FIGURE 1: Administrative Wards of Agra

a) LST Hotspots — how much hotter or cooler is a spot compared to the average land
surface temperature of the city

This layer maps the deviation of each pixel’s land surface temperature from the city-wide
mean LST, using Landsat 8/9 imagery at 30m resolution composited over April-July 2022-
2025. Pixels warmer than the city mean appear in red; cooler pixels appear in blue; the city
mean appears in white. The output is a continuous temperature anomaly in degrees Celsius
per pixel, not a ward-level priority ranking.

This is a diagnostic layer, not an intervention-targeting layer. It provides spatial context

for understanding where heat concentrates within the city, useful for cross-referencing
with the priority layers but not intended to drive resource allocation on its own. A pixel
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that appears as a hotspot may fall within a ward that ranks low on population exposure or
vulnerability, and would therefore not be flagged as high priority by the composite index.

FIGURE 2: Orange to red areas showing hotter parts of the city

b) Population Heat Risk - Emergency Response Targeting

Public health emergency response is a core component of most Heat Action Plans,
covering measures that must be activated rapidly during heatwave events: cooling shelters
in public buildings, drinking water stations, pre-positioning of ORS supplies, hospital surge
preparedness, and deployment of ASHA and Anganwadi workers for outreach. Identifying
which wards to prioritise for these measures requires knowing where large numbers of
people face compound heat risk, not just where temperatures are highest, but where heat
coincides with dense, vulnerable populations who have limited capacity to cope.

This layer identifies wards where large populations face heat risk, combining daytime
surface temperature, population exposure, and housing vulnerability. The risk score is
defined as Score = (H x E x V)*(1/3) x 100, where H is the ward’s LST deviation from the
city mean (Landsat, normalized O-1), E is the natural log of ward population*, and V is
the housing vulnerability score combining building volume (GHSL Built-V) and vegetation
deficit (ESA WorldCover). Wards are classified by percentile: the top 30% by risk score are
designated High Risk.
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Top 30% (26 wards) are classified as High Risk (shown in red in Figure 2), with a combined
population of approximately 227,000 residents (out of 1.6 million total). High-risk wards
are distributed across the central and southern parts of the city, with concentrations in
the southern periphery and around the old city core. Wards rank high where heat, dense
housing, and large populations coincide.

* The log transformation prevents the most populous wards from dominating the ranking
regardless of their heat or vulnerability scores.

FIGURE 3: Population Heat Risk for Agra. High-priority wards highlighted in red.

Table 2 presents an indicative emergency response budget derived from the population
heat risk layer. Quantities for cooling centres, water points, medical teams, and essential
supplies are estimated by applying published Gol and international planning norms to
the at-risk population in each ward identified in the highest-priority bucket. The resulting
table illustrates how spatial identification of heat exposure can be converted into concrete
service requirements and seasonal operating costs for emergency preparedness. Actual
requirements would need to be validated through stakeholder and community input, on-
ground assessment, and calibrated to local municipal capacity.
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TABLE 2: Indicative Emergency Response Budget (26 High-Risk Wards, ~2,27,000

Total Population)

I T T - N

Ward-priority allocation:

Ward-based alloca-
tion for geographic
equity. Design stan-

Coollng_shel- 2 per high ward, 1 per 104 shelters 315 dard: NDMA Cooling
ters (existing medium ward, 1 per 2 low (60 high, 27 S
) : . o . lakh per 1.56 Centre Guidelines
public build- wards. Sited within 0.5 km medium, 17 )
. . . centre May 2025, Section 2
ings) of hotspot wards in exist- low) 5
ing public buildings L
’ son, within 0.5 km of
hotspot).
Per-station stockpile
is a decision-sup-
port benchmark.
Oral rehydration
salt procurement
Ward—pr_lorlty allocation, 104 water Oral rate F5to ?8
o same tiers as shelters. . . per packet) from
Drinking water . L stations; rehy- ;
Each station maintains ; National Health
and oral re- . ~5,20,000 dration L . ;
: a seasonal stockpile of . 0.36 Mission, midpoint 7.
hydration salt ; oral rehy- salts: ;
O . 5,000 oral rehydration salt . Water station cost
distribution ) dration salt 37 per .
packets, replenished as build-up (water sup-
packets packet )
needed. ply, infrastructure
amortisation, labour,
consumables) to be
validated against
Agra Municipal Cor-
poration rates.
1 per 10,000 exposed res- No published Indian
idents. In the absence of planning norm avail-
Hospital beds, official popL_JIatlon-l?ased 160 dedi- Existing able. DeC|S|on-su;?-
. norms, this planning port benchmark;
heat illness . cated heat n/a capac- ;
reparedness benchmark is used. It beds it to be validated
prep is a decision-support 4 with district health
benchmark, not a clinical authorities before
guideline. adoption.
No published plan-
1 per 3 to 4 high-priority ning norm available.
wards. In the absence of Existing Pre-position request
Ambulance o . 8 ambulanc- to EMRI 108, not
. official planning norms, n/a capac- .
pre-positioning ) . es ! independent pro-
this decision-support ity
benchmark is used curement. To be val-
’ idated with district
administration.
Cooling shelters and oral
rehydration salts only; hos-
Tetezll susiare: pital beds and ambulances 1.92

use existing capacity. Wa-
ter-station setup cost to be
added once validated.

Cooling shelters are assumed to make use of existing public facilities across the prioritised
wards, with the densest provision in the 30 high-priority wards: government schools (closed
during peak heat in May and June), Anganwadi centres, community halls (Samudayik
bhawan), and Public Health Centers. The ?1.5 lakh per centre reflects a fully provisioned
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seasonal centre. An indicative build-up is energy-efficient cooling and its seasonal running
cost (55,000), a summer cooler (F40,000), cold drinking water and ORS provisioning
(25,000), seating (F18,000), and signage, awareness materials, and basic first aid (312,000),
all to be validated against Agra Municipal Corporation rates. Cooling equipment should be
matched to the local climate type. Evaporative coolers and fans suit hot and dry conditions
such as Agra’s pre-monsoon peak, but in warm and humid settings they provide little relief
and add indoor humidity, so the design should rely on fans with adequate ventilation and,
in high-risk or poorly ventilated spaces, on energy-efficient active cooling.

c) Cool Roof Priority - Targeted Retrofit Investment

Reflective roof coatings are among the most widely adopted near-term heat interventions
in Indian cities. Albedo is the share of sunlight a surface reflects, on a scale of O to 1. Aged
concrete, weathered cement, and bitumen roofs reflect only 0.10 to 0.30 of the sunlight
falling on them and absorb the rest, which heats the roof surface and the rooms below.
White surfaces such as lime wash, china mosaic tile, and white coatings reflect 0.60 or
more when newly applied, though dust and weathering reduce this over time.

