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Abstract— This follow-up study enhances the first LSTM architecture for real-time audio-based threat
detection by adding a Bidirectional Gated Recurrent Unit (BiGRU) layer. To improve the model's
comprehension of complicated sound patterns like gunshots, cries, and glass breaking, the Bidirectional-
GRU records both forward and backward temporal dependencies in ambient audio. This leads to
improved accuracy and resilience in the system when contrasted with earlier uses of standalone LSTM
and CNN models. Improving the threat alert mechanism's practical applicability, we've made it possible
to dynamically change the recipient email address. This way, in an emergency, notifications will be
delivered to the most relevant contact right away. Also included is a web app built using Flask that
allows administrators to easily submit audio files and see the results of threat categorization instantly. In
addition to enhancing the detection model's intelligence, this expansion makes the safety system far
more accessible, flexible, and useful in the real world.
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I. INTRODUCTION

Ensuring personal safety has become a critical
challenge in modern society, especially with
increasing incidents such as assault, robbery, and
environmental hazards. Traditional safety devices
and applications, such as scream-detection systems
and emergency alert mechanisms, have shown
promising outcomes in supporting vulnerable
individuals, particularly women, by capturing
distress events and initiating responses [1].
However, these solutions are often limited by
hardware dependencies, restricted detection
capabilities, and less adaptable alert mechanisms.

Recent advancements in deep learning for
sound event classification have enabled systems to
recognize complex audio patterns with greater
accuracy and interpretability. Interpretable deep

neural networks have proven effective in
classifying environmental and threat-related
sounds, offering a direction for building

transparent and reliable safety solutions [2].
Similarly, applications designed for women’s
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safety demonstrate how intelligent audio
processing can detect critical events and trigger
automated recovery actions, but these remain
incomplete in real-time adaptability and detection
range [3].

In the broader context of smart cities, sound-
based event detection plays a vital role in
improving public safety by identifying abnormal
activities such as gunshots, accidents, or crowd
disturbances. Deep neural network algorithms
have been successfully used to enhance safety
monitoring in large urban environments,
reinforcing the need for robust acoustic
intelligence systems [4]. Additionally, urban noise
recognition research shows that convolutional
neural networks can effectively process large
audio datasets and classify diverse sound types
with high precision, validating the importance of
deep learning models for scalable safety
applications [5].
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Building on these foundations, this extended
work integrates a Bidirectional-GRU layer into the
existing LSTM-based model to achieve superior
learning of temporal sound features and enhance
the accuracy of real-time threat detection.
Furthermore, the system introduces customizable
alert-recipient functionality, enabling users to
dynamically modify the emergency contact email
and receive instant notifications. This combination
of deep learning innovation and user-centric
flexibility contributes to the development of a
more reliable, adaptive, and effective live event
detection system for personal safety.

Il. LITERATURE SURVEY

Triantafyllopoulos et al. [6] utilized deep
residual networks to improve emotion recognition
in noisy audio. Their work highlights the
importance of handling non-ideal and real-world
acoustic conditions. This aligns with the need for
robust models capable of functioning in chaotic
environments. It supports strengthening the
architecture with bidirectional recurrent units for
better noise resilience.

Garcia-Ordas et al. [7] introduced a fully
convolutional neural network for analyzing
sentiment in non-fixed-length audio clips. Their
study shows that variable-length audio requires
adaptive deep models. This encourages the use of
recurrent layers to capture flexible temporal
patterns. Hence, LSTM-BIGRU becomes a strong
candidate for threat audio classification.

Bhardwaj et al. [8] presented component
extraction methods for improving NLP
performance in generative models. Their concept
of extracting meaningful features parallels the
need to extract relevant temporal cues from audio.
This supports applying deeper sequential networks
like BIGRU. Their work inspires stronger
architecture designs for acoustic event detection.

Malova and Tikhomirova [9] used neural
networks to classify emotions from verbal
messages. Their results emphasize that emotional
cues lie in subtle temporal variations. This closely
relates to detecting threat-related audio where
intensity and tone matter. It motivates bidirectional

learning to capture both backward and forward
dependencies in sound.

