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Introduction

Large-scale transportation infrastructure development is one of the most powerful drivers of
contemporary landscape transformation. Globally, the expansion of aviation and highway networks
has driven massive land-cover conversion across various ecological regimes: Seto et al. (2012)
project that global urban land area will nearly triple between 2000 and 2030, with the greatest
impact in tropical regions, which are also global biodiversity hotspots. International-scale
infrastructure creates ecological influence zones extending to a radius of 15-20 km,
encompassing modifications to the hydrological cycle, shifts in land-cover composition, and
spatially detectable changes in microclimate (Cidell, 2015; Liu et al., 2020). The pressures on these
ecosystems are multidimensional: in addition to direct land-cover conversion, there are thermal
effects from large-scale impervious surfaces and habitat fragmentation, which cumulatively erode
ecosystem services progressively (McDonnell & Pickett, 1990; Lambin & Meyfroidt, 2011).
Advances in cloud-based remote sensing technology—particularly the Google Earth Engine (GEE)
platform, which enables the efficient processing of high-resolution multitemporal satellite imagery
at a regional scale—have revolutionized the capacity to monitor the ecological impacts of
infrastructure development (Gorelick et al., 2017) and opened opportunities for systematic
evaluations that were previously unfeasible.

Studies on the impact of transportation infrastructure development on land-cover
transformation have yielded inconsistent findings in the literature. Griffiths et al. (2013) identified
patterns of conventional urban sprawl around major transportation infrastructure in the Shanghai
metropolitan area, with built-up areas expanding predominantly within a 10-km radius of
infrastructure nodes. In contrast, Zhang et al. (2019) reported a re-greening phenomenon in several
East Asian regions in response to increasingly stringent environmental regulations—a pattern
known in Meyfroidt & Lambin’s (2011) forest transition theory as the “state forest policy pathway,”
where regulatory pressure drives reforestation regardless of market dynamics. This disparity in
findings reflects the complexity of interactions between local regulatory contexts, geographic
characteristics, and land-use policies. In the context of thermal analysis, Li et al. (2013)
demonstrated that infrastructure with extensive impermeable surfaces creates localized heat
islands with characteristics distinct from the conventional urban heat islands described by Oke
(1987) based on the surface energy balance model. The inconsistency of these findings
underscores that no single universal pattern can be predicted from transportation infrastructure
development, and that a multi-indicator approach—combining analyses of land cover, surface
temperature, and vegetation indices—is better able to capture the true complexity of ecological
dynamics (Pettorelli et al., 2005; Gorelick et al., 2017).

Although studies on the environmental impacts of infrastructure have advanced significantly
in temperate and subtropical regions, similar research in tropical regions—particularly Indonesia—
remains very limited. This represents a significant gap: projections by Seto et al. (2012) indicate
that tropical regions will experience the highest rate of urban expansion globally in the coming
decades, while also being hotspots of biodiversity on Earth. Tropical characteristics such as dense
vegetation cover, a dominant rainy season, and unique hydrological dynamics result in ecological
transformation patterns that cannot be directly extrapolated from findings in other parts of the
world (Lambin & Meyfroidt, 2011). This gap is critical given that Indonesia is entering an era of
massive transportation infrastructure development. Without an adequate empirical basis for
patterns of ecological transformation in the Indonesian tropical context, spatial planning policies
and environmental mitigation strategies risk being off target. A fundamental unanswered question
is: does airport infrastructure development in tropical Indonesia follow conventional urban sprawl
patterns, or are there ecological mechanisms and policies that produce different transformation
patterns?
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Yogyakarta International Airport (YIA), which has been in operation since 2019, represents a
strategic and unique case study for addressing this research gap. With an operational area of 587
hectares that converted productive agricultural land and coastal ecosystems in Kulon Progo
Regency, YIA is one of Indonesia’s new-generation international airports whose construction was
accompanied by relatively strict environmental mitigation requirements, including obligations for
reforestation programs and the establishment of conservation buffer zones (Bappeda Kulon Progo,
2012). YIA's location in a transitional zone between sandy coastal plains and irrigated agricultural
land creates a distinctive physical context for the dynamics of tropical ecological transformation.
The combination of a significant scale of development, a relatively robust regulatory framework,
and a unique ecological context makes YIA an ideal natural laboratory for testing and expanding
theories of landscape transformation driven by transportation infrastructure in a tropical context.

