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Highlights
e Rural reference class alone moved the daytime SUHI by 3.03 °C and reversed its sign

e Residual Landsat-MODIS difference on a common grid exceeded the grid-size component
e At 1km the mean SUHI is essentially unchanged while the 99th-percentile area is lost
e Tail loss matches what averaging predicts from the observed patch fragmentation
e SUHI values are comparable only if reference, support and product are all reported
— ™
Abstract

Surface urban heat island (SUHI) intensity is commonly reported as a single daytime value from one thermal product and
one rural reference. Using Landsat daytime land surface temperature at 100 m and MODIS daytime and night-time LST at
1 km for the 2020 and 2025 hot seasons in Ahmedabad, India, with an urban mask defined independently of any thermal
input, we varied the rural reference class, spatial support, temporal aggregation and thermal product one element at a
time. Three results follow. The rural reference dominates the daytime estimate: holding epoch, product and season fixed,
the 2025 daytime intensity was +2.29 °C against natural vegetation, +1.02 °C against cropland and -0.74 °C against bare
and sparsely vegetated ground, a range of 3.03 °C that includes a change of sign. Aggregation attenuates different statistics
at very different rates, and the contrast can be made at a single support: moving the 100 m field to 1 km leaves the mean
intensity unchanged to within 2 % but retains none of the urban area exceeding the fine-grid 99th percentile. That surface
occupies 4.5 km? in 158 patches averaging about three pixels, so its loss is close to what block-averaging must produce
and quantifies fragmentation rather than revealing a new effect. Extending the rescaling to 2.9 km reduces the mean to 64
% of its fine-grid value, a decline we attribute tentatively to mixing of urban and rural land within coarse cells and do not
resolve here. Placing the two products on a common 1 km grid left a mean absolute monthly difference of 1.24 °C,
numerically equal to the daytime intensity being measured. Two qualifications apply. The residual is not attributable to
the instrument, since overpass time, platform, retrieval, screening and compositing differ between products and were not
separated; and the day-night comparisons reported here use fields of different spatial support and are not quantitative.
The findings indicate that SUHI values are not comparable across studies unless the reference class, spatial support and
product are reported together.

Keywords: surface urban heat island; land surface temperature; rural reference definition; spatial support; product
comparability; Ahmedabad.
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1. Introduction

Half a century after the first satellite observation of an urban thermal anomaly (Rao, 1972), the surface urban
heat island (SUHI) has become one of the most widely reported diagnostics in urban environmental science.
Its appeal is that a single differencing operation on a thermal image yields a number that appears to
characterise a city. That convenience conceals a dependency structure: a reported SUHI intensity is jointly
determined by the city, the thermal product used, the hour of the overpass, the season, the spatial support of
the pixel and the operational definition of "rural" (Voogt and Oke, 2003; Stewart and Oke, 2012; Zhou D. et al,,
2019). In temperate and humid-tropical settings these dependencies are comparatively benign, because the
midday urban-rural contrast is large, positive and robust to most reasonable analytical choices (Imhoff et al.,
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2010; Peng et al,, 2012; Clinton and Gong, 2013). The reporting convention of one daytime value, from one
product, against one reference was established in exactly the climates where it is least likely to fail.

Hot arid and semi-arid cities do not satisfy those conditions. Their surroundings are bright, dry, sparsely
vegetated soils with low thermal admittance and little evaporative cooling, and such surfaces warm rapidly
under high solar elevation. The midday contrast between city and countryside narrows and can invert,
producing a daytime surface urban cool island (Lazzarini et al.,, 2013; Rasul et al., 2015; Haashemi et al., 2016),
while after sunset the built fabric retains energy that the open plain radiates away (Oke, 1982; Arnfield, 2003;
Chow etal,, 2012; Oke et al,, 2017). Because thermal remote sensing samples the radiometric skin temperature
of the surfaces facing the sensor rather than canopy-layer air, the surface anomaly does not share the diurnal
phase of the air-temperature anomaly (Roth et al., 1989; Voogt and Oke, 2003).

1.1 What is already established for Ahmedabad

Ahmedabad is not an unstudied case, and the diurnal behaviour of its surface heat island has been documented
in detail. Mohammad et al. (2019) analysed sixteen years of MODIS observations (2003-2018) over the city,
in summer and winter and by day and night, and reported a mean negative SUHI during summer daytime, a
slight positive value in winter daytime (0.4 °C), and clearly positive nocturnal intensities in summer (1.8 °C)
and winter (3.2 °C). They attributed the negative daytime signal to the sparse vegetation of the rural surround,
where croplands give way to bare soil during the pre-monsoon season, and supported the satellite result with
a field campaign measuring LST at rural and urban sites in summer 2018. Mathew et al. (2022) examined
thirteen years of MODIS and Landsat data over the same city and showed that the association between LST
and surface descriptors differs between day and night: bareness correlated positively with LST during the day
but negatively at night, while vegetation was inversely and built-up index directly related in both. At the
national scale, Mathew et al. (2018) analysed diurnal surface temperature variation for SUHI assessment
across Indian cities, and Mohammad and Goswami (2021) quantified diurnal and seasonal SUHI intensity and
its determinants across Indian climatic zones. Related Indian work has identified vegetation cover as a
dominant intra-urban control (Grover and Singh, 2015) and reproduced the dependence of the surface energy
partition on land-use configuration in mesoscale simulation (Sultana and Satyanarayana, 2023). Consistent
with these, Shastri et al. (2017) found daytime SUHI intensity to be negative over most Indian urban areas in
the pre-monsoon season and positive at night, and Kumar and Mishra (2019) reported that Indian SUHI
intensity declines during heatwaves.

The day-night contrast in Ahmedabad, the negative or weak summer daytime intensity, the nocturnal positive
anomaly, and the reversal of surface-parameter associations between day and night are therefore established
results, not new ones. The present study does not report them as novel, and its claims are framed accordingly.
1.2 What remains unresolved

Three limitations persist in this body of work, and they concern measurement rather than phenomenon.
First, the rural reference is treated as a fixed definition rather than as a variable. Mohammad et al. (2019)
identified the composition of the rural surround as the reason for the negative daytime signal, but the
sensitivity of the reported intensity to that composition has not been quantified for the city. Because national
and continental analyses aggregate over cities whose surroundings range from irrigated cropland to bare
desert, the axis along which the daytime sign moves is precisely the axis that aggregation conceals.

Second, spatial support and thermal product are recognised individually as sources of discrepancy (Sobrino
et al,, 2012; Hu and Brunsell, 2013; Zhou D. et al., 2019) but are seldom separated from one another within a
single domain. Coarse and fine products differ simultaneously in grid, radiometry, overpass time, emissivity
treatment, quality screening and compositing, so a Landsat-MODIS difference carries no attribution unless the
grid is first held constant.

Third, the adequacy of a thermal product is normally judged by how well it reproduces a mean or a regression
slope. For intra-urban prioritisation the operative property is different: whether the upper tail of the
temperature distribution, carried by small and fragmented surfaces, survives aggregation. This has not been
reported as an explicit criterion alongside the conventional bulk statistics.

1.3 Aim and contribution

We therefore treat Ahmedabad not as a case in which to detect a heat island but as a domain in which to
measure how far areported SUHI depends on the decisions taken while measuring it. Three questions organise
the analysis. How much does the daytime intensity move when only the rural reference class changes? How
do bulk statistics and threshold exceedance respond to aggregation? And how large is the difference between
two thermal products once they are placed on a common grid, and what does that residual contain? A fourth
question, whether daytime and night-time observations rank the same parts of the city, is not resolved by the
present design. Night-time LST is available only at 1 km, and the day-night comparisons reported below are
computed against the 100 m daytime field, so each confounds time of day with spatial support. They are
therefore reported as secondary observations rather than as findings, and the corresponding statistics are not
interpreted quantitatively.
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The contribution is accordingly methodological and diagnostic rather than phenomenological. We quantify the
reference-class sensitivity of the daytime estimate for a city where that sensitivity has been invoked but not
measured; we report attenuation of threshold exceedance alongside attenuation of the mean and the variance,
as complementary criteria for judging a product; and we partition a two-product discrepancy into a grid-size
component and a residual, specifying what that residual does and does not contain. Throughout, where a result
proved dependent on analytical choice we report the range of outcomes rather than a single value, and where
the design cannot support an inference we say so.

2. Measurement Design As A Source Of Divergence

2.1 Support, product and definition

The reported SUHI depends strongly on how it is observed. Sobrino et al. (2012) showed that spatial resolution
and overpass time both alter the evaluated effect, and Hu and Brunsell (2013) that the temporal aggregation
of LST, meaning how many scenes are composited and how gaps are treated, changes the estimated intensity.
Emissivity assumptions embedded in retrieval algorithms propagate systematically into Landsat-derived
SUHI values worldwide (Chakraborty et al., 2021), and sub-pixel heterogeneity makes a coarse thermal pixel
a nonlinear mixture rather than a simple average of the surfaces it contains (Zaksek and Ostir, 2012; Zhan et
al,, 2013). Definitional choices matter comparably: the delineation of urban extent and its reference class can
shift intensities by degrees (Chakraborty and Lee, 2019; Li Y. et al,, 2021), and surface and air-temperature
heat islands are not interchangeable diagnostics (Anniballe et al., 2014; Venter et al., 2021). Reviewing this
evidence, Zhou D. et al. (2019) identified the resulting incommensurability of published SUHI values as an
obstacle to cumulative progress.

Two gaps follow. Scale and product are usually discussed together but estimated apart, so that a Landsat-
MODIS difference carries no attribution unless the grid is held constant; data-fusion approaches address the
practical need for frequent fine-resolution LST (Weng et al, 2014) without isolating what the products
contribute. And product adequacy is judged by reproduction of a mean, although for intra-urban prioritisation
the operative property is whether the extreme upper tail survives aggregation.

