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			Abstract | Soil erosion stands as a formidable challenge, particularly in regions susceptible to a confluence of natural and anthropogenic factors. This study endeavors to unravel the intricacies of soil erosion within the Swat district, employing the Revised Universal Soil Loss Equation (RUSLE) model alongside cutting-edge Remote Sensing (RS) and Geographic Information System (GIS) techniques. The RUSLE model, celebrated for its simplicity and efficiency, offers a lens to assess soil losses quantitatively, categorizing the basin area into five distinct vulnerability groups predicated on their proneness to soil erosion. The study’s findings spotlight alarming terrain vulnerability, specifically in the district’s northern expanse, encompassing locales like Kalam, Bahrain, and Pashmal. Within these regions, the magnitude of exposure is underscored by an average soil loss of 31.25 tonnes per hectare per year, coupled with compelling evidence of substantial erosion. The specter of erosion’s far-reaching implications beckons for immediate intervention, especially for the 2% of land grappling with extreme soil erosion. Urgent measures are imperative to preserve land integrity and safeguard the communities reliant on these resources. The amalgamation of GIS with the RUSLE model is indispensable in grappling with soil erosion’s complex tapestry. This synergy empowers soil conservation agencies to channel resources toward high-vulnerability regions, sculpting a landscape of proactive land preservation. As the study concludes, the imperative for future research echoes louder, beckoning to decipher the intricate web of contributors to soil erosion. The tale of soil preservation is far from over; it transforms into a symphony of knowledge and action orchestrated to better our shared terrestrial environment.
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			Introduction 

			The health of the soil is inherently crucial in meeting essential human requirements, such as sustenance, textiles, uncontaminated water, and unpolluted air, within the twenty-first century framework (Amundson et al., 2015). Soil plays a crucial role in effectively operating Earth’s systems, enabling the supply of vital functions within ecosystems (Robinson et al., 2017; Keesstra et al., 2016). Nevertheless, the acts of humans and the pressures exerted by the environment can diminish soil quality (Borrelli et al., 2017). Soil erosion is a significant issue, with key factors being population growth, deforestation, and overgrazing (Emadodin and Bork, 2012). The ramifications of erosion are diverse and have substantial importance for many reasons. The initial process of soil erosion, which involves the removal of the uppermost layer of soil known as topsoil, substantially impacts soil fertility and agricultural productivity. Secondly, erosion results in a decline in reservoirs overall capacity and functionality, while simultaneously deteriorating the downstream water quality (El-Jazouli et al., 2017; Gayen and Saha, 2017). In addition, the consequences of soil erosion have implications in various other aspects.

			Moreover, soil erosion increases pollutants and sediment deposition in streams and rivers, ultimately leading to the obstruction of these aquatic systems and a reduction in biodiversity (Allafta and Opp, 2022). In addition, erosion contributes to the downstream transportation of water containing silt, leading to sediment layers that impede the natural flow of streams and rivers. Consequently, this phenomenon contributes to the incidence of floods (Gayen and Saha, 2017). Soil erosion has a significant role in reducing land resources that would otherwise facilitate the growth of flora, which possesses the capacity to absorb carbon dioxide, a greenhouse gas associated with climate warming. Notably, soils can sequester a considerable quantity of greenhouse gases, potentially mitigating around five percent of anthropogenic greenhouse gas emissions during a specific timeframe (Allafta and Opp, 2022). An alarming number reveals that an estimated 10 million hectares of croplands experience significant degradation annually as a result of the persistent effects of soil erosion.

			Overpopulation exacerbates problems such as deforestation for agriculture and the extraction of wood and other resources, intensifying their negative impacts (Kheir et al., 2008; Nekhay et al., 2009; Tongde et al., 2021). Regrettably, human activities bear primary responsibility for soil degradation, which has emerged as a critical issue in recent times (Wiejaczka et al., 2017). These activities affect every aspect of land use and can be further compounded by natural factors such as landscape and climate changes (Kriegler et al., 2013). The conversion of natural vegetation is the most apparent consequence of these activities, leading to multiple ecological implications (Bucała et al., 2015). The shift from natural vegetation to agriculture has aggravated the problem, especially in hilly regions. Intensive agricultural practices have significantly increased soil erosion rates due to this land use change, posing grave threats to the environment and the economy (Nearing et al., 2017).

			The global ramifications of land erosion are profound, exerting a significant impact on critical domains including agricultural output, water infrastructure, and recreational spaces. This translates into a substantial annual economic burden, estimated at approximately $7 billion on a global scale (Borrelli et al., 2020; Hewett et al., 2018). The implications extend deeply into crucial sectors like agriculture, water storage facilities, and leisure areas, intensifying the threat of floods and infrastructure impairment due to the accumulation of sediments (FAO, 2011; Wuepper et al., 2020; Yang et al., 2003; Alewell et al., 2020). Throughout the previous century, the escalation of land degradation has led to a staggering loss of topsoil productivity, amounting to 24 million tons globally (Ullah et al., 2022). Alarming forecasts by the UN Food and Agriculture Organization indicate that 90% of the world’s topsoil could be endangered by 2050, underlining the pressing imperative for adopting sustainable land management practices (FAO, 2019). Insights from studies reveal that reservoirs worldwide encounter an annual decline in storage capacity, ranging from 0.5% to 1% due to sedimentation. Disturbingly, projections indicate that by the 2050s, numerous dams might be left with only half their current storage capacity, reinforcing the urgency of addressing this issue (Chuenchum et al., 2020).

