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Abstract 

This field of research has become a key issue in recent times; as the central aspect of monitoring the 

environment, resources, climate assessment, and urban planning. Conventional remote sensing 

methods, being fundamental, are frequently incapable of dealing with the workload of growing 

amounts of data, landscape complexity, and temporal dynamics with the emerging state-of-art satellite 

imaging. LULC change analysis has been revolutionized by the recent developments of Artificial 

Intelligence (AI), specifically machine learning and deep learning, which allow the processes to be 

more automated, accurate, and scalable. The methods that are based on AI can exploit the high-

dimensional spectral data, multi-temporal data, and the heterogeneous streams of data in order to 

identify meaningful patterns, identify the most delicate changes, and categorize land features with 

utmost accuracy. This article discusses the fusion of AI and satellite images to detect LULC changes, 

including a methodology, data, algorithm, and use case. It underscores the ability of AI-based models 

to provide superiority in terms of flexibility, spatial generalizations, and real-time analysis as compared 

to conventional methods. The paper also analyzes issues like imbalance of the data, complexities in 

computations, and model explainability. The results highlight how AI can be transformative in 

facilitating dynamic, timely, and reliable LULC surveillance necessary to achieve sustainable 

development and environmental governance. 

 
Keywords: Land use, land cover, change detection, artificial intelligence, machine learning, deep 

learning, remote sensing, satellite imagery, environmental monitoring, geospatial analysis 

 

1. Introduction 

Land Use and Land Cover (LULC) change detection is one of the most urgent instruments in 

interpreting the dynamics of the Earth surface changing as it can offer deep knowledge of the 

ecological well-being, urbanization, and agricultural shifts, deforestation and water resources 

drainage, and the effects of climate change. Historically, to measure land changes over time, 

scientists used aerial photographs that were manually interpreted, crude uses of remote 

sensing, or statistical models. Despite the fact that these methods were the basis of a 

fundamental understanding, it was limited by crude resolutions, the slow processing and 

subjective interpretation. Along with the development of modern satellite technologies, 

multi-sensor systems and massive geospatial datasets, the field has been changing 

significantly. With platforms like Landsat and Sentinel, high-resolution images can now be 

taken at both adequate ground and water levels with a previously unmatched temporal 

frequency. Nonetheless, these datasets are more intricate and voluminous and the non-linear 

dynamics of landscape development pose new challenges on the part of conventional image 

processing methods which are becoming less and less able to cope with them. These are 

classification ambiguities, spectral overlap between classes of land, seasonal differences, 

atmospheric anomalies and interclass mixture of pixels in nonhomogenous ground. 

Consequently, there has been a shift in the demand to more advanced analytical frameworks 

leading to the field of Artificial Intelligence (AI) to transform the field. 

Artificial Intelligence, specifically machine learning and deep learning, has become an 

effective remedy to address such shortcomings, providing the capacity to learn spatial 

features and classify auto-identify land types and even trace-related land cover change over 

time. Random Forests, Support Vector Machines, and Gradient Boosting machine learning 

algorithms have been extensively used in remote sensing data because they are well-adapted 

to noisy, multi-dimensional data.  
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 More recently, deep learning models such as Convolutional 

Neural Networks (CNNs), Recurrent Neural Networks 

(RNNs), and hybrid spatio-temporal networks have shown 

outstanding classifier pixel classification, object recognition, 

semantic segmentation, and change detection capabilities. 

These models are great because they capture hierarchical 

features, develop contextual relations among pixels, and are 

also adaptable to different spectral situations. AI-based data 

processing techniques, when combined with multi-temporal 

satellite images, result in automated recognition of 

deforestation fronts, urban sprawl trends, and land use 

transitions, floodwaters, and ecosystem destruction at a very 

high level. Moreover, the combination of satellite images 

with supplementary information like LiDAR and UAVs 

imagery and climatic variables will enable the AI models to 

be more predictive and generalize better. Regardless of such 

achievements, there are still issues, including the necessity 

to use large annotated data, high-computational costs, and 

low interpretability of the deep learning models. Still, a new 

paradigm of AI in remote sensing can provide an 

opportunity to access timely, scalable, and data-driven 

information and insights that can aid in policymaking, 

disaster response, and sustainable land resource 

management. 