2.2 Attribution and its statistical difficulties

Explanations of why some urban surfaces are hotter than others typically regress LST on surface descriptors
such as vegetation indices, imperviousness, albedo, building metrics and population (Li]. et al., 2011; Zhou D.
et al, 2014; Bounoua et al., 2015; Zhou B. et al,, 2017; Xia et al., 2022). Thermal fields are strongly spatially
autocorrelated, so ordinary standard errors computed over millions of pixels are severely anti-conservative
and nominal significance is effectively guaranteed. Broad-scale predictors such as background climate and
population are well established as determinants of SUHI magnitude between cities (Zhao et al.,, 2014; Manoli
etal, 2019; Liu et al,, 2022), but they operate across cities and are silent about the within-city geography that
intervention requires. Where night-time controls have been examined, as in the sub-tropical diurnal analysis
of Chakraborty et al. (2017) or the seasonal hysteresis documented by Yang and Zhao (2023), the emphasis
has been on temporal trajectories rather than on the comparability of day and night estimates obtained at
different spatial supports.

A further disconnection is institutional. Heat action plans allocate resources through administrative units such
as wards and zones (Knowlton et al., 2014; Hess et al,, 2018), whereas thermal analyses report pixels or radial
profiles. Whether daytime and night-time observations identify the same units, and whether such a
comparison is meaningful when the two observations differ in spatial support, is rarely tested.

3. Study Area And Data

3.1 Study area

Ahmedabad (23.03° N, 72.58° E) lies on the alluvial plain of the Sabarmati river in Gujarat, western India, and
is the largest urban agglomeration in the state. Its climate is hot semi-arid (K6ppen BSh), organised around a
long and intense pre-monsoon season from March to June, a monsoon that arrives in late June, and a short
mild winter. Two features make the site suitable for the present purpose. The terrain is flat, which limits
elevation as a confounder of the urban-rural contrast. And the city operates an evaluated heat-health action
plan (Knowlton et al., 2014; Hess et al.,, 2018), so that the measurement choices examined here bear on
decisions that are actually taken.

The analysis domain is the city's functional urban area (Dijkstra etal., 2019) extended by a 10 km bulffer, giving
a fixed footprint of 3,770 km? (Fig. 1a) applied identically to both epochs so that no part of the epoch
comparison reflects a change in the region analysed. Within this domain the surrounding landscape is
predominantly cultivated rather than desert: cropland accounts for 67.9 % of the area and built-up land for
13.3 % (503 km?), with tree cover at 12.2 % and smaller fractions of shrub, grassland, bare ground and water.
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This composition matters for the interpretation of every daytime result reported below, because an irrigated
cropland reference and a bare-soil reference sit at opposite ends of the range over which the daytime SUHI
sign is known to move (Shastri et al., 2017; Kumar and Mishra, 2019).

3.2 Observational design

Rather than reporting a single intensity, we vary the elements that a conventional SUHI estimate holds fixed,
changing one at a time (Fig. 2). Six factors are varied: time of day (day, night); epoch (2020, 2025); thermal
product (Landsat, MODIS); spatial support (100 m to approximately 2.9 km); temporal aggregation (April,
May, June and the April-June composite); and rural reference class (all non-built land, cropland only, natural
vegetation only, bare and sparsely vegetated ground only). A full crossing of these factors is not
observationally available, because night-time LST exists only at 1 km and Landsat supplies no night-time
acquisition for this domain. Factors are therefore varied in nested groups such that each comparison isolates
one element while the remainder are held fixed. One consequence should be stated at the outset: daytime and
night-time observations are not available at a common support, so any direct day-night comparison of spatial
pattern in this study carries a difference in support as well as in time of day.

3.3 Land surface temperature

Two thermal sources were used, selected so that spatial resolution and time of day can be varied
independently (Table 1). Daytime LST at 100 m was obtained from Landsat 8 and 9 thermal infrared
observations, which cross the equator at approximately 10:30 local solar time. The 100 m grid corresponds to
the native acquisition resolution of the thermal instrument rather than to the 30 m grid on which Landsat
products are commonly distributed. This distinction matters here because the fine-grid percentile thresholds
and the patch sizes discussed in Section 5.4 are defined on that grid, and thresholds defined on resampled 30
m data would describe a different set of surfaces. Day and night LST at 1 km were obtained from MODIS
observations acquired by Terra and Aqua. Both sources were composited identically as per-pixel medians for
April, May and June separately and for the April-June season as a whole, the median being preferred to the
mean for its insensitivity to residual undetected cloud and to sensor artefacts. The retrieval chains behind the
two products differ in ways that matter for their comparison: MODIS land surface temperature derives from a
generalised split-window algorithm with classification-based emissivity, refined and validated in Collection 6
(Wan, 2014; Duan et al., 2019), whereas Landsat surface temperature rests on single-channel inversion with
atmospheric compensation from reanalysis profiles (Malakar et al., 2018), and its accuracy is sensitive to the
emissivity model adopted (Sekertekin and Bonafoni, 2020). Both approaches are reviewed by Li Z.-L. et al.
(2013), and open implementations for the Landsat archive are available in cloud-based processing
environments (Gorelick etal.,2017; Ermida et al., 2020). These differences are among the reasons the residual
term of Section 4.4 cannot be interpreted as an instrument effect alone.

All products were expressed in degrees Celsius on a common geographic grid (EPSG:4326). At the latitude of
the domain a nominal 100 m pixel measures 99.3 m north-south by 92.0 m east-west, and this anisotropy is
carried explicitly through every area and distance calculation rather than approximated. Valid-pixel coverage
exceeds 99 % in all products and months except June, when monsoon cloud reduces Landsat coverage to 94-
96 %; the seasonal composites are complete. Analysis is restricted to April-June, the period in which the pre-
monsoon surface is driest and heat constitutes an acute health hazard.

Because the nominal overpass times of the two platforms differ, with Terra near 10:30 and 22:30 local time
and Aqua near 13:30 and 01:30, the platform composition determines what "day" and "night" denote in the
MODIS composites. Landsat and MODIS also differ in spectral configuration, emissivity retrieval, atmospheric
correction, quality screening and the number of valid acquisitions contributing to each composite. Their
difference is therefore a compound quantity, and Section 4.4 separates from it only the component attributable
to nominal grid size. Because no thermal sensor supplies night-time LST at 100 m over this domain, the fine
spatial structure of the nocturnal field is not directly observable; night-time results are reported at their native
1 km support throughout and no downscaling is performed (cf. ZakSek and OStir, 2012; Zhan et al., 2013).

We note two reproducibility limitations of the present description. Product collection identifiers, per-month
counts of valid acquisitions, quality-flag settings and cloud-shadow screening rules are not reported here, and
the urban mask for the later epoch derives from the most recent available WorldCover release rather than
from a product contemporaneous with 2025. These details are required for full reproduction and are listed
among the items for deposition in the data availability statement.

3.4 Surface-property and ancillary data

Urban and rural masks were derived from the ESA WorldCover built-up class (class 50), resampled to the 100
m analysis grid and applied separately to each epoch (Zanaga et al., 2021, 2022). The mask lineage is
deliberately independent of any thermal input, so that the SUHI is never defined, even indirectly, by the
quantity it is intended to measure, a circularity that affects thermally derived urban extents (Chakraborty and
Lee, 2019).

Seven surface-property predictors were assembled at 100 m for both epochs: the normalised difference
vegetation index and surface albedo derived from Sentinel-2; building presence and building height from a
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global building-footprint layer; tree-canopy height from a global canopy-height product; surface-water
occurrence from the JRC Global Surface Water dataset (Pekel et al.,, 2016); and gridded population from the
Global Human Settlement Layer (Schiavina et al., 2023; Pesaresi et al., 2024). As an independent check on the
urban delineation we additionally used the texture-derived GHS-BUILT-S built-surface fraction (Pesaresi and
Politis, 2023), which shares no processing lineage with the WorldCover classification.

Administrative geography was represented by the 48 wards of the Ahmedabad Municipal Corporation (AMC),
covering 438 km?, rasterised onto the 100 m analysis grid.

3.5 Meteorological context

Independent meteorological context was taken from the ERA5 reanalysis (Hersbach et al., 2020), from which
we extracted summer mean air temperature, mean heat index, and annual counts of days falling in each NOAA
heat-index category. The heat index follows the standard apparent-temperature formulation grounded in the
physiological work of Steadman (1979) and implemented as described by Anderson et al. (2013). ERAS serves
strictly as an external, non-satellite reference against which the interannual behaviour of the thermal fields
can be checked; it is not used in the computation of any SUHI value.

Table 1. Inventory of thermal, surface-property and meteorological datasets. Native resolution refers
to the product as supplied; the analysis grid is the support at which each variable enters the
calculations reported here. Local overpass times are nominal.