Cool roofs reduce indoor temperatures by 2-4°C compared to untreated surfaces and can
lower ambient air temperatures at the neighbourhood scale. Ahmedabad has implemented
cool roofs in over 3,000 low-income homes as part of its Heat Action Plan (NRDC 2018).
In 2023, Telangana became the first Indian state to introduce a mandatory cool roof policy,
targeting 300 km? of roof coverage by 2028, with Hyderabad alone accounting for 200
km?2. Delhi’s 2025 HAP also includes cool roof pilots. Despite this momentum, total cool
roof coverage across India remains under 1% of eligible urban roof stock (Agrawal et al.
2025), underlining the need for targeted ward-level prioritisation of where coatings will
deliver the greatest impact.

This layer identifies wards where reflective roof coatings will deliver maximum cooling
impact, based on geometric mean of three factors: daytime surface temperature (Landsat
LST, normalized using city percentiles), built-up fraction of the ward area (Dynamic World,
10m), and albedo deficit (1 minus normalized built-weighted albedo, where darker roofs
score higher). Only wards with at least 20% built area are included. The formula is: Priority
Score = (Temperature x Built Fraction! x Albedo Deficit)*(1/3) x 100. The top 30% of eligible
wards by score are classified as High Priority.

With the given criteria, 25 wards qualify as High Priority (shown in dark brown in Figure 4),
concentrated in the old city core and the central commercial belt. These are areas of dense,
low-rise construction where rooftops of cement, unpainted concrete absorb and retain
heat. The satellite-measured average albedo of built-surfaces in these wards is below 0.20,

1 Built fraction is derived from ESA WorldCover v200 at 10m resolution, matching the Sentinel-2 albedo grid; each pixel is classified as built
or not built, so the built-weighted albedo is the mean albedo of built pixels within the ward.
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consistent with uncoated dark surfaces. The 25 high-priority wards contain 1,071.4 hectares
of dark built surface (albedo < 0.20), of which approximately 536 hectares are estimated
to be rooftop area suitable for reflective coating (50% rooftop assumption — see Table 3
and ground-survey caveat).

We note that while the underlying dataset assesses albedo for every 10mx10m grid cell,
the ward level average albedo can mask underlying variations of roof materials. Hence, it
is warranted that for implementation planning, these suggestive results need to be field-
verified through ground surveys, discussions with stakeholders and communities, as well as
multiple agencies within the city government.

FIGURE 4: Cool roof priority for Agra, High Priority wards highlighted in brown

Table 3 presents an indicative budget derived from the cool roof priority layer. To distinguish
between total technical potential and near-term implementable action, we present both
the full treatable roof area and a phased implementation scenario. Quantities are estimated
by aggregating treatable rooftop area and building counts within high-priority wards
identified in the spatial analysis, and applying unit costs drawn from existing state cool roof
programmes. The resulting table illustrates how spatial prioritization can guide program
scale, sequencing, and budget planning.
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TABLE 3: Cool Roof Priority — Indicative Intervention Scale and Budget (25 High-

Intervention

Dark built surface
area (satellite-
measured)

Estimated rooftop
area

Phase 1 —
Government
buildings

Phase 2 —
Residential and
commercial

Total programme
cost

Priority Wards)

Basis Unit Cost

1,071.4 ha of built surface
(albedo <0.20) across the 25
high-priority wards. Includes all
impervious surfaces (rooftops,
roads, courtyards, paved areas),
not rooftops alone.

536 ha (50% of total dark built
surface). Requires ground —
survey to verify.

Approximately 614 buildings
(368 schools, 62 health centres,
184 community halls), estimated
by applying Urban and Regional
Development Plans Formulation
and Implementation Guidelines
2014 population norms to the
25 high-priority wards. Rooftop
area: 25.16 ha.

3190/m?

Remaining 510.8 ha of estimated
rooftop area. Requires owner
outreach and State Disaster
Management Fund (SDMF)
subsidy mechanism.

?190/m?

536 ha estimated rooftop area 3190/m?
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Total
Cost

~348 lakh

~397 Cr

~%102 Cr

Source

Sentinel-2 10m
broadband albedo

(Liang 2001 formula),
April-July 2018-2024

Urban and Regional
Development Plans
Formulation and
Implementation
Guidelines 2014;
Indian Public Health
Standards 2022

(1 school per 2,500
population, 1 health
centre per 50,000, 1
community hall per
5,000)

Telangana Cool Roof
Policy 2023-2028
implementation
framework



d) Tree Planting Priority - Long-Term Cooling Infrastructure

Urban tree cover reduces heat through shade and evapotranspiration. A global meta-
analysis of 182 studies found that trees can lower pedestrian-level temperatures by up to
12°C (Wang et al. 2024), with the strongest cooling effects in tropical, arid, and continental
climates. Unlike cool roofs, trees provide compounding benefits over time, making them a
priority long-term investment alongside short-term interventions.

This layer identifies wards where urban greening is needed the most. The priority score is
based on the geometric mean of three factors: canopy deficit against a 20% target (MoHUA
Urban Greening Guidelines 2014), the natural log of population in sub-20% canopy pixels,
and ward mean surface temperature (Landsat LST, normalized using city percentiles). The
formula is: Priority Score = (Canopy Deficit x Exposed Population x Heat)"*(1/3) x 100. Only
wards with at least 20% built area are included.

In Agra, 28 wards are classified as High Priority (shown in Figure 5), all with canopy coverage
below 20% in built-up, high-heat areas. The combined canopy deficit across these 28 wards
is 2,749 hectares below the 20% target. Several of these wards — including Wards 77, 21, 12,
56, and 36 — are likely below 5% canopy cover.

