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Abstract: Road accidents are a serious hazard to life and limb and result in considerable financial damages on a global scale. For reducing
reaction times and ensuring that victims receive aid quickly, quick and effective accident detection technologies are essential. A brief description
of a crash monitoring and warning system that uses big data analytics to improve traffic safety is provided in this abstract. To correctly identify
and anticipate accidents, the proposed system incorporates a variety of info sources such as real-time traffic data, meteorological information,
and car telematics. The system can analyze huge amounts of disparate data in real-time by using modern data analytics techniques like machine
neural networks and predictive modeling. Road accidents are becoming more commonplace across the world, which calls for the creation of
cutting-edge technologies that can quickly identify incidents and notify the appropriate authorities for fast help. The use of big data analytics
has developed in recent years as a viable strategy to improve accident identification and response. These systems are able to recognize possible
accidents and produce alerts in real time by using enormous quantities of varied sources of data, such as real-time traffic data, meteorological
conditions, and vehicle telematics. Data Preprocessing: To guarantee quality and consistency, collected data is preprocessed. This entails
managing missing values, data normalization, noise reduction, and data cleaning. Relevant elements, such as traffic patterns, weather patterns,
types of roads, and vehicle behavior, are retrieved from preprocessed data. Techniques for feature engineering turn unstructured data into useful
representations. Alert generation: When an accident is detected, alerts are created and transmitted to the appropriate parties, such as medical
professionals, law enforcement, and passing cars, with details on the accident's location, level of seriousness, and suggested next steps. System
assessment: To determine the efficiency of the system in accurately detecting accidents and producing timely alerts, performance assessment
is carried out using metrics including reliability, precision, recollection, and reaction time. Taken of Radar Model Example, Azimuth,
Elevation, Horizontal resolution, Maximum detectable speed Taken of Evaluation parameters: Radar type, Short Range, Radar Mid-Range,
Radar Long Range Radar Model Example, Azimuth, Elevation, Horizontal Resolution, and Maximum Detectable Speed are alternative
parameters. These parameters are defined in the materials and methods section. The figure below represents an accident detection and alert
system using big data analytics with performance value, weightage, weighted normal decision matrix, and preference score. Every parameter
is monitored to some extent in the graph, and the evaluation parameters are also precisely stated in the materials and techniques section. The
Figure below represents an accident detection and alert system using big data analytics with performance value, weightage, weighted normal
decision matrix, and the preference score the alternative parameters are Radar Model Example, Azimuth, Elevation, Horizontal Resolution, and
Maximum Detectable speed which is defined as in the materials and methods section. The Evaluation parameters are also clearly defined in the
materials and methods section, every parameter is measured to a certain degree in the graph.
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1. Introduction

