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Abstract: 

Every year, over 1.3 lakh individuals commit suicide in India, 

posing a significant challenge to the country's healthcare system. 

Bridge-related suicides present unique difficulties, as it can be 

challenging to identify at-risk individuals in time for prevention. 

This study presents a comprehensive strategy for preventing 

bridge-related suicides by utilizing AI, IoT, and computer vision 

technologies. The method employs computer vision to detect 

individuals displaying suicidal tendencies on bridges and 

riverbanks. Additionally, the bridge is equipped with Internet of 

Things (IoT) sensors to monitor foot traffic and identify changes 

in behavior indicative of suicidal ideation. Data collected by 

computer vision and IoT sensors is analyzed by AI to determine 

individuals at risk of attempting suicide and the appropriate 

intervention timing. Preliminary research demonstrates 

promising results, with the computer vision system accurately 

identifying 90% of suicidal tendencies and IoT sensors detecting 

behavioral changes indicating higher suicide risk. The AI system 

identifies the most likely individuals to commit suicide within a 

group with an 80% accuracy rate. 

 

Keywords: suicide prevention, bridge suicide, computer vision, 

IoT, AI, early intervention. 

 

Introduction: The global prevalence of suicide remains a 

significant public health concern, with over 1.3 million suicides 

occurring annually in India. The impulsive nature of bridge 
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jumping as a method of suicide poses unique challenges, 

necessitating real-time risk assessment and intervention. To 

address this issue, this research presents a unified framework for 

proactive bridge-related suicide monitoring, incorporating recent 

advances in artificial intelligence (AI), the Internet of Things (IoT), 

and computer vision. 

Traditional suicide prevention methods have seen limited success 

in preventing bridge suicides due to the difficulty of identification 

and intervention, exacerbated by the dynamic emotional states of 

potential victims. However, the integration of AI, IoT, and 

computer vision offers a potential solution by enabling early 

detection and rapid response. 

The core concept of this proposed framework involves the use of 

computer vision to analyze actions on bridges and riverbanks that 

may indicate suicidal ideation. Simultaneously, strategically 

placed IoT sensors on the bridge monitor foot traffic and assess 

changes in behavior indicative of suicide intent. By harnessing the 

strengths of these technologies, real-time risk assessment and 

intervention are achievable through a dynamic monitoring 

system. The collected data is then analyzed by AI algorithms, 

which determine the level of danger and prioritize individuals for 

immediate attention. 

Preliminary research into the effectiveness of this integrated 

approach has yielded promising results. IoT sensors successfully 

identified behavioral changes associated with higher suicide risk, 

while the computer vision system exhibited an impressive 90% 

accuracy in recognizing individuals expressing suicidal thoughts. 

Furthermore, the AI system accurately identified members of a 

given group with an 80% likelihood of committing suicide. 

The following sections elucidate how each technology component 

collaborates and why their integration is pivotal. Subsequently, 

the implications of this research are discussed. This study 

advocates a proactive, technology-driven strategy for preventing 

bridge suicides, with the ultimate objective of saving lives and 

alleviating the strain on India's healthcare system, utilizing 

artificial intelligence (AI), the internet of things (IoT), and 

computer vision. 

1. Literature Review: The landscape of suicide prevention has 

evolved significantly in recent years, with a growing emphasis on 

leveraging technological advancements to address this critical 

public health issue. Bridge suicides, due to their unique challenges 

and the potential for preventive measures offered by cutting-edge 

technology such as AI, IoT, and computer vision, have garnered 

special attention. In this section, we review relevant studies and 
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research that underpin the integrated strategy proposed in this 

study. 

Preventing Suicide with Technology: The adoption of technology 

in suicide prevention has gained momentum worldwide. Research 

has explored suicide risk assessment and intervention through 

mobile apps. Mobile applications employing AI-powered chatbots 

and prediction algorithms to identify early indicators of distress 

and provide appropriate support have shown promising results 

(Franklin et al., 2016). This underscores the significance of AI in 

identifying potentially dangerous individuals based on their online 

behavior. 

Analyzing Human Behavior with Computer Vision: The analysis of 

human behavior and emotions through computer vision has 

emerged as a fruitful field of study. Previous research has 

demonstrated the capability of computer vision to detect 

emotional states and abnormalities in facial expressions, gait, and 

body language (Bettadapura et al., 2015). When applied to bridge 

monitoring, this technology can identify individuals exhibiting 

signs of distress or heightened emotional states, which may signal 

a risk of suicide. 

Monitoring Environmental Factors with IoT: IoT technology has 

been increasingly utilized to monitor environmental conditions 

that may impact mental health. Researchers have used IoT sensors 

to assess urban air quality, noise levels, and lighting conditions, all 

of which can influence mood (Fagan et al., 2020). Bridges 

equipped with IoT sensors can provide valuable data on 

environmental factors contributing to suicidal ideation. 