FIGURE 5: Tree plantation priority for Agra, high priority wards highlighted in grey

Table 4 presents an indicative planting plan and budget for the 28 high-priority wards.
Sapling counts are derived using an avenue planting density of 100 trees per hectare
with 8-12 m spacing (IRC:SP:21-2009, Guidelines on Landscaping and Tree Plantation),
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with a 50% mortality buffer applied based on a 67% three-year survival rate with active
maintenance (CAG Audit Report No. 21 of 2013 on Compensatory Afforestation in India).
Costs comprise 250 capital cost per sapling (procurement, planting labour, tree guards,
initial watering) plus 150 per sapling per year for three years of maintenance (watering,
replacement, pest management, protection), totalling 700 per tree.

Ground-truthing is still needed to ensure there is land available for tree plantation in these
wards, for example, a dense slum area would show up as high priority though no land might
be practically available for tree planting in that area. Additionally, local tree varieties that
are adapted to climatic conditions need to be considered.

TABLE 4: Indicative Tree Plantation Budget (2,80,000 Trees Over 3 Years)

Intervention ‘ Unit Cost ‘ Total Cost ‘ Source

2,749 ha below the

20% canopy target

across 28 high-priority

wards. Target of 20% — —
from MoHUA Urban

Greening Guidelines

Dynamic World V1 tree
cover, April-July 2018-2024;
canopy target from Ministry
of Housing and Urban Affairs
Urban Greening Guidelines

Canopy deficit
(satellite-measured)

5014, 2014

Approximately

2,75,000 trees at Indian Roads Congress
Trees needed avenue planting o . IRC:SP:21-2009, Guidelines

density of 100 trees on Landscaping and Tree

per hectare (8-12 m Plantation, Para 11.25

spacing).

Approximately

200 el Comptroller and Auditor

) : o
Sapllngs to plant accounting for a 67% General Report No, 21 of
(with mortality three-year survival — —
. . 2013 on Compensatory
buffer) rate with active Afforestation in India
maintenance (CAG
2013).
¥250/sapling covers sapling
cost, planting labour, tree
Capital cost . 3250/ guards, watering, and initial
(planting) 412,000 saplings sapling ¥10.30 Cr maintenance. To be validated

against Agra Municipal
Corporation rates.

Operational estimate
covering watering,
replacement, pest

3150/ management, and
Recurrent cost (3- . sapling/ protection. To be validated
year maintenance) 412000 ge el year x 3 wliEkarn ChF against Uttar Pradesh Forest
years Department maintenance

budget allocations.
Recurrent expenditure
budgeted over Years 1-3.

ol gz
Total programme 328.84 Cr Capltal 3-year recurrent
cost maintenance
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e) 24-Hour Heat Zones - Worker Protection in Economic Zones

Nighttime heat in Indian cities is rising disproportionately: between 2012 and 2022, the
number of very warm nights increased faster than very warm days, with over 70% of
districts recording five or more additional very warm nights per summer (Dubash et al.
2025). Most existing HAPs focus primarily on daytime heatwaves, leaving night-shift and
outdoor workers without targeted protection.

This layer assesses wards that have high economic activity (i.e., human presence) and high
temperature both daytime and nighttime, thereby signifying heat stress around the clock.
The risk score combines daytime and nighttime land surface temperature (MODIS Terra and
Aqua, 1km), ward population (WorldPop Global 2 (R2025A), 2020 epoch), and nighttime
radiance (VIIRS DNB) as a proxy for economic activity and footfall. The formula is: Score =
(H x E x V)*(1/3) x 100, where H is the average of normalized daytime and nighttime LST, E
is the natural log of ward population, and V is normalized nighttime radiance.

In Agra, the system identifies 19 wards that have both high nighttime economic activity
(VIIRS nighttime lights) and high temperatures- highlighted in orange color in Figure 6.
These are markets, transport hubs, and commercial zones where rickshaw pullers, vendors,
loaders, and night-shift workers face heat exposure beyond daytime hours.

FIGURE 6: 24-hour heat risk zones for Agra, High Priority wards highlighted in dark
yellow.

INDIA ENERGY AND CLIMATE CENTER

23



Table 5 presents an estimated budget for a proposed set of interventions in these wards.
Intervention quantities are estimated by applying standard service coverage norms for
transport hubs, markets, and commercial corridors to the priority wards identified through
the spatial analysis. The resulting table demonstrates how around-the-clock heat exposure
patterns can inform the scale and placement of protective infrastructure for outdoor day-
and night-shift workers.

TABLE 5: Outdoor Worker and Market Zone Protection: Indicative Intervention Plan (19
High-Activity Heat Wards)

Total
Cost (R
Cr)

Unit Cost

Source / Notes

Intervention Quantity

Decision-support
coverage of 1
station per 10,000

Coverage ratio and
per-station stockpile
are decision-support
benchmarks,

not published

population at high- Station norms. Station
footfall market seasonal seasonal cost is
Water f . . i
o g and transport 14 stations; cost: an operational
. hubs. Each station ~70,000 oral -~%60,000; estimate covering
rehydration L . 0.13
) maintains a rehydration oral water supply,
salt stations . . .
seasonal stockpile salt packets rehydration infrastructure
at hotspots ) ) S
of approximately salt rate: amortisation,
5,000 oral ~37/packet attendant labour,
rehydration salt and consumables.
packets, replenished Oral rehydration
as needed. salts to be procured
at National Health
Mission rates.
No published Indian
planning norm.
Misting 1installation per Cogt based on
. ) . S Indian vendor rates
installations at  high-activity ward 19 ~31 lakh per 019 for high-pressure
high-footfall  at the highest- installations installation - gh-press
. . . ) outdoor misting
junctions footfall junction. . h
systems including
installation and
water connection.
Indicative cost
based on Indian
vendor rates for
Pedestrian shade at cantilever tensile
Shade the highest-footfall shade structures
structures segments of active ~24 with steel frame
over market market streets. installations; ~3¥3,500/m? 0.84 and high-density
corridor Approximately 24 ~2,400 m? polyethylene or
segments installations of 100 polyvinyl chloride

24 |

m? each.
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Total

Intervention (eITET 1413% Unit Cost Cost (R Source / Notes
Cr)

Population coverage

T urban primary norm from Indian
Extended- health centre Public Health
hours urban per 50,000 Standards 2022,
primary population. No 5 centres . Marginal Volume lll. Extended
health centres new construction; cost only hours during heat
(8am-10pm, cost limited to season is a decision-
heat season) staff overtime and support benchmark;
consumables. not a published
norm.
Total Excludes extended-
budgetable hours operation ~31.16 Cr
cost (marginal cost)

f) Dense/Vulnerable Housing
Pixel-level heatmap identifying areas with dense, low-vegetation built fabric — high
building volume combined with limited tree and shrub cover.

