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Abstract 
This study investigates the spatiotemporal development of the Surface Urban Heat Island 

(SUHI) in Malta, and compares it with Zaragoza, Spain, as an inland reference site of the 
same Köppen climate classification. High-resolution summer Land Surface Temperature 
(LST) data from 2013 to 2025, along with Impervious Surface Area (ISA), Land Use/Land 
Cover (LULC), and NDVI data were used to analyse the SUHI development in the study area. 
In addition, MODIS day and nighttime LST data from 2003 to 2025 were used to examine a 
longer-term, diurnal SUHI trends. The results obtained, show that Malta does not display a 
conventional daytime SUHI signal, as areas defined as rural with ISA were generally warmer 
than the urban ones, with an urban-rural LST difference of -1.33 °C. In contrast, Zaragoza 
showed consistently positive urban-rural LST differences of +2.11 °C, indicating a clearer 
inland SUHI pattern. It was found that MODIS nighttime analysis has resulted in a significant 
UHI increase in both study areas, +0.019 °C/year in Malta and +0.018 °C/year in Zaragoza. 
This suggests that urban heat retention is more clearly expressed at night than during the day. 
Overall, the findings show SUHI development cannot be explained by urbanisation alone; 
research suggests that factors such as local climate, maritime exposure, vegetation conditions, 
dry rural surfaces & their composition, along with time of observation, strongly influence how 
urban heat is expressed. 
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1.​ Introduction  
Urbanisation is increasing global exposure to urban climate risks. According to the United 
Nations Department of Economic and Social Affairs (2018), the proportion of people living in 
cities has increased from 30% in 1950 to 55% in 2018, and is projected to reach 68% by the 
year 2050. It is documented that cities create microclimates that are generally warmer than the 
surrounding areas. This phenomenon is known as the Urban Heat Island (UHI) effect. UHIs 
are created from the city's heat-retaining properties, geometry, and heat from human activities 
(Intergovernmental Panel on Climate Change [IPCC], 2021). The basic mechanisms of UHIs 
are linked to the altered energy balance in cities, which comprises impervious surfaces, dense 
building materials, and reduced vegetation (Oke, 1982).  

1.1 Urban heat relevance and satellite-based monitoring 
The relevance of UHIs lies in their capacity to exacerbate heat exposure in already densely 
populated environments, increasing risks to human health, thermal comfort and livability. 
This is especially important during periods of prolonged heat and heatwaves. Moreover, 
studies have demonstrated that UHIs alter precipitation patterns (Shepherd, 2005), and higher 
urban temperatures can increase cooling-related electricity demand. Santamouris et al. (2015) 
report that each 1 °C increase in ambient temperature may increase peak electricity demand 
by 0.45-4.6%, and air-conditioning waste heat can contribute to a positive feedback between 
urban warming and cooling demand (Takane et al., 2019). 
 
Normally, UHI is subdivided into two categories: the Canopy Urban Heat Island (CUHI), 
based on air temperature, and the Surface Urban Heat Island (SUHI), based on land surface 
temperature (LST) (Oke, 1982). Meteorological observations from weather stations can be 
limited by scarce spatial distribution and their heterogeneity; on the other hand, remote 
sensing comes into play. It facilitates data provision both spatially and temporally, allowing 
for continuous data such as LST, Normalised Difference Vegetation Index (NDVI), Land Use 
Land Cover (LULC), and Impervious Surface Area (ISA). These are crucial components to 
evaluate the SUHI development in Malta and to compare it with Zaragoza as an inland 
Mediterranean reference site.  
 
Malta-specific UHI research remains very limited, with existing studies focusing on 
short-term field measurements, satellite in situ LST comparison, and local mitigation 
measures. Therefore, a long-term satellite-based study, with a comparison to an inland 
Mediterranean city with the same Köppen Climate classification, adds value by examining 
whether the Maltese marine setting modifies the SUHI development over time. This study 
addresses the gap by comparing Malta with Zaragoza by using consistent LST, NDVI, CLC+ 
Backbone, and ISA-based workflow. 

1.2 Research gap and aims 
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Aim 1 
To investigate the spatiotemporal development  & long term spatial trends of the Surface 
Urban Heat Island (SUHI) from 2013 to 2025 in Malta, using high-resolution Land Surface 
Temperature data, in conjunction with a stable Land Use/Land Cover mask and impervious 
surface area classification. 

Aim 2 
To evaluate the role of maritime influence in shaping SUHI intensity by comparing the 
thermal characteristics of Malta with Zaragoza, Spain, an inland city sharing the same Köppen 
Csa climate classification, but without the influence of direct sea-breeze exposure.  

Hypothesis 1 

This study hypothesises that UHI intensity in Malta has increased significantly over the 
2013–2025 period, with urbanisation as the leading cause. As impervious surfaces expand and 
vegetated land is lost, urban areas are expected to store more heat, release less moisture 
through evapotranspiration, and reflect less solar radiation — all of which widen the thermal 
gap between urban and rural areas over time. 

Hypothesis 2 

This study hypothesises that Malta's island location dampens its UHI intensity compared to a 
continental city with the same climate type. The sea breeze and higher atmospheric moisture 
typical of a central Mediterranean island are expected to introduce cooler air into urban areas 
and reduce heat accumulation, resulting in a measurably lower UHI intensity in Malta than in 
Zaragoza — even though both cities share the same Köppen Csa classification and similar 
levels of urban development. 

 

 

2.​ Background 

2.1 Urban Heat Island Formation 
Heat Islands are created due to a combination of several different factors. Reduced natural 
landscapes in urban areas facilitate the UHI effect. Vegetation and water bodies cool the air by 
providing shade and by transpiration and evaporation. Artificial surfaces such as roads,  roofs 
and sidewalks, made out of impermeable materials, provide less shade and moisture when 
compared to their natural counterparts, and therefore lead to higher temperatures (United 
States Environmental Protection Agency, 2025). 
 
Conventional artificial materials tend to have a higher albedo, therefore absorbing more of the 
sun's insolation when compared to trees and other natural surfaces. It is documented that heat 
islands gather up shortwave solar radiation during the day, and later emit this as longwave 
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(thermal) energy during nights and evenings. Hence, creating an even greater UHI when the 
sun sets (United States Environmental Protection Agency, 2025). 
​  
Another cause of UHIs is the anthropogenic heat. Air conditioning units, vehicles, and 
manufacturing all release heat into the urban environment. These all add up and positively 
contribute to urban warming (United States Environmental Protection Agency, 2025).  
 

2.2 Urban Geometry and Surface Heat Storage 
The way a city is designed plays a major role in how resilient it is to urban heat island (UHI) 
formation. Spacing between buildings, water bodies, and topography all influence UHI 
development. Narrow building spacing and street width create a high height-to-width ratio 
and reduce the sky view factor, thereby limiting the ability of urban surfaces to release 
longwave radiation at night. Oke (1981, 1982) showed that this can increase nighttime heat 
retention and contribute to nocturnal UHI development. In contrast, narrow streets can 
provide more shade during the day and reduce direct solar radiation on pavements and 
building façades. Therefore, the effect of street width on UHI is time-dependent: wider streets 
may improve ventilation, but their larger sky view factor can also allow more solar radiation 
to reach the ground during the day. 
 
UHI can be visualised by drawing a curve from one side of the city to another, therefore 
mapping geographically the temperature change from rural environment to urban environment 
and back to rural. The so-called “island” would be the spike in the middle of the graph 
representing the warmest point, and generally mimics the outline of the urbanised structures 
(Oke, 1982). Initial studies have revealed that UHI effects can increase urban temperatures 
between 2 and 8 °C (Oke, 1982; World Meteorological Organisation 1984). However, more 
recent studies have shown that the more accurate range would be from 5 to 15 °C increase due 
to the UHI effect (Santamouris, 2013).  
 

2.3 Local Climate, Wind, and Coastal Influence 
Local atmospheric and geographic conditions play a big role in the UHI development in cities.  
The urban atmosphere is divided into two layers. The urban canopy layer, which extends from 
the ground to roughly the mean roof height; and the urban boundary layer, extending above 
the roofs upwards to a couple of kilometres, and is influenced by the city below. Each layer 
directly affects the other; the urban canopy layer contributes heating, cooling, and 
evapotranspiration to the urban boundary layer, which contributes to the larger mesoscale 
conditions (Oke, 1982). Oke argues that windspeed is one of the most important 
meteorological controls of UHI development, followed by cloud cover. Yavuzturk et al. 
(2005) also show the importance of wind by demonstrating that uninterrupted windflow can 
increase the heat transfer from asphalt pavements and cool the surface.  Zhao et al. (2014) 
show that the background climate strongly affects UHI intensity. Coastal cities are further 
complicated by sea land breeze systems, which can cool, shift, or redistribute heat to the 
atmosphere depending on proximity to shore, shoreline geometry, and the surrounding 
topography (Hu et al., 2022). In an inland setting, the topography can interact with heat 
circulation, for example, by bringing cold air down the valleys, potentially intensifying heat 
stress or restricting circulation (Li et al., 2017; Zheng et al., 2024). Additionally, highlighting 
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the importance of local microclimates, along with usual wind directions, regarding UHI 
intensity. 
 

2.4 Daytime and Nighttime UHI Behaviour 

Daytime and nighttime UHI are controlled by different mechanisms. During the day, LST is 
strongly influenced by direct solar radiation, surface moisture, vegetation cover, albedo, and 
the thermal properties of bare soil and artificial materials. Because of this, daytime SUHI does 
not always produce a simple pattern where urban areas are warmer than rural areas. Extreme 
summer daytime temperatures may be present in dry arable land, barren land, sparsely 
vegetated land, and rural land without irrigation. In such instances, the rural comparison area 
might even experience similar temperatures as the metropolitan area, possibly even higher 
ones. Such factors affect LST even more than atmospheric temperature, due to the direct 
dependence of LST upon the surface characteristics observed (Voogt & Oke, 2003; Weng et 
al., 2004). 

At night, the processes controlling UHI are different. After sunset, when direct solar radiation 
ceases, the contribution of buildings, pavements, and other impervious surfaces to the UHI is 
linked primarily to the storage and subsequent release of stored heat in the evening. Urban 
density will reduce the sky view factor in order to minimize the longwave radiation loss, and 
the material in urban environment usually has high thermal storage capacity. In consequence, 
the presence of UHI effect at night can occur despite weak, patchy, and possibly masked by 
rural heat effect during the day (Oke, 1981, 1982). Thus, different components of the same 
heat system can be described using daytime and nighttime measurements: while daytime LST 
reflects the quick process of heating, nighttime LST better represents the storage of the heat 
energy. 

This distinction is particularly important for coastal or island environments such as Malta. 
Coastal urban areas could be moderated by sea-breeze circulation and the surrounding water 
body, while dry inland rural surfaces may heat rapidly. As a result, daytime urban–rural LST 
differences can become reduced, or even reversed. In terms of stored heat release from the 
materials, it is especially noticeable during the night since there is no solar heating during this 
time. For this reason, analysing both daytime and nighttime SUHI is necessary, as daytime 
data alone may underestimate or misrepresent the urban heat signal in environments where 
rural dryness, coastal cooling, and urban heat storage interact. 