			Annually, an unsettling reality unfolds as the reservoirs worldwide experience a gradual decline in their storage capacity due to sedimentation, ranging between 0.5% and 1%, as highlighted in the study conducted by Chuenchum and colleagues (Chuenchum et al., 2020). This sobering observation is compounded by the projection that many dams could be left with merely half of their existing capacity by the 2050s. Particularly disconcerting trends emerge in Asia, where reservoir storage capacity is being eroded by sedimentation at an alarming rate, consuming up to 40% of the capacity, posing a substantial hazard to future water supply reliability, as indicated by (Walling, 2011).

			Vulnerable to the scourge of soil erosion, developing nations face heightened risks. This reality is starkly evident in India, where water erosion affects a vast expanse of land approximately 30-32.8 million hectares as underscored by (Lal, 2017). In Iran, recent investigations by (Mohammadi et al., 2018) divulge that the country grapples with a worrisome average annual soil loss of 24 tons per acre. Similarly, Pakistan contends with the profound impact of water erosion, resulting in soil loss across over 11.2 million hectares, encompassing nearly 70% of the country’s total land area, as elucidated by (Ashraf et al., 2017).

			For more than seven decades, the adoption and application of soil erosion models have played a pivotal role in both predicting and mitigating soil erosion. This field has seen the establishment of various influential models, each contributing to our understanding of this critical phenomenon. Some notable models include the Water Erosion Prediction Project (WEPP) (Boardman, 2006; Choudhury et al., 2022), the Soil and Water Assessment Tool (SWAT) (Boardman, 2006), the Revised Morgan and Finney model (RMMF) (Morgan, 2001), the Soil Erosion Model for Mediterranean Regions (SEMMED) (Boardman, 2006), and the European Soil Erosion Model (EUROSEM) (Boardman, 2006). Among these models, the Universal Soil Loss Equation (USLE) stands out as an extensively utilized empirical model for estimating soil erosion. It presents a moderate level of complexity in contrast to other models (Ganasri and Ramesh, 2016). Over the course of the past eight decades, researchers have consistently turned to the RUSLE model for its exceptional attributes, including high accuracy, flexibility, reliability, simplicity, and user-friendliness (Meliho et al., 2020; Boardman et al., 2009; Sandeep et al., 2021; Aslam et al., 2020).

			The fundamental aim of this study is to quantify the extent of soil erosion within the Swat district by establishing a comprehensive overview of soil loss dynamics. This objective will be realized through the integration of Remote Sensing (RS) data and Geographic Information System (GIS) techniques in conjunction with the Revised Universal Soil Loss Equation (RUSLE) model. This integration will facilitate the creation of maps that delineate the varying degrees of erosion severity across different regions within the Swat district and identify the contributing factors. These generated maps will offer a tangible visualization of erosion patterns, enhancing our understanding of the phenomenon.

			Materials and Methods

			 

			Study area

			The Swat district is positioned in Khyber Pakhtunkhwa, Pakistan, at coordinates 34°46’58” N and 72°21’43” E. The district shares its northern boundary with Chitral, the western border with Dir, and the northeastern border with Gilgit-Baltistan. Encompassing an expanse of 5,337 square kilometers, the district is inhabited by approximately 1.26 million individuals (Bangash, 2012). Nestled within the heart of Khyber Pakhtunkhwa’s thriving tourist industry, the study area is distinguished by its mountainous topography, encircled by the majestic Hindu Kush Himalayas (Qasim et al., 2013). The climate within Swat exhibits a diverse range, spanning from semiarid to subhumid to humid, thereby showcasing a spectrum of climatic conditions (Zamani et al., 2022). From a geological perspective, the research area resides within a Suture Zone (SZ), formed as a result of the convergence between the Indian Plate and the Kohistan Island Arc (KIA). This region marks a particularly active tectonic and geomorphic zone, where the KIA interfaces with the Asian Plate (Islam et al., 2022). The annual precipitation in this region fluctuates between 600 to 1200 mm (Dahri et al., 2011; Bazzani, 2013). To sustain their livelihoods, the local populace heavily relies on the area’s natural resources, including farmland, pastures, livestock, fisheries, tourism sites, and timber (Khan and Khan, 2009). Agriculture is significant in the district’s economy, with approximately 42% of the population deriving their income from it (Bacha et al., 2021). For enhanced clarity, Figure 1 visually situates the study area within Pakistan, providing a clear overview of its geographical context. In addition, Figure 2 offers a digital elevation model and slope analysis, offering insights into the topographical features of the research region.

