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Spatio - Temporal Dynamics of Cultivable Wasteland in Western Uttar Pradesh
Abstract

This study investigates the Spatio-Temporal Dynamics of Cultivable Wasteland in Western Uttar Pradesh (2017-2023), focusing on district-level changes and classification patterns. Data from six districts Bijnor, Saharanpur, Muzaffarnagar, Meerut, Shamli, and Baghpat are analysed to quantify the area under cultivable wasteland over the seven-year period and the data is sourced from the land records officer and the director of agricultural statistics Uttar Pradesh. Significant variability is observed: Bijnor’s wasteland expanded from 2,197 ha to 4,215 ha (+91.85%), Saharanpur from 471 ha to 1,073 ha (+127.81%), and Shamli from 44 ha to 801 ha (+1,720.45%). In contrast, Muzaffarnagar (-22.94%) and Meerut (-77.37%) recorded substantial reductions, while Baghpat showed a moderate increase (+25.53%). 
K-means clustering (k=3) based on percentage change grouped districts into: High-increase (Shamli, Saharanpur), Moderate-increase (Bijnor, Baghpat), and Decline (Muzaffarnagar, Meerut). This spatial grouping highlights uneven patterns of land conversion and degradation, likely driven by district-specific socio-economic, agricultural, and policy factors. 
The results reveal that while some districts have successfully reclaimed wasteland, others have experienced substantial expansion, posing sustainability challenges. The integration of temporal trend analysis with spatial clustering offers valuable insights for targeted land management interventions. Policymakers can utilize these findings to prioritize regions for reclamation programs, promote sustainable cultivation, and address localized drivers of wasteland dynamics in Western Uttar Pradesh.
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1. Introduction

Land is a critical natural resource, fundamental to agriculture, biodiversity, and socio-economic development. However, pressures from population growth, urbanization, industrialization, and unsustainable agricultural practices have increasingly threatened land quality and availability worldwide. Among various land categories, cultivable wasteland lands that are currently not under cultivation but possess potential for productive use holds special significance. Understanding its spatial and temporal dynamics can help formulate effective land use policies and promote sustainable agricultural development.

1.1. Background and Context 

Western Uttar Pradesh (WUP), India, is an agriculturally rich and densely populated region with a complex landscape mosaic of cultivated lands, wastelands, forests, and urban areas. The region’s cultivable wasteland encompasses degraded or fallow lands that are previously under cultivation or have the potential to be converted to productive use. Tracking changes in this land category is vital due to its direct link with food security, rural livelihoods, and ecological sustainability. In recent decades, growing demands for agricultural expansion, changing cropping patterns, and environmental stressors have altered land use trajectories in WUP. Several factors such as soil degradation, water scarcity, land fragmentation, and socio-economic shifts interact to influence the extent and quality of cultivable wasteland. The dynamics of wasteland reflect broader environmental and economic processes and provide a proxy for assessing regional land management effectiveness. 

1.2. Importance of Spatio-Temporal Analysis 

Spatio-temporal analysis enables the detection of both where and when land use changes occur. For cultivable wasteland, it reveals patterns of reclamation, degradation, or conversion over time and across space. Such analysis is critical for identifying hotspots of land degradation, assessing the impact of policy interventions, and anticipating future land use trajectories. District-level examination in WUP is particularly relevant because land management and agricultural policy implementation often occur at administrative scales. Districts vary considerably in their natural resource endowments, socio-economic conditions, infrastructure, and governance, resulting in divergent land use outcomes. Through increased land productivity and yield, the extremely rich exploitation of each region's or nation's internal resources, the minimal use of non-renewable resources, safe and profitable harvests, the maintenance and care of natural resources supporting this type of agriculture, the maximum use of appropriate agricultural practices at the local, regional, and national levels, and workable strategies meant to preserve the natural resources of the surrounding environment, sustainable agriculture represents prosperous, extensive, and intensive economic development (Velten et al., 2015; Lampridi et al., 2019; Bobitan et al., 2023). Therefore, district-wise monitoring provides granular insights necessary for tailored land management strategies.

