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ABSTRACT - This research focuses on developing a
"Real-Time Acoustic Monitoring System for Crime
Prevention,” leveraging machine learning to detect human
screams and assess risk levels. By leveraging Mel
Frequency Cepstral Coefficients (MFCCs) for feature
extraction and employing Support Vector Machines (SVM)
and Multilayer Perceptrons (MLP) for classification, this
system generates high-risk or medium-risk alert messages
based on surrounding conditions. Integrating Kivy for the
user interface and AWS SNS for SMS notifications ensures
accessibility and timely communication with law
enforcement.
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1. INTRODUCTION

In modern urban landscapes, where noise pollution is
abundant, identifying and responding to distress sounds
such as human screams is both challenging and critical.
Traditional surveillance systems often rely on visual
inputs, which may fail in low-visibility environments or
locations without proper camera coverage. Additionally,
the sheer volume of data generated by such systems
makes manual monitoring impractical. This creates a
pressing need for intelligent, real-Systems capable of
independently detecting and interpret audio signals
indicative of distress.

This research focuses on developing an audio-based
crime prevention system designed to detect human
screams in real-time using machine learning models. By
combining advanced sound processing techniques with
risk assessment algorithms, the system ensures timely
and accurate responses to potential emergencies. The
integration of user-friendly interfaces and automated
alert mechanisms adds further value, making this
solution a promising approach to enhancing public
safety.

This research aims to close the divide between
traditional visual surveillance systems and advanced
audio-based crime detection, offering a robust and
efficient solution for enhancing public safety in real-time.
The integration of intelligent algorithms and real-time

alert mechanisms establishes this system as a pioneering
approach to crime prevention and emergency response.

2. EXISTING SYSTEM

Currently, most crime prevention systems rely on visual
surveillance, such as CCTV cameras, which provide video
footage for monitoring and analysis. While effective in
certain scenarios, these systems have significant
limitations. Visual surveillance fails in poor lighting
conditions, blind spots, or areas where camera
installation is impractical. Moreover, such systems often
require human intervention to monitor footage, making
them less effective in real-time emergency scenarios.

Audio-based detection systems, on the other hand, are
still in their infancy. Although some systems can detect
generic sounds, they often struggle to differentiate
between distress sounds like screams and background
noise, leading to high false-positive rates. Furthermore,
existing solutions rarely Incorporate sophisticated
machine learning algorithms for accurate classification,
limiting their ability to adapt to dynamic environments.

A strong need exists for a reliable system that not only
detects screams with high precision but also evaluates
the urgency of the situation and ensures timely
communication with law enforcement agencies. This gap
in existing systems forms the foundation for this
research.

3. PROBLEM STATEMENT

The inability of existing surveillance systems to detect
and respond to audio-based distress signals, such as
human screams, in real-time has left a critical gap in
public safety measures. Visual systems, while effective in
certain conditions, fail in low-visibility scenarios or
unmonitored areas. Furthermore, traditional audio
detection systems lack the precision to distinguish
distress sounds from background noise, resulting in
delayed or missed responses.

This research aims to address these limitations by
developing an intelligent, real-time acoustic monitoring
system capable of detecting human screams, assessing
the level of risk, and generating timely alerts. The
proposed system should integrate machine learning
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techniques to improve accuracy, minimize false
positives, and offer adaptable solutions for various
environments.

4. ARCHITECTURE

The architecture of the proposed system is crafted to
guarantee efficient sound detection, classification, and
alert generation. It consists of three main components:

1. Data Acquisition and Pre-processing: Audio
signals are gathered from the environment and
processed using the Librosa library to extract
MFCC features. These features capture the
unique characteristics of the sounds, enabling
accurate classification.

2. Machine Learning Models: The system uses
two classifiers—SVM for primary scream
detection and MLP for secondary validation and
refinement. This layered approach enhances the
system’s overall accuracy.

3. Alert Mechanism: Depending on the
classification results, the system evaluates the
level of risk. High-risk alerts are triggered when
both classifiers detect a scream, while medium-
risk alerts are triggered if only one classifier
detects a scream. Alerts are sent as SMS
messages using AWS SNS to the nearest law
enforcement agencies.

4.1.1 DESIGN

The system design emphasizes simplicity, accuracy, and
real-time functionality.

e User Interface: Developed using the Kivy
framework, the Ul provides a clear and
interactive dashboard for monitoring sound
classifications and alert statuses.

e (Classifier Integration: SVM and MLP models
work together to ensure accurate scream
detection by cross-validating results from
different algorithms.

o Decision Logic: A decision-making algorithm
assesses the risk level and initiates suitable
actions based on the identified audio patterns.