			RUSLE model

			The Universal Soil Loss Equation (USLE) stands as a widely adopted model for comprehending the intricate dynamics of soil erosion. Within this study, the Revised Universal Soil Loss Equation (RUSLE) was employed, harnessing actual data to provide insightful perspectives into the phenomenon of soil erosion (Doulabian et al., 2021; Alitane et al., 2022). Soil erosion is influenced by a multitude of factors, spanning both direct and indirect contributors. These encompass the length and steepness of slopes, rainfall erosivity, the erodibility factor of the soil, crop management practices, and conservation strategies (Wang et al., 2022).
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			Figure 1: Study area location with respect to Pakistan.
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			Figure 2: Digital elevation model and slop of the study area.

			To investigate soil erosion, this research integrated satellite imagery to craft a land cover map, taking into account soil types and agricultural practices. Subsequently, the RUSLE model was applied to this dataset, capitalizing on its compatibility with Geographic Information Systems (GIS) to enhance precision in analysis. The RUSLE equation (Equation 1) was derived, amalgamating five input factors sensitive to spatial and temporal fluctuations:
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			Here, (A) signifies the annual soil erosion rate (t ha−1 y−1), (R) represents the rainfall erosivity factor (MJ mm ha−1 h−1 y−1), (K) denotes the soil erodibility factor (t ha−1 MJ−1 ha−1 MM−1), while the remaining parameters are dimensionless. By individually integrating these five components, empirical estimations of soil erosion were undertaken utilizing the raster map tool within ArcGIS. The analysis and processing of all spatial data, including the delineation of the study region, were facilitated using ArcGIS 10.8. Table 1 displays the estimated RUSLE parameters and the corresponding data source.

			Table 1: Dataset sources.

			
				
					
					
					
				
				
					
							
							Data 

						
							
							Spatial resolution 

						
							
							Data source

						
					

					
							
							Rainfall data

						
							
							Monthly average rainfall data

						
							
							Pakistan meteorological department

						
					

					
							
							Digital elevation model (DEM)

						
							
							30 m

						
							
							STRM

						
					

					
							
							Soil data

						
							
							Global FAO soil map of 5×5

						
							
							Food and agriculture organization

						
					

					
							
							Land cover

						
							
							10m

						
							
							Sentinel 2 data

						
					

				
			

			R factor 

			The component concerning annual precipitation holds significant importance in delineating the overall amount and intensity of rainfall. To gather this crucial data, monthly precipitation records spanning a decade (2012-2022) were procured from the Pakistan Meteorological Department for each of the five weather stations within the study area. Nevertheless, estimating this factor encountered certain challenges owing to specific data prerequisites. To overcome these challenges, streamlined procedures were formulated. The annual precipitation data, measured in millimetres, are fundamental for computing rainfall’s erosivity factor (R). Consequently, regions with higher annual precipitation exhibit elevated R-values. This insight aids in determining the R factor by leveraging the average annual rainfall value. In the pursuit of mapping rainfall across the research area, the Inverse Distance Weighting (IDW) method was employed through ArcMap. This technique holds a well-established reputation as one of the most efficacious tools for predicting precipitation patterns across a designated geographical expanse (Maleika, 2020; Liu et al., 2020). Numan (Ejaz et al., 2023) introduces an Equation that has been acknowledged as the most accurate means of calculating the R factor.
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			Here, PCP signifies the average annual precipitation in millimetres. This equation facilitates a precise determination of the rainfall’s erosivity factor, contributing to the comprehensive understanding of erosive forces at play.

			LS factor

			Within this study, the variables L and S within the RUSLE model encapsulate the influence of topography on erosion rates. It’s recognized that soil erosion and overland flow tend to intensify with greater slope length and steepness (Siswanto and Sule, 2019). Interestingly, alterations in slope length exert a more substantial impact on total soil loss compared to changes in the slope’s angle or inclination (McCool et al., 1987). The ground slope surpassing the critical angle emerges as a pivotal determinant in soil erosion dynamics. Our research harnessed the Digital Elevation Model (DEM) within the ArcGIS framework to calculate the LS (length and steepness) value. This value furnishes intricate insights into the distribution of slope length and steepness across the terrain. 

			The calculation of LS integrates both flow accumulation and slope steepness. We derived the runoff accumulation rate and slope characteristics by amalgamating these factors through the ArcGIS Spatial Analyst add-on. To derive the LS factor for our analysis, we employed Equation 3, as introduced by Moore and Burch (1986).
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			Here, flow accumulation corresponds to the aggregate upslope supporting area of the grid cell. The LS Factor signifies the amalgamation of slope length and steepness. The variable cell size reflects the dimension of a singular grid cell, while ‘Sin slope’ encapsulates the degree of slope in terms of sine. This equation serves as a foundational element in our analysis, contributing to a nuanced comprehension of the role of topography in soil erosion patterns.

			K factor

			The K Factor serves as a quantitative measure of the ease with which soil particles detach from their parent soil and are transported away by rainfall and runoff. It is primarily influenced by the soil’s texture, organic matter content, structure, and permeability. SE, denoting the “rate of erosion per unit of the erosion index from a typical unit plot of 22.13 meters in length with a slope gradient of 9%” (Ganasri and Ramesh, 2016), reflects the pace of soil loss corresponding to the erosivity of rainfall (R) index.