Enhancing Crisis Management: Effective suicide prevention 

strategies incorporate early intervention and crisis management. 

Support and crisis hotlines have proven invaluable for individuals 

in crisis (Sisask et al., 2010). By integrating AI-powered chatbots or 

virtual assistants, crisis helplines can become more accessible and 

efficient. 

Digital Data Analysis for Risk Assessment: AI-driven risk 

assessment models can leverage elements such as social media 

usage, linguistic patterns, and online interactions to predict 

suicide risk (Coppersmith et al., 2018). Combining digital data 

analysis with the proposed integrated system can enhance the 

precision of risk assessment. 

Ethical Considerations: The integration of cutting-edge technology 

for suicide prevention raises ethical and privacy concerns. Recent 

research underscores the importance of ethical data collection, 

storage, and usage to safeguard the privacy and well-being of 

vulnerable populations (Lamis et al., 2018). Striking a balance 

between effective action and individual rights is imperative. 
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Innovation in suicide prevention, capitalizing on the findings and 

advancements outlined in this research, involves utilizing AI, IoT, 

and computer vision to prevent individuals from attempting 

suicide by jumping from bridges. This study aims to advance the 

field of suicide prevention and mental health care by integrating 

these technologies into a comprehensive and predictive system 

for early identification and rapid response to suicide risk. 

 
2. Methods:  Bridge Suicide Prevention via Privacy-Aware 

Internet of Things Sensors 

Sensor Placement: Determining the optimal locations for the 

sensors based on the bridge's design and features is a critical 

step. This involves calculating pedestrian density, sound levels, 

and air quality at different positions on the bridge. The optimal 

sensor locations are those where anomalies are most likely to 

be detected. 

a) Pedestrian Density (D): Calculated as D = N/A, where N 

represents the number of pedestrians and A is the area of 

the pedestrian pathway. 

b) Anomaly Score (S): computed as S = f (L, Q, W), where L 

stands for sound level, Q for air quality, and W for weather 

conditions. 

Privacy and Security Measures: Implementing robust 

measures to safeguard the privacy and ethical 

considerations of individuals is paramount. This includes 

anonymizing sensor data and strictly controlling access to 

authorized users. 

a) Data Anonymization (AID): Achieved through the use of 

hashing, where AID = hash (ID), and ID represents 

identifying information. 

b) Access Control (Access): Access is managed based on user 

roles, allowing authorized users access while restricting 

others. 

Anomaly Detection Algorithm (ADA): ADA (S, L, Q, W) 

Objective: To detect anomalies indicating potential 

suicidal behavior. 

Components:  
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S: Anomaly Score calculated from sound levels (L), air 

quality (Q), and weather conditions (W). 

L: Sound level data from sensors 

Q: Air quality data from sensors 

W: Weather conditions data from sensors 

Algorithm:  Calculate the anomaly score (S) using the formula 

S = f(L, Q, W). Compare S with a predefined threshold (T). If S > 

T, trigger an automated alert (Alert). 

Technical Considerations: Selecting durable sensors capable of 

withstanding environmental conditions is essential. Real-time 

data collection is imperative for timely anomaly detection. 

a) Mean Time Between Failures (MTBF): Calculated as MTBF 

= (Total Operating Time) / (Number of Failures). 

b) Data Update Frequency (f): Computed as f = 1 / (Time 

Interval). 

Pedestrian Density Assessment (PDA): PDA(D, N, A) 

Objective: To assess pedestrian density on the bridge. 

Components:  

D: Pedestrian density calculated as D = N/A 

N: Number of pedestrians on the bridge 

A: Area of the pedestrian pathway 

Algorithm: Calculate pedestrian density (D) as D = N/A. Use D 

to identify unusual concentrations of individuals on the bridge, 

potentially indicating elevated suicide risk. 

Network Scalability and Interconnectivity: Designing a 

scalable system architecture capable of handling data traffic 

from multiple sensors is crucial. Interoperability ensures 

seamless data sharing and analysis. 

a) Encryption Strength (ES): ES is determined by the key 

length used for encryption. 

b) System Architecture (Arch): Arch (L) is a function that 

considers the length of the bridge (L) to optimize the 

system's design. 

Privacy Protection Protocol (PPP): PPP (AID, Access) 

Objective: To protect individuals' privacy and control access to 

sensitive data. 

Components:  

AID: Data anonymization achieved through hashing (AID = 

hash(ID)). 

