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Abstract: This study analyzes land use/land cover (LULC) changes and land surface temperature (LST) variations in 
Butuan City using Landsat satellite imagery from 2010, 2015, and 2020. Remote sensing tools, including QGIS and 
Google Earth Engine (GEE), were used for spectral and thermal analysis, cloud masking, feature extraction, and 
classification through Random Forest. Results indicate a consistent rise in LST, peaking at 36.8 °C in 2015 during the El 
Niño event, followed by a drop to 32.3 °C in 2020 amid COVID-19 lockdowns. Urban expansion increased by 56.3%, 
while agricultural and forest areas declined, and water bodies expanded. These land cover changes, particularly between 
2010 and 2015, contributed to rising LST, with some stabilization by 2020. The study highlights the impact of 
urbanization, population growth, and climate variability on local thermal conditions, highlighting the value of remote 
sensing in guiding sustainable urban planning and mitigating heat island effects in Butuan City. 
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1. INTRODUCTION  
Urbanization involves population growth in cities, 

often driven by migration and natural increase. It 
transforms natural land into built-up areas with 
impervious surfaces like concrete, which absorb heat and 
create warmer microclimates compared to surrounding 
rural areas. [1].  

Rising temperatures from urbanization affect air 
quality, local climate, and land cover. Land Surface 
Temperature (LST) from remote sensing helps track 
these impacts by revealing surface heat patterns and 
environmental changes. [1]. The negative impacts of 
Land Surface Temperature (LST) are not limited to the 
residents living in the affected areas.  

Understanding Land Surface Temperature (LST) 
dynamics is crucial for urban planning and 
environmental management. LST measures the Earth's 
surface temperature, which rises rapidly with 
urbanization as human activities and land use changes 
make cities warmer than surrounding areas. [2]. The 
consequences include increased health risks, ecological 
disruptions, higher energy use, and changes to local 
microclimates, leading to greater human discomfort and 
reduced urban quality of life. [3]. In-depth study of urban 
Land Surface Temperature (LST) dynamics is vital. Time 
series analysis helps identify thermal hotspots and track 
Land Use and Land Cover (LULC) changes. [4]. 

According to [5] an upsurge in populated density in 
urban areas with rapid population growth has led to built-
up areas and this evolution gives us the concept of 
Urbanization. On the downside, if urbanization is not 
monitored properly then it may result in adverse effects 
on the environment. Urbanization can have significant 
effects on local weather and climate [6][7]. In the context 
of urbanization, the intensity of human activities is 
enhanced resulting in a rapid change in the surface cover 
[8]. The surface reflectance and roughness of different 

land use types are different, thus leading to differences in 
land surface temperature (LST). Aside from LST, 
changes in land use and cover can also raise the 
temperature of the local air with several degrees higher 
than the air temperatures of the surrounding areas [9]. 

This study investigates the LST dynamics and their 
urban planning implications in the City of Butuan and its 
surrounding barangays. It deciphers urban LST 
spatiotemporal patterns by 5-year intervals from 2010-
2015-2020 and its relationship to human-growth 
population to land surface temperature. The research 
hypothesized that significant LULC changes, especially 
in the growth of built-up environments, the sealing and 
compacting of surfaces, and thus a decline in vegetation 
causes noticeable LST variability, creating thermal 
hotspots and influencing local climates. 
 
2. METHODOLOGY 

This study aims to analyze the spatio-temporal 
dynamics of Land Surface Temperature (LST) in Butuan 
City, Philippines, over the years 2010, 2015, and 2020 to 
understand its relationship with urbanization. Using 
Landsat satellite imagery from these years, the research 
will assess spatial changes in Land Use and Land Cover 
(LULC), with a particular focus on transitions in built-up 
areas at five-year intervals. By examining these LULC 
changes, the study seeks to identify the extent and 
patterns of urban growth in the city. In addition, it will 
quantify changes in surface temperature during each 
interval to identify trends and spatial variations in LST. 
A spatial analysis using zonal statistics will then be 
conducted to explore the relationship between human 
population growth and LST changes, correlating 
population data with areas showing significant urban 
expansion and temperature increases. The overall 
objective is to provide insights into the impact of 
urbanization on Butuan City's thermal environment, 
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contributing valuable information for urban planning and 
climate change mitigation efforts. 
 