Globally, there are more and more road accidents, which calls for the creation of sophisticated systems that can quickly identify
accidents and notify the appropriate authorities for early help. Big data analytics has been applied as a potential strategy to improve
accident identification and response. This study offers a thorough description of collision prediction and alert technology that makes
use of big data analytics to raise driving standards. A review of the literature that highlights the most important research and
developments in the subject is presented after the introductory part, which gives background information and discusses the topic's
importance. Additionally, a description of the paper's format, goals, and questions is provided [1]. Big data analytics integration
with disaster detection technologies has the potential to completely transform emergency response and traffic safety, resulting in
lower accident rates, quicker responses, and preemptive accident prevention measures. Road accidents represent a serious threat to
property and human life and cause considerable economic losses on a global scale. For reducing reaction times and ensuring that
victims receive aid quickly, quick and effective accident detection technologies are essential. Advanced detection of accidents and
alarm systems are now possible because to big data analytics, which is emerging as a disruptive technology. An in-depth analysis
of an incident detecting and alert system that uses big data analytics to increase traffic safety is provided in this research study [2].
Traffic congestion, problems with the road infrastructure, and an increase in the likelihood of accidents have all been brought on by
the fast rise of urbanization and motorization. Conventional accident detection systems are frequently sluggish, ineffective, and
prone to errors since they rely on manual reporting or sparse data sources. By using the enormous volumes of information collected
in real-time from multiple sources, big data analytics has created new opportunities for overcoming these constraints [3]. Traffic
congestion, problems with the road infrastructure, and an increase in the likelihood of accidents have all been brought on by the fast
rise of urbanization and motorization. Conventional accident detection systems are frequently sluggish, ineffective, and prone to
errors since they rely on manual reporting or sparse data sources. By using the enormous volumes of information collected in real-
time from multiple sources, big data analytics has created new opportunities for overcoming these constraints [4]. Big data analytics
study of accident detection and alarm systems has enormous implications for emergency response and traffic safety [5]. These
systems make a number of important contributions by using big data analytics. First and foremost, they provide quick and precise
accident detection, speeding up reaction times and perhaps saving lives. Accident victims receive prompt aid thanks to timely
notifications to emergency personnel and pertinent parties. A thorough knowledge of collision patterns and risk variables is made
possible by the integration of many data sources, including current road data and meteorological conditions [6]. The evaluation of
the literature offers a summary of significant investigations and developments in the area of big data analytics-based accident
detection and alarm systems. The review examines academic papers, journal articles, and other pertinent materials that explore
various facets of incident recognition, big input analytics, machine learning, and real-time data analysis [7]. The paper emphasises
developments in data gathering methods, preprocessing procedures, accident detection machine learning algorithms, and warning
creation tactics. It also examines research into studies that look at how to combine various data sources, such traffic data,
meteorological data, online news feeds, and car telematics, to improve the accuracy and speed of accident detection. Understanding
the condition of the field today is based on the literature study [8]. This information helps with proactive traffic control and accident
prevention efforts. Additionally, the study in this field advances data analytics methods like machines learning and predictive
modelling, which have uses beyond accident detection including anticipatory upkeep and urban planning. In the end, the study has
the potential to greatly increase traffic safety, reduce emergency response times, and provide information on how to formulate
policies to build safer road infrastructure Globally, there are more and more road accidents, which calls for the creation of
sophisticated systems that can quickly identify accidents and notify the appropriate authorities for early help. Big data analytics has
been applied as a potential strategy to improve accident identification and response. This study offers a thorough description of a
collision detection and alert systems that makes use of big data analytics to raise driving standards. A summary of the literature that
highlights the most important research and developments in the subject is presented after the introductory part, which gives
background information and discusses the topic's importance [8] Additionally, a description of the paper's format, goals, and
questions is provided. Big data analytics integration with disaster detection technologies has the potential to completely transform
emergency response and traffic safety, resulting in lower accident rates, quicker reaction times, and preemptive accident prevention
measures(9) Road traffic collisions can have tragic results, resulting in fatalities, injuries, and property damage. The use of cutting-
edge technology, including big data analytics, to enhance mishap detection and reaction systems has gained popularity in recent
years. A crash detection and alarm system can speed up emergency response times, improve emergency services, and perhaps save
lives by utilizing real-time data and clever algorithms.(10)
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2. Materials and Methods

Radar Model Example: A unique radio system or setup used for locating and tracking items in a certain environment is referred to
as a radar model example. It displays the features and capabilities of one specific use of radar technology.

Azimuth: Azimuth is a term used in the context of radar that describes the horizontal inclination or direction of a thing or target as
measured clockwise from a point of reference. It identifies the target's position with relation to the radar system and pinpoints where
it is in the horizontal plane.

Elevation: In radar, elevation refers to the height or vertical angle of a target or object in relation to a reference plane. It denotes the
target's location in the vertical plane and gives details about its height or inclination.

Horizontal resolution: Radar systems' capacity to discriminate among two distant objectives or characteristics in the horizontal
plane is referred to as their "horizontal resolution.” It assesses the system's capacity to distinguish between two targets by specifying
the minimum angular separation needed along the azimuth axis.

Maximum Detected Speed: The greatest speed at which a radar system can precisely detect and monitor moving objects is referred
to as the maximum detectable speed. It stands for the maximum speed that the radar can detect, above which the equipment may
run into difficulties correctly identifying target velocities.

Radar Type: Depending on their construction, intended uses, and operating principles, radar systems can be divided into a variety
of kinds. For varied uses like control of air traffic, tracking the weather, or military surveillance, each type of radar represents a
certain configuration and capabilities.

Short-Range Radar: Radar systems having a short operating range, often as much as a few kilometers, are referred to as short-range
radar. These detectors are often employed in applications including car security, automation in industries, and unmanned aircraft
(UAVs) for proximity identification, collision mitigation, and object tracking.

Mid-Range Radar: A few kilometers to many tens of kilometers is normally the range that mid-range radar devices are intended to
cover. They offer dependable detection and tracking capabilities across intermediate distances and are frequently used in applications
including sea directions, aircraft surveillance, and meteorological monitoring.

Long Range Radar: LR radar systems are especially designed to offer tracking and identification capabilities over significant
distances, often spanning thousands to thousands of kilometers. These radar systems enable the identification and tracking of objects
at considerable distances and are frequently employed for purposes including air defense, border tracking, and weather radar.

