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Abstract: The Urban Heat Island (UHI) effect has emerged in the literature as a major challenge to
urban well-being, primarily driven by increasing urbanization. To address this challenge, this study
investigates the spatio-temporal pattern of the UHI in the fast-growing city of Kisangani and within
its urban-rural gradient from 2000 to 2024, using Land Surface Temperature (LST) data from the
MODIS MOD11A2 V6.1 product. Inferential and descriptive statistics were applied to examine the
patterns of UHI and the relationships between the LST, building volume density (BVD) as well as
vegetation density expressed by the Normalized Difference Vegetation Index (NDVI). Results
showed that the spatial extent of the moderate UHI gradually increased from 16 km? to 38 km?, while
the high UHI increased from 9 km? to 19 km2 Furthermore, although high UHI values
(0.2°C<UHI=0.3°C) are observed in urban areas and significant differences in UHI variations are
detected across urban, peri-urban, and rural zones, the results indicate that the mean UHI in
Kisangani’s urban areas remains below 0.2°C. Therefore, based on average UHI variations,
Kisangani’s urban zones exhibit moderate disparities in LST compared to rural areas. Moreover, the
LST variations are significantly correlated with the building volume and vegetation densities.
However, the influence of vegetation density as a predictor of LST gradually decreases while the
influence of building volume density increases over time, suggesting the need to implement a
synergistic development pathway to manage the interactions between urbanization, landscape
change, and ecosystem service provision. This integrated approach may represent a crucial solution
for mitigating the UHI effect in regions categorized as high-temperature zones.

Keywords: urban heat island; land surface temperature; building volume density; urbanization
gradient; Kisangani
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1. Introduction

Increasing global, regional, and local urbanization fosters a wide range of environmental
challenges, including Urban Heat Islands (UHISs) [1,2]. This phenomenon arises from the temperature
contrast between rural and urban zones, whereby the daily thermal amplitude of urban zones is
decreased as a result of the diurnal absorption of solar energy, which gradually dissipates during the
night [3]. Several factors, such as land use and land cover changes [4], changes in urban architecture
[5,6], and human activities, are often associated with the UHI phenomenon, which influences
different local conditions [7]. Land use and land cover changes resulting from urbanization promote
the increased usage of materials, such as asphalt, with greater potential for heat absorption and
storage [4]. Furthermore, changes in urban architecture involving building geometry, particularly
construction patterns with tall buildings situated closely together in small spaces, contribute to the
phenomenon referred to as the “urban canyon”[5,6]. The urban canyon associated with heat
emissions from human activities, particularly transport and industrial activities, further amplifies
surface warming and significantly exacerbates Urban Heat Island (UHI) effects [7,8]. The UHI effect
is typically related to various environmental, social, and economic consequences. Beyond
compromising well-being, raising energy consumption, and deteriorating air quality, the UHI effect
can aggravate respiratory health problems. Elevated heat places strain on water supply systems,
reducing availability and increasing contamination risks, particularly in areas dependent on
vulnerable water sources [7,9-11]. The UHI effect disrupts cultural and social dynamics by limiting
outdoor activities and altering the natural rhythms of urban life. Especially in tropical areas, such as
the Kisangani region in the Democratic Republic of Congo (DRC), the UHI effect may significantly
impact agriculture, where high temperatures already pose challenges. Indeed, elevated urban heat
alters microclimates [7], with the potential to spread parasites and diseases that thrive in warmer
conditions, increase irrigation requirements, and accelerate the decomposition of soil organic matter,
thereby reducing fertility. The UHI effect has thus attracted considerable attention, particularly in the
last decade, due to such challenges.

In this context, Garcia-Herrera et al. [12] analyzed the 2003 heatwave and reported a 60%
increase in mortality in France from August 1 to 20, with 14,802 additional deaths. In Shanghai, China,
Zhang et al. [13] found that reduced green spaces and water bodies combined with population
changes intensified the spatial and temporal dynamics of the UHI In the United Kingdom (UK),
Malley et al. [14] highlighted the role of building design (shape, orientation) and the use of green
spaces and reflective materials in mitigating UHI effects. Furthermore, in India, Mandal et al.[15],
reported a significant rise in surface temperatures in the Kolkata Metropolitan Area, with increases
2.5 times higher than surrounding regions. In the tropical regions, Li et al.[16], observed an expansion
of UHI in Kampala, Uganda, between 2003 and 2017, despite a decrease in average daytime
temperatures, suggesting that well-managed urbanization can mitigate environmental impacts [16].
In the region of Accra, Ghana, Wemegah et al.[17], confirmed the intensification and spatial
expansion of UHI in Accra, where built-up and bare land areas experienced increased heat,
worsening extreme heat events.

