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Analyzing Land Use and Land Cover Changes using Remote Sensing and GIS in Churachandpur District, Manipur, Northeast India

Abstract
Over the past decade, Churachandpur district in Manipur has seen significant changes in land use and land cover (LULC), influenced by both natural processes and human activities. This study looks at these changes from 2017 to 2024 using Geographic Information Systems (GIS) and remote sensing tools to understand how the landscape has developed. We analyzed multi-temporal satellite images and confirmed the data through accuracy checks to track changes in forest cover, rangelands, agricultural areas, and urban settlements. The analysis shows major land transformations. Forest cover dropped by about 78 sq. km, reflecting a 1.65% decrease. Rangelands increased by roughly 67.23 sq. km, or 1.42%, while urban areas grew by 17.49 sq. km, a 0.37% rise. A transition matrix indicated that much of this conversion came from forested areas being changed into rangelands or built-up zones, showing increased human pressure on natural ecosystems. The classification results were reliable, with overall accuracy improving from 83.33% in 2017 to 93.33% in 2024. Kappa coefficients also rose from 75.84%, which indicates substantial agreement, to 91.92%, showing almost perfect agreement. Although forests still cover about 93.24% of the district’s area, the decline points to ongoing degradation and fragmentation of forest ecosystems. The findings also underscore how socio-economic changes affect land use, reflecting a broader trend across Northeast India. Small reductions in agricultural land of 5.62 sq. km (0.12% decrease) and water bodies of 1.35 sq. km (0.03% decrease) suggest a move away from traditional farming and possible stress on local water systems.	Comment by Subik Shrestha: Make this in one paragraph, not exceeding 285 words.
Overall, this study offers important insights to guide sustainable land management, biodiversity conservation, and community-based development in Churachandpur. The observed patterns highlight the urgent need to balance developmental needs with environmental protection through informed policies and active community involvement. Beyond its local significance, the study’s methods and findings can aid similar research in other mountainous areas of the Eastern Himalayas facing similar ecological challenges.
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1 INTRODUCTION
Land use and land cover (LULC) change is a crucial environmental process that shapes the Earth’s surface today. It significantly influences ecosystem functions, biodiversity patterns, and the potential for sustainable development (Lambin et al., 2001; Turner et al., 2007). Understanding how land is used and how it changes over time helps researchers and policymakers see the complex link between human activities and the natural environment. This understanding is vital for developing effective land management strategies and ensuring long-term ecological balance (Foley et al., 2005; Verburg et al., 2015).
Globally, human-driven changes in land use - through urban expansion, increased agriculture, deforestation, and infrastructure development - have caused significant ecological and social-economic changes (Hussain et al., 2019). The same patterns are visible in India, where rapid population growth and economic development have put pressure on limited land resources, making sustainable management more critical (Lalhmachhuana et al., 2022). In the northeastern states, especially in Manipur, demographic growth, changes in livelihoods, and modernization of agricultural practices have led to significant alterations in natural landscapes (Sharma et al., 2019; Ramachandra et al., 2017).
The Churachandpur district of Manipur is a notable example of these changes. Known for its rich ecological diversity and varied terrain, this district has experienced significant shifts in land use patterns in recent years. As the largest district in the state, Churachandpur’s mostly forested landscape has been increasingly changed by human activities like shifting cultivation (jhum), deforestation, agricultural changes, and urban growth (Kumar et al., 2013; Temjen et al., 2022). Like other areas of Northeast India, the region’s fragile ecosystems are facing increasing stress from these activities. Without careful monitoring, such changes can lead to soil erosion, habitat fragmentation, loss of biodiversity, and long-term resource degradation (Puyravaud, 2003;Roy & Joshi, 2002; Remlalruata, 2023).
Modern technologies such as Remote Sensing (RS) and Geographic Information Systems (GIS) now allow for accurate and efficient tracking of these land changes. By analyzing satellite images over time, these tools give a clear view of how landscapes change. In this study, GIS and remote sensing methods are used to examine LULC changes in the district over a seven-year period, from 2017 to 2024. Multi-temporal satellite imagery and advanced classification techniques (Lu et al., 2004; Rawat and Kumar, 2015) were applied to identify and quantify variations across major land cover categories, which include forests, rangelands, agricultural zones, built-up areas, and water bodies. Previous studies have shown that supervised classification using satellite data, especially from Landsat and Sentinel sensors, can create reliable and accurate LULC maps, often achieving classification accuracies over 80% (Islami et al., 2022; Lalhmachhuana et al., 2022).
Despite the increasing number of LULC studies in India, Churachandpur district has not been thoroughly examined through systematic spatial analysis. Given its ecological importance and cultural diversity, understanding the district’s landscape dynamics is essential for guiding conservation and planning efforts. The ongoing challenges of urbanization, deforestation, and shifting cultivation make it crucial to monitor recent land changes and assess their broader impacts on sustainability. This paper aims to address this gap by using RS and GIS to evaluate land use and land cover changes in Churachandpur district from 2017 to 2024. The main objectives of the study are:
a) To classify and map land use and land cover for the years 2017 and 2024 using multi-temporal satellite imagery;
b) To quantify and interpret the spatial extent and nature of land transformation; and
c) To provide evidence-based insights that can help planners and policymakers promote sustainable land management in the region.