Data Gathering: 1.1 Traffic Data: To give information on the state of the roads, real-time traffic information is gathered from a
variety of sources. This data provides details about flow, density, and vehicle speed. The following techniques are used to get traffic
data: Traffic cameras are placed in strategic places to collect pictures or recordings of the roads. Computer vision algorithms examine
these sights to glean pertinent traffic data, such as the number of vehicles and their speeds. a. Road Sensors: Traffic metrics including
vehicle velocity, occupancy, and volume are measured using in-road sensors like loop detection devices or radar-based sensors.
These sensors can precisely record data in real-time and are mounted on the road surface. c. GPS Devices: It is possible to follow
the movement of automobiles using data from GPS-enabled gadgets like cell phones and in-car navigation systems. This data offers
details on travel times, locations, and routes.1.2 Weather Data: The term "real-weather data is gathered to take into account
environmental elements that might affect the state of the roads and the possibility of accidents. The sources listed below are utilized
to get weather data: Weather stations collect information on the temperature, humidity, speed of the wind, precipitation, and visibility
using a variety of sensors. Typically, weather services or agencies give this information. b. Weather APIs: Real-time weather data
may be accessed using APIs (application programming interfaces) offered by weather providers. These APIs include details like as
predictions, historical weather trends, and the present state of the weather. 1.3 Vehicle Data: Information about automobiles is
gathered to learn more about their attributes and behavior. Most of this information is gathered through linked cars with telematics
or onboard sensors. It uses the following data sources: Telematics Devices: Connected cars with telematics devices may track their
position, speed, acceleration, and brakes in real-time. Wireless transmission of this data to a centralized server for analysis is an
option. Material preparation: To guarantee that the obtained data is of high quality and appropriate for analysis, preprocessing must
be done before the weighted product approach is applied. The subsequent preprocessing procedures are used: Data cleaning, step
one: Any incorrect or missing data points are located and either eliminated from the dataset entirely or filled in using interpolation
methods. b. Data Integration: A uniform dataset is created by combining traffic information, conditions, and vehicle data that have
been gathered from various sources. To preserve temporal consistency, proper timestamp alignment and synchronization are made.
c. Data Normalization: Data normalization methods, like Min-Max scaled or Z-score normalization, are used to bring every
parameter to a similar scale in order to remove any biases caused by various measurement scales.d. Feature Extraction: To represent

1706
IJRITCC | October 2023, Available @ http://www.ijritcc.org


http://www.ijritcc.org/

International Journal on Recent and Innovation Trends in Computing and Communication
ISSN: 2321-8169 Volume: 11 Issue: 10
Article Received: 22 August 2023 Revised: 08 October 2023 Accepted: 22 October 2023

the various aspects of the crash detection system, pertinent features are retrieved from the combined dataset. These characteristics
might involve things like traffic flow, road occupancy, weather, and vehicle speed.

Weighted Product approach: To calculate a crash risk score for each site or section of the road network, the weighted product
approach is used. The following procedures are used in this technique to weight various elements according to their significance in
the accident detection process and determine an overall score: Determine the elements that increase the probability of accidents,
which include vehicle speed, traffic volume, environmental conditions, and road conditions. b. Weighting: Give each element the
proper weights based on how important they are in predicting the possibility of an accident. Expert assessments, analyses of past
accident data, or an organized weight assignment procedure including stakeholders can all be used to calculate the weights. alarm
Generation: Following the calculation of the accident risk scores, a threshold value is determined to decide whether or not an alarm
has to be created. A warning identifying a potentially accident-prone location is generated if the incident's risk rating exceeds the
threshold. Various communication methods, including mobile apps, SMS, and specialized communication networks, can be used to
create notifications. Evaluation and Validation: In order to gauge the performance of the collision detection and alarm system,
evaluation and validation are required. The following steps can be used to accomplish this: Analyze historic accident data to see
whether the system is accurate in spotting previous accidents. To assess the system'’s effectiveness, contrast the system-generated
notifications with the actual reported accidents. b. Field Testing: Execute field testing in actual environments to evaluate the system's
capacity to reliably identify incidents and send out notifications in a timely manner. This may entail installing the equipment in a
controlled setting and assessing how well it performs in comparison to known accident situations. b. Comparative Analysis: To
assess the accident detection and warning system's superiority when it comes to of preciseness, response time, and efficiency,
compare its performance to that of existing techniques or alternative strategies. System Deployment: The accident-detecting and
alarm system may be put into use in actual environments after having been created, examined, tested, and verified. To enable optimal
utilization and alarm transmission, the system may be connected to already-existing infrastructure, including traffic control facilities,
rescue organizations, and mobile apps. The study report concludes by suggesting a crash detection and alarm system that combines
big data analytics and the weighted product technique. The information on data gathering from different sources, data preprocessing
methods, using the weighted product approach, alert creation, assessment and validation procedures, and system implementation in
real-world scenarios is included in the section on materials and procedures. These approaches set the foundations for the planned
study and the creation of a big data analytics-based accident detection and alarm system that is effective.