Hodorog et al. [10] explored event detection in
smart cities using NLP applied to social media.
Their findings highlight limitations of text-only
detection due to delay and incomplete coverage.
This supports the need for real-time audio-based
detection systems like yours. It reinforces shifting
from passive text monitoring to active acoustic
monitoring.

Nguyen et al. [11] applied NLP for social event
classification and showed how machine learning
enhances event recognition accuracy. Their
approach demonstrates that structured pattern
recognition can detect critical situations. This
aligns with the audio classification domain, where
deep models recognize sound patterns. It
encourages adopting hybrid LSTM-BiGRU
architectures for precise detection.

Sit et al. [12] identified disaster-related tweets
using deep learning and spatial-temporal
modeling. Their work shows the importance of
integrating  time-based features for better
prediction. Similarly, threat-related audio also
requires capturing unfolding temporal changes.
This strengthens the case for using GRU and
BiGRU in sequence learning.

Tsiktsiris et al. [13] proposed a multi-modal Al
service combining image and audio for
autonomous vehicle safety. Their research
demonstrates the effectiveness of using sound
analysis for detecting anomalies. This directly
supports expanding safety applications using audio
classification. It validates your idea of using deep
learning for real-time danger detection.

Kong et al. [14] introduced PANNS, pretrained
audio models capable of recognizing diverse
sound events. Their results highlight the benefits
of large-scale feature learning. This encourages
integrating advanced recurrent models to refine
temporal learning. Their work provides a
benchmark for building high-performance acoustic
classifiers.
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Yang and Zhao [15] combined multi-head
attention with SVM for improved audio
classification. Their study reveals the importance
of focusing on relevant segments of audio signals.
This concept connects strongly with BiGRU,
which selectively learns important temporal
patterns. Their findings motivate exploring hybrid
architectures for better threat detection.

The UrbanSound8K dataset [16] serves as a
standard benchmark for environmental sound
classification. Its wide range of real-life threat
categories makes it ideal for safety research. Many
studies validate its usefulness for evaluating deep
models. It strengthens the reliability of your
experimental setup.

The ESC-50 dataset [17] provides diverse
environmental audio classes widely used in
academic research. Its structure supports
supervised learning for sound event analysis. This
dataset ensures consistency and reproducibility in
experiments. It enables fair comparison of LSTM,
GRU, and BiGRU performance.

The scream and non-scream dataset [18] is
designed specifically for safety and distress
detection. It provides ground truth for identifying
human distress signals. This dataset is useful for
training emergency detection systems. It supports
extending your work into emotion-aware safety
applications.

TensorFlow callback documentation [19]
explains how custom callbacks help manage deep
learning training dynamically. These tools help
optimize model convergence and prevent
overfitting. This is crucial when training sequence
models like LSTM and BiGRU. It enhances
control over the experimental workflow.

LeNet-5 documentation [20] describes one of
the earliest successful CNN architectures. Its
principles form the foundation for modern CNN-
based models used in audio feature extraction.
Understanding this helps design effective
CNN1D/CNN2D layers. It connects early deep
learning ideas with your applied architecture.

Mel-spectrogram analysis [21] highlights how
frequency-time representations improve sound

classification accuracy. These representations
capture meaningful acoustic signatures. Their
effectiveness justifies using Mel-spectrograms in
your preprocessing stage. This strengthens the
overall performance of LSTM-BiGRU models.

Kapre [22] introduces audio layers that can be
used inside neural networks for real-time sound
processing. This supports embedding feature
extraction directly into deep models. It simplifies
the preprocessing pipeline and improves model
efficiency. It encourages exploring integrated
architectures for future extensions.

Google Voice Search research [23] showcases
deep learning’s capability to perform large-scale
speech recognition. Their findings prove the
accuracy and speed achievable with well-trained
models. This demonstrates the practicality of real-
time audio processing. It supports your goal of
immediate threat detection.

