AI-Enabled SOS Alert System for Women’s Safety Using Multimodal Distress Detection 
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Abstract: This paper describes the development of an AI-powered SOS (Safety of Self) alert system focused on women’s safety. The proposed system uses both audio distress recognition and biometric anomaly detection to automatically detect emergency situations without requiring any manual input from the user. A Convolutional Neural Network (CNN) processes Mel Spectrogram representations of audio to detect distress signals like screaming or panic, while an XGBoost classifier analyses wearable sensor data including heart rate, SpO2, breathing rate, and body temperature. These two modalities are combined through decision-level weighted fusion to produce a reliable distress score. When the system detects a potential emergency, it triggers an automatic SOS alert with GPS coordinates to emergency contacts via a mobile application. Experimental results demonstrate high classification accuracy for both individual models and the fused system, with reduced false alarm rates compared to unimodal approaches, confirming the feasibility of a real-time, passive safety monitoring system.
Index Terms—Women Safety, Artificial Intelligence, SOS Detection, Machine Learning, Convolutional Neural Networks, XG-Boost, Multimodal Fusion, Wearable Sensors, Distress Detection, IoT, Sustanability
I. INTRODUCTION
Personal safety technologies have historically relied upon manual activation mechanisms such as panic but-tons, SOS applications, and GPS-enabled alert devices. While these solutions provide a measure of protection, they fundamentally depend on the user’s ability to interact with the device during an emergency–an assumption that frequently fails under real-world conditions of physical restraint, incapacitation, or extreme fear. In many critical moments, particularly involving women’s safety alert in [13], older methods of personal safety have proven inadequate–individuals may be unable to crawl or even reach for help.
Consequently, the issue of inadequate safety technology is not due to the device itself; instead, it is because individuals using devices are not necessarily able to use them effectively in an emergency situation. Our AI-Assisted SOS Detection, women safety app in [2], System addresses this critical limitation in TABLE I, by detecting distress automatically without requiring any user interaction. Instead of the user being required to press a button on the device or touch their phone to request help, the SOS Detection System detects distress without the user needing to interact with anything.
The system employs three categories of data to establish whether the user has experienced a distress signal: biometric signals (specific changes in heart rate, breath, or temperature), environmental audio (detectable sounds like screaming or crying or hearing a woman’s voice in panic), and GPS-based location data to locate the user and, when necessary, dispatch an SOS alert to designated emergency contacts.
II. RELATED WORK
More recent research into intelligent women’s safety systems has transitioned from traditional manual alerting systems powered by AI using four different technologies: i. Wearables that can sense data about an individual. ii. Recognition and Analysis of audio signals. iii. Predictive modelling of behaviour. iv. Integration of these three into a single framework, where the outcome of the predictive model in [11],  can be used to generate an alert to a guardian.  Earlier forms of IoT-enabled safety devices in [1] were hardware-based, including hardware-triggered emergency buttons and GPS-enabled alerts. Rajkumar et al. proposed a geo-fencing-based and health monitoring system in [14], which would result in notifying guardians when users cross a defined boundary intended to represent a safe area. While IoT device in [5], based location tracking can be accomplished, the ability to collect and analyse data for physiologically or behaviorally distressed individuals is not part of this system [9], [16].Akram et al. introduced an IoT-enabled wearable safety device that integrates GSM and GPS modules for emergency messaging. This device can provide both geo-fencing and emergency messaging; how-ever, the system still relies on an individual to manually activate the emergency messaging function and does not have any form of automated detection of distress [1], [17].
The latest technologies incorporate machine learning methods to detect distress using methods such as speech and audio processing. Halilaj et al. introduced a frame-work for real-time identification of panic-inducing words or phrases using speech recognition [4], [18]. Speech-based detection systems are still in early development and are expected to perform less reliably in less-controlled environments, such as in a very noisy location or if the victim is unable to verbally indicate that they need help. Voice/recognition-based safety devices have been researched by Tandale et al. [3], [19] and Parmar et al. [6], [20] but they suffer from limitations in that they are still unimodal and susceptible to environmental interference.
The new system is a multi-modal fusion (MMF) and utilizes a fusion in (5) of audio distress signals (based on deep learning) to make the SoS call and biometric anomaly detection (based on machine learning). In particular, the proposed MMF method uses Mel Spectrogram representations produced by convolutional neural networks and physiological features produced using XGBoost for both robustness and adaptability to the environmental factors that will be encountered. The ability to cross-validate these audio and physiological sources through decision-level fusion results in a significant reduction in false positives relative to unimodal systems.
As such, the results of this study contribute significantly to the existing body of research regarding automated, scalable, and dependable real-time alert systems for women’s safety via integrated multimodal artificial intelligence.
III. MOTIVATION AND PROBLEM DEFINITION
Women have multiple safeguard options available (such as apps and other personal safety devices), but unfortunately the majority of these require an immediate self-initiation of action (e.g. pressing the SOS button). The smart wearable device in [8],[21] This becomes an extreme liability when you consider the extreme state of panic (or physical entrapment) a girl may endure during a true emergency i.e. they simply may not have their phone or be able to reach it to request assistance.
An effort is being made to address this gap. The pro-posed system will not wait for someone in need to request assistance; it will utilize a watchful behavior by monitoring various physiological and environmental cues. The system will monitor the individual over time and when someone becomes distressed by unexpected changes in their heart rate, oxygen level, respiratory rate, and environmental sound, or through a combination (an increase in heart rate, increase in respiratory rate, and panic in the voice), the system will detect those changes immediately.
The research question that arises from this is: How to develop an AI that is capable of interpreting biometric and environmental cues in real-time to detect a potential emergency, in order to minimize false alerts and ensure that an SOS can be generated quickly, even if the individual cannot generate an SOS?