2.1 Study Area Description   

Butuan City, shows in Figure 1, is located on the 
northeastern part of Agusan Valley lying across the 
Agusan River. With a land area of 70, 800 hectares, the 
city is made up of 27 Urban Barangays and 59 Rural 
Barangays. Those barangays are Bonbon, Kinamutan, 
Villa Kananga, Doongan, Libertad, Bancasi, 
Pinamanculan, Dumalagan, Lumbocan, Pagatpatan, 
Babag, Agusan pequeño, Ambago, Maug, Banza, 
tiniwisan, Baan km 3, Ampayon, Cabcabon, Sumilihon, 
Taguibo, Bobon, Bacua Island, Pangabugan and Masao 
[10].  

Figure 1. Map of the Study Area  
 
2.2 Data Input 

Landsat 7’s Enhanced Thematic Mapper Plus 
(ETM+), Landsat 8’s Operational Land Imager (OLI) and 
Thermal Infrared Sensor (TIRS) were used in this study. 
Training samples derived from high-resolution 
references (e.g., Google Earth) ensure spectral 
representativeness of LULC classes (urban, vegetation, 
water, bare soil) [11]  
 
2.3 Data Processing  
2.3.1 Land Use Land Cover Classification  
2.3.1.1 Define Boundary and Date 

The delineation of the study area using Butuan City’s 
administrative boundary for 2010, 2015, and 2020 
ensures spatiotemporal consistency, a critical factor in 
multi-temporal LULC analysis [12]. Temporal alignment 
with decadal intervals (2010–2020) captures 
urbanization trends linked to policy shifts or 
demographic growth. Clipping satellite imagery to these 
boundaries minimizes computational load in Google 
Earth Engine (GEE), optimizing processing efficiency 
[14].  
2.3.1.2 Image Collection 

Landsat images were selected for their long-term 
continuity and spectral resolution, which are pivotal for 
detecting subtle land cover transitions [15]. Filtering by 
acquisition date (<10% cloud cover) and seasonal 
consistency (dry season) minimizes atmospheric 
interference. [18] in tropical regions. The use of USGS 
Earth Explorer identifiers ensures traceability and 
reproducibility, aligning with FAIR data principles [16].  

 
2.3.1.3 Cloud Masking   

Cloud masking using QA bands (e.g., Landsat 8’s 
BQA) and bitwise operations isolates cloud-free pixels, 
enhancing data integrity. This step is vital for reducing 
classification noise, particularly in humid tropical 
climates like Butuan City [15] ensuring only high-
confidence pixels are retained. 
2.3.1.4 Feature Collection 

Spectral bands (B2–B7) and indices (NDVI, NDBI) 
were compiled to exploit spectral-temporal 
signatures unique to LULC classes. NDVI (Normalized 
Difference Vegetation Index) distinguishes vegetation 
health (Rouse et al., 1974), while NDBI (Normalized 
Difference Built-up Index) isolates urban areas [17].  
NDVI = (NIR - Red) / (NIR + Red) 
NDBI = (SWIR - NIR) / (SWIR + NIR) 
2.3.1.5 Data Splitting 

Stratified splitting (70% training, 10% validation, 
20% testing) preserves class distribution, mitigating bias 
in imbalanced datasets [11].  

 
2.3.2 Supervised Machine Learning Algorithm 

The RF classifier leverages ensemble learning to 
reduce overfitting, outperforming single decision trees in 
heterogeneous landscapes [20]. Hyperparameters like 
tree depth are tuned via out-of-bag error minimization, a 
method lauded by [21] for computational efficiency.  
2.3.2.1 Accuracy Assessment 

A confusion matrix quantifies classification 
robustness, with OA (Overall Accuracy) and Kappa (κ > 
0.8) indicating strong agreement [23]. Class-specific F1-
scores address class imbalance, as omission errors in 
minority classes (e.g., water bodies) can skew OA [24].  
 