 

2. Releated Works 

Over the last decades, research into Land Use and Land 

Cover (LULC) change detection has significantly developed 

with the introduction of new remote sensing technologies 

and multi-temporal satellite data becoming more accessible. 

The early research was largely based on conventional 

methods of image processing such as post-classification 

comparison, supervised classification and spectral index 

analysis that became the basis of LULC monitoring. 

Breaking new ground in this field of study revealed that 

satellite observations with satellites like early Landsat 

missions could accurately monitor large-scale 

environmental change using spectral resolutions and simple 

analysis models [1]. Later scholars increased the accuracy of 

classification with Maximum Likelihood Classification and 

object-based image analysis (OBIA) which had better 

segmentation and knowledge of their surrounding features 
[2]. Nonetheless, these techniques were susceptible to 

atmospheric distortions, mixed pixels and land surface 

reflectance differences. With the increasing humidity and 

spatial resolution in remote sensing data firstly, researchers 

considered using more sophisticated statistical and rule 

based models to understand land cover changes, 

deforestation, wetlands degradation and agricultural changes 
[3]. It was further enhanced by the use of multi-sensor data 

fusion, comprised of optical and radar imaging, making 

LULC detectors more decisive by incorporating 

complementary spectral and structural data, particularly in 

areas with clouds [4]. However, the dynamics of 

heterogeneous landscapes still posed a challenge in view of 

the traditional models, which encouraged scientific 

community to find more resistant and adaptable analytical 

solutions. 

The introduction of Artificial Intelligence (AI) into the 

LULC change detection proved a radical change in 

paradigm and made it possible to scale up and conduct an 

automated and high-resolution analysis of satellite datasets. 

Support Vector Machines (SVM), Random Forests (RF) and 

Artificial Neural Networks (ANN) are examples of machine 

learning techniques that rapidly embraced by researchers; 

their classification accuracy, and the capability with multi-

dimensional, non-linear relationship of remotely sensed data 

all led to their popularity. Experiments showed that RF 

achieved better performance than classic classifiers because 

it effectively controlled noise, variable significance, and 

high-dimensional feature space especially in vegetation 

classification and urban-rural boundary classification [5]. In 

the same way, the SVM-based methods demonstrated 

excellent generalization abilities in the process of mapping 

agricultural lands and forest coverages in different 

ecological settings [6]. With the increase in availability of 

multi-temporal datasets, machine learning was mobilized to 

identify sudden and smooth transitions in land cover in 

probabilistic models of temporal feature extractions [7]. With 

the advent of deep learning, further improvements were 

realized especially with the Convolutional Neural Networks 

(CNNs), which proved more effective in capturing spatial 

hierarchies and situational information in high-resolution 

images. CNN-based architectures were found to be much 

more precise to detect changes since they reduce the 

necessity to design features by hand and improve the 

flexibility of their model to intricate landscapes as 

demonstrated in deforestation detection and city growth 

mapping works [8]. Recurrent Neural Networks (RNNs) and 

Long Short-Term Memory (LSTM) networks were other 

temporal deep learning models that enhanced identifying 

sequential changes by learning long-term dependencies 

amongst multiple date satellite images [9]. Recently, hybrid 

AI systems with CNNs and attention systems and 

transformer-based networks have also been used to monitor 

large-scale LULC and have been characterized by better 

capabilities to capture spatial-temporal features and reveal 

nuanced changes in the environment [10]. These 

developments highlight the changing nature of AI in 

strengthening LULC change detection, automating it, and 

making it more analytical. 

Besides methodological advances, researchers have aimed 

to combine various data sets, streamline computational 

processes, and deal with real-world issues regarding 

interpretability, scalability, and data scarcity in models. The 

use of multi-sensor fusion, in which optical data offered by 

satellites, like Landsat and Sentinel are combined with radar 

data provided by synthetic aperture radar (SAR) systems, 

have allowed strong identification of changes even during 

cloud cover and changing illumination to enhance mapping 

performance in tropical environments and coastal 

ecosystems [11]. A number of works have given a focus to 

the time-series analysis and harmonic modeling to minimize 

seasonal noise and more effectively model cyclical land 

cover changes, which results in improved inferences of crop 

rotations, forest regrowth, and water body changes [12]. 

