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Abstract. This study presents a practical geospatial approach for evaluating the danger of electrical
accidents in flood-affected urban areas by using the Google Earth Engine (GEE) platform. Flooded regions
were identified from Sentinel-1 SAR imagery through a calibrated backscatter threshold technique, which
showed about 94% accuracy when compared with validation data. To map potential electrocution hazards, the
workflow brings together several datasets: SRTM elevation information, VIIRS night-light data as an
indicator of population distribution, a synthetic layout of electric poles generated from OpenStreetMap, and
near—real-time weather observations. A 14 x 14 pole grid (196 poles) was created and tested in two locations
in Chennai—Anna Nagar and Thiruvanmiyur—to demonstrate how the model performs in real urban settings.
The resulting map classifies risk into four categories: very high risk for poles that are flooded and located in
populated zones; moderate risk for areas within 100 m of water accumulation; low-to-moderate risk for areas
100-200 m away; and low risk beyond 200 m. The validation process confirmed the accuracy of the flood
extraction and showed that the method can effectively highlight electrical infrastructure that requires urgent
attention. Overall, the framework can assist authorities in making quicker decisions about power shutdowns
in vulnerable neighborhoods, helping reduce the likelihood of electrocution during major urban flood
events.The GEE-driven approach ultimately provides a practical and cost-effective way to support flood-risk
mitigation efforts and improve the management of urban infrastructure

inconplete or outdated datasets on the location and

1 Introduction condition of electric poles, making detailed risk

1.1 Problem Context

Urban flooding during the monsoon season poses a
serious threat to public safety, and electrical accidents
remain one of the leading causes of flood-related
fatalities in densely populated cities. During the 2015
Chennai floods, several people lost their lives after
distribution poles and underground cables became
energized while submerged. Checking these electrical
assets manually is slow and dangerous, making it
impractical in fast-evolving flood situations. Field crews
from electricity departments often operate with limited

assessments and modeling difficult.

1.3 Inspiration and Motivation

This work is driven by the repeated reports of avoidable
electrocution deaths during the 2023 Chennai floods, as
well as insights shared in a TEDx talk by Sakthy
Selvakumaran on the role of technology in strengthening
disaster resilience. These events underscored the need
for an automated, satellite-supported system capable of
linking flood detection with electrical hazard mapping,
enabling faster and more informed decisions during

real-time information about which specific sites carry the
highest electrocution risk, resulting in delayed response
times and inefficient allocation of personnel during
emergencies.

1.2 Existing Gaps

Most current flood-risk tools focus on hydmwlogical
forecasting, evacuation planning, or water-level
monitoring, but they rarely incorporate the vulnerability
of electrical infrastucture or the exposure of nearby
communities. Traditional GIS workflows—often built on
desktop platforms like QGIS—demand considerable
manual processing, lack real-time analytical capacity,
and do not scale well for large urban regions. In many
developing cities, the challenge is compounded by

emergencies.

1.4 Proposed Solution

While conventional flood models examine only water
flow, our approach combines electrical infrastructure and
population data in one automated GEE system. Our
cloud-based geospatial model ranks electrocution hazard
zones by merging several datasources:
e SRTM DEM (<12 m threshold) for low-lying
flood-prone zones,
e Sentinel-l SAR  backscatter
delineating inundated areas,
e VIIRS nighttime light intensity as a proxy for
population density,

analysis  for
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e OpenStreetMap-based synthetic pole grid for

modelling electrical infrastructure, and

e Distance-based buffer analysis for graduated risk

levels.

While we used synthetic pole grids for this
demonstration, the system can easily incomporate real
utility company data later. Combined, these elements
allow near-instantaneous evaluation of electrocution
risks when cities flood.

2 Literature Survey

2.1 Flood Mapping Technologies

Satellite-based radar systems—especially  Synthetic
Aperture Radar (SAR)—have become dependable tools
for tracking floods because they function independently
of lighting or cloud conditions. Sharma et al. (2022), for
example, used Sentinel-1 C-band SAR imagery to map
urban flooding and reported roughly 89% accuracy.
Despite this success, their method did not include any
assessment of risks to surounding infrastructure.
NASA’s Global Flood Monitoring System (GFMS) also
offers near—real-time global coverage of flood events,
but it similarly lacks the ability to incorporate localized
information on infrastructure vulnerability [23].

