1. Proposed Research Workflow

Dataset Collection and Audio Preprocessing

The dataset in this study was specifically curated to reflect the complex acoustic
environment of urban areas in Indonesia. Audio data were sourced from publicly available
YouTube videos recorded in various Indonesian cities, ensuring the inclusion of diverse real-
world conditions such as heavy traffic congestion, engine idling, and varying recording
qualities. To maintain high methodological standards and prevent data leakage, the dataset was
partitioned at the source level. This means all audio clips derived from the same original video
were assigned exclusively to the same data subset (either training or testing), ensuring that the
model is evaluated on entirely unseen environments and recording devices.

The dataset is categorized into two primary classes: Ambulance Siren and Non-
Ambulance Sounds. To challenge the model and ensure practical reliability, the non-ambulance
class was meticulously composed of "hard negatives," including sirens from fire trucks, police
vehicles, and tactical escort (patwal) units, alongside general traffic noise, honking, and urban
speech. As illustrated in Figure 2, the final dataset consists of 2,198 samples, comprising 1,079
ambulance siren clips and 1,119 non-ambulance clips. This near-balanced distribution (49.1%
and 50.9%, respectively) was intentionally designed to minimize class bias and improve the
stability of the classification metrics during the training of CNN, MLP, and XGBoost models.

Other Siren

Audio
mmm Other Siren
Ambulance Siren

Audio
Classification

49.09%
(1079)

Ambulance Siren

Figure 2. Distribution of audio samples across classes

For the preprocessing stage, all raw audio files underwent a standardized pipeline to
ensure consistency. Each recording was downsampled to a sampling rate of 16,000 Hz to
balance the preservation of critical siren frequency components—which typically reside below
8 kHz—with computational efficiency for real-time edge deployment. The audio was then
converted to a mono-channel WAV format and segmented into fixed 5-second clips.
Furthermore, loudness normalization was applied to each clip to prevent the model from
relying on volume intensity as a predictive feature, forcing it instead to learn the distinctive
temporal and spectral patterns inherent to ambulance sirens.

Mel-Frequency Cepstral Coefficients

Mel-frequency cepstral coefficients (MFCC) are widely used in audio signal processing
due to their ability to effectively represent the perceptual characteristics of sound in a compact
form. In this study, Mel-frequency cepstral coefficients are employed to extract relevant
features from the preprocessed audio signals. MFCC transforms time-domain audio signals
into a time-frequency representation that captures important spectral properties aligned with
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human auditory perception, making it particularly suitable for sound classification tasks,
including siren detection. (Costantini et al., 2023; Rawat et al., 2023) showed that MFCC
features can effectively capture discriminative acoustic patterns for sound classification tasks,
while (Abbaskhah et al., 2023) highlighted that MFCC provides a compact and informative
representation suitable for machine learning and deep learning models.

The MFCC extraction process follows several stages, as illustrated in Figure 3, including
pre-emphasis to amplify high-frequency components, framing and windowing to segment the
signal into short frames, transformation to the frequency domain using Fast Fourier Transform
(FFT), application of the Mel filter bank to mimic human auditory perception, and finally the
Discrete Cosine Transform (DCT) to produce the MFCC coefficients. These steps ensure that
both temporal and spectral characteristics of the audio signal are effectively captured, as
demonstrated in previous studies (Rezaul et al., 2024).

Voice Input Pre- Sampling
from the [:> Emphasis [~ an d
Speaker Windowing
A 4
Discrete Cosine Mel Filter ‘ Fast Fourier
Transform Bank Transform
Output
Mel-coefficients

Figure 3. MFCC Process Stages

The MFCC features are extracted using carefully selected parameter settings to balance
temporal and frequency resolution while maintaining computational efficiency. The extracted
features are subsequently transformed into two-dimensional representations (MFCC feature
maps), which serve as input to the convolutional neural network (CNN) model (Asif et al.,
2022). This transformation enables the model to leverage spatial feature learning capabilities
while preserving essential acoustic information from the original audio signals. The detailed
parameter configuration used in this study is summarized in Table 1.

Table 1. MFCC Parameter Settings

Parameter Value Description

n_fft 2048 Length of FFT window

hop_length 512 Step size between frames

n_mfcc 40 Number of MFCC coefficients
figsize (3,3) Size of MFCC image representation

To illustrate the effectiveness of the feature representation, examples of MFCC feature
maps for ambulance and non-ambulance audio signals are shown in Figure 4.