Variable Source Native Local Temporal Use in this study
resolutio overpass aggregation
n
Daytime LST Landsat 8 100 m ~10:30 Median: Apr, May, Primary daytime
and 9 Jun, Apr-Jun field; scale ladder;
driver attribution
Daytime LST MODIS 1km %10:30 and Median: Apr, May, Cross-sensor
(Terra and 13:30 Jun, Apr-Jun comparison at
Aqua) matched time of
day
Night-time LST MODIS 1 km x22:30and | Median: Apr, May, | Primary night-time
(Terra and 01:30 Jun, Apr-Jun field; ward
Aqua) analysis
Land cover, ESA 10 m, — Per epoch Urban and rural
urban/rural mask | WorldCover used at sampling;
(Zanaga et al,, 100 m reference-class
2021, 2022) variants
Built-surface GHS-BUILT-S 100 m — Per epoch Independent check
fraction (Pesaresi and on urban
Politis, 2023) delineation
NDVI, albedo Sentinel-2 100 m — Seasonal Driver attribution;
composite hot-spot
composition
Building Global 100 m — Per epoch Driver attribution;
presence, building- hot-spot
building height footprint composition
layer
Tree-canopy Global 100 m — Static Driver attribution;
height canopy- hot-spot
height composition
product
Surface-water JRC Global 30 m, — Long-term Water exclusion;
occurrence Surface used at driver attribution
Water (Pekel 100 m
etal, 2016)
Gridded GHS-POP 100 m — Per epoch Population on hot-
population (Schiavina et spot surfaces
al, 2023)
Ward boundaries Ahmedabad Vector, — Static Zonal statistics;
Municipal rasterised spatial clustering
at100 m
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Variable Source Native Local Temporal Use in this study
resolutio overpass aggregation
n
Corporation,
48 wards
Air temperature, ERAS5 %31 km Hourly Seasonal mean; Independent

heat index (Hersbach et annual day counts meteorological

al,, 2020) context only

4. Methods

4.1 Definition of surface urban heat island intensity
For a given sensor s, epoch e and temporal aggregation t, surface urban heat island intensity is the difference
between the mean land surface temperature of urban pixels and that of rural pixels within the fixed domain:
SUHIIs,e,t = (1/NU) Yieu Ts,e,t(i) - (1/NR) ZjER Ts,e,t(j) (1)
where U is the set of urban pixels, R the set of rural pixels, and Ny, Nr their cardinalities. Urban pixels are those
classified built-up; rural pixels are all non-built, non-water land within the same footprint. Permanent water,
wetland and mangrove classes are excluded from both samples, so that neither the Sabarmati nor the
reservoirs within the domain can bias the contrast through the strong thermal signature of open water.
Analyses that require a spatially compact city, specifically the thermal-footprint calculation of Section 4.6, use
a contiguous urban core rather than the full built mask, because a simple distance-to-edge measure is not
meaningful in a landscape threaded with villages and road corridors. The core is defined as the union of
connected built patches of at least 25 km?; it covers 219 km?, approximately half of all builtland in the domain,
and its largest single component is 128 km?.
4.2 Epoch comparison on stable masks
To ensure that no part of the 2020-2025 difference reflects a change in land-cover labelling rather than a
change in temperature, all epoch comparisons are computed on stable masks, the intersections of the two
epochs' classifications:
Ux* = Uz020 N Uz02s, R* = Ra2020 N Rzo02s (2)
The thermal change is thus evaluated on a fixed set of ground whose classification did not alter between
epochs. We emphasise that two epochs support a statement about interannual difference, not about trend, and
the results are framed accordingly throughout.
4.3 Uncertainty under spatial dependence
Adjacent thermal pixels are strongly correlated, so a conventional standard error, which presumes
independent observations, would be smaller than the true sampling uncertainty by orders of magnitude on a
domain of this size. We therefore quantify uncertainty by a spatial block bootstrap. The block bootstrap
originates with Kiinsch (1989) for dependent sequences; the two-dimensional case used here follows the
treatment of spatially dependent data given by Lahiri (2003). The domain is partitioned into non-overlapping
square tiles of 50 pixels (approximately 5 km) at 100 m support and 5 pixels at 1 km support. Tiles are drawn
with replacement to reconstitute a domain of the original size, each tile carrying its constituent pixels together
with their urban or rural class membership, so that the urban-rural contrast is recomputed on each replicate
from whichever pixels the resampled tiles contain. The statistic is recomputed on each of B = 1,000 replicates.
Three properties of this scheme bound what the resulting intervals mean, and we state them rather than leave
them implicit. First, the precision of a block bootstrap rests on the resampled units being approximately
independent, which requires the tile to be large relative to the correlation length of the field. The 5 km tile is a
pragmatic choice, and the residual autocorrelation reported in the supplementary material is consistent with
a correlation range that may be of the same order. Where the range approaches or exceeds the tile, the tiles
are not independent and the intervals are correspondingly narrow. The intervals reported here should
therefore be read as lower bounds on the true sampling uncertainty. Second, the effective sample size is the
number of tiles, not the number of pixels: a 3,770 km? domain divided into 25 km? tiles yields about 151 of
them, and since built land occupies 503 km?, only the minority of tiles intersecting the urban class contribute
to the urban mean. The degrees of freedom underlying every interval reported here are therefore of order a
hundred or fewer, not of order the pixel count. Third, resampling with replacement can produce replicates in
which few tiles contain urban pixels, so that the urban mean is estimated from a small and unrepresentative
sample; such replicates are retained rather than discarded, which widens the interval and renders it
asymmetric. The reported 95 % interval is the 2.5th to 97.5th percentile of the resulting distribution:
Close% = [ Qo.02s5(SUHII*1.8), Qo.975(SUHII*1.8) ] (3)
The same procedure was applied to the SUHI intensities for which intervals are reported in Section 5. Because
the block bootstrap accommodates dependence within blocks but not between them, the intervals should be
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read as substantially more conservative than nominal standard errors while still not fully accounting for long-
range spatial structure.

4.4 Separating the grid-size component from the residual product difference

To separate the influence of nominal grid size from everything else that differs between two thermal products,
we construct a three-level ladder: Landsat at its native 100 m grid (L100); Landsat block-averaged onto the
MODIS 1 km grid (L1K); and MODIS at 1 km (M1K). The first step changes the grid while holding the product
constant; the second changes the product while holding the grid constant. The total discrepancy partitions
exactly:

Atotal = SUHII(M1K) - SUHII(L100) (4)
Agria = SUHII(L1K) - SUHII(L100), Aresidual = SUHII(M1K) - SUHII(L1K) (5)
Atotal = Agrid + Aresidual (6)

The identity in Eq. (6) holds by construction, so the partition is exact; what is estimated is the relative size of
the two terms. One property of Agria should be recognised before it is used as a denominator. Block-averaging
preserves the area-weighted mean of a field over a fixed set of cells, so if the urban and rural sets are held fixed
and the cells tile the domain completely, both class means are unchanged and Agrid vanishes identically. Any
departure from zero therefore reflects only incomplete cells at class boundaries and unequal cell weighting,
and Agrid is expected to be small a priori rather than as an empirical finding. The ratio p defined below is
reported for completeness but is not used as a headline result, for the reason set out in Section 5.5. L1K and
M1K, constructed here for the product comparison, also constitute a daytime field on the night-time grid. The
day-night comparisons of Sections 4.5 and 4.8 are computed on the native 100 m daytime field and are
qualified accordingly. Their ratio is summarised as

p= (lAresiduall) / (lAgridl) (7)
with the average taken over the six month-epoch combinations. Pixel-level agreement between L1K and M1K
is additionally reported as a Pearson correlation on the common grid, which distinguishes a systematic offset
from a loss of spatial correspondence.
The interpretation of Aresiqual requires care, and we state its content explicitly. It is the difference remaining
between two products after the nominal grid size has been equalised, and it therefore contains, in unseparated
combination: differences in overpass time between Landsat and the MODIS platforms; the composition of
Terra and Aqua observations within the MODIS composites; differences in LST retrieval algorithm and
emissivity treatment; atmospheric correction; cloud and quality screening; viewing geometry and its effect on
effective emitted radiance; the number and timing of valid acquisitions entering each composite; and any
residual mismatch introduced by block averaging onto a grid whose cells are not exactly co-registered with
the coarse product. We refer to it throughout as the residual product difference on a common grid, and we do
not attribute it to the instrument. The residual is therefore a compound quantity, and no part of it is attributed
to the instrument.
Separately, we walk a continuous scale ladder on the Landsat field from 100 m to approximately 2.9 km by
successive block averaging, and track three quantities as functions of pixel size k: the SUHI intensity itself; the
retention of intra-urban thermal texture,

No(k) = ou(k) / ou(ko) (8)
where ou is the standard deviation of LST over urban pixels, ko = 100 m, and To denotes the field at that finest
support; and the retention of the hot tail,

na(p, k) =A{Tk>1p } /A{To>Tp } (9)
where Tp is the p-th percentile of the urban LST distribution at the finest support. The threshold tp is held fixed
at its 100 m value across all k, so that na measures how much of the surface identified as extreme in the fine-
resolution field still exceeds that same absolute threshold after aggregation.

Two properties of this measure should be recognised. It is a threshold-exceedance statistic, not a test of
whether the locations of the warmest areas can still be identified: a coarse field may fail to exceed a fine-grid
threshold while still ranking the same places highest. The results in Section 5.4 are accordingly described as
attenuation of threshold exceedance, and no claim is made about detectability in the stronger sense. The mean
intensity is available at 1 km as the grid-size component of Eq. (5), so it can be compared with na at that support
directly; no was computed only at 2.9 km and is reported separately. At coarse support na is quantised in units
of one cell, giving a resolution of about 1 km? at the 1 km grid.
4.5 Hot-spot delineation and day-night congruence
Daytime and night-time hot spots were delineated as the urban surface exceeding a common percentile of the
respective temperature distribution, and their spatial correspondence quantified by the Jaccard index:

