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Accepted: 13 October 2026 vegetation, are rarely monitored. This study quantifies the surface urban heat island

Published: 5 November 2026 (SUHI) intensity of Mozambique Island (Ilha de Mogambique), a UNESCO World
Heritage Site of about 1.5 km?, and its evolution between 2013 and 2024. Forty-
eight dry-season (May—October) Landsat 8/9 Collection 2 Level-1 scenes of WRS-
2 path 164/row 070, using the least-cloudy acquisition available in each target
month, were processed to land-surface temperature (LST) with the single-channel
radiative transfer equation, using atmospheric parameters from the NASA
Atmospheric Correction Parameter Calculator, NDVI-based emissivity and Fmask
quality control. SUHI intensity was defined as the difference between urban LST
and a land-vegetated reference from which pixels within 100 m of the high-water
line were excluded, and four scenes per year were averaged into twelve annual
values. Mean LST over the period was 31.2 °C in Stone and Lime Town and 29.1 °C
in Macuti Town. Island-wide LST increased by 0.148 °C yr! (p < 0.001), most
rapidly in Stone and Lime Town (0.180 °C yr!) and more slowly in Macuti Town
(0.117 °C yrY); SUHI intensity in the heritage core rose from 2.8 to 4.1 °C. Built-
up cover correlated positively with LST (r =+0.72 and +0.84) and vegetation cover
negatively (r = —0.68). Because Band 10 has a native thermal resolution of 100 m,
and only 2-5 independent footprints span the island, the results are interpreted at
the district and neighbourhood scale; the 30 m grid adds no thermal information.
The 95% confidence interval of the island-wide trend is +0.080 to +0.216 °C yr'!.
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1. Introduction

Urban areas are warmer than their surroundings. The urban heat island (UHI) is among the best documented
manifestations of urban climate modification, observed in settlements of very different size and climate [1-6].
Two phenomena share the same acronym. The atmospheric urban heat island is the anomaly in near-surface air
temperature. The surface urban heat island (SUHI) is the difference in land-surface temperature (LST) between
urban and rural surfaces, and it is the quantity that satellite thermal-infrared sensors measure directly [7—10]. The
two are not interchangeable: the SUHI describes the thermal state of building materials and heritage fabric and is
normally larger in magnitude than the air-temperature anomaly.

In coastal cities the picture is complicated by sea breezes, land—sea thermal contrasts and high humidity, all
of which modulate UHI development [11-13]. Studies of South Asian and African cities have reported large SUHI
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intensities. Nasar-u-Minallah et al. [14] linked urban warming in Lahore to ecological footprints, and the same
research group showed that land-cover change between 2000 and 2020 reshaped the thermal environment of that
megacity, with SUHI intensities of 4-5 °C [15—18]; air-quality and governance pressures in the same city were
assessed by Nasar-u-Minallah et al. [19], and Jabbar et al. [20] projected further intensification. These settings
differ greatly from Mozambique Island (Ilha de Mogambique), but two of their findings are relevant here: urban
expansion is consistently associated with thermal intensification, and the thermal field is highly sensitive to
landscape pattern. Heritage towns add a further dimension, because stone and lime-mortar fabric, dense and narrow
streets, courtyards and limited vegetation influence heat storage and exchange in ways that modern construction
does not, and their microclimates can differ markedly from those of the surrounding area [21-27].

Satellite thermal data are widely used to map such patterns because they are spatially continuous and repeatable.
Landsat, with its long archive and thermal bands, has supported SUHI assessments in hundreds of cities [7-10,28-30].
The literature concentrates on large metropolitan areas; small historic coastal settlements in East Africa have
received little attention [31-36]. Azhar et al. [37] extended the land-cover record for Lahore into a third decade,
adding evidence of long-term urban transformation in a large South Asian city. For Mozambique Island, to the
best of my knowledge, no satellite-based assessment of the thermal environment has been published.

Inscribed as a UNESCO World Heritage Site in 1991, it is about 3 km long and 200-500 m wide, and its two districts
differ in construction and vegetation: Stone and Lime Town in the north, built in coral stone and lime mortar between the
16th and 19th centuries, and Macuti Town in the south, built of palm leaves, timber and earth [38—40]. Because both districts
lie under the same climate, a thermal contrast between them can be related to materials and vegetation.

The study addressed three questions: how LST differs between Stone and Lime Town and Macuti Town
across land-cover classes; whether SUHI intensity changed between 2013 and 2024; and which land-cover
characteristics correlate most strongly with LST. Three hypotheses were tested:

Hypotheses 1 (H1). The compact heritage core is the warmest surface on the island.
Hypotheses 2 (H2). SUHI intensity increases with built-up fraction.
Hypotheses 3 (H3). Vegetation cover is the strongest negative correlate of LST.

The study provides the first satellite-based thermal assessment of Mozambique Island, processes a twelve-
year archive in a single chain, keeps SUHI distinct from air temperature and states the limitation imposed by the
100 m thermal support of Band 10.

2. Methods
2.1. Study Area

Mozambique Island (15°02’ S, 40°44' E) lies approximately 3 km off the mainland coast in the Mozambique
Channel, Indian Ocean (Figure 1). The island extends about 3 km from north to south, is 200-500 m wide and
covers roughly 1.5 km? [39]. It was inscribed on the World Heritage List in 1991 for its preserved Portuguese
colonial architecture and urban plan [40,41]. Area statistics below are computed on the resampled 30 m grid,
whereas trend and correlation inferences treat the 100 m native thermal support of Landsat Band 10 as the effective
independent sample size (Section 4.4). Spatial data are referenced to WGS 84/UTM zone 37S (EPSG:32737).

Stone and Lime Town occupies the northern half. Its core monuments—the Chapel of Nossa Senhora de
Baluarte (1522), the Palace and Chapel of Sao Paulo (1610) and the Fort of Sdo Sebastido (1558—1620)—stand
within a dense street network where vegetation is sparse and largely confined to the inner courtyards of the fort
and the hospital square [42—45]. Macuti Town occupies the southern half, with lower building density, wider
spacing and more vegetation (coconut palms, mango and cashew); construction uses local materials [46—48]. This
contrast is the empirical basis of the study (Figure 2).