 

2.5 Climate Change and the Relevance of Urban Heat Research  
Climate change is a long-term shift in Earth’s climate system; it is not just natural variability, 
but a long-term warming trend strongly linked to mankind's activity (IPCC, 2023). It is caused 
primarily by anthropogenic greenhouse gas emissions (Forster et al., 2025). The IPCC states 
that human activities, particularly the emissions of greenhouse gases, have “unequivocally” 
caused global warming. Such changes in emissions have increased the global surface 
temperature by approximately 1.1°C above the 1850 - 1900 pre-industrial baseline during 
2011-2020 (IPCC, 2023). 
 
Climate change does not stop with just global warming. It strongly affects heatwaves, rainfall 
patterns, droughts, sea level, ecosystems, and human health (IPCC, 2023; Seneviratne et al., 
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2021). For that reason, temperature based studies, such as LST and UHI research is becoming 
increasingly important for understanding how warming interacts with urban land cover and 
surface conditions (Voogt & Oke, 2003).  
 
It is recorded that the last decade has contained the warmest years in mankind's record 
(WMO, 2025). The World Meteorological Organisation, among other organisations have 
confirmed that 2024 was the warmest year on record, averaging out over 1.5°C above the 
pre-industrial threshold. Additionally, it is reported that 2015 to 2025 were the eleven 
warmest years in accessible datasets (Copernicus Climate Change Service, 2025; World 
Meteorological Organization, 2025a).  
 
It is important to note that individual years can be excessively warm, due to natural climate 
variability such as the El Niño. However, when many record-breaking years occur 
back-to-back, it is hard to blame the climatic variability. It has become a clear warming trend 
(IPCC, 2023).  
 
Projections for the future indicate that high temperature records are set to increase over the 
coming years. According to the IPCC, warming will persist in the absence of significant 
reductions in greenhouse gas emissions (IPCC, 2023). Global warming between 2081 and 
2100 is projected to amount to 1.4°C, 2.7°C, and 4.4°C under scenarios of very low, 
intermediate, and very high greenhouse gas emissions, respectively (IPCC, 2023). Moreover, 
the WMO predicts that there is an 80% probability of one year in the range of 2025 to 2029 
having a temperature higher than 2024 (World Meteorological Organization, 2025).  
  

 

3. Data and Methodology 

3.1 Study areas 
 
The primary study area is Malta. Malta is a small European island state, located in the 
Mediterranean Sea at approximately 35.8–36.1°N and 14.2–14.6°E. The archipelago 
comprises three inhabited islands, Malta, Gozo, and Comino, with a total area of about 316 
km². Malta is the most densely populated country in Europe, with a population density 
exceeding 1,500 inhabitants per km² (Eurostat, 2022). The country is characterised by a Csa 
Köppen climate classification, which entails dry summer and mild wet winters (Lionello et 
al., 2006; Beck et al., 2018). The mean summer temperatures often exceed 25°C, while peak 
temperatures in urban areas can significantly surpass this value (Climate-Data.org, 2026).  
 
Malta was selected as the primary study site because it provides a spatially compact and 
clearly bounded case for analysing SUHI development. As an island state, Malta is also 
geographically separated from neighbouring urban systems, which allows the thermal patterns 
not to be influenced by surrounding metropolitan areas. In addition to this, Malta’s hot 
summer Mediterranean climate and high population density make urban heat stress 
particularly relevant. 
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Figure 1. The Maltese study area depicts the whole archipelago with Malta, Gozo, and 
Comino, along with their location in the Mediterranean Sea.  
 
Malta's rapid urbanisation over the past two decades has resulted in substantial expansion of 
impervious surfaces, particularly in the populated northern and central regions of the main 
island, while agriculture, along with natural vegetation, is increasingly fragmented (Planning 
Authority Malta, 2020). The above-listed information, together with a clearly defined, 
relatively small spatial extent and intense solar receipt, makes Malta a particularly interesting 
case for UHI development monitoring.  
 
A Spanish city by the name of Zaragoza, located in the Aragon community, is used as an 
inland comparison site. The urban satellite site is located 165km from the nearest coastline, 
therefore it is not exposed to sea breeze the same way Malta is, yet it maintains the same Csa 
Köppen climate classification. Zaragoza allows for the comparison of the marine and inland 
climates' effect on UHI development (Beck et al., 2018). For the fairness of this comparison, 
the same LST, LULC, ISA, and NDVI source and methodology were used on both sites, 
therefore making the geographical placement the distinguishing factor. 
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Figure 2. The Zaragoza study area, with its 10km buffer from the Zaragoza city centre. The 
inserted map shows Zaragoza's inland placement in Northern Spain. 

3.2 Data Sources 

3.2.1 High-resolution Land Surface Temperature Data 
Land Surface Temperature Data at a 30-meter spatial resolution was derived from USGS 
Landsat 8/9 Collection 2, Level 2 imagery for the period of 2013-2025. To avoid confusion, it 
is worth mentioning that the LST product is sampled at a 30-meter resolution, however the 
thermal observations used to retrieve LST are acquired by the Landsat 8/9 TIRS (Thermal 
Infrared) sensors at 100 meters, and then resampled in the delivered product (U.S. Geological 
Survey, 2020). Each year, a cloud-free summer scene was selected during the same temporal 
window (June-August). To ensure spatial compatibility & phenological variation on the LST, 
same-day data were downloaded from USGS. However, even after filtering for sub 10% cloud 
cover, some areas were still covered by clouds, which significantly affected LST values, so 
each image was manually scanned to be cloud-free. If clouds were present, the closest date 
data was selected, and the process was repeated. 
 
LST was retrieved from TIR bands using the radiative transfer equation approach, which 
accounts for atmospheric transmittance, upwelling radiance, and land surface emissivity 
(Jimenez-Munoz et al., 2014). Additionally, surface emissivity was estimated using the NDVI 
threshold method (Sobrino et al., 2004), whereby emissivity values are assigned based on 
vegetation fractional cover derived from the Normalised Difference Vegetation Index. The 
resulting LST rasters were projected to the ETRS89 / UTM Zone 33N coordinate reference 
system. Additionally, as the initial surface temperatures were shown as integer digital 
numbers (DN), with pixels ranging from 38209 to 52845,  the following equation was used to 
convert them into degrees Celsius: 
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 LST (C) = (DN × 0.00341802 + 149.0) - 273.15 
 

(1): Landsat LST 
conversion 
 

 
Where DN is the pixel value from the Landsat ST_B10 surface temperature band. 
 
All preprocessing and spatial analysis for high-resolution layers & data were conducted in 
ArcGIS Pro 3.7 (Esri, 2026). 
 

3.2.2 Normalised Difference Vegetation Index 
The Normalised Difference Vegetation Index (NDVI) was computed from the Copernicus 
browser (European Space Agency, 2026). The Sentinel-2 Level-2A source was used to obtain 
a 10-meter spatial resolution NDVI output. Unlike the raw, top-of-the-atmosphere reflectance 
L1C, the L2A is a corrected surface reflectance, and therefore, NDVI was derived from it. 
The index was calculated using the red band (B04) and the near infrared band (NIR) (B08).  
NDVI is defined as: 
 

 
NDVI = (NIR − Red) / (NIR + Red) 

= 

NDVI = (B08 - B04) / (B08 + B04) 

 
 
(2): NDVI formula 
 

 

where NIR and Red represent surface reflectance in the near-infrared and red spectral bands, 
respectively (Tucker, 1979). NDVI values range from −1 to +1, with higher values indicating 
denser and healthier vegetation cover. NDVI was used both as an input for estimating land 
surface emissivity and as a vegetation density variable for analysing the spatial relationship 
between vegetation cover and LST. Such a relationship is a well-established inverse 
relationship numerously documented in urban remote sensing literature (Yuan & Bauer, 2007; 
Weng et al., 2004). 
 

3.2.3 Land Use / Land Cover 
The LULC data was obtained from the Copernicus Land Monitoring Service Data Viewer 
(2026) for two different years: 2018 and 2023. The following data was provided at a 10-meter 
resolution. Only the classes that were present in the official CLC+ Backbone raster were kept, 
i.e., snow and ice & mosses and lichens were removed.  
 

3.2.4 Impervious Surface Area 
Impervious Surface Area (ISA) was used to distinguish between the urban and rural surfaces 
in both Malta and Zaragoza. The data was obtained from the Copernicus Land Monitoring 
Service, under the name “Impervious Density 2018 & 2021”. The product is given as a raster 
file, and provides estimates of artificial surface sealing at 10 spatial resolution, with values 
ranging from 0% to 100%.  
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The ISA layers were clipped to the boundary of Malta and Zaragoza. Alike LULC, in order to 
reduce the influence of land cover change during the study period, a stable mask was created 
by only including the unchanged areas between 2018 and 2021. 
 
A threshold of 10% imperviousness and above was used to classify the pixels as urban; on the 
other hand, everything below 10% imperviousness was classified as rural. This threshold was 
chosen, as even a seemingly low level of impervious surface can indicate built development, 
such as roads and low-density residual areas. Xian and Crane (2006) used the same threshold, 
stating that this threshold not only captured the high-density residential areas, but also the low 
and medium-density ones. 
 
A major benefit of using ISA as a classifier of urban and rural areas is that ISA provides a 
continuous, quantitative measure of built-up surface intensity, while LULC classes are 
categorical. The European Union’s Earth observation programme, Copernicus Land 
Monitoring Service (2026) identifies sealed surfaces and built-up construction as important 
for understanding urbanisation and UHI development. 
 
The use of ISA is also supported by urban heat island literature. For example, Xian and Crane 
(2006) describe ISA as an anthropogenic parameter representing urban spatial extent and 
development intensity, and Yuan and Bauer (2007) found a strong linear relationship between 
LST and percent ISA across seasons. Yuan and Bauer (2007) also found that the LST–ISA 
relationship was stronger and more consistent than the relationship between LST and NDVI, 
making ISA particularly suitable for quantitative SUHI analysis, and was therefore used in 
this study. 
 
 

3.2.5 MODIS Land Surface Temperature Data 
To extend the temporal coverage of the analysis and to examine diurnal UHI dynamics, daily 
LST data were obtained from the MODIS Terra MOD11A1 product (Collection 6.1) for the 
period 2003–2025. The MOD11A1 product provides LST at approximately 1-kilometre 
spatial resolution with separate daytime and nighttime temperature estimates derived from 
thermal infrared radiance measurements, along wth quality control information, view time, 
view angle, emissivity and clear sky coverage (Wan et al., 2015; Gorelick et al., 2017). This 
product has been extensively validated and is widely used in long-term UHI studies (Imhoff et 
al., 2010; Peng et al., 2012; Clinton & Gong, 2013). The extended temporal record of MODIS 
data (23 years) provides a long-term context that complements the higher spatial resolution 
but shorter temporal coverage of the primary Sentinel/Landsat dataset. 
Due to the sheer amount of data, that being one nighttime and one daytime measurement for 
every appropriate summer day from 2003 to 2025, Google Earth Engine (GEE) was used as 
the data processing software (Google, n.d.). GEE is a cloud-based geospatial analysis 
platform, in which analysis for Malta and Zaragoza was carried out separately. For the GEE 
analysis, Artificial Intelligence such as Chat GPT and Claude were used to generate Python 
scripts to run the necessary SUHI analysis. The code is available in the appendix.  
 