2.3.3 Estimation of Land Surface Temperature 
2.3.3.1 Cloud Masking 

Cloud masking is critical for ensuring thermal data 
integrity, as clouds and shadows introduce spurious 
temperature readings [25] For Landsat 8/9, the 
QA_PIXEL band’s bitwise operations target cloud 
confidence (bits 3–4) and cirrus confidence (bit 5), while 
Landsat 7 uses bit 1 (cloud) and bit 3 (cloud shadow) [15] 
This aligns with USGS Collection 2 protocols, which 
standardize atmospheric correction across sensors to 
minimize inter-sensor variability [26]. By adhering to 
these guidelines, the method ensures consistency a 
temporal LST analysis, particularly in humid regions like 
Butuan City, where cloud contamination is frequent. 
Masking also reduces errors in emissivity estimation, a 
precursor for reliable LST retrieval [27].  
2.3.3.2 Bands Selection 

Thermal band selection is sensor-specific to 
optimize atmospheric penetration and minimize water 
vapor absorption. Landsat 8/9’s Band 10 (10.6–11.19 
µm) is preferred due to its narrower wavelength range, 
which reduces atmospheric noise compared to Landsat 
7’s Band 6 (10.40–12.50 µm) [28]. The broader spectral 
range of Landsat 7’s Band 6 increases susceptibility to 
atmospheric interference, necessitating stricter post-
processing [29]. Resampling thermal bands to 30 m via 
bilinear interpolation harmonizes spatial resolution with 
optical bands, ensuring compatibility for pixel-level 
analysis [30]  
2.3.3.3 Apply Scale Factors 

Raw digital numbers (DN) are scaled to Top-of-
Atmosphere (TOA) radiance using sensor-specific 
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calibration coefficients. Landsat 8/9 employs 
RADIANCE_MULT/ADD parameters (USGS, 2021), 
while Landsat 7 uses pre-2012 gain/bias values [31]. 
Radiance is converted to brightness temperature (BT) via 
the Planck equation: 

 
where K1K1 and K2K2 are thermal constants [28]. This 
conversion accounts for sensor-specific radiometric 
properties, ensuring physical consistency across datasets. 
Proper scaling mitigates sensor drift effects, a key 
concern in long-term studies [32].   
 
2.3.4 LST Calculation 
2.3.4.1 NDVI Calculation and Analysis 

NDVI thresholds (e.g., NDVImax=0.8max=0.8, 
NDVImin=0.2min=0.2) isolate pure vegetation and bare 
soil, critical for estimating emissivity [33]. Scene-
specific thresholds adapt to phenological variations, 
reducing errors in heterogeneous landscapes. NDVI also 
serves as a proxy for vegetation density, modulating 
emissivity in mixed pixels [27] 
2.3.4.2 Emissivity 

Land surface emissivity (εε) is derived using 
fractional vegetation (PVPV): 

 
This empirical relation bridges emissivity between built-
ups (ε≈0.97ε≈0.97) and dense vegetation (ε≈0.99ε≈0.99) 
(Valor & Caselles, 1996). Emissivity correction accounts 
for spectral heterogeneity, particularly in urban areas 
where mixed pixels dominate [34]. 
2.3.4.3 Fractional Vegetation 
PV is calculated as: 

 
This non-linear scaling reflects vegetation’s 
disproportionate influence on emissivity, essential for 
reducing LST overestimation in sparsely vegetated zones 
[27].  
2.3.4.4 Thermal Band 

Thermal band properties (e.g., wavelength, spatial 
resolution) define their sensitivity to surface heat flux. 
Landsat 8/9’s Band 10 offers superior atmospheric 
correction due to its spectral positioning outside major 
water vapor absorption regions [28]. 
2.3.4.5 Apply LST Formula 

The single-channel algorithm corrects BT to LST [28] 

 
where λλ is the effective wavelength 
and ρ=1.438×10−2 m Kρ=1.438×10−2m K (Jiménez-
Muñoz et al., 2014). This method balances accuracy and 
computational efficiency, ideal for large-scale GEE 
workflows [32]. 
 
3   RESULT AND DISCUSSION  

Between 2010 and 2020, the land use and land cover 
maps of Butuan City, Agusan del Norte, reveal an 
expansion of built-up areas, a trend reflective of ongoing 
urbanization pressures in the region. This urban growth, 
visually evident in the increasing red-colored areas on the 
maps, appears to have encroached significantly upon 
agricultural lands (light green), and to some extent, on 

forest lands (dark green). This trend aligns with research 
indicating substantial urban growth in the region for 
instance [35] documented a 57.33% increase in built-up 
areas in the Agusan del Norte study sites between 2000 
and 2020, a phenomenon also linked to rising population 
figures highlighted by CPD-Caraga (2024) and the 
growth of informal settlements. 