A. Objectives of Proposed System
The basic concept for this system is to design a SOS detection system that automatically activates so that people in an emergency can receive assistance without pressing the SOS button or making a call for help. The system continually monitors vital and other biometric data including heart rate, SpO2, respiratory rate, and temperature, to assist in determining if someone needs assistance from emergency responders. The model also listens to distress screams from individuals to identify whether the person is in trouble.
To ensure the system always works properly, the system is integrated with both the Biometric data’s Prediction built using XGBoost as well as the CNN Model which is capable of identifying the screaming or panic distress calls in real time and threats in [10], [22] to spot threats. The goal is to achieve building a proper system which makes minimal and negligible number of mistakes, such that the number of False Positive and False Negative cases must be reduced. Here are the different phases of constructing the project:
· Create an SOS detection system that works on its own–no user action needed.
· Track and analyze how people’s biometrics shift when they are panicked or in distress.
· Sort through environmental sounds to catch things like screams or abnormal noises.
· Train and use XGBoost to spot anomalous changes in physiological data.
· Train a CNN to identify audio distress signals detection of AI-synthesized voices utilized in realtime [23].
· Combine both models through multimodal fusion for cross-validation.
· Minimize false positives and false negatives.
· Send automatic GPS-enabled alerts to emergency contacts.
IV. BACKGROUND AND RELATED WORK
A. Deep Learning Frameworks in Audio Distress Analysis 
The techniques that currently provide the foundation of today’s speech and emotion recognition systems are based on deep learning architectures. In the case of women’s safety, the objective is to identify distress sounds such as screaming, signs of anxiety in someone’s voice and cries for help. However, raw audio data in and of itself can present many challenges that make analysis very diﬀicult. The audio itself may be very ”messy” due to widely varying frequency characteristics, changing levels of intensity and numerous timing anomalies. Once everything is set, you can utilize different tools that utilize images such as Convolutional Neural Networks (CNN) to analyse images after they have been modified to a digital image format or digitized. CNN are very capable of recognizing patterns in images and pattern recognition can also be applied to spectrogram analysis. CNN first recognizes simple elements of textures and shapes of sound before recognizing and recording increasingly complex emotions such as fear and distress.
Studies in the last few years–2020 to 2025–back this up. CNN models beat out older classifiers like SVMs and KNNs when it comes to picking up distress in speech [4]. And with mobile and wearable tech getting more common, lighter models like MobileNet and ResNet are stepping in. When it comes to developing a real-time system, having a reliable source of distress detection is an absolute necessity and cannot be achieved without high levels of processing capability.
B. Multimodal Fusion
Systems based on one method of collecting data (for example, auditory data or biometric data) tend to fail to work correctly in the real world. Consider a situation where you are attempting to listen for distress calls using only auditory data and background noise interferes with your ability to do so: a large amount of noise may prevent you from hearing a distressed person. Alternatively, if you are using only biometric data, you may misinterpret the exercise of an individual as their being in distress.
Thus, the solution is to combine multiple facts together. In this project we use a method called multi-modal fusion as shown in Fig. 1. We combine the CNN Audio Distress Model and the XGBoost Biometric Distress Model at the decision stage. We take the raw output of both models and combine them into a single score using weighted fusion logic. This approach fuses CNN-based visual distress detection (e.g., from RWF-2000) with XGBoost-based contextual risk prediction, exploiting the strengths of both models. This model enhances detection accuracy, decreases false alarms and provides a more reliable SOS to real-time response system by combining visual cues with contextual factors
Table-1 Technical Challenges and AI-Based Solutions
	Challenge
	Traditional limitation
	AI-Based approach
	Technique