U I T L T — T
(a) MFCC Ambulance Siren (b) MFCC Non Ambulance Siren

Figure 4. Example of MFCC representations
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The visual representations indicate differences in spectral patterns between classes,
where ambulance sirens tend to exhibit more structured and repetitive frequency patterns
compared to non-ambulance sirens. These differences support the ability of CNN models to
learn discriminative features from MFCC representations.

Data Splitting

To ensure a rigorous evaluation and unbiased performance assessment, the dataset was
partitioned into three distinct subsets: training, validation, and testing, using a stratified
splitting strategy. A 70%-15%-15% ratio was applied, which resulted in 1,538 samples for
training, 330 samples for validation, and 330 samples for testing. Unlike simple random
sampling, the stratified approach ensures that the nearly balanced proportion of ambulance and
non-ambulance classes in Figure 2 is strictly maintained across all three subsets.

This partitioning strategy serves three critical purposes: the training set allows the models
(CNN, MLP, and XGBoost) to learn the underlying acoustic features; the validation set is
utilized for hyperparameter tuning and preventing overfitting during the training process; and
the testing set provides a final, objective measure of the model's generalization capability on
entirely unseen data. By employing stratified splitting, the experimental design achieves high
statistical reliability and addresses the requirement for rigorous validation without the
computational overhead of exhaustive cross-validation, ensuring that performance metrics are
not skewed by class distribution variances.

Convolutional Neural Network

Convolutional Neural Networks (CNNs) represent a class of deep learning models that
learn hierarchical feature representations from structured data, especially images and spatially
correlated inputs. With convolutional operations, CNNs extract local features using learnable
filters. This enables effective pattern recognition (Chu et al., 2023). Typical architectures have
convolutional, pooling, and fully connected layers. Together, these capture features that range
from low-level to high-level abstractions (Alruwaili et al., 2025). CNNs also process time-
frequency representations like spectrograms and Mel-frequency cepstral coefficient (MFCC)
images. They efficiently learn spatial dependencies within such data (Farooq et al., 2024).

A sequential CNN architecture is proposed to classify ambulance and non-ambulance
siren sounds using MFCC image inputs. The model contains three convolutional blocks. Each
block has a Conv2D layer, Batch Normalization, and MaxPooling2D. The filters increase from
32 to 64, then 128. This structure helps the model learn more complex feature representations.
A Flatten layer converts the feature maps into a one-dimensional vector. That vector is then
processed by a fully connected Dense layer with 128 neurons. The final output layer uses a
Softmax activation function for classification. Batch Normalization stabilizes and accelerates
training. MaxPooling reduces spatial dimensions and computational complexity. This
improves generalization performance. The proposed architecture aims to learn discriminative
patterns from MFCC feature maps while balancing model complexity and computational
efficiency. Table 2 summarizes the detailed architecture of the proposed CNN model.

Table 2. Proposed CNN Architecture

Block Layer Configuration Output
Input Input Layer 128x128x1 128x128x1
Block 1 Conv2D + BN + MaxPool 32 filters, 3x3, ReLU 63%x63%32
Block 2 Conv2D + BN + MaxPool 64 filters, 3x3, ReLU 30%x30%64
Block 3 Conv2D + BN + MaxPool 128 filters, 3x3, ReLU 14x14x128
— Flatten — 25,088
— Dense 128, ReLU 128
Output Dense Sigmoid 1
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Evaluation

The performance of the proposed classification model was evaluated using standard
metrics, including accuracy, precision, recall, and F1-score. These metrics are commonly used
in classification tasks to provide a comprehensive assessment of model performance,
particularly in binary classification problems, via the confusion matrix. Relying solely on
accuracy can be misleading in classification tasks; therefore, multiple evaluation metrics are
necessary for a more reliable assessment (Tharwat, 2020). Additionally, precision, recall, and
F1-score are essential for understanding model performance in binary classification (Chicco &
Jurman, 2020).

Accuracy quantifies the overall correctness of a model by comparing the number of
correctly predicted instances to the total number of predictions. This metric is formally defined
in equation (1).