2.2 Electrical Hazard Mapping

Research focused specifically on the electrical risks that
arise during flooding & limited. Patel and Kumar (2021)
proposed an evaluation tool after the Maharashtra floods,
but their approach depended heavily on field nspections
and did not provide any predictive modelling capability.
Guidance from agencies such as FEMA mainly
addresses stmuctural flood damage and offers only
minimal direction for detecting energized -electrical
components in flooded environments.

2.3 GEE Applications in Disaster Management

Google Earth Engine (GEE) has emerged as a widely
used cloud environment for large-scale environmental
analysis and disaster monitoring. Dey et al. (2023)
demonstrated GEE’s processing efficiency by mapping
flood-affected areas n Bangladesh with Sentinel-1 data
covering nearly 1,000 kn? in under 15 minutes.
However, their work did not combine flood information
with data on exposed populations or critical
infrastructure, leaving important risk dimensions
unaddressed.

2.4 Population Density Proxies

Nighttime radiance data from the Visible Infrared
Imaging Radiometer Suite (VIIRS) are commonly used
as a proxy for utban population density. Gupta and Singh
(2022) found a strong correlation (0.87) between VIIRS
brightness values and census-derived population counts
for Indian cities. Because of this relationship, nighttime
lights can serve as a quick and practical way to
approximate population exposure, partticularly when
recent census information is unavailable.

2.5 OpenStreetMap Infrastructure Data

OpenStreetMap (OSM) provides valuable open-source
infrastructure data for disaster response planning [22].

Yet OSM coverage and accuracy vary considerably by
location. Kumar et al. (2020) found that OSM’s electrical
infrastucture data for Indian cities was merely 23%
complete, suggesting synthetic grids could fill the gap.

2.6 Research Gap and Contribution

Earlier research has not produced a single framework
that connects real-time flood detection with an
evaluation of electrical infrastructure vulnerability or a
way to prioritize risks based on population exposure.
This study addresses that gap by presenting a multi-layer
analysis system built on Google Earth Engine (GEE),
designed to support electricity boards in making quicker
and more informed decisions during urban flood
emergencies. The use of a synthetic pole grid also helps
compensate for incomplete infrastructure records and
demonstrates how the framework could be further
developed as more accurate, verified datasets become
available.

3 METHODOLOGY

3.1 System Architecture Overview

Fig.3.1 Our system has five main components running
on the GEE cloud platform (Figure 3.1). Data flows
hierarchically from collection through risk analysis to
alert creation[24].

3.2 Input Data Acquisition Layer
Table 3.1: Input Data Sources and Specifications

Data Source Parameters Spatial Temporal Purpose

Resolution

SRTM DEM Elevation (meters) 90m

(CGIAR/SRTMO0_V4)

3.3 Google Earth Engine Processing Layer

The Google Earth Engine cloud platform functions as the
main computational hub, offering fast and scalable
parallel processing. The workflow is implemented using
the JavaScript API, which allows the algorithms to be
developed and tested directly in a web browser, making
rapid experimentation and prototyping easier.
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3.3.1  Pre-processing Module

Sentinel-1 SAR Pre-processing:

The Sentinel-1 GRD datasets were prepared using the
standard procedures recommended by ESA. This
included removing thermal noise, applying radiometric
calibration, and correcting terramn-induced distortions
with SRTM elevation data. From the processed imagery,
VV-polarized backscatter values (6°) were extracted and
converted into decibels for further analysis.

VIIRS Data Filtering:

Monthly VIIRS DNB composites were screened to retain
cloud-free observations and then averaged to estimate
annual population density patterns. Radiance
measurements were normalized to a 0-30 nW/cn¥/sr
range to maintain consistency across the risk-weighting
process.

332 Flood Detection Module

Backscatter Threshold Detection:

A threshold of approximately —20 dB was used to
distinguish flooded surfaces m the VV-polarized
Sentinel-1 data. This cutoff aligns with earlier studies
that calibrated similar values for urban environments,
where standing water typically produces strong specular
reflections. The thresholding routine is implemented in
the GEE environment.The algorithmis implemented as:

javascript

var simulatedFlood = elevation.1t(12).selfMask();
// For SRTM-based susceptibility

var actualFlood = sentinel1_VV.1t(-20).selfMask();
// For SAR-based detection

For the demonstration case, flood-prone locations
during the 2023 monsoon were approximated using
SRTM elevation data, with areas below 12 meters treated
as likely inundated zones.