Despite extensive studies on the UHI effect globally, no research has addressed its existence and
impacts in Kisangani, DRC, a city that experienced significant spatial expansion from 1987 to 2021
[18], resulting in forest loss and altered spatial configurations [19]. This study fills this gap by
analyzing the spatiotemporal patterns of the Surface Urban Heat Island (SUHI) in the context of rapid
urbanization. It also examines the relationship between Building Volume Density (BVD), which
accounts for the footprint and height of buildings, and Land Surface Temperature (LST), providing
insights into how urban design influences thermal dynamics. The analysis across urbanization
gradients, using randomly selected plots, further highlights spatial variations in UHI effects.

We therefore hypothesize that Kisangani’s spatial transformations between 2000 and 2024,
driven by uncontrolled urban expansion [18-20], have caused significant variations in LST and the
formation of Urban Heat Islands (UHIs). The spatial extent of the moderate and high UHI is expected
to have expanded substantially, reflecting the intensified impact of urbanization on local thermal
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conditions. Across the urbanization gradient, we anticipate notable fluctuations in LST and UHI
effects, with urban areas showing higher averages than peri-urban and rural zones due to increased
artificialization in 2024. Annual variations in LST and UHI effects are expected to differ significantly
within each gradient zone from 2000 to 2024, highlighting their dynamic nature. Additionally, we
predict significant annual differences in UHI fluctuations among urban, peri-urban, and rural areas
during this period. Furthermore, LST variations are hypothesized to correlate significantly with (1)
Building Volume Density (BVD) and (2) vegetation density, measured by the Normalized Difference
Vegetation Index (NDVI). As Kisangani’s urban architecture evolves with denser and taller buildings,
BVD’s influence on LST and UHI effects is expected to increase, while vegetation density’s predictive
role is anticipated to decline.

2. Materials and Methods
2.1. Study Area

The area examined comprises the city of Kisangani and its surroundings in north-eastern DRC
(Figure 1). Covering an area of 2,947.9 km? the studied region includes six municipalities of
Kisangani. Five of these municipalities are on the right bank of the Congo River, while one is on the
left bank (Figure 1). Over 50 years (1956-2005), the region recorded an average annual rainfall of 1,724
mm and a mean annual temperature of 25.3°C [21]. Monthly rainfall consistently surpasses 60 mm
year-round [21], classifying Kisangani as an Af climate type under the Képpen classification system
[21-22]. Kisangani has reported substantial population growth in recent years. According to the
National Statistics Institute, the city’s population surpassed 2,184,096 in 2021 [18]. The city is
characterized by a diverse mix of ethnic groups from different regions of the DRC and neighboring
countries. Most residents sustain their livelihoods through agriculture, fishing, and trade [23]. The
rising demand for social infrastructure has driven significant urban and peri-urban expansion,
potentially influencing the LST [18].
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Figure 1. Kisangani and its surrounding area. The city is organized into six municipalities and is surrounded by

three protected areas. Its transport infrastructure includes both national and provincial road networks.

2.2. Data Used

Spatiotemporal pattern analysis of urban heat island (UHI) and vegetation density as measured
by NDVI were performed using MODIS satellite data available in Google Earth Engine. Data
regarding building volume and population density were obtained from the Global Human
Settlement Layer (GHSL) project of the Joint Research Centre (JRC) as updated in 2023 [24].
Furthermore, high-resolution satellite imagery from Google Earth was employed to identify and
characterize urban, peri-urban, and rural zones along the urbanization gradient. Table 1 below
describes the data used.

Table 1. Spatial characteristics, time scale, and product type of geospatial dataset collected.

Product ID Layer Spatial Time scale
Resolution
MOD11A2 LST Emissivity 1 Km 01.01-31.12
V6.1
MOD13A2 NDVI 1 Km 01.01.-31.12
GHS-BUILT-V Building Volume 1 Km 1975-2030
GHS-POP Population 1 Km 1975-2030
Density
Google Earth GE Images 1m Annual

2.3. Data-Processing and Derivation of the Land Surface Temperature (LST)

The Google Earth Engine (GEE) platform provides access to MODIS Land Surface Temperature
(LST) products through the “"MOD11A2 V6.1” image collection. Each pixel in MOD11A2 represents
the mean value derived from all corresponding MOD11A1 LST pixels recorded over the 8-day
interval [25]. The daily MOD11A1 LST product is generated using pixel-level LST data from
individual granules, derived under clear-sky conditions through the generalized split-window
algorithm. This method adjusts LST values in two thermal infrared bands (31 and 32) to compensate
for atmospheric influences. Additionally, it incorporates land-cover-specific emissivity values to
refine LST accuracy by addressing variations in surface emissivity [25-26]. Using GEE, the LST images
were transformed from Kelvin to Celsius by applying a scale factor of 0.02 and subtracting 273.15 [15-
25].