			Originally, the equation proposed by Wischmeier and Smith (1978), requiring insights into soil structure and permeability, was solved using the formulation provided by Sharpley and Williams (1990). This facilitated the estimation of soil erodibility. The subsequent Equation 4 breaks down the calculation of the K_Factor: 

			[image: ]

			Where; Fcsand indicates the influence of coarse sand content on erodibility. Higher amounts of coarse sand correspond to lower erodibility, while greater fine sand content leads to higher values. Fsi represents the effect of the ratio between clay and silt on erodibility. Higher clay-to-silt ratios result in lower erodibility. Forgc accounts for the reduction of erosion in soils rich in organic matter. Fhisand signifies that erosion decreases in soils with a high proportion of sand.

			These factors collectively shape the K factor, allowing for a more nuanced understanding of how soil properties influence its susceptibility to erosion. The variable ‘C’ stands for the percentage of organic matter content, ‘SN1’ signifies the sand content, while ‘CLA’, ‘SIL’, and ‘SAN’ denote the proportions of clay, silt, and sand, respectively. This equation encapsulates the intricate relationships between soil characteristics and erosion dynamics, offering insights into erosion vulnerability.

			LULC data

			To generate the land use and land cover (LULC) map for the Swat District, we employed Sentinel-2 data processed in ArcGIS. The stacking tool was utilized to combine all satellite images, and subsequently, the “pan-sharpening tool” was applied to enhance the image resolution. To delineate distinct LULC categories, training areas were selected to generate hyperplanes. Machine learning techniques, specifically Support Vector Machines (SVM), were employed for classifying the high-dimensional remote sensing data (Adugna et al., 2022; Balkhair and Rahman, 2021). The accuracy of the LULC classification is commonly assessed using techniques such as the confusion matrix and kappa coefficient (Motlagh et al., 2020; Parida and Mandal, 2020). A multivariate, discrete method known as Kappa analysis was used to evaluate the accuracy and precision of the generated LULC maps. Accuracy analysis included total accuracy, producer, and user accuracy, and overall kappa coefficient. 

			The user’s accuracy was determined by dividing the total image pixels by correctly classified pixels for every LULC class. The producer’s accuracy was obtained by dividing the number of correct pixels in every LULC class by the total number of pixels in the reference points. The formula for calculating total accuracy is:
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			The observed image’s Kappa factor was used to evaluate accuracy.

			The Kappa coefficient represents a classification technique’s relative error reduction relative to random categorization. A Kappa value 1 indicates perfect agreement, whereas 0.811 means the LULC map reduces 81.1% of errors. The below Equation 6 was used to calculate the Kappa coefficient for several categorization techniques.
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			TS= Total samples; TCS= Total corrected samples.

			C factor 

			When it comes to assessing soil loss, Land Use and Land Cover (LULC) classifications play a pivotal role through the C factor. Calculating the C factor involves incorporating information about soil management, crop type, soil moisture, and variations in soil surface conditions. However, evaluating these characteristics can be challenging due to data limitations and the multitude of potential combinations (Farhan and Nawaiseh, 2015). In this study, we leveraged LULC categorization to determine the C factor, adhering to the guidelines outlined by (Yesuph and Dagnew, 2019). Utilizing the LULC map of the basin, we derived the C parameter. To translate this into practice, we followed a literature-recommended approach, as proposed by (Swarnkar et al., 2018; Maqsoom et al., 2020; Allafta and Opp, 2022), where we transformed the raster map into a vector format to represent the corresponding C factor for each LULC category. Table 2 presents a comprehensive compilation of values for the cover management factor, spanning from 0 to 1. This C factor is crucial in soil erosion modeling, as it estimates an area’s susceptibility to soil loss. In essence, higher C-factor values within this table indicate greater vulnerability to soil erosion in the corresponding areas. This signifies that region with elevated C-factor values tend to possess less effective vegetation cover or management practices, rendering them more prone to the adverse effects of soil erosion processes. This insight underscores the significance of C-factor assessment in predicting and managing soil erosion dynamics.

			Table 2: C factor for LULC classes.

			
				
					
					
					
				
				
					
							
							S. No

						
							
							Land cover

						
							
							C_Factor

						
					

					
							
							1

						
							
							Grass land 

						
							
							0.7

						
					

					
							
							2

						
							
							Forest cover

						
							
							0.004

						
					

					
							
							3

						
							
							Water bodies

						
							
							0

						
					

					
							
							4

						
							
							Crop land

						
							
							0.65

						
					

					
							
							5

						
							
							Buildup area

						
							
							0

						
					

					
							
							6

						
							
							Snow cover

						
							
							0

						
					

					
							
							7 

						
							
							Bare land

						
							
							1

						
					

				
			

			P factor 

			In soil erosion modeling, the P-factor plays a pivotal role by gauging the efficacy of erosion control practices in curtailing soil loss under particular topographic conditions, especially those involving up-and-downhill ploughing. This factor considers an array of land treatments and interventions designed to curtail the movement of soil particles and mitigate erosion. Practices such as contouring, compaction, constructing sediment basins, and implementing erosion control structures all determine the effectiveness of erosion control measures, thereby influencing the P-factor. In the context of Pakistan, limited endeavours have been made to implement comprehensive erosion control practices, resulting in a dearth of well-established erosion control measures across the region. Consequently, for the entirety of the study area, the P-factor was ascribed a value of 1. This value signifies the absence of specific erosion control practices and the region’s limited resistance against soil erosion. This situation underscores the need for heightened attention and action towards implementing erosion control strategies to mitigate soil erosion’s adverse effects (Maqsoom et al., 2020; Batool et al., 2021).
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			Figure 3: Rainfall and erosivity factor.

