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Abstract: Spatial planning serves as an essential regulatory framework for area development, ensuring 
that growth is managed and controlled. Unplanned expansion of built-up land that strays from the spatial 
plan can lead to increased urban growth, often referred to as urban sprawl. This study aims to analyze 
built-up land development over three periods since the establishment of the Mebidangro Spatial Plan, 
aligning it with the National Strategic Spatial Plan for Metropolitan Mebidangro. Previous research has 
primarily focused on either image analysis or policy review, while this study integrates both approaches. 
We address a gap in prior studies that have examined spatial development without connecting it to policy. 
The research divides the timeframes into three distinct periods: the pre-enactment period, the early 
enactment period, and the mid-enactment period. This study utilizes spatio-temporal data from Landsat 
imagery, processes it using Google Earth Engine, and verifies the image data in ArcGIS Pro. The results 
indicate a significant increase in built-up land from the early enactment to the mid-enactment period, 
revealing a centroid pattern of development. In terms of spatial planning, the expansion of built-up areas, 
which increased by 41.55%, aligns with the designated spatial structure of the National Strategic Area 
(NSA). However, continuous monitoring and periodic reviews are necessary to anticipate potential urban 
sprawl. 
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INTRODUCTION 

The expansion of an area visually illustrates regional growth and increasing urbanization 
trends (Himayah et al., 2023). Satellite imagery and spectral transformation indices, such as the 
Normalized Difference Built-up Index (NDBI), Modified Normalized Difference Water Index 
(MNDWI), and Normalized Difference Vegetation Index (NDVI), are commonly used to identify 
built-up areas. These indices effectively distinguish hard surfaces from vegetation and water 
bodies (Hidayati et al., 2018; Widiastuti et al., 2025). Previous studies have conducted similar 
studies (Hidayati et al., 2018; Widiastuti et al., 2025; Zhao et al., 2021), but they tend to focus 
on optimizing technical extraction algorithms and monitoring physical landscape dynamics 
without explicitly integrating these findings with regulatory frameworks. Therefore, this study 
fills this gap by using satellite imagery and linking it to spatial planning. Monitoring spatial 
changes in built-up areas is crucial for understanding pressures on green open spaces, the 
conversion of non-built-up regions, and ecological risks such as increased flood potential and 
environmental damage (Mardalena, 2024; Nugroho et al., 2020). This study uses spatial analysis 
in the National Strategic Area (NSA) Mebidangro region for the first time. It combines this with 
a temporally synchronized policy approach to directly evaluate the effectiveness of National 
Spatial Planning regulations.  
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A metropolitan area consists of one central city and several surrounding regions 
interconnected by function and activity, all characterized by a large population, high density, 
and a comprehensive infrastructure network (Kusuma, 2019). In Indonesia, the government 
defines a metropolitan area as an area with at least one million people, consisting of a core city 
and its surrounding areas that form a single urban system (Pigawati, 2023). This area usually 
forms as the city expands and merges with neighboring areas, creating a conurbation (Silitonga, 
2010). Beyond being residential centers, metropolitan areas are also centers of economic 
growth and play an essential role in supporting sustainable development (Kusuma, 2019; 
Suharsih & Winarti, 2021). 

The development of built-up land in the Mebidangro Metropolitan Area is a key indicator 
of urbanization occurring alongside the implementation of regional spatial planning policies. 
This physical transformation, identified through satellite imagery and spatial analysis, reflects 
the development direction shaped by government regulations (Ramadhan et al., 2022). These 
policies are not only top-down but also result from interactions among various stakeholders, 
including the community and the private sector (Nugroho, 2023; Widodo, 2021). Therefore, 
monitoring built-up land dynamics plays a crucial role in evaluating the effectiveness of regional 
development policies. This analysis identifies the policy's impact on spatial change in real time 
and provides a basis for developing sustainable, adaptive development strategies (Mardalena, 
2024; Widiastuti et al., 2025). To identify temporal land development, this study divides the 
determination period into three distinct stages. The year 2003 serves as the baseline before the 
enactment of Government Regulation no. 26 of 2008. 2015 marks the initial implementation 
period following Presidential Regulation No. 62 of 2011. Finally, 2023 marks the middle period, 
coinciding with Ministry of Agrarian Affairs and Spatial Planning / National Land Agency 
(ATR/BPN) Decree No. 1085/SK-TR.04.01/VIII/2022, which highlights the need to review the NSA 
Mebidangro spatial plan. 

Previous studies on urban expansion in the Mebidangro National Strategic Area have 
mainly mapped land growth without linking these changes to the spatial planning policy. This 
leaves it unclear whether observed development patterns reflect effective policy 
implementation or a mismatch between land-use regulation and actual growth. Accordingly, this 
study aims to analyze built-up land development over three periods related to the establishment 
of the Spatial Plan, aligned with the National Strategic Spatial Plan of Mebidangro Metropolitan 
Area. This research activity also relates to the determination and revision period of the Regional 
Spatial Planning document. It highlights the need to revise it so policymakers can use it to 
evaluate policy implementation. 