	Manual Trigger
	User must activate SOS manually
	Automated Distress Detection
	CNN, XG-
Boost

	High False Alarms
	Single-sensor systems misfire
	Multimodal Fusion
	Weighted fusion

	Noise Interference
	Audio-only fails in noisy
 areas
	Audio Preprocessing
	Mel Spectrograms spectral gating

	Sensor Variability
	Wearables fluctuate
	Sensor  Normalization
	Min–Max scaling, smoothing

	Location Dependency
	GPS-only fails indoors
	Hybrid Positioning
	GPS +WiFi + cell
triangulation

	Privacy Risks
	Continuous recording
raises concern
	On-Device Inference
	TensorFlow Lite

	Model Portability
	Heavy  models
Unsuitable for mobile
	Model  Optimization

	Pruning, quantization

	Spoofing
	Fake triggers possible
	Anti-Spoofing
	Liveness detection


C. Biometric Signal Analysis Using Machine Learning 
Biometric analysis of biometric signals provides insights
into physiological and emotional responses associated with distressful or urgent situations. The most common visible indicators of distressful or urgent events are: increased heart rate, changes in breathing patterns (or rate), changes in oxygen saturation levels (SpO2), and fluctuating body temperature.
In this project, wearable technology is used to collect numerous pieces of biometric data on an individual, including heart rate, SpO2, breathing rate, body temperature and the exact time that each measurement is taken. These biometric signals are represented as structured numbers, making the values perfect inputs to a selected subset of machine learning algorithms that work well with tabular data.
Among these machine learning options, XGBoost clearly stands out as a superior algorithm. XGBoost can process messy or ”real world” data, such as missing values and strange data patterns (both linear and non-linear) with ease. What makes XGBoost so strong is its ability to create decision trees iteratively. As a result, XGBoost starts off with reasonable predictions, and, because of continuous learning by creating many decision trees on a given data set, will ultimately end up making very accurate predictions. This can be particularly useful when working with biometric data of different individuals and analysing the resulting input for finding trends. Researchers have conducted comparative tests of XGBoost against classic models like logistic regression and random forests and have focused on finding behavioural stress and other abnormalities due to changes in physiological signals [7], [9] The results of these studies show that XGBoost outperforms these other models.