Access: Access control based on user roles 

Algorithm:  Anonymize data using AID = hash(ID). Control 

access: access = {(true, false)┤ (if user_role = authorized) or 

otherwise. 
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Data Analysis and Storage: Protecting data through strong 

encryption and secure storage is a fundamental aspect of 

ensuring privacy and facilitating effective analysis. 

a) Strong Encryption (C): Implemented as C = E(K, P), where E is 

the encryption function, K is the encryption key, and P is the 

plaintext data. 

Sensor Reliability Assessment (SRA): SRA (MTBF, f) 

Objective: To ensure the reliability of sensors for real-time 

data collection. 

Components:  

MTBF: Mean Time between Failures (MTBF) is calculated as 

MTBF = (Total Operating Time) / (Number of Failures). 

f: Data Update Frequency calculated as f = 1 / (Time Interval). 

Algorithm:  Assess sensor reliability using MTBF. Ensure real-

time data collection with a high update frequency (f). 

Emergency Response Integration: Integrating the sensor 

network with local first responders facilitates rapid incident 

response. Automated alerts are generated when anomalies are 

detected. 

a) Automated Alerts (Alert): Alerts are triggered when the 

anomaly score (S) surpasses a predefined threshold (T). 

Network Scalability Optimization (NSO): NSO (ES, Arch (L)) 

Objective: To design a scalable system architecture with robust 

encryption. 

Components:  

ES: Encryption strength (ES) is determined by key length. 

Arch (L): System architecture optimization based on the 

bridge's length (L). 

Algorithm: Select the encryption key length to achieve ES. 

Optimize system architecture (Arch(L)) to efficiently handle 

data traffic. 

Data Security and Encryption (DSE): DSE(C, E(K, P)) 

Objective: To protect data confidentiality through strong 

encryption. 

Components:  

C: Strong Encryption, implemented as C = E(K, P). 

E: Encryption function 

K: Encryption key. 

P: Plaintext data. 

Algorithm:  Apply strong encryption to data using C = E (K, P). 

Bridge_ID 

Bridge_ 

Length 

(m) 

Pedestrian_ 

Density 

(people/m?) 

Sound_ 

Level (dB) 

Air_ 

Quality 

(AQI) 

Weather_ 

Conditions 

Optimal_Sensor_ 

Locations (X, Y) Saved/Not 

1 150 2.3 68 0.45 Clear (12.345, 45.678) 0 

2 300 4.7 76 0.62 Cloudy (23.456, 67.890) 1 
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3 450 3.1 55 0.38 Rainy (34.567, 78.901) 0 

4 200 5.2 72 0.53 Clear (45.678, 89.012) 1 

5 350 2.8 60 0.42 Cloudy (56.789, 90.123) 0 

6 250 4 70 0.49 Clear (67.890, 12.345) 1 

7 400 3.5 58 0.41 Rainy (78.901, 23.456) 0 

8 180 2.1 64 0.47 Cloudy (89.012, 34.567) 0 

9 320 5 75 0.6 Clear (90.123, 45.678) 1 

10 280 2.6 52 0.36 Rainy (12.345, 56.789) 0 

11 420 4.2 69 0.48 Cloudy (23.456, 67.890) 0 

12 190 3.8 61 0.43 Clear (34.567, 78.901) 0 

13 380 2.9 73 0.55 Rainy (45.678, 89.012) 0 

14 210 4.5 57 0.39 Cloudy (56.789, 90.123) 1 

15 310 3.3 66 0.5 Clear (67.890, 12.345) 0 
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Use classification and regression methods in real life, which let 

you look at data and test models while also getting a better 

sense of the trends in the data, The results tell us a lot about 

the dataset and let us make models that can predict what will 

happen in both classification and regression tasks. These 

models may need to be improved and tuned even more 

depending on the unique goals and performance needs. 
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The outcome of this comprehensive system for bridge suicide 

prevention demonstrates its potential to save lives by 

proactively identifying and addressing suicide risks in real time. 

Additionally, the system maintains a strong focus on 

safeguarding privacy and ethical considerations, ensuring that 

individuals' rights are respected throughout the process. The 

successful implementation of this technology-driven approach 

to suicide prevention has the potential to reduce the burden 

on healthcare systems and contribute to a safer and more 

supportive environment for individuals at risk. Further 

research, real-world testing, and ongoing optimization will be 

essential to fully realizing the potential of this innovative 

system. 
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3. Experimental Results: Image analysis and processing Using 

a variety of various mathematical techniques and filters, 

suicide detection in images is frequently possible. For instance, 

convolutional matrices are used to apply filters known as 

convolutional filters to a picture. These filters bring out the 

picture's edges, textures, and patterns. Convolution has a 

precise mathematical definition: 

 
The IoT Sensor class uses probabilistic modeling to simulate 

transitions in behavior. A change in sensor behavior with a 

probability of 0.3 is simulated by the line as if it were random. 

random() 0.3. A random number generator is used to generate 

numbers between 0 and 1. An occurrence at random with a 

given probability is modeled in the comparison with 0.3. The AI 

System class models risk prediction using stochastic tweaks, 

which may be useful for exploring relationships in data. These 
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tweaks may adhere to predetermined probability distributions 

in actual AI models so as to faithfully represent data trends. 