This study contributes by examining built-up land development in the Mebidangro 
Metropolitan Area and linking land cover changes to the prevailing spatial plan. Previous studies 
have discussed built-up land extraction and monitored urban development (Hidayati et al., 2018; 
Ramadhan et al., 2022; Widiastuti et al., 2025). This research builds on those studies by 
examining built-up land changes in 2003, 2015, and 2023 and comparing the development 
patterns with the designated spatial plan. To conduct the analysis, this study processes Landsat 
imagery through Google Earth Engine and performs spatial analysis using ArcGIS Pro. These two 
methods help identify built-up land development over time and simultaneously assess its 
alignment with the planned spatial allocation. Ultimately, this study aims to provide insights into 
current spatial plan implementation and guide future spatial planning in the Mebidangro 
Metropolitan Area. 

METHOD 

Study Area 
The research area is located in the Mebidangro National Strategic Area (NSA), comprising 

Medan City, Binjai City, Deli Serdang Regency, and Karo Regency, with 52 sub-districts in total. 
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This NSA is located in North Sumatra Province and aims to develop spatial planning for an urban 
area, centering sustainable national activities in the northern part of Sumatra Island. 

 

 
Source: Analysis, 2025 

Figure 1. Map of Research Area 
 
Research Approach 

This research approach uses quantitative descriptive methods interpreted spatially. 
Scholars generally describe a literature review as a systematic method for identifying, 
evaluating, and synthesizing previous research relevant to a study topic. A literature review is 
generally described as a systematic method for compiling and synthesizing previous research 
(Snyder, 2019). The data criteria used in the analysis include spatial-temporal consistency, such 
as resolution, projection, period, and geometric and radiometric consistency (Congalton & 
Green, 2019). 

This study used Landsat 4, Landsat 5, Landsat 7, Landsat 8, and Landsat 9 satellite imagery 
to ensure consistent temporal coverage from 2003 to 2023. We selected Landsat imagery 
because it provides the longest continuous record of Earth's surface reflectance at moderate 
spatial resolution (30 m), which is critical for monitoring multi-decadal urban expansion. We 
processed this multi-temporal dataset using the GEE cloud computing platform. We selected 
GEE because it enables rapid processing of large-scale datasets and reduces desktop computing 
hardware limitations. In addition, GEE supports rigorous pre-processing steps, including cloud 
masking and radiometric correction, ensuring comparability across years and sensors. Jensen 
(2009) stated that multi-temporal satellite imagery (Landsat, Sentinel) provides consistent data 
for secondary land-use change analysis. 
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We extracted built-up land using a multi-index thresholding approach. Although the 
Normalized Difference Built-up Index (NDBI) effectively highlights urban features, it often 
spectrally confuses built-up areas with bare land. To address this limitation, this study integrates 
the Normalized Difference Vegetation Index (NDVI) and the Modified Normalized Difference 
Water Index (MNDWI) as masking filters. This combination isolates built-up pixels by 
systematically excluding vegetation (high NDVI) and water bodies (high MNDWI) from the final 
classification. Radiometric consistency is further ensured by applying Dark Object Subtraction 
(DOS) to reduce atmospheric scattering, a crucial step for accurate spectral index calculation in 
multi-temporal studies. To ensure temporal consistency, we transform raw data into formats 
ready for analysis in Google Earth Engine and ArcGIS Pro, including radiometric, geometric, and 
masking corrections for multi-sensor data (Roy et al., 2016). Reinforcing this, Lillesand et al. 
(2015) added that atmospheric and geometric corrections are critical steps before further 
analysis. 

Validating interpretation results is critical to ensuring the accuracy and reliability of 
research findings. This stage typically involves field validation (ground truth) using random 
sampling and secondary data to compare image classification results with actual conditions at 
the research site (Thenkabail & Prasad, 2015). To validate the classification results, this study 
used a systematic sampling method using a “Fishnet” grid generated in ArcGIS Pro. We chose 
the Fishnet technique to ensure a uniform spatial distribution of sample points across the 
±316,716.78 hectares study area, thus avoiding the spatial bias often found in simple random 
sampling. We established 515 validation points, with each grid cell representing approximately 
609 hectares. This sample size met the statistical requirements for regional spatial studies and 
exceeded the minimum threshold of 50–100 points recommended in the remote sensing 
literature. We verified field data using high-resolution imagery and Google Street View. Finally, 
we quantified accuracy using a Confusion Matrix and the Kappa Coefficient, standard metrics 
for measuring agreement between classification results and reference data beyond chance. In 
addition, statistical tests such as the confusion matrix, overall accuracy, and Kappa coefficient 
were used to measure agreement between the interpretation results and the reference data 
(Foody, 2020). The report-writing stage systematically records all research activities clearly and 
in a structured way. Writing begins with developing a report framework that includes an 
introduction, methodology, results (main findings in the form of tables, graphs, or maps), 
discussion (interpretation of the results and comparison with previous studies), and conclusions 
(Leavy, 2022). 