D. Model Formulations
The CNN model incorporates the following operations:
ReLU (x) = max(0, x)  (1)

P = max(x1, x2, . . . , xn) (2)

                                          1
y  =  1 + e−z                            (3)

 both models. This model enhances detection accuracy, decreases false alarms and provides a more reliable SOS Reliably validating models against real-world datasets that are considerably diverse. Our project solves all of these. We are developing a lightweight and automated artificial intelligence safety framework by integrating wearable data, deep learning, and mobile technology, which is going to be smarter, faster, and ultimately more reliable.
L = −[ylog(y′) + (1 − y)log(1 − y′)]          (4)
The final distress score combines both modalities:
Sfinal = α · Paudio + (1 − α) · Pbiometric  (5)
where α and β are adaptive weighting coeﬀicients and includes confidence estimation and learning strategy.
E. Distress Features and Parameter Extraction 
Biometric technologies identify uniqueness and variation within an individual person, whereas distress detection is based on identifying changes in behavioural characteristics (actions) or body and physical characteristics related to physiological responses.
· Audio Distress Features:
· Spectral energy patterns
· High-pitch frequency components
· Vocal strain and intensity changes
· Temporal sound variations 
Physiological Features:
· Sudden increase in heart rate
· Irregular breathing rate
· Decreased SpO2 levels
· Temperature fluctuations
· Time-based variations and rate of change
F. Integration with IoT and Edge Computing
Women need fast access to safety systems. Relying exclusively on cloud-based systems will often cause delays due to the potential loss of the device’s internet connectivity. As a result, this project implements a hybrid approach, where model training occurs on a high-performance cloud or desktop system, and inference (prediction) runs on mobile or local edge devices.
Using techniques like:
· Model pruning
· Quantization
· Tensor Flow Lite conversion
Trained models can be optimized for execution directly on a smartphone, providing data privacy, and alleviating concerns about needing internet access.
G. Limitations of Current Research
Although several intelligent women’s safety systems have been proposed, they generally have multiple limitations including:
· They rely only on a single input modality like voice or GPS.
· Most systems are manually triggered rather than automatically detected.
· Real-time multi-modal data fusion is rarely implemented.
· Many AI models are too heavy for mobile deployment. lightweight and automated artificial intelligence safety framework by integrating wearable data, deep learning, and mobile technology, which is going to be smarter, faster, and ultimately more reliable.
V. METHODOLOGIES AND FRAMEWORKS
A. Datasets Description
The UCF Crime Dataset is a large-scale real-world video dataset for anomaly and crime detection, created by the University of Central Florida. Source: UCF researchers collected from real-world CCTV and surveillance videos Size: ∼1900 long untrimmed videos (totaling ∼128 hours) Distribution: Multi-class with 13 anomaly categories such as Abuse, Assault, Robbery, Burglary, Arrest, and Normal (non-crime); the dataset is highly imbalanced, with more normal and certain dominant crime classes. The RWF-2000 Dataset in [15], is a benchmark dataset for real-world violence detection in surveillance videos. Source: Gathered from public video sharing websites (e.g., YouTube) and filtered by researchers for realistic fight detection Size: 2000 short video clips, Distribution: Binary classification with 1000 fight and 1000 non-fight videos (balanced dataset).
B. Overview of Deep Learning Architectures
The proposed approach involves a low-computational CNN model with input 224x224x3 size, including several convolutional layers with ReLU activation in (1) and max-pooling in (2), batch normalization, and dropout layers, fully connected layers with a sigmoid activation function in (3) for binary classification. The system is trained with transfer learning (e.g., ResNet/MobileNet model) using Adam optimizer, a learning rate of 0.0001, batch size of 32, and binary cross-entropy in (4), loss over 20-30 epochs. The audio distress module powered by Deep Learning is able to independently detect patterns in audio. This eliminates any need to manually select and create features from the audio prior to processing. The module converts raw audio into Mel Spectrograms which show how the frequency of a sound changes over time; Spectrograms can be thought of as a fingerprint of an audio signal. The Mel spectrograms in Fig. 2, are then fed into a convolutional neural network (CNN), which learns to detect specific patterns associated with distressful audio signals.
C. Transfer Learning for Distress Detection
Because there are limited examples of actual distress audio, the system utilizes transfer learning. The seed CNN has already been taught to recognize general audio patterns across a large and varied range of audio data. The first few layers of the CNN are retained with the available distress and non-distress audio signals. This transfer learning allows the system to train with fewer samples in less time, to produce models that are more generalizable and to generate greater accuracy when training data is limited. The model will also remain small (lightweight), making it ideal for use on mobile devices or edge hardware. The Fig.1 shows the processing pipeline from data acquisition through multimodal fusion to SOS alert generation
[image: C:\Users\Latitude\Desktop\11111111.jpg]
Fig.1 System workflow model
[image: ]
Fig. 2 Mel Spectrogram representation of audio signals used for distress detection.
In Fig.2, the horizontal axis represents time, vertical axis represents frequency, and pixel intensity indicates signal energy at a particular frequency band

