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Abstract:

In the context of digital transformation in public administration, especially in land resource management, remote
sensing technology offers timely, objective and scalable solutions. This study investigates the integration of Sentinel-2
satellite imagery and object-based classification techniques to support digital land management in Kim Thanh
commune, a newly established administrative unit in Hai Phong city, Vietnam. Sentinel-2 imagery acquired on 20
March 2025 was processed, atmospherically corrected and segmented using the SNIC algorithm. Land cover was
classified into three main types: water body, agricultural land and non-agricultural land using the Random Forest
algorithm on the Google Earth Engine platform. The classification achieved a high overall accuracy of 93.17% and a
Kappa coefficient of 0.895, with User Accuracy ranging from 87.40% to 100%. The spatial distribution of land use
types suggests reasonable zoning patterns that can be directly integrated into digital cadastral systems and spatial
planning tools. The results of the study demonstrate the potential of combining remote sensing and cloud computing
technologies to improve transparency, efficiency and decision-making in land governance, contributing to the broader
goals of the national digital transformation strategy in Vietnam.
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1. INTRODUCTION

In recent years, remote sensing has become a foundational technology in the broader digital
transformation movement across many sectors, especially in environmental management and land
management (Rogan & Chen, 2004; Dong et al., 2019). As countries prioritize the development of smart
governance systems and e-government platforms, the integration of geospatial data collected, analyzed,
and visualized through remote sensing technology has become important in improving transparency,
efficiency, and responsiveness (Das et al., 2022; Sira & Kuzior, 2025).

Remote sensing provides a powerful means of acquiring up-to-date, multi-temporal, and large-scale spatial
data without the need for extensive fieldwork (Dewan & Yamaguchi, 2009; Zhang et al., 2021; Metwaly
et al., 2024). Among the most widely used sources of satellite data, the Sentinel-2 mission, operated by the
European Space Agency (ESA), offers high-resolution multispectral imagery freely available to users
worldwide (Phiri et al., 2020). Its short revisit time and 10-20 m spatial resolution makes it particularly
valuable for monitoring land cover, crop patterns, water bodies, and urban expansion (Radocaj et al.,
2020; Volpi et al., 2023).

In the context of digital transformation, remote sensing is not only a data provider but also a driver of
change in how institutions manage land-related information (Reddy, 2018; Joannides, 2023). By
integrating Earth observation data into cloud-based platforms such as Google Earth Engine (GEE),
organizations can streamline data processing, automate analytical tasks, and generate real-time insights for
decision-makers (Wu et al., 2020; Ghosh et al., 2022). The ability to overlay remote sensing products with
cadastral boundaries, infrastructure maps, and administrative zones empowers stakeholders to make
informed, data-driven decisions, which are essential in planning, zoning, and environmental protection
(Attah et al., 2024; Nagavi et al., 2024).

Furthermore, the combination of remote sensing and artificial intelligence, particularly object-based image
analysis (OBIA) and machine learning classifiers like the Random Forest (RF), Support Vector Machine
(SVM), ANN algorithm, enhances the accuracy and interpretability of land cover classification (Jozdani et
al., 2019; Kasahun & Legesse, 2024). This synergy supports the generation of reliable spatial databases
that form the digital backbone of land resource governance. These tools also enable the identification of
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spatial trends and anomalies, contributing to better land use planning, agricultural monitoring, and
disaster risk management (Rezvani et al., 2023).

This study explores the application of remote sensing in the digital transformation of land resource
management, using Kim Thanh commune in Hai Phong City as a case study. By processing Sentinel-2
imagery through an object-based classification approach using the RF algorithm on GEE cloud computing
platform, the research demonstrates the feasibility of building a spatial decision-support system that aligns
with national goals for digital governance and sustainable land use.

2. MATERIAL AND METHODOLOGY

2.1. Study area

Kim Thanh is a newly established administrative unit under Hai Phong City, located in the coastal plain
region of northern Vietnam (Figure 1). The commune was officially established on July 1, 2025, under a
resolution on the reorganization of commune-level administrative units, by merging several smaller former
communes. With its geographical characteristics and regional connectivity role, Kim Thanh holds a
strategic position as a transitional zone between traditional rural areas and rapidly developing urban and
industrial zones of Hai Phong City.