 

 
 Figure 2. LULC 2010           
 

 
Fig. 3. LULC 2015      
  

Concurrently, the expansion of agricultural lands, 
visually evident in the maps, reflects trends such as the 
increasing cultivation of rice, corn, and notably oil palm 
plantations, as identified by [36] in the Agusan River 
Basin. [37], according to their study the data that they 
quantified shows a sustained decrease in forest areas with 
notable conversion to agricultural land, alongside an 
increase in built-up areas, particularly between 2016 and 
2021.  

1332



 
 

According to [35] from the BIO Web of Conferences 
paper, analyzed land use changes from 2000 to 2020 they 
a found considerable expansion of built-up areas and a 
decrease in forestlands, attributing these changes to 
factors including proximity to roads. According to [38] 
the expansion of agricultural activities, including crops 
like oil palm as noted in studies on the Agusan River 
Basin also contributes to the dynamic landscape changes 
observed, collectively painting a picture of increasing 
human footprint on the natural environment of Butuan 
City. 
 

 
Fig. 4. LULC 2020 
 

Table 1 quantifies LULC changes from 2010–2015 
and 2015–2020, highlighting shifts driven by natural and 
human activities. These data are key for tracking trends, 
assessing impacts of land use, and guiding sustainable 
development and planning. 

 
Table 1. Quantification of LULC from 2010 to 2015. 

 
The Table above shows a substantial increase in 

"Built-ups" by 33.05%, indicating significant 
urbanization or infrastructure development within the 
study area during this period. This trend aligns with 
global patterns of increasing urban footprints driven by 
population growth and economic development [39]. 
"Forests lands," while still dominant, experienced only a 
marginal increase of 0.73%, suggesting relatively stable 
forest cover, which could be attributed to conservation 
efforts or slower rates of deforestation compared to other 
regions (Jones, 2023). "Water bodies" also saw a notable 
expansion of 8.29%, which might reflect changes in 
hydrological regimes, increased precipitation, or the 
creation of new water reservoirs [40]. "Agriculture lands" 
showed a modest increase of 2.69%, potentially 
indicating agricultural intensification or slight expansion 

into other land types, a common response to food demand 
[41]. The overall total area increased by 2.57%, 
suggesting a net gain in the mapped area or a change in 
mapping methodology. These shifts highlight the 
complex interplay of natural and anthropogenic factors 
shaping the landscape, emphasizing the need for 
sustainable land management practices [42] 

Table 2, quantifies Land Use/Land Cover (LULC) 
changes from 2010 to 2020, and illustrates significant 
and long-term transformations within the study area. The 
most prominent change is the remarkable 56.29% 
increase in "Built-ups," signifying extensive urbanization 
and infrastructure development over the decade, a trend 
consistent with global patterns of urban expansion [39]. 
The "Agriculture lands" experienced a 
Table 2. Quantification of LULC from 2010 to 2020 
substantial decline of -12.89%, indicating a considerable 
conversion of agricultural areas, likely driven by the 
aforementioned urban growth or shifts in land-use 
policies [41]. "Water bodies" also showed a significant 
expansion of 17.62%, which could be attributed to 
changes in hydrological cycles, increased precipitation, 
or the establishment of new water features [40]. "Forests 
lands," despite their large initial area, saw a slight 
decrease of -0.21%, suggesting a relatively stable but 
marginally declining forest cover, which could be a result 
of localized deforestation or natural disturbances [43]. 
The overall total area increased by a modest 0.58%, 
reflecting the net effect of these diverse LULC 
transitions. These long-term dynamics highlight the 
critical importance of robust land-use planning and 
management strategies to achieve a balance between 
development and environmental sustainability [42] 
Table 2. Quantification of LULC from 2010 to 2020 

The provided data reveals a dynamic landscape 
undergoing significant transformations between 2010 
and 2020. A key trend is the expansion of built-up areas, 
which increased from 26,494,576 m² in 2010 to 
41,407,355 m² by 2020, representing a substantial overall 
increase of 56.3%. This growth is consistent with global 
urbanization trends, where urban areas are expanding at 