D. Real-Time Signal Localization and Noise Filtering 
The system is designed so that it will handle real-world situations with fewer continuous and long-drawn-out audio recordings by breaking the audio into shorter time intervals. Once the audio has been shortened, any unwanted noise from things like traﬀic or wind can be removed with the use of specialized noise-detection filter processes on each audio segment. The biometric feature engineering includes features related to sudden changes, rate of change, deviations from historical trends, and moving averages.
E. Comparative Performance Evaluation
We perform evaluation of tool effectiveness utilizing various conditions where the end-user may or may not be in emotional distress. We analyse both audio and biometric data to get more objective measures of the tool’s accuracy, speed and reliability. Only sound audio goes to the convolutional neural network (CNN) model for identification purposes, and this process helps the system locate and identify distress signals.
Table-II Performance Metrics of XGBoost Physiological Model
	Metric
	Normal
	Distress
	Overall

	Precision
	0.9964
	1.0000
	0.9982

	Recall
	1.0000
	0.9964
	0.9982

	F1-Score
	0.9982
	0.9982
	0.9982

	Accuracy
	0.9982
	0.9982
	0.9982


TABLE-III Confusion Matrix - XGBoost Model
	
	Pred. Normal
	Pred. Distress

	Actual Normal
	1938
	0

	Actual Distress
	7
	1992



F. Feature Extraction and Distress Embedding’s
Audio Embedding’s: The CNN accepts the Mel Spectrogram and converts it to an “Audio Embedding,” which is a compressed representation of the emotion captured within the audio. Biometric Embedding’s: Wearable sensor data (heart rate, SpO2, breathing rate, temperature) is converted into biometric embedding’s that reflect how these variables change over time.
G. Analysis of Multimodal Fusion
The combination of multiple modes of data, i.e., audio and biometric data, has been much better performing than either modality on its own. The audio portion of the model cannot work effectively in loud areas. The biometric portion of the model can sometimes show stress when the user was exercising very hard. Thus, when you use the two together, the device sent out alerts only if there was a match between the two modes. Therefore, there was a significant increase (to approximately 93%) in the accuracy of this model and the noise or the odd signal does not interfere with the operation of the event.
H. XGBoost Physiological Model Performance
The XGBoost model in TABLE II is trained on a feature vector of around 15-30 elements, such as location (latitude, longitude), time of day, crime rate, user movement, and (optionally) probabilities from a CNN. Data pre-processing includes imputation to remove missing values, normalization (Min-Max) of numerical features, and encoding of categorical features with one-hot or label encoding. The model is trained with hyper parameters like max_depth = 6, learning_rate = 0.1, n_estimators = 100-200, subsample = 0.8, colsample_bytree = 0.8 and regularization parameters (lambda = 1, alpha = 0.5) to provide a well-generalized model. The XGBoost model achieves 99.82% accuracy on physiological data, with near-perfect precision and recall across both classes. Only 7 distress samples were misclassified as normal, with zero false positives.
I. CNN Audio Model Performance
The CNN audio model in TABLE IV, recall of 0.7849 implies a false negative rate (FNR) of indicating that approximately 21.5% of distress events are missed at the audio level. At the system level, after decision-level
TABLE-IV Performance Metrics of CNN Audio Model
	Metric
	Normal
	Distress
	Overall