 

 
Source: Analysis, 2025 

Figure 2. Research Method Diagram 
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Method of Analysis 
This study used a remote sensing-based approach to identify and analyze changes in built-

up areas by processing Landsat satellite imagery. Google Earth Engine (GEE) served as the cloud-
based platform for satellite image processing, while ArcGIS Pro was used to assess classification 
accuracy. Landsat imagery from 2003, 2015, and 2023 was used as the primary data source. For 
2003, we considered Landsat 4, Landsat 5, and Landsat 7 imagery acquired by the Thematic 
Mapper (TM) and Enhanced Thematic Mapper Plus (ETM+) sensors, whereas for 2015 and 2023 
we used Landsat 8 and Landsat 9 imagery acquired by the Operational Land Imager (OLI) sensor. 
We selected satellite imagery based on sensor availability and the need to maintain temporal 
consistency in surface reflectance observations. 

Image pre-processing involved several steps. First, we filtered the imagery to the region 
of interest and the annual observation period from January 1 to December 31. Second, we 
performed sensor-specific cloud masking using the QA_PIXEL band to remove cloud-
contaminated pixels, cloud shadows, and other flagged pixels. This procedure reduced 
atmospheric interference and improved the reliability of subsequent land cover classification 
(Zhu & Woodcock, 2012). Finally, we applied the Dark Object Subtraction (DOS) method for 
atmospheric correction by estimating atmospheric path radiance from the 1% percentile of pixel 
values in each band. We then subtracted these values from the corresponding bands to reduce 
atmospheric scattering and improve surface reflectance representation for land cover mapping 
(Chander et al., 2009). 

After pre-processing, we generated an annual composite image by calculating the median 
pixel value from all filtered, cloud-masked images acquired within each year. We then used the 
resulting composite images to calculate three spectral indices to identify built-up areas and 
distinguish them from vegetation and water bodies. These indices included the Normalized 
Difference Built-up Index (NDBI) to identify built-up surfaces, the Normalized Difference 
Vegetation Index (NDVI) to detect vegetation, and the Modified Normalized Difference Water 
Index (MNDWI) to identify water bodies (Xu, 2008). The indices were derived from near-infrared 
(NIR), shortwave infrared (SWIR), and other relevant spectral bands, depending on each index's 
formulation. A validity test was conducted using a systematic rectangular sampling grid created 
in ArcGIS Pro to evaluate land cover classification accuracy. This grid included 515 sample points, 
adjusted to the size of the study area. The fishnet provides a systematic framework for evenly 
distributing validation sample points across the study area. 

We created the fishnet in ArcGIS Pro using a reference boundary of ±317,673.64 hectares 
for the Mebidangro area. Based on standard practices and references in the literature (Foody in 
Fonte, 2024), the minimum number of validation points is 50–100, with a uniform spatial 
distribution. However, in this study, the fishnet was designed to achieve optimal accuracy, with 
515 sample points and a cell size of ±609 hectares per cell, for a total fishnet coverage area of 
±317,673.64 hectares for the study area. Each cell is approximately 2,500 m x 2,500 m, a medium 
scale suitable for regional spatial studies in metropolitan areas. With this configuration, the 
fishnet can effectively cover almost the entire study area, with a difference of <1% of the total 
administrative area, thus remaining methodologically valid. Each fishnet cell is represented by a 
single central point, whose value is extracted from the land cover classification results. These 
point data are used to calculate classification accuracy and the Kappa coefficient.     

Using the Spatial Join process, the fishnet points are then assigned reference class labels 
based on the reference land cover data. This method assigns each point a class attribute based 
on its overlap with the reference polygon layer containing ground truth information. The layer-
to-layer method compares the analysis results with the 2023 NSA Mebidangro land use data. 
The values from the classified raster (in .tif format) are extracted into fishnet points using Extract 
Multi Values to Points. This process produces additional attributes at the points in the form of 
the resulting class values. The extraction method uses non-bilinear interpolation (nearest 
neighbor) because the raster is categorical (discrete classification), so interpolation should not 
affect the values. 
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Accuracy testing compares the reference class values and classification results at each 
point using the Compute Confusion Matrix. This process produces a confusion matrix table 
containing Producer Accuracy, User Accuracy, Overall Accuracy, and Kappa Value. Various 
studies recommend that an Overall Accuracy (OA) value of ≥85% is considered acceptable or 
satisfactory in land cover mapping evaluation, while the optimal Kappa coefficient (κ) value is 
above 0.70, with a range of 0.70–0.85 indicating substantial to strong agreement (Benkesmia & 
Bentekhici, 2025). Islami et al. (2022) agree with the quote above, reporting an OA of 85.3% and 
a Kappa of around 0.80, which they categorize as good and above the minimum threshold. Jasim 
et al. (2025) strengthened the Random Forest results, producing an OA of up to 93.1% with a 
Kappa of 0.90, while other methods achieved an OA of 86.2% (Kappa 0.83) and 82.5% (Kappa 
0.76). Other studies have lower OA and Kappa results, such as Ursu et al. (2025), which 
compared four datasets, namely Dynamic World, CLC Backbone, ESRI Land Cover, and HRL, and 
produced an OA of 0.85% and Kappa of 0.50 for the CLC Backbone dataset, while the other 
datasets produced an OA of 0.62% - 0.67% and Kappa of 0.49-0.5 