Assefi et al. [24] compared the accuracy of
Google and Siri speech recognizers. They found
variations based on noise, speech clarity, and
environment. This highlights the importance of
designing noise-resilient models like BiGRU. It
reinforces building robust detection systems that
work across conditions.

Nobles et al. [25] analyzed how virtual
assistants respond to help-seeking queries. They
observed limitations in emergency response
detection. Their work underscores the need for
more reliable safety technologies. It motivates
implementing real-time automated alert systems in
your project.

Lopatovska et al. [26] studied user interactions
with Amazon Alexa to understand trust and
usability patterns. Their findings show that users
expect responsiveness and reliability in voice-
based systems. This aligns with the need for
customizable alert recipients in your application. It
strengthens your focus on user-centric design.

Farzindar et al. [27] applied NLP techniques to
analyze social media for emergency detection.
Their work shows how text-based monitoring aids
public safety. However, text-only systems struggle
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with real-time responses. This justifies your shift
toward direct audio-based event detection.

Zad et al. [28] surveyed emotion detection
methods in NLP, emphasizing deep sequential
models. Their findings highlight the importance of
capturing subtle temporal patterns. This supports
integrating BIGRU, which excels in sequential
emotional signal analysis. It bridges emotion
recognition with acoustic threat detection.

Graterol et al. [29] developed emotion detection
for social robots using transformers. Their work
demonstrates how advanced architectures improve
interaction safety. This inspires using high-
capacity models for handling audio complexity. It
motivates potential future upgrades beyond
BiGRU.

Sworna et al. [30] reviewed NLP-based
intrusion detection techniques that rely heavily on
pattern recognition. Their study stresses the
importance of sequence learning for identifying
abnormal behaviors. This aligns with treating
audio threats as sequential anomalies. It supports
the adoption of LSTM-BIGRU hybrid
architectures in your system.

I1l. METHODOLOGY

The extended methodology begins with
collecting audio samples from datasets such as
UrbanSound8K and ESC-50, followed by
preprocessing steps that include visualization,
noise reduction, normalization, shuffling, and
Mel-spectrogram generation to transform raw
signals into meaningful time—frequency features.
The processed data is then split into training and
testing sets, after which multiple deep learning
models—CNN1D, CNN2D, LSTM, and the
enhanced Bidirectional-GRU  extension—are
trained to learn temporal and spectral sound
patterns. The Bi-GRU layer specifically
strengthens the system by capturing forward and
backward dependencies in audio sequences,
producing richer contextual understanding
compared to the baseline models. Trained models
are evaluated using accuracy, precision, recall,
and Fl1-score to measure performance, and the
best-performing  Bi-GRU-based  model is

integrated into the final system. The resulting
architecture enables real-time threat detection by
interpreting audio NLP features and triggering
alerts based on predicted threat classes.

A. Proposed Undertaking:

The proposed system introduces an enhanced
real-time audio threat detection framework that
leverages deep learning models to identify
abnormal or dangerous sound events such as
screams, gunshots, glass breaking, or explosions.
Audio inputs are preprocessed using Mel-
spectrogram features, allowing the system to
extract meaningful temporal-spectral patterns
necessary for effective classification. While
baseline models such as CNN1D, CNN2D, and
LSTM are wused to learn core acoustic
representations, the extended architecture
integrates a  Bidirectional-GRU layer to
significantly improve sequential learning by
capturing both forward and backward sound
dependencies. This dual-directional insight
enables the model to better detect subtle variations
and transitions in audio clips, ultimately achieving
superior classification accuracy and robustness in
noisy environments.

Beyond detection accuracy, the extended
system enhances practical usability through a
flexible, user-driven alert mechanism. Once a
threatening sound is identified, the system
automatically triggers notifications through email,
SMS, or WhatsApp. A new extension allows users
to customize the recipient email address
dynamically, ensuring alerts reach the correct
contact even in changing situations. Additionally,
a Flask-based user interface is incorporated to
simplify audio uploading, real-time prediction,
and system interaction for administrators. This
combination of improved model intelligence and
user-centered alert customization makes the
extended system more reliable, adaptable, and
suitable for deployment in real-world safety
monitoring applications.