We used the NDVI to quantify variations in vegetation density. NDVI is derived from the visible
and near-infrared (NIR) bands of the Advanced Very High-Resolution Radiometer (AVHRR) and
MODIS, particularly using the “MODIS/061/MOD13A2” dataset. This collection provides NDVI
images at 1 km spatial resolution with a 16-day interval. Generally, positive NDVI values signify
vegetated areas, whereas values at or below zero represent bare soil or water bodies [26-27].

The geospatial data on building volume and population density were obtained through the
Global Human Settlement Layer (GHSL) project [24]. The raster dataset on building volume depicts
the worldwide distribution of building volumes, measured in cubic meters, with a spatial resolution
of 1 km. It provides data on the total building volume and the volume associated with grid cells
primarily designated for non-residential (NRES) purposes. These estimates are derived from built-
up surface and building height data generated using inputs from Advanced World 3D 30m
(AW3D30), Shuttle Radar Topography Mission (SRTM30), Sentinel-2, and Landsat composites [24].
However, based on interpolation, GHSL building volume data can be subject to significant errors,
particularly in rapidly changing urban areas. Therefore, to ensure a good level of accuracy, these data
were compared with building volume data obtained by combining Open Street Map data on building
footprint and building height data extracted from the subtraction of elevation values from the ALOS
World 3D - 30m digital surface model (AW3D30) and those from the Digital Terrain Model (DTM)
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from Shuttle Radar Topography Mission (SRTM30). Furthermore, data on population density depicts
the distribution of the human population expressed as the number of people per cell [24]. These data
cover the period from 1975 to 2030 and are spatio-temporally interpolated at five-year intervals. Data
for the intermediate years were derived through a straightforward analysis of annual rate changes
within each pixel of 1 Km. Thus, for example, data on building volume and population density per
pixel for 2001, 2002, 2003, and 2004 were obtained by applying the annual percentage change
calculated between 2000 and 2005 within each pixel.

2.4. Derivation of the Urban Heat Island (UHI)

The mean LST in rural areas was used to indicate the mean LST in the whole study area to
analyze the UHI effect [13-28-29]. This analysis was conducted to evaluate temperature fluctuations
across urban, peri-urban, and rural zones. Therefore, the UHI effect can be calculated as [28-29]:

UHI = AT/ T, = (T, - T)/T, 1)

Where: UHI refers to the urban heat island effect (UHI), measured as the relative LST in the area;
AT is the difference between the i-th pixel LST (Ti ) in °C and the average rural LST (Ts) in °C. From
the overall comprehension of the spatial and temporal pattern of the UHI, the UHI magnitude can be
categorized into five levels [28-29] (Table 2). Figure 2 shows the workflow of this study.

Table 2. The UHI level.

UHI (°C) Level Description
UHI<0 Very low Extreme low-temperature zone, meaning that
there is no difference in LST between urban and
rural areas.
0<UHI<0.1 Low Low-temperature zone, which means that the LST
variation between urban and rural areas is

minimal.
0.1<UHI < Medium Medium temperature region, meaning that the LST
0.2 differs moderately between urban and rural areas.
02<UHI < High High-temperature =~ zone, = meaning  large
0.3 urban/rural LST difference.
0.3<UHI Very high Extremely high-temperature zone, meaning very
large urban/rural LST difference.
Research Background - Surface heating ~ F---------eooeeeoeeoeeooe UHI formation
l MOD11A2 V6.1 images GHS-BUILT-V data Google Earth Images
Geospatial dataset collected [== 1
MODI13A2 Images GHS-POP data OSM-AW3D30 -SRTM
LST and UHI derivation BVD extraction Urban-Rural Gradient
Data analysis =
NDVI extraction Population Density Validation of GHS BVD
Spatial variation of UHI Spatial extent of Medium and High UHI
Results SN
Effect of the urban-rural gradient on UHI BVD and vegetation effect

Figure 2. Methodological flowchart of the study.


https://doi.org/10.20944/preprints202412.2623.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 March 2025 d0i:10.20944/preprints202412.2623.v2

6 of 19

2.5. Spatial Analysis and Delineation of Urban-Rural Gradient Zones

Analysis of Urban Heat Island (UHIs) was conducted within the urban-rural gradient of
Kisangani city. In many cases, spatiotemporal analyses of the UHI effect across the urban-rural
gradient are conducted using either a transect-based approach [30] or a concentric zone method [15].
However, to improve our understanding of the UHI phenomenon across the urban-rural gradient,
we used a methodology that captures the spatial complexity inherent in the landscape. To achieve
this, a strategic randomized sampling approach was adopted, selecting plots in different directions:
north, south, east, and west, as well as northeast, northwest, southeast, and southwest within each
defined area of the gradient. This approach enriches the data collected and accounts for the significant
spatial variation that can occur perpendicular to a traditional transect. By capturing and
incorporating variation at short distances, this approach avoids potential oversights that a concentric
zone methodology might introduce [19].

