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ABSTRACT

Increasing emergency service call rate presents the
necessity to adopt — big data analytics as a fundamental
tool for an enhancing the efficiency and responsiveness
of public safety systems. In this research, a
comprehensive analysis of over one million 911
emergency call records obtained from Montgomery
County and Pennsylvania also focuses on identifying
statistically significant trends and patterns that can be
utilized to inform evidence-based decision-making in
emergency response planning. Utilizing Python — data
analysis libraries such as pandas and matplotlib also
seaborn the research examines and graphs large datasets
with deep attributes such as emergency category,
temporal identifiers (hour, day, and month), and spatial
identifiers (zip codes and townships). The empirical —
analysis demonstrates peak time windows of emergency
calls, spatial locations that have constantly high rates of
calls, and temporal variations through weekdays and
seasonal cycles. Sophisticated visualization —
techniques are employed to enlighten on correlations
between specific categories of emergencies—i.e.,
Emergency Medical Services (EMS), fires, and traffic
calls—and their corresponding temporal distributions.
The interpretation of such results is beneficial for the
operational use of optimizing resource allocation &
enhancing emergency preparedness plans, also reducing
response delay. This project illustrates the scalability
and relevance of big data approaches in civic analytics,
showcasing both the technical expertise of handling
large — scale datasets and the overall public good of
data-driven public safety initiatives. As such, the
findings underscore the revolutionary potential of data
science in public administration through demonstrating
how systematic analysis of real an emergency call data
can yield more informed governance and improved
provision of services in high-risk contexts.

1.INTRODUCTION

In contemporary life with urbanization & population
growth and the consequent demands put on public
infrastructure and emergency agencies are essential in
public safety delivery also response to emergent events.
The most basic means through which response is made

possible within a timely manner is through the 911
emergency telephone network, which is the initial

— interface between emergency response agencies &
the general public. Millions of calls are placed daily
globally and range from medical emergencies, arson
reports, to police response. Although specifically
tailored to enable mobilization of emergency responses,
they also constitute a vast corpus of data that, through
careful scrutiny, can yield useful insight into emergency
response behaviors & resource utilization, also space-
time patterns for public safety calls. Big data is
particularly applicable in this regard because call
records during emergency situations are typical datasets
consisting of high volume & generation speed, also data
variety. Such features make it an —imperative to
employ sophisticated analysis tools that can handle
intricate high-volume data. Big data analytics thus
emerges as an effective mechanism for converting raw
call records into actionable intelligence. By embracing
such interventions, one is able to enhance the efficacy of
operations and predict future trends for emergencies, also
inform evidence-based decision —making through
emergency management systems. Such an research is
warranted in the context of the prospective use of big
data methods towards understanding 911 calls data in
Montgomery County, Pennsylvania, more
comprehensively. Based on the analysis of millions of
call records, the study attempts to identify persistent
trends and time also space distributions, an
interdependencies of emergencies. They can facilitate
resource optimized allocation & policy-making, also aid
predictive modelling activities that can revolutionize
emergency management into proactive paradigms rather
than reactive ones. The provided research employs the
— Python programming language, as well as associated
libraries for data manipulation such as Pandas &
Matplotlib, also Seaborn to like the perform exploratory
data analysis [EDA]. The data set employed here has
fields including timestamp, type of emergency [EMS,
Fire, Traffic] & geospatial information [zip code,
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township], also names. Such fields allow in-depth call
pattern examination by day of week, & hour of day, also
geographic clustering. For instance, detection of
temporal — peaks for EMS calls or fire incident density
plotted by township aids in prioritizing planning
activity. Bar plots, time series plots, and heatmaps are
applied so as to highlight interpretability to enable data
—driven communication with stakeholders. The utility
extends beyond the academic environment. Emergency
services are often resource-limited, and effective
allocation is therefore critical. Data analysis —based
intelligence can help guide placements of equipment
and personnel at times of peak demand, hence
maximizing response time and efficiency. Detection in
real — time of anomalous spikes in call volume can
also predict burgeoning crises like epidemics or
pollution emergencies, hence allowing preventable
public safety or public health interventions. Second,
analysis of big— data can facilitate more collaboration
among departments. Emergency response systems
normally involve a couple of agencies—medical, police,
and fire— operating in their own way by choice. They
can be merged and shared by merging and overlapping
these overlapping data sets to ensure overlapping
operations and make coordinated response planning.
Traffic emergencies and for instance also most
frequently call for concurrent police and medical
response, like implies that coordinated planning is
necessary. While this paper's research does not an
employ predictive modelling —machine learning
techniques, exploratory analysis is promoted as a
significant first step in the data science approach. The
emphasis lies in generating comprehensible &
understandable results that are actionable for technical
also non-technical decision-makers like policymakers
and emergency service chiefs. Overall, the study
illustrates —the value of using big data analysis of
public safety data, in this instance 911 call history, in
enhancing emergency preparedness and operational
efficiency. In establishing important — trends and
providing empirical substantiation for strategy
formulation, the project adds to data governance
literature. The findings can serve as the basis for using
the same procedure in other disciplines or using the
method with improved analytical software & illustrating
data analysis to be a much more than technical exercise,
but a means of enhancing life and societal welfare.