 
 
Table 1. Overview of datasets used in the analysis. 
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Dataset Source Spatial 
resolution 

Period/reference 
years 

Use in thesis 

Landsat 8/9 
Collection 2 
Level-2 Surface 
Temperature 

USGS / EROS 
Centre 

30 m delivered 
grid; thermal 
retrieval based on 
TIRS 

2013-2025 summer 
scenes 

High-resolution 
LST maps, Sen 
slope, MK trend 
analysis 

Sentinel-2 
Level-2A NDVI 

Copernicus 
Browser / ESA 

10 m 2015-2025 summer 
scenes 

Vegetation-density 
analysis and 
LST-NDVI 
relationship 

CLC+ Backbone 
raster 

Copernicus Land 
Monitoring 
Service 

10 m 2018 and 2023 Official LULC 
classes and stable 
LULC mask 

Impervious 
Density HRL 

Copernicus Land 
Monitoring 
Service 

10 m 2018 and 2021 ISA-based 
urban-rural 
classification 

MODIS Terra 
MOD11A1 

NASA / Google 
Earth Engine 

~1 km 2003-2025 summer 
days/nights 

Long-term 
daytime and 
nighttime SUHI 
trends 

 

 3.3 Data Processing 

3.3.1 High-resolution data processing in ArcGIS Pro 
All high-resolution raster data were clipped to Malta's and Zaragoza’s spatial extent before 
analysis. Zonal statistics as a table were performed in ArcGIS Pro to extract the mean LST 
values for urban and rural areas.  
 

3.3.2 MODIS Processing in Google Earth Engine 
Due to the large volume of daily observations, MODIS LST processing was carried out in 
GEE. Both sites were processed separately. For each study area, the spatial boundary was 
imported as a vector, that being Malta's national boundary, and the Zaragoza buffer, in 
addition to the urban-rural ISA-based classification. These assets were used to filter, clip, and 
reduce the MODIS image collection. 
 
The daytime LST_Day_1km and nighttime LST_Night_1km bands were selected from each 
MODIS image. Because the original MODIS LST values are stored as scaled digital numbers, 
they were converted to degrees Celsius using the standard MODIS scale factor: 
 
 

 LST(°C) = (DN × 0.02) − 273.15 
 

(3): MODIS LST 
conversion 
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where DN is the stored pixel value from either the daytime or nighttime LST band. 
 
Prior to statistical analysis, quality-control filtering was applied using the MOD11A1 
Quality-Control (QC) bands. For both daytime and nighttime LST, pixels with QC bits 0–1 
equal to binary 00 or 01 were retained. This meant that pixels were retained where LST was 
successfully produced under the MODIS mandatory QA_Day and QA_Night flag, and pixels 
where retrievals were not produced or were of poor quality were excluded. The same QC rule 
was applied consistently to Malta and Zaragoza to ensure that the two MODIS time series 
were directly comparable.  
 
The image collection was filtered to the summer months of June, July, and August to ensure 
seasonal consistency with the high-resolution analysis and to focus on the period when SUHI 
intensity is strongest. Annual mean summer daytime and nighttime LST composites were 
generated and exported as GeoTIFF rasters at 1 km resolution for mapping and visual 
comparison. 
 
Daily summer LST values were also extracted separately for urban and rural areas using the 
ISA-based urban–rural classification described earlier. Urban areas were defined as pixels 
with ISA values of 10% or higher, while rural areas were defined as pixels below 10% ISA. 
Mean LST values were then calculated separately for the urban and rural masks for each 
available summer day. These daily values were exported as CSV files and used to calculate 
SUHI intensity: 
 

 SUHI = LST urban − LST rural (4): SUHI formula 
​ ​ 
 
This procedure has produced daily, annual, daytime, and nighttime SUHI statistics for both 
Malta and Zaragoza, thereby allowing comparison between the maritime and inland study 
areas. 
 

3.4 Statistical Analysis 

3.4.1 Mann-Kendall Trend Test 
Temporal trends in LST and UHI intensity were assessed using the Mann-Kendall (MK) 
non-parametric trend test (Mann, 1945; Kendall, 1975). The Mann-Kendall test assesses 
whether a time series exhibits significant results, without the assumption of normality. 
Therefore, making it well-suited for environmental time series, which often violate normality, 
and may contain outliers and missing values (Yue et al., 2002). The test statistic τ ranges from 
−1 (consistent decreasing trend) to +1 (consistent increasing trend), with values near zero 
indicating no monotonic trend. 
 
The MK test was applied on two levels. Firstly, it was applied to the high-resolution annual 
mean UHI series (2013-2025), to assess if a significant long-term trend existed in the time 
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series. Secondly, a pixel-wise MK test was performed on the 13 annual rasters, whereby the 
test was applied independently on every pixel location to identify the areas of statistically 
important change. This approach, sometimes referred to as the pixel-based trend analysis, 
produces maps of trend direction and significance that reveal the spatial heterogeneity of LST 
change across the study area (de Jong et al., 2011). Pixel-wise MK analysis was implemented 
in Python using the additionally installed pymannkendall library (Hussain & Mahmud, 2019) 
within the ArcGIS Pro Jupyter Notebook environment. Statistical significance was defined at 
the α = 0.05 level throughout the analysis. 

3.4.2 Sen's Slope Estimator 
The magnitude of detected trends was quantified using Sen’s Slope estimator (Sen, 1968), a 
non-parametric method that calculates the median slope across all pairwise combinations of 
time series values. Sen’s Slope is more robust to outliers than ordinary least-squares 
regression and is the standard complement to the Mann-Kendall test in environmental trend 
analysis, and was therefore used (Salmi et al., 2002). The estimator yields a slope value in 
units of °C per year, providing a direct and interpretable measure of the rate of LST change. 
Pixel-wise Sen’s Slope rasters were produced alongside the Mann-Kendall significance maps, 
enabling spatial quantification of the rate of LST change across the entire Maltese territory. 
The significance was determined with this code in the raster calculator in ArcGIS Pro: 
  

 Con("MK_Pvalue.tif" <= 0.05, "MK_Tau.tif", NoData()) 

 

(5): Mann-Kendall 
Significance 

3.4.3 LST–NDVI and LULC class relationship Analysis 
The relationship between vegetation density and surface temperature was examined by 
computing Pearson’s correlation coefficient between pixel-level LST and NDVI values for 
each year in the study period. This relationship has been consistently reported as negative in 
urban remote sensing studies, with higher vegetation cover associated with lower surface 
temperatures due to evapotranspiration and shading effects (Weng et al., 2004; Li et al., 2011). 
In this study, NDVI was used to provide additional ecological context for interpreting the LST 
and UHI patterns. Stable LULC classes were also used to compare how different land-cover 
types corresponded with surface temperature and vegetation patterns in Malta and Zaragoza.  
  

3.4.4 Kruskal-Wallis Test 
To determine whether statistically significant differences in mean LST were present between 
LULC classes, the Kruskal-Wallis H-test was applied (Kruskal & Wallis, 1952). This 
non-parametric equivalent of one-way ANOVA tests whether two or more independent groups 
have the same population distribution and is appropriate when the assumption of normality 
cannot be confirmed, as is common with spatially distributed LST data (McKight & Najab, 
2010). This test was applied separately to the two study sites for each annual LST raster. 
Statistical significance was assessed at p ≤ 0.05. The purpose of this test was to determine 
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whether LST differed significantly between stable LULC classes, rather than to identify every 
individual pairwise class difference.  

 3.4.5 Linear Regression for UHI Trends 
In addition to the Mann-Kendall test and the Sen's Slope Estimator, least-squares linear 
regression was used to describe the direction and strength of annual LST and UHI trends. This 
process was performed for both the MODIS daytime and nighttime UHI data series and the 
annual mean high-resolution LST. The slope of regression was used to give the rate of change 
per annum and was represented in °C annually. The calculated coefficient of determination 
(R2) shows how well the linear trend accounts for yearly variability & the p-value represents 
the statistical significance. While linear regression was used as a secondary test and not as the 
main one, it must be emphasised that climate datasets are usually short, random, and do not 
follow a normal distribution; hence the assumptions of linear regression are not fully met. 
Thus, linear regression was applied in this instance to show the trend direction, magnitude, 
and fit of the data, while Mann-Kendall and Sen's Slope Estimator were more reliable trend 
methods (Wilks, 2011). 

 

4. Results 
This section presents both the spatial and temporal results of the SUHI analysis. First, the 
ISA-based urban-rural classifications are presented for both study sites. Then, mean LST 
patterns and annual LST differences between urban and rural classes are presented from the 
high-resolution dataset. This is followed by pixel-wise Sen’s slope and Mann-Kendall trend 
results, and then a comparison of the long-term MODIS daytime and nighttime UHI trends is 
presented. Lastly, the NDVI and LST relationship results are put forward and used to describe 
the vegetation and surface temperature patterns for the interpretation of the SUHI results. 

 

4.1 Spatial classification of urban and rural surfaces 
The ISA classification in Figures 3 & 4 shows different spatial structures in Malta and 
Zaragoza. In the first one, ISA-defined urban pixels are concentrated around the north-east 
and central parts of the main island, with smaller clusters on Gozo. On the other hand, in 
Zaragoza, urban pixels form a more compact and continuous pattern around the city centre 
and the major transport corridor. In both sites, it is observed that the majority of the land is 
taken up by rural sites, yet the urban pixel arrangement differs. This can be further 
cross-referenced with Figures 5 & 6, which show all the stable LULC for both study areas. 
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Figure 3. Raster map of the stable ISA in Malta. Only the areas with no ISA percentage 
change from 2018 to 2021 are shown in the map. The red areas represent the sites classified as 
urban (ISA above 10%), and are mainly clustered around Valletta in the Northwest of the 
main island. It is possible to spot the main roads connecting the red areas like a spiderweb. On 
the other hand, the grey area is classified as urban land with an ISA percentage below 10, and 
makes up the vast majority of the archipelago's area.  
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Figure 4. Raster map of the stable ISA in Zaragoza. Only the areas with no ISA percentage 
change from 2018 to 2021 are shown in the map. The red areas represent the sites classified as 
urban (ISA above 10%), and are mainly clustered in the middle of the study area, and extend 
along the major roads. On the other hand, the grey area is classified as urban land with an ISA 
percentage below 10, which is the majority of the land area.  
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Figure 5. Raster map of the CLC+ Backbone LULC, showing the Land Use / Land Cover for 
Malta. The stable LULC was created by taking the 2018 and 2023 LULCs and only keeping 
the areas where no change in LULC was observed. 383,926 pixels changed LULC class out of 
the 3,091,375 making it 12.42% (10m resolution). 
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Figure 6. Raster map of the CLC+ Backbone LULC. The map shows the Land Use / Land 
Cover for the Zaragoza study area. The stable LULC was created by taking the 2018 and 2023 
LULCs and only keeping the areas where no change in LULC was observed. 354,074 pixels 
changed LULC class out of the 3,206,686, making it 11% (10m resolution). To better 
visualise the areas of change, a bright pink underlayer is present. For a better fit, the LULC 
names had to be shortened. The full names are: Sealed, Woody needle-leaved trees, Woody 
broadleaved deciduous trees, Woody broadleaved evergreen trees, Low-growing woody 
plants, Permanent herbaceous, Periodically herbaceous, Non- and sparsely vegetated, and 
Water. 