To delineate the urbanization gradient zones, the decision tree of Marie André et al. [18-31-32]
based on morphological criteria was preferred because of its ability to reflect reality. These
morphological criteria include vegetation, agricultural areas, and built-up areas, which represent one
of the most precise, consistent, and evolving morphological indicators [18-19-33-34]. Thus, for each
date from 2000 to 2024, high-resolution satellite data available on Google Earth was used. Indeed,
using a Geographic Information System (GIS), the intensity level of each pixel was highlighted in a
range from 0 to 255. Built-up pixels, characterized by impermeable surfaces (roads, roofs, and
compacted floors), were characterized by intensity values ranging from 80 to 255. Agricultural and
grassland pixels were represented by intensity values between 50 and 80, depending on their stage
of development (cultivated land or fallow land). In contrast, forest pixels were characterized by
intensity values below 50.

To increase the credibility of the urbanization gradient, the morphological criteria were
supported by data on population density. The increase or decrease in population density affects the
landscape configuration and composition, and this variable is expected to decrease from urban to
rural areas [18-33-35]. Thus, for each year, a plot is classified as urban if more than 50% of its area is
covered by built-up pixels [18-31-32-34] within a cell with a population density greater than 100
inhabitants per km?[18]. The population density threshold of 100 inhabitants per km? was chosen as
it represents one of the lowest densities observed near Kisangani’s urban center from 2000 to 2024. It
serves as a practical marker to identify areas transitioning to urban characteristics and distinguish
them from rural zones. Conversely, a parcel with 50% or fewer built-up pixels in a cell with a
population density greater than or equal to 100 inhabitants per km? is considered peri-urban, as long
as the remaining pixels do not exclusively represent forest or agricultural zones [18-32]. On the other
hand, a parcel is considered rural if it consists mainly of vegetation pixels [18-31-32].

A total of 86 plots (Figure 3), each covering a spatial dimension of 1 km?, corresponding to the
spatial resolution of the MODIS data used, were randomly selected from each zone in the reference
year (2024). The random sampling technique was employed to reduce potential bias and improve the
applicability of the results on the landscape scale. This method is essential to provide an objective
assessment of the variability present in the landscape and to provide a complete view of the impact
of urbanization on the UHI phenomenon across the urban-rural gradient. However, it is important
to note that spatial features in these observation plots have evolved, reflecting the dynamic properties
of urban, peri-urban, and rural zones.

As samples have satisfied the key assumptions for parametric tests, including data normality
and homogeneity of variances, we applied an analysis of Variance (ANOVA) test to assess the spatial
variations of the LST and the UHI effect across urban, peri-urban, and rural zones. Additionally, this
approach was employed to assess the temporal effects of various years on LST and UHI variations.
Furthermore, to assess the impacts of Building Volume Density (BVD) and vegetation density, we
conducted linear regression analyses. The historical trends observed in the slope and coefficient of
determination from these regressions have enhanced our understanding of the roles of building
volume density and vegetation density as predictors of LST.


https://doi.org/10.20944/preprints202412.2623.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 March 2025

2023 - 2024 2013 - 2014 2006 - 2007

2020 - 2021 - 2022 2011 - 2012 2002 - 2003 - 2004 -2005

ap” ap®
] . | .
By %
=™ -
2018 - 2019 2010 2000 -2001
agp®
g |
s
m
2015 - 2016 -2017 2008-2009
[ urban Piots [ Peri-urban Plots [l Rural Piots Plots Orientation Road [[] Water Surface Landscape Scale

Figure 3. Sample plots along the Urban-Rural Gradient. A series of randomly selected sample plots were
analyzed along the urban-rural gradient, encompassing various directional perspectives: north, south, east, west,
northeast, northwest, southeast, and southwest. The evolving characteristics of these plots highlight the dynamic

and continual shifting of urban, peri-urban, and rural areas.

3. Results
3.1. Spatio-temporal Patterns of Urban Heat Island (UHI)

The spatial pattern of Urban Heat Islands (UHI) exhibits significant temporal variation. From
2000 to 2009, the landscape of Kisangani was predominantly dominated by areas with UHI values at
or below 0°C, with the lowest UHI values consistently observed along river corridors. In contrast,
between 2010 and 2024, areas with UHI values exceeding 0°C expanded considerably, and significant
annual UHI values, exceeding 0.1 and 0.2°C, were consistently observed in the city center (Figure 4).
Furthermore, the spatial extent of medium UHI gradually expanded from 16 km? to 38 km?, while
high UHI increased from 9 km? to 19 km?. Consequently, the total extent of UHIs greater than 0.1°C
reached more than 50 km? in 2024 (Figure 5).
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Figure 4. Spatial variations of diurnal Urban Heat Island (UHI). The UHI corresponds to Land Surface
Temperature (LST) per pixel relative to the Rural Average Temperature. Data from MODIS sensor (MOD11A2
V6.1) covering the period from 2000 to 2024.
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Figure 5. The spatial extent of Urban Heat Islands (UHI) is expressed in square km. Medium (0.1<UHI<0.2); High
(0.2<UHI<0.3); MH expresses the sum of Medium and High UHI extent.