In terms of topography and geography, Kim Thanh is a low-lying, relatively flat area, typical of the Red
River Delta. The commune is situated in a transitional region between traditional agricultural land and
suburban zones undergoing rapid urbanization. It borders communes such as An Phong and An Truong,
which are home to several large industrial zones. The local landscape is characterized by rice paddy fields,
aquaculture ponds, traditional rural settlements, and an expanding network of inter-commune rural roads.
Figure 1: Location of the study area
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The selection of Kim Thanh as the study area is appropriate and practically significant for the
following reasons:
First, the area is experiencing rapid land-use change, particularly the conversion of agricultural land to
non-agricultural purposes (for example, industrial, residential, and infrastructure development), which
poses major challenges for effective and sustainable land-use planning and management.
Second, the local government is actively implementing digital transformation policies in the land sector,
such as digitizing cadastral maps, developing land information systems, and gradually deploying e-
government platforms for public administration.
Third, Kim Thanh has a diverse land-use structure, including agricultural land, built-up areas, and unused
land. This diversity creates favorable conditions for the application of remote sensing technologies,
especially object-based image analysis combined with machine learning algorithms to accurately analyze
and monitor land-use changes.
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2.2. Material

In this study, the primary dataset used was Sentinel-2 satellite imagery, developed and operated by the
European Space Agency (ESA) under the Copernicus program (ESA, 2025). Sentinel-2 consists of two
satellites (Sentinel-2A and Sentinel-2B) capable of capturing high-resolution multispectral images with a
short revisit cycle (every 5 days) and a wide swath width (290 km per scene). As an open-access data source,
Sentinel-2 is highly suitable for land surface monitoring over time with high reliability (ESA, 2025).

The imagery was accessed via the Google Earth Engine (GEE) platform, which enables fast, cloud-based,
and large-scale data processing. The spectral bands utilized included:

- Band 2 (blue), Band 3 (green), Band 4 (red) and Band 8 (near-infrared) at 10-meter resolution, ideal for
detailed surface analysis.

- Band 11 and Band 12 (shortwave infrared) at 20-meter resolution, useful for distinguishing built-up
materials and soil content.

With its appropriate spatial resolution, high temporal frequency, and consistent data quality, Sentinel-2
is an ideal data source for monitoring land use changes and supporting digital transformation in land
resource management at the local level.

2.3. Methodology

To generate a land use map in support of digital transformation in land resource management, the study
implemented a systematic sequence of remote sensing data processing steps, ranging from satellite image
acquisition to classification and accuracy assessment. The entire data processing workflow is illustrated in
Figure 2.

Step 1: Satellite data acquisition

Satellite imagery was collected from the Sentinel-2 dataset using the GEE cloud computing platform. GEE
is a powerful and widely used tool that provides free access to a global archive of satellite data along with
built-in capabilities for large-scale spatial and temporal processing. By using GEE, the data retrieval process
is not only convenient and efficient but also enables advanced operations such as cloud filtering, spectral
index generation, and spatial clipping.

In this study, Sentinel-2 imagery was retrieved based on strict selection criteria to ensure the quality of the
input data:

- Temporal filtering: Images were selected during the period corresponding to the dry season in the study
area. This timeframe provides clearer observations of land surfaces and reduces the influence of rain, fog,
or excessive vegetation growth.

- Cloud masking: GEE’s built-in cloud filtering tools were applied, including the QA60 band and cloud
probability functions to remove scenes with more than 10% cloud cover over the study area (Mateo-Garcia
et al., 2018).

- Spatial filtering: The imagery was clipped to the administrative boundary of Kim Thanh commune,
ensuring that only relevant spatial data were processed, which improved computational efficiency and
analysis precision.

The output of this step is a clean, temporally-filtered, and spatially-focused Sentinel-2 image collection,
ready for preprocessing and analysis in the following phases.

Figure 2: Flowchart of the data processing
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Step 2: Data preprocessing
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After acquiring satellite imagery via the GEE platform, the next step involved preprocessing to ensure the
quality and reliability of the input data for further analysis. In this study, the preprocessing phase focused
on two primary components: geometric correction and atmospheric correction.

Geometric correction ensures the spatial accuracy of each pixel in the satellite image. The Sentinel-2
images used in this study were provided at Level-1C and Level-2A processing levels by the European Space
Agency (ESA). Level-1C products are already orthorectified and projected to a standard coordinate
reference system (WGS 84 / UTM zone 48N). For a local-scale study such as Kim Thanh commune, the
geometric accuracy of Sentinel-2 imagery at this level is fully adequate for land cover analysis.
Atmospheric correction was applied to minimize the influence of atmospheric conditions such as water
vapor, aerosols, and other atmospheric particles on surface reflectance values. Within Google Earth
Engine, Level-2A Sentinel-2 products were prioritized, as these images have already undergone
atmospheric correction using the Sen2Cor algorithm (Main-Knorn et al., 2017). This correction ensures
that the spectral information more accurately represents the true surface conditions, which improves the
performance and reliability of the subsequent classification

In addition to these corrections, the imagery was clipped to the administrative boundary of Kim Thanh
commune, which helps reduce data volume and focus the analysis on the target area. As a result, this step
produced geometrically and radiometrically corrected Sentinel-2 imagery, ready for higher-level processing
such as object-based segmentation and classification.