This layer identifies wards with the highest concentration of intensively developed, low-
greenery built environments using two satellite-derived variables. Building volume is
measured from GHSL Built-V 2025 (100m, resampled to 10m), which captures both
horizontal density (footprint coverage) and vertical density (height) in a single metric —
m?® of built mass per cell. Vegetation deficit is the inverse of tree, shrub, and grass cover
fraction from ESA WorldCover v200 (10m). Each variable is city-specifically normalized
to P5-P95 and combined using the geometric mean: Score = (Volume x VegDeficit)"(1/2),
ensuring both factors must be elevated for a high score. Analysis is restricted to built-up
pixels (WorldCover class 50 or GHSL surface =10%). Wards above the 80th percentile are
classified High. Figure 7 shows the resulting distribution for Agra. Darker areas indicate
higher building volume with lower vegetation cover, concentrated in the old city core and
along the central commercial belt.

This layer is a proxy for physical heat vulnerability, not a verified informal settlement
map. High building volume with low vegetation tends to co-occur with dense low-income
neighbourhoods, but the same signature also describes high-rise residential complexes,
commercial districts, and industrial zones. The methodology cannot distinguish settlement
type, ownership, or service levels. Outputs should be cross-referenced with municipal slum
notification lists, ward-level census data, and ground knowledge before use in targeting
housing interventions.
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FIGURE 7: Darker brown areas showing dense/vulnerable housing

g) Composite Heat Risk Index — Overall Priority Layer

FIGURE 8: Composite heat risk ranking for Agra
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This layer identifies wards that face the highest composite heat risk, and hence require
bundled, multi-department interventions rather than single-sector fixes. Rather than
estimating a single line-item budget, this layer is used to guide the bundling and sequencing
of interventions identified in preceding layers - emergency response, greening, worker
protection, and cool roofs - within the same high-risk wards.

The composite risk score combines daytime and nighttime hazard, population exposure,
and three vulnerability components. Hazard is the sum of two components: H1, the ward’s
daytime LST deviation from the city mean (Landsat, normalized P5-P95), and H2, the ward’s
nighttime LST deviation from the city mean (MODIS, normalized P5-P95). Exposure is the
natural log of ward population (WorldPop Global 2 (R2025A), 2020 epoch). Vulnerability
is the sum of three normalized components: canopy deficit (V1), dense housing score (V2),
and albedo deficit (V3). The formula is: Risk = (H x E x V)*(1/3), where H = H1 + H2 and V
=V1+ V2 + V3. Wards above the 70th percentile are classified as High Risk, the 50th-70th
percentile as Medium, and below the 50th percentile as Low.

The map shows high-risk wards (marked in red/dark orange colors in Figure 8) concentrated
in central Agra - the old city core, areas around Fatehpur Sikri Road, and the commercial
belt. 22 of these 28 composite high-risk wards also appear in at least one of the four
upstream priority layers (Population Heat Risk, Cool Roof Priority, Tree Planting Priority, or
24-Hour Heat Zones).

In addition to these ward-level priority layers, CHAITRA provides supporting diagnostic
layers to contextualize risk patterns and settlement conditions. Cross-referencing
the composite high-risk wards against the four preceding priority layers confirms the
compound nature of risk in these areas. Wards 21 and 77 appear in all four priority layers
— Population Heat Risk, Cool Roof Priority, Tree Planting Priority, and 24-Hour Heat Zones.
Twelve wards appear in three or more priority layers. Twenty-six wards across the four
layers appear in at least two priority layers. These wards are expected to deliver the highest
heat-resilience gains per unit investment in coordinated, multi-department actions: the
same ward benefits simultaneously from emergency response, cool roof treatment, urban
greening, and worker protection.

As noted earlier, the final ranking and determination requires communities’ and stakeholders’
inputs and opinions, as well as inputs from different departments in the Municipal
corporation. In the illustrative example above, these inputs are missing, and therefore the
example should be taken only as preliminary ranking results based only on the physical
data (without political, historical, and social aspects factored in).
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6.DATA INPUTS AND
TECHNICAL CONSIDERATIONS

This section documents the datasets used in CHAITRA, the role each dataset plays within
the Hazard-Exposure-Vulnerability framework across the seven analytical layers, and the
technical choices that affect interpretation. Full formulas and thresholds are provided in
the Technical Annexure (Section 10).

a) Data Inputs

CHAITRA draws on multiple open datasets. Landsat 8 and 9 Collection 2 Level-2 products
provide atmosphere-corrected daytime land surface temperature measured around ~Tlam
at 30-metre resolution, used in every layer that contains a daytime heat component.
MODIS Terra (MODTIA1) and Aqua (MYDTIA1) provide daytime and nighttime land surface
temperature at1-kilometreresolution (Wan 2014), with four overpasses per day (Terraat10:30
AM and 10:30 PM; Agua at 1:30 PM and 1:30 AM), used for the 24-Hour Heat Zones layer and
for the nighttime hazard component of the Composite Heat Risk Index. Sentinel-2 Surface
Reflectance Harmonized imagery at 10-metre resolution is used to compute broadband
surface albedo using the Liang (2001) narrowband-to-broadband formula, with Landsat-
derived albedo as a fallback when Sentinel-2 coverage is inadequate. ESA WorldCover
v200 (2021) provides an 11-class land cover map at 10-metre resolution (Zanaga et al.
2022), used for the Land Use layer, for cropland exclusion, for vegetation deficit calculation
in the Dense/Vulnerable Housing layer, and for the built-up mask. Google Dynamic World
V1 provides continuous tree-probability and built-probability bands at 10-metre resolution
(Brown et al. 2022), updated at a near-daily cadence, used for canopy deficit calculations in
the Tree Planting Priority layer. The Joint Research Centre Global Human Settlement Layer
provides the 100-metre Built-Volume product (GHS-BUILT-V 2020), used in the Dense/
Vulnerable Housing layer (and as the building density component of the Population Heat
Risk layer) to capture both horizontal coverage and vertical height of built mass in a single
metric (Pesaresi & Politis 2023). WorldPop Global 2 (R2025A), 2020 epoch (UN-adjusted)
provides modelled residential population at 100-metre resolution, used for all exposure
calculations (Stevens et al. 2015; Tatem 2017). VIIRS Day-Night Band monthly composites
at approximately 465-metre resolution provide radiance values used as the vulnerability
component of the 24-Hour Heat Zones layer (Elvidge et al. 2017). Thermal and vegetation
data are restricted to the April-July window across 2022-2025 to align the analysis with
the Indian summer heat season and to generate a multi-year median composite.
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b) The Hazard-Exposure-Vulnerability Framework