 

 
Source: Analysis, 2025 

Figure 3. Data Processing Stages Diagram 

RESULT AND DISCUSSION 

Spatial Data Preparation 
This study analyzed built-up land development through a series of multi-temporal 

Landsat satellite imagery processing stages. The data used to analyze 2003 and 2005 included 
Landsat 4, Landsat 5, and Landsat 7; for 2023, Landsat 8 and Landsat 9 images were used. We 
selected these years based on data availability and key periods of urban development in the 
study area. Researchers performed image acquisition and pre-processing. Each image was 
filtered based on the study area boundary, Region of Interest (ROI), and period (all calendar 
years) to ensure consistent temporal coverage. Radiometric correction was applied to improve 
analysis accuracy. The Dark Object Subtraction (DOS) method reduced the influence of 
atmospheric scattering by subtracting the minimum pixel value from each band. The next step 
was to mask clouds and cloud shadows to minimize interference in the analysis. This process 
utilizes the QA_PIXEL band with masking criteria tailored to each Landsat series. In Landsat 4-7, 
we masked clouds, dilated clouds, and cloud shadows. Meanwhile, in Landsat 8-9, we added 
masking for cirrus clouds to improve accuracy. 

 
Spatial Data Processing 

To identify built-up areas, we calculated three leading spectral indices: NDVI to exclude 
vegetated areas, NDBI to indicate built-up areas, and MNDWI to distinguish built-up areas from 
water bodies. 
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a. NDVI 

 (a) (b) (c) 
Figure 4. NDVI of Mebidangro National Strategic Area in (a) 2003; (b) 2015; (c) 2023 

 
The vegetation index ranges from -1.00 (no vegetation, white) to 1.00 (vegetation, green). 

The index of -1.00 in the central to northern areas has increased each year. This indicates non-
vegetated areas, or in this case, developed built-up areas. The analysis shows that the vegetation 
area decreased from 285,366 ha in 2003 to 278,243 ha in 202 (Figure 4). 

 
b. NDBI 

 (a) (b) (c) 
Figure 5. NDBI of Mebidangro National Strategic Area in (a) 2003; (b) 2015; (c) 2023 

 
The built-up area index in the red areas (especially in the center and north) indicates a 

concentration of settlements that increased each year, forming a centroid pattern. The blue 
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areas dominate the south and west, indicating non-built-up land cover. The analysis shows that 
the built-up area increased from 21,009 Ha in 2003 to 29,738 ha in 2023 (Figure 5). 

 
c. MNDWI 

 
 (a) (b) (c) 

Figure 6. NDBI of Mebidangro National Strategic Area in (a) 2003; (b) 2015; (c) 2023 
 
The index uses blue to indicate water areas in the north (near the coast), such as rivers or 

swamps, while red indicates dominant land and non-water areas. According to the analysis 
results, the water body area fluctuated from 7,993 ha in 2003 to 11,988 ha in 2015, then 
decreased to 5,899 ha in 2023 (Figure 6). 

 The analysis of built-up land development was conducted by comparing the 
classification results from the three years studied. The built-up land area was calculated in 
hectares using pixel area and visualized on a map with a different color palette for each period. 
Furthermore, combining the classification results to observe spatial changes over time created 
an urban expansion map. 

In NDVI analysis, the reduction of approximately 7,123 hectares indicates a significant 
conversion of green open spaces into impermeable surfaces. The decline in NDVI values strongly 
correlates with the city's physical expansion, where vegetation is replaced by infrastructure that 
does not reflect NIR light. This inverse relationship between vegetation and urban expansion 
aligns with findings by Himayah et al. (2023), who noted that areal expansion visually represents 
regional growth at the cost of natural land functions. Monitoring this suppression of green space 
is also critical, as losing green areas increases ecological risks, including potential flooding and 
environmental degradation (Mardalena, 2024). 

Meanwhile, the NDBI analysis shows that the increase of over 8,700 hectares confirms 
that the Mebidangro area is experiencing physical urbanization. The centroid pattern observed 
in the NDBI results highlights a specific type of urban sprawl where development densifies from 
the central city (Medan) and spreads radially outward, rather than developing randomly. This 
physical transformation reflects development driven by regional spatial planning policies 
(Ramadhan et al., 2022). The significant expansion in NDBI values confirms the presence of hard 
surfaces (concrete, asphalt, tiles), clearly distinguishing them from the surrounding rural 
landscape (Hidayati et al., 2018). 

MNDWI is primarily used to identify water bodies; the observed fluctuations—particularly 
the rise in 2015—may reflect temporal variations during image acquisition, such as differences 
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in rainfall intensity, tide levels, or seasonal wetland flooding, rather than permanent land-use 
changes. However, MNDWI remains essential in this study as a masking filter. By accurately 
delineating water bodies, the method prevents spectral confusion that could otherwise 
misclassify wet surfaces as built-up land in the NDBI analysis, improving classification accuracy 
(Hidayati et al., 2018; Widiastuti et al., 2025). 