2. LOCATION OF THE STUDY AREA
Churachandpur district is in the southwestern part of Manipur, a state in northeastern India. It covers about 4,715 km2, making it the largest district in the state. The district stretches between latitudes 23°45′ N and 24°45′ N, and longitudes 93°45′ E and 94°30′ E. It holds a key geographic position, sharing an international border with Myanmar to the south and domestic borders with Mizoram to the southwest, Chandel district to the southeast, and Bishnupur and Imphal West districts to the north. The terrain in Churachandpur is mostly hilly and rugged, with elevations ranging from about 200 meters to over 2,500 meters above mean sea level. Several river systems, like the Tuivai and Tuiruong (Barak) rivers and their tributaries, flow through the district. These rivers create fertile valleys that allow for some agriculture amidst largely forested slopes. Figure 1 shows the location of Churachandpur district along with its  major administrative sub-divisions.. These aspects make the district an ideal site for studying changes in land use and cover in a mountainous area impacted by both natural and human factors.
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Figure 1: Map showing the location of study area: (a) District-wise administrative divisions of Manipur state, (b) Churachandpur district with sub-divisional boundaries (study area).



3. MATERIALS AND METHODS
3.1 Data Acquisition and Preparation
The study used Sentinel-2 Global Land Use/Land Cover data with a spatial resolution of 10 meters for the years 2017 and 2024. To enhance the reliability of the analysis, additional reference data were obtained from the Esri Living Atlas of the World. All satellite imagery was processed in ArcGIS software. The imagery was clipped to match the administrative boundary of Churachandpur district, and composite bands were created from both Landsat and Sentinel datasets to improve the spectral detail required for classification.
3.2 Land Use Classification Method
Land use and land cover were mapped using a supervised classification technique, which enables the identification of known land cover types based on training samples (Karan & Samadder, 2018). This method was selected for its capacity to measure and compare spectral signatures of surface features and to assign unknown pixels to predefined land cover classes with measurable accuracy (Sari et al., 2021). Although supervised classification depends on representative training data, it provides greater control over class definitions and tends to yield higher classification accuracy (Samaniego, 2008). The multispectral classification process, widely used for digital mapping (Islami et al., 2022), was carried out in three major steps: creation of composite bands; execution of supervised classification; and assessment of classification accuracy. Using ArcGIS, the classified outputs were grouped into broader land cover categories to simplify interpretation. The “zonal histogram” and “zonal statistics” tools were then employed to compute the area (in square kilometers) covered by each land cover type.
3.3 Change detection analysis
To identify and quantify changes between 2017 and 2024, the change detection wizard and raster calculator tools in ArcGIS were used. This analysis generated change matrices that revealed how different land cover types transitioned over time - for example, forest areas converting into rangelands or built-up area. The process provided a detailed view of the spatial and temporal patterns of land transformation across Churachandpur district.
3.4 Accuracy assessment
Accuracy assessment was performed for the classified maps of 2017 and 2024 using 30 randomly distributed validation points. Since field verification was not feasible, high-resolution Google Earth imagery was used to visually confirm the land cover types at each point. This method aligns with contemporary remote sensing validation practices that rely on satellite-based verification when ground surveys are limited (Plourde et al., 2002).
According to Anderson (1976), interpretation accuracy in LULC classification should not fall below 80%. In this study, an error matrix was used to evaluate accuracy levels, recording both errors of omission and commission (Congalton, 1991; Foody, 2002). The validation points were chosen to represent all major land cover categories within the district, ensuring a balanced evaluation.
Four key metrics were calculated to determine classification performance:
User’s Accuracy: the proportion of correctly classified pixels within each category, relative to the total pixels assigned to that class.
User’s Accuracy = 
Producer’s Accuracy: the ratio of correctly classified pixels in a category to the total reference pixels for that class.
Producer Accuracy = 
Overall Accuracy: the total number of correctly classified pixels divided by the total number of reference pixels.
Total Accuracy = 
Kappa Coefficient: a statistical measure that accounts for agreement occurring by chance.
Kappa Coefficient (T) = 
The resulting Kappa values were interpreted following the standards outlined in Table 1, which classify the strength of agreement from poor to almost perfect.
Table 1. Rating criteria of Kappa statistics. 	Comment by Subik Shrestha: Citation required: Please add the citation for who made this strength of agreement. 
	Sl.No
	Kappa statistics
	Strength of agreement