1.3. Review of Related Studies 

Watersheds (Zhang et al. 2019), geology (Liu et al. 2018), geomorphology (Hou et al. 2004), regions of various scales (Wang et al. 2002; Yin et al. 2023), and other regional studies are typically diversified. Planning and management (Kim 2011), development (Dempsey et al. 2017), cooperation (David 2015), conflict (De Jong et al. 2021), policy, and early research on land use change in various regions and nations (Petek 2005) have all progressively advanced (Long 2014).  Other researchers have examined the ecological environment (Lerner and Harris 2009), climate (Rounsevell and Reay 2009), urban planning, infrastructure (Hu et al. 2016), and LUCC and human health (Davey and Selvey 2020).  Furthermore, the focus has shifted to various scenario simulations, assessments, ecosystems, and LUCC impact variables (Jamali et al. 2023; Li et al. 2023). Zhongshan's urbanization level is transitioning from a mid-term acceleration stage to a late maturity stage, according to He et al.'s (2020) analysis of land use changes in the Pearl River Delta. Zhang (2013) exclusively examined the growth rate of construction use in Zhongshan city, moving from regional to local study. Zhang et al. (2021) examined the connection between changes in land use and shifts in ecological risk at the regional level. In the Hetao Irrigation District, land use has become increasingly complex, with cultivated land and wasteland intermingled due to environmental and human influences. Soil water and salt exhibit distinct variation patterns and interrelationships across these land types (Zhao et al., 2023). Temporal and spatial alterations could result from changes in the land spatial pattern, according to Xiao et al. (2019). Landsat imagery (1990–2023) processed through GIS and OBIA revealed a ~14% increase in built-up area, notably in Hyderabad, alongside a slight (~0.5%) rise in forest cover. During the same period, agricultural land (~0.1%), waterbodies (~0.5%), shrubland (~3%), and wasteland (~2%) declined significantly (Andalu et al., 2025). Previous research on land use dynamics in India and globally has highlighted the multifaceted nature of land degradation and reclamation. Studies have applied remote sensing, GIS, and statistical modelling to monitor wasteland, assess soil health, and predict land use changes. For example, Singh et al. (2014) documented significant variations in wasteland areas across northern India, emphasizing the role of socio-economic drivers and policy interventions. Similarly, between 2000 and 2010, agricultural land increased from 86.60% to 88.96% but then declined to 87.38% by 2020, while settlement areas steadily grew from 4.43% to 7.57%, reflecting significant conversion of agricultural and wastelands. Additionally, wasteland area decreased from 6.82% to 1.4%, likely due to government and farmer-led reclamation efforts (Gupta et al., 2024). However, comprehensive investigations focusing specifically on cultivable wasteland in Western Uttar Pradesh, integrating detailed temporal trend analysis with spatial classification, remain limited. This gap restricts understanding of local drivers and the effectiveness of reclamation efforts, hindering sustainable land resource management.

1.4. Study Significance and Contribution 

This research contributes to the broader discourse on land degradation and management by offering a region-specific, data-driven analysis of cultivable wasteland in Western Uttar Pradesh. It demonstrates the utility of combining quantitative time-series analysis with spatial classification to inform sustainable development. Additionally, the findings provide evidence-based inputs for policymakers engaged in agricultural planning, environmental conservation, and rural development. Prioritizing districts with both high cultivable wasteland increase and clustering patterns can optimize reclamation efforts and contribute to regional food security and ecosystem health. The methodological approach outlined here is transferable to other regions facing similar land degradation challenges. It encourages integration of remote sensing, GIS, and statistical learning tools for nuanced land monitoring, facilitating adaptive land use governance in dynamic socio-environmental contexts.

1.5. Objectives of the Present Study 

This study aims to bridge the knowledge gap by systematically analysing the spatio-temporal dynamics of cultivable wasteland in six districts of Western Uttar Pradesh Bijnor, Saharanpur, Muzaffarnagar, Meerut, Shamli, and Baghpat from 2017 to 2023. The key objectives are: 

· Quantify Temporal Changes: Measure and compare the changes in cultivable wasteland area over the seven-year period at the district level to identify significant increases or decreases. 

· Classify Districts Based on Change Patterns: Employ k-means clustering on percentage change data to group districts exhibiting similar trends, revealing spatial patterns in wasteland dynamics.

2. Material and methods

2.1. Study Area 

The study is conducted in six districts of Western Uttar Pradesh Bijnor, Saharanpur, Muzaffarnagar, Meerut, Shamli, and Baghpat. This region lies in the upper Indo-Gangetic plains, characterized by fertile alluvial soils, intensive agriculture, and a subtropical climate with hot summers, cool winters, and monsoonal rainfall.

2.2. Data Source 

District-wise data on the area under cultivable wasteland (hectares) from 2017 to 2023 is obtained from official land records and secondary government reports. The dataset comprised annual values for each district, enabling both temporal trend analysis and comparative spatial assessment.

2.3. Data Processing and Analysis 

2.3.1. Percentage Change Calculation - The relative change in cultivable wasteland between 2017 and 2023 is calculated using:
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This provided an overall measure of increase or decrease over the study period.