 
Spatial Data Validation 

The spatial data validation stage uses the fishnet method and several geotagging points 
taken through Google Earth Pro using the street view feature as a sampling medium. 
Researchers conducted four iterations to obtain the number of samples with optimal accuracy 
test results. Each cell is represented by a central point, and its value is extracted from land cover 
classification results and existing land use data as ground truth, then used to calculate accuracy 
and the Kappa coefficient in the Confusion Matrix test (Table 1). 
 

Table 1. Confusion Matrix Test Result 
ClassValue C_1 C_2 Total U_Accuracy Kappa 

C_1 442 42 464 0.909483 0 

C_2 7 44 51 0.862745 0 

Total 429 86 515 0 0 

P_Accuracy 0.983683 0.511628 0 0.904854 0 

Kappa 0 0 0 0 0.591554 

Source: Analysis, 2025 

 
The results show an accuracy of 90.49% and a Kappa of 0.59, categorized as Moderate 

according to Cohen's interpretation. We observed a clear Accuracy Paradox in our results. This 
happens because Class C_1 dominates approximately 84% of the region, leading to severe 
omission errors. The Kappa Index exposes this weakness, as it evaluates true performance across 
classes and actively penalizes the model for relying on chance agreement. Although several 
previous studies report similar figures, these test results are still worth using. Some studies 
report similar results; for example, Ursu et al. (2025) examined four satellite image datasets and 
reported OA of 0.85% and Kappa of 0.50 for the CLC Backbone dataset. Although the datasets 
differ, this dataset's accuracy results most closely match this study's test results. 
 
Interpretation of Land Development Spatial Data  

Land development interpretation results using Landsat imagery show significant 
development from 2003 to 2023 (Table 2, Figure 7, Figure 8). In 2003, built-up land was 
concentrated in the city center and major settlements with a compact development pattern. 
Classification results show built-up areas spreading centrifugally from the city center. By 2015, 
built-up land expanded, with growth toward the suburbs and the emergence of a linear urban 
growth pattern following the road network. 

 
Table 2. Development of Built-Up Land Area 

City/Regency Period Before 
Enactment 

Period of Early 
Enactment 

Period of Middle 
Enactment 

 Years 2003 (ha) Years 2015 (ha) Years 2023 (ha) 
Deli Serdang Regency 6,700.00 8,422.00 11,940.00 
Karo Regency 251.00 548.00 378.00 
Binjai City 479.00 841.00 1,319.00 
Medan City 9,981.00 13,199.00 14,159.00 

Total 17,411.00 23,010.00 27,796.00 

Source: Analysis, 2025 
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Source: Analysis, 2025 

Figure 7. Built-Up Land Development Area in Mebidangro Chart 
 

 
Source: Analysis, 2025 

Figure 8. Built-Up Land Development Map of Mebidangro National Strategic Area 
 
Urban sprawl is the uncontrolled, unstructured, and seemingly random expansion of built-

up land in suburban areas. Unchecked population growth drives this (Ansar & De Vries, 2024). 
Key characteristics of urban sprawl include chaotic development, land development that follows 
the road network, extensive land-use changes, and traffic jams on city outskirts (Ansar & De 
Vries, 2024; Fatimah & Anwar, 2023). This development requires government attention to 
prevent uncontrolled built-up land development. Building on this, Setyono et al. (2017) 
explained that urban spatial planning in Indonesia focuses more on spatial planning, while city 
management receives less attention. 
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Mebidangro National Strategic Area experienced urban growth concentrated along its 
road network of 41.55%. This type of growth pattern occurs frequently in large cities in the 
world, such as in Chengdu, where a significant correlation was found between city expansion 
and road networks, with an urban/non-urban classification accuracy of 79% (Xianyuan & V, 
2019), and Jakarta is experiencing toll road expansion, triggering sporadic urban sprawl within a 
40–50 km radius of the city's center. Sprawl occurs along major road corridors, indicating that 
the road network structure significantly determines the city's growth patterns (Pratama et al., 
2022). Before the designation, built-up land characteristics tended to be centered in Medan City 
and slightly to the north. However, after NSA Mebidangro was established, built-up land 
characteristics changed, following the road network and spreading in a centroid pattern. Based 
on the image-processing results, development after the designation followed the Residential 
Regulation No. 62 of 2011. This analysis is based on the distribution of built-up land, which is 
still in line with the applicable spatial pattern plan. 

 

 
Source: Analysis, 2025 

Figure 9. Conformity in Mebidangro 
 

We use conformity analysis to align land-cover classifications from Landsat Collection 
imagery with spatial pattern plans. By overlaying observational data, the analysis categorizes 
into two distinct classifications. The quantitative data show that the vast majority of the study 
area adheres to the established spatial plans, with conforming zones accounting for 90.80% of 
the total mapped region (288,392.35 ha). However, a closer examination highlights important 
spatial deviations, with non-conforming areas accounting for 9.20%, which translates to 
29,220.66 hectares. These non-conforming zones are not distributed uniformly. These red-
colored zones indicate potential urban sprawl or agricultural encroachment that diverges from 
planned boundaries (Figure 9). 
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The observed built-up land in the Mebidangro National Strategic Area aligns with urban 
sprawl theories, which suggest physical expansion often relies heavily on transportation 
infrastructure. Previous research by Pratama et al. (2022) in the Jakarta Metropolitan Area and 
Xianyuan (2019) in Chengdu supports this finding, showing that road network structures strongly 
shape sporadic urban growth and sprawl patterns. Moreover, as Ansar & De Vries (2024) and 
Fatimah & Anwar (2023) define them, this ribbon-like development and centroid spread are 
classic symptoms of suburban sprawl that, if not properly managed, risk triggering extensive 
land-use conversion and uncontrolled growth on the city's urban fringe. 