] = |Hday n Hnightl / |Hday U Hnightl (10)
We report ] for the hottest quintile and, separately, the resident population located within the 90th-percentile
hot surfaces of each period, obtained by summing the gridded population raster over those masks.
This comparison carries an important qualification. The daytime hot spots derive from Landsat at 100 m and
the night-time hot spots from MODIS at 1 km, so the two masks differ in spatial support as well as in time of
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day, and ] consequently confounds the two. A defensible day-night overlap statistic requires the daytime field
on the night-time grid, with identical alignment, urban mask and valid-data area, hot spots defined by
equivalent percentile or area criteria, and sensitivity to threshold and grid origin examined. The statistics
reported in Section 5.6 are computed on fields of differing support, and are therefore an indication that the
two observations rank different surfaces highly rather than a quantitative measure of congruence.
4.6 Thermal footprint
The spatial extent of the warm anomaly was measured by computing, for concentric distance bands outward
from the edge of the contiguous urban core, the band-mean day and night LST, using true ground distances
that respect the latitude-dependent pixel geometry. The far-field background Ty is the mean of all bands
beyond 15 km, and the decay distance is the first band at which the profile falls within an absolute threshold
of that background:

d* =min{d: |T(d) - Tbg| <0.5°C} (11)
Two properties of Eq. (11) limit its use. It is not amplitude-normalised: a fixed 0.5 °C criterion represents a
different fraction of the anomaly for a day profile of amplitude 1.4 °C than for a night profile of amplitude 4.7
°C, so decay distances computed this way are not directly comparable between the two. And a first-crossing
rule is ill-posed on a profile that is not monotonic, since a shallow profile that wanders near the threshold can
cross it at a distance that shifts substantially under small perturbations; Thg is itself an estimate carrying
sampling error, which compounds this. Decay distances obtained under Eq. (11) are therefore reported as
descriptive quantities, and Section 5.6 interprets the profiles through their amplitude and fitted decay scale
instead. Where the comparison matters we interpret the profiles in terms of amplitude and shape rather than
by d* alone. This defect is not carried by an amplitude-normalised criterion of the form d+« = min{d : (T(d) -
Tvg) / (T(0) - Thg) < a }, or a parametric description of the anomaly surface of the kind used by Keeratikasikorn
and Bonafoni (2018), which characterises extent through a fitted shape rather than a threshold crossing.
4.7 Attribution of the thermal field to surface properties
The daytime and night-time fields were also regressed on seven standardised surface predictors, with residual
spatial autocorrelation, collinearity and a thinned-sample refit assessed as diagnostics, and the composition
of the daytime thermal extremes summarised by a non-parametric dominance measure. Because the
specification does not adequately represent the spatial structure of the residuals and the accompanying
diagnostics are incomplete, these results are not presented among the findings of this paper. The full
specification, the estimating equations and the results are given in Supplementary Section S2, and are
described there as exploratory.
4.8 Ward-level aggregation and spatial clustering
To bring the analysis to the unit at which intervention is organised, per-ward means of daytime (Landsat) and
night-time (MODIS) LST and of each predictor were computed by zonal aggregation over the 48 AMC wards.
Ward night-time LST inherits the 1 km native support of MODIS and is consequently smoother than the
daytime field. This asymmetry is stated wherever ward-level day and night results are compared, and no claim
is made about night-time structure below the 1 km scale. The ward-level day-night comparison in Section 5.7
therefore contrasts fields of different spatial support, and is reported with that qualification.
Spatial clustering of ward heat was tested using queen-contiguity spatial weights, row-standardised, under
which wards sharing any boundary are neighbours. Global clustering was measured by Moran's I,

I=(n/So)  [ZiZwiyi-§)(yi- )1/ Zilyi-9)% So=2iZwi (12)
with inference from 9,999 conditional permutations. Local clusters were identified by the local Moran statistic
(Anselin, 1995),

Li=[(yi-9)/ mz] Zwiy; - §), m2=Zi(yi-§)*/n (13)
classified as high-high, low-low, high-low or low-high, and cross-checked against the Getis-Ord Gi* statistic
(Getis and Ord, 1992),

Gri=[Zwiyi-§Ziwi]/ (SV{[nZwi - (Zwi)?*]/(n-1)}) (14)
Because a local statistic is computed for every ward, the resulting p-values constitute a multiple-comparison
problem with dependent tests; significance is therefore assessed after false-discovery-rate control following
the procedure of Caldas de Castro and Singer (2006), which is designed for this setting. Identifying significant
clusters separately in the daytime and night-time maps does not by itself establish that the two differ: a formal
statement of difference would require a direct test on the day-night contrast rather than a comparison of two
independently thresholded maps. We therefore describe the two maps as displaying different spatial
configurations. Permutation p-values are reported at the resolution the permutation count supports; with
9,999 permutations the smallest attainable value is 1 x 10™* and results are reported as p < 0.001 rather than
as an exact zero.
4.9 Robustness across analytical choices
Because a single-city SUHI is sensitive to arbitrary methodological decisions, the daytime and night-time
intensities were recomputed under twenty alternative specifications varying the urban class, the rural
reference, the handling of water and wetland, the epoch of the land-cover mask and the treatment of outlying
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values. The full specification list and the estimate returned by each are given in the supplementary material.
The proportion of specifications returning a positive estimate describes the set of choices tested; it is not a
probability that the underlying quantity is positive, and the specifications are neither equally weighted nor
independent.

4.10 Software and reproducibility

Satellite compositing and zonal computation were performed in Google Earth Engine (Gorelick et al., 2017).
Every quantitative claim in the Abstract and Results is traceable to a named field in a machine-readable results
file; the mapping is given as Supplementary Table S1.

5. Results

5.1 Diurnal contrast in the two years analysed

In the 2025 hot-season composite, built land was 3.38 °C warmer than rural land at night (MODIS, 95 % CI
2.87-3.76) and 1.34 °C warmer by day on the same product, a night-to-day ratio of 2.5 (Fig. 3; Table 2). The
independent Landsat estimate of the daytime intensity at 100 m, +1.24 °C (95 % CI 0.80-1.73), agrees with the
MODIS daytime value to within 0.10 °C. Urban land cooled to 26.7 °C after dark while rural land fell to 23.3 °C.
These values are consistent in direction with what has previously been reported for Ahmedabad from longer
MODIS records (Mohammad et al,, 2019) and for Indian cities more generally (Shastri etal,, 2017; Mohammad
and Goswami, 2021), and we present them as context for the measurement analysis that follows rather than
as new findings. The magnitudes differ from earlier work: Mohammad et al. (2019) reported a summer
nocturnal intensity of 1.8 °C and a negative summer daytime intensity over 2003-2018, whereas the present
composites give +3.38 °C at night and a positive daytime value. Section 6.2 considers how far the definitional
choices examined here account for that difference.

5.2 The two years produced similar point estimates

The night-minus-day contrast was +2.07 °C in 2020 and +2.04 °C in 2025 (Table 2), a difference of 0.03 °C
between the two composites. Between the same epochs the mean daytime LST of the built core fell by
approximately 4.1 °C, while the daytime SUHI intensity changed by +0.44 °C and the night-time intensity by
+0.42 °C. A shift of 4.1 °C is large for a seasonal median, and its origin cannot be established from the present
reporting: it is consistent with a genuine difference in surface conditions between the two seasons, but also
with a difference in the number, dates and clear-sky character of the acquisitions entering each composite.
Per-month valid-acquisition counts and dates for both products are required to separate the two, and are not
reported here. Independent reanalysis indicates that 2020 was the warmer season: ERA5 recorded 117 heat-
index danger-days and 109 heatwave days in 2020 against 45 and 38 in 2025.

We report these as similar point estimates and draw no inference of stability from them. Two composites, each
aggregating a modest number of acquisitions, cannot establish that the day-night contrast is a persistent
property of the city. A confidence interval for the difference between epochs was not computed, and doing so
would require propagating the temporal sampling uncertainty of the individual acquisitions entering each
composite; additional years between 2020 and 2025 would be needed to test persistence directly. The
agreement to 0.03 °C is therefore a description of two numbers, not evidence of reproducibility or invariance.
5.3 The rural reference class dominates the daytime estimate

Holding epoch, product and season fixed and varying only the class of land treated as rural, the 2025 daytime
intensity was +1.02 °C against cropland, +2.29 °C against natural vegetation and -0.74 °C against bare and
sparsely vegetated ground (Fig. 4a; Table 2). The range of 3.03 °C spans zero, so the sign of the reported
daytime heat island in this city is determined by a definitional decision rather than by the thermal field.
Season contributes a comparable dependence. In May 2020 the built core was 1.26 °C cooler than its rural
surroundings, the bare pre-monsoon plain having reached 53.3 °C while the partly vegetated built core
reached 52.1 °C. Across twenty analytical specifications differing in urban class, rural reference, water
handling, mask epoch and outlier treatment, the daytime estimate ranged from -0.7 to +2.6 °C and was positive
in 95 % of specifications, while the night-time estimate ranged from +2.8 to +3.9 °C and was positive in all of
them (Fig. 4b). The proportion of positive specifications describes the set of choices tested and is not a
probability that the underlying quantity is positive; the specification list is given in the supplementary
material.

This result gives quantitative form to an explanation previously offered qualitatively. Mohammad et al. (2019)
attributed the negative summer daytime SUHI of Ahmedabad to the cropland-to-bare-soil transition of the
rural surround. Our domain is 67.9 % cropland, and against cropland the city is warmer, whereas against bare
ground it is cooler. The composition of the reference class is therefore sufficient to move the estimate across
zero, which is consistent with their interpretation and quantifies the sensitivity involved.

Table 2. Surface urban heat island intensity (urban minus rural mean land surface temperature, °C)
on stable masks. Values for 2020 are obtained from the 2025 values and the reported epoch
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differences. Confidence intervals are the 2.5th and 97.5th percentiles of a spatial block bootstrap

with B = 1,000 replicates.