2. RELATED WORK

» Agarwal & Jindal (2019) investigate how urban
emergency departments utilize —big data analytics to
incoming streams of 911 calls. They explain how data-
driven training simulations and tactical resource
allocation enormously decreased response times [1].

* Banerjee & Roy (2020) provide an exhaustive review
of publicly available 911 data sets with an emphasis on
schema consistency and record completeness, also
suitability for an academic research and operational
dashboards [2].

* Bansal & Mehta (2022) create and test a scalable —
framework for ingesting and verifying millions of 911
call records and such as batch- processing pipelines
also cloud-optimized storage systems [3].

» Desai & Patel (2020) explore the effect of big data
tools —on emergency dispatching, and exploring how
data-driven strategies can enhance crew deployment
and vehicle assignments [4].

* Doe & Singh (2018) present a case study with the
Matplotlib to plot emergency data. They generate time
—series plots and spatial scatter maps to identify peak
incident periods and geographic hotspots [5].

* Fernandes & Mishra (2022) compare forecasting
models like ARIMA and exponential smoothing to
forecast near—term call volumes and describing their
predictive strengths also weaknesses [6].

* George & Thomas (2017) suggest an empirical-
data—driven framework for anomaly detection and
pattern extraction in 911 logs to support urban safety
planning [7].

* Joshi (2021) illustrates Python-oriented community—
oriented applications of emergency call analytics and
such as tools used to support prioritization of outreach
efforts in public health settings [8].

* Kumar & Sharma (2019) present reproducible EDA
workflows with Pandas and Seaborn for cleaning,
aggregating, also summarizing massive emergency
call data [9].

* Lee & Yoon (2019) examine day-by-day and week-
by-week call arrival patterns and suggest staffing
patterns corresponding to observed high— demand
times [10].

*Liu & Zhang (2019) deploy spatial clustering with

accompanying heatmap
visualizations to determine high—risk hotspots,
supporting well-informed
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deployment of emergency response units [11].
* Mathews (2020) illustrates a smart-city city planning
scenario where aggregated — emergency call statistics
guided infrastructure planning and public outreach
efforts [12].
*Nayak & Iyer (2020) outline the creation of
interactive— dashboards with Plotly Dash and Stream
lit to enable first responders to view real-time and past
call patterns [13].
* Prakash & Rathi (2023) compare the performance of
single—node versus distributed-cluster configurations
for Python or Spark processing to handle the millions of
call records based on throughput and latency metrics
[14].
* Scott & Grant (2021) discuss batch —processing and
streaming analytics frameworks, and proposing hybrid
approaches to predict call surges also facilitate dynamic
resource provisioning [15].
» Sharma (2022) explains parsing methods for call log
categorization into
EMS and Fire also Traffic improving trend analysis
resolution [16].
* Tan & Roy (2021) evaluate several Python-based
EDA tools—Pandas, Dask, and Vaex— contrastingly
evaluating their performance with large public-sector
datasets in terms of effortlessness and efficiency [17].
*Thakur & Dey (2021) put forward a systematic
classification —framework for emergency calls that
enhances the accuracy of category-specific reporting
and analysis [18].
* Verma & Kapoor (2020) use geospatial call density
analysis at the township level to identify high-risk areas
and informing the emergency response unit deployment
strategy [19].
* Wilson & Kumar (2018) outline how 911 data
analytics can be integrated into civic governance and
smart —city systems to improve inter- departmental
policy coordination [20].