W A T E R  B O D I E S A G R I C U L T U R E  
L A N D S

B U I L T - U P S F O R E S T S  
L A N D S

C H A N G E S  F R O M  2 0 1 0  V S .  2 0 1 5 ,  2 0 1 5  V S .  
2 0 2 0 ,  A N D  2 0 1 0  V S .  2 0 2 0

2010-2015 Area  (m²)
2015-2020 Area  (m²)
2010- 2020 Area (m²)
Linear (2010- 2020 Area (m²))
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an unprecedented rate, often at the expense of other land 
cover types [13]  

This expansion has significant implications for 
resource management, environmental sustainability, and 
human well-being [44]. The data shows that the most 
significant change occurred between 2010 and 2015, with 
a 33.05% increase in built-up areas. While growth 
continued between 2015 and 2020, the rate slowed to 
17.47%. This pattern may indicate phases of rapid initial 
development followed by a potential stabilization or a 
shift in development patterns. The consistent increase 
highlights the ongoing pressure of urbanization on the 
landscape. In contrast to the growth of built-up areas, 
agricultural lands experienced a net decrease over the 
decade. While there was a slight increase from 2010 to 
2015 (from 103,011,957 m² to 105,779,608 m²), a more 
significant decline occurred between 2015 and 2020, 
with a decrease of 15.17%. This decline aligns with 
findings in other studies that document the conversion of 
agricultural land to urban uses [45]. Such conversions 
can have profound impacts on food security, agricultural 
productivity, and rural livelihoods [46]. 

The loss of agricultural land can also contribute to 
habitat fragmentation and biodiversity loss [47]. Forest 
lands, while still the dominant land cover category, also 
experienced a net decrease over the decade, albeit less 
dramatic than the change in agricultural lands. The area 
of forest land decreased from 501,457,539 m² in 2010 to 
500,419,027 m² in 2020. This represents a small overall 
decrease of about 0.2%. The largest decrease occurred 
between 2015 and 2020, with a decrease of 0.93%. 
Deforestation, even at a seemingly small percentage, is a 
critical concern due to its role in carbon sequestration, 
biodiversity conservation, and climate regulation [48].  

The continued loss of forest cover, even if at a slow 
pace, can have long-term consequences for ecosystem 
services and global climate change [49]. Water bodies 
showed a consistent increase throughout the period. The 
area of water bodies increased from 18,013,290 m² in 
2010 to 21,188,054 m² in 2020, representing an overall 
increase of 17.6%. This increase could be due to several 
factors, including changes in water management 
practices, natural hydrological variations, or the creation 
of new water reservoirs. Changes in water body areas can 
have implications for water availability, flood risk, and 
aquatic ecosystems [50] 

 
3.1 Changes of LULC from 2010 vs 2015, 2015 vs. 

2020 and, 2010 vs. 2020 
In figure 5 illustrates the changes in land cover 

between 2010, 2015, and 2020 across several categories: 
Water Bodies, Agriculture Lands, Built-ups, and Forests 
Lands. Specifically, it presents the area changes (m2) for 
the periods 2010-2015, 2015-2020, and the overall 
change from 2010-2020. A linear trendline for the 2010-
2020 area change is also included to highlight long-term 
patterns. The data provides insights into land use 
dynamics over a decade, revealing shifts in 
environmental and anthropogenic land covers 
Fig. 5. Changes from 2010 vs. 2015, 2015 vs. 2020, and 
2010 vs. 2020 
 
The expansion of built-up areas frequently leads to a 
significant decline in agricultural and forest lands, 
particularly evident in the 2015-2020 period. Data from 