Step 3: Object-based image segmentation

In this step, the preprocessed satellite imagery was segmented into homogeneous regions using the SNIC
(Simple Non-Iterative Clustering) algorithm available in Google Earth Engine (Tassi & Vizzari, 2020).
Object-based segmentation groups pixels with similar spectral and spatial characteristics into meaningful
units (objects), reducing the “salt-and-pepper” noise commonly found in pixel-based classification. The
resulting segments serve as the foundational input for the subsequent land use classification process.
Step 4: Training sample collection and labeling

Training samples were manually collected for three primary land cover types: water bodies, agricultural
land, and non-agricultural land. High-resolution imagery from Google Earth and auxiliary data such as
administrative boundaries were used to guide visual interpretation. Each segmented object was assigned a
corresponding class label. The labeled dataset was divided into two parts: 70% for model training and
30% for accuracy assessment in later stages.

Step 5: Land cover classification using random forest

After segmenting the images and preparing the training data, the next important step in the workflow is
to classify the land cover types. In this study, the Random Forest (RF) algorithm was chosen to perform
supervised classification, assigning each segmented object to one of the three main land cover types: water
body, agricultural land, and non-agricultural land.

Random Forest is an ensemble learning algorithm introduced by Breiman (2001), which is widely used in
remote sensing due to its robustness, high classification accuracy, and ability to handle large datasets with
many input features (Breiman, 2001). The RF algorithm works by building a large number of decision
trees during training, each using a randomly selected subset of training samples and features. The final
class assigned to an input object is determined by majority voting among the individual trees. This process
reduces the risk of overfitting and improves generalization performance compared to a single decision
tree.

In this study, the RF classifier was deployed in the GEE environment, leveraging cloud computing
capabilities and built-in machine learning functions. The labeled training dataset from Step 4 was used to
fit the RF model. The number of trees selected, and other parameters were kept at default values as
specified by the GEE API, due to its proven stability in classification tasks (Avci et al., 2023). The model
was trained to distinguish samples corresponding to three land cover classes based on both spectral and
spatial information.

After training, the model was applied to the entire image segmentation to generate a classified land cover
map. Each segment (or object) in the study area was assigned a unique class label based on the RF
prediction. The resulting map effectively delineates water, agricultural and non-agricultural land areas
(including built-up and residential areas), serving as a foundational dataset for land use monitoring and
digital land management.
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Step 6: Accuracy assessment and validation

The classification results were evaluated using a confusion matrix based on 30% of the labeled data
reserved for validation. Key metrics, including Overall Accuracy, Kappa Coefficient, User’s Accuracy, and
Producer’s Accuracy, were calculated to assess model performance. Additionally, a visual comparison with
high-resolution imagery helped verify the spatial accuracy of the classified land cover map.

Step 7: Exporting results and integration into digital land management

The final classified land cover map was exported in GeoTIFF format and integrated into a digital land
management system. By aligning the output with cadastral boundaries and administrative data, the results
support e-governance initiatives, spatial planning, land monitoring, and resource allocation. This step
contributes directly to the digital transformation of land resource management by providing standardized,
up-to-date spatial data for data-driven decision-making at the local level.

3. RESULTS AND DISCUSSION

The Sentinel-2 image used in this study was acquired on March 20, 2025, covering the entire study area.
The data was processed using a Natural Color Composite, combining three spectral bands: B4 (Red), B3
(Green), and B2 (Blue), in order to represent ground landscapes in a way that closely resembles natural
human vision (Figure 3).