	1
	< 0
	Poor

	2
	0.00 - 0.20
	Slight

	3
	0.21 - 0.40
	Fair

	4
	0.41 - 0.60
	Moderate

	5
	0.61 - 0.80
	Substantial

	6
	0.81 - 1.00
	Almost perfect



The Google Earth-based verification allowed for a detailed visual examination of major land cover types without the need for on-site field surveys. This method ensured a close match between the classified satellite data and the actual features visible on the ground. Although supervised classification and remote validation each have certain limitations, combining these approaches offered a reliable and practical way to evaluate land use and land cover changes in the district during the study period.

4. RESULTS 
4.1 Land cover classification and mapping
The multi-temporal analysis of satellite images for the study area produced detailed land use and land cover (LULC) maps for 2017 and 2024. Four major land cover types were identified: forest (tree cover), rangeland, cropland, and built-up areas, and three minor land cover types include water bodies, flooded vegetation, and bare ground. The spatial arrangement of these categories highlights the varied landscape features and ecological diversity of the district, as shown in Figures 2 and 3. These figures provide a foundation for analyzing changes and understanding the landscape dynamics over time.
To check the reliability of the classification, an accuracy assessment was conducted. The results showed that the mapping method worked well in both years. In 2017, the overall accuracy was 83.3%, with 25 out of 30 points correctly classified. For 2024, the accuracy improved to 93.3% (28 out of 30 points correct). Among the individual categories, the forest class did particularly well, reaching 100% user accuracy in both periods. The accuracy for the rangeland category also saw a notable increase, from 40% producer’s accuracy in 2017 to 71.4% in 2024. Table 2 and 3  summarizes the area of each land cover category for both years. 
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Figure 2: a) LULC map of Churachandpur district ,2017, and b) Percentage distribution of LULC classes.
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Figure 3: a) LULC map of Churachandpur district ,2024, and b) Percentage distribution of LULC classes.

Table 2: Land Cover Area Statistics for Churachandpur District (2017-2024)
	LULC Classes
	2017
	2024
	Net Change (sq. km)
	% Change

	
	Area
(sq. km)
	Area
( % )
	Area 
(sq. km)
	Area percent
	
	

	Water
	21.61
	0.46
	20.26
	0.43
	-1.35
	- 6.16

	Trees
	4474.24
	94.89
	4396.24
	93.24
	- 78.00
	- 1.65

	Flooded vegetation
	0.25
	0.01
	0.54
	0.01
	+ 0.29

	+ 69.05

	Crops
	54.12
	1.15
	48.5
	1.03
	- 5.62

	- 10.40

	Built Areas
	47.52
	1.01
	65.01
	1.38
	+ 17.49

	+ 36.80

	Bare Ground
	0.09
	0
	0.06
	0
	
- 0.03
	- 33.33

	Range land
	117.29
	2.49
	184.52
	3.91
	+ 67
	+ 57.30

	Total
	
	
	