3. PROBLEM STATEMENT

The Emergency response —systems are congested with
massive numbers of an 911 calls annually however, the
valuable data generated by means of such interactions
get lost in most cases, with analysis being restricted to
plain routine reporting. In view of increasing population
— density and urbanization, emergency services
confront a more demanding challenge of making
predictions about time and place of significant events.
As a result, problems that consistently recur like slow
response rates, use of resources in an inefficient manner,
also peak demand inefficiencies during peak demand
continue to threaten public safety and efficiency in
service. So far, most emergency management agencies
do not have a formal process of analysing previous calls
to search for actionable trends. There is an apparently
missing data— driven process of evaluating changes in

emergency calls on temporal, spatial, and category
fronts. Lacking these data, resource mobilization—
people, vehicles, medical facilities—is largely a
posteriori, and scope for exercising strategic foresight
and advance provisioning of service is minimal. This
research tries to fill this gap by way of the application of
big data analytics on an enormous database of 911 calls.
The study will identify underlying emergency behaviors
structures —through analysis of underlying factors like
timestamp, location, and emergency type. Through
Python programming language and rich data analysis
and visualization capabilities, the project will improve
operation planning & ease emergency preparedness,
also minimize response delay. By converting raw call
data into actionable intelligence, the research helps to
build more reactive & data- driven models of emergency
services that are better equipped to address the changing
needs of contemporary urban living.

4. PROPOSED SYSTEM

Data Collection
and Loading

-

Data Cleaning
and Preprocessing

. o
/ 3 N
Exploratory Data
Analysis
Visualization and
Insights

Emergency response systems are inundated —with huge
numbers of 911 calls every year; the valuable
information attained by way of these calls, however, is
oftentimes low-paid attention, largely being exposed to
simple reporting. With the rise in population densities
and fast urbanization & emergency services are
becoming increasingly unable to forecast the timing and
the site of the most important incidents. Thus, persistent
issues such as response times slower than optimal &
suboptimal allocation of resources, also congestion
during peak demand periods continue to threaten public
safety and responsiveness of services. Emergency
management agencies currently — largely lack a
systematic process for examining historical call records
for determining actionable trends. Data-driven methods
for examining variations of emergency events on
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temporal & spatial, also category dimensions are largely
lacking. Without such information, the allocation of
resources—personnel, vehicles, and medical facilities—
is primarily reactive, failing to enable proper strategic
anticipation and proactive provision of services. This
study attempts to overcome such limitations with big
data analysis on a large dataset of 911 call history. This
study attempts to discover hidden — structures in the
emergency activity with major variables such as
timestamp, geographical location, and emergency type.
Leveraging the use of the Python programming —
language in conjunction with robust data analysis and
visualization libraries also the project intends to
enhance operational planning, aid emergency
preparedness, and reduce response delay. By translating
raw call data into actionable intelligence, this study
affirms the development of more responsive, data —
informed emergency response systems handle massive
numbers of 911 calls every year; however valuable
information gathered from such contacts is often
underutilized, with analysis often reduced to mundane
reporting. With advancing population densities and
escalated urbanization also emergency agencies are
under mounting pressure to predict the time and place of
pivotal events. Thus, delayed response rates, resource
waste during peak demand periods, and ineffectiveness
in times of high demand continue to present a colossal
threat to public safety and responsiveness to service.
Presently, most emergency management agencies do not
have a formal process for examining past calls to
identify actionable trends. There exists — vast deficit in
the application of evidence-based approaches to
forecasting emergency event variations across time,
location, and type. Without an outlook of this nature,
resource allocation—people, vehicles, and hospitals—is
largely reactive in nature with room for strategic vision
and pre-emptive provisioning of services significantly
limited. This research attempts to fill these gaps using
big —data analytics on an enormous database of 911
emergency call details. The study attempts to unveil
hidden patterns in emergency activity by analyzing key
variables like timestamp, location, and type of
emergency. By employing the Python — programming
language in conjunction with extremely powerful data
analysis and visualization tools, the project aims to
improve working planning & aid in emergency
preparedness, and decrease response lag. In turning raw
call data into usable intelligence, the research aims to
aid in the creation of stronger & data-based emergency
service systems that will be able to adapt to the evolving
needs of contemporary urban areas. frameworks that are
capable of managing the adaptive requirements of urban
space in the present.