4.2 Mean LST patterns and ISA-based urban–rural differences 

The mean LST patterns show clearly that thermal variability is present in both areas. In Malta 
(Figure 7), the highest average LST values occur mainly inland, while lower values are 
generally located near the coastline. In Zaragoza (Figure 8), high LST values are more 
widespread into clusters across the area, and cooler zones are agglomerated around the river 
and vegetated areas. In neither place are the hottest areas located right at the city centres. The 
island recorded negative urban–rural LST differences in every analysed year, meaning that 
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ISA-defined rural areas were warmer on average than urban areas. Zaragoza, however, 
showed the opposite pattern, with consistently positive urban–rural LST differences across all 
years (Table 2). Lastly, the Kruskal–Wallis test showed significance in LST differences 
between stable LULC classes in every analysed year for both Malta and Zaragoza (p < 0.001). 
This indicates that land-cover class had a measurable influence on surface temperature 
patterns in both study areas.  

 

 

Figure 7. Is a raster map of the averaged LST values in Malta. The yearly summer LST from 
2013 up until 2025 was averaged to create an averaged LST map for the Maltese archipelago. 
The values range from 29.9 to 53.3 degrees Celsius.  
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Figure 8. Is a raster map of the averaged LST values in Zaragoza. The yearly summer LST 
from 2013 up until 2025 was averaged to create a mean LST map for the Zaragoza study area. 
With values ranging from 25.3 all the way up to 61.1 degrees Celsius.  

 

Table 2. The table shows the ISA-based LST comparison of Malta and Zaragoza, showing 
that Malta generally had higher rural LST values than urban ones, producing negative 
urban–rural differences in all analysed years. In contrast, Zaragoza consistently showed 
higher urban than rural mean LST values, indicating a clearer positive surface urban heat 
island signal across the full study period. The table with all the yearly values is available in 
the appendix (Table A1). 

Site Mean urban–rural 
difference (°C)  

Minimum 
difference (°C)  

Maximum 
difference (°C)  

General pattern 
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Malta -1.33  -2.07 in 2021  -0.27 in 2023  Rural areas are warmer 
than urban ones  

Zaragoza +2.11  +1.24 in 2015  +4.02 in 2020  Urban areas are warmer 
than rural ones 

 

Table 3. Showing the Kruskal-Wallis test LST differences between the stable LULC classes for the 
2013-2025 time period. Both Malta and Zaragoza sites have shown a p-value  < 0.001. 

Study area Years tested H statistic range p-value Significant years 

Malta 2013–2025 37,542.50–66,405.43 < 0.001 13/13 

Zaragoza 2013–2025 17,758.42–110,076.86 < 0.001 13/13 

 

4.3 High-resolution LST trend analysis 

The findings from Pixel-wise Sen’s slope show that both study areas have localised warming 
and cooling tendencies rather than just one uniform trend. In Malta (Figure 9), warming 
tendencies are mainly visible in parts of the main island, while cooling & weaker trends are 
visible across large areas of the northern and central part of the archipelago. In Zaragoza 
(Figure 10), stronger positive results occur mainly in the northern and north-eastern parts of 
the study area, while negative slopes are present in bunches present in the northwestern and 
south-eastern parts of the buffer area. The Mann–Kendall significance results (Figures 11 & 
12) show that only a small proportion of pixels had statistically significant trends, indicating 
that many apparent spatial patterns were not monotonic enough across the 13 years to be 
statistically robust.  
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Figure 9. Pixel-wise Sen’s Slope of annual land surface temperature in Malta, 2013-2025. The 
values represent the median annual rate of LST change in °C/year, where positive values 
indicate warming over the study period, while negative values show cooling. 
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Figure 10. Pixel-wise Sen’s Slope of annual land surface temperature in Zaragoza, 2013-2025. 
The values represent the median annual rate of LST change in °C/year, where positive values 
indicate warming over the study period, while negative values show cooling. 
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Figure 11. Raster map showing the significant change in LST trends from 2013 up until 2025. 
A Maltese boundary was placed underneath the Mann-Kendall significance analysis raster to 
better visualise the few areas of significant change present. The total number of pixels that are 
considered significant is 756 out of 351,168. If put in percent, this makes it 0.22%. Most of 
the significant pixels are shown in red, meaning that there has been an increase in 
temperature. They are primarily located in the lower half of the main island, in 
industrial-looking areas. Whereas the blue pixels are located in vegetated garden areas inland 
on the main island. 
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Figure 12. Raster map showing the significant change in LST trends from 2013 up until 2025. 
A transparent polygon was placed underneath the Mann-Kendall significance analysis raster 
to better visualise the areas of significant change present. The total number of pixels that are 
considered significant is 8029 out of 455,621 (30m resolution). If put in percent, this makes it 
1.76%. Most of the significant pixels are shown in red, meaning that there has been an 
increase in temperature. They are primarily located in the eastern half of the study area, with 
the most prominent ones in the northeast, located in the agricultural fields. Whereas blue 
pixels are also situated on agricultural fields, however there are less frequent than the red 
ones, and are scattered around the area. 

 

Table 4. Presents the Mann-Kendall and Sen’s slope results for the annual high-resolution 
urban and rural LSTs classified based on ISA between the years 2013 and 2025. For Malta, 
none of the tested variables showed significance. While for Zaragoza, the urban mean showed 
a statistically significant increasing trend, and the rest of the variables did not display 
significance.  
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Study area Variable Mann–K
endall τ 

MK 
p-value 

Sen’s 
slope 

(°C/year) 

Linear 
slope 

(°C/year
) 

Pearso
n r 

Linear 
R² 

Linear 
p-value 

Significance 

Malta Rural mean 
LST 

-0.0513 0.8577 -0.0130 0.0101 0.023 0.0005 0.9414 Not significant 

Malta Urban mean 
LST 

0.0513 0.8577 0.0308 0.0387 0.093 0.0086 0.7634 Not significant 

Malta Urban − 
rural LST 
difference 

0.1419 0.5014 0.0387 0.0282 0.174 0.0302 0.5703 Not significant 

Zaragoza Rural mean 
LST 

0.4000 0.0581 0.8376 0.5453 0.508 0.2582 0.0763 Not significant 

Zaragoza Urban mean 
LST 

0.4258 0.0437 0.7242 0.5601 0.543 0.2951 0.0550 Significant 
increase 

Zaragoza Urban-rural 
LST 
difference 

0.0513 0.8577 0.0102 0.0140 0.070 0.0049 0.8203 Not significant 

4.4 MODIS day & night UHI trends 

The MODIS results show a different pattern from the high-resolution daytime analysis. They 
do so, by separating daytime and nighttime behaviour and looking into how both affect SUHI. 
In Malta, nighttime UHI increased significantly over the 2003–2025 period, although daytime 
trend displayed significance, it did so in the negative direction (Figure 13). Zaragoza also 
showed a significant nighttime UHI increase (Figure 14), however its daytime trend was 
weaker and not statistically significant in the final trend table, although still negative (Table 
5). These results show that the long-term MODIS record captures a clear day–night contrast, 
with nighttime UHI intensification being the most consistent pattern across both study areas. 
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Figure 13. A graph depicting the MODIS UHI trends for the period 2003 to 2025 in Malta. It 
is visible that the nighttime UHI has a higher intensity (0.019 degrees Celsius per year) than 
the daytime one, which actually resulted in negative results (-0.016 degrees Celsius per year), 
both times of the day giving the results with a p-value of 0.001. 

 

 

Figure 14. A graph depicting the MODIS UHI trends for the period 2003 to 2025 for 
Zaragoza. The nighttime UHI is higher intensity (0.018 degrees Celsius per year) than the 
daytime one, which actually resulted in negative results (-0.007 degrees Celsius per year), and 
has a p-value of < 0.001  and 0.21, respectively.  
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Table 5. Trend analysis of MODIS daytime and nighttime UHI in Malta and Zaragoza, 
2003-2025. The table summarises the statistical trends, which indicate contrasting daytime 
and nighttime patterns, with significant nighttime UHI increase in both study areas, a 
significant daytime decrease in Malta, and no statistically significant daytime trend in 
Zaragoza. 

Study area UHI period Linear slope 
(°C/year) 

Pearson r R² p-value Interpretation 

Malta Daytime UHI -0.0156 -0.638 0.4071 0.0011 Significant decrease 

Malta Nighttime UHI +0.0193 +0.639 0.4084 0.0010 Significant increase 

Zaragoza Daytime UHI -0.0066 -0.2717 0.0738 0.2097 Not significant 

Zaragoza Nighttime UHI +0.0179 +0.7101 0.5042 0.0001 Significant increase 

 

4.5 NDVI and LST spatial relationships 
NDVI patterns provide additional helpful context for the spatial LST differences. In Figure 
15, Malta shows lower vegetation values around the main urbanised areas and higher values 
on Gozo and the western parts of the main island. Zaragoza elucidates the highest NDVI 
values in riperian and agricultural areas, & lower values in built-up zones (Figure 16). The 
results show that Zaragoza generally has higher mean NDVI values than Malta across the vast 
majority of stable land cover classes. 
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Figure 15. Is a raster map of the averaged NDVI values in Malta. The annual summer NDVI 
values from 2015 to 2025 were averaged to create a mean NDVI map for the Maltese 
archipelago. The theoretical range is from -1 to 1. Here we see the values ranging from 0.599 
to -0.344. The lowest NDVI values are present around the capital, Valletta, represented by the 
darker brown colour; on the other hand, the vegetation index is highest in the western part of 
the biggest island, and the northeast of the northern island.  
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Figure 16. Is a raster map of the averaged NDVI values in Zaragoza. The yearly summer  
NDVI values from 2015 up until 2025 were averaged to create a mean NDVI map for 
Zaragoza. The theoretical range is from -1 to 1. Here we see the values ranging from 0.687 to 
-0.264. The lowest NDVI values are in fact not in the city center, however that is a large area 
of almost no positive values. They are located in what seems to be industrial buildings close 
to the edge of the buffer; on the other hand, the vegetation index is highest in the northwestern 
part, and the southeast of the study area, where lots of agricultural fields are present.  
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5. Discussion 
 

The results indicate that the development of the surface urban heat island differs substantially 
between Malta and Zaragoza and cannot be interpreted as a uniform warming pattern. The 
high-resolution data showed no consistent SUHI when looking at the island site, and only a 
significant LST increase for the urban sites in Zaragoza. The average LST map shows spatial 
thermal contrasts; however, the ISA-based urban-rural comparison indicates that Malta has 
higher rural than urban temperatures, whereas Zaragoza exhibits a contrary, more 
conventional SUHI signal, indicating a clearer urban surface heat island pattern.  However, 
MODIS data has shown quite different results from the high-resolution data. It adds an 
important side to the analysis, which shows that nighttime UHI has increased significantly in 
both study areas, whereas daytime UHI behaved differently. 

 

The Maltese SUHI appears to be weaker and more fragmented than its Zaragoza counterpart, 
which can be described by the SUHI's sensitivity to marine influence. Such a difference in 
results supports the claim forwarded by Zhao et al. (2014) that SUHI development is not just 
controlled by urbanisation, but also by the local climate setting, and climatic parameters such 
as surface moisture, rural reference conditions, and time of observation.  

5.1 Interpretation of Malta’s SUHI development 

Malta does not show significant daytime SUHI development with the chosen high-resolution 
ISA method, as visible in Table 5. However, at nighttime, a statistically significant nighttime 
SUHI development is present.  