	
	0.00
	



Table 3: Accuracy Assessment
	LULC Classes
	2017
	2024

	
	User (%)
	Producer (%)
	User (%)
	Producer (%)

	Water
	100
	100
	100
	100

	Trees
	100
	81.25
	88.89
	100

	Flooded vegetation
	-
	
	100
	100

	Crops
	66.67
	80
	85.71
	100

	Built Areas
	100
	80
	100
	100

	Range land
	40
	100
	100
	71.43

	Total Accuracy
	83.33
	93.33

	Kappa Coefficient
	75.84
	91.92



4.2 Quantitative analysis of land transformation
a) Forest cover dynamics
Forest remains the most dominant land cover in Churachandpur district, but the analysis revealed a gradual decline over the study period. Between 2017 and 2024, forest area decreased from 4,474.24 km² (94.89%) to 4,396.24 km² (93.24%). This indicates a net loss of 78 km², as shown in Figure 4. This translates to an estimated annual deforestation rate of 11.14 km², or about 0.25% per year. This rate is slightly higher than India’s national average of 0.15 - 0.20%, as reported by Reddy et al. (2015). The observed forest loss matches regional deforestation patterns across Northeast India. Fragmentation is often linked to shifting cultivation, settlement expansion, and resource extraction (Rathore et al., 2012). The pattern of deforestation tends to follow accessibility gradients, meaning forests close to roads and populated areas are more likely to be converted.
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Figure 4: Net and percentage change in major LULC classes during the study period (2017-2024).

b) Rangeland expansion
Rangeland showed the most significant growth among all land cover categories. The area expanded from 117.29 km² (2.49%) in 2017 to 184.52 km² (3.91%) in 2024. This is a 57.3% increase, equivalent to +67.23 km². This change accounts for roughly 86% of the total forest loss, indicating that the conversion of forest to rangeland was the main cause of deforestation in the district. The significant increase in rangeland can be traced back to locations where jhum was cultivated before the study period. These abandoned jhum fields eventually turned into open grass- and shrub-dominated landscapes as soil fertility declined and forest regrowth slowed. This pattern shows a broader shift in land management techniques, with communities relying more on livestock-based economies. Such changes align with larger trends in Northeast India, where shifting economic opportunities and climate challenges have led to alterations in traditional farming systems (Behera et al., 2017).
c) Built-up area expansion
Built-up or urban areas noticeably expanded during the study period. The extent increased from 47.52 km² (1.01%) in 2017 to 65.01 km² (1.38%) in 2024, marking a 36.8% rise (+17.49 km²). The rate of expansion exceeds the average population growth of 1 - 2% per year, suggesting that this growth is driven not only by population increases but also by infrastructure development and changes in where people settle (Kumar et al., 2013). Urban growth in the district likely involved both concentric expansion around existing towns and linear spread along major roads. This type of land change is usually irreversible and can have long-term effects on ecosystems, agriculture, and resource management.
d) Agricultural land changes
Cropland area slightly decreased during the study period, from 54.12 km² (1.15%) in 2017 to 48.5 km² (1.03%) in 2024. This is a decline of 5.62 km² (-10.4%). While modest, this reduction suggests a gradual shift in land use priorities. When viewed alongside the increase in rangeland, the trend reflects a larger movement away from crop-based farming. In many areas of the district, households increasingly rely on alternative livelihood options. These include wage employment outside the region, small-scale business activities, and to some extent, livestock rearing. This has contributed to the abandonment or reduced cultivation of cropland. Socio-economic changes, along with variable returns from small-scale agriculture and local environmental pressures, help explain the observed decline in cropland (Temjen et al., 2022).
e) Minor land cover changes
Other land cover categories experienced relatively minor changes between 2017 and 2024. Water bodies slightly decreased by 1.35 km² (-6.16%), while flooded vegetation showed a small but notable increase of 0.29 km² (+69.05%). Bare ground remained limited throughout the study, reducing slightly from 0.09 to 0.06 km² (-33.33%). Although these changes are small, they may indicate subtle hydrological adjustments possibly linked to variations in rainfall or changes in land use that affect watershed behavior (Bandyopadhyay et al., 2009).