			Results and Discussion

			Rainfall erosivity 

			We leveraged the mean annual rainfall data from various weather stations to generate the R-factor map for the Swat district (Figure 3). The Interpolation technique, Inverse Distance Weighting (IDW), was employed to estimate and interpolate the rainfall values across the entire study area. This process facilitated the creation of a comprehensive R-factor map, showcasing the spatial distribution of erosivity potential. Figure 4 visually presents this spatial distribution, portraying a range of R-factor values spanning from 380 to 550 MJ mm/ha/h/year across the Swat district. This map effectively communicates the variability in erosivity potential, offering insights into how different locations within the study area experience varying levels of erosive forces due to rainfall. This information is crucial for making informed decisions about soil conservation, land management, and erosion prevention strategies in areas that may be more susceptible to soil erosion due to higher erosivity values. The R-factor map highlights that the region of Kalam exhibits the highest R-values, indicating a higher potential for erosivity due to the significant amount of rainfall in that area. Conversely, Mingora and Barikot are marked by the lowest R-factor values, suggesting relatively lower erosivity potential in these locations due to lower annual rainfall amounts. This distribution of R-factor values aligns with the local rainfall patterns, with Kalam experiencing higher rainfall compared to Mingora and Barikot. The varying R-factor values across these regions underscore the importance of considering local climate conditions and erosivity potential when implementing erosion control and soil management strategies
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			Figure 4: LS factor map.

			Topographic LS factor 

			The LS factor map offers valuable insights into how the combination of slope length and gradient contributes to the process of soil erosion. In regions characterized by high LS values, which are primarily concentrated in the northern parts and some southern areas, the influence of steep terrain on soil loss becomes evident. 

			Figure 2 visually depicts the landscape and reveals an elevation range spanning from 722 to 5828 meters. In areas with steep slopes or elevated LS factor values, a heightened susceptibility exists to moderate to severe soil erosion. The map effectively communicates that the LS factor varies from 0 to 16 across most of the study area. In regions where LS values approach or reach 16, a moderate to high potential exists for erosive forces, signifying a greater likelihood of soil erosion occurring in those specific areas. As illustrated in Figure 4, the LS factor map provides a visual representation of these findings, shedding light on the distribution of soil erosion susceptibility based on slope characteristics. This information holds significant implications for land management decisions and erosion prevention strategies, especially in regions with high LS factor values that may require targeted interventions to minimize soil loss.

			Soil erodibility K factor 

			The regional distribution of K values in the SWAT region is shown in Figure 5; the values range from 0.24 to 0.33. These values indicate low-to-moderate soil erodibility in the study area. The K factor is further classified into lithosols, Gleysol, and eutriccambisolo. In the map, blue represents areas with low erosion capacity, while yellow indicates high erosion capacity. The gradient from blue to yellow reflects increasing soil erosion potential. The map provides valuable insights into the variation of K values and the associated soil erodibility across different soil types in SWAT. The K factor for lithosols is 0.27, indicating moderate soil erodibility. The K factor for Gleysol is 0.33, suggesting a relatively higher soil erodibility than lithosols. The K factor for eutriccambisolo is 0.24, indicating a lower soil erodibility than the other two soil types.
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			Figure 5: Soil types and associated K values.

			Land use land cover C factor

			Figure 6 visually depicts the Land Use and Land Cover (LULC) classification for the Swat region. This classification categorizes the landscape into seven distinct classes: Bare land, built-up areas, water bodies, natural trees, cropland, snow, and grassland. Each category’s regional distribution is clearly illustrated, highlighting their respective proportions. Notably, bare land occupies 12% of the area, built-up areas cover 11%, water bodies account for 1%, natural trees encompass 16%, cropland constitutes 3%, snow is observed on 1%, and the dominant category is grassland, covering an extensive 43% of the entire region.
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			Figure 6: Land use land cover classes.

			Figure 7, on the other hand, offers insight into the C-factor values associated with the various LULC classes. The C-factor, which assesses the effectiveness of erosion control practices, varies across different land cover categories. This figure visually represents the distribution of C-factor values across the LULC classes, clearly understanding how different land management practices impact soil erosion susceptibility. 
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			Figure 7: Land use land cover factor (C_factor).

			The Kappa coefficient was employed as a benchmark to evaluate the accuracy of this land cover classification. The classification process, executed using the Support Vector Machines (SVM) algorithm, yielded an impressive overall accuracy rate of 89%. This substantial level of accuracy reflects a strong agreement between the classified pixels and the ground truth samples, attesting to the reliability of the classification results. The Kappa coefficient, which goes beyond chance agreement, also stands at 0.87. This robust value underscores the high accuracy of the classification outcomes, establishing confidence in the methodology employed. For a more comprehensive understanding of the classification accuracy, detailed information is available in Table 3.