The specific variables and weights assigned to H, E, and V in each layer reflect current
operational choices by the CHAITRA development team; future versions of the tool would
allow city administrators and planners to adjust these parameters based on local data
availability, policy priorities, and contextual factors. All satellite-derived thermal, vegetation,
and reflectance inputs are composited as multi-year medians over April-July 2022-2025,
covering four consecutive summer seasons; WorldPop and GHSL Built-V are fixed 2020
products and are not time-composited.

Hazard is represented by the heat-related variable most relevant to the intervention being
considered. The Population Heat Risk, Cool Roof Priority, and Tree Planting Priority layers
use Landsat-derived daytime LST, normalized as the deviation of each ward from the city-
mean LST. Landsat was selected for these layers because its 30-metre resolution resolves
intra-ward heat variation, which 1-kilometre MODIS cannot. The Landsat overpass occurs
in the late morning, before the daytime surface temperature peak. Intra-urban thermal
contrasts are already well developed by this time and are largest during the late morning
to early afternoon window (Chang et al. 2022; Chang et al. 2023), so the observation is
suitable for identifying which wards are relatively hot. Absolute values at the overpass are
lower than the afternoon peak and should not be read as maximum surface temperatures.
The 24-Hour Heat Zones layer uses both MODIS daytime and nighttime LST, averaged
across Terra and Aqua passes, because the layer is designed to identify wards that remain
hot through the night and the four daily passes capture Exposure is defined as the
natural logarithm of ward population, In(population+1) where population is sourced from
WorldPop Global 2 (R2025A), 2020 epoch. The log transformation was applied in place of
raw population counts to prevent large wards from dominating the ranking through size
alone. that diurnal cycle. The Composite Heat Risk Index uses both Landsat daytime LST
and MODIS nighttime LST as separate hazard components (denoted H1 and H2), summed
to capture the full diurnal exposure that residents experience.

Population data is also used to construct the exposed-population variable in the Population
Heat Risk layer, which counts residents located in pixels that satisfy the joint condition of
being both hot (LST = city 75th percentile) and under-shaded (canopy <20%).

Vulnerability definition differs by layer reflecting the factors that make populations more
susceptible to the heat risks each intervention seeks to address. In the Cool Roof Priority
layer, vulnerability is the albedo deficit, because dark surfaces with lower albedo value
absorb more heat and are the primary targets of cool-roof programmes. Ward-level albedo
is calculated as sum(albedo x built-fraction) divided by sum(built-fraction) to weigh it
towards built surfaces and avoid contamination by vegetation or water. Albedo deficit is
calculated as one minus the normalized built-weighted albedo.
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In the Tree Planting Priority layer, vulnerability is the canopy deficit relative to a 20% tree
cover target (MoHUA Urban Greening Guidelines 2014), derived from Dynamic World tree
probability.

In the Dense/Vulnerable Housing layer, vulnerability is a composite of three variables:
building volume from GHSL Built-V 2025, building height and vegetation deficit derived
from ESA WorldCover. Building volume captures horizontal density (footprint coverage),
and building height captures low rise buildings, identifying intensively developed built fabric
with limited open space. Low vegetation indicates a lack of cooling from evapotranspiration
and shade. The two components are combined using the geometric mean — Score =
(Volume x VegDeficit x building height )*(1/3) — ensuring all factors must be elevated for
a high vulnerability score. In the Composite Heat Risk Index, vulnerability is a sum of three
normalized components: canopy deficit (V1), dense-housing score (V2), and albedo deficit
(V3), because the index is intended to identify wards where multiple vulnerability drivers
coincide and bundled interventions are warranted.

All H, E, and V components are normalized to the city’s own 5th-to-95th-percentile range
before being combined. City-specific normalization preserves intra-city variation for
intervention targeting within a single city, and avoids applying thresholds calibrated for one
climate zone to cities in another. For the Composite Heat Risk Index, the three dimensions
are combined using a geometric mean, Risk = (H x E x V)*(1/3), so that a ward must score
high on all three dimensions to rank as high priority. A ward with extreme heat but low
population, or with dense population but low heat, will not rank high.

c) Technical Considerations for Interpretation
Four features of the data affect interpretation of the outputs.

First, land surface temperature is not air temperature. LST measures the radiative
temperature of the surface—rooftops, roads, soil—as recorded by the satellite sensor,
whereas air temperature is measured at human height (1.25-2 metres above ground). The
two quantities differ, and the relationship between them varies with surface type, wind
speed, humidity, and sky conditions (Jaber & Manasrah 2024). LST is the appropriate input
for identifying where surface interventions such as cool roofs and greening will produce
the greatest physical cooling effect, and for comparing relative heat intensity across wards,
but LST values in CHAITRA should not be interpreted as the temperature experienced by
residents at street level.

Second, WorldPop is a modelled residential population dataset. WorldPop Global 2
(R2025A) provides modelled residential population at 100-metre resolution, enhanced
with Al-detected building footprints from Google and Microsoft; the 2020 epoch is used
for all exposure calculations (Bondarenko et al. 2025; Stevens et al. 2015; Tatem 2017).). It
represents estimated nighttime residential population—where people sleep—not where they
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are located during the day. As a result, wards that function primarily as daytime economic
zones (markets, industrial estates, construction sites, transport hubs) will have WorldPop
values that undercount the population present during peak heat hours. Additionally, the
WorldPop Global 2 product disaggregates the 2011 Census, which is India’s most recent
completed enumeration since the 2027 Census is still in progress, to the 2020 epoch
using Al-detected building footprints. Wards that have grown rapidly since 2020 through
in-migration or new construction may therefore be underestimated. Adopting a later
WorldPop epoch as it becomes available, and ultimately the 2027 Census, is the planned
update path. The 24-Hour Heat Zones layer partially compensates for the daytime-worker
gap by incorporating VIIRS nighttime radiance as an economic activity proxy, but VIIRS
radiance correlates with light emission intensity rather than worker headcount (Elvidge et
al. 2017).