5. DISCUSSION 
5.1 Factors influencing land use and land cover change
The changes in land cover across the district result from a mix of social, economic, environmental, and institutional factors at various levels. Understanding how these factors interact is crucial for creating effective land management strategies and informed development policies.
a) Demographic and socioeconomic factors
Population growth, even at moderate rates typical in Northeast India (about 1 to 2% per year), remains a significant cause of land use change. As the population increases, the demand for land for housing, infrastructure, and natural resource extraction also rises (Roy & Joshi, 2002). The sharp increase in built-up areas—36.8% over seven years—indicates that urban growth in Churachandpur results not only from population growth but also from changing lifestyles, improved connectivity, and shifted housing preferences.
Infrastructure initiatives like the Pradhan Mantri Gram Sadak Yojana (PMGSY) and the North East Special Infrastructure Development Scheme (NESIDS) have improved access to previously isolated areas, indirectly promoting forest clearance and settlement growth (Sati, 2019). At the same time, expanding markets and new job opportunities are influencing land use decisions—whether for forestry, farming, or other economic activities.
b) Policy and institutional factors
Policies and governance systems at both national and state levels significantly shape land use outcomes. Changes to community forest rights under the Forest Rights Act (2006) can change how local people manage and use forest resources (Bray, 2018). Similarly, agricultural subsidies and development programs can affect the balance between cropland and rangeland, contributing to observed land-use shifts. Ongoing forest loss, despite conservation measures, suggests weaknesses in enforcement and implementation. Additionally, the rapid growth of urban areas indicates the need for better planning that integrates land use, transportation, and environmental issues.
c) Technological and agricultural system changes
Advancements in agricultural technology have also played a key role. The adoption of high-yield crop varieties, fertilizers, and better cultivation methods allows farmers to produce more from smaller plots. This might explain the decline in total cropland despite ongoing food demand (Ray et al., 2019). Improved road networks and market access further influence farmers’ choices, as some may shift to more profitable or less labor-intensive activities. The notable increase in rangeland suggests a move toward livestock-oriented systems. This shift may reflect adaptation to new market opportunities, limited farm labor, or climate challenges affecting crop production.
d) Environmental and biophysical factors
The area's physical environment, with its steep slopes and mountainous terrain, naturally limits land use. Most changes occur in more accessible valleys or on gentler slopes. Altered rainfall patterns, temperature variations, and broader climate issues also impact vegetation and agricultural productivity (Mishra et al., 2019). Differences in soil fertility further influence land-use decisions, as less productive farms are often converted to rangeland or left fallow. The slight reduction in surface water area reported in this study may be linked to changes in rainfall or watershed conditions, though confirming this would require detailed hydrological data.
5.2 Implications of land cover change
The changes in land cover in Churachandpur have broad consequences, impacting the environment, agriculture, and socioeconomic and policy areas.
a) Ecological implications
The loss of about 78 km² of forest from 2017 to 2024 presents serious ecological challenges. This loss reduces habitat for forest-dependent species. The fragmentation of remaining forests can create "edge effects" that harm ecological quality and disrupt wildlife movements (Laurance et al., 2017). A smaller forest area also weakens vital ecosystem services like carbon storage, water regulation, and soil stability. Deforestation raises greenhouse gas emissions, though the extent varies based on how the cleared land is used. Even small changes, like the 1.35 km² reduction in water bodies, can influence watershed dynamics, streamflow, and sedimentation, especially when related to vegetation loss (Zhang et al., 2016).
b) Agricultural sustainability implications
The reduction in farmland area (-5.62 km²) raises concerns for the long-term sustainability of local agriculture. Unless productivity on existing farmlands improves, losing cultivated land might threaten food security. Increasing rangeland suggests some households are shifting toward livestock rearing, while others rely on wage work or small businesses, putting less stress on crop farming. While animals can provide extra income, uncontrolled grazing, especially on steep slopes, can lead to erosion, soil compaction, and nutrient loss (Apollo et al., 2018). With less arable land and a rising population, there will be more pressure to improve cultivation on remaining farmlands, highlighting the need for sustainable, locally suitable land management practices.
c) Socioeconomic implications
The observed changes also indicate a broader shift in local livelihoods and the regional economy. The transition from crop farming to livestock, urban jobs, and service sector activities shows increased diversification. The expansion of developed areas reflects growing economic opportunities but may also result in higher land prices and unequal access to resources (Khan, 2013). Land conversion often alters who can access and control land, sometimes undermining traditional communal rights and creating social inequalities. These shifts, although associated with development, need careful management to prevent increasing inequality.
d) Policy and planning implications
These findings highlight several key challenges from a governance perspective. Ongoing forest loss, despite protective laws, shows the need for better enforcement and community involvement. Meanwhile, the 36.8% growth in developed areas emphasizes the urgency of proper spatial planning to balance growth and sustainability. Agricultural and livestock policies should support efficient, environmentally friendly practices that maintain productivity without harming natural resources. Given the interconnected nature of these land changes, an integrated landscape management approach is vital—one that coordinates forest, agricultural, and urban policies instead of treating them separately (Rathore et al., 2012).
5.3 Methodological considerations
Some limitations must be acknowledged when interpreting these results. The classification used broad land cover categories, which may have hidden smaller transitions—like the differences between plantation forests and natural forests or among crop types. Additionally, the imagery dates for 2017 and 2024 might not represent the same season, potentially affecting vegetation classification. The accuracy assessment, based on 30 points, provides a reasonable overview but might not fully capture spatial variation, particularly for less common classes. While overall accuracy improved from 83.3% in 2017 to 93.3% in 2024, some uncertainty remains, especially for rangeland in the earlier dataset. The higher accuracy in 2024 could result from better-quality imagery, refined classification methods, or the analyst's greater familiarity with local landscapes. Although these improvements increase confidence in the findings, all interpretations should take into account the underlying methodological constraints (Chen et al., 2014).