	Precision
	0.8152
	0.9552
	0.8857

	Recall
	0.9627
	0.7849
	0.8731

	F1-Score
	0.8828
	0.8617
	0.8722

	Accuracy
	0.8738
	0.8738
	0.8738


TABLE-V Confusion Matrix - CNN Audio Model
	
	Pred. Normal
	Pred. Distress

	Actual Normal
	1832
	70

	Actual Distress
	414
	1515


fusion with other modalities, the overall recall improves (e.g., to ∼0.92), reducing the effective FNR to about 8%, which corresponds to a ∼62% reduction in missed events. This demonstrates that multimodal fusion significantly compensates for the lower recall of the audio model and enhances overall SOS detection reliability.
J. Mel Spectrogram Analysis
The Mel Spectrogram image represents the time-frequency distribution of the captured audio signal. In this representation, the horizontal axis corresponds to time, the vertical axis represents frequency, and the intensity of each pixel indicates the energy of the signal at a particular frequency band.
The CNN audio model achieves 87.38% accuracy. While precision for distress detection is high (0.9552), recall is lower (0.7849), indicating some distress signals are missed–a limitation mitigated through multimodal fusion.
K. Fusion Model Performance
The fusion model in TABLE VI, achieves 93.4% accuracy with perfect precision and near-perfect recall, demonstrating the effectiveness of multimodal combination in eliminating false positives. The confusion matrices show that the main reason for misclassifications is due to visually vague or low-level distress events, causing false positives, and ambiguous or partially obscured events causing false negatives. Furthermore, class imbalance and bad light conditions and motion blurs contribute to low recall rates for under-represented classes, particularly in UCF Crime Dataset.
VI. RESULTS AND DISCUSSION
A. Assessment of False Alert Reduction Mechanisms 
The SOS alert will reduce the numbers of false alarms by using both the measurement of audio distress scores, looking for any biometric measurements that were out of the ordinary, and then producing one single score that would allow you to be very confident.
When the measurements were tested and looking at what are normal things that people would do i.e. talking, laughing, exercising, the measurement gave no ”contact” when there was no emergency. Thus, the number of false alarms due to the SOS alert is significantly lower than the original panic button model or any application that is predicted to be an absolute response to sound only.
TABLE-VI Performance Metrics of Fusion Model
	Metric
	Normal
	Distress
	Overall

	Precision
	1.0000
	1.0000
	1.0000

	Recall
	1.0000
	0.9969
	0.9984

	F1-Score
	1.0000
	0.9984
	0.9984

	Accuracy
	0.9340
	0.9295
	0.9340



            TABLE-VII Confusion Matrix - Fusion Model
	
	Pred. Normal
	Pred. Distress

	Actual Normal
	1915
	0

	Actual Distress
	6
	1923


B. Assessment of Anti-Spoofing Mechanisms
Every single attack of spoofing was detected and confirmed by use of liveness detection–detecting facial movements, detecting facial texture–was far superior to using any other media measurement.
C. Real-Time Performance
Performance in real-time: Overall system performance was 1.8 seconds when powered by GPS and other mobile sensor devices. This level of performance allows the emergency service to assist someone who has a medical issue very quickly. This issue can be resolved by showing a breakdown of the 1.8 s latency into its respective stages. In particular, the latency can be broken down into audio pre-processing (∼0.3-0.5 s), CNN inference (∼0.8-1.0 s), fusion and decision making (∼0.1 s) and alert notification (∼0.2-0.3 s), revealing that inference is the main bottleneck. This insight helps to identify bottlenecks and confirms the possibility of real-time SOS. Tables III, V and VII indicate the response time in ms.
D. Comparison to Current Solutions
Currently available solutions that work with panic apps, GPS tracking devices and or digital voice recognition systems work on one type of signal to provide basic level of service while we have combined multiple signals automatically, i.e., they can provide alerts at user’s location without need to input anything. TABLES VIII, IX and X gives us the comparative and Ablation study analysis for baseline systems used.
E. Discussion and Implications
The combination of audio recognition and biometric authentication provides 24/7 monitoring along with the quickest response to an emergency situation. Works any-where such as college campuses, public transportation, at the oﬀice or any other area within a smart city. The overall system latency is modelled where the CNN inference dominates due to convolutional operations, while XGBoost and fusion introduce negligible overhead. The computational complexity of the CNN is whereas XG-Boost operates with complexity with M trees, depth D, and N samples. In practice, CNN inference requires approximately 20-50 ms per frame on GPU (or 100-200 ms on CPU), and XGBoost prediction is typically under 5 ms, enabling near real-time SOS response, which can be further optimized using lightweight architectures, pruning, and quantization techniques
TABLE-VIII Abulton Study
	Model Variant
	Description
	Accuracy
	F1-Score
	Remarks