Estimate Landsat day, 100 m MODIS day, 1 km MODIS night, 1 km
2020 April-June +0.80 +0.89 +2.96
composite
2025 April-June +1.24 (0.80 to 1.73) +1.34 +3.38 (2.87 to 3.76)
composite
Change, 2020 to 2025 +0.44 — +0.42
Night minus day, 2020 — +2.07 —
Night minus day, 2025 — +2.04 —
Urban / rural LST, 2025 — — 26.7 / 23.3°C
composite
May 2020 (month of sign | -1.26 (urban 52.1, rural — —
reversal) 53.3)
2025 composite, +1.02 — —
cropland reference
2025 composite, natural- +2.29 — —
vegetation reference
2025 composite, bare / -0.74 — —

sparse reference
Range across 20
analytical variants

-0.7t0 +2.6 (95 % —
positive)

+2.8to +3.9 (all
positive)

5.4 Aggregation preserves the mean and removes the tail, at a common support

The two halves of this result can be compared at a single spatial support, and we do so first because that
comparison is the cleanest the design permits. Moving the 100 m Landsat field onto the 1 km grid changes the
mean intensity by +0.02 °C, averaged over the seasonal composites, which is the grid-size component of Eq.
(5). Against a fine-grid intensity of +1.24 °C this is a change of under 2 %, so the mean is to that precision
unaltered by the rescaling. Evaluated on the same 1 km field with thresholds held at their 100 m values (Eq.
9), the urban area exceeding the 90th percentile falls from 45 to 21.9 km?, a retention of 49 %; that above the
95th percentile falls from 22 to 8.2 km?, a retention of 37 %; and that above the 99th percentile falls from 4.5
km? to zero (Fig. 5a; Table 3). At one and the same support, therefore, the mean intensity is essentially
preserved while the extreme tail is removed entirely.

One qualification attaches to this comparison. The grid-size term is a mean over the two seasonal composites,
whereas the exceedance terms are computed for the 2025 composite alone, so the two are matched in support
but not in epoch. The epoch-averaged change is 0.02 °C against a signal of 1.24 °C, so any epoch-specific
departure would have to be an order of magnitude larger than the mean to affect the comparison.

Extending the rescaling to approximately 2.9 km reduces the mean intensity to +0.79 °C, a retention of 64 %,
and leaves 67 % of the intra-urban standard deviation. This raises a question the present analysis cannot settle.
A tenfold increase in linear pixel size costs nothing in the mean, whereas a further factor of 2.9 costs a third of
it, which is not the behaviour of a smoothly degrading statistic. The most likely explanation is mixing of the
urban and rural classes: as cells grow, an increasing share of them contain both, the two class means converge,
and their difference contracts. If that is the cause, the decline beyond 1 km measures degradation of the urban
mask rather than of the thermal field, and the two supports are not measuring the same thing. A second
possibility is that the two analyses aggregate or re-derive class membership differently, in which case they
should not be read as a single curve. We report the values as computed, flag the discontinuity, and identify the
fraction of mixed cells as a function of support as the diagnostic that would distinguish the two explanations.
The matched-support comparison at 1 km is unaffected by this question, which is why it is stated first.

The complete loss of the 99th-percentile surface should be read against what block-averaging must produce.
That surface occupies 4.5 km? in 158 separate patches, a mean patch of about 28,500 m?. At the pixel geometry
of this domain a 100 m cell covers 9,136 m?, so the mean patch is roughly three fine pixels, and a 1 km cell
holds about 110 of them; the patch therefore occupies some 2.9 % of a coarse cell. For an unweighted mean
over complete cells, the cell value is the local background plus the patch excess weighted by that areal fraction,
so a patch surviving the original threshold after averaging would need to exceed its surroundings by the
inverse of the fraction, about thirty-five times the margin separating threshold from background.

That factor depends on what the rest of the cell contains. Thirty-five applies when the remainder of the cell
sits at the far-field background. With residual spatial autocorrelation as high as is observed here, the
neighbourhood of a 99th-percentile patch is itself warm, and the required excess falls accordingly: to about
eighteen times the margin if the surround lies midway between background and threshold, and to about seven
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times if it lies at four-fifths of the margin. Even the least demanding of these is far outside the observed
distribution, whose intra-urban standard deviation at 100 m is 2.08 °C, so the conclusion holds; but the margin
is narrower than the cold-surround figure implies. The informative pattern is the progression across
percentiles, from 49 % to 37 % to zero, which shows that the property governing survival is patch size relative
to cell size rather than temperature alone.

Three limits bound this analysis. Exceedance of a fixed threshold is not the same as detectability: a coarse field
may fail to exceed a fine-grid threshold while still ranking the same locations highest. The analysis therefore
bears on threshold exceedance alone. At 1 km the retained area is quantised in units of one cell, so the
resolution of the retention statistic is about +1 km?, which matters most for the 99th-percentile row where
the reported value is zero. And the reference population defining the percentile thresholds is the set of urban
pixels carrying valid data in the composite concerned, whose area of approximately 450 km? is about a tenth
smaller than the 503 km? of built-up land; the three percentile levels agree on that figure, so the exceedance
statistics are internally consistent.

5.5 A residual difference remains between products on a common grid

Placing the two products on a common 1 km grid separates the component attributable to nominal grid size
from everything else that differs between them (Eqgs. 4-7). The residual difference between products on the
identical grid averaged 1.24 °C in absolute value across individual months. That figure is numerically equal to
the daytime SUHI intensity measured at 100 m, so under this comparison the discrepancy that remains after
grid size has been equalised is the same size as the signal being measured. We take that absolute statement,
rather than any ratio, as the result.

The grid-size component itself averaged 0.21 °C in absolute value across months and +0.02 °C for the seasonal
composites, giving a ratio p = 5.9 (Fig. 5b; Table 3). This ratio should be treated with caution and is not used
as a headline. Block-averaging preserves the area-weighted mean of a field over a fixed set of cells, so when
the urban and rural sets are held fixed and cells tile the domain completely the class means are unchanged and
Agrid is zero by construction; the small values observed arise only from incomplete cells at class boundaries
and from unequal cell weights. A ratio whose denominator is driven toward zero in this way is not a stable
summary, its magnitude can be increased simply by improving grid alignment, and no interval is attached to
it. The defensible content of the comparison is that the residual is large in absolute terms, not that it is 5.9
times something small.

The residual is not an instrument effect. It contains, unseparated, the differences in overpass time, platform
composition, retrieval algorithm, emissivity treatment, atmospheric correction, quality screening, viewing
geometry and valid-acquisition availability listed in Section 4.4. Its seasonal structure is consistent with that
compound character: the largest single monthly difference, 3.61 °C, occurred at monsoon onset in June 2020,
when acquisition conditions and cloud screening differ most between the products, and pixel-level agreement
on the common grid fell from r = 0.86 in the 2025 composite tor = 0.25 in June 2020. A low correlation between
two measurements of the same surface indicates a loss of spatial correspondence rather than a calibration
offset, and identifies monsoon-transition months as the period in which cross-product comparison is least
reliable. No part of the residual is attributed to the instrument itself, since the design does not separate the
contributing terms.

Table 3. Attenuation of the thermal field under aggregation, and partition of the Landsat-MODIS
difference into a grid-size component and a residual on a common 1 km grid (Eqs. 4-7). Retention
fractions use thresholds fixed at their 100 m values (Eq. 9). The first four rows are all evaluated at 1
km and are therefore comparable in support, although the grid-size term is a mean over the seasonal
composites while the exceedance terms are for 2025 alone; the two rows at 2.9 km are shown for
context and are discussed in Section 5.4. The residual is not an instrument effect; its composition is
given in Section 4.4. Confidence intervals were not computed for these quantities, and retained areas
at 1 km are quantised in units of about 1 km?.

Quantity Value Interpretation
Mean SUHI intensity, 100 m = 1 km +1.24 °C; change of +0.02 °C Mean unchanged to within 2
% at 1 km (epoch-averaged)
Hot-surface area > 90th percentile, 100 45 - 21.9 km? (49 % About half survives
m—1km retained)
Hot-surface area > 95th percentile, 100 | 22 — 8.2 km? (37 % retained) About a third survives
m— 1 km
Hot-surface area > 99th percentile, 100 | 4.5 — 0.0 km? (0 % retained) Tail removed at the same
m — 1 km support at which the mean is
preserved
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Quantity

Value

Interpretation

Extent and fragmentation of the hottest
1%at100m

4.5 km? across 158 patches;
mean patch = 3 pixels

Patch size, not temperature
alone, governs survival

Mean SUHI intensity, 100 m = 2.9 km

+1.24 - +0.79 °C (64 %

Decline beyond 1 km;

retained) mechanism unresolved
Intra-urban standard deviation, 100 m — 2.08 - 1.40°C (67 % Reported at 2.9 km only
2.9 km retained)
Pure grid-size component, seasonal +0.02 °C Expected near zero by
composites (mean) construction (Section 4.4)
Pure grid-size component, monthly 0.21°C Reference magnitude for a
(mean absolute) tenfold change in pixel size
Residual product difference, monthly 1.24°C Equal to the daytime SUHI
(mean absolute) intensity measured at 100 m
Ratio p = (|Aresidual|) / (|Agrid|) 5.9 Reported for completeness;

denominator is near zero by
construction
Monsoon onset; overpass and
cloud handling diverge
Loss of spatial
correspondence, not a
calibration offset

Largest single monthly discrepancy 3.61 °C (June 2020)

r=0.86 (2025 composite); r =
0.25 (June 2020)

Pixel agreement on the common grid

5.6 Amplitude of the anomaly and the ranking of daytime and night-time surfaces

Measured outward from the urban-core edge, the core ran +4.66 °C above the far-field background at night
and +1.44 °C above it by day (Fig. 6), the nocturnal amplitude being 3.2 times the daytime one. This ratio is not
the same quantity as the night-to-day ratio of 2.5 reported in Section 5.1: the latter contrasts all built land with
all non-built land, whereas this one contrasts the contiguous core with the far field, and the two geometries
need not give the same figure.

Under the fixed absolute criterion of Eq. (11) the night profile reaches within 0.5 °C of background at about 9
km and the day profile at about 12 km. These distances are not comparable as reported, for two reasons. The
threshold is a different fraction of each amplitude, 35 % by day against 11 % at night, so the criterion is far
more demanding after dark. And the background itself is estimated as the mean of bands beyond 15 km, so it
carries a sampling error that is not propagated into the crossing distance.