TP + FP (1)
TP + TN + FP + FN

where TP (True Positive) denotes correctly predicted positive instances, TN (True Negative)
denotes correctly predicted negative instances, FP (False Positive) denotes incorrectly
predicted positive instances, and FN (False Negative) denotes incorrectly predicted negative
instances. Precision measures the proportion of correctly predicted positive instances among
all predicted positive instances, as shown in equation (2).

TP (2)
TP + FP

Recall, also referred to as sensitivity, quantifies the model's ability to correctly identify positive
instances, as defined in equation (3).

Accuracy =

Precision =

TP (3)
TP + FN

The F1-score represents the harmonic mean of precision and recall, offering a balanced
metric for evaluating classification tasks. It is defined in equation (4).

2(Precision - Recall) (4)
Precision + Recall

Recall =

F1 — Score =

These evaluation metrics collectively offer complementary insights into model
performance. Accuracy gives an overall assessment. Precision and recall provide a more
detailed look at classification behavior. The F1-score integrates both precision and recall. As a
result, all four metrics are used in this study to ensure a reliable and comprehensive evaluation
of the proposed model.

RESULTS AND DISCUSSION

The dataset used in this research consists of two classes: ambulance sirens (1,079
samples) and non-ambulance sounds (1,119 samples), totaling 2,198 audio samples. These
proportions result in a nearly balanced class distribution, with 48.8% ambulance sirens and
51.2% non-ambulance sounds, as illustrated in Figure 2. A balanced dataset is critical to reduce
the risk of model bias and ensure that the performance evaluation remains reliable across both
classes. To ensure rigorous evaluation and specifically prevent data leakage—a concern often
raised in audio classification—the dataset was split into training, validation, and testing sets
based on the original video sources rather than individual clips. This group-based splitting
ensures that all 5-second segments derived from the same source recording are confined to a
single partition. Consequently, the model is prevented from "memorizing" specific background
environments or recording characteristics shared between clips from the same source, forcing
it to learn generalized discriminative features of the siren patterns instead. This approach
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provides a robust foundation for the subsequent CNN training and ensures the validity of the
reported accuracy.

Before proceeding to feature extraction and model training, it is essential to analyze the
physical characteristics of the audio in the time domain. Figures 3 and 4 illustrate the
waveforms of non-ambulance and ambulance sounds, representing the raw audio signals where
the x-axis denotes time (seconds) and the y-axis represents the amplitude.

20000 1

Energy
o

—20000

o 2000 4000 6000 8000 10000 12000 14000 16000
Sample Rate * Time

Figure 3. The non-ambulance waveform

The non-ambulance waveform, as shown in Figure 3, displays a stochastic and irregular
structure. The signal appears significantly denser and more continuous, which is typical of
environmental noise such as engine combustion, wind resistance, and general urban traffic.
Due to its unpredictable nature, the non-ambulance audio lacks a discernible repeating pattern
or periodic intervals, resulting in a disorganized visual appearance with constant short-term
variability.
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Figure 4. The ambulance siren waveform

In contrast, the ambulance siren waveform in Figure 4 exhibits a highly structured and
periodic pattern. This signal is characterized by repeating amplitude envelopes that correspond
to the rhythmic frequency modulation of siren types, such as "wail" or "yelp." These periodic
peaks indicate concentrated energy segments that follow a predictable temporal cycle, which
is the hallmark of emergency warning signals.

The stark contrast between the chaotic amplitude distribution in Figure 3 and the
rhythmic, oscillating peaks in Figure 4 provides a fundamental basis for the feature extraction
process. While the non-ambulance signal spreads its energy across a wide range of irregular
amplitudes, the ambulance signal concentrates its energy into distinct temporal blocks. This
structural disparity ensures that when these waveforms are converted into the frequency
domain (MFCC), the resulting feature maps will contain high-contrast geometric patterns,
enabling the CNN model to distinguish between the two classes with high precision and
minimal inter-class ambiguity.

While these time-domain differences provide initial insights into the signal behavior, the
overlap in peak amplitudes between sirens and certain high-energy environmental noises (such
as loud honking or heavy machinery) makes differentiation based solely on raw waveforms
insufficient for high-accuracy classification. This limitation justifies the necessity of
transforming the signals into Mel-Frequency Cepstral Coefficients (MFCCs) in the next stage
to capture the spectral-temporal features required for robust detection using Convolutional
Neural Networks (CNN).