Additionally, the CLC+ backbone analysis shows that sealed LULC has increased by 5.21% 
from the time period of 2018 to 2023. Such sealed land is defined by 10m pixels classified as 
impervious artificial surfaces, including buildings, paved surfaces, asphalt, concrete, 
tarmacadam, railway tracks, and other open sealed surfaces, with the class assigned through a 
decision-tree approach where sealed surfaces are evaluated as covering more than 50% of the 
abiotic component of the pixel (Copernicus Land Monitoring Service, 2024). 

 

Malta's average LST map (Figure 7) shows that the higher LSTs are present inland & far away 
from the shores, while the coastal areas remain cooler. Build-up areas such as the airport 
appear to be strong hotspots; however, the ISA-based urban-rural table (Table 2) shows a 
negative urban- rural difference. Meaning that, contrary to the UHI norms, rural areas in 
Malta have displayed greater LSTs than the urban ones. Additionally, as seen in Figure 11, the 
number of significant pixels from the Mann-Kendall analysis is very limited. Statistically 
significant increase in UHI is observed in the MODIS nighttime UHI in Table 4, with a 
p-value of 0.001, while the daytime UHI, although displayed significance, was significant in 
the negative direction, giving a p-value of 0.001. 
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A likely explanation is that a large portion of rural land in Malta is dry, agricultural land, with 
exposed soil, and sparse vegetation, as seen in Figure 5. These surfaces are likely to be dry 
and bare soil, which could have a smaller albedo than the characteristically golden coloured 
Globigerina limestone, which is a native and primary building material for buildings & 
structures on the island (Bishop, 2026.). Moreover, the greatest urban area on the archipelago 
is a harbour city by the name of Valletta. Its proximity to the coast means that Malta’s UHI is 
likely influenced by sea-breeze circulation and the thermal moderation of surrounding water 
bodies, which can cool coastal urban areas and modify the spatial structure of urban heat 
islands (Crosman & Horel, 2010; Hu et al., 2022; Zhou et al., 2019). Lastly, the spatial 
accuracy of the coastal pixels is unknown, so coastal mixed pixels and maritime ventilation 
lead to a reduction of the urban-rural contrast.  

 

5.2 Maritime influence and comparison with Zaragoza 

Table 2, in which the high-resolution ISA-based UHI analysis for Malta has shown negative 
differences between urban and rural LTSs, meaning that rural areas, on average, had greater 
temperatures. Whereas the Zaragoza site has shown consistently positive differences in the 
same parameter and across the same period (Table 2). This comparison indicates that the same 
ISA-based method produces different thermal results in the two sites, suggesting that 
geographical placement has a strong influence on how SUHI is developed. Malta’s island 
setting helps explain why its daytime SUHI signal is more complicated than Zaragoza’s. 
Much of Malta’s urbanised area is close to the coast, especially around the Valletta harbour 
region, where sea-breeze circulation and the surrounding water body can moderate daytime 
surface temperatures and redistribute heat (Crosman & Horel, 2010; Hu et al., 2022; Zhou et 
al., 2019). At the same time, Malta’s rural reference areas often include dry agricultural land, 
exposed soil, and sparse vegetation, which can become very warm during the daytime 
conditions in summer. As a result, the urban–rural LST contrast is weakened or even reversed, 
because urban pixels may be cooled by coastal influence while rural pixels may heat strongly. 
Zaragoza, in contrast, lacks direct maritime moderation and therefore shows a more 
conventional inland SUHI pattern. 

 

As mentioned in Section 2.3, sea-breeze circulation is known to affect UHIs by cooling 
coastal urban areas, shifting heat inland, or redistributing the spatial structure of urban heat 
rather than producing one fixed hotspot (Hu et al., 2022; Zhou et al., 2019). This is important 
for Malta, where the main urbanised areas are close to the coast and are therefore more 
exposed to maritime moderation. Hu et al. (2022) show that UHI and sea-breeze systems can 
interact dynamically in coastal cities, producing complex spatial heat patterns rather than a 
simple urban–rural temperature gradient. In contrast, previous studies based on a 
thermohygrometric sensor network composed of 21 hourly observatories/sensors have shown 
that Zaragoza has a clear conventional UHI pattern (Barrao et al., 2022). Cuadrat et al. (2022) 
also found that Zaragoza’s UHI is strongest at night and can weaken or nearly disappear under 
high wind speeds. Therefore, Zaragoza’s inland setting produces a more straightforward urban 
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heat pattern, while Malta’s coastal exposure makes daytime SUHI more spatially variable and 
harder to interpret through a simple urban–rural contrast. 

 

5.3 Daytime versus nighttime SUHI behaviour 
Daytime LST is strongly affected by parameters like direct solar heating, surface moisture, 
vegetation condition, bare soil, agriculture, and coastal cooling (Peng et al., 2012; Weng et al., 
2004; Yang et al., 2022). This makes daytime SUHI more spatially variable and more 
sensitive to the local rural reference conditions. In contrast, nighttime UHI is closely built 
upon the stored heat release of longwave radiation from urban materials and reduced cooling 
after sunset. Therefore, nighttime MODIS results reveal urban heat retention even when 
daytime high-resolution results show negative urban-rural differences (Tables 3 & 4). This 
suggests that daytime LST alone may underestimate the urban heat problem in Malta, and as 
nighttime heat is affected by the daytime heat accumulation, it is especially relevant as it 
reduces recovery from daytime heat stress.  
 

5.4 Role of LULC, ISA, and NDVI in explaining spatial patterns 
Impermeable Surface Area was used to distinguish and define the urban and rural areas, with 
a 10% threshold (Figures 3 & 4). Such a method provides better accuracy than traditional 
LULC classification because ISA is continuous, therefore can be divided into as many 
subclasses as needed, and represents sealed & artificial surface intensity. ISA has a strong 
linear relationship with LST as found by Yuan and Bauer (2007), and was more consistent 
than NDVI for quantitative SUHI analysis. Moreover, there is no human bias on whether to 
classify some in between LULC as urban or rural, such as parks and similar complicated 
mixtures of vegetation and built-up areas.  
 
The stable LULC and sealed surface findings are a supportive aid to explain urbanisation, but 
LULC by itself cannot define the UHI increase. On one hand, the sealed land increases 
support for physical urban expansion; on the other hand, the thermal results show that 
expansion is not purely related to daytime SUHI increase in Malta. 
 
The NDVI results show that vegetation patterns differ between the two study areas. In Malta, 
low vegetation cover in combination with exposed surfaces could explain why rural areas 
reach high daytime LST values of up to 47 degrees Celsius. In Zaragoza, the much higher 
NDVI values in the agricultural and riparian zones may explain the presence of cooler areas 
within the buffer, especially near vegetated and irrigated surfaces. As shown in Figures 15 and 
16, NDVI values are lower around the urbanised districts, such as Valletta and the centre of 
Zaragoza. In addition, when overlayed with Figures 5 & 6, it is visible that NDVI is higher in 
western/northern vegetated areas on Malta, and in the agricultural zones in Zaragoza; but the 
agricultural areas can still be thermally complex depending on whether they are naturally or 
artificially irrigated, and depending on the current season.  
 

5.5 Significance and trend interpretation 
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The Sen’s slope maps, Figures 9 and 10, show the spatiothermal variation in areas that were 
subjected to warming and cooling, and their respective rates. This confirms the presence of 
spatial thermal trends despite the few statistical significances of the monotonous trends, which 
means that the locations experience different interannual temperature regimes. Since 
statistical significance is more challenging to achieve and due to the fact that the trend 
analysis at this higher resolution has been conducted using just 13 annual data sets, then such 
results should not come as a surprise when dealing with short annual time series. While the 
Sen's slope could determine the warming or cooling tendency, the Mann-Kendall test requires 
a pattern that is constantly maintained each year. The year-to-year warming or cooling 
impacts needed to generate more statistical significances of LST trends could be disrupted by 
the unusually high temperatures seen in recent years alongside their interannual variations. 
 
When comparing the significant pixels of Malta and Zaragoza, the latter has more significant 
pixels than Malta, although these were still spatially limited relative to the full study area. 
This indicates that the Sen’s slope maps are more useful for visualising the broader spatial 
pattern and direction of LST change, while the Mann–Kendall significance maps should be 
interpreted as showing only the areas where those changes were statistically consistent 
through time. The two outputs should be read together: Sen’s slope highlights where warming 
or cooling tendencies occurred, whereas the Mann–Kendall maps identify where those 
tendencies were strong enough to be statistically significant. Therefore, areas show apparent 
warming or cooling in the Sen’s slope maps without reaching statistical significance in the 
Mann–Kendall test. 
 

5.6 Methodological implications and uncertainty 

Satellite-derived LST observations should not be interpreted as the same as air temperature. 
Surface UHI derived from LST represents the thermal behaviour of land surfaces, while 
canopy UHI is based on near-surface air temperature; these two forms of UHI are related but 
not identical (Voogt & Oke, 2003). This distinction is important when comparing the results 
of this study with sensor-based studies of Zaragoza, such as Barrao et al. (2022). Their study 
used a quality-controlled hourly thermohygrometric sensor network in Zaragoza from March 
2015 to February 2021 and identified a clear centre–periphery UHI pattern, with nocturnal 
intensities exceeding 2 °C. The present study does not contradict those findings. Instead, it 
supports the existence of a well-developed urban heat signal in Zaragoza, while showing that 
surface-based SUHI patterns derived from satellite LST can be more spatially heterogeneous 
and dependent on the time of observation (Barrao et al., 2022; Voogt & Oke, 2003). 

The thermal infrared observations used in this study, from Landsat and MODIS, are also 
limited to clear-sky conditions. This means that the results represent cloud-free summer 
surface temperature patterns rather than all-weather average conditions. This is important 
because clear-sky SUHI estimates can differ from all-sky SUHI estimates and may 
overestimate SUHI intensity, especially during humid summer daytime conditions (Yang et 
al., 2024). 

Another limitation is the spatial resolution of the long-term MODIS LST data. MODIS 
provided a useful way to analyse daytime and nighttime UHI trends over a 23-year period, but 
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its approximately 1 km pixels contain mixed surface types, including urban land, rural land, 
vegetation, bare soil, and water. Therefore, the MODIS results should be interpreted as broad 
long-term thermal patterns rather than detailed local-scale surface temperature conditions 
(Wan et al., 2021). 

Another limitation of this study is that the urban and rural reference areas were classified 
using a single 10% ISA threshold. This provided a consistent and replicable method for both 
Malta and Zaragoza, but it also simplified the thermal diversity within each class. In Malta, 
rural pixels can differ strongly in distance from the sea, elevation, land cover, soil moisture, 
aspect, and exposure. Some rural areas may therefore consist of dry agricultural land or 
exposed soil, which can become very warm during summer daytime conditions. Similarly, 
Zaragoza’s rural class includes a mixture of agricultural, vegetated, bare, and possibly 
irrigated surfaces. As a result, the urban–rural LST difference should be interpreted as a broad 
ISA-based comparison rather than a complete representation of all local surface conditions. 
Future research could subdivide urban and rural areas using additional variables, such as 
distance to coast, elevation, vegetation cover, aspect, soil moisture, or LULC class, to test 
how different reference definitions affect SUHI intensity.  