3. Results and Discussion

TABLE 1. Accident Detection and alert system using big data analytics

Radar Model Example 31.08 139.53 29.15 22.05
Azimuth 29.12 142.97 33.69 27.3
Elevation 24.08 122.58 29.18 23.1
Horizontal resolution 23.17 128.28 24.6 17.59
Maximum detectable speed | 33.33 186.41 27.96 18.89

Table 1 The above table represents an accident detection and alert system using big data analytics, the alternative parameters are
Radar Model Example, Azimuth, Elevation, Horizontal Resolution, and Maximum Detectable speed which is defined in the
materials and methods section. The Evaluation parameters are also clearly defined in the materials and methods section
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FIGURE 1. Accident Detection and alert system using big data analytics

Figure 1 The above Figure represents an accident detection and alert system using big data analytics, the alternative parameters are
Radar Model Example, Azimuth, Elevation, Horizontal Resolution, and Maximum Detectable speed which is defined in the
materials and methods section. The Evaluation parameters are also clearly defined in the materials and methods section, every
parameter is measured to a certain degree in the graph.

TABLE 2. Performance Value

Radar Model Example 0.93249 | 0.74851 | 0.84391 | 0.79773
Azimuth 0.87369 | 0.76697 | 0.73019 | 0.64432
Elevation 0.72247 | 0.65758 | 0.84304 | 0.76147
Horizontal resolution 0.69517 | 0.68816 | 1.00000 | 1.00000
Maximum detectable speed | 1.00000 | 1.00000 | 0.87983 | 0.93118

Table 2 shows the above Performance Value represents an accident detection and alert system using big data analytics with performance
Value, the alternative parameters are Radar Model Example, Azimuth, Elevation, Horizontal Resolution, and Maximum Detectable
speed which is defined in the materials and methods section. The Evaluation parameters are also clearly defined in the materials and
methods section Performance Value.

Performance Value
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FIGURE 2. Performance Value

The above Figure 2 Performance Value represents an accident detection and alert system using big data analytics with performance
value, the alternative parameters are Radar Model Example, Azimuth, Elevation, Horizontal Resolution, and Maximum Detectable
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speed which is defined in the materials and methods section. The Evaluation parameters are also clearly defined in the materials and
methods section, every parameter is measured to a certain degree in the graph.

TABLE 3. Weightage

Radar Model Example 0.25 0.25 0.25 0.25
Azimuth 0.25 0.25 0.25 0.25
Elevation 0.25 0.25 0.25 0.25
Horizontal resolution 0.25 0.25 0.25 0.25
Maximum detectable speed 0.25 0.25 0.25 0.25

The above table 3 represents Weightage an accident detection and alert system using big data analytics with performance Value and
weightage, the alternative parameters are Radar Model Example, Azimuth, Elevation, Horizontal Resolution, and Maximum
Detectable speed which is defined in the materials and methods section. The Evaluation parameters are also clearly defined in the
materials and methods section

Weightage
100%
80%
60%
40%
w H H E N .
0%
Radar Model Azimuth Elevation Horizontal Maximum
Example resolution detectable

speed

M Seriesl Series2 Series3 Series4

FIGURE 3. Weightage

The above Figure 3 represents an accident detection and alert system using big data analytics with performance value, and weightage
the alternative parameters are Radar Model Example, Azimuth, Elevation, Horizontal Resolution, and Maximum Detectable speed
which is defined in the materials and methods section. The Evaluation parameters are also clearly defined in the materials and
methods section, every parameter is measured to a certain degree in the graph.

TABLE 4. Weighted Normal Decision Matrix

Radar Model Example 0.23312 0.18713 0.21098 0.19943
Azimuth 0.21842 0.19174 0.18255 0.16108
Elevation 0.18062 0.16440 0.21076 0.19037
Horizontal resolution 0.17379 0.17204 0.25000 0.25000
Maximum detectable speed 0.25000 0.25000 0.21996 0.23280

The above table 4 Weighted Normal Decision Matrix represents an accident detection and alert system using big data analytics with
performance Value and weightage, and a weighted Normal Decision Matrix the alternative parameters are Radar Model Example,
Azimuth, Elevation, Horizontal Resolution, and Maximum Detectable speed which is defined in the materials and methods section.
The Evaluation parameters are also clearly defined in the materials and methods section
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Weighted Normal Decision Matrix
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FIGURE 4. Weighted Normal Decision Matrix

The above Figure 4 Weighted Normal Decision Matrix represents an accident detection and alert system using big data analytics
with performance value, and weightage, weighted normal decision matrix the alternative parameters are Radar Model Example,
Azimuth, Elevation, Horizontal Resolution, and Maximum Detectable speed which is defined as in the materials and methods
section. The Evaluation parameters are also clearly defined in the materials and methods section, every parameter is measured to a
certain degree in the graph.