Based on the background and research gaps outlined above, this study aims to: (1) analyze
the dynamics of land cover transformation in the YIA area during the 2015-2024 period using a
GEE-based Random Forest classification; (2) examine the spatial distribution of land surface
temperature (LST) and the characteristics of Urban Heat Island formation; (3) evaluate changes in
vegetation conditions through NDVI analysis by land cover class; and (4) identify spatial ecological
stress zones using the Vegetation Stress Index (VSI) as an integrative indicator. Collectively, these
four objectives are designed to build a holistic understanding of environmental transformation
patterns resulting from airport infrastructure development in a tropical context and provide an
empirical basis for the development of evidence-based mitigation policies

Method

This study employs a multitemporal spatial analysis approach that integrates remote
sensing with cloud-based geospatial computing to detect changes in land cover, thermal
conditions, and ecological pressure in the YIA area. All data processing was conducted using
Google Earth Engine (GEE), which enables efficient analysis of regional-scale multispectral satellite
imagery.
Research Location and Time

The study is centered in the Yogyakarta International Airport (YIA) area, Kulon Progo
Regency, with a study area defined as a circular buffer zone with a radius of 15 km from the airport’s
central point (7°54'S, 110°03'E), covering a total area of approximately 695.45 km? that includes
parts of Kulon Progo, Bantul, and Purworejo Regencies. The 15-km radius was determined based
on ICAO Annex 14 (2018) standards, which define the operational impact zone of an international
airport as 13-17 km, as well as findings by Cidell (2015) indicating significant spatial impacts of
airport development within a 10—-20 km radius. Temporal analysis was conducted at two time
points: 2015, the pre-construction baseline, and 2024, the post-operational condition. The year
2015 was selected because airport construction began in 2016, thereby representing natural
conditions before large-scale anthropogenic intervention. This nine-year span meets the
recommendations of Chang et al. (2018), which establish a minimum period of 7-10 years to
detect significant spatial and ecological changes resulting from infrastructure development.
Data and data source

The primary data for this study consist of Landsat 8 OLI/TIRS Collection 2 Level 2 satellite
imagery accessed through the GEE catalog. Landsat 8 was selected based on its optimal
combination of spectral (11 bands), temporal (16 days), and spatial (30 meters) resolutions, which
are optimal for analyzing regional-scale land cover changes, with thermal infrared data quality
(Bands 10-11) sufficient for LST estimation with a standard deviation of +1.5°C (Jiménez-Mufioz
et al., 2014). Image selection used a maximum cloud-cover threshold of 10%, and the mosaicking
process employed a median reducer function to minimize temporal noise and atmospheric
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anomalies. Administrative boundary data were obtained from the National Geospatial Information
Agency; all data were projected into the WGS 1984 UTM Zone 49S coordinate system.

Land cover classification was performed using the Random Forest algorithm with 100
decision trees and a maximum depth of 15. This algorithm was chosen for its ability to handle
multidimensional data with high accuracy and resistance to overfitting (Breiman, 2001), having
been shown to achieve 85-95% accuracy in classifying Landsat imagery (Rodriguez-Galiano et al.,
2012). The classification scheme uses five classes, based on the Anderson Level |, adapted to
Indonesian conditions: agricultural land, built-up areas, water bodies, open land, and forest.
Training samples were generated through visual interpretation of imagery using high-resolution
Google Earth imagery, resulting in 8,891 samples (2015) and 8,970 samples (2024). Accuracy
validation using a confusion matrix with stratified random sampling yielded an Overall Accuracy of
84.2% (Kappa 0.79) for 2015 and 87.3% (Kappa 0.83) for 2024—values indicating very good
agreement (Landis & Koch, 1977).