3.3.3 Synthetic Electric Pole Grid Generation

Because OpenStreetMap does not yet provide complete
electric-pole coverage for Chennai, a synthetic grid of
196 poles (14 x 14) was created for the study. Each pole
was placed at auniform spacing of 150 meters across the

selectedregions.
javascript

var poleList = [];
for (var lon = startLon; lon <= endLon; lon += 0.0015) {
for (var lat = startlLat; lat <= endLat; lat += 0.0015) {
poleList.push([lon, lat]);
}
}
This grid serves as a stand-in for real infrastructure and
helps illustrate how the method would operate once an
accurate, verified pole inventory becomes available.

3.3.4  Data Layer Preparation
Flooded Area Detection:
Flood-susceptible zones in Anna Nagar were delineated

using SRTM elevation values, with all locations below
12 meters classified as likely to experience flooding. In

some iterations of the workflow, Sentinel-1 SAR
backscatter below —20 dB was also used to identify
active floodwater. The resulting layer highlights
vulnerable sectors of the locality, with the central and
southem portions appearing most at risk [24].Example
Data:

Total flooded area detected: 1.55 km?

Percentage ofadministrative zone affected: 36%
Predominant flood extent: Anna Nagar,Kilpauk Garden
Colony, NSK Nagar, interior sub-blocks

Corr nding image:

All Power Poles

FLOODED AREAS (2023 Season)

MEDIUM RISK: 0-100m from Flood
LOW-MEDIUM RISK: 100-200m from Flood
LOW RISK: >200m from Flood

Population Density (VIIRS Night Lights)
Anna Nagar Boundary

25

Population Density (VIIRS Night Lights):
Population density was estimated from VIIRS night light
radiance composites for 2023. Higher values denote
denser habitation, showing a gradient from low to very
high density. The northwestem and far eastem zones
show elevated radiance, indicating higher population
exposure risk in thoselocalities.

Example Data:

Minimum VIIRS radiance value: 3.2 nW/cm?/sr
Maximum: 28.7 nW/cm?/sr

Mean: 16.9 nW/cm?/sr

Population density "hot spots": Near Anna Nagar Tower
Park and Chetpetboundary

Correspondingimage: -

All Power Poles
FLOODED AREAS (2023 Season)
MEDIUM RISK: 0-100m from Flood
LOW-MEDIUM RISK: 100-200m from Flood
LOW RISK: >200m from Flood

/' Population Density (VIIRS Night Lights)
Anna Nagar Boundary

Synthetic Power Pole Grid:
Due to lack of open-access pole location data, a synthetic
uniform grid of 196 points (14x14) was generated
programmatically. Each point represents a hypothetical
pole, spaced ~150 m apart, ensuring coverage of the
entire analysis area for repeatable risk classification.
Example Data:

Total synthetic poles: 196

Spacing: 150 m (approximate, both axes)

Area covered: Entire Anna Nagar within ROl boundary
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/' All Power Poles
FLOODED AREAS (2023 Season)
MEDIUM RISK: 0-100m from Flood
LOW-MEDIUM RISK: 100-200m from Flood

LOW RISK: >200m from Flood
Population Density (VIIRS Night Lights)

Anna Nagar Boundary
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Distance Buffer Zones:
Buffer zones were created around detected flood areas at
radii of 100 m and 200 m. These zones classify the poles
as:

Mediumrisk (0—~100 m from flood zone)

Low-medium risk (100—200 m)

Low risk (>200 m)

Visual overlays of the buffer extents support spatial risk
stratification (Fig. 3(d)).

Example Data:

Poles within 0—100 m: 56 (28.6%)

Poles within 100-200 m: 38 (19.4%)

Poles >200 m: 60 (30.6%)

Highest medium-risk pole density: Northwestem
boundary offlood extent

Corresponding image:
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FLOODED AREAS (2023 Season)

MEDIUM RISK: 0-100m from Flood

LOW-MEDIUM RISK: 100-200m from Flood

LOW RISK: >200m from Flood

Population Density (VIIRS Night Lights)
/' Anna Nagar Boundary

Composite Risk Map:
Finally, all layers are overlaid to produce a composie
risk map. Each pole is assigned a risk level based on
both population weight and flood proximity.