Figure 3: Sentinel-2 image of the study area collected on March 20, 2025
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Table 1. Accuracy assessment results of the land cover classification

Class Producer’s Accuracy (PA) | User’s Accuracy (UA)
Water bodies 99.08% 87.40%

Agricultural land 87.40% 95.56%
Non-agricultural land | 94.16% 100.00%

Other accuracy evaluation parameters
Opverall Accuracy (OA): | 93.17%
Kappa Coefficient (k): | 0.895

The accuracy of the classification results was evaluated using a confusion matrix derived from 30% of the
labeled validation samples. As shown in Table 1, the overall accuracy (OA) reached 93.17%, indicating a
high level of agreement between the classified and reference data. The Kappa coefficient was 0.895,
reflecting substantial agreement beyond chance. Among the three classes, water bodies achieved the
highest producer’s accuracy (99.08%), while non-agricultural land attained perfect user’s accuracy (100%).
These results confirm the reliability of the classification and its suitability for supporting digital land
management applications.
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In addition, Figure 4 presents the land cover classification results for the study area using an object-based
classification method combined with the Random Forest algorithm. Figure 4 shows the spatial
distribution of land cover classes across the entire Kim Thanh commune.

Firstly, water body in the study area are unevenly distributed, primarily concentrated in the eastern and
central parts. In the east, a large river stretches in a north-south direction and occupies a significant portion
of the area. The central region contains smaller hydrological features, such as ponds or artificial canals,
which are mainly used for irrigation. In contrast, the northwest and southwest areas have almost no water
body, indicating higher elevation or a lack of natural water sources. Notably, most water body are adjacent
to agricultural land, highlighting a strong relationship between water availability and farming activities.
Next, agricultural land occupies the largest area, widely distributed across the commune but most
concentrated in the western and southwestern regions. In the west, an agricultural belt stretches from
20°52’N to 20°54’N, closely linked to the eastern water bodies, taking advantage of irrigation sources. The
southwestern area contains a large, contiguous zone of agricultural land adjacent to non-agricultural land,
suggesting the presence of specialized cultivation zones. Meanwhile, although the eastern fringe is near
water sources, agricultural land there is limited in size, possibly due to sloping terrain or land reserved for
other uses. This spatial distribution reflects a strategic approach to land use, aimed at ensuring efficient
resource utilization and food security.

Figure 4: Land cover classification map of the study area from satellite images

ot oe 100730 10067347
A A A
~

W «ﬂk—a
‘/

baige

"BIN

0
U

b

Legend
- Wiater body

| Agncultural land

- Non-agricuttural land

0 o8 1 2 Keommtnrs
bttt -t—|

100" WE 10622 106° 34
Additionally, non-agricultural land is primarily concentrated in the northern part of the commune, where
the terrain is higher and more suitable for infrastructure development. This area likely includes residential
zones, urban spaces, or public facilities, strategically positioned to avoid flooding risks from the eastern
water bodies. A few small patches are scattered within agricultural zones, possibly representing housing or
transportation infrastructure supporting production activities. Notably, non-agricultural land is rarely
found near water bodies, except in some central areas that may be associated with aquaculture services.
This distribution pattern reflects rational land-use planning, separating residential areas from agricultural
zones and water resources.
Moreover, there is a clear spatial relationship among the three land use types: water bodies are closely
associated with agricultural land to ensure irrigation supply, while non-agricultural land is located away
from low-lying areas to minimize flood risk. The boundary between agricultural and non-agricultural zones
is relatively distinct, reflecting a rational functional zoning. However, urbanization pressure may lead to
the shrinkage of agricultural land, emphasizing the need for balanced and forward-looking spatial planning
in the future.
The results of this study not only provide an accurate spatial distribution of land cover in Kim Thanh
commune but also demonstrate the practical potential of remote sensing in the digital transformation of
land resource management. Traditionally, land use monitoring has relied heavily on manual surveys and
fragmented cadastral data, which are time-consuming, costly, and often outdated. In contrast, satellite-
based data, particularly from Sentinel-2, offer timely, repeatable, and large-scale observations that are
essential for dynamic land governance.
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By integrating object-based image analysis and machine learning algorithms such as Random Forest within
platforms like Google Earth Engine (GEE), this study showcases an efficient and scalable approach to
automate land classification processes. The outputs can be directly incorporated into digital land
management systems, serving as input layers for cadastral updates, spatial planning, and environmental
monitoring.

Furthermore, the high accuracy of the classification results supports the feasibility of applying remote
sensing to build standardized geospatial databases, which are crucial for e-governance initiatives. For local
authorities, such tools enable data-driven decision-making, transparency in land allocation, and early
detection of land-use changes, particularly under urbanization pressure.

In the context of Kim Thanh commune, a newly established administrative unit undergoing rapid
development, these digital tools provide a foundation for establishing modern land management practices.
They also align with national strategies on digital government and smart city development, where land
information systems play a central role in infrastructure planning, agricultural zoning, and climate
resilience.