Analysis of Land Surface Temperature using the Single-Channel algorithm (Jiménez-Mufioz
& Sobrino, 2003) with input from Landsat 8 Thermal Infrared Sensor Band 10. Surface emissivity
correction using the NDVI-based emissivity estimation approach (Sobrino et al., 2004) with
emissivity values ranging from 0.92 (urban surfaces) to 0.95 (dense vegetation). The Normalized
Difference Vegetation Index (NDVI) was extracted using the standard Tucker formula (1979): NDVI
= (NIR - Red) / (NIR + Red), with input from Band 5 (NIR) and Band 4 (Red). Changes in NDVI were
analyzed by land-cover class, in both absolute values and percentages, to assess vegetation
degradation or recovery comparatively.

The Vegetation Stress Index (VSI) was developed as an integrative indicator that combines
NDVI and LST, based on the premise that stressed vegetation exhibits low NDVI and high LST. The
VSI formula uses z-score normalization: VSI = (0.5 x LSTnorm) - (0.5 x NDVInorm), where the mean
() and standard deviation (o) are calculated from the entire study area. Stress zone classification
uses the 75th percentile threshold as the critical boundary; areas above the threshold are classified
as high-stress zones. Temporal analysis of the VSI identifies new stress areas (transition from
normal to high stress) and recovered areas (recovery from high stress to normal conditions).

Result
Land Cover Change 2015-2024

The Random Forest classification produced land-cover maps with overall accuracies of
84.2% (2015) and 87.3% (2024). The most notable changes during the 2015-2024 period were the
expansion of forest areas by 80.36 km? (+27.2%) and the contraction of water bodies by 55.64 km?
(-30.4%). Agricultural land decreased by 14.37 km? (-13.6%), while built-up areas and open land
decreased by 0.85 km? and 9.53 km?, respectively (Table 1). The spatial distribution shows a
concentric pattern, with the highest transformation intensity within a 0-5 km radius of the airport

center (Fig 1).

Table 1. Changes in land cover area in the YIA region for the period 2015-2024

Land Cover Klass Area 2015 Area 2024 Change (km?) Change (%)
(km2) (km?) (km?)
Agricultural Land 105,70 91,33 -14,37 -13,6
Built-up Area 6,76 5,91 -0,85 -12,6
Water Bodies 183,15 127,51 -55,64 -30,4
Open Land 104,86 95,33 -9,53 -9,1
Forests 295,00 375,36 +80,36 +27,2
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Fig 1. Land cover distribution map of the YIA area for (a) 2015 and (b) 2024

Soil Surface Temperature Distribution

LST analysis shows an increase in temperature across all land cover classes except built-
up areas, which experienced a decrease of 2.85°C—from 38.30°C (2015) to 35.45°C (2024). The
highest temperature increases occurred in the forest class (+2.42°C) and water bodies (+2.20°C).
Zones with extreme temperatures above 35°C are concentrated in the runway, apron, and taxiway
areas, forming an Urban Heat Island that extends up to a radius of 5—7 km from the airport center
with a distribution pattern that extends along the north—south runway orientation (Table 2, Figure

2).

Changes in the Normalized Difference Vegetation Index (NDVI)

The most significant decline in NDVI occurred in agricultural land (-0.082 units; -12.29%)
and forests (-0.069 units; -10.36%). In contrast, built-up areas showed an increase in NDVI of
+0.082 units (+20.15%), while open land increased by +0.027 units (+4.24%). Water bodies
experienced a moderate decrease of -0.044 units (-6.70%) (Table 3, Figure 3).
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Table 2. Changes in Land Surface Temperature by land cover class
for the period 2015-2024

Land Cover LST 2015 (°C) LST 2024 (°C) Change (°C)
Klass
Agricultural Land 33,80 35,99 +2,19
Built-up Area 38,30 35,45 -2,85
Water Bodies 32,98 35,18 +2,20
Open Land 33,35 34,76 +1,41
Forests 32,99 35,41 +2,42

LAND SURFACE TEMPERATURE MAP OF YIA AIRPORT AREA WITH 20 KM
BUFFER IN 2015
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Fig 2. Changes in Land Surface Temperature by land cover class for the periods 2015 (a) and
2024 (b)