3.2. Variation in LST and UHI Across the Urban-Rural Gradient in 2024

Within the Urban-Rural Gradient, significant variations in both Land Surface Temperature (LST)
and Urban Heat Island effect (UHI) are observed in 2024, with urban zones exhibiting substantially
higher averages than peri-urban and rural zones (Figure 6). LST and UHI variations in peri-urban
areas also differ significantly from those observed in rural areas. Furthermore, areas with maximum
LST around 34°C and maximum UHI values of more than 0.2°C are observed in urban zones, while
peri-urban and rural zones reach maximum LST of 31°C and maximum UHI values of slightly more
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Figure 6. (a) Land Surface Temperature (LST) and (b) the UHI variation in Urban, per-urban, and Rural zones
based on the landscape context of the last year studied (2024). In b, the UHI is derived from the difference
between the LST per pixel and the mean LST in rural areas (Ts = 28°C).

3.3. Historical Variations in LST and UHI Across the Urban-Rural Gradient

Statistical analysis (Figure 7) revealed significant historical trends in annual land surface
temperature (LST) and urban heat island (UHI) variations within each urbanization gradient zone
from 2000 to 2024 (p < 0.05). Tukey’s post hoc tests identified specific years with significant differences
within each gradient, indicating notable temporal shifts. In urban areas, notable differences in LST
were observed between earlier years (e.g., 2000, 2003, and 2006) and more recent years, such as 2018,
2019, and 2021. For instance, 2000 significantly differs from 2012, and 2003 differs from 2018, 2019,
and 2021. Additionally, 2012 shows significant variations compared to a broader range of years,
including 2017, 2018, 2019, 2020, and 2024. UHI variations similarly highlight significant differences
between earlier years (e.g., 2000, 2002, and 2003) and recent periods, such as 2019 and 2022, with 2022
also differing significantly from 2024.

In peri-urban zones, significant differences in LST (Land Surface Temperature) were observed
across multiple time intervals. The early years, such as 2000 and 2001, showed significant differences
with later years, including 2002, 2003, 2006, 2007, 2012, 2013, and 2022. For example, 2002 differed
significantly from 2010, 2016-2020, and 2024, while 2003 differed from both earlier years, like 2004
and later years such as 2016-2020, 2023, and 2024. Similarly, more recent years, such as 2012-2015,
showed significant variations compared to 2016-2024, and 2022 differed significantly from 2024.
There were also significant temporal differences in the urban heat island (UHI) variations. The early
years, such as 2000 and 2002, showed notable differences with years like 2013-2019 and 2022. For
example, 2002 differed significantly from a range of years spanning 2005-2022. Later years, such as
2013-2015, exhibited significant differences from 20162024, while 2016-2018 differed from 2019 and
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2022. Notable contrasts also emerged between more recent years: for instance, 2022 differed
significantly from 2024.

Rural areas showed the widest range of differences in LST and UHI variations. LST differences
spanned several pairs of years, such as 2000 vs. 2002, 2006 and 2022, and 2006 vs. 2008, 2017, and
2024. More recent years, such as 2016-2020, were consistently different from earlier periods (e.g., 2012-
2015) and from later years, such as 2022 and 2024. For example, LST in 2016 differed significantly
from 2022, while 2023 differed from 2024. Similarly, UHI variations in rural areas revealed significant
differences between earlier years (e.g., 2000 and 2002) and later periods, such as 2019, 2022, and 2023.
For instance, UHI in 2006 and 2007 showed significant differences from multiple years, including
2008, 2016, and 2024. Additionally, 2022 and 2023 exhibited consistent contrasts with 2024, indicating
persistent changes in rural thermal environments.

Furthermore, as expected, the results of the annual comparison of the urban heat island (UHI)
effect from 2000 to 2024 across Kisangani’s urbanization gradients reveal significant differences.
Annual UHI variations in urban zones consistently differed from those in peri-urban and rural zones
(p <0.05). Moreover, UHI variations in peri-urban zones were significantly distinct from those
observed in rural zones throughout the study period. These findings highlight clear and consistent
disparities in UHI dynamics across the urban, peri-urban, and rural gradients.
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Figure 7. Historical variations in Land Surface Temperature (LST) and Urban Heat Island (UHI) in urban areas

(a1,a2), peri-urban areas (b1,b2), and rural areas (ci, c2).