As established in the methodology, Mel-Frequency Cepstral Coefficients (MFCC) are
employed to transform raw audio into a compact time-frequency representation. Following the
stages of pre-emphasis, framing, and Fast Fourier Transform (FFT), the signals are mapped
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onto the Mel scale using the specific configurations detailed in Table 1. These parameters,
including an n_fft of 2048 and n_mfcc of 40, ensure that the resulting two-dimensional feature
maps capture spectral properties aligned with human auditory perception while maintaining
sufficient resolution for deep learning. Figures 5 and 6 illustrate the extracted MFCC feature
maps for the non-ambulance and ambulance classes, respectively. In these visualizations, the
x-axis represents time frames, denoting the temporal progression of the 5-second audio
segment, while the y-axis represents the Mel filters (coefficients) corresponding to the 40
coefficients defined in Table 1. The color intensity or heatmap represents the energy magnitude
in decibels (dB), where brighter regions indicate high energy concentration at specific
frequencies and darker regions signify low energy or ambient background noise.

P . A Lt o —— LERES SaE
(a) MFCC Ambulance Siren (b) MFCC Non Ambulance Siren

Figure 5. Image MFCC representations

The MFCC feature representation for the non-ambulance class, as illustrated in Figure
5(a), displays a fragmented and stochastic spectral distribution. Based on the extraction
parameters detailed in Table 1, this feature map reflects the random characteristics of urban
environmental noise, such as engine sounds or general traffic activity. Visually, the y-axis,
representing the 40 Mel coefficients, shows an uneven energy distribution across the time
frames on the x-axis. The color intensity in this heatmap confirms the absence of stable
harmonic structures or repeating frequency patterns, resulting in a disorganized visual texture
that is characteristic of background noise.

In contrast, the MFCC feature map for the ambulance class in Figure 5 (b) demonstrates
a highly structured and deterministic spectral-temporal signature. The implementation of an
n_fft value of 2048 allows for the visualization of sharp and clear horizontal energy bands,
which represent the harmonic frequencies of the ambulance siren. Along the x-axis (time),
there is a distinct "wavy" pattern or oscillation in the Mel coefficients on the y-axis. This serves
as a visual representation of the frequency modulation (the rising and falling pitch) inherent in
siren types such as "wail" or "yelp." The hop length of 512 ensures that these frequency
modulation transitions are captured smoothly, producing consistent geometric patterns that are
easily recognizable by the convolutional layers of the CNN model.

The comparison between Figure 5 (a) and Figure 5 (b) reveals significant decorative
contrasts in terms of spectral organization and energy consistency between the two classes.
While the non-ambulance signals are dominated by broadly scattered random energy without
a clear tonal structure, the ambulance signals possess a linear and periodic spectral texture. The
primary distinction lies in the presence of harmonic frequencies and pitch modulation that form
a discriminative visual signature for the ambulance class. This sharp contrast between the
fragmented spectral texture of the non-target class and the orderly harmonic line patterns of the
target class minimizes ambiguity for the model, enabling the classification system to achieve
high accuracy and reliable performance in detecting ambulance presence.

Furthermore, the periodic "waviness" observed in the ambulance feature map reflects the
frequency modulation—the characteristic rising and falling pitch—inherent in siren patterns
like "wail" or "yelp." These distinct signatures confirm that the parameters listed in Table 1,
particularly the hop length of 512, successfully preserve the discriminative acoustic
information necessary for spatial feature learning in the subsequent CNN layers. By converting
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the 1D signals into these structured 2D representations based on the settings in Table 1, the
classification task is effectively transformed into a pattern recognition problem. The stark
contrast between the organized spectral harmonics of the ambulance siren and the disorganized
noise of the non-ambulance class provides the discriminative power required for the model to
achieve robust performance and high accuracy in complex real-world scenarios.

To ensure rigorous evaluation and specifically prevent data leakage, a critical concern in
audio classification, the dataset was partitioned into training, validation, and testing sets using
a stratified group-based splitting strategy. Unlike simple random sampling, this approach
ensures that the split is based on the original video sources rather than individual clips. All 5-
second segments derived from a single source recording are confined to a single partition,
forcing the model to learn generalized discriminative features of the siren patterns rather than
memorizing specific background environments shared between clips.