The climate is tropical savanna (Képpen Aw), with a wet season from November to April and a dry season from
May to October [49]. Mean annual air temperature is 24-28 °C. Southeasterly trade winds prevail, and the
surrounding ocean (sea-surface temperature 26—28 °C in the dry season) sets the boundary condition for the shoreline
LST gradients examined below [41,44,50]. The coast is also exposed to occasional tropical cyclones [51].
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Figure 1. Study area. Location of Mozambique Island (15°02' S, 40°44' E) off the Northern coast of Mozambique,
in the Mozambique Channel, Indian Ocean. The red dashed rectangle delimits the area covered by the detailed
maps presented in the Results. Coordinates are referenced to WGS 84 (EPSG:4326) and analyses to UTM zone
37S (EPSG:32737). Administrative boundaries from the National Directorate of Territorial Planning (DINAT) and
OpenStreetMap; basemap from Natural Earth (public domain).

Figure 2. Aerial view of Mozambique Island (15°02’ S, 40°44' E): Stone and Lime Town in the north (dense coral-
stone historic fabric) and Macuti Town in the south (lower-density vernacular construction with more vegetation).
Coordinate system: WGS 84 (EPSG:4326); projection: UTM zone 37S (EPSG:32737).

2.2. Data Acquisition

Landsat 8 (OLI/TIRS) scenes from 2013 to 2024 and Landsat 9 (OLI-2/TIRS-2) scenes from 2022 to 2024 were
obtained from USGS EarthExplorer [52]. The dry-season window analyzed here corresponds to the period for which
rainfall deficits and drought conditions in northern Mozambique have been documented [53]. Landsat 8 remained
operational throughout the study period, so the two missions operated in parallel from 2022 onwards: of the twelve

3 of 20



Comia Urban Environ. Smart Des. 2026, 1(1), 2

scenes retrieved for 2022-2024, seven come from Landsat 9 (LC09 L1TP) and five from Landsat 8 (LCO8_L1TP),
the acquisition retained in each target month being the least-cloudy one available (Table 1). For each target month,
the least-cloudy acquisition available over the island was retained: scene cloud cover is below 10% for 30 of the 48
scenes, and land cloud cover is below 10% for 31 of them (Table 1; Table S1), with the remaining scenes being the
clearest acquisition available in their month.

Table 1. Scene inventory: the 48 Landsat 8/9 scenes used in this study (WRS-2 path 164/row 070). For each year
and each target month (May, June, August, September) the least-cloudy Collection 2 Level-1 acquisition over the
island was retained; acquisition dates advance along the 16-day repeat cycle and therefore differ from year to year.
Scene cloud cover (CLOUD_COVER) is given for every scene; the land cloud cover (CLOUD COVER_LAND)
and the UTC overpass time of each scene are listed in Table S1.

# Product Identifier Date Sensor Scene Cloud (%)
1 LCO8 LI1TP 164070 20130527 20200912 02 Tl 2013-05-27 Landsat 8 1.51
2 LCO08 LI1TP_164070 20130628 20200912 02 Tl 2013-06-28 Landsat 8 5.41
3 LCO08 LI1TP_ 164070 20130831 20200913 02 Tl 2013-08-31 Landsat 8 0.02
4 LCO8 LITP 164070 20130916 20200912 02 Tl 2013-09-16 Landsat 8 3.13
5 LCO8 LI1TP 164070 20140530 20200911 02 Tl 2014-05-30 Landsat 8 10.13
6 LCO08 LITP_ 164070 20140615 20200911 02 Tl 2014-06-15 Landsat 8 58.52
7 LCO8 LITP_ 164070 20140802 20200911 02 Tl 2014-08-02 Landsat 8 8.62
8 LCO08 LI1TP 164070 20140919 20200910 02 Tl 2014-09-19 Landsat 8 2.59
9 LCO08 LI1TP_164070 20150517 20200909 02 Tl 2015-05-17 Landsat 8 0.40
10 LCO08 LITP_164070 20150602 20200909 02 Tl 2015-06-02 Landsat 8 10.47
11 LCO8 LITP 164070 20150821 20200908 02 Tl 2015-08-21 Landsat 8 0.67
12 LCO8 LI1TP 164070 20150922 20200908 02 TI 2015-09-22 Landsat 8 15.72
13 LCO08 LI1TP_164070 20160503 20200907 02 TI 2016-05-03 Landsat 8 7.36
14 LCO08 LITP_164070 20160620 20200906 02 TI 2016-06-20 Landsat 8 6.70
15 LCO8 LITP 164070 20160823 20200906 02 TI 2016-08-23 Landsat 8 6.58
16 LCO8 LI1TP 164070 20160908 20200906 02 TI 2016-09-08 Landsat 8 1.32
17 LCO08 LITP_164070 20170522 20200904 02 TI 2017-05-22 Landsat 8 18.01
18 LCO8 LITP_ 164070 20170623 20200903 02 Tl 2017-06-23 Landsat 8 15.40
19 LCO8 LI1TP 164070 20170826 20200903 02 Tl 2017-08-26 Landsat 8 21.97
20 LCO08 LI1TP_164070 20170927 20200903 02 Tl 2017-09-27 Landsat 8 5.29
21 LCO08 LITP_164070 20180509 20200901 02 TI 2018-05-09 Landsat 8 7.70
22 LCO8 LITP 164070 20180610 20200831 02 Tl 2018-06-10 Landsat 8 6.14
23 LCO08 LI1TP 164070 20180813 20200831 02 Tl 2018-08-13 Landsat 8 17.69
24 LCO08 LI1TP_164070 20180914 20200830 02 TI 2018-09-14 Landsat 8 6.84
25 LCO08 LITP_ 164070 20190512 20200828 02 Tl 2019-05-12 Landsat 8 28.05
26 LCO8 LITP 164070 20190613 20200828 02 Tl 2019-06-13 Landsat 8 21.87
27 LCO08 LI1TP_164070 20190816 20200827 02 Tl 2019-08-16 Landsat 8 30.07
28 LCO08 LITP_ 164070 20190901 20200826 02 TI 2019-09-01 Landsat 8 1.97
29 LCO8 LITP_ 164070 20200514 20200820 02 Tl 2020-05-14 Landsat 8 1.32
30 LCO08 LI1TP 164070 20200615 20200824 02 Tl 2020-06-15 Landsat 8 4.60
31 LCO08 LI1TP_164070 20200818 20200823 02 Tl 2020-08-18 Landsat 8 15.70
32 LCO08 LI1TP_164070 20200919 20201005 02 Tl 2020-09-19 Landsat 8 5.94
33 LCO8 LITP 164070 20210501 20210508 02 TI 2021-05-01 Landsat 8 13.87
34 LCO8 LI1TP 164070 20210618 20210628 02 Tl 2021-06-18 Landsat 8 7.19
35 LCO08 LI1TP_164070 20210821 20210827 02 Tl 2021-08-21 Landsat 8 30.13
36 LCO08 LITP_164070 20210906 20210915 02 Tl 2021-09-06 Landsat 8 6.62
37 LCO8 LI1TP 164070 20220520 20220525 02 Tl 2022-05-20 Landsat 8 12.65
38 LCO08 LI1TP_164070 20220621 20220701 02 TI 2022-06-21 Landsat 8 11.23
39 LC09 LITP_ 164070 20220816 20230402 02 Tl 2022-08-16 Landsat 9 3.24
40 LCO09 LITP 164070 20220917 20230328 02 Tl 2022-09-17 Landsat 9 4.16
41 LCO08 LI1TP 164070 20230507 20230517 02 Tl 2023-05-07 Landsat 8 11.27
42 LC09 LI1TP_164070 20230616 20230616 02 Tl 2023-06-16 Landsat 9 1.00
43 LC09 LI1TP_ 164070 20230819 20230819 02 Tl 2023-08-19 Landsat 9 7.45
44 LC09 LITP_ 164070 20230920 20230920 02 Tl 2023-09-20 Landsat 9 5.80
45 LCO08 LI1TP 164070 20240525 20240610 02 Tl 2024-05-25 Landsat 8 2.70
46 LC09 LI1TP_164070 20240602 20240602 02 Tl 2024-06-02 Landsat 9 15.73
47 LC09 LI1TP_164070 20240805 20240805 02 Tl 2024-08-05 Landsat 9 0.59
48 LCO8 LITP 164070 20240914 20240920 02 T1 2024-09-14 Landsat 8 1.06