From a policy perspective, the 90.80% spatial plan conformity shows that regional 
development in Mebidangro largely reflects intended top-down regulatory frameworks, 
supporting Ramadhan et al.'s (2022) assertion that physical transformations mirror top-down 
spatial planning. However, the 9.20% non-conforming area highlights a critical gap between 
spatial planning and actual city management, a challenge previously identified by Setyono et al. 
(2017) in the Indonesian urban context. The continuous vegetation loss shown in the NDVI 
analysis further supports Himayah et al. (2023) and Mardalena (2024), who emphasize that 
while areal expansion signifies regional growth, it inherently increases ecological risks by 
sacrificing natural open spaces and escalating the potential for environmental degradation. 

CONCLUSION 

NSA is entering the middle period of its establishment since the ratification of the 
Presidential Regulation no. 62 of 2011. The analysis results show that built-up land in this area 
expanded significantly, with a pattern initially centered around Medan City in 2003, then 
developing centroidally in 2015 and 2023. The development of the urban regions with a planned 
polycentric pattern cannot yet be implemented because there is no plan for an integrated public 
transportation network system, so the tendency for landed land development will become a 
trend for the next few years, and it is feared that the conurbation phenomenon will develop as 
the years go by. The early to mid-period of the determination showed the highest level of 
development. Therefore, spatial planning, especially Presidential Regulation No. 62 of 2011 on 
Spatial Planning, has proven effective in developing built-up land in the area. The development 
of built-up land does not violate spatial utilization regulations; rather, it reflects the efficient use 
of land, particularly the conversion of agricultural land into built-up land. Despite this, 
monitoring and review are needed to anticipate the spread of urban sprawl in the northern and 
western parts of the NSA to ensure more equitable growth in the Mebidangro Urban Area, 
particularly in the central and southern parts of the NSA. A limitation of this study is that 
accuracy testing used image-processing and land-use data from the Ministry of ATR/BPN, so 
researchers could improve accuracy by collecting field data directly. In the future, it is hoped 
that research like this can go directly to the field to collect samples of land-cover changes so 
accuracy can be improved. 

ACKNOWLEDGEMENT 

We also express our deepest gratitude to Faculty of Engineering, Pasundan University 
through Research Grant Programs No. 023/Unpas-FT.D/Q/I/2025. During the preparation of this 
work, the authors used AI in order to improve language and readability. After using this tool, the 
authors reviewed and edited the content as needed and take full responsibility for the content 
of the publication.  

AUTHOR CONTRIBUTIONS 

M.F.R. was responsible for the overall manuscript preparation, GEE script creation, data 
processing, data analysis, and manuscript editing. D.A.R. contributed to data curation, the 
literature review, the creation of visual aids such as diagrams and tables, GEE script creation, 
and the drafting of the initial manuscript. N.D.A.P. contributed to data collection and curation, 



304 Rachmat et al. 
 

TATA LOKA - VOLUME 28 NUMBER 4 – AGUSTUS 2026 - E ISSN 2356-0266 

the literature review, and manuscript editing. A.B.R. contributed to the development of the 
research concept, supervision, and validation. 

CONFLICT OF INTEREST STATEMENT 

The authors declare that there are no conflicts of interest, whether financial or personal, 
that could have influenced the research, its findings, or the preparation and publication of this 
manuscript. 

REFERENCES 

Ansar, Z., & De Vries, W. (2024). Urban Sprawl Symptoms in Bandar Lampung Suburban Area, Indonesia. 
Geoplanning: Journal of Geomatics and Planning, 11, 205–222. 
https://doi.org/10.14710/geoplanning.11.2.205-222  

Benkesmia, Y., & Bentekhici, N. (2025). Monitoring the Dynamics of Irrigated Parcels and Impacts on 
Phreatic Water Quality in the Mostaganem Plateau (Northwestern Algeria): An Integrated Analysis 
Using Remote Sensing and Field Data for 2010 and 2020. Environmental Monitoring and 
Assessment, 197(8), 898. https://doi.org/10.1007/s10661-025-14325-7  

Chander, G., Markham, B. L., & Helder, D. L. (2009). Summary of Current Radiometric Calibration 
Coefficients for Landsat MSS, TM, ETM+, and EO-1 ALI sensors. Remote Sensing of Environment, 
113(5), 893–903. https://doi.org/10.1016/j.rse.2009.01.007   

Congalton, R. G., & Green, K. (2019). Assessing the Accuracy of Remotely Sensed Data: Principles and 
Practices. CRC press. https://doi.org/10.1201/9780429052729  