Third, Pixels classified as predominantly cropland are masked from the Cool Roof Priority,
Tree Planting Priority, and Population Heat Risk layers. Cropland is thermodynamically hot
but is not the intended target of urban heat interventions, and including it would inflate
heat scores in peri-urban wards where agriculture dominates the land surface. Separately,
a minimum built-fraction threshold of 20% is applied at ward level to these three layers.
Wards below this threshold including those dominated by open grounds, parks, large
institutional campuses, or undeveloped land are excluded from priority ranking because
the interventions these layers target (roof coatings, tree planting in built-up areas, and
housing-linked emergency response) are not applicable at meaningful scale where built-up
area is minimal. Such wards are excluded rather than ranked low to avoid implying they are
low-priority for all heat interventions; they may still require different types of action not
captured by these layers.

Fourth, cloud-filtering in the Landsat pipeline uses a surface-temperature uncertainty
threshold of 5 Kelvin and a cloud-adjacency buffer of 300 metres, which are more permissive
than the USGS defaults for Landsat Collection 2 Level-2 products (2 Kelvin and 1 kilometre
respectively). The relaxed thresholds were chosen to preserve spatial completeness across
the 2018-2024 composite. Residual per-pixel noise is smoothed by multi-year median
compositing, but CHAITRA is appropriate for ward-level relative prioritization rather than
as a measurement-grade thermal product for single-scene analysis.

d) Replicability

All inputs are open-access and centrally hosted on Google Earth Engine. Extending the
analysis to a new city requires only digitized ward boundaries as a shapefile. The same
pipeline produces comparable outputs across cities using identical datasets, parameters,
and normalization procedures, enabling the cross-city SDMA and NDMA applications
described in Section 4. Annual re-runs against updated Landsat, MODIS, and Dynamic
World composites would allow cities to track year-on-year changes in albedo, canopy
fraction, and surface temperature against a consistent baseline.
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The current implementation uses a geometric mean to combine H, E, and V components,
which is an operational choice that treats all three dimensions as equally weighted and
requires all to be elevated for a ward to rank high. A future extension to the tool could allow
city administrators and planners to assign explicit weights to H, E, and V based on local data
availability, policy priorities, and contextual factors - for example, weighing exposure more
heavily in a densely populated city with limited green infrastructure, or weighing hazard
more heavily where heat mortality data confirms temperature as the dominant driver.

/. LIMITATIONS AND NEXT
STEPS

a) Status of Outputs

CHAITRA is a decision-support tool, not a top-down planning mandate. The ward-level risk
rankings, intervention quantities, and cost estimates it produces are intended to inform
prioritisation discussions and support budget preparation. They are not a substitute for
ground assessment, engineering surveys, stakeholder engagement, or local government
approval processes. All resource quantification figures are derived by applying published
Gol and international planning norms (URDPFI 2014, NUHM, IPHS 2022, NDMA Cooling
Centre Guidelines 2025, Sphere Humanitarian Standards 2018) to satellite-derived area and
population estimates.

Actual quantities and costs will differ based on local site conditions, contractor rates,
municipal capacity, and phasing decisions. No figures and results in the tool and dashboard
should be used directly for procurement or project sanction without field validation.

b) Limitations of the Current Framework

Socioeconomic vulnerability is not included. The CHAITRA risk framework captures
physical and demographic dimensions of heat risk: surface temperature, population, canopy
cover, building density, and surface reflectance. It does not incorporate the socioeconomic
dimensions that are significant determinants of heat risk: household income, proportion
of elderly residents/kids/pregnant women, disability status, preexisting health conditions,
housing quality, occupational heat exposure, access to healthcare, or ownership of
cooling appliances such as fans and air conditioners. A ward that ranks as medium risk on
CHAITRA’s satellite-based indices may contain pockets of extreme vulnerability among
low-income or elderly residents that the data cannot resolve. Conversely, a ward ranked
high by satellite metrics may have adaptive resources that reduce actual risk. Integrating
socioeconomic data from Census 2011, or primary surveys into the vulnerability dimension
would significantly strengthen the assessment.
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Ward-level aggregation smooths intra-ward variation. All CHAITRA outputs are aggregates
computed at the ward level. Within a ward, a large cool park or water body can reduce
the mean land surface temperature even if the majority of built-up area is extremely hot.
Similarly, a ward with one very high-density settlement surrounded by open land will return
a moderate mean density score. Resource estimates derived from ward-level averages
may therefore misallocate within the ward. Sub-ward analysis at the neighbourhood or
block level is feasible within the same technical framework but requires finer administrative
boundary data that is currently not available for most Indian cities.

The Dense/Vulnerable Housing layer is a proxy, not a verified settlement map. The layer
uses building volume and vegetation cover deficit as correlates of vulnerable settlement
conditions. These variables capture physical signatures that tend to co-occur with
informal or under-serviced housing, but they are not a validated identification of informal
settlements. Buildings classified as high-density and low-vegetation may include planned
high-rise residential areas or industrial zones. Conversely, informal settlements on the
urban fringe with low built density may not be captured. The outputs of this layer should be
cross-referenced with municipal records, slum notification lists, and on-ground knowledge
before being used to target housing interventions.

The platform does not capture implementation constraints. CHAITRA identifies where
interventions are needed and estimates what they would cost at scale, but it does not
capture the constraints that determine whether they can be delivered: land ownership and
tenure, underground utilities that preclude tree planting, structural conditions of rooftops
that preclude cool-roof coating, political economy of urban development, or municipal
procurement and execution capacity. A ward ranked as high priority for tree planting may
have low availability of plantable land. A ward ranked high for cool roofs may consist largely
of private buildings with no willingness for voluntary uptake. These constraints must be
assessed through local administrative processes and cannot be resolved through remote
sensing.