2.3.2. Trend Slope Calculation - To capture the rate of change over time, the slope of the linear trend for each district is computed using the least squares regression method, the method of finding the best curve to fit a set of data points by minimizing this sum is called the method of least squares (Mortimer and Blinder, 2024):
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Where x = year, y = cultivable wasteland area, [image: image4.png]


 = mean year and [image: image6.png]


 = mean area. Positive slopes indicate increasing trends, while negative slopes indicate decreasing trends.

2.4. Ranking
Districts are ranked for both percentage change and trend slope, identifying top increasing and decreasing cases.

2.5. K-means Clustering 

The K-means algorithm (k=3) is applied to the percentage change values to group the districts. Clustering algorithms exploit the underlying structure of the data distribution and define rules for grouping the data with similar characteristics (Jain et al., 1999).
2.6. Software and tools utilised

Data analysis is performed using Python with libraries such as Pandas, NumPy, Matplotlib and Scikit-learn. Spatial visualization and mapping are carried out using ArcGIS version 10.1.

3. Results and discussion
3.1. Percentage change analysis in 6 districts of Western Uttar Pradesh from 2017-2023

Table 1: Statistical values of percentage change for each district 

	District
	Area 2017 (ha.)
	Area 2023 (ha.)
	% Change (2017-2023)

	Bijnor
	2,197
	4,215
	91.85

	Saharanpur
	471
	1,073
	127.81

	Muzaffarnagar
	1,238
	954
	-22.94

	Meerut
	3,009
	681
	-77.37

	Shamli
	44
	801
	1,720.45

	Baghpat
	2,295
	2,881
	25.53


* Area is in Hectares
The analysis of cultivable wasteland dynamics between 2017 and 2023 in six districts of Western Uttar Pradesh reveals significant spatial variability in land-use change. The most striking observation is in Shamli, where the cultivable wasteland expanded from just 44 hectares in 2017 to 801 hectares in 2023, marking an unprecedented 1,720.45% increase. This extreme rise suggests substantial land abandonment or conversion from cultivated land to wasteland, potentially driven by socio-economic changes, shifts in crop profitability, water scarcity, or land degradation processes. Similarly, Saharanpur recorded a 127.81% increase, while Bijnor showed a 91.85% increase, indicating that wasteland expansion is not an isolated phenomenon but is affecting multiple districts. 

In contrast, some districts demonstrated improvements in land utilization. Muzaffarnagar reduced its cultivable wasteland by 22.94%, indicating successful reclamation, better land management practices, or increased agricultural intensification. The most notable recovery is seen in Meerut, which experienced a 77.37% decrease in wasteland area. Such a sharp decline points toward targeted land reclamation programs, urban expansion, or agricultural policy interventions that have reduced the availability of unutilized cultivable land. 

The case of Baghpat presents a moderate increase of 25.53%, suggesting relatively stable land-use dynamics compared to the extreme shifts in other districts. However, even this modest increase implies ongoing challenges in maintaining productive agricultural land, particularly in regions where urbanization and resource competition are intensifying. Overall, the data highlights a mixed pattern: while some districts have made progress in reducing wasteland, others are witnessing alarming increases.

3.2. Trend analysis in 6 districts of Western Uttar Pradesh from 2017-2023
Table 2: Statistical values of trend analysis and ranking for each district
	Rank
	District
	Trend Slope (ha/year)
	Trend Direction