 

 

34 



 

6. Conclusion 
The purpose of this study was to investigate the SUHI development in Malta, at two different 
spatiotemporal resolutions, and then to compare its thermal behaviour with Zaragoza, an 
inland site of the same Köppen Climate Classification, which is not so affected by sea air 
circulation. The results have shown that Malta’s SUHI behaviour is not expressed as a simple 
daytime rural-urban pattern. Malta shows negative high-resolution urban-rural LST 
differences during the daytime, while long-term MODIS analysis shows a significant 
nighttime UHI increase. Zaragoza, in contrast, shows a clearer ISA-based SUHI in the 
high-resolution results.  
 
Hypothesis one is partially supported. Malta has experienced an increase in sealed land, which 
was attributed to urban; and MODIS analysis showed a significant nighttime UHI increase. 
Showing that urban heat retention has intensified in Malta across the study period. However, 
the hypothesis is not fully supported as the high-resolution ISA-based analysis did not show a 
significant increase in the urban-rural LST difference, and the daytime urban areas on 
average, were cooler than the rural reference areas. This suggests that urbanisation-related 
SUHI development in Malta is more clearly expressed through nighttime heat retention than 
through daytime surface temperature contrasts.  
 
The second hypothesis is broadly supported. The high-resolution ISA-based comparison 
shows that Zaragoza had positive urban-rural LST differences, indicating a clearer and more 
conventional SUHI signal than Malta. Supporting the influence of Malta's island setting and 
exposure to the marine environment on SUHI by dampening its strength. Maritime influence 
however, does not fully eliminate urban heat accumulation entirely, as both sites displayed 
significant nighttime SUHIs. It appears to complicate the daytime SUHI while allowing for 
nighttime heat retention.  
 
Overall, the study demonstrates that the local climate setting and microclimate are crucial for 
the interpretation of SUHI development. Urbanisation alone cannot be attributed to driving 
surface temperature patterns, as seen on Malta. UHIs are complex environments, and are 
affected by a multitude of factors, such as coastal cooling, rural reference conditions, surface 
dryness, vegetation scarcity, and the difference between daytime heating and nighttime heat 
release. The comparison with Zaragoza has shown that two cities with the same broad climate 
classification can show significantly different results in SUHI results, when one is directly 
influenced by the sea and the other is inland. 
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8. Appendix 

8.1 Extra figures and tables 
Table A1. Annual ISA-based rural and urban mean LST values for Malta and Zaragoza, 
2013–2025.  

Site Year Rural mean LST 
(°C) 

Urban mean LST (°C) Urban - rural LST 
difference (°C) 

Malta 2013 47.1 45.2 -1.9 

Malta 2014 44.55 43.05 -1.49 

Malta 2015 46.21 45.55 -0.65 

Malta 2016 42.99 40.98 -2.01 

Malta 2017 44.46 42.89 -1.58 

Malta 2018 47.57 46.37 -1.2 

Malta 2019 44.22 43.18 -1.04 

Malta 2020 43.51 43.22 -0.29 

Malta 2021 47.07 45 -2.07 

Malta 2022 47.86 46.08 -1.78 

Malta 2023 45.18 44.9 -0.27 

Malta 2024 46.99 45.1 -1.9 

Malta 2025 43.43 42.37 -1.06 

Zaragoza 2013 36.11 37.87 1.77 

Zaragoza 2014 36.97 38.73 1.76 

Zaragoza 2015 40.02 41.26 1.24 

Zaragoza 2016 38.81 40.54 1.74 

Zaragoza 2017 42.59 45.42 2.83 

Zaragoza 2018 43.97 46.15 2.18 

Zaragoza 2019 43.79 45.89 2.1 

Zaragoza 2020 34.54 38.57 4.02 

Zaragoza 2021 38.81 41.74 2.93 

Zaragoza 2022 43.66 45.78 2.12 
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Zaragoza 2023 48.37 49.73 1.35 

Zaragoza 2024 46.81 48.98 2.17 

Zaragoza 2025 39.29 40.54 1.25 

 

 

Figure 1a. Mean NDVI by stable LULC class in Malta and Zaragoza, 2015–2025. The Mean 
NDVI values were extracted from the average NDVI raster for each stable LULC class. 
Higher NDVI values indicate stronger vegetation presence, while lower values indicate 
sealed, sparsely vegetated, water, or non-vegetated surfaces. The comparison shows how 
vegetation density differs between land-cover classes and between the maritime study area of 
Malta and the inland study area of Zaragoza. For every single class except “Low-growing 
woody plants” & “Water”, the mean NDVI is higher in Zaragoza than in Malta, and the 
highest NDVI values are displayed in “Woody broadleaved deciduous trees”.  
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Figure 2a. Raster of the NDVI-LST relationship on Malta. All valid pixels were divided 
according to whether their NDVI and LST values were above or below the median. This has 
led to 4 classes: high NDVI/low LST, low NDVI/high LST, high NDVI/high LST, and low 
NDVI/low LST. It is important to note that this map represents relative internal patterns, as 
the median thresholds are calculated separately for Figures 17 and 18. So spatial logic can be 
drawn out from looking at these figures, but they are not directly comparable classes. 
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Figure 2b. Raster of the NDVI-LST relationship in Zaragoza. All valid pixels were divided 
according to whether their NDVI and LST values were above or below the median. This has 
led to 4 classes: high NDVI/low LST, low NDVI/high LST, high NDVI/high LST, and low 
NDVI/low LST. It is important to note that this map represents relative internal patterns, as 
the median thresholds are calculated separately for Figures 17 and 18. So spatial logic can be 
drawn out from looking at these figures, but they are not directly comparable classes. 

8.2 Code 
The AI-generated Google Earth Engine script used to calculate daytime and nighttime SUHI 
intensity from MODIS MOD11A1 data is provided below. The script filters daily MODIS 
LST images for the summer months, applies quality-control filtering, converts MODIS scaled 
digital numbers to degrees Celsius, extracts mean LST values for ISA-based urban and rural 
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masks, and exports daily and annual SUHI tables. For personal privacy, the exact file paths 
and layer names are replaced with placeholders. 
 
 

Input Description Example placeholder 

Study area boundary Malta national boundary or Zaragoza 10 
km ISA raster extent  

YOUR_STUDY_AREA_BOUNDARY_ASS
ET 

ISA class raster Raster where rural = 1 and urban = 2 YOUR_ISA_CLASS_RASTER_ASSET 

MODIS product MOD11A1 Collection 6.1 MODIS/061/MOD11A1 

Study period Years analysed 2003–2025 

Season Summer months June, July, August 

 
// ============================================================ 
// MODIS SUHI ANALYSIS — ANONYMISED GOOGLE EARTH ENGINE SCRIPT 
// ============================================================ 
// Purpose: 
// Calculates daytime and nighttime SUHI from MODIS MOD11A1 LST 
// using an uploaded study-area boundary and an uploaded ISA-based 
// urban/rural classification raster. 
// ============================================================ 
 
 
// ============================================================ 
// 1. USER PARAMETERS 
// ============================================================ 
 
// Use a generic label when exporting outputs. 
// Replace only inside GEE with your own preferred label. 
var SITE_LABEL = 'STUDY_AREA'; 
 
// Study period 
var START_YEAR = 2003; 
var END_YEAR = 2025; 
 
// Summer months: June, July, August 
var SUMMER_MONTHS = [6, 7, 8]; 
 
// MODIS scale 
var MODIS_SCALE = 1000; 
 
// Export CRS can be left blank unless you need a specific projection. 
// var EXPORT_CRS = 'EPSG:3035'; 
 
 
// ============================================================ 
// 2. LOAD STUDY AREA AND URBAN/RURAL MASK 
// ============================================================ 
 
// Replace this placeholder with your uploaded study-area boundary asset. 
var studyArea = ee.FeatureCollection('YOUR_STUDY_AREA_BOUNDARY_ASSET'); 
 
// Replace this placeholder with your uploaded ISA class raster asset. 
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// The raster should contain: 
// class 1 = rural 
// class 2 = urban 
var isaClass = ee.Image('YOUR_ISA_CLASS_RASTER_ASSET'); 
 
// Geometry used for reductions and exports 
var geometry = studyArea.geometry(); 
 
// Urban/rural masks from ISA classification 
var ruralMask = isaClass.eq(1); 
var urbanMask = isaClass.eq(2); 
 
// Visual check 
Map.centerObject(studyArea, 9); 
Map.addLayer(studyArea, {color: 'cyan'}, 'Study area boundary'); 
Map.addLayer(ruralMask.selfMask().clip(geometry), {palette: ['green']}, 'Rural mask'); 
Map.addLayer(urbanMask.selfMask().clip(geometry), {palette: ['red']}, 'Urban mask'); 
 
 
// ============================================================ 
// 3. LOAD MODIS MOD11A1 AND APPLY QUALITY CONTROL 
// ============================================================ 
 
// MODIS MOD11A1 contains: 
// LST_Day_1km 
// LST_Night_1km 
// QC_Day 
// QC_Night 
// 
// QC bits 0–1 equal to 00 indicate good-quality LST retrievals. 
 
function prepareMODIS(img) { 
  var date = ee.Date(img.get('system:time_start')); 
 
  // Daytime quality mask 
  var qcDay = img.select('QC_Day'); 
  var goodDay = qcDay.bitwiseAnd(3).eq(1); 
 
  // Nighttime quality mask 
  var qcNight = img.select('QC_Night'); 
  var goodNight = qcNight.bitwiseAnd(3).eq(1); 
 
  // Convert daytime LST from scaled DN to Celsius 
  var day = img.select('LST_Day_1km') 
    .updateMask(goodDay) 
    .multiply(0.02) 
    .subtract(273.15) 
    .rename('LST_day'); 
 
  // Convert nighttime LST from scaled DN to Celsius 
  var night = img.select('LST_Night_1km') 
    .updateMask(goodNight) 
    .multiply(0.02) 
    .subtract(273.15) 
    .rename('LST_night'); 
 
  return ee.Image.cat(day, night) 
    .copyProperties(img, ['system:time_start']) 
    .set('date', date.format('YYYY-MM-dd')) 
    .set('year', date.get('year')) 
    .set('month', date.get('month')); 
} 
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var modis = ee.ImageCollection('MODIS/061/MOD11A1') 
  .filterDate(START_YEAR + '-01-01', END_YEAR + '-12-31') 
  .filterBounds(geometry) 
  .map(prepareMODIS); 
 
 
// ============================================================ 
// 4. FILTER TO SUMMER MONTHS 
// ============================================================ 
 
var lstSummer = modis.filter( 
  ee.Filter.inList('month', SUMMER_MONTHS) 
); 
 
print('Summer MODIS image count:', lstSummer.size()); 
 
 
// ============================================================ 
// 5. FUNCTION TO EXTRACT MEAN LST 
// ============================================================ 
 
function reduceMean(image, bandName) { 
  return image.reduceRegion({ 
    reducer: ee.Reducer.mean(), 
    geometry: geometry, 
    scale: MODIS_SCALE, 
    maxPixels: 1e13, 
    bestEffort: true 
  }).get(bandName); 
} 
 
function safeSubtract(a, b) { 
  return ee.Algorithms.If( 
    ee.Algorithms.IsEqual(a, null), 
    null, 
    ee.Algorithms.If( 
      ee.Algorithms.IsEqual(b, null), 
      null, 
      ee.Number(a).subtract(ee.Number(b)) 
    ) 
  ); 
} 
 
 
// ============================================================ 
// 6. CALCULATE DAILY URBAN, RURAL, AND SUHI VALUES 
// ============================================================ 
 
var dailyResults = lstSummer.map(function(img) { 
 
  var day = img.select('LST_day'); 
  var night = img.select('LST_night'); 
 
