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Abstract—This research underscores the pivotal role of integrating spatial data and remote sensing technologies within a spatio-
temporal analysis framework for regional development planning. Analyzing NDVI, NDBI, and SAVI values from 2013, 2018, and
2024 provided significant insights into vegetation health, urbanization, and soil conditions on Kumo Island. The NDV1 values exhibited
changes from a minimum of -0.0549, a mid-value of 0.1782, and a maximum of 0.4690 in 2013 to a minimum of 0.2456, a mid-value
of 0.8296, and a maximum of 0.9416 in 2024. Similarly, the NDBI values shifted from a minimum of -0.8734, a mid-value of -0.5779,
and a maximum of 0.0009 in 2013 to a minimum of -0.6561, a mid-value of -0.4304, and a maximum of 0.0247 in 2024. The SAVI
values showed notable changes from a minimum of -0.0365, a mid-value of 0.1245, and a maximum of 0.3814 in 2013 to a minimum
of 0.1138, a mid-value of 0.4953, and a maximum of 0.6160 in 2024. These findings highlight the importance of ecological
sustainability in decision-making processes, demonstrating how advanced spatial analysis within a spatio-temporal framework can
effectively monitor and manage land use changes. The urgency of this research lies in addressing rapid environmental changes and
escalating human activities, necessitating timely and accurate monitoring techniques. The study reveals the utility of the NDVI, NDBI,
and SAVI indices in assessing vegetation health, urbanization, and soil conditions, which are instrumental in identifying trends and
informing sustainable development strategies. The research advocates for the continued use of remote sensing and spatial data to ensure
balanced and informed regional development, emphasizing the necessity of sustainable practices to preserve ecological integrity while
supporting socio-economic growth. Integrating remote sensing into the decision-making process enhances the accuracy and reliability
of spatial data, leading to more effective and responsible regional development.
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1. INTRODUCTION

Monitoring the sustainability of tourist areas presents significant challenges, particularly in optimizing oversight and land
use permits for residential settlements and developing tourism-related economic infrastructure. Adequate supervision
requires balancing preserving ecological integrity and accommodating necessary urban expansion [1], [2]. Achieving this
balance often involves complex decision-making processes considering diverse stakeholder interests and environmental
impacts [3], [4]. A robust framework that integrates advanced monitoring technologies and participatory governance
enhances the efficiency and effectiveness of these efforts. Addressing these challenges is crucial for ensuring the long-
term viability of tourism destinations.

Utilizing Landsat 8/9 OLI satellite imagery raster data significantly enhances land use monitoring processes in
archipelagic regions by enabling the identification of changes in vegetation indices, which serve as indicators of ecological
sustainability [5], [6]. This technology facilitates precise tracking of vegetative cover variations, providing critical insights
into environmental health and land management practices [7], [8]. Integrating such remote sensing data in ecological
monitoring supports informed decision-making, promoting sustainable development. Employing advanced satellite
imagery, therefore, proves indispensable in maintaining the delicate balance between development and ecological
preservation in island ecosystems.

The sustainability of the tourism industry is intrinsically linked to the maintenance of ecological balance,
particularly on small islands. Practical environmental monitoring activities are crucial in optimizing oversight to ensure
ecological sustainability [9]-[11]. Such activities involve systematic observation and data collection, enabling the
identification of potential threats and the implementation of timely interventions [12]-[15]. Continuous and rigorous
monitoring is essential to protect these fragile ecosystems, supporting long-term tourism viability. Therefore, integrating
advanced monitoring techniques is imperative for safeguarding the environmental foundations upon which the tourism
industry relies.

This study aims to process Landsat 8/9 OLI raster data to identify landscape changes on Kumo Island in North
Halmahera Regency using NDVI, NDBI, and SAVI Performance models. These indices facilitate detailed analysis of
vegetation cover, built-up areas, and soil adjustments, respectively [16]-[22]. Integrating these models provides a
comprehensive understanding of the island's ecological and infrastructural dynamics [23]-[29]. Such an analytical
approach is essential for informing sustainable land management strategies and environmental conservation efforts.
Consequently, this research contributes significantly to effectively monitoring and preserving Kumo Island's landscape.

The urgency of this research lies in its potential to address critical gaps in sustainable land management and
ecological conservation. Rapid environmental changes and escalating human activities necessitate timely and accurate
monitoring techniques. By utilizing advanced remote sensing models such as NDVI, NDBI, and SAVI Performance, this
study offers a robust framework for detecting and analyzing landscape transformations [30]. This approach enhances the
understanding of ecological and infrastructural dynamics and informs strategic planning and policy-making. Therefore,
the outcomes of this research are pivotal in fostering sustainable development and environmental stewardship.
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This research'’s theoretical and practical implications are profound, offering valuable insights into sustainable land
management and ecological monitoring. Theoretically, the study advances the understanding of remote sensing models
such as NDVI, NDBI, and SAVI Performance in detecting landscape changes. This contribution enriches the existing
body of knowledge and provides a foundation for future research in the environmental monitoring [31]-[33]. Practically,
the research offers actionable data and methodologies that policymakers and land managers can employ to implement
effective conservation strategies. Consequently, the findings have significant potential to influence academic discourse
and real-world environmental practices, promoting a more sustainable approach to land use and ecological preservation.

Limitations of this study on NDVI, NDBI, and SAVI models in specific areas, such as Kumo Island in North
Halmahera Regency, highlight both the potential and challenges of using remote sensing for ecological monitoring.
Comparable studies have demonstrated the efficacy of these indices in assessing vegetation health, urban expansion, and
soil conditions [31], [34]-[37]. However, limitations arise due to factors such as the spatial and temporal resolution of the
satellite imagery and the specificity of environmental conditions unique to each region [32], [38]-[40]. These constraints
can affect the precision and generalizability of the findings. Despite these challenges, applying NDVI, NDBI, and SAVI
models remains a valuable approach for monitoring and managing land use changes, underscoring the need for continuous
refinement and adaptation of remote sensing methodologies.

2. RESEARCH METHODOLOGY
2.1 Gap Analysis

Conducting a gap analysis in this research is essential for evaluating the advancements in remote sensing studies that
utilize similar models or perspectives, thereby identifying gaps within remote sensing in tourism areas. This analysis
facilitates a comprehensive understanding of existing methodologies and their applicability to different environmental
contexts. By scrutinizing these gaps, the research can reveal potential areas for innovation and improvement in monitoring
and managing tourism-related ecological impacts. Such an evaluative approach enhances the robustness of current remote
sensing practices and guides future research directions. Addressing these gaps is crucial for developing and refining
remote sensing applications in sustainable tourism management.
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Figure 1. Network and Overlay Visualization of Spatio-temporal Analysis

Figure 1 shows the gap analysis using Vosviewer. Based on the identification of gaps, a study on spatio-temporal
analysis is essential. This approach enables a comprehensive understanding of the dynamic changes in land use, vegetation
health, and urbanization over time [41]-[43]. Addressing these gaps through spatio-temporal analysis can reveal critical
trends and patterns that static analyses might overlook [44]-[46]. Therefore, incorporating this method is crucial for
developing effective strategies in environmental management, urban planning, and sustainable development. Ultimately,
a spatio-temporal analysis provides valuable insights that inform data-driven decision-making processes.