Fatimah, E., & Anwar, A. C. (2023). Determination of Urban Sprawl Phenomenon in Pekalongan City and 
Its Surrounding. Jurnal Pengembangan Kota, 11(1), 49–57. https://doi.org/10.14710/jpk.11.1.49-
57  

Fonte, C. C., Duarte, D., Jesus, I., Costa, H., Benevides, P., Moreira, F., & Caetano, M. (2024). Accuracy 
Assessment and Comparison of National, European and Global Land Use Land Cover Maps at the 
National Scale—Case Study: Portugal. Remote Sensing, 16(9), 1504. 
https://doi.org/10.3390/rs16091504  

Foody, G. M. (2020). Explaining the Unsuitability of the Kappa Coefficient in the Assessment and 
Comparison of the Accuracy of Thematic Maps Obtained by Image Classification. Remote sensing 
of environment, 239, 111630. https://doi.org/10.1016/j.rse.2019.111630  

Hidayati, I. N., Suharyadi, R., & Danoedoro, P. (2018, April). Developing an Extraction Method of Urban 
Built-Up Area Based on Remote Sensing Imagery Transformation Index. In Forum Geografi (Vol. 32, 
No. 1, pp. 96-108). https://doi.org/10.23917/forgeo.v31i2.5907  

Himayah, S., Ramadhan, Z., & Salma, G. Y. (2023). Vegetation and Built-Up Area Monitoring in Bandung 
City Using Multitemporal Imagery. Jurnal Geografi, 15(1), 112-21. 
https://doi.org/10.24114/jg.v15i1.42656  

Islami, F. A., Tarigan, S. D., Wahjunie, E. D., & Dasanto, B. D. (2022). Accuracy Assessment of Land Use 
Change Analysis Using Google Earth in Sadar Watershed Mojokerto Regency. IOP Conference 
Series: Earth and Environmental Science, 950(1), 012091. https://doi.org/10.1088/1755-
1315/950/1/012091  

Jasim, L. K., Hasan, R. H., & Ibrahim, O. A. (2025). Evaluation of the Accuracy of Machine Learning 
Classifiers and Spectral Indices in Land Cover Classification. Engineering, Technology & Applied 
Science Research, 15, 22548–22552. https://doi.org/https://doi.org/10.48084/etasr.10406  

Jensen, J. R. (2000). Remote sensing of the environment: an earth resource perspective (Vol. 2). Upper 
Saddle River, NJ: Prentice Hall. 

Kusuma, M. E. (2019, August). Indikator kawasan metropolitan berkelanjutan. In Seminar Nasional 
Pembangunan Wilayah dan Kota Berkelanjutan (Vol. 1, No. 1). 
https://doi.org/10.25105/pwkb.v1i1.5264  

Leavy, P. (2022). Research design: Quantitative, Qualitative, Mixed Methods, Arts-Based, and Community-
Based Participatory Research Approaches. Guilford publications. 
https://doi.org/10.1177/15586898177517  

Lillesand, T., Kiefer, R. W., & Chipman, J. (2015). Remote sensing and image interpretation. John Wiley & 
Sons. 

Mardalena, A. (2024). Model Prediction of Built-Up Land Use on Flood-Prone Areas (a Systematic 

https://doi.org/10.14710/geoplanning.11.2.205-222
https://doi.org/10.1007/s10661-025-14325-7
https://doi.org/10.1016/j.rse.2009.01.007
https://doi.org/10.1201/9780429052729
https://doi.org/10.14710/jpk.11.1.49-57
https://doi.org/10.14710/jpk.11.1.49-57
https://doi.org/10.3390/rs16091504
https://doi.org/10.1016/j.rse.2019.111630
https://doi.org/10.23917/forgeo.v31i2.5907
https://doi.org/10.24114/jg.v15i1.42656
https://doi.org/10.1088/1755-1315/950/1/012091
https://doi.org/10.1088/1755-1315/950/1/012091
https://doi.org/https:/doi.org/10.48084/etasr.10406
https://doi.org/10.25105/pwkb.v1i1.5264
https://doi.org/10.1177/15586898177517


Study on Built-Up Land Development in the Mebidangro Metropolitan Area 305 

TATA LOKA - VOLUME 28 NUMBER 4 – NOVEMBER 2026 - E ISSN 2356-0266 

Literature Review). BUMI: International Journal of Environmental Reviews, 2, 91–101. 
https://doi.org/10.30631/201.91-101  

Nugroho, N. P., Sunarmodo, W., & Khomarudin, M. R. (2020). Spatial-Temporal Dynamics Land Use/Land 
Cover Change and Flood Hazard Mapping in the Upstream Citarum Watershed, West Java, 
Indonesia. Quaestiones Geographicae, 39(1). https://doi.org/10.2478/quageo-2020-0010  

Nugroho, R. (2023). Public policy 7: Dinamika kebijakan publik, analisis kebijakan publik, manajemen 
politik kebijakan publik, etika kebijakan publik. PT Elex Media Komputindo. 