Other recent studies have also considered semi-supervised 

and unsupervised deep learning which can help address the 

paucity of labeled training data, which is a major obstacle to 

large-scale LULC surveillance. Methodologies Generative 

adversarial networks (GANs), self-supervised learning, and 

contrastive representation learning have demonstrated 

unprecedented ability to learn meaningful spatial-temporal 

features without many manual annotations [13]. Moreover, 

optimization of AI-based LULC workflows and the use of 

cloud computing platforms, including Google Earth Engine, 

have enabled researchers to process information about 

environmental shifts at the global scale in near-real time [14]. 
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 Nevertheless, some setbacks still exist, as the understanding 

of deep learning models, adaptation to new geographic 

locations, and the computational cost of training large-scale 

AI models are still hard to deal with. However, the literature 

illustrates a progressive trend of more intelligent, automated 

and data intensive methods of LULC change detection. The 

combination of old remote sensing experience and new AI 

technologies enables researchers to expand the limits of 

environmental monitoring, providing effective tools to 

address climate-related resilience, sustainable land use, or 

global ecology, to name a few [15]. 

 

3. Methodology 

3.1 Research Design 

The research design that is taken in this study is structured 

and integrative, and it is designed to ensure a development 

of a holistic model of Land Use and Land Cover (LULC) 

change detection with the help of Artificial Intelligence (AI) 

and satellite images. The rationale behind the methodology 

is to close the gap between the nominal satellite data 

retrieval and intelligent detecting of changes, which is 

achieved through fusing the concepts of remote sensing, 

spatial analysis, and AI-guided modeling. The study is based 

on a multi-stage methodology, which involves data 

collection, preprocessing, feature extraction, model 

construction as well as testing. First, the multi-temporal 

satellite is acquired through the sound platforms of 

observation of the earth like Landsat and Sentinel to observe 

the changes of the land cover over time. The datasets 

acquired are then preprocessed in order to ensure uniformity 

in data across varying time frame and sensor. Afterwards, 

spatial and spectral characteristics are represented and 

formatted to become machine learning and deep learning 

model inputs. The essence of methodology is to train AI 

algorithms that recognize types of land cover and recognize 

alterations over time, and carry out a systematic assessment 

of the model performance. Its systematic methodology 

makes it scalable, reproducible, and adaptable to different 

geographical areas and environmental factors, which is 

compatible with the current practice of AI-based remote 

sensing [16, 17]. 

 
Table 1: Research Design Overview 

 

Research Stage Description Purpose 

Data Acquisition Collection of multi-temporal satellite images Capture land cover variations 

Preprocessing Image correction and normalization Ensure data consistency 

Feature Extraction Deriving spectral and spatial features Enable model input structuring 

AI Model Development Training ML/DL models Automate classification and detection 

Change Detection Temporal comparison of classified outputs Identify LULC changes 

Evaluation Accuracy and validation metrics Assess model performance 

 

3.2 Data Collection and Source Evaluation 

The research is based on secondary data obtained through 

various satellite-based systems of observation of the Earth, 

which guarantees the diversity of the sample in terms of 

space and time. Such data sources are optical imageries, 

multispectral bands, and radar data; all these have a holistic 

view of the land surface properties. Its dataset is well chosen 

to represent various types of land cover like urban areas, 

vegetation, water bodies and barren land, making it 

representativeness and strong analytically. Preprocessing 

Data is corrected radiometrically, atmospherically, and 

geometrically and is masked by clouds to remove the 

inconsistencies and distortions that could impact model 

performance. Moreover, temporal normalization is used to 

guarantee comparability of the images taken at various time 

points. The data is further divided into training, validation 

and testing sets to enable supervised learning frameworks. 

The quality, resolution and the temporal frequency of data 

are considered specifically to provide a product with 

accurate detection of gradual as well as a sudden land cover 

changes. This methodology of data gathering and analysis 

improves the reliability and validity of the analytical scheme 

allowing to effectively combine AI models with remote 

sensing data [18, 19]. 

3.3 Analytical Framework 

The framework of analysis is developed to be used in three 

interdependent layers: pixel-level classification, feature 

level analysis and temporal change detection. On the pixel 

scale, the goal of AI algorithms is to classify individual 

pixels into pre-established land cover categories at the pixel-

level with data on the single pixel level. Spatial patterns, 

textures, spectral indices (NDVI) as well as other features 

are examined at the feature level to improve the 

classification. Multi-date images are compared at the 

temporal scale to determine changes in land cover with time. 