TABLE 5. Weighted Normal Decision Matrix
Weighted normalized decision matrix
0.982678 | 0.930143 0.95846 | 0.945071
0.966805 | 0.935823 | 0.924397 | 0.895934
0.921946 | 0.900508 | 0.958214 | 0.934143
0.913109 | 0.910799 1 1

1 1 0.9685 | 0.982332

The above table 5 Weighted Normal Decision Matrix represents an accident detection and alert system using big data analytics with
performance Value and weightage, and a weighted Normal Decision Matrix the alternative parameters are Radar Model Example,
Azimuth, Elevation, Horizontal Resolution, and Maximum Detectable speed which is defined in the materials and methods section.
The Evaluation parameters are also clearly defined in the materials and methods section

TABLE 6. Preference Score, WASPAS Coefficient

Preference = Preference K WASPAS
Score S Score § lambda Coefficient
E g 05
=}
0.83066 i 0.82794 DE_’ 0.82930
0.75379 % 0.74932 g 0.75156
0.74614 = 0.74314 g 0.74464
> =
0.84583 (% 0.83166 s 0.83875
0.95275 = 0.95139 % 0.95207

Table 6 shows the preference score of WSM Weighted Sum Model it is calculated by the sum of the value on the row of weighted
normalized decision matrix. the preference score of WPM Weighted Product Model it is calculated by the product of the value on
the row on weighted normalized decision matrix.
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FIGURE 5. Preference Score, WASPAS Coefficient

Figure 5 Shows the preference score of WSM Weighted Sum Model it is calculated by the sum of the value on the row of weighted
normalized decision matrix. the preference score of WPM Weighted Product Model it is calculated by the product of the value on
the row on weighted normalized decision matrix.

TABLE 7. Rank
Radar Model Example
Azimuth
Elevation

Horizontal resolution

R lwlalb&~|N

Maximum detectable speed

Table 7 shows the Final Result of Accident Detection and Alert System Using Big Data Analytics in WASPAS method Maximum
detectable speed is got the first rank whereas is the Elevation is having the Lowest rank

RANK
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FIGURE 6. Rank
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Figure 6 shows the Final Result of Accident Detection and Alert System Using Big Data Analytics in WASPAS method Maximum
detectable speed is got the first rank whereas is the Elevation is having the Lowest rank

4. CONCLUSION

In conclusion, the telecoms sector must successfully deploy client retention tactics if it is to experience long-term success and
development. Customer retention must be prioritized by telecommunications businesses due to the huge rise in customer turnover
rates caused by the fast development of technology and fierce competition (1) It is clear from in-depth study that a complete strategy
for client retention is necessary. This entails being aware of the wants and desires of the consumer, providing great customer service,
and fostering enduring connections (2) To identify consumers who are at danger, personalize their contacts with them, and
proactively tackle their issues, telecom businesses must make use of sophisticated statistical techniques and data-driven insights (3)
Additionally, keeping clients may be largely impacted by affordable rates, customizable plans, and value-added services.
Telecommunications companies may increase customer happiness and loyalty by making ongoing investments in the network's
infrastructure and assuring high-quality connection(4)Consistent interaction and proactive customer service may also increase trust,
lessen customer annoyance, and aid in long-term retention(5)Customers are further empowered by the use of online platforms and
self-service alternatives, which enables them to readily obtain information, fix problems, and manage their accounts(6) This raises
consumer happiness while simultaneously lowering operating expenses for telecom providers(7) In order to boost consumer
engagement and service quality, telecom businesses must give employee education and growth a top priority. Employees that are
enthusiastic and competent can successfully respond to client demands, fix problems quickly, and generate good experiences that
enhance customer loyalty. (8) In conclusion, in order for telecommunications firms to succeed in a very competitive and constantly
changing sector, client retention tactics are essential(9). Telecom firms may successfully lower churn rates, increase customer
loyalty, and protect their place in the market by concentrating on creating strong connections, utilizing cutting-edge technology, and
adopting a client-centric strategy (10) the Final Result of Accident Detection and Alert System Using Big Data Analytics in
WASPAS method Maximum detectable speed is got the first rank whereas is the Elevation is having the Lowest rank
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