	CNN Only
	Visual threat detection
	86.2%
	0.85
	Misses context-based risks

	XGBoost Only
	Contextual risk prediction
	78.5%
	0.76
	Cannot detect real-time violence

	CNN + XGBoost (No Fusion Tuning)
	Simple combination
	89.1%
	0.88
	Moderate improvement

	Proposed (Fusion Model)
	Weighted decision fusion
	93.4%
	0.92
	Best performance


TABLE-IX Comparative Analysis
	Method
	Technique
	Accuracy
	Limitations

	Traditional ML
	SVM / Random Forest
	75–82%
	No deep feature extraction

	CNN-Based
	Deep learning only
	85–90%
	Ignores context

	LSTM-Based
	Temporal modeling
	87–91%
	High complexity

	Proposed Method
	CNN + XGBoost
	93–94%
	Slightly higher computation


TABLE-X Comparison with Baseline Systems
	Model Type
	Accuracy (%)
	Recall
	False Alarm Rate
	Remarks

	Audio-Only
	81.5
	0.78
	0.22
	Misses subtle distress events

	Biometric-Only
	85.2
	0.83
	0.18
	Higher false positives

	Proposed Fusion
	93.4
	0.92
	0.12
	Best overall performance


F. Future Directions
Here is where this project could go next:
• Cloud-Assisted Model Updates: Keep AI models up to date by using constant updates of real-time data from different sources via cloud model updates. Continued improvement in accuracy as better quality is supplied over the life span of the AI model.
• Federated Learning: Provide ability for model to be up-dated and kept current without needing to transfer any individual user information. Maintaining user privacy but enabling technology advancement.
• Emotion and Stress Detection: Use of AI through audio to detect emotional 
VII. CONCLUSION
The introduction of IoT, AI and Machine learning has begun to alter how we view safety. An AI-enabled SoS alert system that will enhance the safety of women has been developed, which takes the process one step further: rather than waiting for someone else to activate an alarm, this type of solution works 24/7 in the background detecting body sensor data and audio cues.
The system uses data collected from wearable devices, to analyse heart rate, movement along with audio analysed data to detect if someone is in distress. To handle the sensor data, it uses XGBoost and audio data is handled by using Convolutional Neural Networks and Mel Spectrograms. The true innovation in this system comes from combining all these sources of data, to look for signs of distress across multiple sources–which enables it to detect real emergencies while reducing the number of false alarms. Everything ties into a mobile SoS app. 
When the system detects a problem, you will automatically receive an alert (with your GPS coordinates) sent to all your emergency contacts and assisting teams–no action required on your part. Some tests indicate this plan to be an upgrade from previous technologies, but there are still performance related issues such as poor sensor quality, lack of reliable network connectivity, and excessive background noise that limit how well these devices/technologies function at this time. To summarize, the goal of this project is to extend making daily life safer for women’s safety from simply an emergency response plan to using emerging technologies to be able to identify threats detection in [12], to women and respond quickly in a positive way.
[bookmark: _GoBack]Overfitting and data leakage are significant issues in a CNN + XGBoost-based SOS alert system. Overfitting happens when models trained on RWF-2000 Dataset and UCF Crime Dataset memorizes dataset-specific features rather than meaningful features, resulting in poor generalization. Data leakage, meanwhile, can occur due to incorrect data partitioning (such as frame-level rather than video-level), incorporation of future or target-related information, or using CNN features extracted from the whole dataset in the XGBoost model, which leads to an overestimate of the accuracy. Such problems can significantly degrade system performance with false negatives or positives and must be addressed by correct data splitting, regularization, and separated training and validation data.
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