© 2025, IJSREM | www.ijsrem.com

5. METHODOLOGY

Big Data Analysis Component Interaction Sequence:
The pipeline begins with a time-based scheduler that
initiates batch ingestion of big 911 call data sets to a
distributed storage —system where the arriving data
files are divided chronologically per date. After
ingestion, the data-cleaning service treats those splits
& correcting timestamp inconsistencies, normalizing
call title structures, postal code normalization, and
removing duplicate records. Cleaned data is then
loaded into a fine— grained staging layer for analysis.
From this specially designed repository, a temporal
analysis engine performs aggregations over various
time dimensions—hourly, daily, and monthly— and
calculates moving averages to find temporal trends.
These aggregates are processed and written into an
analytics-tuned database. Meanwhile, a spatial
enrichment module adds geographic metadata such as
coordinates & township, also zip code to each record.
This module also applies clustering techniques to
detect areas of continuously elevated incident density,
caching the result with temporal data. Concurrently, a
classification module processes metadata fields to
categorize each call into incident types—i.e., EMS,
Fire, or Traffic—and maps them into severity levels.
These classifications are rolled up and retained in the
identical analytics database for consolidated reporting.
A real-time alert system is used to constantly watch for
such analytical tables for unforeseen surges in activity
or predetermined threshold violations and issue alerts
through messaging interfaces as well as logging events
for traceability. Lastly, a business intelligence layer is
implemented to keep visual dashboards and reportable
files automatically refreshed, including time-series
visualizations & geographic heatmaps, also incident-
type rollups specific to operations review. The entire
pipeline is managed by a performance monitoring
layer, which regulates resource scaling and initiates
operational alerts in case the pipeline is lagging or if
there are system bottlenecks. Exploratory Data
Analysis (EDA): Exploratory Data Analysis or EDA is
the initial step to comprehend the organization &
features, also patterns within the 911 emergency call
database. It is an integral part in having quality data
because it encompasses missing value identification,
inconsistency correction, outlier identification, and
relationship between variables such as timestamp,
types of emergencies, townships & zip codes, also call
titles validation. Python libraries Pandas, NumPy,
Matplotlib, and Seaborn are used throughout this
project in performing this analysis. With operations
like group by() & value counts(), also time
conversion, the data is transformed to show the
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most frequent regions of calls, most frequent types of
emergencies encountered, and call times. Line plots, bar
plots, histograms, and pies are some of the graphical
tools utilized in converting raw data into simple,
understandable forms. EDA also offers operationally
relevant questions of investigation, such as whether
emergency calls are mostly on weekends & whether
there are peak periods in certain months, or where
further emergency preparedness should be included.
These findings not only support short —term planning
but also underpin more advanced aspects of the system,
such as real-time dashboards, alert systems, or
forecasting modelling platforms. Lastly, EDA confirms
information and uncovers concealed information from a
big and intricate dataset. Geospatial Analysis: Geospatial
analysis is employed to derive spatial data from
location-based attributes of the 911 emergency call
datasets. The methodology measures trends & hotspots,
also risk areas by examining information along spatial
dimensions such as townships & postal codes, also GPS
points. In this research study, Python geospatial libraries
such as Geo—Pandas, Folium, and Plotly are employed
for mapping & spatial querying, also data visualization.
By showing locations of events on interactive maps,
generating heatmaps, and applying clustering algorithms
such as — DBSCAN [Density-Based Spatial
Clustering], the system identifies hotspots of
continuously high rates of calls. This enables emergency
managers to see spots of difficulty and focus
interventions on those spots. Recurrent fire calls to a
given zip code, for instance, could suggest that there is a
need for inspection of infrastructure or safety
messaging. Emergency medical services dispatch
density in hotspots can reveal areas of public health
vulnerabilities. With geospatial analysis — combined
with temporal analysis, the capacity to map emergency
activity over time and visually represent how hotspots
vary over time is available. It not only facilitates
improved resource allocation, but it also allows for early
intervention planning and enhanced long-term public
safety. Additionally, historic trends extended into space
can inform location-based risk prediction, and which
renders geospatial analysis a critical tool for forward
planning emergencies. Real-Time Alert and Trend
Detection: The real-time alert and trend detection
module is constructed to support prompt response to
anomalies in the 911 emergency call data. The system
tracks — incoming or updated datasets round the clock
to identify sudden breaks from historical patterns. These
unusual spikes may point to large-scale catastrophes &
public mistakes, or pioneer health risks. In this project
here, the approach of comparison with moving windows
and threshold-based warning with moving averages is
carried out using Python for automatically automating
outliers’ detection. Whenever an unexpected spike was
tracked in calls— such as an unexpected spike in EMS
cases for a specific zone—then it was indicated by the
system and sent as notifications to communications