			Soil loss estimation 

			The examination of soil erosion patterns (Figure 8) within the study region uncovered notable spatial discrepancies, underscoring the need for the classification of areas according to their soil erosion occurrences, which facilitates a more structured analysis. Accurate assessment of soil erosion hazards is paramount in identifying regions with heightened risk and devising effective strategies for prevention. In this context, this study adopted a classification system consistent with the OECD standards, a methodology commonly employed in similar regional studies. This classification approach has been utilized in previous research conducted in the same geographic area (Farhan and Nawaiseh, 2015; Aslam et al., 2020).

			The classification process involved categorizing erosion rates into five distinct categories (Figure 9) for better understanding and discussion. These categories include very low (less than 1 t ha_1 yr_1), low (1-5 t ha_1 yr_1), moderate (5-10 t ha_1 yr_1), high (10-50 t ha_1 yr_1), and extreme (greater than 50 t ha_1 yr_1) erosion rates. By employing this classification system, we could assess the magnitude of soil erosion risks across the study area and identify areas that require particular attention and intervention.

			Table 3: LULC accuracy assessment.

			
				
					
					
					
					
					
					
					
					
					
					
				
				
					
							
							Land cover

						
							
							Weter

						
							
							Natural trees

						
							
							Crop land

						
							
							Built-up

						
							
							Bare land

						
							
							Snow/ Ice

						
							
							Grass land

						
							
							Total

						
							
							User's accuracy

						
					

					
							
							Water

						
							
							14

						
							
							1

						
							
							0

						
							
							0

						
							
							1

						
							
							0

						
							
							0

						
							
							16

						
							
							87.5

						
					

					
							
							Natural trees 

						
							
							0

						
							
							27

						
							
							2

						
							
							0

						
							
							0

						
							
							1

						
							
							1

						
							
							31

						
							
							87.09

						
					

					
							
							Crop land

						
							
							0

						
							
							1

						
							
							29

						
							
							1

						
							
							1

						
							
							2

						
							
							1

						
							
							35

						
							
							82.85

						
					

					
							
							Built-up

						
							
							0

						
							
							0

						
							
							1

						
							
							29

						
							
							2

						
							
							0

						
							
							0

						
							
							32

						
							
							90.63

						
					

					
							
							Bare land

						
							
							1

						
							
							1

						
							
							0

						
							
							1

						
							
							35

						
							
							0

						
							
							1

						
							
							39

						
							
							89.74

						
					

					
							
							Snow/Ice

						
							
							0

						
							
							1

						
							
							1

						
							
							0

						
							
							0

						
							
							34

						
							
							0

						
							
							36

						
							
							94.44

						
					

					
							
							Grass land

						
							
							0

						
							
							1

						
							
							2

						
							
							0

						
							
							0

						
							
							0

						
							
							32

						
							
							35

						
							
							91.43

						
					

					
							
							Total

						
							
							15

						
							
							32

						
							
							35

						
							
							31

						
							
							39

						
							
							37

						
							
							35

						
							
							224

						
							
					

					
							
							Producer's accuracy

						
							
							93.33

						
							
							84.38

						
							
							82.86

						
							
							93.55

						
							
							89.74

						
							
							91.89

						
							
							91.43

						
							
							
					

					
							
							Koppa 

						
							
							0.87

						
							
							
							
							
							
							
							
							
					

					
							
							Overall accuracy

						
							
							89% 
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			Figure 8: Soil erosion map for study region.

			This study aimed to ascertain the annual soil erosion rate in the Swat district through the analysis of available geospatial data. Revised Universal Soil Loss Equation (RUSLE) model was utilized due to its cost-effectiveness and practicality in estimating soil erosion. By incorporating RUSLE parameters into Equation 1 with the utilization of spatial analyst tools within ArcGIS, soil erosion risk maps were generated. Figure 8 illustrates the distribution of annual soil loss, from 0 to 506 tons per hectare. The map aptly reveals the spatial disparities in soil erosion, with certain areas exhibiting low soil loss rates juxtaposed with others manifesting higher rates of soil loss. Notably, regions characterized by bare land and steep topography demonstrate heightened susceptibility to soil erosion, as the map indicates.

			To provide a more comprehensive elucidation of the soil erosion estimation map, Figure 9 employs Geographic Information System (GIS) techniques to elucidate the soil severity classes specific to the Swat district. These GIS techniques empower an in-depth analysis and visualization of the intricate soil erosion patterns in the study area. By employing advanced geospatial methods, this research sheds light on the complicated dynamics of soil erosion across diverse landscapes within the Swat district, thereby contributing to a more informed understanding of erosion susceptibility and supporting the formulation of targeted land management strategies.

			[image: ]

			Figure 9: Soil severity classes based on soil loss.

			Figure 9 illustrates the distribution of soil erosion categories based on the severity map. The study divided the area into five classes to assess erosion risk. The largest portion, 65%, falls under very low erosion, indicating minimal concern. Low covers 16%, suggesting slightly higher risk. Moderate comprises 13%, indicating moderate risk. About 4% is high risk, needing attention. Extreme risk represents 2%, requiring immediate action. This categorization aids land management and conservation planning by prioritizing erosion control efforts effectively. The distribution of soil erosion risk categories, as outlined in Table 4, furnishes essential insights for informed land management and conservation planning.