Considering these factors, the study titled "Evaluation of NDVI, NDBI, and SAVI Performance in Land Use
Monitoring using Landsat 8 OLI" is conducted within the context of Kumo Island, North Halmahera Regency, North
Maluku Province, Indonesia. This research aims to assess the effectiveness of these indices in monitoring land use changes
and environmental conditions. The study uses Landsat 8 OLI data to identify trends and patterns in vegetation health,
urbanization, and soil conditions over time. By evaluating the performance of NDVI, NDBI, and SAVI, the research
provides critical insights that support sustainable land management and urban planning efforts in the region.
Consequently, this evaluation is essential for informed decision-making and strategic environmental conservation.
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2.2 Spatio Temporal Analysis

The methodology employed is spatio-temporal analysis, encompassing various systematic stages to ensure comprehensive
results [47]. The data collection phase initially involves gathering relevant satellite imagery and ancillary data critical for
subsequent analysis. The processing stage includes preprocessing steps such as atmospheric correction and geometric
alignment, then identifying the region of interest to focus on specific areas pertinent to the study. Vegetation indices
calculation, including NDVI, NDBI, and SAVI, is then conducted to quantify vegetation health, built-up areas, and soil
adjustments. The core of the methodology, spatio-temporal analysis, examines changes over time and space, while
statistical analysis provides quantitative insights into the observed patterns. Interpretation and reporting synthesize these
findings into coherent narratives, complemented by visualization and mapping techniques to effectively illustrate spatial
distributions and temporal trends. Validation ensures the accuracy and reliability of the results, forming a foundation for
application in real-world scenarios and informed decision-making processes. This methodical approach facilitates a robust
understanding of landscape dynamics, highlighting its indispensability in ecological and land management studies.
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Figure 2. Spatio-temporal Analysis Framework

Figure 2 shows the spatio-temporal analysis framework. The spatio-temporal analysis approach proves highly
pertinent for this study, focusing on the region of interest in Kumo Island, North Halmahera Regency. This method allows
for the detailed examination of spatial and temporal variations, which is crucial for understanding the dynamic
environmental and infrastructural changes in this fragile island ecosystem [48]. The precise monitoring of vegetation
indices and land use patterns facilitates the identification of significant trends and potential issues impacting the region's
sustainability. Employing this analytical framework underscores its value in offering actionable insights and ensuring
informed decisions that support sustainable development and ecological preservation.

The consideration of employing spatio-temporal analysis using NDVI, NDBI, and SAVI models is closely tied to
the necessity for spatial data concerning vegetation conditions, non-vegetated areas, and residential settlements. Such data
provide critical insights into the ecological and infrastructural dynamics of Kumo Island, North Halmahera Regency. By
accurately capturing the state of these variables, the analysis informs policy-making processes, ensuring that development
initiatives align with sustainability goals. This method enhances decision-making by offering a comprehensive
understanding of the interactions between natural and human-modified landscapes, ultimately supporting long-term
environmental stewardship and sustainable growth.

2.2.1 Data Collection

Landsat 8/9 OLI raster data, sourced from the United States Geological Survey (USGS) via
https://earthexplorer.usgs.gov/, provide critical geospatial information for the study area. These datasets obtained
explicitly for coordinates lat 1.5074 and long 127.8937, offer high-resolution imagery essential for detailed environmental
and infrastructural analysis. Utilizing such reliable and precise data enhances the accuracy of spatio-temporal studies,
contributing significantly to the development and sustainability assessment of Kumo Island, North Halmahera Regency.
This approach ensures informed decision-making, supporting the region's effective management and conservation
strategies.
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Figure 3. Raster and Vector Data Source

Figure 2 shows the raster data and vector data sources. Shapefile data for Kumo Island in North Halmahera
Regency, sourced from Ina-Geoportal via https://tanahair.indonesia.go.id/, offers comprehensive information on the
existing spatial conditions at the provincial, regency, and district levels. These data sets provide detailed insights into land
use, vegetation cover, and infrastructural elements across different administrative divisions. The availability of such
precise and up-to-date spatial data is crucial for conducting robust geographical analyses and supporting sustainable
development initiatives. This resource significantly enhances the capacity for informed decision-making and effective
regional planning and conservation efforts management.

The collected raster data includes datasets from 2013, 2018, and 2024, enabling the identification and analysis of
temporal changes between 2013-2018 and 2018-2024. This temporal range allows for a comprehensive examination of
landscape dynamics and environmental transformations over significant intervals. By analyzing these changes, insights
can be gained into development patterns, degradation, and ecological shifts. Such a longitudinal approach is essential for
understanding human activities and natural processes' long-term impacts, facilitating informed policy-making and
sustainable management strategies.

2.2.2 Processing

The collected raster data underwent a rigorous cleaning process using QGIS, incorporating atmospheric, radiometric, and
geometric corrections. These preprocessing steps are crucial for ensuring the accuracy and reliability of the satellite
imagery, thereby enhancing the quality of subsequent analyses. Atmospheric correction removes distortions caused by
atmospheric interference, while radiometric and geometric corrections adjust the data for sensor inconsistencies and
spatial alignment. Employing such meticulous preprocessing techniques is essential for obtaining precise and valid results,
ultimately supporting robust spatial analysis and informed decision-making.

~0=F ~0 =P ~l=-p
|- SHOTO9 200 oum X0 0 ] MLOLE9re0 BETTY--T Y |a SLOLOPLrOQ COE-—1)

Figure 4. Atmospheric and Radiometric Correction

Atmospheric correction entails the removal of distortions induced by aerosols, water vapor, and other atmospheric
constituents that impact satellite imagery. This process is pivotal for eliminating the atmospheric noise that skews the
actual reflectance values of the Earth's surface. Ensuring the accuracy of these reflectance values is critical, as it forms
the foundation for reliable remote sensing analysis. Through meticulous atmospheric correction, satellite data can more
accurately reflect the actual conditions on the ground, thus enhancing the integrity and applicability of subsequent
environmental assessments and geospatial analyses.

Radiometric correction involves adjusting pixel values for sensor noise and other radiometric distortions. This
process is critical for ensuring the consistency and reliability of satellite data by normalizing reflectance values. The data
becomes more accurate and dependable by eliminating these distortions, facilitating meaningful and precise analysis.
Radiometric correction thus plays a fundamental role in preparing remote sensing data for in-depth environmental
assessments and other scientific evaluations, ultimately enhancing the quality and applicability of the derived information.

Geometric correction aligns satellite imagery spatially, rectifying geometric distortions caused by the satellite's
motion, the Earth's curvature, and topographic variations. This process ensures that raster data accurately corresponds to
real-world coordinates, thereby maintaining spatial integrity. The alignment is crucial for reliable spatial analysis and
precise mapping, as it allows for accurate overlay and comparison of different geospatial datasets. Consequently,
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geometric correction is a foundational step in remote sensing, facilitating the production of high-quality, geographically
accurate maps and analyses essential for informed decision-making and effective spatial planning.

2.2.3 Region of Interest

This study's region of interest is Kumo Island, located in North Halmahera Regency, North Maluku Province, Indonesia.
This area was selected due to its unique environmental characteristics and the pressing need for sustainable development
strategies. Focusing on Kumo Island allows a detailed examination of ecological and infrastructural dynamics within a
localized context. This targeted approach enhances the analysis's precision and provides valuable insights into the broader
implications for regional planning. Thus, the study's findings are expected to significantly contribute to the sustainable
management of similar island ecosystems in the region.

Figure 5. Region of Interest (Roi)

Figure 5 shows the coordinates of Kumo Island. The coordinates for Kumo Island are 61.256440 (latitude) and
22.357220 (longitude). These precise geospatial references are essential for conducting detailed and accurate spatial
analyses. Such exact coordinates facilitate the alignment of satellite imagery and GIS data, ensuring that all spatial
information accurately represents the physical location of Kumo Island. Utilizing these coordinates enhances the validity
of environmental and infrastructural assessments, thereby supporting more effective planning and decision-making.
Consequently, these precise locational details are fundamental for the integrity and reliability of geospatial studies
involving Kumo Island.

Based on the region of interest, the area of Kumo Island can be precisely calculated according to the required
models during the vegetation indices calculation stage. This focus allows for detailed analysis of vegetation health, land
cover changes, and environmental conditions using indices such as NDVI, NDBI, and SAVI. Implementing these models
provides critical insights into the ecological status and trends within the island's landscape. Thus, accurate calculation and
application of these vegetation indices are vital for informed environmental monitoring and sustainable land management
strategies.

2.2.4 Vegetation Indices Calculation: NDVI, NDBI, SAVI

During the vegetation indices calculation stage, raster data from 2013, 2018, and 2024 are computed using the NDVI,
NDBI, and SAVI models. This process facilitates assessing vegetation health, land cover changes, and soil conditions
over the specified periods. Employing these indices ensures a comprehensive understanding of the environmental
dynamics and anthropogenic impacts on Kumo Island. Consequently, the calculated indices serve as a robust foundation
for subsequent spatial analyses and informed decision-making in environmental management.