B. System Architecture:
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The system architecture is designed as a
complete end-to-end pipeline that processes raw
audio data, extracts meaningful features, trains
deep learning models, and performs real-time
threat detection. The workflow begins with
importing datasets such as UrbanSound8K, ESC-
50, and scream datasets, which contain diverse
environmental and distress-related sound classes.
These audio samples undergo preprocessing steps
such as  visualization, noise  cleaning,
normalization, shuffling, and conversion into Mel-
spectrograms to generate robust time—frequency
representations. The processed dataset is then split
into training and testing subsets, ensuring
balanced learning and unbiased evaluation. This
structured flow enables the system to handle large
volumes of audio data while maintaining
consistency in feature extraction and preparation.

In the model-processing stage, multiple
architectures—including CNN1D, CNN2D, and
LSTM—are trained initially to establish baseline
performance. The extended architecture integrates
a Bidirectional-GRU layer, allowing the system to
learn forward and backward temporal
dependencies for deeper contextual understanding
of audio signals. Once training is completed,
performance metrics such as accuracy, precision,
recall, and F1-score are computed to identify the
best-performing model. The selected Bi-GRU
enhanced model is then deployed into the final
threat-detection module, where incoming audio is
evaluated in real time. If a threat is detected, the
system triggers automated alerts through
configurable channels like email, WhatsApp, or
SMS. This modular architecture ensures high
scalability, improved accuracy, and real-time
responsiveness suitable for practical safety
monitoring environments.
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Fig.1. Proposed architecture
IV. IMPLEMENTATION

1. MODULES:
a. Dataset Module

e Collects audio samples from
UrbanSound8K, ESC-50, and scream
datasets.

e Handles loading, organizing, and
managing raw audio files for further
processing.

b. Pre-Processing Module

e Performs visualization, noise reduction,
normalization, and data shuffling.

e Converts audio into Mel-spectrogram
features for efficient deep learning—based
sound analysis.

c. Data Splitting Module

e Divides the processed dataset into training
and testing sets.

e Ensures proper distribution of sound
classes for unbiased evaluation and
learning.

d. Feature Extraction Module

e Extracts meaningful  time—frequency
features from Mel-spectrograms.

e Prepares the audio features for learning by
CNN, LSTM, and Bi-GRU models.

e. Model Training Module

e Trains multiple deep learning models:
CNN1D, CNN2D, LSTM, and the
extended Bidirectional-GRU.

Learns temporal and spectral patterns to
classify different environmental and

threat-related sounds.
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f.  Model Evaluation Module
e Computes accuracy, precision, recall, and
F1-score for each trained model.
e Identifies the best-performing Bi-GRU
model for final deployment.
g. Threat Detection Module

e Uses the trained Bi-GRU model to classify
incoming real-time or uploaded audio.

e Detects threat-related sounds such as
screams, gunshots, sirens, or breaking
glass.

h. Alert Generation Module

e Sends automated alerts via Email, SMS, or
WhatsApp when a threat is detected.

e Allows users to customize the recipient
email for emergency notifications.

i. Flask Web Interface Module
e Provides a user-friendly interface for

uploading audio files and viewing
prediction results.
e Simplifies  system interaction  for

administrators and general users.
2. ALGORITHMS:
a) CNN1D (One-Dimensional

Neural Network)
CNNI1D is used for extracting temporal features
from raw audio waveforms or Mel-spectrogram
sequences. By applying 1D convolutional filters
across the time axis, the model identifies local
sound patterns such as short bursts, frequency
shifts, or sudden acoustic changes that are
commonly found in threat-related sounds like
screams or gunshots. Its ability to detect
hierarchical feature patterns makes it a strong
baseline for audio classification. However, while
CNN1D captures spatial-temporal correlations, it
does not fully learn long-range temporal
dependencies, which motivates the need for
recurrent models.
b) CNN2D (Two-Dimensional
Neural Network)