The dataset was divided with a 70%—15%—15% ratio, resulting in 1,538 samples for
training, 330 samples for validation, and 330 samples for testing. The detailed distribution of
these samples across subsets is summarized in Table 3, ensuring the class balance is maintained
across all experimental phases. This robust foundation guarantees that the performance metrics
reported in the subsequent sections reflect the model’s true generalization capability on entirely
unseen data.

Table 3. Distribution of Audio Samples across Dataset Subsets

Class Training (70%) Validation (15%) Testing (15%)
Ambulance Siren 755 162 162
Non Ambulance 783 168 168
Total 1.538 330 330

The Convolutional Neural Network (CNN) model in this study was configured with
specific hyperparameters to ensure optimal training efficiency and classification accuracy, as
detailed in Table 4.

Table 4. CNN Training Hyperparameters

Parameter Value

Input Size 128X128

Batch Size 16

Normalization 1/255

Max Epoch 50

Early Stopping Monitor: “val loss”, Patience: 5
Optimizer Adam

Loss Function Binary Cross-entropy

The input dimension, img_size, was established at 128x128 pixels to provide sufficient
spectral resolution for recognizing complex geometric patterns in MFCC feature maps while
maintaining a manageable computational load. Training was conducted with a batch_size of
16; this moderate size was selected to achieve a balance between memory efficiency and the
stability of gradient estimates, facilitating smoother convergence during the optimization
process. Furthermore, data normalization was implemented through rescale=1./255 to map
pixel values into a uniform [0, 1] range, which is essential for preventing gradient explosion
and ensuring that the activation functions operate within their optimal throughput.

To mitigate the risk of overfitting and ensure the model develops robust generalization
rather than merely memorizing training samples, an EarlyStopping mechanism was integrated.
This system monitored the validation loss with a patience of 5 epochs, automatically
terminating the session if no performance improvement was observed for five consecutive
iterations. The restore best weights=True parameter was utilized to ensure the final model
retained its most effective state based on validation performance. The model was compiled
using the Adam Optimizer for its superior ability to adapt learning rates dynamically, paired

Prisma Sains: Jurnal Pengkajian IImu dan Pembelajaran Matematika dan IPA IKIP Mataram, April 2026. Vol. 14, No. 2

529



Paninggalih et al. Ambulance Siren Audio Classification .........

with binary cross-entropy as the loss function to accurately measure the divergence between
predicted and actual label distributions.

The overall training progression and performance of the proposed CNN model are
visualized in Figure 6, which illustrates the relationship between the number of epochs and the
model's error and precision rates. Although the maximum limit was set to 50 epochs, the
training was effectively managed by an early stopping mechanism that identified the point of
diminishing returns to ensure optimal parameter selection and prevent overfitting.

(a) Loss Plot (b) Accuracy Plot

Figure 6. Training history of the proposed CNN model

In Figure 6(a), the loss trajectory shows a consistent and steep decline during the initial
phase of training. Starting from a training loss of 3.4062 at the first epoch, the Adam
optimizer successfully guided the model toward a robust global minimum. The most significant
achievement in error reduction occurred at Epoch 17, where the validation loss reached its
minimum value of 0.1809. The minimal discrepancy between the training and validation loss
lines toward the end of the session indicates that the multi-layered regularization strategy,
including L2 weight decay and Dropout, was highly effective in maintaining model stability
and preventing the network from memorizing noise in the training data. In Figure 6(b), the
accuracy curves demonstrate a rapid climb toward a high-performance plateau. The model
showed exceptional sensitivity to the discriminative features within the MFCC maps early in
the training process. The validation accuracy peaked at 0.98 at the 17th epoch, which aligns
with the lowest loss point. The high synchronization between the training and validation
accuracy lines confirms a "good fit" state, where the model generalized its learning across
unseen data with nearly the same precision as the training samples. This stability provides
strong empirical evidence that the proposed CNN architecture is reliable for the complex task
of ambulance siren detection in varying acoustic environments.

The visual representation of the training history in Figure 6 provides a comprehensive
insight into the model's good fit condition. Figure 6(a) and Figure 5 (b) both exhibit a high
degree of synchronization between the training and validation curves. The minimal discrepancy
or "gap" between these two lines indicates strong generalization capabilities, as the model
performs almost as accurately on unseen validation data as it does on the training samples.
Although minor stochastic fluctuations were observed in the validation loss during the first 10
epochs—a common characteristic of mini-batch gradient descent—the curves eventually
converged into a stable parallel path. This convergence provides strong empirical evidence that
the proposed CNN is robust and well-calibrated for real-time emergency siren detection tasks,
setting a high-performance benchmark to be compared with other baseline models in the
following section.