Table 1. Raster Calculation Using NDVI, NDBI, and SAVI Model

Model Algorithm

Normalized Different VVegetation Index (NDVI)  (B5-B4)/(B5+B4)
Normalized Different Built-Up Index (NDBI) (B6-B5)/(B6+B5)
Soil-Adjusted Vegetation Index (SAVI) ((B5-B4)/(B5+B4+0.5))*1.5

Table 1 shows the raster data calculation process of Landsat 8/9 OLI using NDVI, NDBI, and SAVI models. The
Normalized Difference Vegetation Index (NDVI) for Landsat 8 is calculated using the formula (B5 - B4) / (B5 + B4).
This index utilizes the near-infrared (Band 5) and red (Band 4) wavelengths to measure vegetation health and density. By
comparing the reflectance values in these bands, NDVI effectively highlights healthy, dense vegetation versus sparse or
stressed vegetation areas. This ratio-based calculation provides a standardized method to assess and monitor vegetation
dynamics over time. Therefore, NDVI is a crucial tool in remote sensing for environmental monitoring and ecological
research.

The Normalized Difference Built-up Index (NDBI) for Landsat 8 is computed using the formula (B6 - B5) / (B6
+ B5). This index leverages the shortwave infrared (Band 6) and near-infrared (Band 5) wavelengths to differentiate built-
up areas from natural vegetation. By contrasting these spectral bands, NDBI effectively highlights urban and developed
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regions, making it a valuable tool for monitoring urbanization and land-use changes. The utilization of NDBI enhances
the accuracy of spatial analysis in detecting anthropogenic impacts on the landscape. Thus, NDBI is a critical indicator in
urban planning and environmental management studies.

The Soil-Adjusted Vegetation Index (SAVI) is calculated using the formula ((B5 - B4) / (B5 + B4 + 0.5)) * 1.5.
This index incorporates a correction factor for soil brightness, which can influence vegetation reflectance measurements.
By adjusting for soil effects, SAVI provides a more accurate assessment of vegetation health, especially in areas with
sparse vegetation cover. Including the 0.5 constant and the multiplication factor of 1.5 enhances the index's sensitivity to
vegetation variations, making it a robust tool for remote sensing applications. Consequently, SAVI is essential for precise
vegetation analysis in diverse environmental conditions.

2.2.5 Spatio-temporal Analysis

Performing a temporal analysis to track changes over time using the calculated indices (NDVI, NDBI, and SAVI) from
2013, 2018, and 2024 is essential for detecting trends and changes in land cover, vegetation health, and urbanization. This
longitudinal study enables the identification of patterns and shifts in the ecological and urban landscape, providing
valuable insights into the impact of natural and anthropogenic factors. These indices can be observed by analyzing
significant trends over multiple years, informing sustainable land management and urban planning decisions. This
temporal analysis is critical for understanding and managing environmental and developmental changes.

Table 2. Spatio-temporal Analysis of NDBI, NDVI, and SAVI (2013, 2018, and 2024)

Model Year Min Mid Max

NDBI 2013 -0.87336683273314997  -0.57791237840576493  0.00086643534993369
NDBI 2018 -0.867453873157501 -0.57744201278639196  0.00086056931860867
NDBI 2024 -0.65607023239135698  -0.43035712424448902  0.0246747327544702
NDVI 2013 -0.0549353733658791 0.178161481188403 0.46901224390233998
NDVI 2018 -0.0944312512874603 0.16125981107590701 0.42468346605106899
NDVI 2024 0.24563761055469499 0.82956136025133598 0.94162753443554004
SAVI 2013 -0.0365268476307392 0.124497346713075 0.38138903820488101
SAVI 2018 -0.0680616721510887 0.11603026526669701 0.357123146609714
SAVI 2024 0.11382171511650099 0.49526625455371898 0.61603042533788699

Table 2 shows the spatio-temporal analysis of NDBI 2013, NDBI 2018, and NDBI 2024 in the Region of Interest
(ROI) Kumo Island, North Halmahera Regency. The NDBI values for 2013, 2018, and 2024 demonstrate notable changes
in the urbanization patterns on Kumo lIsland. In 2013, the NDBI ranged from a minimum of -0.8734 to a maximum of
0.0009, with a mid-value of -0.5779. By 2018, the range slightly adjusted, with values from -0.8675 to 0.0009 and a mid-
point of -0.5774, indicating a consistent built-up area. However, in 2024, a significant shift is observed, with the NDBI
ranging from -0.6561 to 0.0247 and a mid-value of -0.4304, suggesting increased urban development. These variations
reflect the ongoing urbanization and land cover changes, emphasizing the importance of continuous monitoring for
sustainable urban planning.

The NDVI values for 2013, 2018, and 2024 exhibit significant changes in vegetation health on Kumo Island. In
2013, the NDVI ranged from -0.0549 to 0.4690, with a mid-value of 0.1782, indicating moderate vegetation health. By
2018, the NDVI range shifted slightly from -0.0944 to 0.4247, with a mid-point of 0.1613, suggesting a slight decline in
vegetation quality. However, in 2024, the NDVI values dramatically increased, ranging from 0.2456 to 0.9416, with a
mid-value of 0.8296, reflecting significant improvement in vegetation health and density. These trends highlight the
dynamic nature of vegetation cover and underscore the importance of continuous ecological monitoring to inform
sustainable environmental management practices.

The SAVI values for 2013, 2018, and 2024 indicate notable shifts in soil-adjusted vegetation indices on Kumo
Island. In 2013, the SAVI ranged from -0.0365 to 0.3814, with a mid-value of 0.1245, reflecting moderate vegetation
density adjusted for soil brightness. By 2018, the SAVI values shifted from -0.0681 to 0.3571, with a mid-point of 0.1160,
indicating a slight decrease in vegetation density. However, in 2024, the SAVI values significantly increased, ranging
from 0.1138 to 0.6160, with a mid-value of 0.4953, demonstrating substantial improvement in vegetation cover and
health. These trends underscore the importance of continuous monitoring and adaptive management strategies to sustain
and enhance the region's ecological health.

2.2.6 Visualization and Mapping

The calculated raster data results based on the NDBI, NDVI, and SAVI models are visualized to facilitate comparative
analysis that is aligned with the research objectives. This visualization allows for precisely representing different land
cover types, vegetation health, and urbanization patterns. Comparing these visual outputs achieves a more comprehensive
understanding of the spatial and temporal dynamics within the study area. The graphical representation of these indices
enhances the clarity and accessibility of the data, making it a vital tool for practical analysis and decision-making.
Therefore, visualizing these calculated models is essential for achieving the analytical goals.

The differences in NDVI, NDBI, and SAVI values are integrated with the calculated raster data from 2013, 2018,
and 2024 to observe changes in vegetation, soil, and residential areas on Kumo Island, North Halmahera Regency, North
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Maluku Province. This integration allows for a comprehensive analysis of land cover dynamics, highlighting significant
trends and shifts in the ecological and urban landscape. Examining these temporal variations provides critical insights
into the impacts of natural processes and human activities on the environment. Consequently, this analysis is instrumental
in informing sustainable land management and urban planning strategies.

Model 2013 2018 2024

NDBI

NDVI

SAVI

Figure 6. Spatio-temporal Analysis of NDBI, NDVI, and SAVI (2013, 2018, and 2024)

Figure 6 shows the visualization of NDBI, NDVI, and SAVI from 2013-2024. Visualization and mapping facilitate
the comparative analysis of value and color changes based on the NDVI, NDBI, and SAVI models for Kumo Island,
North Halmahera Regency, North Maluku Province. This approach allows for clearly identifying spatial and temporal
variations in vegetation health, urbanization, and soil conditions. By visually comparing these indices, the analysis
provides a detailed understanding of the environmental dynamics specific to Kumo Island. These visual representations’
enhanced clarity and interpretability significantly aid in effective environmental monitoring and decision-making. Thus,
visualization and mapping are crucial tools for achieving comprehensive analytical objectives.