3.4. Building Volume Density (BVD) and Vegetation Effects

As expected, land surface temperature (LST) variations are significantly correlated with the
Building Volume Density (BVD) and vegetation density, expressed by the Normalized Difference
Vegetation Index (NDVI) (Figure 8a). Moreover, the influence of Building Volume Density (BVD) as
a predictor of Land Surface Temperature (LST) increases over time. This trend, evidenced by
progressively higher slopes and coefficients of determination values (Figure 8bici), highlights the
growing role of urban development in shaping thermal patterns. Conversely, the influence of
vegetation density as a predictor of Land Surface Temperature (LST), as expected, is gradually
decreasing over time. This trend, reflected in progressively lower slope values and coefficients of
determination in the regression analyses (Figure 8bac2), reveals a weakening relationship between

vegetation and temperature regulation.
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Figure 8. Linear regression performed between Building Volume Density (BVD) and LST (a1), vegetation density
expressed by NDVI and LST (a2), and the historical trends in the regressions’ slope (b1,b2) and coefficient of
determination values (c1,c2). In a each point corresponds to a pixel of 1km?2.

4. Discussion
4.1. Data and Spatial Analysis of the Urban Heat Island

The spatial and temporal pattern analyses of the Urban Heat Island (UHI) were performed using
MOD11A2 V6.1. Each pixel in MOD11A2 represents the mean value derived from all corresponding
MOD11A1 LST pixels recorded over the 8-day interval [25]. This approach reduces the effects of
punctual anomalies, such as clouds or sensor errors, by averaging data. It is, therefore, more reliable
than products based on a single daily or instantaneous observation. In addition, MODIS LST data
(including MOD11A2) have been extensively validated through comparisons with in situ
measurements, which have consistently shown high accuracy under clear and stable atmospheric
conditions [36-37]. With its 1km spatial resolution, MOD11A2 is also well suited for medium-scale
studies such as urban-rural gradient analysis. In some cases, GHSL building volume data based on
interpolation may have large spatial errors. However, the lack of significant difference (p-value <
0.05) between GHSL building volume data and building volume estimates derived from
OpenStreetMap building footprints combined with building heights from the ALOS World 3D - 30m
Digital Surface Model and the SRTM Digital Terrain Model supports the credibility of analyses based
on GHSL data for Kisangani city.

The urban heat island (UHI) spatial analysis was carried out within the urban-rural gradient of
Kisangani city, using sampling areas randomly selected across various locations representing all
cardinal and intercardinal directions within each gradient zone. Compared to an approach based on
transects [30] or a method based on concentric zones [15], this approach enhances the data collected
and accounts for the substantial spatial variation that can arise perpendicular to a traditional transect.
By incorporating variations over short distances, this method mitigates potential oversights that
could be introduced by a concentric zone methodology [19].

4.2. Spatio-Temporal Patterns of Urban Heat Island

In this study, we observed significant temporal variations in the spatial patterns of urban heat
islands between 2000 and 2024. During this period, the extent of medium UHI (0.1<UHI<0.2)
gradually expanded from 16 km? to 38 km?, while high UHI (0.2<UHI<0.3) increased from 9 km? to
19 km? Furthermore, the UHI intensity gradually increased between 2000 and 2024, reaching
maximum values of more than 0.21°C in the last four years (2020, 2021, 2023, and 2024), compared to
maximum values of 0.17°C and 0.18°C observed in 2001, 2004, and 2005.

However, despite observing maximum values exceeding 0.21°C and significant differences
across urban, peri-urban, and rural areas, the findings of this study indicate that the average UHI
values in the urban zones of Kisangani remain below 0.2°C. Consequently, on average, the urban
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areas of Kisangani exhibit moderate disparities in land surface temperature when compared to rural
areas. Various factors associated with urban development, land use, land cover, land cover change,
and socio-economic transformation may elucidate the coexistence of maximum UHI values
exceeding 0.21°C in certain regions while maintaining an overall average below 0.2°C, which is
relatively low compared to other urban centers.