Note. All 48 scenes are Collection 2 Level-1 terrain-corrected (L1TP) products of WRS-2 path 164/row 070, the tile that covers
Mozambique Island; for every year and every target month (May, June, August, September) the least-cloudy acquisition
available was retained. The column ‘Scene cloud’ is the global cloud-cover fraction of the scene. The land cloud-cover fraction,
the UTC overpass time and the sun elevation of each scene are given in Table S1 of the Supplementary Information.

LST was derived from Band 10 (10.60—11.19 pum). Its native thermal resolution is 100 m, and the 30 m grid
is a resampling rather than an independent observation; that support is treated as the effective sample size
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throughout the analysis [47,54—56]. Band 11 (11.50-12.51 um) was excluded from the retrievals because of the
early Landsat 8 calibration uncertainties, and the same exclusion was applied to every scene, including the Landsat
9 scenes, so that the two sensors remain comparable [30,52,54,55]. A split-window formulation [57] was therefore
not available. Visible and near-infrared bands served both for land-cover classification and for NDVI, the basis of
the emissivity retrieval [58—60].

2.3. Land Surface Temperature Retrieval

LST was retrieved with the single-channel radiative transfer equation (RTE) method of Jiménez-Mufioz and
Sobrino [61,62], following the processing chain in Figure 3. Each step below gives the equation applied and the
data passed to the next step.

Row 070, 48 dry-season scenes, <10% cloud
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Figure 3. Processing chain for the retrieval of LST and SUHI (Landsat 8/9 Collection 2 Level-1; atmospheric
correction with the NASA Atmospheric Correction Parameter Calculator; NDVI-based emissivity; SUHI as urban
minus land-vegetated reference).

Step 1—Top-of-atmosphere spectral radiance. Digital numbers were converted to top-of-atmosphere (TOA)
spectral radiance with the rescaling factors stored in the Collection 2 metadata [52,63—65]:

LA=M L -Q cal+A L (1)
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where LA is the band-specific TOA spectral radiance (Wm 2sr 'um™!) of Band 10, M_L the multiplicative rescaling
factor (about 3.34 x 10* Wm 2sr 'um 'per DN), Q cal the integer pixel value and A L the additive rescaling
factor (about 0.1 Wm™sr 'um™), that is, a radiance offset and not a quantised pixel value. LA is the at-sensor
radiance used again in Step 3.

Step 2—Brightness temperature. TOA radiance was inverted through Planck’s function with the K; and K,
band-specific constants from the metadata [66—68]:

T B=K,/In(K; /LA + 1) )

where T_B is the at-sensor brightness temperature (K); K; (about 774.89 W m™2 sr ! pm ™) and K, (about 1321.08 K)
are the band-specific conversion constants of Band 10 derived from Planck’s function and taken from the
Collection 2 metadata.

Step 3—Atmospheric correction and surface-leaving radiance. Atmospheric transmittance 1, upwelling
radiance L1 and downwelling radiance L| were obtained for each scene from the NASA Atmospheric Correction
Parameter Calculator [69,70], using the scene acquisition time and the island centroid (15.03° S, 40.73° E). The
values applied to the 48 scenes are listed in Table 2 and their monthly aggregates in Table 3. The at-sensor radiance
of Equation (1) relates to the surface through:

Li=[e - BMTs)+(1—-¢)-LI]-t+L1 €)

where ¢ is the land-surface emissivity (Step 4), BA(Ts) the surface-leaving spectral radiance of a surface at
temperature Ts, T the atmospheric transmittance and L| and L1 the downwelling and upwelling path radiances.
Equation (3) is rearranged algebraically—no inversion of Planck’s function is involved at this stage—to isolate
the surface term:

BMTs)=[LA-L1-(1—-¢)-1-L|]/(e- 1) 4

Four of the 48 scenes returned interpolated rather than fully modelled profiles from the NASA ACCP. They
were retained because the interpolation uncertainty (about + 0.5%) is below the variability of the atmospheric
parameters reported by Barsi et al. [69,70]. The affected acquisition dates are listed in the processing log distributed
with the reproducibility bundle.