			Table 4: Soil erosion classification.
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							0-1 t ha_1 yr_1

						
							
							65%

						
							
							Very Low 

						
					

					
							
							1-5 t ha_1 yr_1

						
							
							16%
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							5-10 t ha_1 yr_1

						
							
							13%
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							10-50 t ha_1 yr_1
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							High

						
					

					
							
							>50 t ha_1 yr_1
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							Extreme 

						
					

				
			

			Soil erosion presents a significant and alarming challenge, especially within the studied region, where a combination of factors accelerates the loss of soil and sediment. Factors such as steep terrain, climatic conditions, water flow speed, and environmental elements collectively contribute to elevated runoff rates and sediment deposition. Notably, melting glaciers due to rising global temperatures further exacerbates this susceptibility to erosion. This accelerated glacier melting intensifies the problem of soil erosion in the area. Both natural forces and human activities contribute to soil erosion, highlighting the essential need to assess its severity and identify its underlying causes before implementing corrective measures (Tsegaye and Bharti, 2021). 

			In the pursuit of quantifying soil erosion across different spatial scales, researchers worldwide have developed various models. When evaluating soil loss and sediment movement, the Revised Universal Soil Loss Equation (RUSLE) is the industry standard (Maqsoom et al., 2020). The RUSLE model is acclaimed for its accuracy in predicting soil loss and considers vital variables like rainfall erosivity, soil erodibility, and land use and land cover (LULC) factors (Tadesse et al., 2017). This study’s spatial maps illustrating RUSLE characteristics were meticulously crafted to enhance the reliable estimation of soil erosion rates. By utilizing these independently constructed maps, the research enhances the precision of soil erosion rate calculations, contributing to a more nuanced comprehension of this crucial concern.

			RUSLE has garnered extensive recognition among academia and researchers as a dependable and efficient technique for assessing soil loss. Nonetheless, challenges stemming from data availability and resource constraints have impeded the practical validation of its outcomes (Maqsoom et al., 2020). Nevertheless, the findings of this study harmonize with prior research conducted in the neighboring vicinity. For example, within the Fateh Jang watershed, uncultivated areas exhibited annual soil losses ranging from 17 to 41 tonnes per hectare, while cultivated land displayed comparatively lower rates of 9 to 26 tonnes per year (Ullah et al., 2018). Another study utilizing RUSLE to gauge soil loss in a hilly terrain reported rates spanning from 0.1 to 8.0 tons per hectare annually, with an average of 19.1 tons per hectare annually across a 13-hectare expanse, where steep slopes contributed to 74% of the erosion (Nasir et al., 2006). In a different investigation, an average soil loss of 92.6 million tonnes was identified, with the Chakwal watershed presenting 70.06% low erosion, 16.51% intermediate erosion, and 13.44% highly eroded zones (Batool et al., 2021). In a study conducted within the Kashmir region, soil erosion maps were classified into four categories: low (0-1), medium (1–5), high (5–20), and very high (>20), revealing an annual soil loss rate of 22.25 tonnes per hectare (Gilani et al., 2022). Moreover, when compared to the average erosion rate reported in Pakistan’s Chitral region, Swat exhibited significantly lower soil erosion rates, with the Chitral region recording a rate of 78 tons per hectare per year (Maqsoom et al., 2020). These aligned findings underscore the applicability and validity of the RUSLE methodology across diverse geographical contexts, aiding in a more comprehensive understanding of soil erosion dynamics.

			The assessment of soil erosion plays a pivotal role in addressing the challenges posed by extensive sedimentation and shifts in land use patterns. This evaluation holds particular importance in establishing enduring infrastructure that facilitates water harvesting, ensuring a consistent water supply even during arid periods. Notably, the impact of deforestation exacerbates the gravity of soil erosion. Moreover, this assessment contributes to mitigating soil erosion within the researched area. Recognizing the significance of this issue, the Khyber Pakhtunkhwa (KPK) government has taken proactive measures such as tree planting and strip farming as conservation practices aimed at curbing soil loss in the region. These initiatives demonstrate a concerted effort towards sustainable land management and effective erosion control.

			Conclusions and Recommendations

			In this study, we harnessed the power of the Revised Universal Soil Loss Equation (RUSLE) empirical model in conjunction with cutting-edge Remote Sensing (RS) and Geographic Information System (GIS) techniques to delve into the intricate landscape of soil loss rates within the Swat district. The adoption of the RUSLE model was driven by its simplicity, data efficiency, and capacity to facilitate actionable insights. Our comprehensive analysis, fusing RS, GIS, and RUSLE, enabled us to evaluate soil losses quantitatively, categorizing the basin area into five distinct vulnerability groups predicated on their predisposition to soil erosion.