Example Data:

High-riskpoles (flooded; most at-risk): 42 (21.4%)

Poles with critical population density/risk: 18 in zones
with VIIRS >25 nW/cm?/st

Most critical cluster: Anna nagar,Kilpauk Garden Colony

Corresponding ima
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RETMCGONIR ./ FLOODED AREAS (2023 Season)
33 PR ./ MEDIUM RISK: 0-100m from Flood
/' LOW-MEDIUM RISK: 100-200m from Flood
Bl -/ Low Risk: >200m from Flood
Population Density (VIIRS Night Lights)

Anna Nagar Boundary
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3.4 Risk Classification and Distance Buffer
Analysis

Our risk classification system uses four levels,
determined by how close each pole is to flooded areas
and the local population density. The distance is
calculated using the Fuclidean method, and the results
are shown in Table 3.2.

Table 3.2: Risk Classification Criteria

Risk Level Distance from Flood  Risk Score Population Action Priority
(Base) Weighting

@ HIGH Pole in flood water 100 +20 if VIIRS >20 POWER SHUTDOWN -
(0m) Immediate

@ MEDIUM 0-100m from flood 70 +15if VIIRS >20 CLOSE MONITORING -
edge Hourly

¢ Low- 100-200m from flood 60 +10 if VIIRS >20 REGULAR MONITORING -

MEDIUM edge 6-hourly

@ Low >200m from flood 10 +5if VIIRS >26 NO ACTION - Routine ops
edge

Distance Calculation Algorithm:
javascript

var distanceToFlood = polePoint.distance(floodGeometry, 100);
// 106m max error tolerance

if (isFlooded.gt(0.5)) {
riskLevel = 'high';
riskScore = popDensity.gt(20) ? 120 : 100;

3.5 Population Density Integration

We used VIIRS nighttime light data to estimate
population density in real time. Areas with brighter
lights are assumed to have more people, so poles in
these zones are given higherriskscores:

Population Weighting Logic:

Population densiy influences the final risk score through
a set of graded adjustments.Areas with low VIIRS
radiance values (0-10 nW/cm?/sr) receive no additional
weighting.

Regions falling in the 1020 range are assigned a modest
increase of about 5 to 10 points.High-density zones, with
20-30 radiance values, are given a larger boost of 10 to
20 points.Locations showing more than 30 nW/cn?/st,
indicating very dense populations, receive the maximum
adjustment of+20 points.

3.6 Alert Generation and Risk Prioritization

Our system creates alerts for each electric pole,
including location and risk level. The details are listed
in Table 3.3:

Table 3.3: Output Alert Attributes

Attribute Description Example Value

Pole ID Unique identifier ANNA_POLE_087

Latitude/Longitude Geographic coordinates 13,0857, 80.2195

Risk Level Classification tier HIGH / MEDIUM / LOW-MEDIUM / LOW

Risk Score Weighted numerical score (0-120) 15

Distance to Flood Meters from flood boundary Om (flooded)

Population Density VIIRS radiance value 243 nW/cm?/sr

R Action Electricity board POWER SHUTDOWN
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3.7 Study Area Selection

We chose two areas in Chennai for our case study:
Anna Nagar in the north and Thiruvanmiyur on the
coast:

3.7.1 Anna Nagar (North Chennai):

Bounding Box: 80.2094-80.2347°E, 13.0787-13.0930°N
Area: ~4.2 km?

Characteristics: Dense residential area, historical flood
vulnerability

196 synthetic poles deployed

3.7.2 Thiruvanmiyur (Coastal Chennai):

Bounding Box: (adjusted coordinates)

Area:~3.8 kn?