Resource estimates carry uncertainty that compounds across steps. Resource estimates in
CHAITRA are first-pass planning figures, not engineering estimates. They combine satellite-
measured quantities (built area, dark surface area, canopy deficit, ward population) with
planning norms (trees per hectare, water and oral rehydration salt coverage ratios) and
unit costs from published rate schedules and government tenders. Each input carries some
uncertainty, and where multiple inputs are combined, the uncertainty compounds. The
resulting figures are appropriate for order-of-magnitude budget scoping and for prioritising
wards relative to one another within a city, and should be validated through ground survey
and municipal procurement rates before use in formal proposals.
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The analysis is a snapshot over a defined period. All satellite inputs are composited over
the April-July window from 2018 to 2024. Cities undergoing rapid urban transformation,
large-scale demolition and construction, new road infrastructure, loss of water bodies, urban
expansion at the periphery may have physical conditions that diverge from the 2022-2025
baseline by the time the outputs are used for planning. The tool does not currently flag
wards where rapid land cover change has occurred within the analysis period.

The framework does not model health outcomes. CHAITRA does not estimate the number

of heat-related illnesses or deaths that would result from a given risk score, nor does it
model the mortality or morbidity reduction attributable to proposed interventions. The risk
scores are indices of relative priority within a city, not absolute health risk estimates. A heat
mortality model would require epidemiological data linking temperature and population
characteristics to health outcomes, which varies substantially across cities and is not
available at ward level for most Indian cities.




8.CONCLUSION

Over 250 cities across India have adopted Heat Action Plans (HAPs), which are an essential
tool for planning and aligning short and long-term interventions for extreme heat response
and mitigation. Notably, several cities have put in place procedures for early warning
systems, health preparedness before and during heatwaves, as well as recommended
medium to long-term infrastructure measures such as cool roofing and increasing tree
cover. However, processes for ward-level targeting and budgeting of interventions are still
evolving.

CHAITRA aims to strengthen the effectiveness of this planning process by providing an
interactive platform for city officials to prioritize and budget heat interventions at the ward
level. Using high-resolution satellite and spatial data, the platform identifies which wards
face the highest heat risk and diagnoses the specific drivers of that risk. It translates this
analysis into actionable estimates of intervention needs and costs. For example, it identifies
the hottest wards which lack tree shade, and the number of saplings and investment
needed to reach the 20% urban canopy target (MoHUA Urban Greening Guidelines 2014).
Similarly, priority wards for enhancing adaptive capacity through cool roofing, medical
infrastructure, and cooling shelters etc., are flagged.

The dashboard can provide a one-stop solution for city-level planning and significantly
strengthen inter-agency coordination by anchoring heat action around a shared, ward-
level evidence base. By clearly identifying priority wards and quantifying intervention
needs and costs, CHAITRA can enable urban local bodies, health departments, forest and
horticulture departments, public works agencies, and disaster management authorities to
align their mandates and budgets around common geographies and timelines. This reduces
fragmented planning, supports sequencing of short-term preparedness and longer-term
mitigation investments, and facilitates clearer roles across departments during heat events.
In doing so, CHAITRA can help translate Heat Action Plans from advisory documents into
coordinated, implementable programs that can be monitored, financed, and updated over
time.
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10.TECHNICAL ANNEXURE

Processing uses median compositing for temporal aggregation, bilinear resampling when
combining multi-resolution inputs (100m WorldPop, 500m VIIRS to 30m Landsat grid),
and zonal mean for ward-level aggregation. Normalization is city-specific to preserve local

40

variation. Wards with fewer than 30 built pixels are excluded from analysis.

TABLE 6: Technical annexure, and layer details

Layer S RIS How It Is Made Data Sources
Formula

Deviation from
city mean:

Step 1: Calculate city-wide mean
LST at 100m scale. Step 2: Sub-
tract mean from each pixel. Step

Landsat 8/9 LST (30m,

Urban _ 3: Dynamic range via P5/P95. Out- o . i
Hotspots HthDOt. =LST put: degrees C deviation per pixel ety 20222078, it
minus city-mean S U Voogt & Oke (2003).
LST (positive = ‘hotter, negatlv_e = c_ool-
er, zero = city average). Diverging
palette centred on white at zero.
H = ward LST deviation from city
mean (LST_hotspot), normalized Landsat LST (30m, April-July
IPCC ARG geo- P5-P95, floor 0.05. E = In(totalPop 2022-2025). WorldPop Global
. . 9 i + 1) -- log-transformed ward popu- 2 (R2025A), 2020 epoch
Population metric mean: : ; L :
Heat Risk Score = (H x E x lation, not normalized. V = building  (100m). GHSL Built-V 2025
V)~(1/3) X 100 density score (informalHousing- (100m). Ref: IPCC AR6 WGII
Score), normalized P5-P95, floor Ch.8 (Portner et al. 2022);
0.05. Classification: >=P70 = HIGH,  Tatem (2017).
P40-P70 = MEDIUM, <P40 = LOW.
H = ward mean LST, normalized
P5-P95. E = buﬂt fraction of_ward Sentinel-2 SR surface albe-
area, normalized P5-P95. V = . .
S . do primary (10m, Liang 2001
albedo deficit = 1 minus normal- )
IPCC ARG geo- ized built-weighted albedo. where formula); Landsat fallback
Cool Roof metric mean: built-wei htedg albedo = su’m(al- (30m). ESA WorldCover v200
Priority Score = (H X E x 9 class 50 (10m). Landsat LST

V)*(1/3) x 100

bedo x built fraction) / sum(built
fraction). Eligibility: built fraction
>=20%. Classification: >=P70 =
HIGH, P40-P70 = MEDIUM, <P40
= LOW.
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Ref: IPCC AR6 (2022); Liang
(2000D).