Expressing the profiles instead through an exponential decay length, for which A-exp(-d/L) reaches 0.5 °C at
the observed distances, gives L * 11.3 km by day and L = 4.0 km at night. On that reading the nocturnal anomaly
is both substantially larger in amplitude and roughly three times more spatially concentrated. We flag this as
unresolved rather than interpret it. Nocturnal anomalies are not generally expected to be more compact than
daytime ones, and the night field is observed at 1 km while the day field is observed at 100 m, so the coarser
observation is showing the sharper spatial decay, which is the opposite of what differences in support alone
would produce. Three explanations are available and the present data do not separate them: a real
concentration of nocturnal storage on the dense built core; an artefact of applying a first-crossing criterion to
a daytime profile that is shallow, noisy and non-monotonic, with a local maximum just outside the core edge,
so that the crossing distance is unstable under small perturbations; or a difference between the two periods
in the far-field background against which each profile is referenced. The first-crossing criterion is the least
robust element of this comparison, and the amplitudes rather than the crossing distances carry the
interpretable content.

The hottest urban quintile by day and by night overlapped at a Jaccard index of 0.16, with 27 % of daytime
hot-spot area also night-time hot-spot area, and the resident population located within the 90th-percentile
night-time surfaces was 2.6 million against 0.6 million for the corresponding daytime surfaces. These figures
must be read with the qualification stated in Section 4.5: the daytime mask derives from Landsat at 100 m and
the night-time mask from MODIS at 1 km, so the comparison confounds spatial support with time of day, and
a low overlap is expected on those grounds alone. We therefore treat the overlap statistics as an indication
that the two observations rank different surfaces highly, and not as a quantitative measure of day-night
congruence. A defensible value requires the recomputation on a matched grid described in Section 4.5.

The population figures likewise describe the resident population recorded within the mapped surface-
temperature zones. They do not measure the number of people present at the overpass time, individual heat
exposure, air temperature, indoor conditions or physiological heat stress.
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5.7 Ward-scale configuration

Across the 48 wards of the Ahmedabad Municipal Corporation, mean surface temperature was 45.8 °C by day
and 26.2 °C at night (Fig. 7; Table 4). The warmest wards by day were the eastern industrial estates, led by
Odhav, and by night the dense wards of the historic walled city: Dariyapur, Khadia, Jamalpur and Gomtipur.
The rank correlation between ward-mean daytime and night-time temperature was weak and not statistically
significant (Spearman p = -0.18, 95 % CI -0.46 to +0.13, p = 0.22, n = 48). With 48 wards the interval excludes
only strong positive association, so this result is compatible with anything from a moderate negative to a weak
positive relationship and should not be read as evidence that the two rankings are unrelated. The comparison
also uses fields of different spatial support and was not repeated at matched support.

Ward heat is spatially clustered (Fig. 8). Global Moran's I was +0.56 for daytime and +0.47 for night-time ward
LST (both p <£0.001, 9,999 permutations). Local analysis identified a daytime high-high cluster of eight wards
in the eastern industrial belt (Odhav, Vastral, Ramol-Hathijan and neighbours) and a twelve-ward low-low
cluster across the planned western wards, while the night-time high-high cluster of nine wards lay in the
historic core and the four-ward low-low cluster in the southern and south-western periphery. The two maps
display different spatial configurations. We do not claim that the daytime and night-time clusters are
statistically different, since that would require a direct test on the day-night contrast rather than a comparison
of two separately thresholded maps.

Ward-mean daytime LST was weakly and not significantly related to ward-mean greenness (Spearman p =
-0.10, 95 % CI -0.39 to +0.21, p = 0.49), an interval wide enough to be uninformative. At this level of
aggregation the wards are uniformly built, and the finer-scale vegetation association reported in the
supplementary material is averaged away.

Table 4. Ward-scale summary for the 48 wards of the Ahmedabad Municipal Corporation, April-June
2025 composite. Daytime values derive from Landsat at 100 m and night-time values from MODIS at 1
km; the two fields differ in spatial support and the day-night comparisons in this table were not
repeated at matched support. Rank-correlation intervals are Fisher z intervals on n = 48 wards.
Permutation inference uses 9,999 conditional permutations under queen contiguity with false-
discovery-rate control. No intervals were computed for the ward-mean temperatures.

Quantity Daytime (Landsat, | Night-time (MODIS, Notes
100 m) 1 km)
Ward-mean LST, all 48 wards 45.8 °C 26.2 °C 1.1°Cand 2.9 °C
above the
corresponding rural
background
Warmest ward Odhav, 48.0 °C Dariyapur, Khadia, Eastern industrial
Jamalpur and estates by day;
Gomtipur, each near historic walled city
28.1°C by night

Rank correlation between ward
daytime and night-time LST

p=-0.18 (95 % CI
-0.44t0+0.11;p=
0.22)

Interval wide;
compatible with
moderate negative
through weak
positive association

Rank correlation between ward
LST and ward NDVI

p=-0.10 (95 % CI
-0.37t0+0.19; p =
0.49)

Uninformative at this
level of aggregation

Global Moran's |

+0.56 (p < 0.001)

+0.47 (p < 0.001)

Ward heat is
spatially clustered in
both periods

Local clusters: high-high / low-
low

8 / 12 wards

9 / 4 wards

Daytime high-high in
the eastern
industrial belt; night-
time high-high in the
historic core
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6. Discussion

6.1 What the measurement analysis shows

The three questions posed in Section 1.3 admit reasonably clear answers. The secondary question of day-night
ranking does not, for the reason given there.

The rural reference class is the dominant discretionary influence on the daytime estimate in this domain. A
3.03 °C range obtained by changing nothing but the class of land treated as rural is larger than the daytime
intensity itself under any of those definitions, and it includes a change of sign. Any daytime SUHI value reported
for a semi-arid city without specifying the reference class is therefore uninterpretable at the precision usually
implied, and values from studies using different reference definitions should not be compared directly.
Aggregation attenuates bulk statistics and threshold exceedance at markedly different rates. About a third of
the mean intensity and a third of the intra-urban standard deviation are lost at 2.9 km, whereas none of the
area above the fine-grid 99th percentile survives at 1 km. Two limits on this comparison must be kept in view:
the measures were evaluated at different supports, and exceedance of a fixed threshold is not the same as
detectability, since a coarse field may fail to exceed a fine-grid threshold while still ranking the same locations
highest. What follows is a recommendation to report threshold behaviour alongside bulk statistics when
judging a product, not a demonstration that coarse products cannot locate warm areas.

Placing two products on a common grid leaves a residual several times larger than the grid-size component.
This is the clearest practical implication of the study, and it is also the result most easily over-interpreted.
What the analysis establishes is that, for this domain and season and under this particular comparison,
differences between the Landsat and MODIS composites that are not attributable to nominal grid size were
larger than the component that is. It does not establish that the instruments themselves disagree, because
overpass time, platform composition, retrieval, screening and compositing were not separated.

The secondary question, whether daytime and night-time observations rank the same parts of the city, is not
answered here. Both the pixel-level overlap statistic and the ward-scale rank correlation compare a 100 m
daytime field with a 1 km night-time field, so each confounds time of day with spatial support, and the ward-
level correlation is in any case too imprecise to be informative (p = -0.18, 95 % CI -0.44 to +0.11). The
matched-support daytime field required to resolve this is constructed within the present analysis for the
product comparison of Section 4.4, so the recomputation is available and is the single most valuable extension
to this work. We make no claim on the question until it is done.

6.2 Relation to previous work on Ahmedabad

The city's diurnal SUHI behaviour has been documented over far longer records than the two seasons analysed
here. Mohammad et al. (2019) reported, from sixteen years of MODIS observations, a negative summer
daytime SUH]I, positive nocturnal intensities of 1.8 °C in summer and 3.2 °C in winter, and supporting in-situ
measurements from a 2018 field campaign; Mathew et al. (2022) reported day-night reversal in the
association between LST and surface bareness over thirteen years (Table 5). The present study neither
confirms nor extends those findings in the temporal dimension, and its two composites are a much weaker
basis for statements about the city's thermal behaviour than the records already published.

The differences between our values and theirs are themselves informative about the measurement question.
Where Mohammad et al. (2019) report a negative summer daytime intensity, our seasonal composite is
positive; where they report 1.8 °C at night, we report 3.38 °C. Several documented sensitivities could
contribute: the rural reference class, which we show moves the daytime estimate across a 3.03 °C range and
which differs between the two studies; the urban delineation; the analysis period, sixteen years against two;
and the platform and compositing rules of the MODIS products used. Our reference-class result is sufficient in
magnitude to account for a sign difference of the size observed, which supports the interpretation Mohammad
et al. offered for the negative daytime signal, but we have not reproduced their processing chain and cannot
attribute the discrepancy to any single factor. This is itself an illustration of the incommensurability that Zhou
D. et al. (2019) identified: two careful studies of the same city, using overlapping products, report daytime
intensities of opposite sign, and the difference is plausibly definitional rather than physical.

Table 5. Previously published surface urban heat island results for Ahmedabad and for Indian cities,
and the relation of the present study to each. Values in the third column are as reported by the cited
authors.