2010 to 2015 initially showed growth in built-up areas by 
approximately 18.2%, alongside modest increases in 
agricultural (3.1%) and forest lands (1.9%). However, a 
stark shift occurred from 2015 to 2020, where continued, 
albeit slower, urban growth of 5.3% directly 
corresponded with a substantial loss of agricultural land 
by roughly 15.3% and a reduction in forest cover by 
1.2%. This pattern of urban development displacing other 
crucial land resources is widely recognized in scientific 
literature. [13] demonstrate that global urban expansion 
is a primary driver of land-use change, often resulting in 
the conversion and loss of productive agricultural areas. 
[51] highlight that the broad-scale conversion of natural 
ecosystems, such as forests, for human-dominated uses 
like urban development and agriculture has profound 
global consequences, affecting biodiversity, climate, and 
ecosystem services. 
The 2010-2015 period showed built-up areas expanding 
by approximately 18% alongside growth in agricultural 
and forest lands, the 2015-2020 period saw continued 
urban growth (approximately +5%) coupled with a stark 
15% decline in agricultural lands and reductions in 
forests (approx. -1% to -2%) and water bodies (approx. -
1% to -2%). This dynamic is extensively documented: 
[13] highlight global urban expansion as a primary driver 
of such land conversion. The alarming loss of agricultural 
areas is a specific focus of [52], who quantify the threat 
of urban sprawl to global croplands. Moreover, the 
reduction in forest cover aligns with the findings of [53] 
on the adverse effects of intensive land use on 
biodiversity, while the impact on water bodies reflects 
the broader ecological consequences of urban 
development [54] including alterations to hydrological 
systems.  
Land cover analysis from 2010 to 2020 shows a 
significant rise in built-up areas and a decline in 
agricultural land, reflecting global trends in urbanization 
and land use change, [39] highlights the pervasive nature 
of urban sprawl impacting natural and agricultural 
landscapes worldwide. Conversely, "Agriculture Lands" 
experienced a considerable decrease, suggesting 
conversion to other land uses, likely driven by economic 
development and infrastructural expansion, [43] argues 
that peri-urban agricultural areas are often the first to be 
absorbed by expanding cities. While "Water Bodies" 
showed a slight increase, possibly due to localized 
hydrological changes or improved mapping techniques, 
[55] notes that such minor fluctuations in water bodies 
can be influenced by climate variability or human 
interventions like dam construction. Furthermore, 
"Forests Lands" exhibited a slight decline, indicating 
continued pressure on natural ecosystems, [56] 
emphasizes the ongoing deforestation for various 
purposes, including agriculture and urban expansion, 
despite conservation efforts. [41] posits that these 
interconnected land use changes collectively underscore 
the complex interplay between socio-economic 
development, environmental sustainability, and policy 
frameworks in shaping landscapes over time. 
 
3.2 Butuan City Land Surface Temperature 2010, 
2015, and 2020  
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Fig. 6.  LST Map of  2010                
 

  
Fig. 7.  LST Map of 2015 
 

 
Fig. 8.  LST Map of 2020 
 
From 2010 to 2020, warmer areas in the city expanded, 
with a sharp LST increase between 2010 and 2015, 
reflecting the impact of urbanization on land cover and 
surface temperatures. [28]. Remote sensing techniques, 
as utilized to generate these maps, are crucial tools for 
monitoring and analyzing these changes and their 
relationship to urban development patterns over time 
[57].  
 
 

The maps indicate a general increase in the extent and 
intensity of warmer areas across the city over the decade, 
particularly noticeable between 2010 and 2015, although 
there seems to be a slight reduction in the highest 
temperature ranges by 2020 compared to 2015. This 
observed urban warming is consistent effect the a 
phenomenon where urban areas experience higher 
temperatures than their surrounding rural counterparts 
due to modifications of the land surface [2] The 
conversion of natural landscapes to impervious surfaces 
like roads and buildings, which are prevalent in urban 
expansion, significantly alters the surface energy 
balance, leading to increased absorption and reduced 
reflection of solar radiation, a key factor contributing to 
higher LST [58];[59]  
The concentration of human activities in urban areas also 
contributes to elevated temperatures through 
anthropogenic heat release from energy consumption for 
cooling, heating, and transportation [60]. Remote sensing 
is vital for tracking urban heat patterns and their changes 
over time due to urbanization and land cover shifts. 
[12];[57]. The patterns observed in Butuan City 
underscore the complex relationship between urban 
development and local climate, highlighting the 
importance of considering these thermal impacts in 
future urban planning and development strategies [61] 
 
3.3 LST Minimum, Maximum, and Mean for 2010, 
2015, and 2020 
Figure 9 shows the Land Surface Temperature (LST) 
changes in the Philippines from 2010 to 2020, showing 
minimum, maximum, and mean values for 2010, 2015, 
and 2020 to highlight the evolving thermal landscape. 