2.2.7 Statistical Analysis

A statistical analysis will quantify the changes and trends observed in the indices, calculate mean values and standard
deviations, and perform trend analysis over the specified years. The data sets for NDBI, NDVI, and SAVI from 2013,
2018, and 2024 are used for this purpose. For NDBI, the minimum values range from -0.8734 in 2013 to -0.6561 in 2024,
the mid-values shift from -0.5779 to -0.4304, and the maximum values increase from 0.0009 to 0.0247. For NDVI, the
minimum values range from -0.0549 in 2013 to 0.2456 in 2024, mid-values shift from 0.1782 to 0.8296, and maximum
values increase from 0.4690 to 0.9416. Similarly, SAVI shows a shift in minimum values from -0.0365 in 2013 to 0.1138
in 2024, mid-values from 0.1245 to 0.4953, and maximum values from 0.3814 to 0.6160. These calculations and trend
analyses highlight significant changes, providing critical insights into vegetation health, soil conditions, and urbanization
trends. Understanding these trends is essential for informed decision-making and sustainable environmental management.
Visualization and mapping facilitate the comparative analysis of value and color changes, clearly representing
spatial data. This process allows for practically identifying patterns and trends in various environmental indices, such as
NDVI, NDBI, and SAVI. By using color-coded maps, differences in vegetation health, urbanization, and soil conditions
become readily apparent, enabling more precise and informed analysis. Consequently, the enhanced visual clarity
supports better decision-making and strategic planning in environmental management and urban development.
Visualization thus plays a crucial role in interpreting complex data sets and communicating findings effectively.
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NDBI Values Over Time
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Figure 7. NDBI Values Over Time

Figure 7 shows the NDBI values over time. The NDBI values over time reveal significant changes in urbanization
patterns. The minimum values increased from -0.8734 in 2013 to -0.8675 in 2018 and -0.6561 in 2024, reducing negative
NDBI values. The mid values exhibit a similar trend, shifting from -0.5779 in 2013 to -0.5774 in 2018 and then to -0.4304
in 2024, suggesting gradual urban growth. The maximum values rise from 0.0009 in 2013 and 2018 to 0.0247 in 2024,
reflecting an increase in built-up areas. These trends underscore the ongoing urban expansion and highlight the necessity
for sustainable development planning to mitigate environmental impacts.

The minimum values increased from -0.8734 in 2013 to -0.8675 in 2018 and -0.6561 in 2024, indicating a
reduction in negative NDBI values and a decrease in barren or undeveloped land. The mid values exhibit a similar trend,
shifting from -0.5779 in 2013 to -0.5774 in 2018 and then to -0.4304 in 2024, suggesting gradual urban growth and an
increase in developed areas. Furthermore, the maximum values rise from 0.0009 in 2013 and 2018 to 0.0247 in 2024,
reflecting a noticeable increase in built-up areas. These trends underscore the ongoing urban development on Kumo
Island, highlighting the need for sustainable planning and management to balance growth with ecological preservation.

NDVI Values Over Time
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Figure 8. NDVI Values Over Time

Figure 8 shows the NDVI values over time. The NDVI values over time highlight significant fluctuations in
vegetation health. The minimum values display a notable shift from -0.0549 in 2013 to -0.0944 in 2018 before rising to
0.2456 in 2024, indicating initial degradation followed by substantial recovery. The mid values reflect a similar pattern,
decreasing from 0.1782 in 2013 to 0.1613 in 2018, then significantly increasing to 0.8296 in 2024, suggesting a dramatic
improvement in vegetation density. The maximum values also show an upward trend, decreasing slightly from 0.4690 in
2013 to 0.4247 in 2018 and then rising sharply to 0.9416 in 2024. These trends underscore the dynamic nature of
vegetation cover and emphasize the need for continuous ecological monitoring to support effective environmental
management.

The minimum values display a notable shift from -0.0549 in 2013 to -0.0944 in 2018 before rising to 0.2456 in
2024, indicating initial degradation followed by substantial recovery. The mid values reflect a similar pattern, decreasing
from 0.1782 in 2013 to 0.1613 in 2018, then significantly increasing to 0.8296 in 2024, suggesting a dramatic
improvement in vegetation density. Additionally, the maximum values show an upward trend, decreasing slightly from
0.4690 in 2013 to 0.4247 in 2018 and then rising sharply to 0.9416 in 2024. These trends indicate a period of ecological
stress followed by significant regrowth and highlight the importance of continuous monitoring and effective management
strategies to ensure sustainable ecological recovery and resilience on Kumo Island.
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SAVI Values Over Time
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Figure 9. SAVI Values Over Time

Figure 9 shows the SAVI over time. The SAVI values over time reveal substantial changes in soil-adjusted
vegetation conditions. The minimum values show a decline from -0.0365 in 2013 to -0.0681 in 2018, followed by a
significant increase to 0.1138 in 2024, indicating initial soil and vegetation stress with subsequent recovery. The mid
values reflect a slight decrease from 0.1245 in 2013 to 0.1160 in 2018, then rise sharply to 0.4953 in 2024, suggesting
marked improvement in vegetation health. The maximum values illustrate a similar trend, decreasing from 0.3814 in 2013
to 0.3571 in 2018 and then increasing to 0.6160 in 2024. These trends highlight the dynamic interplay between soil and
vegetation and underscore the importance of sustained monitoring for effective land management.

The minimum values show a decline from -0.0365 in 2013 to -0.0681 in 2018, followed by a significant increase
to 0.1138 in 2024, indicating initial soil and vegetation stress with subsequent recovery. The mid values reflect a slight
decrease from 0.1245 in 2013 to 0.1160 in 2018, then rise sharply to 0.4953 in 2024, suggesting marked improvement in
vegetation health. Additionally, the maximum values illustrate a similar trend, decreasing from 0.3814 in 2013 to 0.3571
in 2018 and then increasing to 0.6160 in 2024. These patterns highlight the importance of sustained monitoring and
adaptive management strategies to address environmental stresses and promote long-term ecological recovery on Kumo
Island.

2.2.8 Interpretation and Reporting

Interpretation and reporting based on the data reveal significant trends and changes across various environmental indices
from 2013 to 2024. The NDBI values indicate a decrease in negative values and an increase in maximum values,
suggesting a gradual rise in urbanization over the years. Meanwhile, the NDVI values show an initial decline in vegetation
health between 2013 and 2018, followed by a substantial improvement by 2024. Similarly, SAVI values reflect a
consistent pattern of initial stress on vegetation and soil conditions, with marked recovery and growth by 2024. These
findings highlight the dynamic interactions between urban development and environmental health, underscoring the
importance of continuous monitoring and sustainable management practices to mitigate adverse impacts and promote
ecological resilience.

Interpretation and reporting will be tailored to meet the data requirements for a comprehensive analysis of the
existing vegetation and landscape conditions of Kumo Island, as well as residential settlements from 2013-2018 and 2018-
2024. This approach ensures that the temporal changes in ecological and urban metrics are accurately captured, providing
insights into environmental and infrastructural development dynamics. The study aims to identify significant trends and
patterns that inform sustainable management practices by focusing on detailed data analysis. Consequently, this thorough
interpretation and reporting process will support effective decision-making and strategic planning for the region's
development.

2.2.9 Validation

The validation process, based on the processed data, is crucial for ensuring the accuracy and reliability of the analytical
results. This involves cross-referencing the calculated indices with ground truth data to verify their correspondence with
real-world conditions. By employing statistical techniques such as root mean square error (RMSE) and correlation
coefficients, the validation aims to quantify the precision of the data. Such rigorous validation enhances the credibility of
the findings and supports robust conclusions. Ultimately, this process ensures that the data-driven insights are dependable
and can effectively inform environmental and urban planning decisions.

Validating the results using ground truth data or other high-resolution images is essential to ensure the accuracy
of the analysis. This step involves comparing the remote sensing data and indices with actual on-the-ground measurements
to verify their reliability. Ground truth validation helps identify and correct any discrepancies, thereby enhancing the
precision of the remote sensing analysis. Consequently, incorporating ground truth data is a critical process that
strengthens the credibility of the findings and supports informed decision-making based on accurate environmental
assessments.
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Table 3. RMSE and Correlation Coefficient Calculation Process

Calculation Process Description

RMSE RMSE = sqrt((1/n) * sum((yi - y*i)"2)) Using the given years as the actual values (yi) and
the model values (Min, Mid, Max) as the predicted
values (y™i).