Ultimately, this approach contributes to shifting land management from a reactive, paper-based system to
a proactive, data-driven model, reinforcing the importance of remote sensing as a core component in
Vietnam’s broader digital transformation agenda.

4. CONCLUSION

The research demonstrates that combining Sentinel-2 imagery with object-based image analysis and
machine learning techniques provides an effective and scalable approach for land cover classification.
With an overall accuracy of 93.17% and a strong Kappa value (0.895), the classification results are highly
reliable and suitable for integration into digital land management platforms. Spatial patterns observed in
Kim Thanh commune such as the concentration of agricultural land in the west and the clustering of non-
agricultural land in higher northern areas reflect rational land-use planning that can be better managed
and monitored through digital tools. The successful deployment of Google Earth Engine in this study also
illustrates the feasibility of low-cost, cloud-based solutions for local authorities. In the context of rapid
urbanization and administrative restructuring, this approach can significantly support real-time decision-
making, cadastral updates, and the broader goals of e-government and sustainable development.

5. REFERENCES

1.Attah, R. U,, Gil-Ozoudeh, 1., Garba, B. M. P., & Iwuanyanwu, O. (2024). Leveraging geographic information systems and data
analytics for enhanced public sector decision-making and urban planning. Magna Sci Adv Res Rew, 12(2), 152-63.
https://doi.org/10.30574/msarr.2024.12.2.0191.

2.Avai, C., Budak, M., Yagmur, N., & Balcik, F. (2023). Comparison between random forest and support vector machine
algorithms for LULC classification. International ~ Jowrnal ~ of  Engineering  and Geosciences, 8(1), 1-10.
https://doi.org/10.26833/ijeg.987605.

3.Breiman, L. (2001). Random forests. Machine learning, 45(1), 5-32.

4.Das, S. N, Sreenivasan, G., Srinivasa Rao, S., Joshi, A. K., Varghese, A. O., Prakasa Rao, D. S., ... & Jha, C. S. (2022). Geospatial
Technologies for Development of Cadastral Information System and its Applications for Developmental Planning and e-
Governance. In Geospatial Technologies for Resources Planning and Management (pp. 485-538). Cham: Springer International
Publishing. https://doi.org/10.1007,/978-3-030-98981-1_21.

5.Dewan, A. M., & Yamaguchi, Y. (2009). Using remote sensing and GIS to detect and monitor land use and land cover change
in Dhaka Metropolitan of Bangladesh during 1960-2005. Environmental monitoring and assessment, 150(1), 237-249.
https://doi.org/10.1007/s10661-008-0226-5.

6.Dong, J., Metternicht, G., Hostert, P., Fensholt, R., & Chowdhury, R. R. (2019). Remote sensing and geospatial technologies
in support of a normative land system science: Status and prospects. Current Opinion in Environmental Sustainability, 38, 44-52.
https://doi.org/10.1016/j.cosust.2019.05.00.

7.Ghosh, S., Kumar, D., & Kumari, R. (2022). Cloud-based large-scale data retrieval, mapping, and analysis for land monitoring
applications with google earth engine (GEE). Environmental Challenges, 9, 100605. https://doi.org/10.1016/j.envc.2022.100605.
8.Joannides, R. (2023). Towards Improved Land Administration Services: A Model to Support Spatial Data Interoperability among Land
Agencies in Accra, Ghana (Master’s thesis, University of Twente).

9.Jozdani, S. E., Johnson, B. A., & Chen, D. (2019). Comparing deep neural networks, ensemble classifiers, and support vector
machine algorithms for object-based wurban land wuse/land cover classification. Remote  Sensing, 11(14), 1713.

https://doi.org/10.3390/rs11141713.

1716


https://doi.org/10.30574/msarr.2024.12.2.0191
https://doi.org/10.1016/j.cosust.2019.05.003
https://doi.org/10.1016/j.envc.2022.100605

International Journal of Environmental Sciences
ISSN: 2229-7359

Vol. 11 No. 19s, 2025
https://theaspd.com/index.php

10. Kasahun, M., & Legesse, A. (2024). Machine learning for urban land use/cover mapping: Comparison of artificial
neural network, random forest and support vector machine, a case study of Dilla town. Heliyon, 10(20).
DOI: 10.1016/j.heliyon.2024.e39146.
11. Main-Knorn, M., Pflug, B., Louis, J., Debaecker, V., Miiller-Wilm, U., & Gascon, F. (2017, October). Sen2Cor for
sentinel-2.  InImage and signal  processing  for  remote  sensing  XXIII (Vol. 10427, pp. 3748). SPIE.
https://doi.org/10.1117/12.2278218.