Pigawati, B. (2023). Model Potensi Penduduk Kota Metropolitan Semarang. Jurnal Pengembangan Kota, 
11(1), 15–25. https://doi.org/10.14710/jpk.11.1.15-25  

Pratama, A. P., Yudhistira, M. H., & Koomen, E. (2022). Highway Expansion and Urban Sprawl in the Jakarta 
Metropolitan Area. Land Use Policy, 112, 105856. 
https://doi.org/10.1016/j.landusepol.2021.105856  

Ramadhan, F., Hariyanto, T., & Handayani, H. (2022). Analysis of Urban Built-up Expansion Based on 
Combination of Spectral Indices in Surabaya City. Geoid, 17, 21. 
https://doi.org/10.12962/j24423998.v17i1.8676  

Roy, D. P., Kovalskyy, V., Zhang, H. K., Vermote, E. F., Yan, L., Kumar, S. S., & Egorov, A. (2016). 
Characterization of Landsat-7 to Landsat-8 reflective wavelength and normalized difference 
vegetation index continuity. Remote Sensing of Environment, 185, 57–70. 
https://doi.org/10.1016/j.rse.2015.12.024 

Setyono, J. S., Yunus, H. S., & Giyarsih, S. R. (2017). Pengelolaan Kota-Kota Kecil di Jawa Tengah: Studi 
Kasus Pada Empat Kota Kecil di Wilayah Joglosemar. Jurrnal Tataloka, 19(2), 142–162. 
https://doi.org/10.14710/jvsar.v%25vi%25i.1334  

Silitonga, D. (2010). Tahapan Perkembangan Metropolitan Jabodetabek Berdasarkan Perubahan pada 
Aspek Lingkungan. Journal of Regional and City Planning, 21(3). 

Snyder, H. (2019). Literature review as a research methodology: An overview and guidelines. Journal of 
Business Research, 104, 333–339. https://doi.org/10.1016/j.jbusres.2019.07.039  

Suharsih, S., & Winarti, A. S. (2021). Impact of Metropolitan City Area Development on Fiscal Performance 
of 10 Metropolitan Cities In Indonesia. RSF Conference Series: Business, Management and Social 
Sciences, 1(3), 68. https://doi.org/10.31098/bmss.v1i3.289  

Thenkabail, P. D., & Prasad, S. (2015). Remotely Sensed Data Characterization, Classification, and 
Accuracies. https://doi.org/10.1201/b19294  

Ursu, C.-D., Benedek, J., & Temerdek-Ivan, K. (2025). Accuracy Assessment of Four Land Cover Datasets at 
Urban, Rural and Metropolitan Area Level. Remote Sensing, 17(5), 756. 
https://doi.org/10.3390/rs17050756  

Widiastuti, R., Wijaya, M. S., Al Kautsar, A., Widiana Putri, I., & Kusratmoko, E. (Accepted/In press). 
Detection of Urban Landscape Changes in Surabaya for the Years 2014-2024 Based on NDVI and 
NDBI Analysis of Landsat 8 OLI Imagery. JURNAL GEOGRAFI, 17(1), 45-59. 
https://doi.org/10.24114/jg.v17i1 

Widodo, J. (2021). Analisis Kebijakan Publik: Konsep dan Aplikasi Analisis Proses Kebijakan Publik. Media 
Nusa Creative (MNC Publishing). 

Xianyuan, Z., & V, U. S. (2019). Spatial Dependency of Urban Sprawl and the Underlying Road Network 
Structure. Journal of Urban Planning and Development, 145(4), 04019014. 
https://doi.org/10.1061/(ASCE)UP.1943-5444.0000526  

Xu, H. (2008). A New Index for Delineating Built-Up Land Features in Satellite Imagery. International 
Journal of Remote Sensing, 29(14), 4269–4276. 
https://doi.org/10.1080/01431160802039957;JOURNAL:JOURNAL:TRES20  

Zhao, Q., Yu, L., Li, X., Peng, D., Zhang, Y., & Gong, P. (2021). Progress and Trends in the Application of 
Google Earth and Google Earth Engine. Remote Sensing, 13(18), 3778. 
https://doi.org/10.3390/rs13183778  

Zhu, Z., & Woodcock, C. E. (2012). Object-Based Cloud and Cloud Shadow Detection in Landsat Imagery. 
Remote Sensing of Environment, 118, 83–94. https://doi.org/10.1016/j.rse.2011.10.028  

https://doi.org/10.30631/201.91-101
https://doi.org/10.2478/quageo-2020-0010
https://doi.org/10.14710/jpk.11.1.15-25
https://doi.org/10.1016/j.landusepol.2021.105856
https://doi.org/10.12962/j24423998.v17i1.8676
https://doi.org/10.14710/jvsar.v%25vi%25i.1334
https://doi.org/10.1016/j.jbusres.2019.07.039
https://doi.org/10.31098/bmss.v1i3.289
https://doi.org/10.1201/b19294
https://doi.org/10.3390/rs17050756
https://doi.org/10.24114/jg.v17i1
https://doi.org/10.1061/(ASCE)UP.1943-5444.0000526
https://doi.org/10.1080/01431160802039957;JOURNAL:JOURNAL:TRES20
https://doi.org/10.3390/rs13183778
https://doi.org/10.1016/j.rse.2011.10.028