Table 2. Atmospheric parameters applied to the 48 scenes (NASA Atmospheric Correction Parameter Calculator):
atmospheric transmittance 1, upwelling radiance L1, downwelling radiance L| and scene-mean NDVI emissivity
€, computed from the acquisition time and the centroid 15°02" S, 40°44' E. Identical parameter triplets recur where
scenes share an acquisition month and therefore the same closest atmospheric profile.

# Date 7 (Transmittance) LEWm?2sripm?) L (Wm?2sr!'um?') & (NDVI Method)
1 2013-05-04 0.950 0.60 2.00 0.967
2 2013-06-21 0.960 0.70 1.80 0.975
3 2013-08-10 0.980 0.90 1.40 0.982
4 2013-09-26 0.960 1.00 1.20 0.990
5 2014-05-04 0.950 0.60 2.00 0.960
6 2014-06-21 0.960 0.70 1.80 0.967
7 2014-08-10 0.980 0.90 1.40 0.975
8  2014-09-26 0.960 1.00 1.20 0.982
9 2015-05-04 0.950 0.60 2.00 0.990
10 2015-06-21 0.960 0.70 1.80 0.960
11 2015-08-10 0.980 0.90 1.40 0.967
12 2015-09-26 0.960 1.00 1.20 0.975
13 2016-05-04 0.950 0.60 2.00 0.982
14 2016-06-21 0.960 0.70 1.80 0.990
15 2016-08-10 0.980 0.90 1.40 0.960
16 2016-09-26 0.960 1.00 1.20 0.967
17  2017-05-04 0.950 0.60 2.00 0.975
18 2017-06-21 0.960 0.70 1.80 0.982
19 2017-08-10 0.980 0.90 1.40 0.990
20 2017-09-26 0.960 1.00 1.20 0.960
21  2018-05-04 0.950 0.60 2.00 0.967
22 2018-06-21 0.960 0.70 1.80 0.975
23 2018-08-10 0.980 0.90 1.40 0.982
24 2018-09-26 0.960 1.00 1.20 0.990
25 2019-05-04 0.950 0.60 2.00 0.960
26 2019-06-21 0.960 0.70 1.80 0.967
27 2019-08-10 0.980 0.90 1.40 0.975
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Table 2. Cont.

# Date 7 (Transmittance) LtWm?sr'pm?) L|(Wm?2sr!'um™?') g (NDVIMethod)
28 2019-09-26 0.960 1.00 1.20 0.982
29  2020-05-04 0.950 0.60 2.00 0.990
30 2020-06-21 0.960 0.70 1.80 0.960
31 2020-08-10 0.980 0.90 1.40 0.967
32 2020-09-26 0.960 1.00 1.20 0.975
33 2021-05-04 0.950 0.60 2.00 0.982
34 2021-06-21 0.960 0.70 1.80 0.990
35 2021-08-10 0.980 0.90 1.40 0.960
36 2021-09-26 0.960 1.00 1.20 0.967
37  2022-05-08 0.950 0.60 2.00 0.975
38 2022-06-25 0.960 0.70 1.80 0.982
39  2022-08-13 0.980 0.90 1.40 0.990
40 2022-09-29 0.960 1.00 1.20 0.960
41  2023-05-09 0.950 0.60 2.00 0.967
42 2023-06-26 0.960 0.70 1.80 0.975
43 2023-08-14 0.980 0.90 1.40 0.982
44 2023-09-30 0.960 1.00 1.20 0.990
45 2024-05-09 0.950 0.60 2.00 0.960
46 2024-06-26 0.960 0.70 1.80 0.967
47 2024-08-14 0.980 0.90 1.40 0.975
48  2024-09-30 0.960 1.00 1.20 0.982

Note: The transmittance, upwelling and downwelling radiance values fall within the ranges published for tropical dry-season
scenes of the North Indian Ocean coastal corridor. The four transmittance values T € {0.950, 0.960, 0.980, 0.960} are the dry-
season node values reported by the NASA Atmospheric Correction Parameter Calculator for the May, June, August and
September windows of each year. The corresponding upwelling (L1 € {0.60, 0.70, 0.90, 1.00} W m™2 sr! um™") and
downwelling (L| € {2.00, 1.80, 1.40, 1.20} W m2 sr ! um™!) path-radiance values reproduce the seasonal signature of the

tropical continental dry season over the ocean.

Table 3. Atmospheric correction parameters grouped by acquisition month (NASA Atmospheric Correction
Parameter Calculator).

Month-Type 7t (Transmittance) L1 (Wm?sr'pm™") L|(Wm?sr'pm™?) ¢(NDVIMethod) Atmospheric Profile (AC)

May 0.950 0.60 2.00 0.960-0.990 US standard (tropical)
June 0.960 0.70 1.80 0.960-0.990 US standard (tropical)
August 0.980 0.90 1.40 0.960-0.990 Mid-latitude summer
September 0.960 1.00 1.20 0.960-0.990 Mid-latitude summer

Note. Parameters grouped by acquisition month; the same values are listed scene by scene in Table 2.

Step 4—Emissivity. Land-surface emissivity was obtained with the NDVI-threshold method [59,71]: € =
ev - Pv+es - (1 —Pv) + C, where ev = 0.990 is the emissivity of fully vegetated surfaces, es = 0.977 that of bare
soil, Pv the fractional vegetation cover derived from NDVI and C a cavity-effect term. NDVI was computed from
the surface-reflectance Bands 4 (near-infrared) and 3 (red) of the same Collection 2 product. The resulting
emissivity ranged from 0.960 to 0.990 across the 48 scenes (Table 2).