Characteristics: Low-elevation coastal area, high water
table 196 synthetic poles deployed

3.8 System Workflow

The complete operational workflow executes as follows:
1. Initialization: Define study area bounding box
and systemparameters
2. Data Acquisition: Fetch latest Sentinel-1, SRTM,
VIIRS layers fromGEE catalog
3. Flood Detection: Apply backscatter threshold and

generate flood geometry

4. Pole Grid Generation: Create synthetic electric
pole network

5. Distance Computation: Calculate FEuclidean

distance fromeach pole to flood boundary

6. Population Query: Extract VIIRS radiance at each
pole location

7. Risk Classification: Apply decision tree algorithm
with population weighting

8. Buffer Visualization: Generate 100m and 200m
risk zone buffers

9. Alert Output: Export prioritized risk table and
interactive map

10.Continuous Monitoring: Re-execute workflow
every 6-12 hours during monsoon

Risk Buffer Zones by Distance

@ Flooded Area 0-100m 100-200m @ >200m

Fig. 3.2 distance buffer zones (concentric circles)
4 . Results And Discussions

4.1 Anna Nagar Case Study Results

The analysis for Anna Nagar showed that the lowest-
lying streets consistently appeared in the flood mask,
which aligned with accounts from the 2023 monsoon
season. Within these areas, 42 poles fell directly in

waterlogged zones. Many of these were located near
dense residential blocks, indicating that a shutdown in
these clusters would have been justified from a safety
pemspective. Thiruvanmiyur displayed a different pattern:
inundation extended over wider coastal strips, causing a
larger share of poles (29.6%) to fall in the high-risk
category. These differences highlight how elevation and
proximity to the coast shape electrical vulerability

during storms.
Table 4.1: Anna Nagar Risk Classification Results

Risk Category Number of Poles  Percentage Average Population Density  Average Risk Score

@ HIGH RISK 42 214% 227 nW/em?/sr 1083

©® MEDIUMRISK 56 286% 18.4 nW/cm?/sr 768

€ LOW-MEDIUM 38 19.4% 16.2 nW/cm?/st 521

© LOW RISK 60 306% 1.3 nW/cm?/sr 125

TOTAL 196 100% 16.9 (mean) 62.4 (mean)

Critical Findings for Anna Nagar:

42 poles (21.4%) require immediate power shutdown

28 of these high-risk poles serve areas with VIIRS
radiance >20, indicating dense population exposure

The northwestem quadrant shows highest concentration
of high-riskpoles

94 poles (48%) require enhanced monitoring (MEDIUM
+ LOW-MEDIUM categories)"

o All Power Poles

/ FLOODED AREAS (2023 Season)
/' MEDIUM RISK: 0-100m from Flood

/' LOW-MEDIUM RISK: 100-200m from Flood
/' LOW RISK: >200m from Flood
/' Population Density (VIIRS Night Lights)
/' Anna Nagar Boundary

ENHANCED RISK LEGEND

B [l Flooded Areas (2023 Season)

[ Medium Risk Zone (0-100m from Flood)
Low-Medium Risk Zone (100-200m from Flood)
Low Risk Zone (>200m from Flood)

[l A Power Poles

G ll  Data Sources: 'SRTM Elevation <
Nagar result map

Power Poles by Risk Category

Poles

High Risk Medium Risk ow-Medium Risk Low Risk

Risk Category

Fig. 4.2 Anna Nagar Risk Score Distribution (Bar Chart)
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4.2 Thiruvanmiyur Case Study Results

"The coastal Thimuvanmiyur region demonstrated
different risk pattems due to lower elevation and
proximity to the Bay of Bengal."

Table 4.2: Thiruvanmiyur Risk Classification Results

Risk Category Number of Poles  Percentage  Average Population Density ~ Average Risk Score
@ HIGH RISK 58 296% 19.3 nW/cm?/sr 1057

© MEDIUMRISK 48 245% 16.8 nW/cm?/sr 742

€ LOW-MEDIUM 32 16.3% 135 nW/cm?/sr 518

© LOWRISK 58 296% 9.2 nW/em?/sr 13

TOTAL 196 100% 14.7 (mean) 60.8 (mean)

Critical Findings for Thiruvanmiyur:

Higher propottion of HIGH RISK poles (29.6% vs
21.4% in Anna Nagar)

Coastal areas show extensive flooding due to low
elevation (<8m)

106 poles (54.1%) require shutdown or enhanced
monitoring Eastern coastal strip particularly vulnerable"

Power Poles by Risk Category - Thiruvanmiyur

Number of Poles
8

High Risk Medium Risk ow-Medium Risk Low Risk
Risk Category

Figure 4.2: Thiruvanmiyur Risk Score Distribution (Bar Chart)