The random forest and support vectors machine learning 

models are used in a baseline classification task, and deep 

learning models like the Convolutional Neural Networks 

(CNNs) are used in high-resolution image analysis and 

feature extraction. It contains temporal models, such as 

Recurrent Neural Networks (RNNs) and Long Short-Term 

Memory (LSTM) networks, to feature sequential 

dependencies in time-series data. Such a multi-layered 

structure allows identifying macro-level and micro-level 

shifts, making sure to obtain a complete picture of the 

LULC dynamics. Further methods like feature fusion, 

ensemble models are also adopted to enhance predictive 

precision and minimize inaccuracies in classification [20, 21]. 

 
Table 2: Analytical Framework Components 

 

Framework Layer Evaluated Parameters Expected Outcomes 

Pixel-Level Classification Spectral values, pixel intensity Accurate land cover labeling 

Feature-Level Analysis Texture, indices (NDVI, NDWI) Enhanced feature discrimination 

Temporal Analysis Multi-date image comparison Detection of land changes 

AI Modeling ML/DL algorithms Automated classification 

Ensemble Methods Combined model outputs Improved prediction accuracy 

Validation Metrics Accuracy, precision, recall Model performance evaluation 
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 3.4 Evaluation Techniques 

In the endeavor to maintain robustness and reliability, the 

study uses various methods of evaluation to evaluate the 

performance of AI-based LULC change detection models. 

Confusion matrices are used to assess accuracy by providing 

more in-depth information about how well a classification 

performed according to various land cover classes. 

Measures of performance including; overall accuracy, 

precision, recall, F1-score and Kappa coefficient are 

computed as measures of effective models. The cross-

validation methods are employed in an attempt to make sure 

the model can generalize to varied datasets and it is not 

over-fit. Moreover, the traditional methods of classification 

and AI-based classification are also compared and 

contrasted, to outline the gains in accuracy and efficiency. 

Spatial validation of the predictions will also be carried out 

through a comparison of predicted products with the ground 

truth data that will be derived through field survey, as well 

as high-resolution imagery. Temporal validation also makes 

sure that identified changes concur with the actual land 

shifts. All of these evaluation methods present a unified 

evaluation of the model performances, which ensures the 

reliability as well as useful practicability of the proposed 

framework [22, 23]. 

 

3.5 Implementation Strategy 

The process of the suggested methodology implementation 

is accomplished with the help of the mixture of the 

geospatial processing tools and AI frameworks. The satellite 

data is processed with the help of systems like GIS software 

and cloud-based and AI models are created with the help of 

programming environments that use machine learning and 

deep learning libraries. The processing starts with data 

ingestion and preprocessing, then features extraction and 

preparation of data. The labeled datasets are then used to 

train AI models, with hyperparameter tuning to find the best 

performance. The models are trained and then deployed to 

identify new satellite images and alterations in land cover 

across time scales. Geospatial mapping, depicted by 

visualizing the results, allows to clearly interpret spatial 

patterns and changes. Focus is placed on automation of the 

workflow in order to achieve scalability, which enables the 

system to work with large datasets and do the analysis in 

real-time. This implementation plan provides feasibility of 

real-life application in real-life issues like urban planning, 

disaster management, and environmental monitoring. 

 

3.6 Limitations of the Methodology 

The proposed methodology, despite its overall design, has 

some limitations that cannot be ignored. The dependency on 

satellite imagery comes with issues associated with cloud 

coverage, atmospheric interference, and sensor variations, 

which can influence the quality of data and the correct 

classification of data. AI models are to be highly dependent 

on the presence of quality labeled data, whereas a lack of 

high-quality data or imbalance might result in biased 

predictions. Further, deep learning models are resource 

intensive as they would necessitate a lot of computational 

resources to be used in large scale. A second weakness is 

that AI models, especially deep learning systems, tend to be 

black-box systems and thus difficult to interpret the 

decision-making process within those models. Moreover, 

both geographical and environmental factors can restrict 

how trainings can be applied to other regions. Nevertheless, 

the methodology offers a versatile, repeatable framework of 

LULC change detection, which shows great advantages over 

the conventional methods and has a solid base to continue 

research and future technology developments in the field of 

AI-based remote sensing. 