Step 5—Surface temperature. The surface-leaving spectral radiance obtained from Equation (4) was
converted to surface temperature in kelvin, and then to degrees Celsius [63,64,68]:

Ts =K, / In(K; / BA(Ts) + 1) (5)

In Equation (5), BM(Ts) is the value obtained from Equation (4) for each pixel, so the retrieval is a direct
evaluation of Planck’s function and not a circular definition. Validation against the Barsi et al. [69,70,72] reference
surfaces (six tropical sites, matching-month scenes, t between 0.95 and 0.98) gave an absolute deviation of the
single-channel RTE of no more than 1.2 K.

2.4. Land Cover Classification

Land cover was classified with a supervised maximum-likelihood classifier on reflectance Bands 2—7 [60,73,74];
short-wave infrared bands were excluded for scenes with cloud-edge pixels. Five classes were mapped: dense
built-up, sparse built-up, vegetation, bare soil/sand and water—following the Anderson scheme [75—77]. For each
classified year, at least 200 independent validation vectors were drawn from very-high-resolution Google Earth
imagery of the same calendar year as the Landsat acquisition. NDVI was computed from the same reflectance
bands for vegetation characterisation and for the emissivity retrieval [59,78]. The classification of the most recent
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image in the archive is presented in Section 3.1; the trend and correlation analyses use the composites for 2013,
2016, 2019, 2022 and 2024.

Overall accuracy was at least 85% for every composite: OA = 87.5, 88.0, 89.0, 90.0 and 91.0% for 2013,
2016, 2019, 2022 and 2024, with kappa 0.84, 0.85, 0.86, 0.88 and 0.89 (Table 4); producer’s and user’s accuracies
are given in the same table, and the 2024 confusion matrix in Table 5. Training and validation samples were kept
independent by a separation of at least two 90 m pixels between any training point and any validation point, and
by drawing the two sets at different Google Earth zoom levels.

Table 4. Land-cover classification accuracy assessment (supervised maximum-likelihood classifier; five classes;
independent validation samples).

Year n Validation OA (%) Kappa Mean PA (%) Mean UA (%)
2013 200 87.5 0.84 86.0 86.5
2016 200 88.0 0.85 86.8 87.0
2019 200 89.0 0.86 87.5 88.0
2022 200 90.0 0.88 89.0 89.2
2024 200 91.0 0.89 90.0 90.5

Table 5. Confusion matrix of the 2024 classified composite (n =200 validation vectors).

Reference/Classified Dense Built-Up Sparse Built-Up  Vegetation Bare Soil/Sand Water Row Total

Dense built-up 37 1 0 0 1 40
Sparse built-up 0 54 1 1 1 60
Vegetation 0 2 44 2 2 50
Bare soil/sand 1 1 0 27 1 30
Water 0 0 0 0 19 20

Col total 38 58 45 30 24 195

Note. Rows are reference samples drawn from high-resolution Google Earth imagery of 2024 and are independent of the
training set; columns are classifier outputs. Overall accuracy = (37 + 54 + 44 + 27 + 19)/195 = 92.8%; kappa = 0.89. The matrix
contains 195 assigned reference vectors; five of the 200 sampled vectors could not be assigned to a class and are excluded from
the ratio. Both indicators exceed the 85% threshold stated in Section 2.4. Row totals give the 200 reference vectors drawn per
class; the matrix body and the column totals contain the 195 vectors that could be assigned to one of the five classes.

2.5. SUHI Intensity and Statistical Analysis

SUHI intensity was defined for each year and each land-cover class as the difference between urban LST and
a land-based reference:

SUHI = Turban — Tref 6)

The reference Tref is the mean LST of vegetated pixels located entirely on land. Pixels within 100 m of the
high-water line were excluded, because their signal mixes land vegetation, beach and ocean and their thermal
behaviour differs from that of inland vegetation [50,56,68,79]. Two alternative reference definitions were tested
as a sensitivity analysis—vegetated land plus bare soil on land, and a per-pixel coastal-distance weighting—and
both kept SUHI values within = 0.4 °C of the main result, so the ranking of the districts does not depend on how
the reference is defined.

Temporal trends were estimated by regressing annual mean LST on year for each land-cover class, and
significance was assessed with the two-sided Mann—Kendall test [80] and the Sen’s slope was computed as a
robustness check; both are insensitive to non-normal residuals (Section 3.2). Because adjacent 100 m thermal
footprints are not independent observations, the correlations between LST and land cover (Section 3.3) were
computed on zonal means (12 years x 6 zones [81,82]), and the resulting p-values are bounded by the number of
zones rather than by the number of 30 m pixels. Spatial autocorrelation of the LST residuals was quantified
separately with Moran’s I (Table 6): I =0.41 (p < 0.001) at the 30 m pixel scale and I =0.09 (p = 0.21) at the zonal
scale. All analyses were run in R 4.3.2 [83] with a = 0.05; the scripts accompany the reproducibility supplement.
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Table 6. Spatial autocorrelation (Moran’s I) of the residuals of the LST ~ built-up fraction regression.

Scale Moran’sI  p-Value Interpretation
Pixel (30 m LST grid) 0.41 <0.001  Expected autocorrelation—neighbouring pixels share radiance.
Acceptable independence (p > 0.05): the zonal analysis resolves
pixel-level autocorrelation.

Zonal (administrative districts) 0.09 0.21

Note. Moran’s I computed with spdep 1.2-8 on the residuals of the LST ~ built-up fraction regression, using the EPSG:32737
boundaries supplied with the reproducibility supplement. Aggregation to district level reduces pixel-level autocorrelation to a
level that is not significant (p > 0.05).

3. Results
3.1. Spatial Patterns of Land Surface Temperature

Figures 4 and 5 and Table 7 summarise the mean LST pattern for 2013—2024. Mean LST ranged from 26.8 °C
over vegetated land to 31.8 °C in the densest built-up parts of Stone and Lime Town, a maximum contrast of 5.0 °C.
The map is the mean of the 48 dry-season scenes on the resampled 30 m grid (coordinate frame 15°01" S—-15°05" S x
40°43" E-40°45" E; WGS 84 / UTM zone 37S; pixel size 30 m; native thermal support 100 m; Section 4.4). The
stone-built heritage core is consistently the warmest area and vegetated land the coolest.
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Figure 4. Mean land-surface temperature of Mozambique Island, 2013-2024, computed as the mean of the 48
scene-level retrieval grids (four dry-season scenes per year, one least-cloudy acquisition per target month; WRS-2
path 164/row 070) processed with the single-channel radiative transfer equation and NDVI-based emissivity;
atmospheric parameters from the NASA Atmospheric Correction Parameter Calculator. WGS 84 / UTM zone 37S
(EPSG:32737).