Figure 9. LST-min, max, mean for 2010, 2015, and 2020 
 
The rise in LST in the Philippines reflects global climate 
change and is driven by urbanization, deforestation, and 
warming trends. Urban areas absorb and retain more heat, 
significantly raising local temperatures. [62]. Studies 
have shown that the expansion of impervious surfaces, 
such as concrete and asphalt, exacerbates this effect, 
leading to higher temperatures in urban centers [63]. In 
the Philippines, rapid urbanization in metropolitan areas 
like Manila has been linked to increased LST, 
contributing to thermal discomfort and potential health 
risks for urban populations [64].  
Deforestation also contributes to rising LST. "Vegetation 
plays a crucial role in regulating surface temperatures 
through evapotranspiration, which cools the surrounding 
environment" [65] The clearing of forests for agriculture, 
logging, and other land-use changes reduces this cooling 
effect, leading to increased LST. The Philippines, with its 
rich biodiversity, has experienced significant 
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deforestation, which likely contributes to the observed 
LST trend. The increasing LST in the Philippines is 
influenced by global climate change. "The global average 
surface temperature has been rising at an unprecedented 
rate, primarily due to increased greenhouse gas 
emissions" [66]. Global warming is raising temperatures 
and extreme weather in the Philippines, with rising LST 
reflecting the country's climate change vulnerability. [67] 
 

3.4 Changes of LST for 2010 to 2015, 2015 to 
2020, and 2010 to 2020. 

The provided table presents a concise overview of Land 
Surface Temperature (LST) in a specific location across 
three distinct years: 2010, 2015, and 2020. It details the 
minimum, maximum, and mean LST recorded for each 
of these years, expressed in degrees Celsius (°C). 
Furthermore, the table highlights the changes in these 
temperature metrics between the periods of 2010-2015 
and 2015-2020, offering insights into the temporal 
dynamics of surface temperatures.  
 
Table 3. Quantification of LST from 2010 to 2015, 2015 
to 2020, and 2010 to 2020 

The data reveals a notable trend in LST over the observed 
period. Between 2010 and 2015, there was a clear 
increase in LST, with the mean temperature rising from 
31.05°C to 36.8°C. This increase aligns with global 
trends of rising temperatures, as documented by the 
Intergovernmental Panel on Climate Change [66]. [66] 
"It is unequivocal that human influence has warmed the 
atmosphere, ocean, and land." This warming trend can be 
attributed to various factors, including increased 
greenhouse gas emissions [68] and land-use changes 
[51]. However, the period between 2015 and 2020 shows 
a decrease in LST, with the mean temperature dropping 
to 32.3°C. This decrease could be attributed to regional 
variations in climate patterns, such as increased cloud 
cover or changes in precipitation [69] It's important to 
note that while the data shows a decrease between 2015 
and 2020, the overall trend from 2010 to 2020 still 
indicates a general increase. Further research with more 
extensive data is needed.  
The rise in temperature observed in 2015 can be 
attributed to unexpected climate anomalies known as El 
Niño. El Niño represents the warm phase of a natural 
climate phenomenon referred to as the El Niño-Southern 
Oscillation (ENSO) [70]. The intense 2015-2016 El 
Niño, one of the strongest on record alongside 1997-
1998, likely contributed significantly to the temperature 
rise in Butuan City in 2015. According to [71], in May 
2015, much of the Philippines, especially Mindanao, 
faced below-normal rainfall and above-normal 
temperatures, leading to higher heat in Butuan City. This 
dry spell and drought raised concerns about water 
shortages affecting agriculture and energy sectors. 

For the year 2020, [72] reported that the prolonged 
lockdown and reduced human activities in major cities 
worldwide during the Covid-19 pandemic from early 
2020 to late 2021 led to a decrease in the Temperature of 
land surface temperatures (LST) in Butuan City. This 
reduction in LST is attributed to the closure of human 
mobility and industrial activities, which in turn lowered 
greenhouse gas emissions in urban areas. As a result, the 
heat index in 2020 was lower than it had been in 2015. 
According to [62] The COVID-19 pandemic in the 
Philippines, which began in early 2020 and continued 
into subsequent years, had a significant impact on the 
atmospheric environment. Lockdown measures and 
travel restrictions led to changes in human activity 
patterns, resulting in localized decreases in waste heat 
emissions and slightly lower Land Surface Temperature 
(LST) in urban areas, specifically Metro Manila.  
 