12. Mateo-Garcia, G., Gémez-Chova, L., Amoros-Lopez, J., MunozMari, J., & Camps-Valls, G. (2018). Multitemporal
cloud masking in the Google Earth Engine. Remote sensing, 10(7), 1079. https://doi.org/10.3390/rs10071079.
13. Metwaly, M. M., AbdelRahman, M. A., & Mohamed, S. A. (2024). A machine learning model and multi-temporal

remote sensing for sustainable soil management in Egypt’s Western Nile delta. Earth Systems and Environment, 1-21.
https://doi.org/10.1007/s41748-024-00499-6.

14. Nagavi, J. C., Shukla, B. K., Bhati, A., Rai, A., & Verma, S. (2024). Harnessing Geospatial Technology for Sustainable
Development: A Multifaceted Analysis of Current Practices and Future Prospects. In Sustainable Development and Geospatial
Technology: ~ Volume  1:  Foundations and  Innovations (pp. ~ 147-170).  Cham: Springer ~ Nature  Switzerland.
https://doi.org/10.1007/978-3-031-65683-5_8.

15. Phiri, D., Simwanda, M., Salekin, S., Nyirenda, V. R., Murayama, Y., & Ranagalage, M. (2020). Sentinel-2 data for
land cover/use mapping: A review. Remote sensing, 12(14), 2291. https://doi.org/10.3390/rs12142291.

16. Radocaj, D., Obhodas, J., Jurisi¢, M., & Gagparovié¢, M. (2020). Global open data remote sensing satellite missions for
land monitoring and conservation: A review. Land, 9(11), 402.

17. Reddy, G. O. (2018). Geographic information system: principles and applications. In Geospatial technologies in land
resources mapping, monitoring and management (pp. 45-62). Cham: Springer International Publishing. https://doi.org/10.1007/978-
3-319-78711-4_3.

18. Rezvani, S. M., Falcio, M. J., Komljenovic, D., & de Almeida, N. M. (2023). A systematic literature review on urban
resilience enabled with asset and disaster risk management approaches and GIS-based decision support tools. Applied

Sciences, 13(4), 2223. https://doi.org/10.3390/app13042223.

19. Rogan, J., & Chen, D. (2004). Remote sensing technology for mapping and monitoring land-cover and land-use
change. Progress in planning, 61(4), 301-325. https://doi.org/10.1016,/S0305-9006(03)00066-7.

20. Sira, M., & Kuzior, A. (2025). Digitalization of Government Management Processes in the Context of Sustainable
Development. Management Systems in Production Engineering. DOI: https://sciendo.com/article/10.2478/mspe-2025-0029.

21. Tassi, A., & Vizzari, M. (2020). Object-oriented lulc classification in google earth engine combining snic, glem, and
machine learning algorithms. Remote Sensing, 12(22), 3776. https://doi.org/10.3390/rs12223776.

22. The European Space Agency (ESA). (2013). Sentinel-2 User Handbook. Accessed June 30, 2025.

23. The European Space Agency (ESA). Sentinel Online. https://sentinel.esa.int/, Accessed June 30, 2025.

24. Volpi, L., Marchi, S., Petacchi, R., Hoxha, K., & Guidotti, D. (2023). Detecting olive grove abandonment with Sentinel-

2 and machine learning: The development of a web-based tool for land management. Smart Agricultural Technology, 3, 100068.
https://doi.org/10.1016/j.atech.2022.100068.

25. Wu, B., Tian, F., Zhang, M., Zeng, H., & Zeng, Y. (2020). Cloud services with big data provide a solution for monitoring
and tracking sustainable development goals. Geography and Sustainability, 1(1), 25-32.
https://doi.org/10.1016/j.geosus.2020.03.006.

26. Zhang, J., Gu, H., Hou, W., & Cheng, C. (2021). Technical progress of China’s national remote sensing mapping:

from mapping western China to national dynamic mapping. Geospatial Information  Science, 24(1), 121-133.
https://doi.org/10.1080,/10095020.2021.1887713.

1717


https://doi.org/10.1016/j.heliyon.2024.e39146
https://sentinel.esa.int/
https://doi.org/10.1016/j.atech.2022.100068
https://doi.org/10.1016/j.geosus.2020.03.006
https://doi.org/10.1080/10095020.2021.1887713