Correlation r=(n*sum(xy) - sum(x) * sum(y)) / Using the given years as x and the model values

Coefficient sgrt([n * sum(x"2) - sum(x)"2] [n * (Min, Mid, Max) as y.

sum(y"2) - sum(y)"2])

Table 3 shows the calculation process. The RMSE values for NDBI, NDVI, and SAVI indicate the model's
accuracy over time. For NDBI, the RMSE values are 2019.1371 for the minimum, 2018.8668 for the mid, and 2018.3295
for the maximum, reflecting consistent error levels across different ranges. NDVI exhibits RMSE values of 2018.3060
for the minimum, 2017.9481 for the mid, and 2017.7261 for the maximum, suggesting slightly lower but consistent error
rates. Similarly, SAVI shows RMSE values of 2018.3351 for the minimum, 2018.0927 for the mid, and 2017.8866 for
the maximum, indicating a similar accuracy pattern. These RMSE values highlight the importance of precise calibration
and validation to improve the reliability of environmental monitoring and analysis. Enhanced model accuracy is essential
for effective decision-making and sustainable land management.

The correlation coefficients for NDBI, NDVI, and SAVI reveal significant insights into the relationships between
these indices and temporal progression. The NDBI correlation coefficients are notably high, with values of 0.9016 for the
minimum, 0.8923 for the mid, and 0.8909 for the maximum, indicating a strong positive relationship with time. Similarly,
the NDVI correlation coefficients are also substantial, showing values of 0.8378 for the minimum, 0.8808 for the mid,
and 0.8533 for the maximum. These values suggest a robust correlation between vegetation health and the years studied.
The SAVI correlation coefficients, with values of 0.8056 for the minimum, 0.8820 for the mid, and 0.8493 for the
maximum, further emphasize the strong association between soil-adjusted vegetation health and temporal changes. These
high correlation coefficients underscore the importance of these indices in environmental monitoring, reflecting their
reliability in tracking ecological and urban dynamics over time.

2.2.10 Application and Decision Making

Utilizing the findings from the analysis is imperative for informing decision-making processes related to sustainable land
management, urban planning, and environmental conservation in Kumo Island and North Halmahera Regency. These
insights provide a data-driven foundation for developing strategies that balance ecological preservation with urban
development. By integrating remote sensing data into planning frameworks, stakeholders can make informed decisions
that promote long-term sustainability and resilience. Consequently, applying these findings supports creating policies and
initiatives that address the region's environmental and developmental needs.

Recommendations for decision-making processes for sustainable land management, urban planning, and
environmental conservation in Kumo Island and North Halmahera Regency should be based on the calculated NDVI,
NDBI, and SAVI data from 2013, 2018, and 2024. The analysis reveals significant trends in vegetation health,
urbanization, and soil conditions, highlighting areas of improvement and concern. By integrating these insights into
planning frameworks, stakeholders can develop strategies that promote ecological balance while accommodating urban
growth. Implementing data-driven policies ensures that development efforts are environmentally sustainable and socio-
economically beneficial. Consequently, leveraging this comprehensive data analysis is essential for informed and
effective regional decision-making.

3. RESULT AND DISCUSSION

The discussion in this study is divided into two sections. First, it evaluates the performance of the NDVI, NDBI, and
SAVI models in analyzing Kumo Island vegetation, soil, and built-up indices. This evaluation aims to determine the
accuracy and reliability of these indices in capturing the land use characteristics of the area. Second, it analyzes landscape
changes in the tourist destination, focusing on how these transformations impact the environment and local development.
Understanding these changes is crucial for developing strategies that balance tourism growth with environmental
sustainability. Consequently, these discussions provide comprehensive insights for effective land use planning and
conservation efforts.

3.1 Performance Evaluation of NDVI, NDBI, and SAVI Models using Landsat 8/9 OLI from 2013-2024

Several key insights can be drawn based on evaluating NDVI, NDBI, and SAVI performance on Kumo Island in 2013.
The NDBI values for 2013 range from -0.8734 to 0.0009, with a mid-value of -0.5779, indicating varying degrees of
urbanization. The NDVI values span from -0.0549 to 0.4690, with a mid-value of 0.1782, reflecting the health and density
of the vegetation. Similarly, the SAVI values range from -0.0365 to 0.3814, with a mid-value of 0.1245, highlighting the
soil-adjusted vegetation index. These indices provide a comprehensive understanding of land cover and use, essential for
informed decision-making in environmental management and urban planning. Therefore, the performance of these indices
in 2013 underscores their utility in monitoring and analyzing landscape dynamics on Kumo Island.
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NDBI 2013 NDVI 2013 SAVI 2013

Figure 10. Result of the 2013 Raster Data Process

Figure 10 shows the result of the raster data process. The interpretation of the 2013 raster data processing for
NDBI, NDVI, and SAVI provides significant insights into the land cover characteristics of Kumo Island. The NDBI
analysis indicates a range of values highlighting urbanization levels, where lower values suggest minimal built-up areas.
The NDVI data reflects varying vegetation health, with higher values denoting denser and healthier vegetation cover. The
SAVI results adjust the vegetation index for soil brightness, presenting a nuanced view of vegetation health concerning
soil conditions. These analyses collectively offer a comprehensive understanding of the island’s landscape in 2013, which
is crucial for informing future land management and environmental conservation strategies. Consequently, these indices
underscore their value in monitoring and assessing landscape dynamics over time.

Several key insights can be discerned when evaluating NDVI, NDBI, and SAVI performance on Kumo Island in
2018. The NDBI values in 2018 range from -0.8675 to 0.0009, with a mid-value of -0.5774, indicating the extent of
urbanization and built-up areas. The NDVI values span from -0.0944 to 0.4247, with a mid-value of 0.1613, reflecting
vegetation health and density changes. Similarly, the SAVI values range from -0.0681 to 0.3571, with a mid-value of
0.1160, highlighting the soil-adjusted vegetation index and its implications for soil and vegetation health. These indices
collectively provide a comprehensive snapshot of land cover and use in 2018, which is essential for making informed
environmental management and urban planning decisions. Therefore, the performance of these indices in 2018
underscores their utility in monitoring and analyzing landscape dynamics on Kumo Island.

NDBI 2018 NDVI 2018 SAVI 2018

Figure 11. Result of the 2018 Raster Data Process

Figure 11 shows the result of the 2018 raster data process. In 2018, significant changes were observed in NDVI,
NDBI, and SAVI values on Kumo Island. The NDVI values indicate variations in vegetation health, with some areas
showing decreased vegetation density compared to previous years. The NDBI analysis reveals shifts in urbanization
patterns, highlighting increased built-up areas. The SAVI values, adjusted for soil brightness, also reflect changes in
vegetation health and soil conditions, indicating soil erosion or degradation areas. These changes underscore the dynamic
nature of the island's landscape and the need for ongoing monitoring to inform sustainable land management and
environmental conservation efforts. Consequently, understanding these variations is crucial for effective planning and
mitigation strategies.

Several significant insights emerge in evaluating NDVI, NDBI, and SAVI performance on Kumo Island in 2024.
The NDBI values 2024 range from -0.6561 to 0.0247, with a mid-value of -0.4304, indicating notable changes in
urbanization and built-up areas. The NDVI values span from 0.2456 to 0.9416, with a mid-value of 0.8296, reflecting
substantial improvements in vegetation health and density. Similarly, the SAVI values range from 0.1138 to 0.6160, with
a mid-value of 0.4953, highlighting improvements in the soil-adjusted vegetation index. These indices collectively
provide a detailed understanding of land cover and use in 2024, which is crucial for effective environmental management
and urban planning. Therefore, the performance of these indices in 2024 underscores their continued utility in monitoring
and analyzing landscape dynamics on Kumo Island.
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NDBI 2024 NDVI 2024 SAVI 2024

Figure 12. Result of the 2024 Raster Data Process

Figure 11 shows the result of the 2024 raster data process. In 2024, notable changes were observed in NDVI,
NDBI, and SAVI values on Kumo Island. The NDVI values significantly increased, indicating substantial improvements
in vegetation health and density across the island. Concurrently, the NDBI values showed a marked decrease in negative
values, suggesting further urbanization and an increase in built-up areas. The SAVI values, which adjust for soil
brightness, reflected enhanced vegetation health and soil conditions, pointing towards effective soil management
practices. These transformations highlight the dynamic shifts in land use and environmental conditions, emphasizing the
need for continuous monitoring and adaptive management strategies. Therefore, understanding these variations is crucial
for developing sustainable land management and urban planning policies.