S T ST D SHe0 | § Lo

Al Power Poles
/' FLOODED AREAS (2023 Season)
/' MEDIUM RISK: 0-100m from Flood
/' LOW-MEDIUM RISK: 100-200m from Flood
' LOW RISK: >200m from Flood
M -/ Population Density (VIIRS Night Lights)
' Thiruvanmiyur Boundary

THIRUVANMIYUR - ENHANCED RISK LEGEND
[l Flooded Areas (2023 Season)
Bl Medium Risk Zone (0-100m from Flood)
Low-Medium Risk Zone (100-200m from Flood)
Low Risk Zone (>200m from Flood)
[l Al Power Poles

Data Sources: 2023 Flood Data (SRTM Elevation < 8m) + VIIRS Night Lights (Populati

Fig.4.3 - Thiruvanmiyur result map

4.3 Comparative Analysis Between Study Areas

Table 4.3: Anna Nagar vs Thiruvanmiyur Comparison

Metric Anna Nagar Thiruvanmiyur Interpretation

High-risk poles 42 (21.4%) 58 (29.6%) Thiruvanmiyur 38% more critical

Mean population density 169 nW/cm?/sr 147 nW/cm?/sr  Anna Nagar 15% more populated

Mean elevation ~15m ~9m Thiruvanmiyur more flood-prone
Critical alert poles (VIIRS>20) 28 19 Anna Nagar higher population risk
Poles requiring action 136 (69.4%) 138 (70.4%) Similar response burden

Poles by Risk Category

W Aadager W Thiwanmiyur

o

Risk Category

Fig. 4.4: Comparative Bar Chart

4.4 Population Density Analysis
VIIRS nighttime lights provided granular population
exposure mapping without reliance on outdated census

data.
Table 4.4: Population Density Distribution

No. of Poles

Density Category VIIRS Range Anna Nagar Poles Thiruvanmiyur Poles
Very High >25 nW/cm?/sr 18 (9.2%) 12 (61%)

High 20-25 35 (17.9%) 22 (11.2%)

Medium 10-20 87 (44.4%) 76 (38.8%)

Low 510 42 (214%) 58 (29.6%)

Very Low <5 14 (71%) 28 (14.3%)

Population Density Distribution of Poles

W AnnaNegar B Thirwvanmiyur

Poles Count

Density Category

Fig. 4.5: Population Density Heatmap Overlay

4.5 System Performance Metrics
Table 4.5: GEE Processing Performance Validation Accuracy:

Performance Metric Value Standard

45-60 seconds Acceptable for near real-time

Data acquisition time

Risk classification computation 12-18 seconds Excellent

2.6-3.5 minutes Operational threshold <6 min v

Total workflow execution

Map visualization rendering 8-12 seconds Interactive

Memory usage (GEE) ~340 MB Within limits

Scalability test (10x area) 8.2 minutes Linear scaling
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Flood detection accuracy: 94% (validated against ground
truth photos)

Distance calculation precision: £5m (acceptable for
100m buffer zones)

Population proxy correlation: 0.83 (VIIRS vs census
blocks)

Risk classification
reliability)"

consistency: 96%  (test-retest

4.6 System Limitations and Error Analysis

Several constrmints emerged while developing the
system[22-24]:

Synthetic Pole Grid:

The 196-pole layout used in this study is only a proof-of-
concept. A full operational version would need detailed
infrastructure records from the electricity department,
including exact pole coordinates, trans former details, and
underground cable routes.

SRTM Hevation as a Flood Proxy:

Flood-prone zones were approximated using a fixed
elevation cutoff of 12 m. Although useful for
demonstration, this method oversimplifies real flood
dynamics. Incomporating hydmlogical models and real-
time Sentinel1 flood maps would yield more accurate
results in future iterations.

VIIRS Spatial Resolution:

The 500 m resolution of VIIRS nighttime lights offers
only a bmwad indication of population distribution.
Higherresolution datasets such as WorldPop or
LandScan (100 m) would provide more precise
population exposure estimates.

Temporal Delay:

Sentinel-1 data on GEE typically becomes available with
a delay of one to three days. For practical emergency
use, the system should eventually be paired with weather
radar products ornowcasting tools to reduce this lag .
Distance Calculation Assumption:

Using simple FEuclidean distance does not consider
obstacles, drainage behavior, or actual water flow
pathways. Incorporating hydrological connectivity
analysis would provide a more realistic measure ofrisk.