Study Data and period Reported for Ahmedabad or Relation to the present
Indian cities study
Mohammad et al. MODIS, 2003- Mean negative SUHI in summer Establishes the diurnal
(2019) 2018, summer and daytime; +0.4 °C winter pattern over a far longer
winter, day and daytime; +1.8 °C summer night- record than the two
night; field time; +3.2 °C winter night-time. | seasons analysed here. The
campaign 2018 Negative daytime signal present study quantifies
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Study

Data and period

Reported for Ahmedabad or
Indian cities

Relation to the present
study

attributed to cropland turning
to bare soil in the pre-monsoon
rural surround

the sensitivity of the
daytime estimate to the
rural reference class that
they identify as the cause
(Section 5.3)

Mathew et al.
(2022)

MODIS (Terra and
Aqua) and
Landsat, 2003-
2015, three
seasons, day and
night

LST inversely related to
vegetation index and directly to
built-up index; positively
related to bareness by day but
inversely at night

Reports the day-night
reversal in surface-
parameter associations for
this city. The corresponding
associations, reported in
Supplementary Section S2,
are consistent with this and
do not extend it

Mathew et al.
(2018)

Diurnal surface
temperature
analysis across
Indian cities

Diurnal surface temperature
variation used to assess SUHI
over Indian cities

National-scale context for
the diurnal behaviour
treated here as established
background

Mohammad and
Goswami (2021)

Indian cities across
climatic zones,
diurnal and

Diurnal and seasonal variation
of SUHI intensity and its
determinants quantified by

Places Ahmedabad's semi-
arid behaviour in a national
classification; not re-

seasonal climatic zone examined here
Shastri et al. India-wide MODIS, Daytime SUHI negative over Consistent in direction with
(2017) day and night most urban areas in pre- the reference-class

monsoon, positive at night

dependence quantified in
Section 5.3

Kumar and Mishra
(2019)

Indian cities,
MODIS, heatwave
and reference
periods

SUHI declines during
heatwaves: day -0.3 + 0.7 °C,
night -0.3 £ 0.4 °C

Directionally consistent
with the appearance of the
May 2020 daytime cool
island in the season with
more ERAS heatwave days;
two seasons cannot test the
relationship

Rasul et al. (2015)

Erbil, semi-arid,
Landsat 8, dry-
season daytime

Daytime urban cool island of
3.5-4.6 °C; LST correlated with
brightness r = +0.75 and
wetnessr =-0.90

Comparable setting with a
stronger daytime cool
island, consistent with a
desert rather than
cultivated surround; also
reports the brightness
association discussed in
Section 6.6

6.3 Comparison with other semi-arid and Indian settings
Against the wider literature the results sit unremarkably in direction and are informative mainly in magnitude.
Rasul etal. (2015) measured a daytime urban cool island of 3.5-4.6 °C in semi-arid Erbil and identified surface
wetness rather than greenness as the controlling variable; Lazzarini et al. (2013, 2015) documented inversion
of the conventional pattern in desert cities of the United Arab Emirates; Haashemi et al. (2016) showed that
the sign and strength of the contrast follow the seasonal moisture cycle. Ahmedabad's daytime cool island,
where it appears at all, is weaker than these, which is consistent with a cultivated rather than a desert
surround. Kumar and Mishra (2019) reported that Indian SUHI intensity declines during heatwaves; our two
seasons differ substantially in ERA5 heatwave days, and the season with more heatwave days is the one in
which the May daytime cool island appears, which is directionally consistent, though two seasons cannot test

the relationship.

On the measurement side, Sobrino et al. (2012) established that resolution and overpass time both affect the
evaluated SUHI and Hu and Brunsell (2013) that temporal aggregation does likewise. The present
decomposition adds a magnitude for one partition of that problem in one domain, namely that the non-grid
residual exceeded the grid-size component by roughly a factor of six under the comparison used.
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6.4 Implications for reporting

Three recommendations follow. A reported SUHI should be accompanied by the reference class, the product
and collection, the platform and overpass time, the compositing rule and gap treatment, and the lineage of the
urban mask; each was shown here, or is known from the cited literature, to be capable of moving the estimate
by an amount comparable to the estimate itself. Cross-product comparison should be conducted on a common
grid so that the grid-size component can be separated, and the residual described as such rather than as an
instrument effect. And monsoon-transition months are unsuitable for cross-product comparison in this
climate, given the loss of pixel-level correspondence observed in June 2020.

6.5 Relevance to heat planning, and its limits

Ahmedabad implemented South Asia's first municipal heat-health action plan following a 2010 heat event
associated with a spike in all-cause mortality (Azhar et al., 2014; Knowlton et al., 2014), a plan subsequently
associated with reduced mortality (Hess et al., 2018). Heatwave frequency has risen across India over recent
decades (Rohini et al., 2016) and heatwave periods carry measurable increases in mortality risk (Mazdiyasni
etal, 2017), so it is tempting to translate thermal results directly into targeting advice. We do so only weakly,
because the analysis does not support more.

What the results indicate is that a monitoring programme relying on a single daytime, kilometre-scale
composite would characterise the city differently from one using night-time observations, both in the wards it
ranks highest and in the fine-scale surfaces it retains. Night-time temperature is relevant to heat-health
outcomes on independent grounds, since impaired overnight recovery is an established component of heat-
related mortality risk (Laaidi et al., 2012; Murage et al., 2017; Royé, 2017), within an epidemiology in which
ambient temperature carries substantial attributable mortality (Gasparrini et al., 2015; Vicedo-Cabrera et al.,
2021) and for which a broad portfolio of responses has been reviewed (Jay etal., 2021). Those results concern
air temperature and human exposure, not land surface temperature.

That distinction is essential and we maintain it throughout. Land surface temperature is a radiometric skin
temperature of the surfaces visible to a nadir-viewing sensor. It is not near-surface air temperature, not the
heat index, and not human heat exposure, and the relationships among them are neither fixed nor spatially
uniform (Venter etal., 2021; Nazarian et al., 2022). The population figures in Section 5.6 are counts of residents
recorded within mapped surface-temperature zones, not measures of exposure. The ERA5 statistics are
contextual meteorological evidence that one season was warmer than the other; they do not demonstrate that
the satellite results represent human heat exposure. Nothing in this study identifies which populations are at
risk, and the maps presented here should not be read as heat-risk maps.

Within those limits, the finding with the clearest planning relevance is the reference-class sensitivity, because
it concerns how a monitoring indicator should be defined. A programme that tracks daytime SUHI against an
unstated or drifting rural reference may register changes that originate in the reference rather than in the city.
6.6 Limitations

The limitations below are ordered by their consequence for the claims made. Each bounds an interpretation
rather than qualifying a measurement, and the corresponding statements in Sections 5 and 7 are scoped
accordingly.

Quantity measured. All thermal results are radiometric skin temperatures. They are not air temperature and
not human exposure, and no health outcome is measured here.

Two composites, no temporal inference. The design supports a statement about two seasons. It cannot
establish stability, reproducibility or trend, and none is claimed. The second composite functions as a check
on the diurnal contrast, not as a second point in a series.

The residual product difference is compound. Overpass time, platform composition, retrieval algorithm,
emissivity treatment, atmospheric correction, quality screening, viewing geometry and valid-acquisition
availability are not separated. The magnitude reported here is therefore the combined effect of substituting
one product for the other, and no component of it is attributed to the instrument. Resolving the overpass-time
contribution in particular calls for diurnal-cycle information of the kind geostationary observation provides
(Sismanidis et al., 2022).

Unmatched supports in the day-night comparisons. The pixel-level hot-spot overlap, the ward-level day-night
comparison and the two regression models all involve a 100 m daytime field and a 1 km night-time field. Each
therefore confounds time of day with spatial support, and none is interpreted quantitatively; they are reported
because the direction they indicate is consistent across three independent measures, not because their
magnitudes are meaningful.

Threshold exceedance is not detectability. The hot-tail result measures exceedance of a fixed fine-grid
threshold, and complete loss at the 99th percentile is close to the arithmetically expected consequence of
averaging surfaces whose mean patch is about three fine pixels. Whether the warmest locations remain
identifiable at coarse support is a distinct question that this statistic does not address, and no claim is made
about it.
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Surface-property attribution is not presented as a finding. The regression of the thermal fields on surface
descriptors is reported in the supplementary material rather than in the main text. Residual spatial
autocorrelation is high, ordinary least squares does not represent it, and coefficient intervals, p-values,
variance inflation factors and sample sizes are not available. The coefficients are accordingly described as
descriptive associations within this domain and are not interpreted as identified effects.

Uncertainty is reported unevenly, and the degrees of freedom are modest. Confidence intervals are available
for two of the SUHI estimates and for the two ward-level rank correlations. The grid-size and residual
components, the dominance ratio, the retention fractions, the hot-spot areas, the population totals, the
footprint distances, Cliff's delta and the difference between the two composites are reported as point values,
so differences between them should not be read as statistically resolved unless the text states an interval.
Where intervals do exist they rest on of order a hundred resampled tiles rather than on the pixel count, and
the tile size is not calibrated against the correlation length of the field; both considerations make the reported
intervals narrow rather than wide, and they are accordingly treated here as lower bounds on the sampling
uncertainty.

The behaviour of the mean between 1 km and 2.9 km is unexplained. The mean intensity is preserved at 1 km
and has lost a third of its value by 2.9 km. The most likely cause is progressive mixing of urban and rural land
within coarse cells, which would mean that the decline measures degradation of the class mask rather than of
the thermal field, but the fraction of mixed cells as a function of support was not computed and the question is
open. Only the matched-support comparison at 1 km is unaffected.

The percentile reference population is not stated. The reported exceedance areas imply a reference population
of about 450 km? rather than the nominal 503 km? of built-up land. The three percentile levels agree on that
figure, so the analysis is internally consistent, but the pixel set defining the thresholds is not specified.
Population counts lack a denominator. The resident populations reported within the hot-spot zones are
counts. The gridded population total for the domain and for the urban mask is not reported, so the counts
cannot be converted into shares, which is the interpretable quantity.

Incomplete processing description. Product collection identifiers, per-month valid-acquisition counts, quality-
flag settings, cloud-shadow screening rules and the exact provenance of the later-epoch urban mask are not
reported, and are required for reproduction.