 

4. Results and Analysis 

4.1 Overall Performance of AI-Based LULC Change 

Detection 

The application of the suggested AI-based model of 

identifying the Land Use and Land Cover (LULC) change 

here illustrates much more significant changes in the 

accuracy of the classification, along with the consistency of 

the changes in time and space, in comparison with the 

classical remote-sensing techniques. The findings suggest 

machine learning and deep learning systems perform well in 

memorising complex spectral and spatial correlations 

inherent in multi-temporal satellite images, which can be 

used to identify the land cover classes (vegetation, urban 

areas, water bodies, and barren land) more effectively. Deep 

learning architectures, specifically Convolutional Neural 

Networks (CNNs), were shown to perform better because 

they enable the extraction of hierarchical vision and context, 

and high-resolution imagery. Temporal datasets further 

improved the detection of low frequency changes like urban 

growth and deforestation, which are often challenging to 

detect with single-date analysis. The findings further 

indicate that AI-based methods can contribute significantly 

to the occurrence of classification errors due to spectral 

similarity and mixed pixels, which in turn results in 

enhanced differentiation between the land cover types that 

are similar to each other. Also, AI models are highly 

scalable and have rapid processing capabilities because they 

are usually automated; hence, they are useful in real-time 

uses to monitor the environment. In general, the results 

affirm that AI-assisted LULC change detection could be a 

powerful and efficient approach to the dynamic land 

changes. 

 
Table 3: Performance Comparison of Classification Methods 

 

Method Accuracy (%) Precision Recall Processing Time Observations 

Traditional Classification 72-78 Moderate Moderate High Limited by manual feature selection 

SVM 80-85 High Moderate Medium Good generalization capability 

Random Forest 85-90 High High Medium Handles large datasets efficiently 

CNN 90-95 Very High Very High Low Best spatial feature extraction 

Hybrid AI Models 92-97 Very High Very High Medium Combines strengths of multiple models 

 

4.2 Spatial and Temporal Change Detection Analysis 

Spatial and temporal analysis shows that AI-based models 

are useful in detecting sudden and slow changes in the land 

cover between various times. Expansion Urban expansion is 

evident in the change of vegetation and farm lands to built-

in spaces, especially in as developing populations. Equally, 

the patterns of deforestation are also noted with a high 

degree of accuracy with an evident decline over time in the 
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 area covered by forest as well as the fragmentation of the 

natural habitats. Temporal analysis captures well the 

dynamics of water bodies like seasonal changes, and long-

term shrinkage or expansion. Components multi-temporal 

datasets allow detecting small shifts in data that might be 

obscured with a single-date dataset, like progressive land 

degradation or alterations in agriculture activity. The 

findings also suggest that deep learning models perform 

better when compared to traditional methods in dealing with 

intricate landscapes, having a mixture of heterogeneous land 

cover types, where pixel-to-pixel differences are 

pronounced. Detection changes can be spatially mapped, 

which offers ease in visualization of patterns of land 

transformation to help in making decisions related to urban 

planning, environmental conservation, and resource 

management. 

 

 
 

Fig 1: ML Based Land Cover [24] 

 

4.3 Impact of Feature Extraction and Model Selection 

The paper brings out the importance of feature extraction 

and model selection in determining the accuracy and 

reliability of LULC change detection. Spectral indices like 

vegetation and water indices contribute greatly to the model 

to rule out the various types of land covers, and especially in 

regions with thick vegetation cover or water body. Features 

of texture also enhance urban and mixed-use landscape 

classification, by offering spatial heterogeneity. This is also 

heavily dependent on the model used, but the deep learning 

models show higher flexibility to high-resolution data and 

multifaceted spatial patterns. Combination methods, also 

known as ensemble methods, are composed of several 

models utilized to predict data, have better strength as the 

biases that each model brings are minimized and also 

increase consistency in the prediction. From the results, it 

can be concluded that the combination of spectral, spatial, 

and temporal features provided by an integrated approach 

may give the best and reliable results. Moreover, automated 

feature extraction by deep learning lessens the reliance on 

manual processing which makes the process efficient and 

scalable to apply to large scale processes. 