Indeed, in general, rural landscapes are characterized by vegetation, while urban areas consist
mainly of impervious surfaces such as concrete, pavements, rooftops, and compacted ground [18-34-
38]. This land cover conversion significantly impacts the local microclimate and thermal environment
in urban areas, resulting in a relatively high heat absorption capacity and poor ventilation [38-39]. In
Kisangani city, rapid population growth from 2000 to 2021 [40] has led to an increasing expansion of
urban and peri-urban areas and a significant reduction in natural areas [18-19]. This spatial
transformation may have altered the thermal properties, as artificial materials such as concrete and
asphalt absorb and retain more solar radiation than natural surfaces. This phenomenon is one of the
main factors behind the heat island effect [41-42-43]. As a result, expanding these increasingly
artificial areas would have contributed to the gradual increase of UHI intensity in some urban areas
between 2000 and 2024, reaching maximum values of more than 0.21°C. In addition, this would have
contributed to the expansion of the medium and high UHI in terms of area. These results are
consistent with those observed in other cities. In Uganda, Li et al.[16], revealed that from 1995 to 2017,
Kampala experienced substantial changes in its urban infrastructure. The urban land area grew from
12,133 hectares in 1995 to 25,389 hectares in 2016. Consequently, the extent of the UHI increased
significantly, rising from 22,910 hectares in 2003 to 27,900 hectares in 2016. This effect of urban
expansion on microclimate was also observed in Accra, Ghana. In fact, Wemegah et al.[17], found
that LST was significantly higher in urbanized and bare soil areas compared to areas with vegetation
and water bodies. This reducing effect of water bodies on UHI intensity, as observed in Accra [17],
would explain the low mean UHI values (<0.2) in the urbanization gradient zones of Kisangani city
when compared to other cities, such as Seoul, in South Korea, where the mean UHI is largely above
over 0.2 [44]. Indeed, the city of Kisangani is surrounded by the Congo River to the south and the
Tshopo and Lindi Rivers to the north and northwest, respectively. Therefore, the urban zones of
Kisangani tend to have a more moderate UHI average because water has a high specific heat capacity
and an evaporative cooling potential [45].

Although land artificialization is less pronounced in peri-urban zones compared to urban zones,
the findings of this study highlight its influence on the urban heat island (UHI) effect relative to rural
areas. Indeed, in peri-urban zones, the progressive conversion of natural landscapes into semi-
artificial areas such as intensive agricultural fields and informal settlements reduces the connectivity
of vegetative cover, thereby weakening its ability to moderate local temperatures through
evaporation and transpiration, as well as passively providing shade [46]. Moreover, peri-urban zones
are also influenced by the thermal effects of adjacent urban centers. The UHI effect generated within
the city can extend to these peripheral areas through heat transfer driven by mixed convection, a
phenomenon that is exacerbated by local atmospheric currents that transport warm air from the
urban core to the surrounding zones [47-48].

It is crucial to emphasize that variations in LST within urban, peri-urban, and rural
environments directly influence fluctuations in the Urban Heat Island (UHI), given that UHI is
fundamentally dependent on LST. This explains the same level of significance as that observed in
Figure 6. Therefore, strategies to mitigate high LST values should also be instrumental in narrowing
the temperature disparities observed between urban, peri-urban, and rural areas.

4.3. Impact of Building Architecture on the LST

This study has shown that the influence of building volume density (BVD) on the LST increases
over time in Kisangani. This trend is evidenced by progressively higher slopes and coefficients of
determination. This increasing correlation suggests that as urban areas expand, with changes in
urban architecture involving building geometry, particularly construction patterns with tall
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buildings situated closely together, as illustrated in Figure 9 for a typical area (the urban center), the
capacity of these densely built environments to retain and emit heat intensifies. Combined with the
degradation of vegetation, reflected in increasingly reliable NDVI values in the urban center (Figure
8), this architectural model contributes to the phenomenon referred to as the “urban canyon”[5-6]. In
fact, since the end of the armed conflict (1990 — 2000) [49], Kisangani has experienced continuous
spatial growth [18], largely driven by economic operators who exploit the interstitial spaces by
constructing large commercial complexes and high-rise hotels. This installation of buildings
accentuates their spatial footprint and, thus, the canyon effect.

This urban canyon effect influences various local conditions, including wind patterns, light
availability, air quality, and temperature, thereby significantly exacerbating the intensification of
urban heat islands [7]. In Kisangani, this could affect urban residents in various ways, shaping their
comfort, air and water quality, access to ecological services, opportunities for recreation, and overall
living conditions [9-10].
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Figure 9. An illustration of the spatiotemporal evolution of the Urban Heat Island (UHI), the NDVI, and the
Building Volume Density for a typical area (urban center of Kisangani).