Layer

Tree
Planting
Priority

24-Hour
Heat
Zones

Risk Framework &
Formula

IPCC ARG geo-
metric mean:
Score = (V X E x
H)*(1/3) x 100

IPCC ARG geo-
metric mean:
Score = (H x E x
V)*(1/3) x 100

How It Is Made

V = canopy deficit = (0.20 minus
current canopy fraction) / 0.20,
clamped [0,1]. Zero if canopy
>=20% (MoHUA Urban Greening
Guidelines 2014). E = In(popula-
tion in sub-20% canopy pixels +
1. H = ward mean LST, normalized
P5-P95. Canopy from Dynamic
World V1 tree probability (10m,
April-July 2022-2025 median).
Cropland pixels excluded (ESA
WorldCover class 40). Eligibility:
built >=20%. Classification: >=P70
= HIGH, P40-P70 = MEDIUM, <P40
= LOW. Resources: 100 trees/ha
(IRC:SP:21-2009) x 1.5 mortality
buffer x Rs 700/tree.

H = normalized nighttime LST
index (P5-P95). Night LST: mean
of Terra (10:30 PM) and Aqua (1:30

AM). Daytime LST (Terra 10:30 AM,

Agua 1:30 PM) is computed but
not used in the score. Conversion:
K x 0.02 minus 273.15. E = In(ward
population + 1), not normalized.

V = nighttime radiance filtered to
non-residential areas using GHSL
Built-S NRES, normalized P5-
P95, clamped [0.01, 1.0], a proxy
for economic activity and foot-
fall. Classification: =P80 = HIGH,
P50-P80 = MEDIUM, <P50 = LOW.

Data Sources

Dynamic World V1 tree prob-
ability (10m). ESA World-
Cover v200 (10m). Landsat
LST (30m). WorldPop Global
2 (R2025A), 2020 epoch
(100m). April-July 2022-2025.
Ref: IPCC AR6 (2022); MoHUA
(2014).

MODIS Terra MODT11AT and

Agua MYDI1IAT night LST (1Ikm).

WorldPop Global 2 R2025A
(100m). VIIRS DNB monthly
composite (approximately
465m). GHSL Built-S NRES
(100m, 2025). April to July
2022 to 2025
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Layer

Risk Framework &
Formula

How It Is Made

Data Sources

Dense
Housing
Zones

Composite
Heat Risk
Index

Land Use

Composite of
three normalized
variables, each
P5-P95 city-spe-
cific

IPCC ARG geo-
metric mean: Risk
=(Hx Ex W) (1/3)

Direct classifica-
tion (categorical)

(1) Building volume: GHSL Built-V
2025 (m? per cell, capturing
horizontal coverage and vertical
height), normalized P5-P95. (2)
Vegetation deficit: inverse of tree,
shrub, and grass cover fraction
from ESA WorldCover v200,
normalized P5-P95. (3) Low-rise
indicator: inverse of building
height from GHSL Built-H 2018,
where lower buildings score higher,
separating low-rise informal fabric
from tall formal construction of
similar volume, normalized P5-P95.
Combined using geometric mean:
Score = (Volume x VegDeficit x
LowRise)”*(1/3). Analysis restrict-
ed to built-up pixels (WorldCover
class 50 or GHSL surface = 10%).
Classification: =P80 = HIGH,
P50-P80 = MEDIUM, <P50 = LOW.

H = H1 + H2. H1 = daytime LST
hotspot (ward deviation from city-
mean Landsat LST), normalized
P5-P95, floor 0.05. H2 = nighttime
LST hotspot (ward deviation from
city-mean MODIS night LST),
normalized P5-P95, floor 0.05. E =
In(totalPop + 1), floor 0.05. V = V1
+ V2 + V3. V1 = canopy deficit (1
minus normalized canopy fraction),
floor 0.05. V2 = dense housing
score, normalized, floor 0.05. V3 =
albedo deficit (1 minus normalized
built albedo), floor 0.05. Classifi-
cation: >=P70 = HIGH, P50-P70 =
MEDIUM, <P50 = LOW.

ESA WorldCover 11-class display.
Classes remapped to [0-10] for
palette alignment. No scoring --
context layer only.
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GHSL Built-V 2025 and Built-H
2018 (JRC, 100m, resampled to
10m). ESA WorldCover v200
(10m)

All layer outputs joined by
ward ID: IstWards, popHeat-
Wards, canopyGapWards,
coolRoofWards, informalHous-
ingWards. Ref: IPCC AR6 WGII
Ch.8 (Portner et al. 2022).

ESA WorldCover v200 (2021),
10m. Ref: Zanaga et al. (2022).



Statistical Validation of Ward-Level Differentiation

Inter-ward differences in all input variables are statistically significant (Mann-Whitney U,
p < 0.01) across all 14 cities. The coefficient of variation across wards follows a consistent
hierarchy: tree canopy cover (CV 150-310%), population density (CV 30-190%), nightlight
dimness (CV 31-72%), NDVI (CV 12-32%), built-up probability (CV 11-31%), and GHSL building
density (CV 12-27%). Daytime LST (CV 1.4-5.6%), nighttime LST (CV 1.5-5.0%), and built
albedo (CV 3.7-8.0%) show lower coefficients of variation.

The coefficient of variation is an inappropriate metric for temperature variables because it
expresses variation as a proportion of the mean, and temperature in degrees Celsius has an
arbitrary zero. The same 1 degree C difference that averages 22 degrees C will register as
4.6%, although the two magnitudes are still 1 degree C. The correct test for temperature is
the ratio of inter-ward signal to measurement uncertainty. Ward-mean LST in CHAITRA is
derived from approximately 15-25 cloud-free Landsat 8 and 9 scenes per summer season
across 2022-2025, with 1,500-10,000 pixels per ward at 30m resolution. Individual Landsat
LST retrievals carry an RMSE of approximately 1-2 degrees C (Duan et al. 2021; Garcia-Santos
et al. 2022; Sekertekin and Bonafoni 2020); averaging across scenes and pixels reduces the
ward-mean standard error to approximately 0.01-0.04 degrees C. The corrected signal-to-
noise ratio, defined as inter-ward standard deviation divided by ward-mean standard error,
ranges from 30 to 75 across the 14 cities. The mean LST difference between the top and
bottom 20% of wards ranges from 1.7 degrees C in Lucknow to 6.8 degrees C in Mumbai.
Cohen’s d for this comparison ranges from 3.8 to 8.3 across all 14 cities (all p < 0.01), where
a value of 0.8 is the conventional threshold for a large effect. The composite layer scores
show CV of 23-49% and Cohen’s d of 2.6-11.8 across all 14 cities and all five priority layers.
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