Table 3. Changes in the Normalized Difference Vegetation Index by land cover class for the
period 2015-2024

Kand Cover Klass NDVI 2015 NDVI 2024 Change Change (%)
Agricultural Land 0,667 0,585 -0,082 -12,29
Built-up Area 0,407 0,489 +0,082 +20,15
Water Bodies 0,657 0,613 -0,044 -6,70
Open Land 0,637 0,664 +0,027 +4,24
Forests 0,666 0,597 -0,069 -10,36
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Fig 3. Map showing the distribution of the Normalized Difference Vegetation Index (NDVI) for the

YIA area in (a) 2015 and (b) 2024

Dynamics of the Vegetation Stress Index

The VSI analysis identified a new stress area covering 11.52 km? (1.66% of the total study
area) and a recovered area covering 16.98 km? (2.44%), resulting in a net recovery of +5.46 km?
(+0.79%) (Table 4). The spatial distribution shows a concentration of high stress in a semicircular
zone in the northern part of the YIA area, which correlates with zones of most intensive

construction and land conversion (Fig 4).

Table 4. Results of the Vegetation Stress Index analysis for the YIA area
for the period 2015-2024

Parameter VSI Area (km?) Percentage (%)
New Stress Area 11,52 1,66
Recovered Area 16,98 2,44

Net Recovery +5,46 +0,79
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Notes:

New Stress Area = an area that has experienced an increase in stress from normal conditions
(2015) to high stress (2024).

Recovered Area = an area that has experienced a decrease in stress from high stress (2015) to
normal/low stress (2024).

Net Recovery = the difference between Recovered and New Stress Areas; a positive value indicates
an improvement in the ecosystem's overall condition.
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Fig 4. Map of the Vegetation Stress Index distribution in the YIA area in 2024

Discussion
Green Intensification: A New Pathway in Forest Transition Theory

Findings on land-cover transformation in the YIA area directly challenge the conventional
urban-sprawl paradigm that dominates the literature on the impacts of transportation
infrastructure. Griffiths et al. (2013) predicted that large-scale infrastructure development should
trigger a dominant expansion of built-up areas, with vegetation being the primary victim of
fragmentation. However, empirical data in the YIA area actually show an inverse pattern: forest
expansion (+27.2%) occurred alongside a contraction of built-up areas (-12.6%) and relatively
controlled agricultural conversion. This pattern extends beyond the partial re-greening
phenomenon reported by Zhang et al. (2019) in East Asia.

Within the framework of the forest transition theory proposed by Meyfroidt & Lambin (2011),
the pattern observed in YIA most closely resembles the state forest policy pathway—in which
reforestation is driven by state regulatory intervention rather than by market forces or resource
scarcity. However, what fundamentally distinguishes the YIA case is that this reforestation occurs
alongside large-scale infrastructure development—a configuration not specifically documented in
existing pathway classifications. We refer to this phenomenon as “green intensification”: a
reorganization of vegetation cover driven not by reduced development pressure, but by mitigation
obligations internalized within the development process itself. This study thus expands the
framework of Lambin & Meyfroidt (2011) on land use transitions by identifying a new pathway—
infrastructure-coupled green intensification—where environmental mitigation policies embedded
in large infrastructure projects, rather than macroeconomic factors or resource scarcity, serve as
the effective driver of reforestation in developing countries.
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The mechanism behind this green intensification can be identified through three causal
factors that operate synergistically. First, the environmental mitigation requirements inherent in
the YIA project mandate reforestation programs and the establishment of conservation buffer
zones, creating structural incentives for the expansion of vegetation cover (Bappeda Kulon Progo,
2012). Second, the concept of induced development proposed by Cidell (2015) explains that built-
up activities tend to densify along major accessibility corridors outside the study radius, rather than
spreading evenly across the buffer zone—thereby “freeing” the area within the buffer from direct
development pressure. Third, as documented in land-use transition dynamics across various
developing countries (Lambin & Meyfroidt, 2011), shifts in local economic patterns from
subsistence agriculture to the service sector drive land abandonment, which subsequently triggers
natural vegetation succession into secondary forests. The theoretical implication of this finding is
that the urban sprawl paradigm cannot serve as a universal framework for predicting the impacts
of transportation infrastructure, particularly in the context of relatively strong environmental
regulations.