streams or visualization portals. The notifications are
differentiated by emergency type like [i.e., Fire, Traffic,
EMS], so responses are tailored as per the type of event.
In addition to real-time observation, this method also
tracks future trends over years. For instance, recurring
trends like holiday and weekend day traffic accidents
are recognized by trend analysis. They are monitored on
live dashboards, and operations staff can observe them
and react accordingly. By combining short-term
anomaly alert with long-term behavior’s analysis, this
approach builds an anticipatory response mechanism
that dramatically enhances emergency service response
and readiness.

6.RESULTS AND EVALUATION

Hourly Call Distribution: This is the graph of the
emergency call pattern by hour throughout the day. By
observation, there is a peak of calls early morning and
between 2:00 PM & 4:00 PM. This is near periods of
high human contacts and movements, like release from
school, work shift, and traffic jam. Call volume is high
after 5:00 PM & falls precipitously from 1:00 AM
through 5:00 AM—off-peak usage hours. Recognition
of the 1- hour cycles allows the emergency service
agency to make the best staffing decisions &
maintaining the most personnel during peak periods and
dampening minimum level of activity during valleys.
Beyond the efficiency benefit, some public contact has
data to enable safer action close to the peak risk hours.
In short, this analysis is a basis for correlating

emergency services.
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Distribution of Calls by Hour
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EMS Calls by Month

The following graph analyses month trends of
Emergency —Maedical Services [EMS] calls. The trend
speaks for itself for a summer high for months, with
July and August the most called months. It is logical to
attribute this to heat-related illness & recreationally
caused injury outside, also heightened public activity.
January and February & cold-month problems, each
show reduced EMS call incidence, as there are fewer
individuals outside. Spring and fall, middle-of-the-road
transition seasons. Seasonal issues offer a shared
viewpoint to EMS capacity planning— guiding
workforce adaptation, inventory readiness, and vehicle
readiness. Moreover, outcomes can guide seasonal
public health intervention against counteracting risks
that are produced by extreme weather. As a planning
tool, the chart highlights that environmental &

lifestyle factors must be.

Top 10 Townships by Number of Calls

The leading townships with the highest emergency
calls are also shown by the bar graph, with Lower
Merion & Abington, Cheltenham, also Upper Merion

leading the way. Townships most likely to produce
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additional cases are because they have individuals
residing there, are highly populated with heavy traffic,
& Dbig infrastructure. Business or high-density
townships will demand extra emergency response. By
pointing out which of the townships has the highest
calling rates, emergency planners will be able to target
those townships for priority—i.e., sending more
ambulances, local unit staff, or improved patrol
coverage. This township-level classification could also
be utilized for general urban safety programs, such as
improving infrastructure, lighting, or traffic layout
within areas of incident hotspot. Lastly, the data-
driven approach makes sure the emergency services

are deployed and responsive proportionally based on

the needs of individual segments.
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Day of Hour Calls (Heatmap)

This is a two—dimensional heatmap of emergency call
distribution by days and hours. The slope of the graph
is indicative of the peak calls being placed at midday
and nighttime hours (12:00 PM - 6:00 PM) on
Mondays and Fridays. These patterns show increased
social & economic activity at the beginning and end of
the workweek. Weekends reflect a modest call
decrease but also midday spikes. The late evening
period (1:00 AM through 6:00 AM) always shows the
lowest call rate & consistent with hours of reduced
public activity. These timing figures are relevant to
shift scheduling and manpower planning. Emergency
rooms are able to staff according to projected demand
and not have to adhere to strict staffing protocols.
Predictive staffing based on this kind of data is also
extremely effective and maximizes overall emergency
response preparedness. The heatmap also renders
evidence—based dynamic  emergency  service

operations planning more.