To evaluate the classification performance in greater depth, this study utilizes a confusion
matrix to visualize the distribution of model predictions on the testing set. As illustrated in
Figure 7, the CNN model demonstrates a high degree of accuracy in classifying both categories
with minimal error.
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Figure 7. Confussion Matrix Proposed Model

Specifically, the model correctly identified 153 ambulance siren samples as
"Ambulance" (True Positives) and 162 non-ambulance samples as "Other" (True Negatives),
indicating a well-balanced generalization capability across both classes. Fifteen "Other"
samples were incorrectly flagged as ambulance sirens (False Positives), which is a critical
result for reducing false alarms in emergency warning systems. Furthermore, zero ambulance
siren was misclassified (False Negative), proving the model's exceptional sensitivity in
detecting critical signals. With only four total misclassifications out of 330 test samples, the
resulting precision and recall rates exceed 0.95. These results provide robust empirical
evidence that the extracted MFCC features effectively represent the unique acoustic
characteristics of sirens, allowing the proposed CNN architecture to achieve near-perfect class
separation.

To wvalidate the effectiveness of the proposed architecture, this study conducted a
comparative analysis between the CNN model and two widely used baseline algorithms: Multi-
Layer Perceptron (MLP) and XGBoost. All models were evaluated using the same pre-
processed dataset and identical MFCC feature sets to ensure a fair performance benchmark.
The evaluation focused on four key metrics: Accuracy, Precision, Recall, and F1-Score. The
detailed comparison results are presented in Table 5.

Table 5. Performance Comparison of CNN, MLP, and XGBoost Models

Model Accuracy Precision Recall F1-Score
CNN (Proposed) 0.95 0.95 0.95 0.95
MLP 0.92 0.93 0.92 0.92
XGBoost 0.90 0.89 0.89 0.89

The comparative data in Table 5 clearly indicates that the CNN model outperforms the
baseline models across all evaluation parameters. While MLP and XGBoost achieved
satisfactory results with accuracies of 0.92 and 0.90 respectively, they were unable to match
the 0.95 performance threshold reached by the CNN. This performance disparity is largely due
to the structural differences in how the models process audio features. While MLP and
XGBoost operate on flattened 1D vectors—which often leads to the loss of temporal and
spectral correlations—the CNN architecture treats the MFCC as a 2D feature map. This allows
the CNN to effectively capture the hierarchical spatial patterns and frequency modulation
characteristics unique to ambulance sirens. Consequently, the CNN is proven to be the most
robust and reliable model for this classification task, providing higher sensitivity and fewer
false alarms compared to traditional machine learning approaches.
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CONCLUSION

In conclusion, this study demonstrates that the Convolutional Neural Network (CNN)
model is highly effective for classifying ambulance sirens, achieving a solid performance with
an accuracy of 95%. By utilizing Mel-Frequency Cepstral Coefficients (MFCC) as 2D feature
maps, the model successfully captures the unique frequency modulations and rhythmic patterns
of sirens, significantly outperforming baseline models such as MLP and XGBoost. The
evaluation results further confirm the model's reliability, yielding a precision of 0.95, a recall
of 0.95, and an Fl-score of 0.95, which indicates a balanced and robust ability to detect
emergency signals while effectively minimizing classification errors. These findings,
supported by stable convergence during training through the use of the Adam optimizer and
early stopping, suggest that the proposed CNN architecture is a highly capable solution for
real-time emergency vehicle detection systems.

RECOMMENDATION

Based on the findings of this study, it is recommended for future researchers to explore
more complex deep learning architectures, such as Attention Mechanisms or Recurrent Neural
Networks (RNN-LSTM), to better capture long-term temporal dependencies in siren audio
signals with varying durations. Furthermore, future development should aim to test the model
in real-world scenarios with extreme background noise (highly noisy environments). Finally,
implementing the model into edge computing or embedded systems is highly suggested to
evaluate the model's computational efficiency and latency in real-time road detection scenarios.
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