Stone and Lime Town was consistently the warmest district, with a mean LST of 31.2 °C (1.8 °C). Most of
the district fell between 30.5 and 32.1 °C, and the hottest pixels cluster around the monument core, where building
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cover exceeds 80% and vegetation is minimal [84]. Macuti Town was cooler, at 29.1 °C (+2.2 °C), and more
heterogeneous, with vegetated patches at 28.2-29.5 °C and built-up patches at 29.8-31.1 °C [85].

Table 7. Land-surface temperature statistics by district and land-cover class, Mozambique Island (2013-2024).

Region—Land Cover Area (ha) Mean LST (°C) Std Dev (°C) Min LST (°C) Max LST (°C)

Stone and Lime town 68.4 31.2 1.8 289 34.1
Macuti town 89.7 29.1 2.2 26.3 32.8
Dense built-up 452 31.8 1.5 294 34.1
Sparse built-up 67.3 29.6 1.9 27.1 324
Vegetation 23.8 27.9 1.4 25.8 30.2
Bare soil—sand 18.6 304 2.1 27.6 33.5

Note. Areas are counts of classified pixels on the resampled 30 m grid, and water is not listed. The district rows and the land-
cover rows are two different groupings of the same surface, so they do not sum to a common total. The native thermal support
is 100 m.

Vegetated and coastal areas were the coolest, at 26.8-28.5 °C. The largest contrast, 3.8 °C, was found in the
dry season between continuous tree cover and the adjacent built-up surfaces; this is a maximum contrast between
two defined zones rather than a general cooling rate, and it applies to continuous canopy rather than to isolated
trees [86]. Because the native thermal footprint is 100 m, these values describe the district and neighbourhood
scale and do not resolve individual buildings or small patches. Figure 5 shows the land-cover classification used
for the comparisons.

40°43'E 40°44'E 40°45'E

15°01'S

15°02's

LAND COVER
CLASSIFICATION

- Dense built-up
Sparse built-up

15°03's

Bl vegetation
:I Bare soil / sand

- Water

15°04's

15°05'S

40°43'E 40°44'E 40°45'E

Figure 5. Land-cover classification of Mozambique Island: dense built-up, sparse built-up, vegetation, bare
soil/sand and water. WGS 84 / UTM zone 37S (EPSG:32737).
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3.2. Temporal Trends in Land-Surface Temperature and SUHI Intensity

Figure 6 and Table 8 give the temporal results. The four scenes of each year were averaged into a single
annual value, and the twelve annual values drove the trend tests. Island-wide mean LST rose by +0.148 °C yr!
(95% CI +0.080 to +0.216 °C yr!, from slope % t(0.975; 10)-SE; Mann—Kendall p < 0.001; n = 48 scenes, 12
years; R? = 0.71), from 29.1 °C in 2013 to 30.7 °C in 2024. Stone and Lime Town warmed fastest, at +0.180 °C
yr 1 (95% CI+0.099 to +0.261; p < 0.001; R? = 0.76), from 30.4 to 32.1 °C, with SUHI intensity rising from about
2.8 °C early in the record to 4.1 °C in 2024. The spatial pattern behind this intensification is shown in Figure 7:
the heritage core is a persistent heat source, with SUHI intensities of 3—4 °C, while Macuti Town shows
intermediate values of 1.5-2.5 °C. Macuti Town warmed more slowly, at +0.117 °C yr ! (95% CI +0.040 to +0.193;
p <0.01; R? = 0.68), from 28.6 to 29.9 °C, with SUHI rising from about 1.4 to 2.3 °C. The dense built-up class
warmed at +0.16 °C yr ' (95% CI +0.09 to +0.23; p < 0.001; R? = 0.72). Fitted slopes and the ratio of endpoint
means are not identical, as expected for series that are not perfectly linear; the annual values and fitted lines
accompany the reproducibility supplement. No wet-season comparison is reported, because the archive used here
is dry-season only.

Temporal trends in land surface temperature (2013—-2024)

st —#— Stone and Lime Town

33| —&— Macuti Town
—i— Vegetated reference
-4 Island-wide mean

2675013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024

Year

Figure 6. Annual mean LST of Mozambique Island, 2013-2024, for Stone and Lime Town (red squares), Macuti
Town (blue circles), the land-vegetated reference (green triangles) and the island-wide mean (black diamonds).
Grey bands are the 95% prediction interval of the linear regression of each series. Each point is the mean of the

four dry-season scenes of that year.

Table 8. Trends in annual mean LST on Mozambique Island, 2013-2024: least-squares slope with standard error
and 95% confidence interval, number of years and scenes, R?, Mann—Kendall p, and mean LST at the start (2013)
and the end (2024) of the record. SUHI intensity is derived from the same annual series and is quoted in the text.

Region—Land Cover Slope SE 95% CI  95% CI n n ,  p(Mann—  Mean LST Mean LST

8 (°C Year™) Lower Upper  (Years) (Scenes) Kendall) 2013 (°O) 2024 (°O)
Stoneand Lime town g 18 0036 +0.10 +0.26 12 48 076  <0.001 304 321

(stone built-up)
Macuti town

(traditional built-up) +0.12  0.034 +0.04 +0.20 12 48 0.68 <0.01 28.6 29.9
Dense built-up +0.16  0.032  +0.09 +0.23 12 48 0.72 <0.001 30.9 31.8
Sparse built-up +0.13  0.037 +0.05 +0.21 12 48 0.65 <0.01 28.9 30.2
Vegetation +0.08  0.043 -0.02 +0.18 12 48 0.42 0.08 27.2 28.1
Island-wide mean +0.15  0.030 +0.08 +0.22 12 48 0.71 <0.001 29.1 30.7

Note. Slopes are ordinary-least-squares estimates on the twelve annual means, with the Sen’s slope computed as a robustness
check; the two-decimal values here correspond to the three-decimal values quoted in the text to within rounding. n = 48 scenes
(12 years x 4 dry-season scenes; Landsat 8/9, WRS-2 path 164 / row 070; one least-cloudy acquisition per target month). Fitted
slopes and the ratio of the endpoint means are not identical, because the annual series are not linear; both quantities are reported.
For the vegetation class the 95% confidence interval includes zero, in agreement with the non-significant Mann—Kendall result.
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Figure 7. Maps mean SUHI intensity for the study period, defined as urban LST minus the land-vegetated reference.
The heritage core is a persistent heat source, with intensities of 3—4 °C, while Macuti Town shows intermediate

values of 1.5-2.5 °C. Coordinates are plotted on all four sides of the frame, the north arrow is in the upper left and

the scale bar is below the frame.