3.5 Correlation of LST to LULC 
[19] A strong negative correlation between LST and 
NDVI in the lower Himalayas highlights the cooling 
effect of vegetation. Correlation analysis showed a strong 
link between LULC types and LST in Abuja, with built-
up areas driving higher temperatures. [22] Correlation 
coefficients quantified the relationships between LST 
and spectral indices like NDBI and NDVI, showing 
consistent LST variations linked to LULC changes. [15] 
in Melbourne, inherently rely on underlying correlative 
patterns. Indeed, as affirmed by a comprehensive 
systematic review by [73], Pearson’s correlation is 
commonly used to assess how LULC affects LST, 
making it a key first step in spatial thermal analysis. 
The significance level, typically set at 0.05 (or 5%), 
represents the threshold for statistical decision-making in 
hypothesis testing. It defines the maximum acceptable 
probability of committing a Type I error, which occurs 
when a researcher incorrectly rejects a true null 
hypothesis. In simpler terms, an α of 0.05 means that 
there is a 5% chance of concluding that an effect or 
relationship exists when, in reality, it does not – 
essentially, a 5% risk of a "false positive." Elucidates, 
this level serves as a crucial balancing act, minimizing 
the likelihood of spurious findings while still allowing for 
the detection of genuine effects. Emphasize that the 
significance level is the "alpha level," a predetermined 
probability that helps researchers decide whether an 
observed sample difference is truly remarkable or merely 
a result of random chance.  
 
Table 4. Correlation between area (m²) and temperature 
mean for waterbodies. 

 Area (m²) Temperature Mean 
Area (m²) .  
Temperature Mean .47* . 

 Note: * Correlation is not significant at the 0.05 level 
(2-tailed) 
 
A moderate positive correlation (r = 0.47) was found 
between waterbody area and mean temperature, but it is 
not statistically significant (p > 0.05). This suggests the 
observed trend may be due to chance and cannot be 
confidently generalized. 
 
Table 5. Correlation between area (m²) and temperature 
mean for agricultural lands. 

1336



 
 

 Area (m²) Temperature 
Mean 

Area (m²) .  
Temperature Mean .16* . 

 Note: * Correlation is not significant at the 0.05 level 
(2-tailed) 
 
A very weak positive correlation (r = 0.16) was found 
between agricultural land area and mean temperature, but 
it is not statistically significant (p > 0.05). This suggests 
no reliable linear relationship between land size and 
temperature in the population. 
 
Table 6. Correlation between area (m²) and temperature 
mean for built-up’s. 

 Area (m²) Temperature Mean 
Area (m²) .  
Temperature Mean .58** . 

 Note: ** Correlation is significant at the 0.05 level (2-
tailed) 
A moderate positive correlation (r = 0.58) was found 
between built-up land area and mean temperature, 
statistically significant at the 0.05 level. This supports the 
urban heat island effect, showing larger built-up areas 
consistently have higher temperatures. 
 
Table 9. Correlation between area (m²) and temperature 
mean for forestland. 

 Area (m²) Temperature Mean 
Area (m²) .  
Temperature Mean .74** . 

 Note: ** Correlation is significant at the 0.05 level (2-
tailed) 
A strong positive correlation (r = 0.74) was found 
between forestland area and mean temperature, 
statistically significant at the 0.05 level. Although 
unexpected, this suggests larger forest patches in the 
study area are linked to higher temperatures, possibly due 
to factors like forest type, density, topography, or mixed 
land features. 
 
3.5.1 Correlation of LST to Population 
The correlation between Land Surface Temperature 
(LST) and population is is a frequently examined, often 
showing that higher population densities lead to 
increased LST due to urbanization—more impervious 
surfaces, less vegetation, and greater heat emissions. [74] 
highlighting how dense urban areas contribute to the heat 
island effect. Understanding this relationship is crucial 
for sustainable urban planning to reduce heat stress. 
 

4 CONCLUSION 
The study demonstrates that land use and land cover 
changes in Butuan City from 2010 to 2020 are closely 
linked to variations in Land Surface Temperature (LST), 
with significant urban expansion contributing to 
increased thermal intensity, particularly between 2010 
and 2015. Remote sensing techniques effectively 
captured these Spatio-Temporal dynamics, highlighting 
the impact of urbanization on the city's thermal 
environment. Additionally, fluctuations in LST are 
influenced not only by land cover changes but also by 
external factors such as climate phenomena (e.g., El 
Niño) and human activities, including population growth 
and pandemic-related reductions in activity. These 
findings underscore the importance of integrating 

geospatial data into urban planning to mitigate urban heat 
island effects and promote sustainable development in 
Butuan City. 
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