6. CONCLUSION 
This study achieved its main goals of classifying and mapping land use and land cover (LULC) for Churachandpur district in 2017 and 2024. It also measured spatial changes and provided insights to support sustainable land management. The analysis of satellite images over time showed clear signs of landscape change. There was a decline in forest cover by 78 km², a significant increase in rangeland by 67.23 km², growth of built-up areas by 17.49 km², and a slight decrease in cropland by 5.62 km². These changes reflect the effects of population growth, infrastructure development, policy changes, and environmental variations. Together, they depict a changing landscape where natural ecosystems are gradually being replaced by human-made environments, influenced by expanding settlements, road networks, and livestock farming. Although forests still cover the majority of the district (93.24% in 2024), the ongoing loss of forest area and the rise of land used for human activities indicate a slow but steady change that needs ongoing monitoring and informed management.

The results highlight the pressing need for balanced land management strategies that align development with environmental protection. Due to the district’s ecological sensitivity and rich biodiversity, it is crucial to maintain a balance between human activities and environmental sustainability. The rapid urban growth and continued forest loss require proactive policies and careful planning to guide development in a way that protects ecosystem services while also supporting livelihoods and community well-being.
To promote sustainable land use, the study recommends the following key measures:
a) Preserve forests in high-risk deforestation zones, especially near expanding communities and major roads.
b) Plan urban growth more effectively to encourage dense development and minimize unnecessary loss of forests and farmland.
c) Improve rangeland management to ensure livestock production does not harm soil or vegetation.
d) Boost crop productivity on current farmland instead of expanding into forest areas.
e) Enhance watershed protection in regions showing signs of environmental stress.
f) Increase coordination among policies and sectors to address the interconnected nature of land use changes.

For future research, a closer investigation into specific pathways of land cover change is suggested, along with better integration of socioeconomic data to clarify the main drivers of change. Validating findings in the field, especially regarding the significant rangeland expansion, would provide useful context for satellite observations. Additionally, creating predictive models or scenario analyses could help anticipate future land use patterns and guide policymakers in making well-informed decisions. Monitoring land use more frequently would also enable early identification of emerging trends that may need timely policy actions.
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