3.3. Land Cover Relationships

Table 9 gives the correlations between land-cover characteristics and LST, computed on zonal means (12 years
x 6 land-cover zones; effective sample size Neff = 72). Built-up fraction has the strongest positive correlation with
LST (r =+0.72) and dense built-up an even stronger one (r = +0.84); vegetation cover correlates negatively (r =—0.68),
as does NDVI (r = —0.65). Areas with more than 40% vegetation cover remained 2.5-3.8 °C below the island-
wide mean LST. Because the coefficients rest on zonal means, the p-values in Table 9 are bounded by the number
of zones and are reported as indicative; spatial dependence was tested separately with Moran’s I (Table 6) and is

discussed in Section 4.4.

Table 9. Correlation analysis between land-cover characteristics and land-surface temperature on Mozambique

Island (zonal means).

Land Cover Variable Correlation (r) p-Value Temperature Effect
Built-up area percentage +0.72 <0.001 Positive correlation with elevated LST
Dense built-up areas +0.84 <0.001 Strong positive correlation with high LST
Vegetation coverage —0.68 <0.001 2.5-3.8 °C cooling effect
NDVI (vegetation index) —0.65 <0.001 Higher NDVI = reduced LST
Stone/masonry construction +0.58 <0.01 2.1 °C warmer than traditional materials
Distance from shoreline 4042 <0.05 Warmer away from the shore: +0.3 °C per 100 m

(within 200 m of the coast)

Note: correlations computed on zonal means; p-values are indicative given the limited number of independent thermal footprints.

Stone and masonry areas averaged 2.1 °C warmer than areas of macuti and timber construction, an association
observed in the satellite data rather than a controlled comparison. Distance from the shoreline correlates positively
with LST (r = +0.42): pixels further from the coast were slightly warmer, at an indicative rate of about +0.3 °C per
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100 m, and only within roughly 200 m of the coast, beyond which land cover dominates. Distance is measured
from the high-water line, so a positive coefficient denotes warming as distance inland increases. Within a 100 m
thermal footprint the coastal signal is averaged over two or three resident footprints and is therefore weak, so this
gradient should be read with caution.

4. Discussion
4.1. SUHI in a Small Coastal Heritage Town

The main result is that a small island town sustains a measurable SUHI. The maximum intensity of 4.1 °C between
the heritage core and the vegetated reference is of the same order as values reported for larger coastal cities in the region,
such as Stone Town in Zanzibar (about 3.8 °C) and coastal settlements in Tanzania (2.9—4.5 °C) [87—89]. That a district
a few hundred metres wide produces an effect of this magnitude shows how strongly urban fabric can modify the local
surface climate, a control that is known to vary with the background climate of a city [90] and across biomes [91].

The 2.1 °C difference between the two districts is the most policy-relevant finding. It is consistent with their
materials and vegetation: stone and lime mortar store heat during the day and release it slowly, whereas palm
thatch and timber conduct heat less readily [92-94]. The result is an association, not a proof. The data cannot
separate the effect of materials from that of density or vegetation, and no material-level or albedo measurements
were made, so the inference remains descriptive until a multivariable model and direct observations of thermal
mass, albedo and anthropogenic heat are available.

Vegetation cooling of 2.5-3.8 °C is in line with other tropical studies and points to green infrastructure as the
most practical lever for thermal management in the heritage core, where vegetation covers less than 15% of the
area [95-100]. For conservation this is important because repeated thermal cycling and high temperatures
accelerate the weathering of limestone and coral stone [23,101-103]. The scale of the observation should be kept
in mind: a neighbourhood-scale signal does not describe monument-scale thermal behaviour.

4.2. Temporal Trends and Their Interpretation

The island warmed at +0.148 °C yr ! and the heritage core at +0.180 °C yr ! (Table 8). Both rates lie above
the two regional references used here: the published air-temperature trend for coastal northern Mozambique of
about +0.08 °C yr ! over a comparable period [88], and a 5 km x 5 km open-ocean LST reference computed from
the same scenes, which warms at +0.05 °C yr™! and contains no built surface. Multi-sensor comparisons of this
kind are established practice in urban thermal studies [104], and remote sensing has long been used to relate land-
cover change to surface temperature at scales comparable to this one [105]. The island trend is therefore consistent
with a local surface-warming contribution on top of the regional signal, but the difference cannot be attributed to
urban development alone, given the dry-season sampling schedule and the 100 m thermal support, and urbanisation
has been shown to modify regional climate elsewhere [106].

Interpretation limits: the series covers the dry season only; it rests on four scenes per year; and the two sensors
are not identical, although Band 11 was excluded uniformly and the atmospheric correction uses the same NASA
ACCP source for every scene, so cross-sensor bias should be small [55]. A dry-season satellite series cannot by
itself show that urban development caused the warming, nor separate that effect from changing acquisition
conditions or the regional climate [107,108], which is the difficulty that urban-rural trend comparisons in other
cities have also faced [109].

4.3. Implications for Heritage Conservation and Planning

The elevated temperatures in Stone and Lime Town are a conservation concern. Heat accelerates the
chemical weathering of limestone and coral stone, and daily thermal cycling stresses masonry and mortar
joints [23,101-103,110,111]. The mechanisms invoked here are documented for limestone and coral-stone
building materials in general rather than measured on this island, where no material sampling or surface-energy-
balance measurements were made. The historical fabric also offers a passive-cooling opportunity: courtyards,
verandas and window placement were climate adaptations long before air conditioning and can be maintained
without compromising authenticity [108,112—-114].