Based on the satellite image data processing results, decision-making for infrastructure development and land use
on Kumo Island must prioritize sustainability. The analysis highlights significant changes in vegetation health,
urbanization, and soil conditions, which are crucial factors to consider. Sustainable practices will ensure that development
efforts do not compromise the island’s ecological balance and long-term viability. Thus, incorporating sustainability into
planning and policy frameworks is essential for the harmonious growth of Kumo Island, balancing development needs
with environmental preservation. This approach will support resilient and sustainable land management strategies.

3.2 Discussion

Remote sensing is a crucial approach for spatial data processing to identify landscape changes related to vegetation, soil,
buildings, and water bodies. This technique enables the comprehensive monitoring of environmental and infrastructural
dynamics through the analysis of satellite imagery [49]. By capturing temporal and spatial variations, remote sensing
provides valuable insights into the health and distribution of natural and man-made features [50]. Integrating this
technology in landscape assessment is essential for informed environmental management and urban planning decision-
making. Ultimately, remote sensing offers a reliable method for tracking and understanding complex landscape
transformations.

Kumo Island in North Halmahera Regency is a popular domestic tourist destination, especially during weekends.
Consequently, identifying and analyzing spatial data is crucial in informing infrastructure development policies on the
island. Accurate spatial analysis aids in understanding the island's current landscape and predicting future changes,
ensuring that development is both sustainable and beneficial for tourism. Effective infrastructure planning based on
detailed spatial data will support the island's growth while preserving its natural and cultural attractions. Thus, integrating
spatial analysis into policy-making is essential for the balanced development of Kumo Island.

The challenge of sustainability in tourist destination areas lies in balancing economic, socio-cultural, ecological,
and other sectors. Development must ensure that economic growth does not compromise the destination's ecological
integrity or cultural heritage [51]. Additionally, socio-cultural considerations must be integrated to maintain the
community's identity and social cohesion [52]. Balancing these diverse aspects requires a holistic approach to planning
and policy-making. Therefore, a sustainable development strategy that addresses these multifaceted challenges is crucial
for the long-term viability of tourist destinations.

The findings of this study emphasize the critical importance of ecological sustainability in regional development
decision-making. Ensuring that development projects do not compromise the ecological integrity of an area is essential
for maintaining long-term environmental health. Integrating ecological considerations into planning helps balance human
activities with the natural environment [53]. This approach not only preserves biodiversity but also enhances the resilience
of ecosystems against environmental changes. Therefore, prioritizing ecological sustainability is vital for sustainable and
responsible regional development.

Organizing areas for land use monitoring effectively manage environmental degradation issues resulting from
tourism sector development. Implementing systematic monitoring practices allows for the early detection of ecological
impacts and enforcing sustainable land use policies [54]. Additionally, continuous observation helps identify trends and
patterns indicating potential degradation [55]. This proactive approach ensures that tourism development is balanced with
environmental preservation. Consequently, effective land use monitoring is crucial for maintaining ecological integrity
while supporting the growth of the tourism industry.

Future research recommendations emphasize the importance of spatial data-driven regional development decision-
making through remote sensing. Utilizing high-resolution satellite imagery allows for precise monitoring and analysis of
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land use changes and environmental impacts. This approach facilitates data-driven planning, ensuring that developmental
activities are sustainable and well-informed. Integrating remote sensing into the decision-making process enhances the
accuracy and reliability of spatial data, leading to more effective and responsible regional development. Thus, advancing
research in this field is essential for optimizing land use planning and environmental management strategies.

4. CONCLUSION

The conclusion of this research highlights the critical role of integrating spatial data and remote sensing technologies in
regional development planning. Based on the analysis of NDVI, NDBI, and SAVI values from the years 2013, 2018, and
2024, significant insights into vegetation health, urbanization, and soil conditions on Kumo Island were obtained. The
NDVI values showed changes from a minimum of -0.0549, a mid-value of 0.1782, and a maximum of 0.4690 in 2013 to
a minimum of 0.2456, a mid-value of 0.8296, and a maximum of 0.9416 in 2024. Similarly, the NDBI values indicated a
shift from a minimum of -0.8734, a mid-value of -0.5779, and a maximum of 0.0009 in 2013 to a minimum of -0.6561, a
mid-value of -0.4304, and a maximum of 0.0247 in 2024. The SAVI values also demonstrated notable changes, with a
minimum of -0.0365, a mid-value of 0.1245, and a maximum of 0.3814 in 2013, compared to a minimum of 0.1138, a
mid-value of 0.4953, and a maximum of 0.6160 in 2024. These findings underscore the importance of ecological
sustainability in decision-making processes, demonstrating how advanced spatial analysis can effectively monitor and
manage land use changes. The performance of the NDVI, NDBI, and SAVI indices revealed their utility in assessing
vegetation health, urbanization, and soil conditions. These indices are instrumental in identifying trends and informing
sustainable development strategies. The research advocates for the continued use of remote sensing and spatial data to
ensure balanced and informed regional development, emphasizing the necessity of sustainable practices to preserve
ecological integrity while supporting socio-economic growth. Thus, integrating remote sensing into the decision-making
process enhances the accuracy and reliability of spatial data, leading to more effective and responsible regional
development.

ACKNOWLEDGMENT

I want to express my sincere gratitude to the Tourism Department, Faculty of Business Administration and
Communication, Atma Jaya Catholic University of Indonesia, PUSDIPAR, and the LPPM (Lembaga Penelitian dan
Pengabdian kepada Masyarakat) for the support through research grant No: 0072/111/LPPM-PM.10.01/02/2024.

REFERENCES

[1] Z. Lin, K. Chen, K. Jiao, and Z. Li, “Spatio-temporal characteristics of traditional village landscape pattern and its influencing
factors from the perspective of tourism development: a case study of Huangcheng Village, China,” J. Asian Archit. Build. Eng.,
vol. 00, no. 00, pp. 1-13, 2024, doi: 10.1080/13467581.2023.2298877.

[2] M. Che, Y. Nian, S. Chen, H. Zhang, and T. Pei, “Spatio-temporal characteristics of human activities using location big data in
Qilian Mountain National Park,” Int. J. Digit. Earth, vol. 16, no. 1, pp. 3794-3809, 2023, doi: 10.1080/17538947.2023.2259926.

[3] Z.Deng,]J. Cao, and Y. Hu, “Spatial and temporal evolution of landscape pattern in downtown area of Jixi City, China,” Eur. J.
Remote Sens., vol. 53, no. supl, pp. 104-113, 2020, doi: 10.1080/22797254.2020.1713024.

[4] M.R.IL Baig, I. A. Ahmad, Shahfahad, M. Tayyab, and A. Rahman, “Analysis of shoreline changes in Vishakhapatnam coastal
tract of Andhra Pradesh, India: an application of digital shoreline analysis system (DSAS),” Ann. GIS, vol. 26, no. 4, pp. 361—
376, 2020, doi: 10.1080/19475683.2020.1815839.

[5] R.Yao, Y. Zhang, L. Wang, J. Li, and Q. Yang, “Reconstructed NDVI and EVI datasets in China (ReVIChina) generated by a
spatial-interannual reconstruction method,” Int. J. Digit. Earth, vol. 16, no. 2, pp. 4749-4768, 2023, doi:
10.1080/17538947.2023.2283492.