			The findings we unearthed cast a spotlight on a critical concern: The Swat district, particularly its northern reaches encompassing Kalam, Bahrain, and Pashmal, emerges as a hotspot for severe soil erosion. The gravity of vulnerability in these locales demands urgent attention. With an average soil loss of 31.25 tonnes per hectare per year and substantial erosion observed in these designated pockets, the present erosion rates represent a tangible threat to land integrity if unattended. The 2% of land grappling with extreme soil erosion demands immediate intervention and strategic measures to ensure the preservation of land utilization dynamics and safeguard the well-being of local communities. The far-reaching implications of substantial sediment generation ripple through the existing drainage systems in the region. Our furnished dataset, intricately delineating erosion severity classes and intensity, guides policymakers and planners to choreograph tailored strategies in sync with specific erosion profiles.

			Furthermore, the harmonious fusion of GIS with the RUSLE model presents an unwavering foundation for deciphering, addressing, and curbing soil erosion across expansive landscapes. This amalgamation empowers soil conservation agencies to calibrate their focus and resources toward regions with heightened vulnerability, heralding a proactive approach to land preservation. As the curtain draws on this research endeavor, our gaze turns toward a future horizon, one that beckons for a deeper understanding of the multifaceted contributors to soil erosion land use dynamics, rainfall patterns, and vegetative influences. This knowledge is pivotal in sculpting precision-engineered solutions poised to stand as bulwarks against the relentless forces of erosion. As we conclude this chapter, the torch of inquiry continues to burn, illuminating pathways toward sustainable land management practices, a pursuit we entrust to future researchers and guardians of our precious terrestrial ecosystem.

			This study emphasises on the availability of Open-source data, which were utilized to for the soil loss assessments through the RUSLE model. However, it’s noteworthy that due to the coarser resolution of the freely available data, certain limitations were inherent in the accuracy and precision of the model’s predictions. The Digital Elevation Model (DEM) data and land cover information used, though beneficial, were constrained by their spatial resolutions that underpin the estimation of terrain features and land use dynamics that significantly influence soil loses. Several recommendations are proposed to address these limitations and improve the study. At first, field validation using actual soil loss measurements from representative areas within the investigation zone will validate the model’s predictions and facilitate its calibration for more precision. Moreover, integrating higher-resolution DEM data (1-5m), drone imagery with a spatial resolution (2-3cm) may provide a more detailed understanding of terrain complexities and enhance the accuracy of slope-related calculations. Similarly, incorporating high-resolution land cover data derived from drone imagery can offer a finer-grained depiction of land use changes and conservation efforts, ultimately leading to more accurate soil loss assessments. By leveraging drone-based imagery, the study can monitor the dynamic variations in vegetal cover over temporal scale, highlighting the seasonal impacts on soil erosion. Through sensitivity analysis with this high-resolution data, critical parameters affecting soil loss predictions can be computed, thereby refining the reliability and applicability of the soil loss assessments.

			Novelty Statement

			The novelty of RUSLE model provides seasonal dynamics of precipitation by considering rainfall and vegetated areas along with the land use land cover spatial-temporal variations. As the swat watershed is enlarged scale watershed having the 5337 km2 area which need the reliability of RUSLE outputs. 
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Spatio-Temporal Variations of Land-Use Land-Cover in Response
to RUSLE Model in Swat Basin Using Remote Sensing and GIS
Techniques

Sumaira Kousar* and Safdar Ali Shirazi

Institute of Geography, University of the Punjab, Lahore, Pakistan.

Abstract | Soil erosion stands as a formidable challenge, particularly in regions susceptible to a confluence
of natural and anthropogenic factors. This study endeavors to unravel the intricacies of soil erosion within
the Swat district, employing the Revised Universal Soil Loss Equation (RUSLE) model alongside cutting-
edge Remote Sensing (RS) and Geographic Information System (GIS) techniques. The RUSLE model,
celebrated for its simplicity and efficiency, offers a lens to assess soil losses quantitatively, categorizing the
basin area into five distinct vulnerability groups predicated on their proneness to soil erosion. The study’s
findings spotlight alarming terrain vulnerability, specifically in the district’s northern expanse, encompassing
locales like Kalam, Bahrain, and Pashmal. Within these regions, the magnitude of exposure is underscored
by an average soil loss of 31.25 tonnes per hectare per year, coupled with compelling evidence of substantial
erosion. The specter of erosion’s far-reaching implications beckons for immediate intervention, especially for
the 2% of land grappling with extreme soil erosion. Urgent measures are imperative to preserve land integrity
and safeguard the communities reliant on these resources. The amalgamation of GIS with the RUSLE model
is indispensable in grappling with soil erosion’s complex tapestry. This synergy empowers soil conservation
agencies to channel resources toward high-vulnerability regions, sculpting a landscape of proactive land
preservation. As the study concludes, the imperative for future research echoes louder, beckoning to decipher
the intricate web of contributors to soil erosion. The tale of soil preservation is far from over; it transforms into
a symphony of knowledge and action orchestrated to better our shared terrestrial environment.
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Introduction unpolluted air, within the twenty-first century
framework (Amundson ez a/, 2015). Soil plays a

he health of the soil is inherently crucial in crucial role in effectively operating Earth’s systems,
meeting essential human requirements, such enabling the supply of vital functions within

as sustenance, textiles, uncontaminated water, and ecosystems (Robinson ez a/., 2017; Keesstra ez al.,
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