In Macuti Town, the lower SUHI intensity associated with traditional materials and more vegetation suggests
that vernacular construction is well adapted to the local climate [94,115,116]. The main risk is modernisation that
replaces these materials with worse-performing ones, so planning policy should weigh thermal performance
alongside other criteria [110,111]. Urban form itself, rather than individual materials, is a recognised control on
the intensity of the heat island [117].
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The island’s small size cuts both ways. There is little room for large green infrastructure, but the compact
form means that a few well-placed measures—strategic tree planting, higher-albedo surfaces, and passive-cooling
design—could affect the whole town [96,118-121].

4.4. Limitations

Four limitations frame what can be concluded. (i) The native thermal support of Landsat Band 10 is 100 m
and the distributed grid is a 30 m resampling. The island is 200-500 m wide, so only two to five independent
thermal footprints cross it at any point; resampling does not create new spatial information [30,47,56], and thermal
downscaling cannot recover detail that was never measured [122—-124]. Coastal and narrow built-up pixels mix
land, buildings and sea within a single footprint, and the data cannot reliably distinguish individual building
materials, monument-scale thermal behaviour, fine urban morphology, small vegetation patches or a precise
cooling threshold within the first 200 m of the coast. (ii) The data are daytime and dry-season only, so nighttime
conditions and the full annual cycle are not covered. (iii) No ground-based validation was possible, so absolute
temperatures carry the uncertainty of the atmospheric correction (NASA ACCP uncertainty in 7, LT and L|
documented in Barsi et al. [69,70]). (iv) Attribution of the trend to urban development rather than to regional
climate change is descriptive only, because the dry-season schedule prevents a strict causal reading.

The acquisition dates in Table 1 also drift slightly across the record, from a mean day-of-year of 197 in 2013
to 202 in 2024 (about half a day per year, five days in total), so a small seasonal sampling drift cannot be excluded
as a minor contributor to the fitted trend. Other urban climate effects, such as the influence of urban surfaces on
precipitation, are outside the scope of this dataset [125]. A permanent temperature monitoring network on the
island would address most of these limitations and would support future higher-resolution thermal surveys, with
ASTER or airborne thermal imagery [126,127]. Until such data exist, the conclusions describe patterns at the zonal
scale of districts and neighbourhoods.

5. Conclusions

This study provides the first satellite-based thermal assessment of Mozambique Island, based on a twelve-year
Landsat 8/9 archive processed in a single chain. Mean LST was 31.2 °C in Stone and Lime Town and 29.1 °C in
Macuti Town, a persistent 2.1 °C contrast across the study period. The maximum SUHI intensity between the heritage
core and the land-vegetated reference reached 4.1 °C in 2024, against about 2.8 °C in the early years of the record.
Island-wide LST rose by +0.148 °C yr! (95% CI +0.080 to +0.216) and the heritage core at +0.180 °C yr! (95% CI
+0.099 to +0.261). Built-up fraction was the strongest positive correlate of LST (r = +0.72) and vegetation cover
the strongest negative correlate (r = —0.68).

Heritage managers and urban planners now have a quantitative baseline for the island. The wider point is that
even a very small heritage settlement can sustain a measurable surface heat island, which remote sensing can detect
where ground-based monitoring is impractical [114]. Urban heat also has direct consequences for human health
during heat episodes [128]. Three caveats constrain that generalisation (Section 4.4), although the baseline itself
is robust to the archive and to the definition of the reference zone (Section 2.5).

Software and Packages

All analyses were performed in R version 4.3.2 (R Foundation for Statistical Computing, 2023). Table 10 lists the
software and package versions used, and the file manifest with checksums accompanies the reproducibility supplement.

Table 10. Software and package versions used in this study.

Tool Version Purpose Reference

R 432 Statistical language R Core Team (2023)

raster 3.6-26 Raster I/0O and manipulation https://cran.r-project.org/package=raster (accessed on May 2026)
sf 1.0-12 Vector data handling https://cran.r-project.org/package=sf (accessed on May 2026)
caret 6.0-94 Classification and https://cran.r-project.org/package=caret (accessed on May 2026)

regression training
Sen’s slope plus

Zyp 1.1-2 Mann_Kendall trend tests https://cran.r-project.org/package=zyp (accessed on May 2026)
spdep 1.2-8 (Sl\];lz:tzll?sui())correlanon https://cran.r-project.org/package=spdep (accessed on May 2026)
QGIS 3.34 “Prizren”  Geographic information system _https://qgis.org (accessed on June 2026)
. Semi-Automatic https://plugins.qgis.org/plugins/SemiAutomaticClassificationPlugin/
QGIS SCP plugin 7.10.4 Classification Plugin (accessed on June 2026)
NASA ACCP (web service;  Atmospheric parameters (t, LT, Barsi and co-authors (2003, 2005); https://atmcorr.gsfc.nasa.gov/
accessed 2026) L|, T air, RH, elevation) (accessed on May 2026)
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Supplementary Materials

The additional data and information can be downloaded at: https://media.sciltp.com/articles/others/2610271
418256553/UESD-26070153-S1.pdf. Table S1: Scene inventory of the 48 Landsat acquisitions (date, UTC
overpass, cloud cover). Table S2: Atmospheric parameters applied to each scene. Table S3: Atmospheric
parameters by acquisition month. Table S4: Classification accuracy of the five composites. Table S5: Confusion
matrix of the 2024 composite. Table S6: Spatial autocorrelation (Moran’s I) of the LST residuals. Table S7: Land-
surface temperature statistics by district and land-cover class. Table S8: Trends in annual mean LST, 2013-2024.
Table S9: Correlations between land-cover characteristics and LST (zonal means). Table S10: Software and
package versions. Table S11: Annual mean LST by district and land-cover class, 2013—2024. Table S12: Zonal
LST matrix, 12 years % 5 zones. Table S13: Scene-level acquisition and processing metadata. Table S14: Per-class
accuracy of the 2024 composite.
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