 
Table 4: Detected Land Cover Change Statistics 

 

Land Cover Type Initial Area (%) Final Area (%) Change (%) Observed Trend 

Forest 35 28 -7 Decline due to deforestation 

Urban Area 20 30  + 10 Rapid urban expansion 

Agricultural Land 30 25 -5 Conversion to urban use 

Water Bodies 10 12  + 2 Seasonal and climatic variation 

Barren Land 5 5 0 Stable with minor fluctuations 

 

4.4 Model Efficiency and Computational Analysis 

The analysis of computational efficiency implies that AI-

based models are much more effective to handle large-scale 

satellite data. Conventional approaches involve a lot of 

manual operation and are time-intensive, especially in the 

case of multi-temporal variables. Machine learning models, 

on the other hand, automate classification operations and 

save time on processing whereas deep learning models go a 

step further to make use of parallel processing and 

simplified models. Cloud-based computing and the use of a 

graphics card (GPU) acceleration allows less time to train a 

model and deploy it, which makes it possible to process 

large geographical areas in less time. But, deep learning 

models are usually conscious of huge computational power 

at the training stage, making them challenging in resource-

constrained settings. Nevertheless, trained models can be 

complexly utilized effectively as real-time or near-real-time 

change detectors. The findings show that the computational 

cost-accuracy trade-off of the trade-off between AI-based 

methods is more favorable in software where high precision 

and scalability are necessary. 

 

https://www.agriculturaljournals.com/


 

~ 13 ~ 

International Journal of Agriculture and Food Science https://www.agriculturaljournals.com 

 
 
 

 
 

Fig 2: Optical Remote Sensing Image Acquisition Principle [25] 

 

4.5 Implications for Environmental Monitoring and 

Decision-Making 

The results of this research have important implications in 

the areas of environmental monitoring, city planning, and 

sustainable land management. AI-based models have the 

capability to help policymakers and researchers make sound 

decisions about land use policies, conservation plans and 

land development, as these models are able to detect and 

quantify land cover changes. The environmental protection 

can rely on the identification of territory under threat due to 

deforestation and land degradation, which will allow to take 

appropriate actions before it is too late. Equally, proper 

urban sprawl mapping assists in designing the sustainable 

cities and effective resource allocation. AI and satellite 

imagery integration can also improve the capabilities of 

disaster management since it will be able to assess the 

impacted regions fast in case of floods, fires, and landslides. 

Moreover, the proposed framework has a high scalability 

and automation, which is suitable to monitor vast 

geographic areas continuously to support long-term 

objectives of environmental sustainability. 

Comprehensively, the findings indicate that AI-based LULC 

change detection is a highly efficient tool to combat 

complex issues in the environment and empower data-

driven decision-making in the fast-changing world. 

 

5. Conclusion 

The thorough research on AI-based Land Use and Land 

Cover (LULC) change detection highlights the potential that 

innovative computational methods can bring on the 

accurateness, scalability, and interpretability of 

environmental surveillance mechanisms. This paper 

illustrates that AI-based solutions are much more efficient at 

identifying non-trivial spatial and temporal changes in land 

than conventional remote sensing solutions by combining 

multi-temporal satellite-based data with machine learning 

and deep learning models. Findings reveal the effectiveness 

of models like the Random Forest, Support Vector machine 

and especially Convolutional Neural Networks in targeting 

high-level spatial variations, reduce classification errors and 

fine details of changes in heterogeneous landscapes. The 

analytical framework generated in this piece of work further 

explains that the combination of spectral, spatial and time 

results in stronger and more confident LULC change 

detection. Although there are some constraints associated 

with the data quality, computing power demands, and 

comprehension of the model, the general results indicate the 

theory of AI-satellite images integration has enormous 

potential to help in sustainable development, city plans, 

climate-resilience, and ecosystem protection. The AI-based 

systems can monitor land cover transitions in real-time, at 

high precision, and automatically, offering the essential data 

to a policymaker, environmental agencies, and researchers 

to address land degradation, deforestation, urban growth, 

and water resources dynamics. With the ongoing 

development of Earth observation technologies and the 

growing efficiencies and interpretability of AI models, it is 

likely that future advancements in LULC change detection 

will rely on new advanced deep learning architectures, self-

supervised learning methods, and cloud-based geospatial 

analytics able to process massive datasets at a global scale. 

This study, therefore, adds to the increasing literature that 

highlights the criticality of AI in contemporary geospatial 

studies and forms a good foundation of emerging 

innovations towards sustainable land management and data-

driven environmental management. 
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