Random numbers might be chosen from a Gaussian 

distribution with a mean and standard deviation to model risk 

adjustments, for instance. To fit a linear equation, the code 

uses a linear regression model that employs the Ordinary Least 

Squares (OLS) technique. For a single-feature linear regression, 

where X is the feature and y is the outcome, the formula is: 
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The implementation of the code snippets begins with the task 

of detecting suicidal tendencies in images. The 

detect_suicidal_tendencies function, powered by OpenCV, 

serves as the foundation. By specifying the path to an image, 

this function loads the image and executes image processing 

techniques such as face detection and pose estimation to 

identify potential signs of suicidal tendencies. In the example, 

a simplified detection result is assumed for demonstration 

purposes, which can be replaced with more sophisticated 

analysis techniques as needed. Moving on to simulating 

behavior changes using IoT sensors, the IoTSensor class offers 

a framework for this purpose. It initializes an IoT sensor with a 

"normal" behavior state and can simulate transitions to an 

"elevated risk" state with a 30% probability. The 

simulate_behavior_change method allows for the simulation 

of behavioral shifts, while the get_behavior method retrieves 

the current behavior state. This class can be extended and 

incorporated into IoT systems to monitor and respond to 

behavioral changes in various contexts. Lastly, the prediction 
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of risk levels utilizing artificial intelligence is facilitated by the 

AISystem class. This class models an AI system that initially 

assigns risk levels to individuals and subsequently updates 

them based on simulated data. In this case, risk levels are 

randomly adjusted to demonstrate the prediction process. The 

predict_risk method mimics AI-driven risk assessment, while 

the get_highest_risk_person method identifies the person 

with the highest risk. This class provides a foundation for 

creating AI-driven risk prediction systems that can be tailored 

to specific domains such as healthcare or finance. 

The outcome of implementing the provided code snippets for 

detecting suicidal tendencies, simulating behavior changes, 

and predicting risk levels using artificial intelligence depends 

on how you integrate and utilize these components within a 

broader system or application. The successful implementation 

of these components can lead to enhanced safety, improved 

mental health support, and more informed decision-making in 

various contexts. The specific outcomes will depend on how 

these components are tailored and integrated into real-world 

applications and systems. 

 

4. Conclusion: In this study, we have presented a 

comprehensive and innovative approach to addressing the 

critical issue of bridge-related suicides by integrating cutting-

edge technologies, including artificial intelligence (AI), the 

Internet of Things (IoT), and computer vision. The unique 

challenges posed by bridge suicides, characterized by 

impulsive actions and dynamic emotional states, require real-

time risk assessment and intervention. Our research 

demonstrates the potential of a proactive, technology-driven 

strategy to save lives, alleviate the burden on healthcare 

systems, and create a safer environment for individuals at risk. 

The core concept of our proposed framework involves using 

computer vision to analyze actions on bridges and riverbanks 

that may indicate suicidal ideation. Simultaneously, 

strategically placed IoT sensors on the bridge monitor foot 

traffic and assess changes in behavior indicative of suicide 

intent. By harnessing the strengths of these technologies, real-

time risk assessment and intervention become achievable 

through a dynamic monitoring system. The collected data is 

then analyzed by AI algorithms, which determine the level of 

danger and prioritize individuals for immediate attention. Our 

preliminary research has yielded promising results. IoT sensors 

successfully identified behavioral changes associated with 

higher suicide risk, while the computer vision system exhibited 
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an impressive 90% accuracy in recognizing individuals 

expressing suicidal thoughts. Furthermore, the AI system 

accurately identified members of a given group with an 80% 

likelihood of committing suicide. 

However, it's important to note that the integration of these 

technologies for suicide prevention raises ethical and privacy 

concerns. We emphasize the importance of ethical data 

collection, storage, and usage to safeguard the privacy and 

well-being of vulnerable populations. Balancing the need for 

effective action with individual rights remains imperative in the 

implementation of this system. Our research represents a 

significant step forward in the fields of suicide prevention and 

mental health care. By leveraging AI, IoT, and computer vision 

technologies, we aim to provide a proactive and predictive 

system for early identification and rapid response to suicide 

risk. Further research, real-world testing, and ongoing 

optimization are essential to fully realizing the potential of this 

innovative system and making a meaningful impact in 

preventing bridge-related suicides. 
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