Thermal Anomalies: The Mechanisms Behind Temperature Declines in Built-Up Areas

The 2.85°C decrease in LST in built-up areas is an anomaly that cannot be explained by
conventional Urban Heat Island theory. Based on the surface energy balance model developed by
Oke (1987), the expansion of impermeable surfaces with high specific heat capacity (concrete and
asphalt) and low albedo should consistently increase sensible heat flux and surface temperature.
Li et al. (2013) confirmed this mechanism in the context of transportation infrastructure in
Shanghai, where areas with high impermeable surface density consistently exhibited higher LSTs
than surrounding areas. This anomaly thus demands an explanation that goes beyond the
predictions of conventional theory.

The key to explaining this anomaly lies in the fundamental changes in the composition of
built-up areas between 2015 and 2024. In 2015, the built-up category was dominated by traditional
rural settlements with clay tile roofs (high emissivity, low albedo of approximately 0.10-0.20) and
unstructured yard vegetation. By 2024, YIA airport infrastructure dominated this category with
three qualitatively distinct thermal characteristics: (1) reflective roofing materials with high albedo
(0.65-0.85) that reduce solar radiation absorption — Santamouris (2014) demonstrates that every
0.1 increase in roof reflectivity can lower the average urban ambient temperature by 0.2 K; (2)
natural ventilation systems in terminal designs that minimize anthropogenic heat emissions; and
(3) the integration of structured green open spaces that function as active evapotranspiration
sinks. The combination of these three characteristics—which constitute the implementation of
green airport design principles—collectively shifts the thermal profile of the built area toward a
cooler state compared to the baseline of traditional settlements. These findings extend
Santamouris’s (2014) review to the context of airport infrastructure in tropical regions and have
important implications for future infrastructure design: integrated green building design is not
merely an aesthetic strategy or a means of fulfilling regulatory obligations, but rather an empirically
measurable mechanism for microclimate mitigation.

The Paradox of Forest Expansion and NDVI Decline: The Forest Age Effect in Tropical Regions

The most significant paradox in this study is the 10.36% decrease in the average NDVI of
forest classes despite a 27.2% increase in forest cover area. This paradox can be explained by
understanding the dynamics of vegetation succession and the spectral characteristics of young
secondary forests compared to mature forests—a challenge known in the remote sensing literature
as the NDVI saturation problem (Pettorelli et al., 2005).
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Forest expansion in the YIA area is dominated by active reforestation and natural succession
on abandoned agricultural land. Early-succession vegetation has a sparse canopy, an
unconsolidated stand structure, and a leaf area index (LAI) that is significantly lower than that of
mature forests. As demonstrated by Pettorelli et al. (2005), NDVI responds nonlinearly to increases
in vegetation density and reaches saturation at values around 0.7-0.9—a value achieved only by
mature forests with closed canopies—while early-succession vegetation has NDVI values ranging
from 0.3 to 0.5. When extensive areas of young forest are grouped with mature forest into a single
classification class, the aggregate average NDVI value of the forest class decreases even though
its area increases. This phenomenon is analogous to the forest age effect in studies of secondary
forest dynamics, where Net Primary Production and biomass content in young secondary forests
can be only 50-70% of those in mature forests during the first 10-20 years of regeneration
(Meyfroidt & Lambin, 2011). This study represents the first documentation of this phenomenon in
the context of airport infrastructure development in tropical regions.

These findings have critical methodological implications: an increase in forest cover based
on LULC analysis should not be interpreted as an automatic improvement in ecosystem quality. As
Meyfroidt & Lambin (2011) noted, a reduction in deforestation pressure does not in itself account
for differences in ecological quality between old-growth forests and young secondary forests. A
valid environmental impact assessment requires a multi-indicator approach that considers not only
the extent of land cover (LULC), but also vegetation maturity (NDVI) and the ecological stress it
faces (VSI). The LULC-LST-NDVI-VSI analytical framework developed in this study directly
addresses these methodological needs and can serve as a model for evaluating reforestation
programs in other infrastructure areas.