[6] N. Mashiyi, L. Shikwambana, and M. Kganyago, “Spatio-temporal dynamics of methane concentration and its association to
climatic and vegetation parameters: a case study of the Northern Cape Province, South Africa,” Geocarto Int., vol. 39, no. 1, p.,
2024, doi: 10.1080/10106049.2024.2306266.

[71 X. Liu et al., “Landsat-observed changes in forest cover and attribution analysis over Northern China from 1996-2020,”
GlIScience Remote Sens., vol. 61, no. 1, 2024, doi: 10.1080/15481603.2023.2300214.

[8] Y. Wei, S. Sun, D. Liang, and Z. Jia, “Spatial-temporal variations of NDVI and its response to climate in China from 2001 to
2020,” Int. J. Digit. Earth, vol. 15, no. 1, pp. 1463-1484, 2022, doi: 10.1080/17538947.2022.2116118.

[9] Y. Lietal., “Monitoring Chlorophyll-a concentration in karst plateau lakes using Sentinel 2 imagery from a case study of pingzhai
reservoir in Guizhou, China,” Eur. J. Remote Sens., vol. 55, no. 1, pp. 1-19, 2022, doi: 10.1080/22797254.2022.2079565.

[10] S. S. Wahla, J. H. Kazmi, and A. Tariq, “Mapping and monitoring of spatio-temporal land use and land cover changes and
relationship with normalized satellite indices and driving factors,” Geol. Ecol. Landscapes, vol. 00, no. 00, pp. 1-17, 2023, doi:
10.1080/24749508.2023.2187567.

[11] F. Zhang et al., “Dynamic monitoring and analysis of factors influencing ecological quality in rapidly urbanizing areas based on
the Google Earth Engine,” Geocarto Int., vol. 38, no. 1, p., 2023, doi: 10.1080/10106049.2023.2256299.

[12] C. Obuchowicz, C. Poussin, and G. Giuliani, “Change in observed long-term greening across Switzerland—evidence from a three
decades NDVI time-series and its relationship with climate and land cover factors,” Big Earth Data, vol. 8, no. 1, pp. 1-32, 2024,
doi: 10.1080/20964471.2023.2268322.

[13] M. Chiesi et al., “Monitoring and analysis of crop irrigation dynamics in Central Italy through the use of MODIS NDVI data,”
Eur. J. Remote Sens., vol. 55, no. 1, pp. 23-36, 2022, doi: 10.1080/22797254.2021.2013735.

Page 89



Yerik Afrianto Singgalen, Integrating Remote Sensing and Spatial Data for Ecological Sustainability through Spatio-
temporal Analysis

[14]

[15]

[16]

[17]
(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]
[27]
(28]

[29]

[30]

[31]

(32]

[33]

[34]

[35]

[36]

[37]

(38]

[39]

[40]

M. E. Suaza-Medina, J. Laguna, R. Béjar, F. J. Zarazaga-Soria, and J. Lacasta, “Evaluating the efficiency of NDVI and climatic
data in maize harvest prediction using machine learning,” Int. J. Digit. Earth, vol. 17, no. 1, pp. 1-15, 2024, doi:
10.1080/17538947.2024.2359565.

E. F. Wayima, “Comparative evaluation of NDVI strata and livelihood zones as spatial units of the practiced crop calendars,”
Geol. Ecol. Landscapes, vol. 00, no. 00, pp. 1-9, 2022, doi: 10.1080/24749508.2022.2144855.

M. R. Kaloop, M. Igbal, M. T. Elnabwy, E. K. Mustafa, and J. W. Hu, “A novel Al approach for modeling land surface
temperature of Freetown, Sierra Leone, based on land-cover changes,” Int. J. Digit. Earth, vol. 15, no. 1, pp. 1236-1258, 2022,
doi: 10.1080/17538947.2022.2099022.

F. F. Simgek and S. S. Durduran, “Land cover classification using Land Parcel Identification System (LPIS) data and open source
Eo-Learn library,” Geocarto Int., vol. 0, no. 0, pp. 1-18, 2022, doi: 10.1080/10106049.2022.2146760.

A. Mondal, S. Guha, and S. Kundu, “Dynamic status of land surface temperature and spectral indices in Imphal city, India from
1991 to 2021,” Geomatics, Nat. Hazards Risk, vol. 12, no. 1, pp. 3265-3286, 2021, doi: 10.1080/19475705.2021.2008023.

E. Kamali Maskooni, H. Hashemi, R. Berndtsson, P. Daneshkar Arasteh, and M. Kazemi, “Impact of spatiotemporal land-use
and land-cover changes on surface urban heat islands in a semiarid region using Landsat data,” Int. J. Digit. Earth, vol. 14, no.
2, pp. 250-270, 2021, doi: 10.1080/17538947.2020.1813210.

R. S. Anupriya and T. A. Rubeena, “Spatio-temporal urban land surface temperature variations and heat stress vulnerability index
in Thiruvananthapuram city of Kerala, India,” Geol. Ecol. Landscapes, vol. 00, no. 00, pp. 1-17, 2023, doi:
10.1080/24749508.2023.2182088.

B. Chisadza, F. Ncube, M. Macherera, T. Bangira, and O. Gwate, “Spatio-temporal variations in the ecological vulnerability of
the Upper Mzingwane sub-catchment of Zimbabwe,” Geomatics, Nat. Hazards Risk, vol. 14, no. 1, p., 2023, doi:
10.1080/19475705.2023.2190857.

S. Guha, H. Govil, N. Gill, and A. Dey, “Analytical study on the relationship between land surface temperature and land use/land
cover indices,” Ann. GIS, vol. 26, no. 2, pp. 201-216, 2020, doi: 10.1080/19475683.2020.1754291.

B. Bobo Merga, K. W. Tabor, and G. A. Melka, “Analysis of the cooling effects of urban green spaces in mitigating micro-
climate change using geospatial techniques in Adama City, Ethiopia,” Sustain. Environ., vol. 10, no. 1, 2024, doi:
10.1080/27658511.2024.2350806.

H. Liu et al., “Fine-grained wetland classification for national wetland reserves using multi-source remote sensing data and Pixel
Information Expert Engine (PIE-Engine),” GIScience Remote Sens., vol. 60, no. 1, 2023, doi: 10.1080/15481603.2023.2286746.
A. Philip, R. R.J, and J. V.K, “Dynamic monitoring and analysis of ecological quality based on RSEI: a case study of Akkulam-
Veli Lake basin of Thiruvananthapuram city, Kerala, India,” Geol. Ecol. Landscapes, vol. 00, no. 00, pp. 1-21, 2024, doi:
10.1080/24749508.2024.2359772.

H. M. Imran et al., “Land surface temperature and human thermal comfort responses to land use dynamics in Chittagong city of
Bangladesh,” Geomatics, Nat. Hazards Risk, vol. 13, no. 1, pp. 2283-2312, 2022, doi: 10.1080/19475705.2022.2114384.

A. Dilawar et al., “Spatiotemporal shifts in thermal climate in responses to urban cover changes: a-case analysis of major cities
in Punjab, Pakistan,” Geomatics, Nat. Hazards Risk, vol. 12, no. 1, pp. 763-793, 2021, doi: 10.1080/19475705.2021.1890235.
M. Castelo-Cabay, J. A. Piedra-Fernandez, and R. Ayala, “Deep learning for land use and land cover classification from the
Ecuadorian Paramo.,” Int. J. Digit. Earth, vol. 15, no. 1, pp. 1001-1017, 2022, doi: 10.1080/17538947.2022.2088872.

F. Mirchooli, S. H. Sadeghi, and A. Khaledi Darvishan, “Spatiotemporal dynamic of environmental indices of watershed
sustainability in connection with land-use change,” Ecosyst. Heal. Sustain.,, wvol. 8, no. 1, 2022, doi:
10.1080/20964129.2021.2024454.

P. Singh, A. Sarkar Chaudhuri, P. Verma, V. K. Singh, and S. R. Meena, “Earth observation data sets in monitoring of
urbanization and urban heat island of Delhi, India,” Geomatics, Nat. Hazards Risk, vol. 13, no. 1, pp. 1762-1779, 2022, doi:
10.1080/19475705.2022.2097452.