	1
	Meerut
	-315.75
	Decreasing

	2
	Muzaffarnagar
	-107.96
	Decreasing

	3
	Baghpat
	-64.86
	Decreasing

	4
	Saharanpur
	73.36
	Increasing

	5
	Shamli
	95.29
	Increasing

	6
	Bijnor
	384.29
	Increasing
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Fig. 1: Cultivable wasteland area trend analysis plot for 6 districts of Western Uttar Pradesh from 2017-2023 time period.
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Fig. 2: Cultivable wasteland is depicted for the years A: 2017, B: 2019, C: 2021, and D: 2023. E: represents three clusters, while F: illustrates the ranking based on similar multi-year trends and magnitudes of wasteland area, with yellow indicating rank 1 at the top of the legend and rank 6 positioned at the bottom.
The trend slope in fig. 1 (ha/year) is the average annual change in cultivable wasteland area estimated by a linear least-squares fit to the 2017–2023 time series. A positive slope means wasteland area is, on average, increasing each year; a negative slope means it is decreasing. Ranked top-to-bottom, Meerut shows the largest annual decrease at −315.75 ha/yr, while Bijnor shows the largest annual increase at +384.29 ha/yr. To put the slopes in practical terms, multiplying the slope by the 6-year interval (2017-2023) gives an approximate cumulative trend over the period: Meerut ≈ −1,894.50 ha, Muzaffarnagar ≈ −647.79 ha, Baghpat ≈ −389.14 ha, Saharanpur ≈ +440.14 ha, Shamli ≈ +571.71 ha, and Bijnor ≈ +2,305.71 ha. 
The table 2 reveals two clear groups. The decreasing group (Meerut, Muzaffarnagar, Baghpat) suggests active reduction of cultivable wasteland possibilities include successful land reclamation, intensification of agriculture, conversion to built-up/urban uses, or improved irrigation and land-management practices. Meerut’s very large negative slope implies a sustained, strong conversion pressure or reclamation program across multiple years. The increasing group (Saharanpur, Shamli, Bijnor) signals expanding wasteland potential causes are agricultural abandonment, soil degradation, groundwater decline, shifts away from certain crops, or socio-economic factors like out-migration. Bijnor’s very large positive slope is particularly notable: it indicates rapid expansion of wasteland and warrants immediate local investigation. Baghpat is an instructive mixed case: its negative slope but net positive start-to-end change (as seen in your %-change figures) implies a non-monotonic trajectory perhaps an early decline followed by recent increases highlighting the value of inspecting the full time series rather than relying on a single summary metric.
3.3. Per district cultivable wasteland area clustering using k-means 
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Fig. 3: Clustering is performed using annual wasteland area values from 2017–2023 for each district. The data is standardized to remove scale effects, and K-Means (k = 3) grouped districts with similar multi-year patterns and magnitudes of wasteland area change.

Cluster 0 (Meerut, Muzaffarnagar, Baghpat) exhibits the highest variability among clusters in the early years, with mean values ranging from ~2180 ha in 2017 down to ~482 ha in 2022, before rebounding to ~1505 ha in 2023. The large standard deviations, particularly in 2017 (891 ha) and 2023 (1199 ha), suggest significant differences in area trends between the three regions in certain years. The minimum and maximum values also span widely, indicating that while some districts experienced consistent high areas, others saw substantial drops during certain years, due to land-use changes, reclamation practices of farmers.

Cluster 1 (Saharanpur, Shamli) has consistently low mean area values compared to Cluster 0, starting at 257.5 ha in 2017 and peaking at 937 ha in 2023. While the mean values are much smaller, the standard deviations are proportionally large (e.g., ~562 ha in 2020–2021), indicating that the two regions in this cluster have significantly different area figures, particularly in years when one region experienced a spike while the other remained low. The growth in 2023 is notable, suggesting a shift in land use for these districts. 
Cluster 2 (Bijnor alone) is unique, as its statistics show no variability within each year (standard deviation is zero or not applicable). The area values for Bijnor remain steady from 2017-2021 (~2197-2110 ha) before jumping sharply to 4598 ha in 2022 and slightly decreasing to 4215 ha in 2023. This dramatic rise points to a significant change in land classification or management in 2022, which sets this region apart from the others and explains why it forms its own cluster.
Conclusion

The slope analysis reveals clear spatial disparities in wasteland trends across districts. Bijnor and Shamli show the most significant positive slopes, indicating substantial annual increases in wasteland area and requiring immediate field assessment and remediation strategies. Conversely, Meerut and Muzaffarnagar exhibit strong negative slopes, reflecting successful reduction efforts that could serve as models for replication elsewhere. Saharanpur shows a moderate upward trend, while Baghpat’s decline, though smaller, still signals progress.

Cluster 0 (Meerut, Muzaffarnagar, Baghpat) shows high variability, with wasteland shrinking from ~2180 ha in 2017 to ~482 ha in 2022, then surging to ~1505 ha in 2023, reflecting uneven degradation patterns. Cluster 1 (Saharanpur, Shamli) starts low (~258 ha) but grows steadily to 937 ha in 2023, with spikes in certain years pointing to localized degradation. Cluster 2 (Bijnor) remains stable (~2197 ha) until a sharp jump to 4598 ha in 2022, indicating a major land-use shift /classification change.

Suggestions

1. Targeted Reclamation Programs

Focus land recovery efforts on high-variance districts like Bijnor where large fluctuations indicate instability in land use.

2. Region-Specific Land Management Plans

Develop tailored strategies for each district instead of a uniform policy, addressing the unique drivers of wasteland change.
3. Monitoring and Early Warning Systems

Implement annual remote sensing and GIS-based monitoring to detect sudden increases in cultivable wasteland.

4. Policy Incentives for Land Reuse

Provide subsidies, tax benefits, or credit facilities to encourage the conversion of wasteland back into productive agricultural land.
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