Explanation of Design

e Feature Extraction: MFCCs are extracted from
the collected audio signals, capturing the
spectral and temporal properties of the sounds.
These features are saved in a structured format
for model training.

e Model Training: The Support Vector Machine
(SVM) model is trained on binary -classes
(screams and non-screams), while the MLP
model is trained for multi-class classification to
further refine detection accuracy. Both models
are saved using TensorFlow for future use.

e Alert Logic: The system analyses the outputs of
both models to assess the risk level. High-risk
alerts are triggered if both models detect a
scream, while medium-risk alerts are triggered
if only one model detects it.

BLOCK DIAGRAM

Generate Alert
SMS

Input Voice

Exit

Fig -1: Block diagram of Real-time Distress Signal
Recognition: Acoustic Monitoring for crime control

4.1.6 WORKING

The system operates by capturing real-time audio
signals through a microphone and processing them to
detect distress sounds, such as human screams. The
steps involved in the working process are as follows:

1. Audio Capture: The system continuously listens
to environmental sounds through an integrated
microphone.

2. Feature Extraction: The Librosa library is used
for extracting Mel Frequency Cepstral
Coefficients (MFCCs), which serve as the
features for input to machine learning models.

3. Model Prediction:

o Support Vector Classifier (SVC) model
classifies sounds as screams or non-
screams.

o The Multilayer Perceptron (MLP) model
further analyses the audio signals for
better accuracy.

4. Risk Assessment: Driven by the predictions
from both models, the system determines
whether the situation is high-risk or medium-
risk.

o High Risk: Both models detect a

scream.
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o Medium Risk: Only one model detects
a scream.

5. Alert Generation: An appropriate SMS alert is
generated and sent to the nearest police station
using AWS SNS, enabling timely intervention.

6. User Interaction: The system’s status and
classifications are displayed on the Kivy-based
user interface for easy monitoring.

Fig -2: Working Interface

5. IMPLEMENTATION

UI Development: The user interface is implemented
using the Kivy framework, ensuring cross-platform
compatibility and ease of interaction.

Dataset Preparation: The dataset includes 2000
positive samples of human screams and 3000 negative
samples of other sounds, collected from various online
sources.

Feature Extraction: MFCCs are extracted from the audio
dataset using the Librosa library and stored in a CSV file
for training purposes.

Model Training:

e The SVM model is trained to classify sounds as
screams or non-screams.

e The MLP model is trained to refine detection
and improve classification accuracy.

System Integration: The trained models are
incorporated into the application using TensorFlow,
enabling real-time prediction.

Alert Mechanism: AWS SNS is configured to send SMS
alerts to the nearest authorities based on the detected
risk level.

6. RESULT

The proposed system was evaluated using a diverse set
of audio samples to evaluate its accuracy and reliability.

1. Model Performance:

e The SVM model achieved a classification
accuracy of approximately 92%, effectively
distinguishing screams from non-screams.

e The MLP model enhanced overall accuracy to
95% by refining predictions.

2. Risk Assessment: The system successfully
categorized scenarios into high-risk and
medium-risk situations, with minimal false
positives.

3. Real-Time Alert: The SMS alert mechanism
demonstrated rapid communication, with
messages delivered within seconds of detection.

4. User Experience: The Kivy-based Ul provided a
seamless and interactive experience, ensuring
ease of operation.

Real-Time Distress Signal Recognition: Acoustic Monitoring for Crime Control
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: Acoustic Monitoring for Crime Control
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Fig -6.2: Selecting negative audio clip
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Fig -6.3: Detecting High Risk Alert

Sent from your Twilio trial
account — High—risk alert: A
confirmed human scream was
detected. Immediate response
needed!

Location: https.//www.google.com
/maps?q=12.9719,77.5937

Sent from your Twilio trial
account — High—risk alart. A
confirmed human scream was
detected. Immediate response
neaeded!

Location: https.//www.google.com
I maps?q=12.9719,77.5937

Fig -6.4: Alert SMS

Fig -6.5: Safe Message Detected

7. CONCLUSIONS

This research demonstrates the potential of leveraging
audio-based systems for real-time crime prevention. By
integrating advanced sound processing techniques,
machine learning models, and automated alert
mechanisms, the proposed system effectively addresses
the limitations of traditional surveillance methods. The
system provides accurate detection of human screams,
reliable risk assessment, and timely communication with
law enforcement agencies, making It serves as a valuable

tool for improving public safety. The user-friendly
interface and scalable architecture further contribute to
its practical implementation in diverse environments.

8. FUTURE WORK

Noise Filtering: Implementing advanced noise
cancellation techniques to improve performance in
highly noisy environments.

e  Multilingual Support: Expanding the system to
detect distress sounds across different
languages and cultural contexts.

e Expanded Dataset: Including more diverse
audio samples to improve the robustness and
generalizability of the machine learning models.

o Edge Deployment: Deploying the system on
edge devices for better scalability and reduced
latency in real-time operations.

e Integration with IoT: Incorporating Internet of
Things (IoT) devices to create a distributed
network of acoustic sensors for broader
coverage.

e Advanced Alerts: Adding location-based alerts
and integrating with emergency services for
automated dispatch in critical situations.
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