T. Modi et al., “Geospatial evaluation of normalized difference vegetation index (NDVT) and urban heat island: a spatio-temporal
study of Gandhinagar City, Gujarat, India,” Geomatics, Nat. Hazards Risk, vol. 15, no. 1, p., 2024, doi:
10.1080/19475705.2024.2356214.

J. Moussa Kourouma et al., “Assessing the spatio-temporal variability of NDVI and VCI as indices of crops productivity in
Ethiopia: a remote sensing approach,” Geomatics, Nat. Hazards Risk, vol. 12, no. 1, pp. 2880-2903, 2021, doi:
10.1080/19475705.2021.1976849.

N. Montaldo, A. Gaspa, and R. Corona, “Assimilation of NDVI data in a land surface—\Vegetation model for leaf area index
predictions in a tree-grass ecosystem,” Int. J. Digit. Earth, vol. 16, no. 1, pp. 3810-3837, 2023, doi:
10.1080/17538947.2023.2259226.

Y. Meng, B. Hou, C. Ding, L. Huang, Y. Guo, and Z. Tang, “Spatiotemporal patterns of planted forests on the Loess Plateau
between 1986 and 2021 based on Landsat NDVI time-series analysis,” GlIScience Remote Sens., vol. 60, no. 1, 2023, doi:
10.1080/15481603.2023.2185980.

X. Liu, L. Ji, C. Zhang, and Y. Liu, “A method for reconstructing NDVI time-series based on envelope detection and the Savitzky-
Golay filter,” Int. J. Digit. Earth, vol. 15, no. 1, pp. 553-584, 2022, doi: 10.1080/17538947.2022.2044397.

M. Adan, H. E. Z. Tonnang, K. Greve, C. Borgemeister, and G. Goergen, “Use of time series normalized difference vegetation
index (NDVI) to monitor fall armyworm (Spodoptera frugiperda) damage on maize production systems in Africa,” Geocarto
Int., vol. 38, no. 1, p., 2023, doi: 10.1080/10106049.2023.2186492.

Z. hua Xu et al., “A comparative study on the applicability and effectiveness of NSVI and NDVI for estimating fractional
vegetation cover based on multi-source remote sensing image,” Geocarto Int, vol. 38, no. 1, 2023, doi:
10.1080/10106049.2023.2184501.

Z. Liu, D. He, Q. Shi, and X. Cheng, “NDVI time-series data reconstruction for spatial-temporal dynamic monitoring of Arctic
vegetation structure,” Geo-Spatial Inf. Sci., 2024, doi: 10.1080/10095020.2024.2336602.

S. Li, Z. Zhou, R. Ma, S. Liu, and Q. Guan, “Extracting subpixel vegetation NDVI time series for evaluating the mixed pixel
effect on GPP estimation in urban areas,” Int. J. Digit. Earth, vol. 16, no. 1, pp. 3222-3238, 2023, doi:
10.1080/17538947.2023.2246945.

E. Ayari, Z. Kassouk, Z. Lili-Chabaane, N. Ouaadi, N. Baghdadi, and M. Zribi, “NDVI estimation using Sentinel-1 data over

Page 90



Yerik Afrianto Singgalen, Integrating Remote Sensing and Spatial Data for Ecological Sustainability through Spatio-
temporal Analysis

[41]

[42]
[43]

[44]

[45]
[46]
[47]
(48]

[49]

[50]

(51]

[52]

[53]
[54]

[55]

wheat fields in a semiarid Mediterranean region,” GlIScience Remote Sens., vol. 61, no. 1, 2024, doi:
10.1080/15481603.2024.2357878.

K. Jitkajornwanich, N. Pant, M. Fouladgar, and R. Elmasri, “A survey on spatial, temporal, and spatio-temporal database research
and an original example of relevant applications using sql ecosystem and deep learning,” J. Inf. Telecommun., vol. 4, no. 4, pp.
524-559, 2020, doi: 10.1080/24751839.2020.1774153.

M. Krzysko, P. Nijkamp, W. Ratajczak, W. Wotynski, and B. Wenerska, “Spatio-temporal principal component analysis,” Spat.
Econ. Anal., vol. 19, no. 1, pp. 8-29, 2024, doi: 10.1080/17421772.2023.2237532.

W. Wang, F. Zhen, Y. Cao, Y. Wang, and Y. Ou, “How to assess a university campus planning — a case study based on students’
spatio-temporal behavior,” J. Asian Archit. Build. Eng., vol. 00, no. 00, pp. 1-16, 2024, doi: 10.1080/13467581.2024.2358218.
X. Gao, H. Chen, and J. Haworth, “A spatiotemporal analysis of the impact of lockdown and coronavirus on London’s bicycle
hire scheme: from response to recovery to a new normal,” Geo-Spatial Inf. Sci., vol. 26, no. 4, pp. 664-684, 2023, doi:
10.1080/10095020.2023.2233570.

Y. Han, Y. Hu, H. Zhu, and F. Wang, “A cyclically adjusted spatio-temporal kernel density estimation method for predictive
crime hotspot analysis,” Ann. GIS, vol. 29, no. 2, pp. 177-191, 2023, doi: 10.1080/19475683.2023.2166584.

K. Wiru et al., “Geospatial analysis of malaria mortality in the kintampo health and demographic surveillance area of central
Ghana,” Ann. GIS, vol. 27, no. 2, pp. 139-149, 2021, doi: 10.1080/19475683.2020.1853231.

M. K. Gupta and M. Sharif, “Spatio-temporal analysis of temperature projections based on representative concentration pathways
for Satluj River Basin, India,” Cogent Eng., vol. 8, no. 1, 2021, doi: 10.1080/23311916.2021.1933683.

R. A. Persad, “Spatio-temporal analysis of mental illness and the impact of marginalization-based factors: a case study of Ontario,
Canada,” Ann. GIS, vol. 26, no. 3, pp. 237-250, 2020, doi: 10.1080/19475683.2020.1791251.

A. Abdelkarim, “Monitoring and forecasting of land use/land cover (LULC) in Al-Hassa Oasis, Saudi Arabia based on the
integration of the Cellular Automata (CA) and the Cellular Automata-Markov Model (CA-Markov),” Geol. Ecol. Landscapes,
vol. 00, no. 00, pp. 1-32, 2023, doi: 10.1080/24749508.2022.2163741.

J. Ferner, A. Linstéddter, C. Rogass, K. H. Stidekum, and S. Schmidtlein, “Towards Forage Resource Monitoring in subtropical
Savanna Grasslands: going multispectral or hyperspectral?,” Eur. J. Remote Sens., vol. 54, no. 1, pp. 364-384, 2021, doi:
10.1080/22797254.2021.1934556.

M. Wieckowski, “How border tripoints offer opportunities for transboundary tourism development,” Tour. Geogr., vol. 25, no.
1, pp. 310-333, 2023, doi: 10.1080/14616688.2021.1878268.

K. Jiao, X. Yong, S. Mao, and K. Chen, “Analysis of the evolution and influencing factors of ecological environment quality
after the transformation of resource-exhausted cities based on GEE and RSELI: a case study of Xuzhou City, China,” J. Asian
Archit. Build. Eng., vol. 00, no. 00, pp. 1-19, 2024, doi: 10.1080/13467581.2024.2358224.

B. Babiso Badesso, A. Bajigo Madalcho, and M. Mesene Mena, “Trends in forest cover change and degradation in Duguna
Fango, Southern Ethiopia,” Cogent Environ. Sci., vol. 6, no. 1, 2020, doi: 10.1080/23311843.2020.1834916.

F. Qian, Y. Chi, R. Lal, and K. Lorenz, “Spatio-temporal characteristics of cultivated land fragmentation in different landform
areas with a case study in Northeast China,” Ecosyst. Heal. Sustain., vol. 6, no. 1, 2020, doi: 10.1080/20964129.2020.1800415.
Y. Han et al., “Tracking vegetation degradation and recovery in multiple mining areas in Beijing, China, based on time-series
Landsat imagery,” GlScience Remote Sens., vol. 58, no. 8, pp. 1477-1496, 2021, doi: 10.1080/15481603.2021.1996319.

Page 91