4.3. Effective and Resilient Mitigation Strategies of UHI

It should be noted that urbanization, if properly managed, does not always lead to
environmental degradation [16]. However, mitigating the UHI effect in Kisangani would require
strategies tailored to its specific socioeconomic, environmental, and climatic context. These effective
and resilient solutions should integrate green infrastructure, urban planning, and community
engagement. Indeed, expanding green spaces such as parks, urban forests, roadside vegetation, and


https://doi.org/10.20944/preprints202412.2623.v2

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 March 2025 d0i:10.20944/preprints202412.2623.v2

15 of 19

green corridors connecting urban, peri-urban, and rural landscapes should lower surface and air
temperatures through shading and evapotranspiration [44-50]. For Kisangani, leveraging its
proximity to the Congo rainforest provides an opportunity to integrate indigenous plant species into
urban landscapes. Previous studies have shown that in cities with a UHI effect, such as Hong Kong
or Lisbon, the cooling effect of urban green spaces is more accentuated on hot and dry days [51-52].
In drier environments, rising temperatures and higher transpiration rates amplify the vegetation’s
humidifying effects [44-45]. Furthermore, protecting and restoring peri-urban vegetation can enhance
temperature regulation while mitigating urban sprawl. In addition, encouraging the use of green
roofs and vertical gardens can help reduce rooftop temperatures, provide insulation, and improve
urban aesthetics. On the other hand, Malley et al. [14] highlighted that building design, including
form, orientation, and layout, plays a crucial role in mitigating the urban heat island effect.
Additionally, incorporating high-albedo (reflective) materials for structures and roadways can
significantly decrease heat absorption.

Finally, to effectively address the impacts of urban heat islands (UHIs), it is imperative to
strengthen land-use planning and management policies, particularly in urban and peri-urban areas.
These policies should establish explicit guidelines to control urban sprawl and thus limit unplanned
development in the city of Kisangani. To achieve this, it is essential to identify and prioritize critical
areas for the conservation of green spaces and ecological corridors, thereby ensuring ecological
connectivity and minimizing landscape artificialization. Furthermore, the active engagement of local
communities in land-use decision-making processes in peri-urban and rural regions is necessary to
address socio-economic needs while also safeguarding environmental integrity. In addition,
scientists should prioritize interdisciplinary approaches that integrate urban planning, climatology,
ecology, and socio-economic studies. To maximize the impact of research, findings should be
effectively communicated through scientific publications, policy briefs, and community engagement
initiatives. Local communities should be made aware of the importance of green infrastructure and
sustainable practices in reducing the UHI effect. Simplifying complex scientific concepts into
accessible formats will encourage broader participation and support for mitigation efforts. Research
institutions must ensure that their findings translate into actionable policies. This involves actively
engaging with policymakers to integrate scientific evidence into urban planning and environmental
conservation strategies. Furthermore, scenario analyses that simulate the long-term benefits of
sustainable land-use practices can help demonstrate the value of these policies, fostering greater
political will for implementation. To this end, capacity building is essential for sustaining research
and mitigation efforts. Training programs should be designed to equip local researchers, urban
planners, and practitioners, while partnerships with international institutions can provide access to
funding, expertise, and technological resources.

5. Conclusions

This paper analyzes MOD11A2 V6.1 data to map Urban Heat Islands (UHIs) in the city of
Kisangani from 2000 to 2024. The findings reveal a significant temporal shift in the spatial pattern of
UHI, with an increase in areas exhibiting UHI values above 0°C over the study period. Specifically,
areas of moderate UHI (0.1°C<UHI<0.2°C) increased from 16 km? to 38 km?, while areas of high UHI
(0.2°C<UHI<0.3°C) increased from 9 km? to 19 km?2. Furthermore, although maximum UHI values
exceeding 0.21°C were observed in urban zones and significant differences in UHI variations are
noted across urban, peri-urban, and rural zones, the findings indicate that the average UHI in
Kisangani’s urban zones remains below 0.2°C. Therefore, based on the average UHI variations, the
urban zones of Kisangani exhibit moderate disparities in LST compared to rural areas.

Moreover, regression analyses show that variations in Land Surface Temperature (LST) are
significantly correlated with Building Volume Density (BVD) and vegetation density, measured by
the Normalized Difference Vegetation Index (NDVI). In addition, the influence of BVD on LST
variation has increased over time, as indicated by increasing slopes and coefficients of determination.
This trend suggests that urban expansion and architectural changes, particularly the construction of
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large, closely spaced buildings, enhance the heat retention and emission capacity of these dense
environments.

These findings highlight the importance of integrated development policies to effectively
manage the interface that exists between urbanization, changes in landscape patterns, and the supply
of ecosystem services. As urban and peri-urban areas expand, vegetation faces loss and
fragmentation, weakening its ability to regulate the urban heat island (UHI) effect, especially in
regions with UHI values equal to or exceeding 0.21°C, categorized as high-temperature zones.

However, the UHI mitigating strategies tailored to the specific socio-economic, environmental,
and climatic context of Kisangani are increasingly essential. These effective and resilient solutions
should integrate green infrastructure, urban planning, and community engagement. Indeed,
expanding green spaces, including parks, urban forests, roadside vegetation, and green corridors
linking urban, peri-urban, and rural areas, should lower surface and air temperatures through
shading and evapotranspiration. This holistic strategy offers a way to balance urban expansion and
economic progress while preserving ecosystem services across the urban-rural gradient.
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