Clear-sky sampling. Compositing is conditioned on cloud-free acquisition. In June, when Landsat coverage falls
to 94-96 %, the retained sample is a non-random subset of a monsoon-onset month.

Advection is unrepresented. The analysis treats each pixel's temperature as a function of local surface
properties and omits horizontal heat transport, which has been shown to modify the apparent heat island of
Indian cities (Dinda and Chatterjee, 2022).

Single city, two seasons. The results characterise one domain under one set of processing choices. We do not
generalise them to semi-arid cities as a class; whether comparable sensitivities arise elsewhere is an open
question that a multi-city analysis using a common processing chain could address.

7. Conclusions

This study asked how far a reported surface urban heat island intensity depends on decisions taken while
measuring it, using Ahmedabad as the test domain. It is useful to separate what was observed, what depends
on methodological choice, what remains a plausible but untested reading, and what the design does not
establish.

Directly observed. In the 2025 hot-season composites the built area was 3.38 °C warmer than rural land at
night (95 % CI 2.87-3.76) and 1.24 to 1.34 °C warmer by day, depending on the product. Holding epoch,
product and season fixed and varying only the rural reference class moved the daytime estimate from -0.74
°C against bare ground to +2.29 °C against natural vegetation. At a common support of 1 km, aggregation left
the mean intensity unchanged to within 2 % and retained none of the urban area exceeding the 99th percentile
defined on the fine grid, the latter being a measure of threshold exceedance rather than of detectability.
Extending the rescaling to 2.9 km reduced the mean to 64 % of its fine-grid value. With both products on a
common 1 km grid, the residual monthly difference averaged 1.24 °C in absolute value, equal to the daytime
intensity itself.

Dependent on methodological choice. The sign of the daytime intensity is determined by the rural reference
class and by the month analysed rather than by the thermal field alone. Across twenty specifications the
daytime estimate ranged from -0.7 to +2.6 °C while the night-time estimate remained between +2.8 and +3.9
°C. The apparent severity of aggregation loss depends on whether bulk statistics or threshold exceedance is
used as the criterion. Complete loss of the 99th-percentile surface is, moreover, close to what block-averaging
must produce given a mean patch of about three fine pixels, so that result measures fragmentation rather than
a property of the product; how close depends on the temperature of the surround, which was not measured.
Plausible but untested. That the residual product difference arises substantially from overpass time and
platform composition is consistent with its seasonal structure but was not tested. That the loss of mean
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intensity between 1 km and 2.9 km reflects mixing of urban and rural land within coarse cells is the most
economical explanation but was not verified. That the nocturnal anomaly is genuinely more spatially
concentrated than the daytime one, rather than the apparent difference arising from an unstable decay
criterion, likewise remains open. That daytime and night-time observations identify different parts of the city
is suggested by the ward-level rank correlation and the pixel-level overlap, but both comparisons use fields of
different spatial support, and the ward-level correlation carries an interval (-0.44 to +0.11) too wide to
exclude much of anything.

Not established by this design. The day-night comparisons rest on fields of unequal spatial support and
therefore do not quantify hot-spot congruence between the two observations. The residual product difference
is a compound quantity from which no instrument component is separated. The aggregation results measure
exceedance of a fixed threshold and not the ability of a coarse product to locate the warmest surfaces. The
surface-property associations reported in the supplementary material are descriptive within this domain and
are not identified effects. Two composites cannot speak to temporal persistence, and no trend is inferred from
them. Each of these bounds marks a place where a stronger reading of the numbers would not be warranted;
none of them qualifies the measurements themselves.

The practical implication is narrow but firm. Surface urban heat island values are not comparable between
studies unless the rural reference class, the spatial support, and the product, platform and compositing rules
are reported together, because each of these was shown here to move the estimate by an amount comparable
to the estimate itself. For intra-urban applications, attenuation of the upper tail should be reported alongside
that of the mean, since the two respond very differently to aggregation. Both recommendations concern how
such measurements are described, and neither depends on the particular thermal behaviour of the city
studied.

Data availability

All satellite and ancillary datasets used in this study are publicly available: Landsat 8 and 9 and MODIS land
surface temperature through the USGS and NASA LP DAAC archives; ESA WorldCover through Zenodo (Zanaga
et al,, 2021, 2022); the JRC Global Surface Water dataset (Pekel et al., 2016); the Global Human Settlement
Layer (Schiavina et al., 2023; Pesaresi and Politis, 2023); and ERA5 through the Copernicus Climate Data Store
(Hersbach et al, 2020). Collection identifiers, compositing rules, quality-screening criteria and mask
definitions are given in Sections 3 and 4, and Supplementary Table S1 consolidates every quantitative result
reported in the main text.
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Fig. 1. Study area and thermal fields, April-June 2025 composite. (a) Land-cover classification of the analysis
domain, the Ahmedabad functional urban area plus a 10 km buffer (3,770 km?), showing built-up, non-built
and water classes; (b) daytime land surface temperature, Landsat, 100 m; (c) night-time land surface
temperature, MODIS, 1 km. Colour scales differ between (b) and (c) because the two fields occupy different
temperature ranges. The night-time panel is shown at its native 1 km support. These are surface temperature
fields and should not be read as heat-risk maps.
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Fig. 2. Analytical workflow. Each comparison changes one element of the measurement while holding the
remainder fixed. Daytime and night-time observations are not available at a common spatial support, so
comparisons spanning time of day carry a difference in support as well; these are qualified in the text. Equation
numbers refer to Section 4.
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Fig. 3. Diurnal contrast in the 2025 composite and reported change between composites. (a) SUHI intensity,
April-June 2025, for Landsat daytime (100 m), MODIS daytime (1 km) and MODIS night-time (1 km). Error
bars are 95 % spatial block-bootstrap intervals (B = 1,000); no interval was computed for the MODIS daytime
estimate. (b) Reported change between the 2020 and 2025 composites in the absolute urban daytime field and
in the two differential quantities. No interval was computed for these changes, and two composites cannot
establish temporal stability.
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Fig. 4. Dependence of the estimate on the rural reference class and on analytical choice. (a) Daytime SUHI
intensity under six specifications differing in the month analysed, the epoch, the thermal product or the class
of rural land used as reference; (b) night-time intensity for the 2025 composite. Shaded bands give the full
range across twenty analytical specifications (Section 5.3). Confidence intervals were not computed for the
individual specifications.
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Fig. 5. Attenuation under aggregation and partition of the two-product difference. (a) Fraction of each quantity
retained relative to its value on the 100 m Landsat field, with the support at which each was evaluated shown
atright; thresholds are held fixed at their 100 m values (Eq. 9). The four quantities above the dashed line are
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evaluated at 1 km: the mean intensity is unchanged to within 2 % while the area above the fine-grid 99th
percentile is lost. The grid-size term is a mean over the seasonal composites and the exceedance terms are for
2025, so the two are matched in support but not in epoch. The two below are evaluated at 2.9 km. Retained
area at 1 km is quantised in units of about 1 km?. Exceedance of a fixed threshold is not equivalent to
detectability of the warmest locations. (b) Mean absolute effect on the monthly SUHI over six month-epoch
combinations of changing nominal grid size with the product held fixed, and of the residual difference between
products on a common 1 km grid (Eqs. 4-7). The grid-size component is expected to be near zero by
construction, so the ratio of the two is not used as a result; the residual is not an instrument effect, and its
composition is given in Section 4.4. No intervals were computed for these components.
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Fig. 6. Anomaly amplitude and the ranking of daytime and night-time surfaces. (a) Excess of the contiguous
urban core over the far-field background, being the mean of distance bands beyond 15 km, for Landsat daytime
(100 m) and MODIS night-time (1 km), April-June 2025. Decay distances under the fixed 0.5 °C criterion of Eq.
(11) are not comparable between day and night because the threshold represents a different fraction of each
amplitude. (b) Resident population recorded within the 90th-percentile hot surfaces of each period. The
daytime and night-time masks differ in spatial support, so the overlap statistics quoted are indicative only
(Section 4.5). Population figures are residential counts, not measures of heat exposure. No intervals were

computed.
Ahmedabad Municipal Corporation, 48 wards (238 km'), ssummer 2025

a8 Daytime LST (Landsat 100 m) b Night LST (MODIS 1 km)

Fig. 7. Daytime and night-time surface temperature across the 48 wards of the Ahmedabad Municipal
Corporation (438 km?), April-June 2025 composite. (a) Landsat, 100 m, daytime; (b) MODIS, 1 km, night-time.
Black line, municipal boundary; white lines, ward boundaries. The apparent smoothness of (b) reflects the 1
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km native support of the night-time product displayed on the 100 m analysis grid. The two panels differ in
spatial support and are not directly comparable. These are surface temperature fields, not heat-risk maps.
Ward-level surface heat is spatially clustered; day and night hot clusters occupy different wards
a Day LST by ward b Night LST by ward

c Day heat clusters (LISA) d Night heat clusters (LISA)

Moran's | =
(p=0001)

+0.50

Moran's | = 4+0.47
(p=0001}

—  Hot cluster (HH) m Cool ciuster (LL) s Mot outdler (ML) Not significant

Fig. 8. Ward-scale spatial configuration, April-June 2025 (n = 48 wards). Choropleths of (a) daytime (Landsat,
100 m) and (b) night-time (MODIS, 1 km) ward-mean land surface temperature; local indicators of spatial
association for (c) day and (d) night, classified from 9,999 conditional permutations under queen contiguity
with false-discovery-rate control (p < 0.001 for the global statistics). The two maps display different spatial
configurations; this is not a test of whether the daytime and night-time clusters differ, which would require a
direct test on the day-night contrast. The two fields differ in spatial support.
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