CNN2D treats Mel-spectrograms as 2D images
and learns both time and frequency features

Convolutional

Convolutional

simultaneously.  This approach excels in
identifying complex acoustic signatures spread
across the spectrum, making it effective for
distinguishing between similar environmental
sounds. CNN2D layers also capture localized
frequency variations that contribute to precise
feature extraction. Although CNN2D provides
superior representation learning compared to
CNNLAD, it still lacks sequential memory, which is
essential for understanding long-duration sound
events.

c) LSTM (Long Short-Term Memory Network)
LSTM is designed to capture long-term temporal
dependencies in sequential audio data. It uses
memory cells and gating mechanisms to learn
patterns that evolve over time, such as rhythmic
variations, rising intensity, or prolonged distress
sounds. LSTM improves over CNN models by
understanding audio context rather than isolated

segments, making it highly suitable for
environmental sound classification. However,
despite its strength in directional sequence

learning, LSTM processes audio either forward or
backward, limiting its ability to fully capture
bidirectional context.

d) Extension: Bidirectional GRU (Bi-GRU)

The extended model incorporates a Bidirectional
Gated Recurrent Unit to enhance temporal feature
learning by processing audio sequences in both
forward and backward directions. GRU simplifies
LSTM architecture while offering faster
computation and improved efficiency, making it
ideal for real-time threat detection systems. The
bidirectional structure allows the model to
understand complete context—future and past
sound information—Ileading to higher accuracy in
detecting subtle threat patterns. This extension
outperforms previous models and becomes the
final chosen architecture due to its superior
classification performance and computational
efficiency.
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V. EXPERIMENTAL RESULTS

The experimental evaluation was conducted
using the UrbanSound8K, ESC-50, and scream
datasets after applying preprocessing techniques
such as noise reduction, normalization, and Mel-
spectrogram  generation. Multiple models—
CNN1D, CNN2D, and LSTM—were trained and
tested to establish baseline performance. While all

models were able to classify general
environmental sounds  effectively,  their
performance varied significantly ~ when

distinguishing subtle threat-related audio patterns.
Among the baseline algorithms, LSTM achieved
the highest accuracy due to its ability to capture
long-term temporal dependencies, demonstrating
its potential for continuous audio monitoring
tasks.

To further enhance performance, the proposed
extension implemented a Bidirectional-GRU layer
within the sequential model. This extension
improved the system’s ability to learn both
forward and backward temporal contexts,
resulting in more accurate recognition of nuanced
danger sounds such as screams or gunshots. The
Bi-GRU model outperformed all  other
architectures, achieving superior  accuracy,
precision, recall, and F1-score. Its enhanced
feature-learning capability and faster training
efficiency made it the final selected model for
deployment. Overall, the experimental results
demonstrate  that the extended Bi-GRU
architecture provides a significant improvement in
real-time audio threat detection accuracy and
reliability.

and
Then

Accuracy: Evaluate actual benefits
drawbacks to assess test dependability.
comes mathematics.:
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Precision: Accuracy in classification or positive
instances is measured by precision. Accuracy is
determined by applying the following:

Precision— T
rQCISIOﬂ—m
Recall: The ratio of accurately predicted

positive observations to total positives reveals
how well a model can identify all machine
learning class instances.

Recall = L
(FN +TP)

F1-Score: An accurate machine learning model
has a high F1 score. Integrating recall and
precision improves model correctness. Accuracy
measures how often a model predicts a dataset
correctly.

Fl—2 (Recall - Pre cision)
~ ° (Recall + Pre cision)
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Table 1 Performance Comparison table

by enabling customizable email-alert recipients
and incorporating a Flask-based interface for
seamless audio uploading and instant detection.
Overall, the extended system provides a more
intelligent, flexible, and reliable solution for real-
time threat detection using audio NLP features,
making it highly suitable for personal safety and
public security applications.
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