Calls by Day of Week and Hour

Hour

Calls by Category (Pie Chart)

The pie chart illustrates 911 emergency calls divided
into three general types: EMS, Traffic, and Fire
incidents. EMS encompasses the vast majority—the
majority more than half of all— so most emergencies
are medical. Traffic accidents represent nearly one-
third of the total, typically being the result of
automobile wrecks, road blockages, or hazardous road
conditions. Fire calls, although lower in number but
also high frequency of call, & typically necessitating
specialized apparatus, prompt response. Thisservice
division facilitates the comprehension of work load in
service divisions. The high frequency of EMS calls
indicates the investment in compensating well for
medical equipment like doctors and ambulances.
Traffic calls are an indication of transportation safety
and inter —agency cooperation, and fire department
places a degree of significance on having to be ready
for numerous common but uncommon occurrences.
Familiarity with these ratios aids in decision—making
by the agencies in training & equipment acquisition,
also manpower allocation so that the resources are

sufficient for real service requirements.

Call Distribution by Day of Week

Tuesday

Wednesday
: >

4 J’} Monday

T

45 s )

il

Thursday

Sunday

Saturday

M T WTF S S S S S Friday
Hour
© 2025, IJSREM | www.ijsrem.com DOI: 10.55041/IJSREM51394 | Page 7


http://www.ijsrem.com/

gt i
v IJSREM"'

a\' = $ Volume: 09 Issue: 07 | July - 2025

- 7 INternational Journal of Scientific Research in Engineering and Management (IJSREM)
SJIF Rating: 8.586

ISSN: 2582-3930

7. CONCLUSION

The employment of big data analytics to analyses 911
emergency call data is a paradigm shift in emergency
services' strategic— management and operational
intelligence. Python & related analytical libraries were
used in this research study to explore a large corpus of
actual emergency call data from Montgomery County,
Pennsylvania. By utilizing an aggressive process of
data cleaning & preprocessing, also exploratory data
analysis, & visualization, the study was able to uncover
important patterns and trends that can better shed light
on public safety dynamics as well as more effective
resource allocation and response strategies. Some of
the key results include recognition of the most frequent
types of emergencies & hour-of-day call patterns, also
area density of incidents big data — application in
analyzing 911 emergency telephone call data
represents a milestone in strategic management and
operational emergency service intelligence. Python, &
its related analytics libraries, was used in this research
work to investigate a large collection of real-world
emergency phone call history in Montgomery County,
Pennsylvania. By intensive process of data cleaning,
preprocessing, exploratory data analysis, also
visualization, the research was in a position to detect
important patterns & trends that allow deeper
understanding of public safety dynamics as well as
improved resource allocation and response plans.
Among the most important results are the identification
of most common types of emergencies & hotspots by
time of call, also areas of incident density. These
findings contribute further to the external validity of
applying historical data in the real world and its ability
to guide decision — making in operational
environments. For a specific illustration, awareness of
peak EMS or fire times allows emergency departments
to balance roster staff & deploy resources accordingly.
In turn, geospatial analysis of high-incident places can

be applied to guide infrastructure planning, i.e., adding
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extra response units or increasing coverage of the
under-covered zones. The large body of research
highlights the shift from traditional, reactive
emergency service models to proactive and predictive
ones using data — driven models. While descriptive
and visualization analytics are of major concern in
this project, the groundwork here has vast applicability
to predictive modelling & real-time analysis. This
breakthrough will enable early warning systems and
demand forecasting to facilitate more responsive &
look-ahead emergency response. Among the particular
strengths of this project are scalability and flexibility.
With broadly accessible hardware, the analysis
methodology is extremely portable to other
geographies & easily transferable into real-time
operational platforms, such as live dashboards and
desktops in call centers. With growing urban
populations and increasing emergency call volume,
such a versatile approach means long — term
applicability without needing full-system overhaul.
Further, the study shows data science's contribution to
society beyond the typical use in business
environments. Public safety, whose success is
inseparable from the well- being of human beings,
cannot exist without quality information based on data.
The project — illustrates the trajectory of how even
rudimentary exploratory analysis, if executed on
worthy data sets, can be beneficial with influences on
public policy & operational planning, also public trust
in emergency services. It encourages an evidence-
based culture of decision- making and displays
synergies in technology & governance, and public
service delivery. With data increasingly becoming a key
aspect of the public sector, also efforts such as this one
will become vital to refreshing civic infrastructure and
public safety. This currency once more calls for
sustained investment in analytical capability &
interagency coordination, also scalable technology

infrastructure in attempts to spur the development of

DOI: 10.55041/IJSREM51394 |  Page$


http://www.ijsrem.com/

127 Y2hy
) e
@ﬁm International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.586

ISSN: 2582-3930

a S $ Volume: 09 Issue: 07 | July - 2025

smart & adaptive, also resilient public safety systems.
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