4.70perational Electricity

Boards

The system is designed to give electricity departments
clear, actionable information that can guide emergency
response and prioritization efforts.

Table 4.6: Decision Support Actions

Risk Level Electricity Board Response Protocol Response

Implications for

Time

@ HIGH Emergency power shutdown, deploy repair crews to de-energize, public <1 hour from

warning announcements alert

® MEDIUM Increase monitoring frequency, pre-position crews, reduce voltage if <3 hours

possible

LOW- Standard monitoring, prepare equipment, track flood progression <12 hours
MEDIUM

@ Low Routine operations, maintain awareness Normal

schedule

Decision Support (Anna Nagar Case Simulation):

In a simulated mn for the 2023 Chennai floods, the tool
flagged 42 poles as critical and n need of immediate
shutdown. Addressing these locations promptly could
have reduced the likelihood of electrocution during peak

flooding. The population-weighted scoring placed the
greatest urgency on the northwestern corridor (poles 87—
104), which serves more than 15,000 residents,
highlighting how the system directs attention to high-
exposure neighbourhoods.

4.8 Cost-Benefit Analysis
4.8.1 System Development and Operational Cost

The financial and time requirements for implementing
the system remain relatively modest. Since Google Earth
Engine is fieely available for academic use, and
commercial computation costs fall in the range of66 to
#100 per hour, the platform itself does not impose a
major expense. Developing the prototype required close
to eighty hours of JavaScript programming, testing, and
validation, while operational monitoring i minimal
because the cloud infrastructure automatically manages
most processes. The only significant additional
investment would come from integrating a detailed
infrastructure database, a task estimated to take between
120 and 200 hours depending on the completeness and
accuracy ofexisting records.

4.8.2 Benefits

The advantages of adopting the system are considerable.
By enabling faster identification of vulnerable electrical
assets, the framework has the potential to prevent one to
three electrocution deaths during a typical monsoon
season—a benefit that far outweighs any development
cost. The ability to locate at-risk poles more rapidly can
reduce emergency response time by as much as 60 to 80
percent, while the clearer prioritization of affected areas
improves the efficiency of crew deployment by nearly 40
percent. In addition, having a structured, data-driven
hazard assessment tool in place demonstrates proactive
risk management, thereby lowering institutional liability
for electricity boards.

Cost-Benefit Analysis for Flood Risk

100
o

=

s

?

2

i}

o}

Prevented Electrocutior Response dptimized Crew Allocatior E
Met

Fig. 4.6 Cost-Benefit Comparison Chart
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Validation accuracy

The performance of the system was assessed using
ground photographs and elevation-based flood markers.
The model achieved an overall accuracy of 94 percent,
and the corresponding Kappa coefficient of 0.91
indicates strong agreement between the flood extents
predicted by the system and those observed on the
ground. These validation outcomes reinforce the
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method’s reliability and demonstrate its suitability for
real-world operational deployment.

5. Conclusion

We developeda cloud-based geospatial systemto map
electrocutionrisk zones in flood-vulnerable regions
throughthe GEE platform. By combining SRTM
elevation data, VIIRS nighttime lights, and spatial risk
analysis, our systemgives power utilities near-real-time
flood hazard information to guide power shutdown
decisions during monsoons.

Key Achievements:

e The system demonstrated that urban flood-risk
areas can be identified quickly using only freely
available satellite and open-source geospatial
data, making the approach both practical and easy
to scale.

e The workflow cut down the amount of manual
analysis required by roughly eighty percent,
allowing assessments to be completed far more
quickly than traditional methods..

e Demonstrated transferability to multiple city
contexts.

e Validated performance with 94% accuracy and
0.91 Kappa coefficient.

e Future improvements will focus on bringing in
verified electrical-grid data and adding predictive
flood-modelling capabilities to make the system
more accurate and operationally useful.

The system aids operational decisions by letting
utilities quickly identify and shut down high-risk
infrastructure. Its transferability to other cities suppoits
UN Sustainable Development Goals 11 (Sustainable
Cities)and 9 (Infrastructure Innovation)
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