  // Apply masks 
  var urbanDay = day.updateMask(urbanMask); 
  var ruralDay = day.updateMask(ruralMask); 
 
  var urbanNight = night.updateMask(urbanMask); 
  var ruralNight = night.updateMask(ruralMask); 
 
  // Extract means 
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  var urbanDayMean = reduceMean(urbanDay, 'LST_day'); 
  var ruralDayMean = reduceMean(ruralDay, 'LST_day'); 
 
  var urbanNightMean = reduceMean(urbanNight, 'LST_night'); 
  var ruralNightMean = reduceMean(ruralNight, 'LST_night'); 
 
  // SUHI = urban LST - rural LST 
  var suhiDay = safeSubtract(urbanDayMean, ruralDayMean); 
  var suhiNight = safeSubtract(urbanNightMean, ruralNightMean); 
 
  return ee.Feature(null, { 
    site: SITE_LABEL, 
    date: img.get('date'), 
    year: img.get('year'), 
    month: img.get('month'), 
 
    urban_day_LST_C: urbanDayMean, 
    rural_day_LST_C: ruralDayMean, 
    SUHI_day_C: suhiDay, 
 
    urban_night_LST_C: urbanNightMean, 
    rural_night_LST_C: ruralNightMean, 
    SUHI_night_C: suhiNight 
  }); 
}); 
 
print('Daily SUHI results:', dailyResults.limit(10)); 
 
 
// ============================================================ 
// 7. CREATE ANNUAL SUMMER MEAN SUHI TABLE 
// ============================================================ 
 
var years = ee.List.sequence(START_YEAR, END_YEAR); 
 
var annualResults = ee.FeatureCollection( 
  years.map(function(year) { 
    year = ee.Number(year); 
 
    var subset = dailyResults.filter( 
      ee.Filter.eq('year', year) 
    ); 
 
    return ee.Feature(null, { 
      site: SITE_LABEL, 
      year: year, 
 
      urban_day_LST_C: subset.aggregate_mean('urban_day_LST_C'), 
      rural_day_LST_C: subset.aggregate_mean('rural_day_LST_C'), 
      SUHI_day_C: subset.aggregate_mean('SUHI_day_C'), 
 
      urban_night_LST_C: subset.aggregate_mean('urban_night_LST_C'), 
      rural_night_LST_C: subset.aggregate_mean('rural_night_LST_C'), 
      SUHI_night_C: subset.aggregate_mean('SUHI_night_C'), 
 
      valid_observations: subset.size() 
    }); 
  }) 
); 
 
print('Annual SUHI results:', annualResults); 
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// ============================================================ 
// 8. CREATE ANNUAL MEAN LST MAPS 
// ============================================================ 
 
function annualMeanImage(year) { 
  year = ee.Number(year); 
 
  var annualCollection = lstSummer.filter( 
    ee.Filter.eq('year', year) 
  ); 
 
  var meanDay = annualCollection 
    .select('LST_day') 
    .mean() 
    .clip(geometry) 
    .rename('LST_day_mean_C'); 
 
  var meanNight = annualCollection 
    .select('LST_night') 
    .mean() 
    .clip(geometry) 
    .rename('LST_night_mean_C'); 
 
  return meanDay 
    .addBands(meanNight) 
    .set('year', year) 
    .set('site', SITE_LABEL); 
} 
 
var annualMeanImages = ee.ImageCollection( 
  years.map(function(year) { 
    return annualMeanImage(year); 
  }) 
); 
 
print('Annual mean LST images:', annualMeanImages); 
 
 
// ============================================================ 
// 9. VISUALISE ONE EXAMPLE YEAR 
// ============================================================ 
 
var exampleYear = 2023; 
 
var exampleDay = annualMeanImages 
  .filter(ee.Filter.eq('year', exampleYear)) 
  .first() 
  .select('LST_day_mean_C'); 
 
var visParams = { 
  min: 20, 
  max: 50, 
  palette: ['blue', 'cyan', 'green', 'yellow', 'orange', 'red'] 
}; 
 
Map.addLayer( 
  exampleDay, 
  visParams, 
  'Example annual mean daytime LST' 
); 
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// ============================================================ 
// 10. EXPORT DAILY SUHI TABLE 
// ============================================================ 
 
Export.table.toDrive({ 
  collection: dailyResults, 
  description: SITE_LABEL + '_MODIS_SUHI_Daily_Table', 
  fileFormat: 'CSV', 
  selectors: [ 
    'site', 
    'date', 
    'year', 
    'month', 
    'urban_day_LST_C', 
    'rural_day_LST_C', 
    'SUHI_day_C', 
    'urban_night_LST_C', 
    'rural_night_LST_C', 
    'SUHI_night_C' 
  ] 
}); 
 
 
// ============================================================ 
// 11. EXPORT ANNUAL SUHI TABLE 
// ============================================================ 
 
Export.table.toDrive({ 
  collection: annualResults, 
  description: SITE_LABEL + '_MODIS_SUHI_Annual_Table', 
  fileFormat: 'CSV', 
  selectors: [ 
    'site', 
    'year', 
    'urban_day_LST_C', 
    'rural_day_LST_C', 
    'SUHI_day_C', 
    'urban_night_LST_C', 
    'rural_night_LST_C', 
    'SUHI_night_C', 
    'valid_observations' 
  ] 
}); 
 
 
// ============================================================ 
// 12. OPTIONAL: EXPORT ANNUAL MEAN DAYTIME AND NIGHTTIME LST RASTERS 
// ============================================================ 
// This exports one GeoTIFF per year with two bands: 
// band 1 = annual summer mean daytime LST 
// band 2 = annual summer mean nighttime LST 
 
/* 
years.getInfo().forEach(function(year) { 
 
  var image = annualMeanImage(year); 
 
  Export.image.toDrive({ 
    image: image, 
    description: SITE_LABEL + '_MODIS_Annual_Mean_LST_' + year, 
    region: geometry, 
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    scale: MODIS_SCALE, 
    maxPixels: 1e13, 
    fileFormat: 'GeoTIFF' 
  }); 
 
}); 
*/ 
 
 
// ============================================================ 
// 13. OPTIONAL: EXPORT ONE SPECIFIC EXAMPLE YEAR RASTER 
// ============================================================ 
 
/* 
Export.image.toDrive({ 
  image: annualMeanImage(exampleYear), 
  description: SITE_LABEL + '_MODIS_Annual_Mean_LST_Example_Year', 
  region: geometry, 
  scale: MODIS_SCALE, 
  maxPixels: 1e13, 
  fileFormat: 'GeoTIFF' 
}); 
*/ 
 
 
Code used to generate the MODIS UHI trendline graphs in Arc GIS Pro 

This ArcGIS Pro Python script was used to create the MODIS summer UHI trendline 
figures for Malta and Zaragoza. It reads the annual UHI CSV files exported from 
Google Earth Engine, separates daytime and nighttime UHI values, calculates linear 
regression trends, and plots the annual UHI time series with trendlines. The figure 
legend reports the slope and p-value for each trend, and a separate CSV file is exported 
containing the full regression statistics. Personal file paths have been replaced with 
placeholders for reproducibility. 

 
import pandas as pd 
import matplotlib.pyplot as plt 
from scipy.stats import linregress 
import os 
 
# ============================================================ 
# INPUTS — REPLACE THESE PLACEHOLDERS 
# ============================================================ 
 
malta_csv = r"PATH_TO_MALTA_MODIS_SUHI_ANNUAL_CSV.csv" 
zaragoza_csv = r"PATH_TO_ZARAGOZA_MODIS_SUHI_ANNUAL_CSV.csv" 
 
output_folder = r"PATH_TO_OUTPUT_FIGURE_FOLDER" 
os.makedirs(output_folder, exist_ok=True) 
 
# Expected CSV columns: 
# site 
# year 
# urban_day_LST_C 
# rural_day_LST_C 
# SUHI_day_C 
# urban_night_LST_C 
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# rural_night_LST_C 
# SUHI_night_C 
 
 
# ============================================================ 
# FUNCTION TO CREATE TRENDLINE FIGURE 
# ============================================================ 
 
def create_uhi_trend_figure(csv_path, site_name, output_folder): 
    """ 
    Creates a MODIS summer daytime and nighttime UHI trendline graph 
    for one study area. 
 
    The graph includes: 
    - annual daytime UHI values 
    - annual nighttime UHI values 
    - linear trendlines 
    - slope and p-value in the legend 
    - saved high-resolution PNG 
    - saved statistics CSV 
    """ 
 
    # ------------------------------------------------------------ 
    # Load data 
    # ------------------------------------------------------------ 
 
    df = pd.read_csv(csv_path) 
 
    print("\n" + "=" * 70) 
    print(f"Processing {site_name}") 
    print("=" * 70) 
 
    print("Columns in CSV:") 
    print(df.columns.tolist()) 
 
    # Keep only selected site if site column exists 
    if "site" in df.columns: 
        df = df[df["site"].astype(str).str.lower() == site_name.lower()].copy() 
 
    # Convert relevant columns to numeric 
    df["year"] = pd.to_numeric(df["year"], errors="coerce") 
    df["SUHI_day_C"] = pd.to_numeric(df["SUHI_day_C"], errors="coerce") 
    df["SUHI_night_C"] = pd.to_numeric(df["SUHI_night_C"], errors="coerce") 
 
    # Sort by year 
    df = df.dropna(subset=["year"]).copy() 
    df = df.sort_values("year") 
 
    # Separate valid day and night records 
    day_df = df.dropna(subset=["SUHI_day_C"]).copy() 
    night_df = df.dropna(subset=["SUHI_night_C"]).copy() 
 
    print("Valid daytime rows:", len(day_df)) 
    print("Valid nighttime rows:", len(night_df)) 
 
    if len(day_df) < 2: 
        raise RuntimeError(f"Not enough valid daytime UHI values for {site_name}.") 
 
    if len(night_df) < 2: 
        raise RuntimeError(f"Not enough valid nighttime UHI values for {site_name}.") 
 