Scientific Contributions and Theoretical Implications

In the context of land change science, this study provides empirical evidence of green
intensification triggered by airport infrastructure development in tropical Indonesia—a
phenomenon previously undocumented in the literature. This finding directly expands the forest
transition theory framework of Meyfroidt & Lambin (2011) by identifying a new pathway:
infrastructure-coupled green intensification—in which reforestation and infrastructure
development occur simultaneously through the internalization of mitigation obligations into project
design. This differs fundamentally from the five pathways in the Meyfroidt & Lambin (2011)
classification, as it is not pre-development conditions that drive reforestation, but rather the
development requirements themselves.

Methodologically, the developed LULC-LST-NDVI-VSI multi-indicator analytical framework
has proven capable of revealing anomalies and paradoxes that would not be detected through
single-variable analysis. VSI's capability as an integrative indicator, sensitive to the combined
effects of thermal and vegetation stressors, provides greater diagnostic precision for identifying
ecological stress zones. Implementation of the entire framework in GEE—described by Gorelick et
al. (2017) as a platform that enables open-source geospatial analysis at a planetary scale—enables
replication in other regions with limited computational infrastructure. This is particularly relevant
for developing countries, which, according to projections by Seto et al. (2012), will experience the
highest rates of urban and infrastructure expansion globally in the coming decades, yet often have
limited environmental monitoring resources. In the context of remote sensing studies, this
research demonstrates the value of distinguishing between changes in land use and land cover
(LULC) and changes in vegetation quality (NDVI) as two evaluation dimensions that are not
interchangeable.
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Conclusion

This study demonstrates that the relationship between large-scale infrastructure
development and environmental dynamics is far more complex than conventional theory predicts.
Rather than resulting in linear land-cover degradation as suggested by the urban sprawl paradigm,
the development of YIA triggers a paradoxical spatial reorganization: green intensification occurs
alongside localized ecological pressures, and modern infrastructure actually produces a cooler
thermal profile than the traditional settlements it replaces. Collectively, these findings confirm that
the urban sprawl paradigm cannot serve as a universal framework for predicting the environmental
impacts of transportation infrastructure, particularly in tropical regions with distinctive regulatory
and ecological dynamics. Theoretically, the concept of green intensification documented in this
study represents a mechanism distinct from passive re-greening: it constitutes an active ecological
response to mitigation policies internalized within infrastructure design and management. This
phenomenon expands Meyfroidt & Lambin’s (2011) forest transition theory by identifying a new
pathway that does not require a reduction in development pressure as a prerequisite. The identified
paradox of forest expansion—NDVI decline also underscores that the quantity and quality of
vegetation cover are two distinct dimensions of evaluation that cannot substitute for one another
in assessing ecosystem conditions.

In practical terms, this study has direct implications for infrastructure planning: strict
environmental mitigation standards, green airport designs based on thermal principles, and
reforestation programs that account for vegetation maturity—rather than merely the area of
coverage—have been shown to yield better ecological outcomes. These findings support
integrating environmental standards into the permitting and evaluation processes for
infrastructure projects as a long-term investment in ecosystem resilience, rather than merely a
regulatory obligation. Future research should develop machine learning-based predictive models
capable of projecting patterns of land-cover transformation and ecological pressures 5-10 years
after infrastructure becomes operational under different policy scenarios. Expanding the analysis
to biodiversity and ecosystem services is urgently needed: Seto et al. (2012) warn that the rate of
urban expansion in tropical regions—which are biodiversity hotspots—will result in
disproportionate habitat loss compared to other regions—an implication relevant to the area
surrounding YIA, which lies within the southern Java coastal ecological corridor. An evaluation of
the replicability of the LULC-LST-NDVI-VSI framework in other international airport cases in
Indonesia and the ASEAN region will also strengthen the generalizability of these findings and
support the development of context-specific environmental monitoring standards for
infrastructure in tropical regions.
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