    # ------------------------------------------------------------ 
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    # Linear trend calculations 
    # ------------------------------------------------------------ 
 
    day_lr = linregress(day_df["year"], day_df["SUHI_day_C"]) 
    night_lr = linregress(night_df["year"], night_df["SUHI_night_C"]) 
 
    day_trend = day_lr.intercept + day_lr.slope * day_df["year"] 
    night_trend = night_lr.intercept + night_lr.slope * night_df["year"] 
 
    # ------------------------------------------------------------ 
    # Save trend statistics 
    # ------------------------------------------------------------ 
 
    stats = pd.DataFrame([ 
        { 
            "Study area": site_name, 
            "UHI period": "Daytime UHI", 
            "Linear slope (°C/year)": round(day_lr.slope, 4), 
            "Intercept": round(day_lr.intercept, 4), 
            "Pearson r": round(day_lr.rvalue, 4), 
            "Linear R²": round(day_lr.rvalue ** 2, 4), 
            "Linear p-value": round(day_lr.pvalue, 4), 
            "Standard error": round(day_lr.stderr, 4) 
        }, 
        { 
            "Study area": site_name, 
            "UHI period": "Nighttime UHI", 
            "Linear slope (°C/year)": round(night_lr.slope, 4), 
            "Intercept": round(night_lr.intercept, 4), 
            "Pearson r": round(night_lr.rvalue, 4), 
            "Linear R²": round(night_lr.rvalue ** 2, 4), 
            "Linear p-value": round(night_lr.pvalue, 4), 
            "Standard error": round(night_lr.stderr, 4) 
        } 
    ]) 
 
    stats_csv = os.path.join( 
        output_folder, 
        f"{site_name}_MODIS_Summer_UHI_Trend_Statistics.csv" 
    ) 
 
    stats.to_csv(stats_csv, index=False) 
 
    print("\nTrend statistics:") 
    print(stats) 
 
    # ------------------------------------------------------------ 
    # Create figure 
    # ------------------------------------------------------------ 
 
    plt.figure(figsize=(13, 7)) 
 
    # Daytime UHI line 
    plt.plot( 
        day_df["year"], 
        day_df["SUHI_day_C"], 
        marker="o", 
        linewidth=2.2, 
        label="Daytime UHI" 
    ) 
 
    # Daytime trendline 
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    plt.plot( 
        day_df["year"], 
        day_trend, 
        linestyle="--", 
        linewidth=2, 
        label=f"Daytime trend: {day_lr.slope:.3f} °C/year, p = {day_lr.pvalue:.3f}" 
    ) 
 
    # Nighttime UHI line 
    plt.plot( 
        night_df["year"], 
        night_df["SUHI_night_C"], 
        marker="s", 
        linewidth=2.2, 
        label="Nighttime UHI" 
    ) 
 
    # Nighttime trendline 
    plt.plot( 
        night_df["year"], 
        night_trend, 
        linestyle="--", 
        linewidth=2, 
        label=f"Nighttime trend: {night_lr.slope:.3f} °C/year, p = {night_lr.pvalue:.3f}" 
    ) 
 
    # Zero reference line 
    plt.axhline( 
        y=0, 
        linewidth=1, 
        alpha=0.7 
    ) 
 
    # Labels and title 
    plt.title( 
        f"{site_name} MODIS Summer UHI Trends, 2003–2025", 
        fontsize=16, 
        fontweight="bold" 
    ) 
 
    plt.xlabel("Year", fontsize=13) 
    plt.ylabel("UHI intensity (°C)", fontsize=13) 
 
    plt.xticks( 
        df["year"].astype(int).unique(), 
        rotation=45 
    ) 
 
    plt.grid(True, alpha=0.3) 
    plt.legend(fontsize=10) 
 
    plt.tight_layout() 
 
    # ------------------------------------------------------------ 
    # Save figure 
    # ------------------------------------------------------------ 
 
    output_png = os.path.join( 
        output_folder, 
        f"{site_name}_MODIS_Summer_UHI_Trends_Day_Night.png" 
    ) 
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    plt.savefig(output_png, dpi=300, bbox_inches="tight") 
    plt.show() 
 
    print("\nFigure saved here:") 
    print(output_png) 
 
    print("\nStatistics CSV saved here:") 
    print(stats_csv) 
 
 
# ============================================================ 
# RUN FOR MALTA AND ZARAGOZA 
# ============================================================ 
 
create_uhi_trend_figure( 
    csv_path=malta_csv, 
    site_name="Malta", 
    output_folder=output_folder 
) 
 
create_uhi_trend_figure( 
    csv_path=zaragoza_csv, 
    site_name="Zaragoza", 
    output_folder=output_folder 
) 
 
print("\nFinished creating MODIS UHI trendline figures.") 
 
 
 

Code used to generate the mean NDVI by stable LULC class in Malta and 
Zaragoza graph  in Arc GIS Pro 
 
import arcpy 
import os 
import pandas as pd 
import matplotlib.pyplot as plt 
 
# ============================================================ 
# SETTINGS — REPLACE PLACEHOLDERS 
# ============================================================ 
 
arcpy.env.overwriteOutput = True 
arcpy.CheckOutExtension("Spatial") 
 
# Optional: set your project geodatabase if your rasters are stored there 
project_gdb = r"PATH_TO_YOUR_PROJECT_GEODATABASE.gdb" 
arcpy.env.workspace = project_gdb 
 
# Output folder 
output_folder = r"PATH_TO_OUTPUT_FOLDER" 
os.makedirs(output_folder, exist_ok=True) 
 
output_csv = os.path.join(output_folder, "Mean_NDVI_by_Stable_LULC_Class.csv") 
output_png = os.path.join(output_folder, "Mean_NDVI_by_Stable_LULC_Class_Malta_Zaragoza.png") 
 
# ============================================================ 
# INPUT RASTERS — REPLACE WITH YOUR OWN RASTER NAMES OR PATHS 
# ============================================================ 
 
inputs = { 
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    "Malta": { 
        "ndvi": r"PATH_OR_RASTER_NAME_TO_MALTA_AVERAGE_NDVI", 
        "lulc": r"PATH_OR_RASTER_NAME_TO_MALTA_STABLE_LULC" 
    }, 
    "Zaragoza": { 
        "ndvi": r"PATH_OR_RASTER_NAME_TO_ZARAGOZA_AVERAGE_NDVI", 
        "lulc": r"PATH_OR_RASTER_NAME_TO_ZARAGOZA_STABLE_LULC" 
    } 
} 
 
# ============================================================ 
# CLC+ BACKBONE CLASS NAMES 
# Adjust if your raster uses different class codes 
# ============================================================ 
 
class_names = { 
    1: "Sealed", 
    2: "Needleleaf trees", 
    3: "Broadleaf deciduous trees", 
    4: "Broadleaf evergreen trees", 
    5: "Low-growing woody plants", 
    6: "Permanent herbaceous", 
    7: "Periodically herbaceous", 
    9: "Non/sparsely vegetated", 
    10: "Water" 
} 
 
# ============================================================ 
# HELPER FUNCTIONS 
# ============================================================ 
 
def find_dataset(name_or_path): 
    """ 
    Finds a raster either by full path, geodatabase name, or active map layer name. 
    """ 
 
    if arcpy.Exists(name_or_path): 
        return name_or_path 
 
    gdb_path = os.path.join(project_gdb, name_or_path) 
    if arcpy.Exists(gdb_path): 
        return gdb_path 
 
    # Search active map layers 
    aprx = arcpy.mp.ArcGISProject("CURRENT") 
    active_map = aprx.activeMap 
 
    if active_map: 
        for lyr in active_map.listLayers(): 
            if lyr.name.lower() == str(name_or_path).lower(): 
                try: 
                    return arcpy.Describe(lyr).catalogPath 
                except: 
                    try: 
                        return lyr.dataSource 
                    except: 
                        return lyr.name 
 
    raise RuntimeError(f"Could not find dataset: {name_or_path}") 
 
 
def get_zone_field(zone_raster): 

57 



 

    """ 
    Finds the correct raster value field for the LULC raster. 
    """ 
 
    fields = [f.name for f in arcpy.ListFields(zone_raster)] 
 
    if "VALUE" in fields: 
        return "VALUE" 
    elif "Value" in fields: 
        return "Value" 
    elif "value" in fields: 
        return "value" 
    else: 
        return "VALUE" 
 
 
def zonal_mean_ndvi(site_name, ndvi_raster, lulc_raster): 
    """ 
    Calculates mean NDVI for each stable LULC class. 
    """ 
 
    print("\n" + "=" * 70) 
    print(f"Processing {site_name}") 
    print("=" * 70) 
 
    ndvi_raster = find_dataset(ndvi_raster) 
    lulc_raster = find_dataset(lulc_raster) 
 
    print(f"NDVI raster: {ndvi_raster}") 
    print(f"LULC raster: {lulc_raster}") 
 
    # Match environment to NDVI raster 
    arcpy.env.snapRaster = ndvi_raster 
    arcpy.env.cellSize = ndvi_raster 
    arcpy.env.extent = ndvi_raster 
 
    zone_field = get_zone_field(lulc_raster) 
 
    temp_table = os.path.join( 
        arcpy.env.scratchGDB, 
        f"zonal_ndvi_{site_name}" 
    ) 
 
    if arcpy.Exists(temp_table): 
        arcpy.management.Delete(temp_table) 
 
    # Zonal statistics: stable LULC classes as zones, NDVI as value raster 
    arcpy.sa.ZonalStatisticsAsTable( 
        in_zone_data=lulc_raster, 
        zone_field=zone_field, 
        in_value_raster=ndvi_raster, 
        out_table=temp_table, 
        ignore_nodata="DATA", 
        statistics_type="MEAN" 
    ) 
 
    fields = [f.name for f in arcpy.ListFields(temp_table)] 
 
    value_field = "VALUE" if "VALUE" in fields else "Value" 
    mean_field = "MEAN" 
    count_field = "COUNT" if "COUNT" in fields else None 
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    cursor_fields = [value_field, mean_field] 
    if count_field: 
        cursor_fields.append(count_field) 
 
    rows = [] 
 
    with arcpy.da.SearchCursor(temp_table, cursor_fields) as cursor: 
        for row in cursor: 
            class_value = int(row[0]) 
            mean_ndvi = row[1] 
            pixel_count = row[2] if count_field else None 
 
            if class_value in class_names: 
                rows.append({ 
                    "Site": site_name, 
                    "LULC class value": class_value, 
                    "LULC class": class_names[class_value], 
                    "Mean NDVI": mean_ndvi, 
                    "Pixel count": pixel_count 
                }) 
 
    return rows 
 
 
# ============================================================ 
# RUN ZONAL STATISTICS 
# ============================================================ 
 
all_rows = [] 
 
for site, paths in inputs.items(): 
    site_rows = zonal_mean_ndvi( 
        site_name=site, 
        ndvi_raster=paths["ndvi"], 
        lulc_raster=paths["lulc"] 
    ) 
    all_rows.extend(site_rows) 
 
df = pd.DataFrame(all_rows) 
 
# Sort by class value 
df = df.sort_values(["LULC class value", "Site"]) 
 
# Save CSV 
df.to_csv(output_csv, index=False) 
 
print("\nMean NDVI table:") 
print(df) 
 
print("\nCSV saved here:") 
print(output_csv) 
 
# ============================================================ 
# PREPARE DATA FOR GRAPH 
# ============================================================ 
 
plot_df = df.pivot( 
    index="LULC class", 
    columns="Site", 
    values="Mean NDVI" 
) 
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# Preserve CLC+ order 
ordered_classes = [ 
    class_names[c] for c in class_names.keys() 
    if class_names[c] in plot_df.index 
] 
 
plot_df = plot_df.loc[ordered_classes] 
 
# ============================================================ 
# CREATE GROUPED BAR CHART 
# ============================================================ 
 
ax = plot_df.plot( 
    kind="bar", 
    figsize=(14, 7), 
    width=0.8 
) 
 
plt.title( 
    "Mean NDVI by Stable LULC Class in Malta and Zaragoza, 2015–2025", 
    fontsize=15, 
    fontweight="bold" 
) 
 
plt.xlabel("Stable LULC class", fontsize=12) 
plt.ylabel("Mean NDVI", fontsize=12) 
 
plt.xticks(rotation=45, ha="right") 
plt.ylim(-0.1, 1.0) 
 
plt.grid(axis="y", alpha=0.3) 
plt.legend(title="Study area") 
 
plt.tight_layout() 
 
plt.savefig(output_png, dpi=300, bbox_inches="tight") 
plt.show() 
 
print("\nFigure saved here:") 
print(output_png) 
 
print("\nFinished.") 
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